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ArgueTutor: An Adaptive Dialog-Based Learning System for Argumentation Skills. In

Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems. As-

sociation for Computing Machinery, New York, NY, USA
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A conversational agent to improve response quality in course evaluations. In Extended

Abstracts of the 2020 CHI Conference on Human Factors in Computing Systems

Thiemo Wambsganss, Florian Weber, Tobias Staufenberg, Leopold Bott, and Matthias
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Abstract

Argumentation is an omnipresent rudiment of daily communication and thinking. The

ability to form convincing arguments is not only fundamental to persuading an audience

of novel ideas but also plays a major role in strategic decision-making, negotiation, and

constructive civil discourse. However, humans often struggle to develop argumentation

skills owing to a lack of individual and instant feedback in their learning process. Provid-

ing feedback on the individual argumentation skills of learners is time-consuming and not

scalable if conducted manually by educators. With the help of new adaptive argumenta-

tion learning systems, students would be able to learn autonomously and independently

of the instructor, time, and place. Although the use of Artificial Intelligence (AI) seems

to be a promising approach, current literature lacks (1) insights on the theory-based and

learner-centered requirements for adaptive argumentation skill learning, (2) knowledge

in how to design and embed AI-based adaptive argumentation learning systems to im-

prove students’ learning outcomes and user-experience, and (3) insights on the influence

of adaptive argumentation learning systems on students argumentation skills.

This dissertation tackles these literature gaps to explore the potential of adaptive argu-

mentation skill learning based on AI by designing, implementing, and evaluating new

technology-enhanced pedagogical concepts to actively support students in developing the

ability to argue in a structured, logical, and reflective way.

Using a design science research approach, I develop new student-centered pedagogical sce-

narios with empirically evaluated design principles, linguistic corpora, ML algorithms, and

innovative learning tools. I introduce and contribute to two novel classes of technology-

mediated argumentation learning tools: (1) AI-based argumentation writing support sys-

tem and (2) conversational argumentation learning systems. My results indicate that the

two novel classes of adaptive learning tools based on ML algorithms and user-centered

design patterns help students to develop better argumentation writing skills in different

domains. Thereby, I firstly bridge the boundaries of argumentation learning and argu-

mentation mining by examining new pedagogical scenarios for adaptive argumentation

learning from a student-centered perspective. Therefore, I contribute not only with new

rich argumentation annotation schemes, argumentation corpora, and novel ML models

in German language, but most of all insights into the overall socio-technical embedding,

design, and their effects of AI-based argumentation writing support systems and conver-

sational argumentation learning systems to teach students how to argue.

Keywords: Adaptive Argumentation Learning; Pedagogical Conversational Agents; Ar-

gumentation Mining; Technology-mediated Learning; Design Science Research.
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Zusammenfassung

Die Fähigkeit, überzeugende Argumente zu formulieren, ist nicht nur von grundlegen-

der Bedeutung, um ein Publikum von neuen Ideen zu überzeugen, sondern spielt auch

eine wichtige Rolle bei strategischen Entscheidungsfindungen, bei Verhandlungen und im

allgemeinen politischen Diskurs. Menschen haben jedoch oft Schwierigkeiten, Argumenta-

tionsfähigkeiten zu entwickeln. Ein Grund dafür ist der Mangel an individuellem und for-

mativem Feedback im Lernprozess von Studierenden oder in der Aus-und Weiterbildung.

Eine Rückmeldung über den Stand der individuellen Argumentationsfähigkeiten von Ler-

nenden ist zeitaufwändig und für Lehrkräfte nicht skalierbar. Neuartige adaptive Argu-

mentationslernsysteme haben das Potential, Studierende zu unterstützen selbstständig

und unabhängig von Lehrkräften, Zeit und Ort zu lernen. Obwohl der Einsatz von

Künstlicher Intelligenz (KI) ein vielversprechender Ansatz zu sein scheint, fehlt es in der

aktuellen Literatur (1) an Erkenntnissen über die theoriebasierten und lernerzentrierten

Anforderungen an Lernen von Argumentationsfähigkeiten mit adaptiven Lerntools, (2)

an Wissen darüber wie KI-basierte adaptive Argumentationslernsysteme konzipiert und

gebaut werden können, um die individuellen Lernpfade und die Nutzung der Studierenden

zu verbessern und (3) an Erkenntnissen über den Einfluss adaptiver Argumentationslern-

systeme auf die eigentlichen Argumentationsfähigkeiten der Studierenden.

Diese Dissertation greift diese drei Forschungslücken auf und untersucht das Potential von

adaptivem Lernen von Argumentationsfähigkeiten mit Hilfe von KI. Dazu werden neue

technologiegestützte pädagogische Konzepte entworfen, implementiert und evaluiert, die

Studierende aktiv unterstützen, strukturiert, logisch und reflektiert zu argumentieren. Auf

Basis eines designwissenschaftlichen Forschungsansatzes entwickle ich neue studierenden-

zentrierte pädagogische Szenarien mit empirisch evaluierten Designprinzipien, linguistis-

chen Korpora, ML-Algorithmen und innovativen Lernwerkzeugen. Ich stelle dazu zwei

neuartige Klassen von IT-basierten Lernwerkzeugen für das Argumentieren vor: (1) KI-

basierte Systeme zur Unterstützung des Schreibens von Argumenten und (2) dialog-

basierte Argumentationslernsysteme. Meine Ergebnisse zeigen, dass die beiden neuen Sys-

temklassen den Studierenden helfen bessere Argumentationsfähigkeiten in verschiedenen

pädagogischen Bereichen zu entwickeln. Dabei überbrücke ich erstmals die Grenzen von

Argumentationslernen und Argumentation Mining, indem ich neue pädagogische Szenar-

ien für adaptives Argumentationslernen aus einer studierendenzentrierten Perspektive un-

tersuche. Daher trägt diese Arbeit nicht nur mit neuen, reichhaltigen Argumentationsan-

notationsschemata, Argumentationskorpora und neuartigen ML-Modellen in deutscher

Sprache bei, sondern vor allem mit Einblicken in die allgemeine sozio-technische Einbet-

tung, das Design und die Auswirkungen von KI-basierten Argumentationslernsysteme,

um Lernenden zu helfen besser zu argumentieren.
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1 Introduction

”We need technology in every classroom and in every student and teacher’s

hand, because it is the pen and paper of our time, and it is the lens through

which we experience much of our world.” – David Warlick

1.1 Problem Statement

In recent years, the educational landscape has changed dramatically. Multiple learning

formats have transformed from traditional offline learning scenarios to large-scale online

formats such as massive open online courses (Noetel et al., 2021; Xu et al., 2021). Individ-

ual support and personal recommendations for students in their learning process are still

pendent challenges and have not yet been solved in most of these pedagogical scenarios

(e.g., Kulik and Fletcher (2016); Vygotsky (1980); Noetel et al. (2021)). Due to financial

and organizational constraints, educational institutions such as high schools and univer-

sities struggle to provide individual help. Large classroom sizes in public schools, mass

lectures with more than 100 students per professor at universities, and the current rise

in massive open online courses with more than 1000 participants all obstruct individual

interaction between students and instructors (Seaman et al., 2018). This effect has been

intensified by the COVID-19 pandemic in 2020/21 and the accompanying governmental

lockdowns. Consequently, technology-mediated distance-learning scenarios have become

a reality for many students and educators. In 2017, 33.1% of learners around the world

took at least one course online, compared to 24.8% in 2012 (Lederman, 2018). With the

leading MOOC provider Coursera’s launch of a successful initial public offering in March

2021, further expansion of distance learning settings is predicted (Tse and Roof, 2021).

Not only the way we learn is changing rapidly, but also what learning content is taught

is subject to an ongoing transformation due to significant technological advances in our

societies (i.e., Noetel et al. (2021); Xu et al. (2021)). For example, compared to a few

decades ago, information is readily available in today’s world, and the ability to memo-

rize existing information is no longer prioritized (Oecd, 2018, 2019; WEF, 2018). On the

contrary, the skills and abilities required to structure and process knowledge are gaining

importance (WEF, 2018). Job profiles have thus shifted toward interdisciplinary, am-

biguous, and creative tasks (vom Brocke et al., 2018). Educational institutions must not

only adapt to the above-mentioned transformation towards online learning but also evolve

their curricula when it comes to the composition of skills and knowledge conveyed (Topi,

2018). Critical thinking, teamwork, and problem-solving are examples of metacognition

skills that have become increasingly crucial (Fadel et al., 2015). International organiza-
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tions such as the Organization for Economic Cooperation and Development (OECD) and

the World Economic Forum (WEF) have urged for a shift in student education to prepare

future workforces with the necessary skills (WEF, 2018). In fact, the OECD included

metacognition skills as a major element in their learning framework 2030 (Oecd, 2018).

One example of these competencies is the ability to advance structured, reflective, and

well-formed arguments (Toulmin, 2003). Argumentation is not only essential to daily

communication and thinking but also contributes significantly to multiple metacognition

skills, such as communication, collaboration, and problem-solving (Kuhn, 1992). In stud-

ies dating back to Aristotle, the ability to form convincing arguments has been recognized

as essential to persuading audiences of novel ideas’ merits and as playing major roles in

analyzing different standpoints and in constructive democratic civil discourse (e.g., for

citizens to assess whether certain news items are fake, Diana (2018)).

However, teaching metacognition skills such as argumentation in professional organiza-

tions or educational institutions always has been and still is hindered by a lack of in-

dividual and personal learning experiences (i.e., Hattie and Timperley (2007); Vygotsky

(1980)). Learners are frequently confronted with unfavorable educator-student ratios, not

only in the distance-learning scenarios of massive open online courses (Seaman et al.,

2018) but also in traditional large-scale lectures on university campuses. Hence, informa-

tion systems (IS) have been leveraged as technology-mediated learning tools over several

decades to meet scalable and individual learning challenges (Alavi and Leidner, 2001;

Gupta and Bostrom, 2009; Leidner and Jarvenpaa, 1995). IS have been designed and

developed to support individuals in learning how to argue in online debates (Wang et al.,

2020) or collaborative learning settings (Dillenbourg et al., 2009) by receiving tailored

argumentation feedback irrespective of instructor, time, and place (Afrin et al., 2021; Ku-

lik and Fletcher, 2016; Wang et al., 2020). In fact, for at least 35 years (i.e., Smolensky

et al. (1988)), researchers have developed technology-enhanced argumentation support

systems in various domains, including law (Pinkwart et al., 2009), science (Osborne et al.,

2016; Suthers and Hundhausen, 2001), and conversational argumentation (De Groot et al.,

2007). Nevertheless, the design and adoption of current argumentation learning systems

lags behind recent technological developments in IS, human—computer interaction, nat-

ural language processing (NLP) research and machine learning (ML). To unleash the full

potential of NLP and ML for adaptive argumentation skill learning, it is necessary to bet-

ter understand how the technology can support students’ individual learning processes in

order to address the problem of a lack of individual support in large-scale and distance

learning scenarios (Noetel et al., 2021; Xu et al., 2021). Hence, with this thesis, I iden-

tified three overarching research challenges that need to be addressed. In the following,

I will shortly introduce the three research challenges for AI-based argumentation learn-

ing systems. Afterwards, I will propose research questions (RQ) that aim to address the
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distinct challenges.

First of all, past research lacks interdisciplinary literature and design knowledge to build

accessible, intelligent, and learner-centered argumentation tools that enable self-regulated

learning (Huang et al., 2021; Noetel et al., 2021; Xu et al., 2021). Therefore, it is not only

learners in IS education who still struggle to develop argumentation skills owing to a lack

of adaptive and instant monitoring and evaluation in their individual learning process,

since current approaches fail to provide scalable and formative feedback on learners’ argu-

mentation skills (Lawrence and Reed, 2019; Scheuer, 2015; Pinkwart et al., 2009). In fact,

a socio-technical IS perspective to support the formation of a holistic learner-centered ar-

gumentation tutoring tool that provides individuals with the opportunity to monitor and

evaluate themselves based on advances in NLP and ML is missing (Huang et al., 2016;

Lawrence and Reed, 2019; Scheuer, 2015; Scheuer et al., 2010).

Research Challenge 1: There is limited knowledge about the technological embedding

of novel advances from NLP and ML for adaptive argumentation learning systems as well

as about the use and the corresponding requirements for the design of novel learning tools

for argumentation skill learning.

Despite the existence of literature on argumentation systems, insights into overall system

design and development—particularly for new AI-based argumentation learning systems—

are rare. Furthermore, a general conceptual approach to technology-based argumentation

skill learning is lacking. Research that considers not only the educational task (writ-

ing coherent arguments) but also the design of holistic argumentation learning systems

embedded in pedagogical scenarios (structure) and focuses on the learner through a user-

centered and theory-motivated design is scant (e.g., Bostrom and Heinen (1977); Gupta

and Bostrom (2009)), which leads to research challenge 2.

Research Challenge 2: There is limited knowledge on how to design and embed adap-

tive argumentation learning systems to improve students’ learning outcomes and learner

experience.

Although existing studies have extended the understanding of technology-mediated argu-

mentation learning, they usually sought to address specific research questions rather than

gather information for widespread application (e.g., Afrin et al. (2021); Chernodub et al.

(2019); Lippi and Torroni (2016a); Wang et al. (2020); Huang et al. (2021); Noetel et al.

(2021); Xu et al. (2021)). While earlier studies made contributions towards exploring the

development and use of argumentation learning systems, they often neglected presenting
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the general design principles and implementations—particularly for the novel class of AI-

based argumentation learning systems—for further developments in the field. To the best

of my knowledge, by the time of starting this thesis, few research has been published on

technology-mediated argumentation learning from IS perspectives, and no studies have

synthesized and conceptualized design principles for the novel class of AI-based argu-

mentation skill learning. Specifically, empirical evaluations about the embedding of a

learner-centered design for argumentation learning systems are rare. In the literature,

there exists no approach with principles, design knowledge, and evaluations on how to

design and embed an adaptive argumentation learning system in a pedagogical scenario

to help students learn how to argue.

As Scheuer (2015), p. 126 identifies, “rigorous empirical research with respect to adapta-

tion strategies is almost absent; a broad and solid theoretical underpinning or theory of

adaptation for collaborative and argumentative learning is still lacking”. Besides, novel

interaction paradigms such as pedagogical conversational agents promise to provide new

forms of individual guidance and feedback to students, for instance, when completing a

task to write persuasive texts through a natural dialogue-based interface. However, past

research does not investigate these novel interaction modalities for the design of AI-based

argumentation learning systems. Hence, the following third research challenges is derived:

Research Challenge 3: There are limited insights and empirical investigations on the

influence of adaptive argumentation learning systems on students’ argumentation skills.

1.2 Solution Statement and Research Questions

The main objective of the proposed dissertation project is to contribute to the three

outlined research challenges in the fields of NLP, human—computer interaction, and IS

research. To fulfill this overall objective, my thesis concerns the investigation of two over-

arching research areas, which relate to (1) how to design novel argumentation learning

systems based on recent advances in AI to support argumentation skill learning indepen-

dent of an instructor, time, and location and (2) how these design findings influence

students’ argumentation skills and learner experience.

I organize my thesis and the corresponding research questions according to the conceptual

model of technology-mediated learning by Gupta and Bostrom (2009). The framework

guides technology-mediated learning research based on three different dimensions: (1)

learning context, (2) learning method structures, and (3) learning process. Figure 1 illus-

trates the technology-mediated learning model in combination with the identified chal-
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lenges. With my dissertation, I focus on a constructivist learning perspective (Vygotsky,

1980) to enhance metacognition skill learning (the learning goal) in distance learning

environments (learning context). The learning method structures are built upon recent

advances in AI to better guide and support argumentation skill learning processes with

argumentation learning systems. Finally, the goal is to investigate the impact of argu-

mentation learning systems based on AI on the learning process and resulting learning

outcomes of students.

Figure 1: Focus of the dissertation based on the conceptual model of technology-mediated
learning by Gupta and Bostrom (2009).
Source: Gupta and Bostrom (2009)

The first research question focuses on the technical foundations of NLP and ML for adap-

tive learning tools and the requirements for argumentation learning systems derived from

the literature and users to tackle research challenge 1. The second research question

focuses on how to design argumentation learning systems to improve students’ argumen-

tation skill learning independent of an instructor, time, and location (research challenge

2). The third research question investigates to what extent an AI-based adaptive learning

tool influences the argumentation skills of students (research challenge 3).

RQ1: What are the foundations and requirements for adaptive learning tools to teach

students how to argue?

The dissertation starts with the foundations and an understanding of past research in NLP

and ML on creating adaptive user-interaction tools. This is necessary since the design of
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an AI-based argumentation learning system is a complicated and complex endeavor that

builds upon recent findings in different disciplines such as NLP, IS, and human—computer

interaction. To better structure RQ1, I divide the research question into two sub-research

questions:

RQ1a: What are the theoretically grounded and empirically validated dimensions and

characteristics of NLP features for ML-based IS?

Method: Systematic literature review, taxonomy development, and technical experi-

ments.

Results: A taxonomy of NLP features for ML-based IS and a transfer learning approach

for argumentation identification across text domains.

Accordingly, I start by conducting a systematic literature review to structure NLP fea-

tures for ML-based IS in the form of a taxonomy based on the process of Nickerson et al.

(2013), and I investigate the potential of novel transformer-based transfer learning ap-

proaches for argumentation mining. Both the corpus-diagnostic algorithm and the NLP

feature taxonomy assist researchers and designers to build artifacts based on argumen-

tation mining, e.g., adaptive argumentation feedback tools. The NLP feature taxonomy

and the algorithm provide a solid theoretical and practical foundation to further impact

the design of adaptive learning tools for argumentation skills.

RQ1b: What are user and literature requirements for argumentation learning system to

support students in their argumentation learning process?

Method: Systematic literature review from an interdisciplinary perspective and user in-

terviews.

Results: Literature issues and user requirements for the design of an argumentation

learning system.

In RQ1b, my aim is to develop a holistic understanding of the problem covered by my

dissertation. I do this by investigating the state of the art in practice and literature on

adaptive argumentation learning systems and by formulating design requirements for a

possible solution. To investigate scientific literature about argumentation learning sys-

tems, I conduct a systematic literature review following the methodological approaches of

Cooper (1988); Webster and Watson (2002); vom Brocke et al. (2015). To receive further

insights from learners, I conduct 30 semi-structured interviews with potential users of an
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adaptive argumentation learning tool to include potential requirements from an end-user

perspective. I interview students following the expert interview method by Glas̈er and

Laudel (2010) to get a solid understanding of their needs for adaptive skill and argumen-

tation learning.

RQ2: How can an adaptive learning tool be designed based on AI in a large-scale pedagog-

ical scenario to support the development of students’ argumentation skills in their learning

process?

Next, I investigate how to design different pedagogical scenarios in which an adaptive

learning tool can help students to learn how to argue through adaptive argumentation

tutoring and support in their writing process. To do so, I use methods from human-

centered design research, and conduct annotation studies and technical experiments to

model argumentation discourse structure in German student-written texts. I rely on my

findings from RQ1 to formulate user stories (based on the semi-structured interviews) and

meta-requirements (based on the identified scientific literature). The user stories and the

meta-requirements help me to formulate initial design principles (based on Gregor et al.

(2020)). The design principles are intended to guide and assist designers in developing new

argumentation learning tools in different pedagogical scenarios to impact the development

of students’ argumentation skills. Based on the initial design principles I derive certain

design features to develop first mock-up-based scenarios. I test these low-fidelity design

artifacts with end users to further refine my design principles and finally formulate a

concise but comprehensive set of preliminary design principles. Moreover, I investigate

the technical foundations for the design of an adaptive argumentation learning tool based

on artificial intelligence (AI). To do so, the availability of labeled corpora is crucial for

designing, training, and evaluating argumentation mining algorithms. However, at the

start of my thesis, no corpora were available for argumentation mining based on German

student-written texts. Therefore, I developed two novel annotation schemes to capture

argumentation relations and argumentation discourse of student-written texts in German

to create two corpora to design argumentation mining models for adaptive argumentation

learning.

RQ3: To what extent does an AI-based adaptive learning tool influence the argumentation

skills of students in different pedagogical scenarios?

For RQ3, I validate the hypothesis that individual tutoring and individual feedback from

an adaptive learning tool based on AI on a students’ argumentation skills lead to better
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argumentation skills of the students. I investigate to what extent adaptive argumentation

learning systems impact the user perception and the argumentation skills of a student

as well as what characteristics are important to do so in a series of laboratory and field

experiments. Hence, I instantiate the design principles from RQ2 as design features in

different argumentation learning artifacts. I build the adaptive logic of my artifact on

the foundations of my developed algorithm, the NLP feature taxonomy, the annotation

scheme, and the argumentation-annotated corpus from RQ2. In this vein, I introduce

and contribute to two novel classes of argumentation learning systems: AI-based argu-

mentation writing support systems and conversational argumentation learning systems.

RQ3 is divided into three research sub-questions (RQ3a, RQ3b, RQ3C), each represent-

ing a different pedagogical scenario with an instantiation and evaluation of one of the

two classes (argumentation writing support systems and conversational argumentation

learning systems):

RQ3a: How does an adaptive argumentation writing support system need to be designed

to influence students’ argumentation skills in peer review scenarios?

Method: Design science research including corpus development, argumentation modeling

in student-written peer reviews, and mixed-method research with a series of experiments.

Results: Empirical evidence for the influence of an adaptive argumentation writing sup-

port system based on certain design principles on students’ formal metacognitive argu-

mentation skills and their user experience.

The first scenario consists of a constructive teaching scenario. Here, I provide students

with adaptive feedback based on their written text by highlighting potential pitfalls in

their argumentation based on a static interaction with adaptive and individual argumen-

tation feedback. To test if individual feedback on students’ argumentation helps them

to write more convincing texts and thus increase their short-term argumentation skills,

I compare the pedagogical scenario with an instantiated argumentation writing support

system to a proven argumentation support tool based on an input mask (Fischer et al.,

2013). Second, I investigate if a constructive pedagogical scenario with adaptive feedback

increases the long-term argumentation skills of students. Hence, I instantiate an argu-

mentation writing support system that provides students with adaptive argumentative

feedback on written peer feedback about business models. This artifact is tested in a

large-scale lecture as a field experiment. After a period of two months and nine treat-

ments, I then evaluate if the argumentation skills of the treatment group are higher in a

second argumentation domain (societal debates based on Flender et al. (1999)) than of

the control group, which just received general argumentation feedback on their written
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peer feedback.

RQ3b: What requirements should be considered when designing an adaptive conversa-

tional argumentation learning system that aims to support students in writing argumen-

tative texts?

Method: Design science research including a series of experiments.

Results: Empirical evidence of the impact of conversational argumentation writing sup-

port system based on certain design principles on students’ argumentation skills and their

learning experience.

In RQ3b I investigate if an interactive pedagogical scenario (Chi andWylie, 2014) based on

a dialogue system (e.g., a conversational agent) helps students learn how to argue through

individual tutoring, tasks scaffolding, and theory input. My goal is to provide students

with assistance comparable to a discussion with a human tutor. Therefore, I instantiate a

conversational argumentation learning systems with which I validate the hypothesis that

an interactive dialogue-based system with adaptive argumentation feedback and tutoring

helps student to learn how to argue (Chi and Wylie, 2014). I validate the artifacts and

their influence on students’ abilities to argue in two different experiments. After that, I

describe my findings in a nascent design theory with reference to Gregor’s anatomy of a

design theory (Jones and Gregor, 2007).

RQ3c: How can an argumentation writing support system be designed based on nudging

and self-evaluation to influence students’ argumentation writing skills?

Method: Design science research including corpus development, argumentation modeling

in student-written business pitches, and mixed-method research with a series of experi-

ments.

Results: Further empirical evidence for the influence of argumentation writing support

systems based on certain design principles on students’ argumentation skills and their

learning experience.

In order to consider learner centricity, I draw on the concept of nudging (RQ3c), which

is originally a concept from behavioral economics (Thaler and Sunstein, 2009) to nudge

users to utilize computational methods in their learning process. Embedding nudges in

traditional learning environments, but also digital nudges in learning tools, has shown
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positives effects on learning outcomes, especially for self-regulated learning such as self-

monitoring and self-evaluation (Caraban et al., 2019; Hartwig and Reuter, 2021; Weijers

et al., 2020). To investigate how individual argumentation self-evaluation will help stu-

dents write more convincing texts, I designed an argumentation writing support system

called ArgumentFeedback based on nudging theory and evaluated it in a series of three

studies with a total of 108 students. I found that students who receive a self-evaluation

nudge wrote more convincing texts with a better quality of argumentation compared to

two alternative groups. The measured self-efficacy and the technology acceptance pro-

vide promising results for embedding adaptive argumentation writing support tools in

combination with digital nudging in traditional learning settings to foster self-regulated

learning.

By formulating the three overarching research questions and answering them in the course

of my dissertation, I provide several contributions to adaptive argumentation learning

research, particularly in the domains of human—computer interaction, NLP, IS, and ed-

ucation research.

The dissertation’s overall purpose is to address the research challenges presented in sub-

section 1.1, and achieving this is the study’s major contribution to research in this area.

To summarize, the dissertation offers three major theoretical contributions to the fields

of IS and education. First, by leveraging recent advances in argumentation mining, I

contribute to human—computer interaction and IS research by designing, building, and

evaluating new forms of adaptive argumentation learning tools that provide students with

feedback on the argumentation structure of a text independent of an instructor, time, or

location. To establish a clear set of design principles for adaptive argumentation learn-

ing tools, I rigorously derived requirements from scientific articles and 30 semi-structured

user interviews. I refined and evaluated those design principles resulting in instantiated

two novel system classes (AI-based argumentation writing support systems and conver-

sational argumentation learning systems) in different experiments. I tested the impact of

the design principles for adaptive argumentation learning tools through these artifacts in

three pedagogical scenarios. I found that students that used an AI-based argumentation

writing support system (e.g., my systems ArgueLearn or ArgumentFeedback) or a con-

versational argumentation learning system (e.g., my system ArgueTutor) improved their

argumentation skills significantly compared to students who only received general or no

writing support.

Second, aside from the software artifact as a real-world application of an adaptive ar-

gumentation learning tool, I will contribute a nascent design theory for the design of

AI-based argumentation writing support systems and a theory for the design of conver-

sational argumentation learning systems to the scientific knowledge base. Due to the
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systematic procedure of my thesis, I generate a satisfying design contribution (Jones and

Gregor, 2007).The generated design knowledge is not just applicable to a single use case,

but it may also be applied to other cases in argumentation learning systems. For instance,

it is easily possible to apply the concept of my software artifacts (e.g., ArgueLearn or Ar-

gueTutor) in courses that deal with other content than business models or use other

languages. Only the back-end algorithm needs to be modified to a different environment

for this purpose. In the literature, there are a variety of corpora and argumentation

mining models that can be simply included into ArgueLearn, such as for English student

writings (Stab and Gurevych, 2017) or English law cases (Mochales and Moens, 2008).

These use cases do not necessitate any changes to the form and function design princi-

ples or the overall system design. Furthermore, the design expertise can be applied to

instructional situations that focus on the development of different metacognition skills

or language domains. A comparable adaptive writing support system can be utilized,

for example, if students’ general feedback abilities or empathy skills are to be trained.

However, in this scenario, the system architecture may need to be partially updated, such

as the graph visualization or argumentation dashboard.

Third, I also contribute to NLP research. In the recent decade, research in argumentation

learning and mining has made significant progress. We understood a lot about the mecha-

nisms, potential benefits, and flaws in both study streams. However, both study domains

had not yet crossed their borders to establish a full and multidisciplinary relationship

between argumentation learning for students and argumentation mining technology when

I began this dissertation. I firstly bridged these boundaries by examining a pedagogical

scenario for adaptive argumentation learning from different perspectives, i.e., human—

computer interaction, IS, and NLP. As a result, I offer not only new rich argumentation

annotation schemes, argumentation corpora, and novel machine learning models, but also

insights into the overall embedding and design of AI-based argumentation writing sup-

port systems, as well as the potential of dialogue-based argumentation learning, such as

conversational argumentation learning systems. These findings offer a new perspective at

AI-based adaptive argumentation and more general metacognition skill learning that has

been overlooked in previous studies.

In addition to contributing to the scientific knowledge base, the findings are useful for the

practical use of AI techniques such as NLP and ML-based feedback systems for education.

My findings show that current state-of-the-art NLP and ML techniques are well-suited to

designing complex adaptive skill learning systems that can assist individuals in learning

new abilities — even in existing pedagogical contexts like peer evaluations. As a result, I’ve

demonstrated that, in contrast to present e-learning methodologies, advanced assistance

capabilities in skill education may be provided utilizing NLP and ML techniques.
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Figure 2: Overview of the dissertation structure in eight consecutive sections.
Source: Own illustration

1.3 Structure of the Dissertation

To achieve the outlined objective of this dissertation project and to answer the stated re-

search questions presented in subsection 1.2, I structure my dissertation in the subsequent

chapters as outlined in Figure 2.

I will start by providing the reader with the necessary theoretical and conceptual back-

ground concerning technology-mediated learning, argumentation skill learning, past argu-

mentation learning systems, and the background on the technical foundations (NLP, ML,

argumentation mining) of my work. Next, I briefly sketch an overview of the method-

ological background and the applied qualitative and quantitative methods in section 3. In
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section 4, I focus on proving a structured overview of NLP-based features for ML-based IS.

Using a systematic literature review and the taxonomy development process of Nickerson

et al. (2013), I structure NLP features for the efficient design of intelligent IS. Moreover,

I also outline a technical experiment to investigate the potential of transformer-based

transfer learning for argumentation identification as a basis for the technical implemen-

tation of my thesis. Equipped with the technical basics, section 5 investigates the major

challenges of adaptive argumentation skill learning research that are described in subsec-

tion 1.1 to guide the further course of the dissertation. Moreover, I derive requirements

from potential end users and the literature. Based on the requirements, I formulate de-

sign principles for AI-based argumentation writing support systems and evaluate them

in an instantiation for the pedagogical scenario of peer reviews in two studies. In order

to do so, I derive a new annotation scheme for argumentative student peer reviews and

trained a model to detect the argumentation structures in these texts. I instantiate a

novel AI-based argumentation writing support system called ArgueLearn and evaluate it

in two empirical studies.

In section 6, I follow a similar design science approach and use the corpus and the model

from section 5 to design and evaluate a conversational argumentation writing tutor for the

domain of peer reviews. After the evaluation and the better understanding of adaptive

argumentation learning based on AI, I connect and evaluate my findings to nudge students

towards self-regulated argumentation learning in the pedagogical scenario of persuasive

elevator pitches in section 7. To do so, I transfer my annotation scheme from section 5 to

the domain of student business pitches and annotate and evaluate a new argumentative

corpus for student-written business pitches.

Section 8 summarizes my design finding. This is followed by a summary of the disserta-

tions’ contributions from a theoretical and practical perspective along with recommenda-

tions for future research avenues for skill learning based on NLP and ML.

1.4 Overview of Publications in Relation to the Research Ques-

tions

My thesis is based on and related to 13 scientific publications that contributed to an-

swering the stated research questions. Table 1 illustrates an overview of past publications

that addressed the proposed research questions of this dissertation. Additionally, I provide

information regarding outlet metrics (if available) such as the Google Scholar h5-index

(h5)1 and the ranking of VHB JOURQUAL 3 (JQ3)2. Furthermore, Table 1 sketches an

1https:/scholar.google.com/citations?viewop = topvenueshl = de
2https://vhbonline.org/vhb4you/vhb-jourqual/vhb-jourqual-3/gesamtliste
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overview of the predominant methodological focus as well as the research context of the

publications. At the beginning of each section of my dissertation, I also highlight how

these publications have contributed to the content.

No. Publication Outlet /

Metrics

Method and

Context

RQ

1 Hansjörg Fromm, Thiemo Wambsganss, and

Matthias Söllner. 2019. Towards a Taxonomy

of Text Mining Features. In In Proceedings

of the 27th European Conference on Infor-

mation Systems (ECIS), Stockholm, Sweden

H5: 34

VHB

JQ3: B

Literature

Review;

Taxonomy

Development

RQ1a

2 Thiemo Wambsganss, Christian Engel, and

Hansjörg Fromm. 2021a. Improving Explain-

ability and Accuracy through Feature Engi-

neering : A Taxonomy of Features in NLP-

based Machine Learning. In Forty-Second In-

ternational Conference on Information Sys-

tems, pages 1–17, Austin, Texas

H5: 34

VHB

JQ3: A

Literature

Review;

Taxonomy

Development

RQ1a

3 Thiemo Wambsganss, Nikolaos Molyndris,

and Matthias Söllner. 2020a. Unlocking

Transfer Learning in Argumentation Min-

ing: A Domain-Independent Modelling Ap-

proach. In 15th International Conference on

Wirtschaftsinformatik, Potsdam, Germany

H5: 22

VHB

JQ3: C

Literature

Review;

Technical

Experiment

RQ1a

4 Thiemo Wambsganss and Roman Rietsche.

2019. Towards designing an adaptive argu-

mentation learning tool. In 40th Interna-

tional Conference on Information Systems,

ICIS 2019, Munich, Germany

H5: 34

VHB

JQ3: A

Design sci-

ence; De-

ductive;

Literature

Review; User

Interviews

RQ1b

https://doi.org/10.30844/wi{_}2020{_}c9-wambsganss
https://doi.org/10.30844/wi{_}2020{_}c9-wambsganss
https://doi.org/10.30844/wi{_}2020{_}c9-wambsganss
https://doi.org/10.30844/wi{_}2020{_}c9-wambsganss
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No. Publication Outlet /

Metrics

Method and

Context

RQ

5 Thiemo Wambsganss, Christina Niklaus,

Matthias Cetto, Matthias Söllner, Jan Marco

Leimeister, and Siegfried Handschuh. 2020b.

AL : An Adaptive Learning Support System

for Argumentation Skills. In Proceedings of

the 2020 CHI Conference on Human Fac-

tors in Computing Systems, pages 1–14, New

York, NY, USA. Association for Computing

Machinery

H5: 101

VHB

JQ3: /

Design Sci-

ence; Deduc-

tive; Higher

education;

Distance

learning

environment

RQ2/

RQ3a

6 Thiemo Wambsganss, Tobias Kueng,

Matthias Söllner, and Jan Marco Leimeister.

2021c. ArgueTutor: An Adaptive Dialog-

Based Learning System for Argumentation

Skills. In Proceedings of the 2021 CHI

Conference on Human Factors in Comput-

ing Systems. Association for Computing

Machinery, New York, NY, USA

H5: 101

VHB

JQ3: /

Design Sci-

ence; Deduc-

tive; Higher

education;

Distance

learning

environment

RQ2/

RQ3b

7 ThiemoWambsganss. 2021. Designing Adap-

tive Argumentation Learning Systems Based

on Artificial Intelligence. In Extended Ab-

stracts of the 2021 CHI Conference on Hu-

man Factors in Computing Systems

H5: 101

VHB

JQ3: /

Design Sci-

ence; Deduc-

tive; Higher

education

RQ2/

RQ3a

8 Thiemo Wambsganss, Christina Niklaus,

Matthias Söllner, Siegfried Handschuh, and

Jan Marco Leimeister. 2020c. A Corpus for

Argumentative Writing Support in German.

In 28th International Conference on Com-

putational Linguistics (Coling), Barcelona,

Spain

H5: 64

VHB

JQ3: /

Corpus de-

velopment;

Inductive;

Technical

experiments

RQ3a

9 Thiemo Wambsganss, Matthias Söllner, An-

dreas Janson, Ken Koedinger, and Jan Marco

Leimeister. 2022b. Improving Argumenta-

tion Based on a Dynamic Feedback System

Created with Machine Learning. Under re-

view at Information Systems Research, pages

1–38

H5: 50

VHB

JQ3: A+

Inductive and

Deductive;

Quantitative

experiments

RQ3a

https://doi.org/10.1145/3411764.3445781
https://doi.org/10.1145/3411764.3445781
https://doi.org/10.1145/3411764.3445781
https://doi.org/10.1145/3411763.3443422
https://doi.org/10.1145/3411763.3443422
https://doi.org/10.1145/3411763.3443422
https://doi.org/10.18653/v1/2020.coling-main.74
https://doi.org/10.18653/v1/2020.coling-main.74
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No. Publication Outlet /

Metrics

Method and

Context

RQ

10 Thiemo Wambsganss, Matthias Söllner, and

Jan Marco Leimeister. 2020d. Design and

Evaluation of an Adaptive Dialog-Based

Tutoring System for Argumentation Skills.

In International Conference on Information

Systems (ICIS), Hyderabad, India

H5: 34

VHB

JQ3: A

Design Sci-

ence; De-

ductive and

Inductive;

Higher educa-

tion

RQ3b

11 Thiemo Wambsganss, Andreas Janson,

Matthias Söllner, and Jan Marco Leimeister.

2021b. AI-based Argumentation Tutoring –

A Novel System Class to Improve Learners’

Argumentation Skills. In Annual Meeting

of the Academy of Management (AOM).

- Virtual Conference, 2021, volume 2021,

page 10233

H5: 4

VHB

JQ3: /

Design Sci-

ence; De-

ductive and

Inductive;

Higher educa-

tion; Distance

learning envi-

ronment

RQ2/

RQ3a

12 Thiemo Wambsganss and Christina Niklaus.

2022. Modeling persuasive discourse to adap-

tively support students’ argumentative writ-

ing. In Proceedings of the 60th Annual Meet-

ing of the Association for Computational

Linguistics (Volume 1: Long Papers), pages

8748–8760, Dublin, Ireland. Association for

Computational Linguistics

H5: 157

VHB

JQ3: /

Corpus de-

velopment;

Inductive;

Technical

experiments

RQ3c

13 Thiemo Wambsganss. 2022. Nudging To-

wards Self-Regulated Argumentation Learn-

ing: Designing Intelligent Argumentation

Writing Support Systems. Institute of In-

formation Management at the University

of St.Gallen Working Paper, St. Gallen,

Switzerland, pages 1–30

H5: /

VHB

JQ3: /

Design Sci-

ence; Deduc-

tive; Higher

education;

Distance

learning

environment

RQ3c

Table 1: Overview of publications related to the dissertation according to the research
questions.
Source: Own illustration

https://doi.org/10.5465/ambpp.2021.10233abstract
https://doi.org/10.5465/ambpp.2021.10233abstract
https://doi.org/10.5465/ambpp.2021.10233abstract
https://doi.org/10.18653/v1/2022.acl-long.599
https://doi.org/10.18653/v1/2022.acl-long.599
https://doi.org/10.18653/v1/2022.acl-long.599
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2 Theoretical Background

“It is in argumentation that we are likely to find the most significant way in

which higher order thinking and reasoning figure in the lives of most people.

Thinking as argument is implicated in all of the beliefs people hold, the judg-

ments they make, and the conclusions they come to; it arises every time a

significant decision must be made. Hence, argumentative thinking lies at the

heart of what we should be concerned about in examining how, and how well,

people think”

- Kuhn (1992), pp. 156–157.

As stated by Kuhn (1992) argumentation plays a pivotal role in our communication, in

our thinking, and therefore in our daily lives. To better understand how argumentation

skill learning can be supported by IT, I aim to provide the reader a theoretical background

on technology-mediated argumentation learning. Based on the paradigm of Gupta and

Bostrom (2009), I will briefly introduce the technology-mediated learning framework as

well as the three dimensions of learning context, learning method structures, and learning

process in subsection 2.1. Afterwards, I dive into each of these dimensions and outline

how the concepts are defined with regards to argumentation learning. Therefore, in sub-

section 2.2 I will outline the learning context of argumentation skill learning and the

underlying constructivist learning paradigm I aim to follow in this dissertation. Next,

in subsection 2.3 I will provide a deep dive into the different learning method struc-

tures and the different system classes that have been developed in the last decades for

technology-mediated argumentation learning. Here, I will also introduce and define two

new classes, namely AI-based argumentation writing support systems and conversational

argumentation learning systems. Third, I will briefly state the difference between ”argu-

ing to learn” and ”learning to argue” for the learning process in argumentation learning

in subsection 2.4. Last but not least, since my dissertation follows an interdisciplinary ap-

proach based on methods from human—computer interaction, NLP, and IS, subsection 2.5

provides a short overview of NLP, ML, and argumentation mining to ensure the reader

is equipped with the necessary background knowledge of the fundamental technologies

applied in this dissertation.

2.1 Technology-Mediated Learning

The objective of this dissertation is to investigate (1) how to design novel argumentation

learning systems based on recent advantages in AI to support argumentation skill learning
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independent of an instructor, time, and location, and (2) to answer how these design

findings influence students’ argumentation skills and learning experience. Hence, the

focus of this work is mainly on the domain of digital learning environments, since they

are typically embedded around large-scale and distance learning scenarios.

In IS research, the learning embedded around technology-mediated learning forms a

prominent literature stream (Gupta and Bostrom, 2009; Alavi and Leidner, 2001). Alavi

and Leidner (2001) defined technology-mediated learning as “an environment in which

the learner’s interactions with learning materials, peers, and/or instructors are mediated

through advanced information technology” (Alavi and Leidner (2001) p.2). As Gupta

and Bostrom (2009) noted, technology-mediated learning includes “all the elements of a

social-technical system: technology and learning techniques, process, actors, actions, and

outcomes” (Gupta and Bostrom (2009), p.3). Scholars in different disciplines have used

the terms e-learning, online learning, distance learning, technology-enhanced learning,

and IT-supported learning synonymously (Gupta and Bostrom, 2009), so I will do the

same in this dissertation.

To better embed my research in related literature, I used the theoretical framework of

Gupta and Bostrom (2009) as a guide for the structure of my work. The framework defines

both the structural and outcome factors of technology-mediated learning. Moreover, it

considers the student learning process, which is crucial for the resulting learning outcomes

and thus for the quality of technology-mediated learning (Gupta and Bostrom, 2009).

Technology-mediated learning is based upon two underlying assumptions. First, the

framework assumes that a particular learning context influences the embedded learn-

ing structures (DeSanctis and Poole, 1994). In this dissertation, I follow a constructivist

understanding of learning, describing that knowledge is always constructed by the learner

itself and can be influenced by experiences (Von Glasersfeld, 1987). In this vein, the

learning experience is influenced by a learning method. I am applying IT artifacts with

an adaptive ability based on recent advantages in AI, in particular the classes of adap-

tive writing support systems and conversational agents, as a learning method structure.

Second, the framework of technology-mediated learning focuses on the learning process

of a learning activity. By definition, a learning process describes the sum of the single

activities a student does. According to Gupta and Bostrom (2009), it describes how a

student interacts with and adapts the learning method structures.

The process of a learner is a complex phenomenon and includes various variables such as

cognitive processes and interactions related to the learning methods. By nature, it varies

between individual learners, the received support in the learning process (e.g., based

on adaptive IT), and other elements in a particular learning environment. Gupta and
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Figure 3: Focus of the dissertation based on the technology-mediated learning framework
by Gupta and Bostrom (2009).
Source: Gupta and Bostrom (2009)

Bostrom (2009) define learning outcomes as the pivotal measurement of learning success

as a result of a learning process in technology-mediated learning. Accordingly, learning

outcomes are ”the target assessment or measures used to determine the achievement of

learning goals” (Gupta and Bostrom (2009), p. 691).

As described before, in this dissertation I follow a constructivist view of learning. The con-

structivist learning paradigm states that learning is achieved by students ”constructing”

knowledge from their own experiences (Von Glasersfeld, 1987). I aim to investigate in par-

ticular how novel adaptive writing support systems and pedagogical conversational agents,

as a new class of IT, influence the student learning process and the resulting learning out-

comes for argumentation skills. To emphasize the most important aspects, my objective

is to focus on particular aspects of the technology-mediated learning framework of Gupta

and Bostrom (2009). Hence, I focus on learning goals, IT, appropriation, and learning

outcomes. My work puts rather little emphasis on the epistemological perspective, the

team, the complexity of learning techniques, and individual student characteristics. The

technology-mediated learning framework (Gupta and Bostrom, 2009) and the focus of my

dissertation with regards to this framework are highlighted in Figure 3.

In the following, I will provide a more detailed background on the specific learning context

of argumentation skill learning as well as on the particular learning method structures for
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technology-mediated argumentation learning. In the different sections of my work, I will

then refer to the dimensions of technology-mediated learning and highlight the differences

in the learning process and the measured learning outcomes for the particular studies.

2.2 Learning Context: Argumentation Skill Learning

Technology-mediated learning distinguishes between two elements for the learning context:

the learning goals and the epistemological perspectives Gupta and Bostrom (2009).

2.2.1 Learning Goals and Learning Outcomes

The learning goals comprise the knowledge expected to be learned after going through

a certain learning process (Gupta and Bostrom, 2009). According to Anderson and Sos-

niak (1996), four different learning goals can be distinguished: skills, cognitive, affective,

and meta-cognitive learning goals. The aim of technology-mediated learning is to achieve

these learning goals and measure them as learning outcomes of the learning process (see

Figure 3). For my work, I follow the definition of learning objectives based on the re-

vised Bloom’s taxonomy by Krathwohl (2002) (see Table 2). The taxonomy differentiates

between four different dimensions of knowledge: factual, conceptual, procedural, and cog-

nitive knowledge. Factual knowledge represents the knowledge of terminology and specific

details (e.g., a historical fact or a certain date). Conceptual knowledge encompasses the

knowledge of theories and models. It relates to the interdependence among basic concepts

and the metacognitive knowledge of a learner. The procedural knowledge dimensions re-

fer to subject-specific skills and methods. It refers to process-related knowledge such as

knowing how to do a certain task in the right way (e.g., knowing how to orchestrate and

structure a project to achieve something). Metacognitive knowledge is about strategic

and cognitive knowledge (such as argumentation, communication, or problem-solving).

remember understand apply analyze evaluate create
Factual
Conceptual
Procedural
Metacognitive

Table 2: Revised taxonomy of learning outcomes according to Krathwohl (2002).
Source: Krathwohl (2002)

Krathwohl (2002) also distinguishes between the cognitive processes of various learning

tasks. The categories are remember, understand, apply, analyze, evaluate, and create

(Krathwohl, 2002). These six categories are considered to be hierarchically ordered in their
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complexity, meaning creating something is more complex and usually involves evaluating

and analyzing something. Learning and training ”higher” learning goals is usually one of

the objectives of higher education (Krathwohl, 2002). The more the learning outcomes are

on the level of ”evaluate/create”, the more complex the learning process for the students.

In this dissertation, my objective is to help students to learn how to argue based on recent

methods in NLP and ML. Hence, my learning objective is to support metacognition skill

learning. I do that by supporting students in various learning tasks, where they mostly

have to analyze, evaluate, and also create knowledge.

To better understand the concept of metacognitive argumentation skill learning, I aim to

provide the reader a brief background on the concept of argumentation, on the underlying

argumentation models, and on argumentation skill learning.

2.2.2 The Concept of Argumentation

As Kuhn 1992 states, the skill to argue is of great significance not only for professional

purposes such as for collaboration and for solving difficult problems but also for most of

our daily life. Argumentation is an omnipresent rudiment of daily communication and

thinking (Kuhn, 1992). In general, argumentation aims to increase or decrease a contro-

versial standpoint’s acceptability (Eemeren et al., 1996). Logically, structured arguments

are a required precondition for persuasive conversations, general decision making, and

drawing acknowledged conclusions (Duschl and Osborne, 2002). Across multiple fields,

including law, science, politics, or management, individuals must support their claims

with essential facts, argue in support of conclusions derived from those facts, and counter

their opponent’s claims in a principled way to convince others of their position or justify

a conclusion (von Aufschnaiter et al., 2008). Over several decades, research has demon-

strated that humans are generally deficient in argumentation (e.g., Byrne (1989); Marcus

and Rips (1979); Tversky and Kahneman (1974)): they often fail to recognize the dif-

ference between merely expressing an opinion and making a fact-based claim. Moreover,

they do not rebut others’ arguments but ignore points of conflict and persist with their

own arguments (Byrne, 1989). Thus, research in fields such as human—computer inter-

action or IS has demonstrated increased interest in developing argumentation systems to

support individuals (Eemeren et al., 1996).
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Figure 4: Aristotle’s theory of persuasion based on logos, ethos, and pathos.
Source: Own illustration

2.2.3 Argumentation Theory

Argumentation theories have a long history in philosophy, linguistic research, and math-

ematics. Aristotle provided one of the first foundations in his theory of persuasion.

Many frameworks and “rules” of argumentation have since been proposed and identi-

fied (e.g., Kuhn (1992); Toulmin (1984); Walton (1996); Walton et al. (2008); Toulmin

(2003); Eemeren et al. (1996)). In his fundamental theory, Aristotle distinguished be-

tween three interconnected principles of persuasion (see Figure 4)—logos (logic and proof

of argumentation), ethos (authority and credibility of the speaker), and pathos (empa-

thy and vivid language)—on which an individual can build in their effort to persuade an

opponent. Logos focuses on the general formality and structure of argumentation; ethos

depends largely on the individual and their relationship to the opponent, and pathos

concerns context-related emotions and the strength of languages.

Formal logic, a branch of mathematics, has long been the main perspective on persua-

sive argumentation (e.g., North Whitehead and Russell (1910); Scheuer et al. (2010)).

More recently, however, theories have also focused on practical human argumentation

(e.g., Kuhn (1992); Toulmin (2003)). Most theoretical and practical approaches to argu-

mentation vary in their level of detail, perspective, and specific context of applicability.

Nevertheless, several scholars (i.e., Scheuer et al. (2010, 2012a); Scheuer (2015)) have

observed that logic is likely the foundation that underlies different theoretical argumen-

tation approaches. Argumentation theory generally agrees on the importance of logos as

a basis for proper argumentation. Argumentation discourse should consider all relevant

facts, claims should be well-grounded and supported by premises, and both supporting

and conflicting claims should be taken into account (Kuhn, 1992; Toulmin, 2003).

In most of the past argumentation learning research, scientists only focused on the ”logos”

level of argumentation and persuasion. Also, in this research I mostly investigate the
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impact of logical argumentation support (logos level) on students’ formal argumentation

skills (e.g., in section 5 or section 7).

2.2.4 Argumentation Models

Most argumentation theories formulate formal argumentation models that address the

logical component of Aristotle’s theory of persuasion. The Toulmin model is among

the most prominent of these (Toulmin, 1984, 2003). Accordingly, an argument consists

of several components, including a claim and at least one premise. The claim is the

central component and statement which is justified by premises. According to Toulmin’s

argumentation theory, a good argument involves a logical structure founded on grounds,

claim, and warrant, whereas the grounds are the evidence used to prove a claim (Toulmin,

1984). For example, according to the Toulmin Model, each argument can be broken

down into six parts (claim, premise/ ground, warrant, backing, rebuttal, qualifier). Each

component fulfills a specific argumentative role and complements the others to create the

argument. Figure 5 illustrates the six elementary components according to the Toulmin

Model to which each argument can be broken down.

Figure 5: The six elements an argument can be broken down according to the Toulmin
model.
Source: Toulmin (2003)

Each of these argument components fulfills a specific argumentative role and complements

each other to create the argument:

1. Claim: The central point or conclusion of the argument. The ultimate goal is to

convince the opponent of the truthfulness of the claim.

2. Ground (Fact, Evidence, Data): The support or rationale for the claim. It is the

data or evidence that the arguer uses to explain and support their claim.
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3. Warrant: The inference connection between the claim and ground.

4. Backing: Similar to the ground, the backing provides support to the warrant. It

is often used when the warrant itself is not convincing enough.

5. Rebuttal: Potential objection to the given claim. According to Toulmin, it is

important that the arguer shows that they are aware of possible opposition to the

claim.

6. Qualifier: Indicator of the degree of certainty associated with the claim. It allows

the arguer to add nuance to the claim.

Nevertheless, across multiple argumentation models, the claim and premise (also called

evidence) are generally considered the main components of every argument (Toulmin,

1984, 2003; Walton et al., 2008; Walton, 1996). The other components are considered

supporting sub-argument parts that may or may not exist in an argument. Hence, in this

dissertation, I mainly follow the simplified version of a claim - premise argumentation

model as done in most literature about argumentation skill learning and argumentation

mining (Figure 6, Scheuer (2015); Stab and Gurevych (2014a, 2017); Lawrence and Reed

(2019)):

Figure 6: Basic argumentation model with the logos components claim and premise.
Source: Own illustration

2.2.5 Argumentation Skill Learning

Nevertheless, dialectical concepts for teaching argumentation are scarce. Jonassen and

Kim (2010), p. 442 identified three major causes for that: ”teachers lack the pedagogi-

cal skills to foster argumentation in the classroom, so there exists a lack of opportunities

to practice argumentation; external pressures to cover material leaving no time for skill

development; and deficient prior knowledge on the part of learners”. Therefore, many au-

thors have claimed that fostering argumentation skills should be assigned a more central

role in our formal educational system (Driver et al., 2000; Kuhn, 2005). Most students

learn to argue in the course of their studies simply through interactions with their class-

mates or teachers. In fact, individual support of argumentation learning is missing in
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most learning scenarios. However, to train skills such as argumentation, it is of great im-

portance, for the individual student to receive continuous feedback, also called formative

feedback, throughout their learning journey (Hattie and Timperley, 2007). According to

Sadler (1989), the outcome of feedback is a specific information relating to the task or

process of learning that fills a gap between what is understood and what is aimed to be

understood. Even in fields where argumentation is part of the curriculum, such as law and

logic, a teacher’s ability to provide feedback is naturally limited by constraints on time

and availability. Especially in more common large-scale lectures, the ability to support a

student’s argumentation skills individually is hindered, since for teachers and professors,

it is becoming increasingly difficult to provide ongoing and individual feedback to a single

student.

2.2.6 Constructivist Learning Context

In order to teach argumentation skills, the epistemological perspective is an important

factor to design a certain pedagogical scenario and thus the learning method structures.

In this dissertation, I do not aim to focus on the epistemological component of learning.

However, I will briefly explain the underlying constructivist learning context, which I

apply in this work.

The epistemological perspectives distinguish between different paradigms for the over-

arching beliefs about the nature of knowledge and what it means to gather knowledge

(Leidner and Jarvenpaa, 1995). The most common classification in education distin-

guishes between behaviorist, cognitivist, and constructivist views of learning (Leidner and

Jarvenpaa, 1995). While behaviorism assumes that learning occurs when students exhibit

a new behavior or change their behavior in response to instructional stimulations (e.g., a

classical presentation of a teacher), the cognitivist perspective is based on the assumption

that the cognitive structures in a learner’s brain is most significant to the learning process

as they process information (Gupta and Bostrom, 2009).

The constructivist learning view regards learning as a change in meaning resulting from

experience (Von Glasersfeld, 1987). Accordingly, knowledge (and also the truth) is con-

structed by learners themselves (Gupta and Bostrom, 2009). The behaviorist and cogni-

tivist paradigms share the common assumption that the learning of a student must be

externally induced by behavior (Ertmer and Newby, 1993). In contrast, constructivist

learning argues that students construct understanding. A learner does not only mirror

what they perceive, they search for comprehension in what they experience in the world,

even if they do not have complete information (Von Glasersfeld, 1987). Hence, the idea

of constructivist education research comprises that students actively construct their own
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knowledge. Accordingly, learning itself is described as an ”active mental work, not passive

reception of teaching” (Woolfolk Hoy, 2000).

Based on a constructivist perspective, in this work, I mainly apply and contribute to

two common learning theories, which are based on a constructive learning paradigm: the

interactive, constructive, active, and passive (ICAP) framework by Chi and Wylie (2014),

and self-regulated learning theory (Bandura, 1991; Zimmerman and Schunk, 2001). In the

course of my dissertation, I will link these theories to the content and explain how I be-

lieve these theories might support my underlying hypothesis that adaptive argumentation

skill learning based on individual learner-centered argumentation tools helps students to

construct new knowledge. To avoid repetitions, I will briefly explain the basics of both

theories in the following paragraphs.

2.2.6.1 ICAP Framework

According to the ICAP Framework (i.e., interactive, constructive, active and passive

Framework) by Chi and Wylie (2014), the learners’ engagement with learning materials

can range “from passive to active to constructive to interactive” (Chi and Wylie, 2014)

and will result in an improved learning outcome. Whereas in passive engagement students

only consume or receive learning materials, in active engagement students actively man-

age the content presentation. In the two most engaging forms of interaction according

to Chi and Wylie (2014), students deepen their interaction, e.g., by comparing the learn-

ing materials with prior knowledge (constructive engagement), by debating with others

or asking and answering questions (interactive engagement). Each mode of the ICAP

framework corresponds to different types of behaviors and knowledge change processes

predicting different learning outcomes (Chi and Wylie, 2014).

Table 3 provides an overview of the four interaction modes of students and outlines three

examples of how the interaction mode affects the students’ learning activities. Passive

student behavior describes the activity of students engaging with the instructional infor-

mation presented without additional physical activity, e.g., only reading a certain text.

Active student behavior comprises a physical activity of the student, e.g., highlighting

important text passages. Constructive student behavior is defined by students actively

constructing new information such as ideas that are beyond the presented material. An

example would be to sketch a mind map of the highlighted text passages. Interactive

student behavior requires students to actively engage on a certain topic, for example, by

debating about the pros and cons of a certain position. This can be done by “dialoguing

extensively on the same topic, and not ignoring a partner’s contribution” (Chi and Wylie,
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Passive Receiv-
ing

Active Manip-
ulating

Constructive
Generating

Interactive
Dialoguing

Listening
to a lecture

Listening with-
out doing any-
thing else but
oriented toward
instruction

Repeating or
rehearsing;
copying so-
lution steps;
taking notes

Reflecting out
loud; drawing
concept maps;
asking ques-
tions

Defending and
arguing a po-
sition in small
groups

Reading
a text

Reading entire
text passages
silently/ aloud
without doing
anything else

Underlining or
highlighting;
summarizing by
copy and delete

Self-explaining;
integrating
across texts;
taking notes in
one’s own words

Asking and
answering com-
prehension
questions with
a partner

Observing
a video

Watching the
video without
doing anything
else

Manipulating
the tape
by paus-
ing, playing,
fast-forward,
rewinding

Explaining
concepts in the
video; com-
paring and
contrasting to
prior knowledge
or other materi-
als

Debating with a
peer about the
justifications;
discussing sim-
ilarities and
differences

Table 3: Exemplary learning activities by mode of engagement according to the ICAP
Framework from Chi and Wylie (2014).
Source: Chi and Wylie (2014)

2014). The more interactive the mode of engagement is, the more effective the learning

activity (Chi and Wylie, 2014).

Following this hypothesis, adaptive and interactive IT-based learning systems are capable

of fostering the students’ engagement, as they add the new component of interactivity or

even dialoguing to argumentation learning scenarios. Compared to common argumenta-

tion learning systems, pedagogical conversational agents, for example, are able to discuss

and tutor students through the learning content, just like human instructors would. In

fact, the successful application of pedagogical conversational agents to adaptively meet

the individual needs of learners and to increase their learning outcomes has been demon-

strated for learning various skills, such as problem-solving skills (Winkler et al., 2020),

programming skills (Hobert, 2019), mathematical skills (Cai et al., 2019) as well as for

learning factual knowledge (Ruan et al., 2019), but it has not been investigated for argu-

mentation skills.

Apart from the explained ICAP framework, self-regulated learning theory regards the

combination of a learner’s individual goal, motivation, and feedback through self-monitoring

and self-evaluation during the learning process as beneficial for learning outcomes (Ban-

dura, 1977, 1991; Zimmerman and Schunk, 2001; Bjork et al., 2013).
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2.2.6.2 Self-regulated Learning

Self-regulated learning theory supports the underlying hypothesis that the combination

of a goal setting structure with individual self-evaluation and self-monitoring (e.g., in

the form of formative feedback Bandura (1977, 1991)) on a student’s learning outcome

increases the student’s self-efficacy (Zimmerman and Schunk, 2001; Zimmerman, 1989;

Bjork et al., 2013). Self-regulated learning theory reflects that students learn better with

formative feedback and goal setting (Bandura, 1991). Especially for students in a learn-

ing process, critical reflection through self-monitoring and self-evaluation is an important

component for effective learning (Zimmerman and Schunk, 2001), also reflected in liter-

ature on transformation learning (e.g., Mezirow (1991)). It can be an initial trigger for

a student’s learning process and thus the creation of new knowledge structures (Piaget

et al., 1986). However, the right portion of self-monitoring and self-reflection in combi-

nation with a learning goal is important for students to learn effectively (Bandura, 1991;

Zimmerman and Schunk, 2001). Therefore, in this dissertation, I hypothesize that the

right level of feedback on a students’ skill, such as argumentation or empathy, could lead

to more self-efficacy and thus to motivation to learn how to react to other people’s per-

spectives in an appropriate manner. However, I do not aim to focus solely on self-regulated

learning and the learner’s entire cognitive process but rather on the proven self-reliant

learning so that individuals can learn argumentation skills irrespective of an instructor,

time, and location. Being aware of the fact that self-regulated learning involves more than

formative feedback, self-monitoring, and self-evaluation, I still focus on these (individual)

concepts — in combination with other guiding literature — with the simple objective of

designing novel argumentation learning tools to better support humans in learning argu-

mentation skills based on recent technological advances embedded in known theoretical

concepts (such as self-regulated learning).

More recent aspects that are relevant for self-regulated learning theory focus on learning

from errors through self-regulated learning. According to Bjork et al. (2013), accurate

self-monitoring and evaluation of one’s learning progress are fundamental components for

effective self-regulation of learning. Nevertheless, humans struggle to monitor and evaluate

their learning and comprehension of complex materials (Bjork et al., 2013). Hence, the

design of appropriate monitoring and evaluation elements for certain skills might help

learners to continuously learn more effectively from a long-term perspective (i.e., Roediger

and Karpicke (2006); Zimmerman and Schunk (2001)). One way to facilitate effective

monitoring and an evolution of learning is to combine skill monitoring with formative

assessment and performance feedback (Black and Wiliam, 2009; Hattie and Timperley,

2007). To be effective, feedback should define goals, monitor the progress toward the

goals, and identify the activities that will bring the learner toward the goals (Hattie and
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Timperley, 2007). Furthermore, research has suggested that feedback on learners’ errors

can greatly facilitate new learning (Metcalfe, 2017). According to (Metcalfe, 2017), p.

484, making mistakes and receiving feedback “enhances later memory for and generation

of the correct response, facilitates active learning, [and] stimulates the learning to direct

attention appropriately.”

The described findings on ”learning from errors” (e.g., Bjork et al. (2013)) and formative

feedback (e.g., Hattie and Timperley (2007)) play a significant role when designing AI-

based learning systems. Hence, I will refer to them again in different sections of my

dissertation, such as when designing an AI-based argumentation writing support system

for peer reviews in section 5.

2.3 Learning Method Structures: Technology-Mediated Argu-

mentation Skill Learning

Technology-mediated learning learning not only considers the learning context, such as

the underlying educational concepts and the learning goals, but also the learning method

structures, which aim to structure and facilitate the learning process and thus the learn-

ing outcomes of students. After explaining the concept of argumentation skill learn-

ing and the background of constructivist learning, the next paragraphs will include a

short overview of technology-mediated learning tools for argumentation, especially of the

classes of computer-supported collaborative learning and intelligent tutoring systems. In

this vein, I will take a deep dive into the five different classes of argumentation learning

systems: representational guidance approaches, discussion scripting approaches, adaptive

support approaches, AI-based argumentation writing support systems, and conversational

argumentation learning systems.

Different technological approaches have been used for learning method structures. Re-

search started by using film, sound, radio, or TV in the classroom (Scheuer, 2015). The

appearance of personal computer technology intensified the research on educational tech-

nology and technology-mediated learning (Koschmann, 1996). Early classifications of

computer-based learning, such as of Koschmann (1996), distinguished between four main

paradigms in the field of educational technology. Each paradigm has specific assump-

tions about learning and teaching and utilizes specific technological and research ap-

proaches. Koschmann (1996) distinguished between computer-assisted instruction, intel-

ligent tutoring systems, Logo-as-Latin, and computer-supported collaborative learning.

The paradigms of computer-supported collaborative learning (Dillenbourg et al., 2009;

Koschmann, 1996) and intelligent tutoring systems are particularly relevant to argumen-
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tation learning (Scheuer, 2015), since argumentative discussions and debates have been

identified as key factors for collaborative learning settings in particular. In the following

sections, I will shortly introduce these two classes more specifically to the reader.

2.3.1 Computer-Supported Collaborative Learning

Computer-supported collaborative learning emerged as a research area for educational

technology in the 1990s (Scheuer et al., 2010; Dillenbourg and Hong, 2008). The rapid

technological advances because of the use of computers at home and the connectivity

through the world wide web fueled the research community to investigate how to leverage

these technologies to improve educational scenarios. Moreover, scholars also generally

focused more on the potential of collaborative learning approaches, especially for higher

learning goals (Scheuer, 2015). Hence, the underlying concepts of computer-supported

collaborative learning focus on the interaction between learners as the primary source of

learning (Dillenbourg and Hong, 2008). The majority of computer-supported collabora-

tive learning research interventions aim to investigate how technology can facilitate and

scaffold interactions between learners to achieve certain learning outcomes.

Technology-mediated learning tools have been designed to facilitate student peer feed-

back (Rietsche and Söllner, 2019), to support student peer assessments in large-scale

learning environments (Lehmann et al., 2016), to better structure argumentative discus-

sions between learners (Fischer et al., 2013), or to support empathy self-monitoring in

student-based discussions (Santos et al., 2018). Computer-supported collaborative learn-

ing learning tools have been proven to facilitate, scaffold, and support especially higher

learning goals in large-scale learning scenarios (e.g., Noetel et al. (2021); Dillenbourg et al.

(2009); Dillenbourg and Hong (2008); Fischer et al. (2013); Santos et al. (2018)).

2.3.2 Intelligent Tutoring Systems

Intelligent tutoring systems research traditionally focuses more on the individual learner

and how technology can be used to intelligently tutor a student through a specific learning

process. Research on intelligent tutoring systems has a long history and dates back to

the 1970s (e.g., Atkinson and Shiffrin (1968); Suppes and Morningstar (1969)). Schol-

ars investigating intelligent tutoring systems traditionally focused on the learner’s mental

representations of knowledge and therefore on the cognitive components. Different tech-

niques, especially from early AI, are utilized to model mental structures, skill levels,

and learning processes of students to improve the computer-based interaction with the

individual (Corbett and Anderson, 1994). The term cognitive tutors emphasized the
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ability of technology-mediated learning to model the cognitive structures of students to

provide them with feedback on their particular learning process (Anderson et al., 1995).

Early research studies showed that students were gaining knowledge most efficiently when

computer-based tutors were providing ongoing and rapid feedback, consisting of short and

directed error messages. While in the 1990s, research found that computer-based tutors

are able to assist students more effectively if they present themselves as nonhuman tools

rather than as a virtual human educator (Anderson et al., 1995), recent research showed

significant effects of anthromorphization of pedagogical agents in different contexts (i.e.,

Noetel et al. (2021)).

Common methods to model students’ learning processes are, for example, model trac-

ing, buggy rules, or knowledge tracking (Corbett and Anderson, 1994). Whereas model

tracing is a computational method to model the mental operation of a students’ problem-

solving process by analyzing different user inputs, knowledge tracking is used to model

the probabilities that a learner has achieved a certain knowledge module or skill based on

the analysis of his or her individual learning process steps (Corbett and Anderson, 1994;

Anderson et al., 1995). The different approaches are used to then provide the learner

with a learning experience with an artificial tutor similar to a real educator. A student

receives intelligent recommendations (Bauman and Tuzhilin, 2018), scaffolded learning

tasks (Winkler et al., 2020; Janson et al., 2019), or individual feedback based on his or

her knowledge, skill level, or individual errors (Ruan et al., 2019).

With the rapid technological advances in NLP, ML, and AI as well as the widespread stor-

age of learner data in learning management systems, the modeling of cognitive processes,

knowledge levels, or learning processes has received continuous attention in different dis-

ciplines. Leveraging the approach of intelligent tutoring systems for digital education

comes with certain advantages that are worth mentioning compared to other educational

technology approaches. First, intelligent tutoring systems are able to adjust to a certain

learner’s skill profile and provide tailored recommendations, feedback, or scaffolds based

on the learner’s misconceptions. With the wide-scale availability of digital learning traces

from common learning management systems, learning profiles, or user-interaction data,

intelligent tutoring systems are promised to provide a personalized and unique learning

experience similar as a human educator would provide but independent of time, availabil-

ity, and location of a human instructor or peers. Through intelligent tutoring systems,

students are promised to learn where they want, how they want, and whenever they want

and receive the most tailored education according to their learning profile (Noetel et al.,

2021; Xu et al., 2021). With the fine-grain analysis of learning interaction data and learn-

ing profile, intelligent tutoring systems are able to model and facilitate a learning process

on various granularity levels. Especially deep learning and transfer learning approaches

promise to improve these models significantly Rosé et al. (2008).
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2.3.3 Pedagogical Conversational Agents

A subset of intelligent tutoring systems that has recently received attention are pedagogi-

cal conversational agents. Conversational agents are computer programs that are designed

to communicate with users through natural language interaction interfaces (Rubin et al.,

2010; Shawar and Atwell, 2005). In today’s world, conversational agents, such as Ama-

zon’s Alexa, Google’s Assistant, and Apple’s Siri, are ubiquitous, with their popularity

steadily growing over the past few years (eMarketer, 2017; Krassmann et al., 2018). They

are implemented in various areas, such as customer service (Xu et al., 2017), healthcare

(Kowatsch et al., 2017; Laumer et al., 2019), or education (Kerly et al., 2007; Winkler and

Söllner, 2018). Hobert and Wolff (2019) define conversational agents in the education do-

main as distinct forms of learning applications that provide an individual and personalized

interaction with students. There is growing consensus that the interaction with conver-

sational interfaces benefits students in their learning process. First of all, conversational

agents offer a natural and intuitive way for students to express themselves in computer-

mediated educational settings, which in turn drives learning outcomes (e.g., Wambsganss

et al. (2021c); Ruan et al. (2019); Winkler et al. (2020)). Second, conversational agents

allow for an adaptive interaction path that goes beyond a static user interaction experi-

ence, thereby increasing student engagement (Winkler et al., 2021). Third, the design of

conversational agents often incorporates anthropomorphic features that further support

educators in building trustworthy and engaging learning scenarios (Winkler and Söllner,

2018; Noetel et al., 2021).

Inspired by the potential advantages of conversational over non-conversational user in-

terfaces, the development of conversational agents in education is based on the design of

intelligent tutoring systems (e.g., Atkinson and Shiffrin (1968); Suppes and Morningstar

(1969)). Similar to a human tutor, intelligent tutoring systems and especially conversa-

tional systems can present instructions, ask questions, and provide immediate feedback

(Kulik and Fletcher, 2016). Commonly referred to as pedagogical conversational agents,

these pedagogical systems evolved from abstract entities with limited technological pos-

sibilities to systems that are able to interact with learners using multiple channels of

communication, exhibit social skills, and perform different roles, such as tutors (Payr,

2003; Wambsganss et al., 2021c), motivators, learning companions (Kim and Baylor,

2008; Winkler et al., 2020), or learning support (Song et al., 2017; Hobert and Wolff,

2019; Winkler and Söllner, 2018).

However, the development of pedagogical conversational agents and intelligent tutoring

systems is a complex matter because of the interdisciplinary complexity of modeling the

learning process based on statistical approaches. Moreover, the learner–computer inter-
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action often plays the most crucial role in the design and development of technology-

mediated learning tools that are able to impact students’ learning outcomes significantly

(Noetel et al., 2021; Xu et al., 2021).

2.3.4 Argumentation Learning Systems

Based on argumentation theory and, most prominently, the Toulmin model, researchers

have developed different tools to support and teach argumentation: over a period of 35

years, more than 60 tools have been developed and published to support learners in cre-

ating, editing, interpreting, or reviewing arguments (e.g., Afrin et al. (2021); Chernodub

et al. (2019); Huang et al. (2016); Pinkwart et al. (2009); Smolensky et al. (1988); Suthers

and Hundhausen (2001); Wang et al. (2020)).

Especially, argumentation has emerged as a focus area in computer-supported collabo-

rative learning. Argumentation research on intelligent tutoring systems centers more on

analyzing, modeling, and supporting technology-enhanced argumentation learning activ-

ities in specific domains (Dillenbourg and Hong, 2008; Nye, 2014; Scheuer, 2015). The

combination of computer-supported collaborative learning and intelligent tutoring systems

to support collaboration and argumentation both adaptively and individually is a rela-

tively new research area (Fischer et al., 2013). Researchers have designed and evaluated

several tools based on input masks and representational guidelines to support high school

students’ active writing processes. This has been investigated across various fields, includ-

ing law (Pinkwart et al., 2009), science (Osborne et al., 2016; Suthers and Hundhausen,

2001), and conversational argumentation (De Groot et al., 2007). Based on the classi-

fication of Scheuer (2015), three different IT-based argumentation learning systems can

be distinguished: representational guidance approaches, discussion scripting approaches,

and adaptive support approaches. I will briefly outline each of these different approaches

and present examples of past argumentation learning systems. With this dissertation,

I introduce the design and concept of two novel approaches to adaptive argumentation

skill learning based on AI: AI-based argumentation writing support systems and conver-

sational argumentation learning systems. The distinct characteristics of the approaches

and their differences are summarized in Table 4.

2.3.4.1 Representational Guidance Approaches

Representational guidance approaches are based on the idea that knowledge can be rep-

resented in different formats. The most common representation of knowledge is probably
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in textual form (e.g., textbooks). Other representation formats can include diagrams,

concept maps, or visualizations to make certain information more accessible to the reader

(Scheuer et al., 2010; Suthers and Hundhausen, 2001).

These different knowledge representations are utilized and manipulated to influence stu-

dents’ learning processes. Technology-mediated representational tools can support stu-

dents’ learning with different knowledge representations by facilitating knowledge explo-

ration, creation, modification, or organization (Scheuer, 2015).

Research has, therefore, focused on if and how different knowledge representations of ar-

gumentation structures can support argumentation skill learning. Figure 7 displays the

architecture of the representational guidance system of Suthers (2003). Suthers (2003)

supported students’ argumentation learning by providing representations of argumen-

tation structures with the objective of stimulating and improving individual reasoning,

collaboration, and learning. Their approach represents argumentation discourse in the

form of linked graphs. One instantiation of their architecture was focusing on the repre-

sentation of displaying argumentation as text-based notations, graph-based notations, and

table-based notations.. Figure 8 provides an overview of the user interface of their system

Belvedere (Suthers and Hundhausen, 2001; Suthers, 2003).

The system class of representational guidance approaches formed a popular research sub-

ject especially in the early 2000s. Having the objective to stimulate and support argumen-

tation competencies of students, several authors investigated how different representations

can support argumentation skill learning (e.g., Nussbaum et al. (2007); Suthers (2003);

Pinkwart et al. (2009); Bell (1997)). Nevertheless, these approaches mostly focus on

the representation of argumentation, not on the learning itself. Moreover, one of the

limitations of theses approaches come with the technical foundations, i.e., that these pre-

sentations are usually built on domain-dependent ontologies and are thus not suitable for

a wide-scale adoption (Scheuer et al., 2010). Moreover, larger argumentation graphs tend

to confuse users and are not useful for longer writing tasks.

As Scheuer (2015) noted, it remains open ”how the different notations impact and influ-

ence learning processes and learning outcomes” (Scheuer (2015), p. 106). Suthers (2003)

addressed some of these questions with his representational guidance theory. For example,

their observations indicate that graphs and tables can represent argumentative relations

in a more vivid way compared to written text (Suthers, 2003). In conclusion, learners

are more likely to elaborate on such argumentative relations when creating or analyzing

arguments.
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Figure 7: Basic concept of the representational guidance approach of Suthers (2003);
different representations of argumentation structures are manipulated to guide the argu-
mentation skill learning of students.
Source: Scheuer (2015); Suthers (2003)
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Figure 8: Screenshot of the Belvedere system (Suthers et al. 2001). It uses a node-and-
link graph and a table to express hypotheses-evidence relationships.
Source: Suthers (2003); Scheuer (2015)

2.3.4.2 Discussion Scripting Approaches

Based on the constructivist learning paradigm, discussion scripting approaches aim to pro-

vide learners with external facilitation and structures in forming arguments for discussing

and communicating with others. When interacting in collaborative learning exercises,

sometimes students are highly motivated. However, they lack a certain pedagogical un-

derlying concept. Hence, scripting approaches aim to provide a scaffold for the learner to

guide discussions and ultimately support argumentation learning.

Different concepts have been investigated by various scholars for collaboration scripts in

both face-to-face and technology-mediated collaborative learning (e.g., O’Donnell et al.

(2002); Kollar et al. (2006); Dillenbourg (2002b)). For example, Kollar et al. (2006) defined

collaboration scripts as ”scaffolds that aim to improve collaboration through structuring

the interactive processes between two or more learning partners.” (Kollar et al. (2006),

p. 1). In their approach they identified five components for these scripts on how students

should be guided in collaborative learning exercises: learning objectives, type of activities,

sequencing, role distribution, and type of representation.

Dillenbourg (2002b) describes different kinds of collaboration scripts, including induced

scripts (conveying expectations regarding desired patterns of interaction), instructed scripts



2 Theoretical Background 37

(instructions prior to collaboration), trained scripts (prior training of students regarding

expected behaviors), prompted scripts (introduction to a certain behavior), and follow-me

scripts (enforcing certain forms of interaction through a learning tool). According to Dil-

lenbourg (2002b), the appropriate design of scaffolded scripts is, hence, very important

for students’ learning processes, their motivation, and their learning outcomes.

Building on prior approaches, Fischer et al. (2013) proposed a theoretical foundation for

discussing scripting approaches by deriving their theory of guidance. Their underlying

hypothesis assumes that collaborative learning is facilitated by mental knowledge struc-

tures, which they call internal collaboration scripts. Fischer et al. (2013) defined different

components of these internal scripts (play, scenes, roles, and scriptlets) and a set of prin-

ciples for each of these components, e.g., the script configuration principle (Fischer et al.,

2013).

Based on these principles, researchers investigated different learning tools to improve the

quality of argumentation through structured communication interfaces. The interventions

were mostly on the scriptlet’s level, also referred to as micro scripts, with the aim to guide

a certain pedagogical concept (Dillenbourg and Hong, 2008; Fischer et al., 2013).

A popular approach is exemplarily illustrated by the tool of Weinberger et al. (2010) (see

Figure 9), which was designed to scaffold the creation of individual messages through a

form-like interface in an online discussion. This tool was used in several studies, for exam-

ple, in Stegmann et al. (2012); Fischer et al. (2013); Weinberger et al. (2010). Students

are provided with text fields to enter a claim, grounds, and qualifications. The argu-

mentation structure is based on the Toulmin model of argumentation (Toulmin, 1984).

Several empirical studies indicated that this pre-structuring of argumentation improves

the formal quality of argumentation (e.g., Stegmann et al. (2012); Fischer et al. (2013)).

Another very widespread approach is the use of sentence openers to script argumentative

discussions (see exemplary system AcademicTalk by McAlister et al. (2004) in Figure 10).

These sentence openers usually consist of predefined phrases with keyword structures

where students can choose to start the answer to a certain argument or engage in a

discussion. A number of these argumentation learning systems exist, and they were mostly

embedded in chat and threaded discussions to enhance the argumentation discussion

quality, for instance, Group Leader Tutor by Mcmanus and Aiken (1996), the system

AcademicTalk by McAlister et al. (2004), or InterLoc by Ravenscroft (2007).

Nevertheless, discussion scripting approaches come with several limitations on their adap-

tion and learner-centered availability in the field. As Scheuer (2015) notes, discussion

scripting approaches often lack adaptivity in scripted learning. Pre-defined sentence open-

ers or form-like interfaces miss individual support for students in their personal learning
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Figure 9: Learning tool by Weinberger et al. (2010) to support the creation of argumen-
tative messages through a form-like interface in a forum discussion.
Source: Weinberger et al. (2010); Scheuer (2015)

Figure 10: AcademicTalk system by McAlister et al. (2004): Students are provided with
sentence openers to facilitate a discussion.
Source: McAlister et al. (2004); Scheuer (2015)
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experience. Moreover, these systems are usually designed for collaborative learning envi-

ronments. However, especially for individual learning, adaptivity plays a significant role

(e.g., for intelligent tutoring systems). Moreover, these systems are not necessarily appli-

cable for longer argumentative writing tasks, which often exist in practical pedagogical

environments. Finally, as Dillenbourg (2002b) states in his scripting concepts, scripting

approaches might limit the creativity of argumentation in the long term and therefore

come with certain limitations to other learning outcomes.

2.3.4.3 Adaptive Support Approaches

Besides the representational guidance approaches and discussion scripting approaches,

Scheuer (2015) distinguished between a third class of argumentation learning systems:

adaptive support approaches. The idea of adaptive support approaches is mainly based on

the concept of intelligent tutoring systems. These approaches aim to use computational

approaches to model the argumentation learning process of students and then provide

adaptive support, e.g., in the form of text messages that highlight mistakes in a graph.

Mostly based on pre-defined rules, these systems are designed to provide pedagogical

feedback on a learner’s action, gives solutions, hints, and recommendations to encourage

and guide future activities in the writing processes, or automated evaluation to indicate

whether an argument is syntactically and semantically correct (e.g., Scheuer et al. (2010);

Scheuer (2015); Pinkwart et al. (2009); Scheuer et al. (2012a)).

Past approaches are mainly based on syntactical analysis, e.g., using ruled-based ap-

proaches. For example, the system LARGO analyzes legal arguments using syntactical

analysis (Pinkwart et al., 2009). Based on an ontology, Scheuer et al. (2012a) introduced

the system LASAD as an adaptive support system based on graphical representation (see

Figure 11 and Figure 12). The LASAD system was a milestone in argumentation skill

learning tools, since it combined various different design features, such as sentence open-

ers, different representational guidances, and adaptive feedback messages. The system’s

adaptivity is based on XML-defined concepts and patterns. Nevertheless, as Scheuer

(2015) states, ”rigorous empirical investigations of adaptive support for collaborative or

argumentative learning are ... rare” (Scheuer (2015), p.120). Also, for the LASAD system,

no extensive learner-centered evaluation exists that indicates that the different approaches

and the design influence students’ argumentation skills in the field.

Moreover, other adaptive argumentation feedback systems exist (e.g., Huang et al. (2016);

Suthers and Hundhausen (2001)), but they are usually not based on novel advances in AI

and lack a user-centric design along with user studies. Most current systems are based
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Figure 11: LASAD user interface adapted from Scheuer et al. (2012a): The system com-
bines graph-based representations with sentence openers based on a domain-independent
ontology.
Source: Scheuer et al. (2012a)

on expert-defined ontologies, patterns, dictionaries, or syntactical rules and are there-

fore limited in providing a state-of-the-art personalized learning experience in everyday

educational tasks, e.g., when writing a convincing text.

In fact, in other disciplines, such as in NLP, other forms of argumentation system exist.

Since 2016, research in NLP has utilized argumentation mining algorithms and has em-

bedded these approaches in simple text input tools. Lippi and Torroni (2016b) developed

the first online argumentation mining tool that was made available for a broad audience.

Their tool, MARGOT (see Figure 13), is available as a web application and processes a

text that is put in the corresponding editor field. Based on the Toulmin Model Toulmin

(2003), Lippi and Torroni (2016b) trained an ML model that classifies claim and premises

in a given text. After processing and analyzing the text, the results are displayed on the

user interface. Claims are displayed in bold font, whereas premises are displayed in italic

style (Lippi and Torroni, 2016b).

Also, Lauscher et al. (2019) have provided a simple text-input interface called Argumin-

Sci that aims to support the holistic analysis of scientific argumentation, including the

identification of argumentative components (see Figure 14). Moreover, Chernodub et al.

(2019) designed a system to make argumentation identification in text available for indi-

viduals. In their system, called TARGER, a user can analyze the argumentative structure

of an input text. The results are then presented below the input. Claims are highlighted

in red and premises are marked in green (see Figure 15). These approaches originated

in the NLP and computer linguistics community and were mostly built with the aim to
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Figure 12: LASAD user interface adapted from Scheuer et al. (2012a): The system pro-
vides users with feedback messages based on detected patterns.
Source: Scheuer et al. (2012a)

Figure 13: Screenshot of the argumentation mining tool Margot.
Source: Lippi and Torroni (2016b)
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Figure 14: Interface of ArguminSci for argument claim detection in scientific writing.
Source: Lauscher et al. (2019)

Figure 15: Argument Targer based on different argumentation mining models for claim
and premise highlighted.
Source: Chernodub et al. (2019)
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make novel argumentation mining algorithms available for non-programmers. Neverthe-

less, they were not designed for a certain pedagogical scenario, nor with a user-centered

perspective. Furthermore, these systems are not taking technology-mediated learning,

human—computer interaction, or IS perspectives into account and are thus not necessar-

ily easy to use and easy to access for students in their learning journey. In fact, a leaner

would always have to open the website, select a certain model, and then copy his or her

text into the input field.

2.3.4.4 AI-based Argumentation Writing Support Systems

With this dissertation, I propose and contribute to two novel classes of argumentation

learning systems. These systems are centered around a technology-mediated learning per-

spective (Gupta and Bostrom, 2009) and aim to tackle the challenges from prior systems

by using a more holistic design across research disciplines (human—computer interaction,

IS, and NLP).

Both novel argumentation learning system classes not only aim to address the educational

task (writing coherent arguments) but are also intended to build a holistic argumentation

learning system embedded in a pedagogical scenario (structure) focusing on the learner

through a user-centered and theory-motivated design. Moreover, the novel classes of

argumentation learning systems are both built using recent advances in AI, which enable

an adaptive and individual learning experience irrespective of the instructor, time, and

place. Overall, three core properties of the class of AI-based argumentation learning

systems are evident, at least one of which is distinct from existing classes (i.e., Table 4):

• Accessibility: Built on cloud technology and responsive design, these systems

offer wide-ranging accessibility for different user groups as web-based interfaces with

transparent explanations.

• Intelligence: Leveraging recent advances in NLP and ML, the heart of the novel

class is based on AI. This carries the advantages of self-learning systems, which

improve and scale to wider use cases based on growing user (data) bases. However,

this might eventually produce unintended effects, including a lack of explainability

or ethical considerations, which should be addressed with the next property.

• Socio-technical and user-centered design: Based on a socio-technical system

perspective and an IS view, the novel system class incorporates not only user re-

quirements but also a holistic systems perspective, for example, by considering the
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learning task, the technological embedding (e.g., properties of the technology), and

the pedagogical scenario (e.g., ethical considerations).

AI-based argumentation writing support systems focus on providing the user with an

adaptive argumentation writing interface on which the user receives a self-monitoring

and self-evaluation dashboard based on his or her text. More about the specific design

principles, the architecture, and the implementation for AI-based argumentation writing

support systems can be found in section 5 for persuasive peer reviews or in section 7 for

argumentative business pitches. At the time of writing this thesis, no AI-based writing

support system for argumentation skills exists that fulfilled all of these three characteris-

tics.

2.3.4.5 Conversational Argumentation Learning Systems

Besides the new system class of AI-based argumentation writing support systems, with

this work, I introduce the novel class of pedagogical conversational agents for argumenta-

tion skill learning. The class of pedagogical conversational agents adds a completely new

perspective and paradigm to past argumentation skill learning research: dialogue-based

argumentation learning. As explained in subsection 2.3, conversational learning settings

have added a new component to various other skill learning domains (e.g., Cai et al. (2019);

Ruan et al. (2019); Winkler et al. (2021)). Conversations and debates represent one of the

most natural ways to interact in reasoning and argumentation (Kuhn, 1993; Jonassen and

Kim, 2010). Technology-mediated learning might provide a completely new perspective

on supporting and facilitating pedagogical scenarios in large-scale learning environments

through a dialogue-based learning tool. An adaptive conversational tutoring system pro-

vides students with adaptive and instant feedback, theoretical input, and step-by-step

guidance during their writing process. Similar to the class of AI-based argumentation

writing support systems, the novel class of pedagogical conversational agents come with

the characteristics of accessibility, intelligence, and socio-technical and user-centered de-

sign. However, it also adds a conversational learning paradigm to the pedagogical scenario.

Moreover, pedagogical conversational agents often embed anthropomorphizing design fea-

tures (e.g., an avatar, a name, or human-like communication characteristics, i.e., Winkler

and Söllner (2018); Noetel et al. (2021)). These characteristics have recently been shown

to add additional benefits to the interaction with conversational agents in general (Zierau

et al., 2020; Feine et al., 2019). At the time of writing this thesis, no pedagogical conver-

sational agent for argumentation skill learning was found in the academic literature that

fulfilled all these properties.
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In this dissertation, I design, implement, and evaluate different pedagogical conversational

agents for argumentation skill learning. Especially section 6 provides deep insights into my

findings on how the system class of pedagogical conversational agents for argumentation

skill learning helps students to learn independently of an instructor, time, and location.
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Approach Description Theoretical

Lens

Example References Limitations

Representa-

tional guid-

ance ap-

proaches

Try to support argumentation

learning by providing representa-

tions of argumentation structures

with the objective of stimulating

and improving individual reason-

ing, collaboration, and learning.

One common approach is to rep-

resent argumentation discourse in

the form of linked graphs.

Representa-

tional guidance

theory

(e.g., Suthers

(2003))

Nussbaum et al. (2007);

Pinkwart et al. (2006);

Suthers and Hundhausen

(2001); Bell (1997)

Focus on the representation of ar-

gumentation, not on the learn-

ing itself; larger argumentation

graphs tend to confuse users and

are not useful for longer writing

tasks; representations are usually

built on domain-dependent on-

tologies and are thus limited for

a wide-scale adoption (Scheuer

et al., 2010).

Discussion

scripting ap-

proaches

Aim to provide structured ele-

ments for argumentation learning

processes to foster interactions

based on script theory of guid-

ance. One common approach is

to let learners choose from prede-

fined sentence openers when com-

posing new text content.

Script theory of

guidance

(e.g., Dillen-

bourg (2002b);

Fischer et al.

(2013); Kollar

et al. (2006))

Fischer et al. (2013); Jer-

mann et al. (1999); Mc-

manus and Aiken (1996);

Dillenbourg (2002a)

Missing adaptivity in scripted

learning (i.e., Scheuer (2015));

not necessarily applicable for

longer argumentative writing

tasks; might limit the cre-

ativity of argumentation (i.e.,

through over-scripting Dillen-

bourg (2002b)).
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Approach Description Theoretical

Lens

Example References Limitations

Adaptive

support ap-

proaches

Aim to provide pedagogical feed-

back on a learner’s action and so-

lutions, hints, and recommenda-

tions to encourage and guide fu-

ture activities in the writing pro-

cesses, or automated evaluation

to indicate whether an argument

is syntactically and semantically

correct.

Mostly missing

(i.e., Scheuer

(2015))

Non-AI-based adaptive

systems exist, e.g., Huang

et al. (2016); Pinkwart

et al. (2009); Scheuer

et al. (2012b,a); AI-Based

learning systems motivated

but not implemented (i.e.,

Lawrence and Reed (2019);

Stab and Gurevych (2017));

argumentation mining

Systems exist but without

any educational or user-

centered embedding, e.g.,

Chernodub et al. (2019);

Lippi and Torroni (2016b);

Lauscher et al. (2019).

Current system based on dictio-

nary approaches or syntactical

rules; limited in providing adap-

tive and individual learning feed-

back; empirical evaluation miss-

ing (i.e., Scheuer (2015)); no

system based on novel ML and

NLP approaches exist; no user-

centered adaptive front end.
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Approach Description Theoretical

Lens

Example References Limitations

AI-based Ar-

gumentation

Writing Sup-

port Systems

Socio-technical system and user-

centered design; built on self-

learning algorithm based on NLP,

ML, and argumentation mining;

accessible via the web with trans-

parent insights through explana-

tions and learning recommenda-

tions.

Combinations of

several proven

learning ele-

ments/theories,

e.g., self-

regulated learn-

ing, learning

control mecha-

nism, or nudging

in a holistic sys-

tems design.

This dissertation, e.g., sec-

tion 5 or section 7

Domain-dependent (depending

on the used corpus); large imple-

mentation effort necessary before

the first application; focus on

socio-technical design aspects

important.

Conversational

Argumenta-

tion Learning

System

Same as AI-based argumenta-

tion writing support system;

natural dialogue-based learning

experience with transparent

insights through explanations,

learning recommendations, rep-

resentational guidance, and

automatically generated feedback

based on a student’s argumenta-

tion skill level.

Same as AI-

based argumen-

tation writing

support system

This dissertation, e.g., sec-

tion 6

Same as AI-based argumentation

writing support system

Table 4: Overview of different IT-based argumentation learning approaches.
Source: Own illustration
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2.4 Learning Process: Learning to Argue vs Arguing to Learn

To investigate how new types of technology-mediated learning impact argumentation skill

learning, the technology-mediated learning framework of Gupta and Bostrom (2009) sug-

gests to look precisely at how students use the IT artifact as part of their learning process.

Students’ learning processes are regarded as a structuring process in which individuals

learn and adapt the structures of the learning method based on their learning objectives

(Gupta and Bostrom, 2009). The concept of scaffolding can be applied to describe the

process of technology appropriation and focuses on how-to guide or facilitate students in

constructing new knowledge (Azevedo and Hadwin, 2005; Oh and Jonassen, 2007; Janson

et al., 2019).

In the previous section, I indicated already that the learning process of argumentation

can play a threefold role in certain pedagogical scenarios. First, a pedagogical scenario

can aim to particularly train argumentation skills by asking learners to participate in ar-

gumentative writing activities with the pedagogical focus to promote argumentation skill

learning. This is commonly referred to as learning to argue (Jonassen and Kim, 2010).

Scholars have shown that participation in argumentation activities, such as group discus-

sion on what defines bad or good argumentation, has positive effects on argumentation

skills (i.e., Jonassen and Kim (2010); Kuhn (1993, 2005); Jonassen and Land (2012)).

Secondly, practicing active debates and argumentation can be used as a didactical method

to achieve other learning outcomes, e.g., to manifest certain factual knowledge. To apply

argumentation as a didactical method in a learning process is defined as arguing to learn

(Jonassen and Kim, 2010; Asterhan and Schwarz, 2016). For example, Asterhan and

Schwarz (2009) showed that engaging students in argumentative discussions led to higher

learning outcomes in biology. The effective use of argumentation as a means to improve

student knowledge and understanding has been widely investigated (i.e., Asterhan and

Schwarz (2016); Jonassen and Kim (2010); Scheuer (2015)).

Third, actively engaging in argumentation has been shown to positively impact other

metacognition skills such as communication and problem-solving in general (Duschl and

Osborne, 2002; Kuhn, 2005; Van Eemeren and Grootendorst, 2016). Logical, structured

arguments are a required precondition for persuasive conversations, general decision-

making, and drawing acknowledged conclusions. As Kuhn (1992) states, the skill to

argue is of great significance, not only for professional purposes like communication, col-

laboration, and for solving difficult problems but also for most of our daily life. Hence,

researchers have used argumentation learning approaches, e.g., for promoting productive

civil discourse (Diana, 2018).
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In this dissertation, I mainly focus on the learning process of argumentation skill learning

(learning to argue) and how new classes of technology-mediated argumentation learning

artifacts influence the argumentation learning process of students. Specifically, I explore

how AI-based argumentation writing support systems help students to improve their

metacognitive argumentation skills in a peer review setting in a large-scale lecture (see

section 5). Moreover, I investigate how students can be nudged with AI-based argumen-

tation writing support systems to write more convincing entrepreneurial elevator pitches

with argumentation self-evaluation (see section 7). Lastly, I also research the design and

the effects of conversational argumentation learning systems and how they help students

to improve their argumentative writing in a peer-learning exercise (see section 6). As

stated, in this dissertation I focus on metacognition skill learning. However, the effects

of argumentation skill feedback on other pedagogical outcomes is a strong candidate for

future research.

2.5 Technical Background

In this dissertation, I aim to investigate how to design novel argumentation learning

systems based on recent advantages of AI to support argumentation skill learning inde-

pendent of an instructor, time and, location, and to answer how these design findings

influence students’ argumentation skills and learner-experience. Hence, in the course of

my research I do not only collect and annotate new corpora for argumentation skill learn-

ing based on student-written text, but also design, train, and tune several algorithms

based on recent advantages in NLP and ML. Since my work contributes to an interdisci-

plinary field with publications in IS, human—computer interaction, and NLP, I want to

provide a brief technical background on the methods of NLP, ML, corpus collection, and

the respective evaluation metrics applied in this work.

2.5.1 Natural Language Processing

With the rise of textual data especially through the Internet and the available computing

power, the potential of NLP for automated knowledge extraction out of unstructured or

semi-structured data gained growing importance. The goal of NLP is to mathematically

analyze human language, understand and interpret the context to derive information

and knowledge, and enable human-machine-interaction (Johnson et al., 2015). In this

work, NLP algorithms are used to assess and analyze the skill level of students, e.g., the

argumentation skill level through argumentation mining.

Following Hashimi et al. (2015), the application of NLP for ML can be divided into
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three major steps: preprocessing, feature generation, and feature selection. As Yang and

Pedersen (1997) stated, feature selection actually compromises the step of dimensionality

reduction of features and thus, can be called feature reduction.

Figure 16: Overview of NLP techniques as standard text processing for ML-based systems.
Source: Own illustration

All in all, the objective is to prepare data for the modeling in order to apply ML algo-

rithms. In the following, the standard preprocessing steps for ML will be briefly described

according to the three steps: preprocessing, feature generation, and feature reduction (see

Figure 16). More information on these general steps can be found in Bird et al. (2009).

The NLP flow starts with different preprocessing techniques, which take a plain text object

and transform it into an array of tokens. Specifically, in NLP, but also in general Data

Science, preprocessing steps are of special significance for the overall outcome of a ML

system (Uysal and Gunal, 2014). The standard preprocessing algorithms are mainly used

to filter noise such as the elimination of common words or unnecessary text structures

(Hammouda and Kamel, 2004).

Using the right features and eliminating noise is extremely important for the performance

of most learning algorithms, also related to the widely known curse of dimensionality.

More about the curse of dimensionality can be found in (Pestov, 2013). Andrews and Fox

(2007) distinguished between four preprocessing steps: tokenization, filtering, stemming,

and stopword removal. The steps are briefly explained in the Table 6.

According to Johnson et al. (2015), NLP algorithms rely on processing data along four ma-

jor dimensions of language: morphology, lexicography, syntax, and semantics. Basically,

the dimensions describe the deepness of NLP understanding from the occurrence of single
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Name Explanation
Tokenization Process of splitting a text into individual tokens (Moschitti

and Basili, 2004).
Filtering Filtering means to remove noise or elements which are con-

sidered as not relevant for the text. Those elements could be
punctuation, digits, or any other form of special characters
(Hammouda and Kamel, 2004).

Stemming Reducing words to their base form (stem) by cutting of the
suffixes, e.g. the word stem of ”answered”, ”answers” and
”answering” is answer (Porter, 1980).

Stopword removal Process of removing all terms which are thought not to con-
vey any additional information but often occur in a text, e.g.
remove ”the”, ”in” and ”to”.

Table 5: NLP preprocessing steps for machine learning-based IS.
Source: Andrews and Fox (2007)

characters, the structure of words, the formation of sentences, and finally the meaning of

expressions. These dimensions are illustrated in Figure 17 with simple examples.

Morphology deals with the formation of words. It studies how words are put together, e.g.

which syllables, pre-or suffixes are used in a word. In general, words with more syllables

can be considered as more sophisticated. According to Gunning, their usage displays a

more elaborated expression of language (Gunning, 1969).

The lexical level focuses on the structure of words and word classes. Whereas, syntax deals

with the formation and grammar of sentences. It examines how words form a sentence

and, which role they take in the sentence, e.g. determining the subject, object, or verb in

a sentence (Andrews and Fox, 2007).

Figure 17: Overview of the levels of linguistics illustrated with examples.
Source: Own illustration

Finally, the semantic level goes beyond the structure of words and sentences. It deals with
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the meaning of words or sentences, e.g. determining the sentiment of words. This can be

considered the first step of natural language understanding. However, this level is thought

to be the most challenging in linguistic analysis (Shahaf and Amir, 2007). An example

of semantic analysis is the determination of the sentiment of posts and classifying them

in positive or negative (Pang and Lee, 2008). More insights into NLP feature engineering

for ML-based systems and a classification of NLP-text features will be investigated in

subsection 4.1.

2.5.2 Machine Learning

ML is described as ”the area of computer science focusing on the development and im-

plementation of systems that improve as they encounter more data” (Pustejovsky and

Stubbs, 2013). Michie et al. (1994) define ML as an ”automatic computing procedure

based on logical or binary operations, that learns a task from a series of examples”.

The objective of ML is to generate classifying expressions simple enough to be easily

understood by humans. Algorithms must learn and adopt human reasoning to provide

insights into the decision process. Like statistical approaches, comprehensive background

knowledge may be exploited in development, however, in contrary to statistical methods,

ML usually does not require manual adjustment and structuring of the given problem

(Michie et al., 1994).

When working with NLP, ML can be mostly divided into three major categories:

• Supervised learning: Usually referred to as classification, describes a function

mapping the input data to a fixed set of priorly human-defined labels.

• Unsupervised learning: Also called clustering, comprises a method that tries to

identify unknown structures from an input set of unlabeled data.

• Semi-supervised learning: Combination of clustering and supervised learning,

where input data is mapped to labeled and unlabeled data (Pustejovsky and Stubbs,

2013).

Moreover, Mohri et al. (2013) state that ML algorithms can be categorized according

to the character of their learning into four additional categories: transductive learning,

online learning, reinforcement learning and active learning. However, since this work

mostly applies supervised ML algorithms, I will only provide a brief introduction the the

categories of supervised learning algorithms.
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2.5.3 Supervised Classification Approach

Supervised learning can be distinguished into labeling data with discrete or continuous

values. Searching continuous target values is called a regression problem, e.g. determining

the income class of potential customers. If discrete values are used, it is referred to a

classification problem, e.g. identifying if a text passage consists of a positive or negative

message (Pang and Lee, 2008). However, all regression problems can be transformed to

classification problems by defining classes for the numerical values, e.g. income classes

from ”0 - 1000€, 1000 - 3000€ and 3000€ +” Bird et al. (2009).

Figure 18: Structure of available data for supervised classification.
Source: Bird et al. (2009)

Hence, choosing between classification and regression depends on the output type of the

learning model. If the objective is to generate class categories and label the input data

clearly into class A or class B, a classification algorithm is applied. However, if the

output is rather continuous between two categories, also a regression with a scoring could

be applied, e.g. the input is 80 percent class A and 20 percent class B. All in all, the

right selection between regression and classification also depends on the applied domain

and the overall model process, e.g. if human monitoring is involved in the process or not.

In general, the framework of a supervised classification is divided into a training and a

prediction phase displayed in Figure 19.
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Figure 19: Overview of supervised classification framework with training and prediction.
Source: Bird et al. (2009)

During training, the feature extractor preprocesses the manual labeled input data. The

corpus is transformed to numerical values comprising the steps of preprocessing, fea-

ture generation, and feature reduction. In fact, the actual feature generation process

is probably the one of most significant for the performance of the classifier. The right

choice, design, and implementation of feature representations algorithms along with word-

, sentence-, document-, and hyper-document-level features are of special interest for the

optimization of a classifier model (Uysal and Gunal, 2014).

The processed feature sets capture the most relevant information about the input data.

Afterward, pairs of feature sets and labels are fed into the ML algorithm to generate a

model. The model is then trained and evaluated with all available labeled data. When

training is finished, the actual prediction phase starts. Here, the same feature extractor

is used to convert unseen inputs to feature sets. The already trained model then uses the

feature sets to predict new unseen data.

Nevertheless, there are general limits on how many features one should use during the

training phase. If too many features are used, the training model will fit too well to

the training data and, if new data is added in the prediction phase, the model does not

perform well on the unseen data. This is called overfitting. On the other side, if too

few features are provided in training, the classifier does not have enough examples to

distinguish the labels.

Therefore, Bird et al. (2009) suggests applying an error analysis phase with a development
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Categories Example of Learning Algorithms
Decision Tree Learning Decision Tree Classifier, Random Forest Classifier
Bayesian Learning Naive Bayes, Bernoulli Naive Bayes, Gaussian Naive

Bayes
Instance-based Learning K-Nearest-Neighbor

Deep Learning Single Perceptron, Multilayer Perceptron
Linear Classifiers (Linear) Support Vector Machine, Logistic Regression

Ensemble Bagging, Boosting

Table 6: Non-exhaustive overview on classifier learning categories.
Source: Michie et al. (1994); Opitz and Maclin (1999)

set. The available corpus is split into a development and a test, also called evaluation set.

The development set is then split again into a training and dev-test set. The training

and dev-test set are used for training, parameter optimization of the classifier, and error

analysis. Finally, the unseen test data is then used to simulate a prediction of new data

to avoid the risk of overfitting.

Michie et al. (1994) named four basic supervised ML types, which form the standard cate-

gories for classification algorithms: Decision Tree Learning, Bayesian Learning, Instance-

based Learning and Artificial Neural Networks (Michie et al., 1994). Since 1994 other

algorithms emerged such as Support Vector Machines (linear classifiers) (Cortes and Vap-

nik, 1995) and multi-combined algorithms, which are basically estimators that combine

several classifiers to an ensemble (Opitz and Maclin, 1999). An non-exhaustive overview

of the categories can be found in Table 6.

It must be mentioned, that comparing these algorithms strongly depends on the domain,

the used data and therefore, a generalization is not easy and full of pitfalls (Salzberg,

1997). More on ML and NLP can be found in (Michie et al., 1994; Bird et al., 2009).

2.5.4 Corpus Design

The performance of classification algorithms can only be as valid as the data they rep-

resent. Hence, it is significant to devote special attention not only to the preprocessing

techniques of NLP algorithms but also to the raw data they are fed with. Especially,

when a new corpus is collected it becomes necessary to devote attention to the princi-

ples of corpus design. Therefore, this section will briefly summarize the core concepts for

designing a corpus.

Definition Corpus: A corpus is a collection of machine-readable texts that are repre-

sentatives of natural human language (Pustejovsky and Stubbs, 2013).
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According to Pustejovsky and Stubbs (2013), there are two major characteristics, which

must be considered when constructing a corpus: representativeness and balance with

respect to the genre and language that the corpus seeks to represent.

Definition Representativeness: A corpus can be considered as representative of a

domain if it represents the full range of variability of that domain (Biber, 1993).

Definition Balance: The proportions of different kinds of text, a balanced corpus con-

tains, should correspond with informed and intuitive judgments (Sinclair, 2005), e.g. a

corpus aiming to represent the ”German language” would have to encompass all types of

written and spoken texts, from newspaper articles to web forums to books, or television

subscripts.

Hence, researcher usually developed precise guidelines for the creation and especially the

annotation linguistic corpora (e.g., Sinclair (2005); Stab and Gurevych (2014a, 2017);

Carlile et al. (2018)). In this vein, the objectiveness, also called gold standard, of the cor-

pus is defined and usually also tested based on an annotation study (Stab and Gurevych,

2017).

Certainly, the concepts of representativeness and balance are not easy to define and

whether a corpus can ever be truly fulfilling these criteria is not agreed on (Pustejovsky

and Stubbs, 2013). The size of a corpus is also important. In general, a corpus can never

be large enough in order to fulfill the two design principles. NLP and ML algorithms

are based on statistical methods. In statistics, the law of large numbers applies, which

guarantees stable long-term results for the average of some random events. The more

data a corpus consists of, the more it achieves the goal of representativeness and balance

(Pustejovsky and Stubbs, 2013).

However, in practice, the corpus size is limited by time, money, resources, and attention

span (Pustejovsky and Stubbs, 2013). In fact, the most important characteristic a corpus

should hold is described as: ”all expected and relevant phenomena that are expected

should be represented” (Pustejovsky and Stubbs, 2013). If a single test set consists of

several closely related features, such as features drawn from a single document, the size

of the test set should be increased to ensure that this lack of diversity does not skew the

evaluation results (Pustejovsky and Stubbs, 2013).

After the corpus is collected, the documents are processed with NLP and fed as feature

vectors to ML classifiers.
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2.5.5 Evaluation Metrics

In this section, an overview of the ML algorithm elevation metrics used in this work will

be provided. The different terms will be shortly defined. The basic representation for the

evaluation is the so-called confusion matrix:

Definition Confusion matrix: A confusion matrix displays each cell [i,j] indicating how

often label j was predicted when the correct label was i. Hence, the diagonal values indicate

labels that were correctly predicted, and the off-diagonal values indicate false predictions

(Bird et al., 2009).

The performance of ML algorithms is measured and compared with three different metrics:

accuracy, precision, and recall firstly used by Kent et al. (1955). Moreover, the so-called

Fß-score is calculated to provide a weighted average for precision and recall.

Definition Accuracy: Accuracy describes the systematic error of a classification. It is

defined by:

accuracy =
truePositives+ trueNegatives

(truePositives+ trueNegatives + falsePositives+ falseNegatives)

(van Rijsbergen, 1979)

Definition Precision: Precision is the proportion of retrieved documents which are rel-

evant. It is defined by:

precision =
truePositives

(truePositives+ falsePositives)

(van Rijsbergen, 1979)

Definition Recall: Recall is the proportion of relevant documents retrieved. It is defined

by:

recall =
truePositives

(truePositives+ falseNegatives)

(van Rijsbergen, 1979)

Definition Fß-score: Fß-score provides a weighted mean for precision and recall. The

ß of the Fß-score can be adjusted in order to increase or lower the influence of either

precision or recall. For ß=1 an equally balanced mean between precision and recall is

calculated. By setting the value ß=0.5, the emphasis of precision is increased and vice
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versa, by setting ß=2 the emphasis of recall is increased. It is defined by:

Fβ = (1 + β2) ∗ precision ∗ recall
(β2 ∗ precision) + recall

(Baeza-Yates and Ribeiro-Neto, 1999)

2.5.6 Argumentation Mining

This dissertation builds on recent advances in NLP and ML, particularly argumentation

mining. Argumentation mining is a new research field in computational linguistics that

focuses on the extraction and analysis of arguments from textual corpora as well as on

following and analyzing the lines of argumentation (i.e., the interplay between arguments).

Since 2007, scientists have published studies on argumentation mining in legal texts, online

reviews, or debates (Mochales and Moens, 2011; Palau and Moens, 2009). Argumentation

mining analyzes the arguments of a given text based on a defined argumentation structure

(often based on the Toulmin model explained earlier (Toulmin, 1984)). Argumentation

structures can be identified on four different levels (i.e., Lawrence and Reed (2019)):

1. Argument identification: identifying the argumentative parts in raw text and

setting up its boundaries versus a non-argumentative text (e.g., Florou et al. (2013)).

2. Argument component classification: the primary purpose of this subtask is to

classify the components of the argument structure. Classifying an argumentative

text into claims or premises is one popular way of tackling the target of this subtask

(Mochales and Moens, 2008; Stab and Gurevych, 2014a; Lawrence and Reed, 2019).

3. Argumentative discourse analysis: this task’s purpose is to identify the dis-

course relations between the various components existing in the argument. A typ-

ical example of this subtask is the identification of whether a support or an attack

relationship exists between the claim and the premise (Palau and Moens, 2009).

4. Argumentation quality assessment: accessing the quality of a certain argument

component (e.g., is a claim sufficiently supported by the premises or how relevant

are the premises for the particular claim) (Carlile et al., 2018). These qualitative

attributes are usually annotated by a human on a Likert scale. In the past, they

included relevance, strength, or clarity of claims and premises (e.g., Carlile et al.

(2018); Lawrence and Reed (2019)).

Also, argumentation mining researchers have become increasingly interested in intelligent
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writing assistance (Song et al., 2014; Stab and Gurevych, 2017), since it enables adap-

tive argumentative writing support with tailored feedback concerning arguments in texts.

However, the complexity of this technology’s use in pedagogical scenarios for educational

purposes has hitherto been poorly assessed (Lawrence et al., 2004).

Despite the availability of literature on argumentation systems, broader insights into sys-

tem design and development, particularly for the new class of AI-based argumentation

learning systems, is scarce (Afrin et al., 2021; Scheuer, 2015; Wang et al., 2020). Although

existing studies have extended the understanding of technology-mediated argumentation

learning, they were usually conducted to answer specific research questions rather than to

obtain information that could be used for widespread application (e.g., Afrin et al. (2021);

Chernodub et al. (2019); Wang et al. (2020); Lippi and Torroni (2015b); Lawrence and

Reed (2019)). As Stab and Gurevych (2017, p. 649) state, “It is still unknown, however,

if feedback provides an adequate guidance for improving students’ argumentation skills.

To answer this question, it is required to integrate the proposed model in writing environ-

ments and investigate the effect of different feedback types on the argumentation skills

of students in future research”. Scheuer (2015, p. 126) also notes, “Rigorous empirical

research with respect to adaptation strategies is almost absent; a broad and solid theo-

retical underpinning or theory of adaptation for collaborative and argumentative learning

is still lacking”.

Although research has explored the development and use of argumentation learning sys-

tems, it has often neglected to present the general design principles and implementation,

particularly for the novel class of AI-based argumentation learning systems, for further

developments in the field. In this dissertation, I aim to fill this gap using three re-

search activities: (1) formulation of design principles, (2) design and development, and

(3) demonstration and evaluation of the design findings in different contexts and domains.

In order to do so, I use a set of qualitative and quantitative research methods, which I

will explain in the next section.
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3 Methodological Background

”The true method of knowledge is experiment.”

- William Blake

As the quote of English poet William Blake indicates, the process of truth-finding and

knowledge generation can be based on different underlying schools of thought and method-

ologies. Hence, in this section, I not only aim to outline the necessary methodological

background used in this dissertation, but I also discuss the underlying research epistemol-

ogy that influenced my research. In particular, I provide the background on conducting a

systematic literature review and building a taxonomy (these methods are mainly applied

in section 4). Moreover, I will provide an overview of the used qualitative and quantita-

tive methods, such as for user studies, laboratory and field experiments (these methods

have been mostly used in section 5, section 6, and section 7. Next, I will introduce the

concept of design science research (DSR), which served as an underlying methodological

support for the overall organization of my research. Finally, I will briefly introduce the

CRISP-DM methodology, which guides the parts of my dissertation to data science.

3.1 Underlying Research Epistemology

Research epistemology deals with the question of how to establish scientific theories and

distinguish them from wrongly stated propositions. Hence, this short section aims to

provide an understanding of how knowledge and theories are formed and validated in

this work. Therefore, I will explain how the different perspectives of epistemology have

influenced the applied research methodology of my work.

According to Recker (2013), research in IS is usually influenced by two distinction sci-

ences: natural and social sciences. While natural sciences deal with natural phenomena,

social sciences deal with societies and the relationships among individuals in these soci-

eties. Recker (2013) states that natural sciences are often considered the ”more exact”

sciences. Whereas in natural science, for example, a theory would be about the relativ-

ity of time and space, a theoretical explanation in social science would be more about

how individuals use and adopt technology in a specific context. Also, Döring and Bortz

(2015) distinguish between what they call the non-empirical and the empirical sciences.

Accordingly, non-empirical sciences consist of formal sciences (e.g., mathematics, phi-

losophy, etc.) and humanities (e.g., technology, legal sciences, history, linguistics, etc.).

The empirical sciences consist of social sciences (philosophy, medicine, sociology, etc.),
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natural sciences (physics, chemistry, biology, etc.), and engineering sciences (mechanical

engineering, electric engineering, computer science, etc.).

Research in IS, in technology-mediated learning, and in human—computer interaction

can be considered multidisciplinary, i.e., combining methodologies and paradigms from

social sciences and from engineering sciences (Recker (2013); Döring and Bortz (2015)).

For example, when designing a novel pedagogical scenario for argumentation skill learning

based on an AI learning tool, qualitative design methods for the tool’s architecture can

be used alongside methods from engineering and formal sciences to develop and train

ML algorithms. Last but not least, the novel pedagogical scenario can be empirically

evaluated based on psychological constructs. In this dissertation, I utilized methods from

both the engineering discipline (e.g., NLP and ML algorithms) and the social sciences

(e.g., laboratory experiments) to design novel argumentation learning scenarios based on

AI and to investigate their effects on students’ argumentation skill learning.

The epistemology in sciences deals with the question of how theories can be created on

the basis of data. This data is usually gained through studies with the overall goal to

contribute with ”truth” to the existing body of knowledge. To achieve a certain find-

ing from data, scientists usually differentiate between inductive and deductive reasoning

(Döring and Bortz, 2015). For inductive reasoning, the epistemological process would

start with specific data from which patterns and insights are defined to explain a certain

phenomenon that could form a theory. Hence, an inductive research process typically

aims to establish realizable theories based on specific observations from data. Inductive

reasoning is, for example, found in qualitative research approaches to build grounding

theories (Urquhart, 2017). Deductive reasoning usually starts from a theoretical angle,

e.g., to derive and motivate certain hypotheses based on theory, which are then tested

with empirical data (e.g., an experiment). This type of research process is usually found

in quantitative research approaches. Additionally, an abductive reasoning approach starts

with an observation and seeks to draw a simple and the most likely conclusion from the

observation. In contrast to inductive reasoning (looking at data patterns), abductive rea-

soning builds theories based on untraceable values in the data and hence yields a plausible

conclusion but does not positively verify it. These values can then build the foundation

for the formation of explanatory hypotheses and theoretical advances (Döring and Bortz,

2015).

Last but not least, theorizing through designing and doing is a more distinctive approach

to theoretical thinking in the IS and also in the human—computer interaction disciplines

(Mueller and Urbach, 2017). Through ”real-world” interventions, researchers seek to

change the relationships among variables that are the subject of the theory-building pro-

cess. When an intervention affects the theoretically desired outcome variables, theorizing
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through design and action helps to better understand the underlying phenomenon (Jones

and Gregor, 2007)

Following the short outline of epistemological perspectives, the research in this disser-

tation mainly uses interdisciplinary design science research methods to contribute to the

literature gaps and to the stated research questions in technology-mediated argumentation

learning (see section 1). By following a design science research approach, I apply both

quantitative and qualitative methodologies. For instance, qualitative methods are ap-

plied to gain a deeper understanding of argumentation learning processes and technology-

mediated learning interventions. These findings are then incorporated in the design and

implementation of IT artifacts. Afterward, quantitative evaluations are used to evaluate

the design artifacts in large-scale learning environments. Based on constructs from social

science, the interplay and the usage of students’ learning process is captured with surveys.

Hence, my dissertation is not categorized by one specific epistemological paradigm. In

fact, the very objective is to base the research on multiple perspectives and methodol-

ogy to build a coherent and integrated solution to the proposed research challenges for

technology-mediated argumentation learning. To provide better guidance to the reader,

I will shortly explain the applied research methodologies in the following paragraphs.

3.2 Literature Review

According to vom Brocke et al. (2015), literature reviews are a necessary foundation to

structure the knowledge at the beginning of every research endeavour. Especially for

interdisciplinary research challenges, a literature review can help to structure the existing

concepts, findings and can help to identify unsolved literature gaps (vom Brocke et al.,

2015). The field of educational technology and technology-mediated learning overlaps

with different research disciplines, such as education, psychology, computer science, and IS

(Gupta and Bostrom, 2009; Benbasat and Zmud, 2003). Interdisciplinary research comes

with the difficulty that relevant findings might be accessible only in certain editions and

databases, which makes it difficult to keep track (vom Brocke et al., 2015). Moreover,

different communities often have different terminologies and definitions.

The aim of literature reviews is to identify, analyze, and synthesize existing literature

systematically, transparently, and reproducibly (vom Brocke et al., 2015). Webster and

Watson (2002) states that a literature review is not only about summarizing existing

research findings but also about identifying literature gaps which serves as input for

developing a research agenda and theoretical propositions. Hence, a literature review aims

to provide an overview of the current body of knowledge by searching for relevant material
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in knowledge databases. The literature is found through key words and search terms

that represent the phenomenon of interest (Webster and Watson, 2002). Especially for

interdisciplinary research, the choice of keywords and relevant synonyms has a significant

impact on the search results. Therefore, its important to focus on concepts rather than

certain authors to ensure that new streams of literature are also incorporated (Webster

and Watson, 2002).

In this dissertation, I conduct multiple systematic literature reviews to access the broad

area of technology-mediated argumentation learning systems. First, I conduct a system-

atic literature review following (Webster and Watson, 2002; vom Brocke et al., 2015) to

analyze the foundation of NLP-based ML for adaptive IT artifacts. The findings are

summarized in a taxonomy according to Nickerson et al. (2013) in subsection 4.1. Next,

I analyze the current state of argumentation learning systems and argumentation mining

in section 5. My literature reviews usually follow a five-step process (Cooper, 1988; Ark-

sey and O’Malley, 2005). They consist of (1) identifying the initial research questions ;

(2) identifying relevant studies ; (3) selecting the studies ; (4) collecting the data; and (5)

compiling, summarizing, and reporting the results.

3.3 Taxonomy Development

Researchers employ classification in the form of taxonomies to structure the underlying

qualities and dimensions of a research topic in order to better understand and classify it.

Taxonomies aid in the classification of objects based on their similarities and differences,

allowing researchers to describe, comprehend, and study phenomena of interest (Nickerson

et al., 2013). As Kundisch et al. (2021) states, ”taxonomies have a long history in the

natural and social sciences and play a central role in the IS discipline, especially given

the speed of socio-technical progress that requires continuous efforts of understanding.”

(Kundisch et al. (2021), p. 1)

Fundamentally, object classification is a cognitive assistance that allows humans to man-

age the complexity created by multiple variables of interes (Hambrick, 1984; Nickerson

et al., 2013). Different approaches to developing categories exist, with taxonomies be-

ing the most well-known in IS (Bailey, 1994). A taxonomy is a theoretical study of

classifications that can include a multitude of subjects including principles, techniques,

and regulations (Bailey, 1994; Usman et al., 2017). Although taxonomies were originally

formed on the basis of empirical evidence, they are now also based on conceptual evidence

(Nickerson et al., 2013). As a result, taxonomies do more than just classify items; they

also facilitate information exchange, provide a better understanding of object interrela-

tionships, and hence aid decision-making (Bailey, 1994; Kundisch et al., 2021).
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Figure 20: Iterative taxonomy development process.
Source: Nickerson et al. (2013)

Most prominently in IS research, the methodological approach presented by Nickerson

et al. (2013) has been applied to structure different phenomena of interest, e.g., for con-

versational agents (Zierau et al., 2020). For constructing taxonomies based on theoretical

foundations (deduction) and empirical evidence (induction), the approach follows an iter-

ative and systematic procedure (see Figure 20 for illustration). By applying the method

of Nickerson et al. (2013), research develops different dimensions and qualities based on

both published studies obtained in a systematic literature review and empirical evidence

of specific meta-attributes.

The definition of a specific phenomenon of interest, also known as a meta-characteristic,

is usually the first step in the construction of a taxonomy. All dimensions and qualities

should be created with the goal of contributing to this meta-characteristic Nickerson et al.

(2013) suggest different subjective and objective criteria, also called ending conditions,

which a taxonomy has to fulfil after the iterative taxonomy development process. The

following ending conditions (EC) are applied to determine when to terminate the iterative

process:

• At least one object is classified under every characteristic of every dimension.
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• No new dimension or characteristic has been added in the last iteration.

• Dimensions and characteristics are unique and are not repeated.

• Every known object is classified in the taxonomy.

All ending conditions should be fulfilled by the final taxonomy. I apply the method-

ological approach of Nickerson et al. (2013) in subsection 4.1 to structure and classify

the manifold characteristics and dimensions of NLP features for ML-based information

systems. Based on the resulting taxonomy, researchers and practitioners are supported

when designing, evaluating, or comparing NLP-based IS, such as argumentation writing

support systems or conversational agents. For this reason, the taxonomy also provides

the technical foundation and overview of my research endeavour to design and build novel

AI-based argumentation learning systems in the subsequent sections.

3.4 Quantitative Methods

Quantitative research methods encompass a wide variety of different approaches. My

dissertation mostly focuses on experimental studies. Different research methods come

with different advantages and disadvantages. Hence, the correct method choice is usually

closely related to the posed research question. Mcgrath (1995) suggest three properties

to better evaluate and select the right research methodology:

• Precision: a high precision in research methodologies is defined as the concept

according to which baseline variables can be controlled and measured. Moreover,

precision refers to the extent to which variables might be manipulated and to which

degree confounding variables can be eliminated.

• Generalizability: the maxim of generalizability refers to the concept of how rep-

resentative the results of the investigated subset of participants is compared to the

general population of the real-world phenomena. The more the results are based on

generalizable data, the better the research phenomena represent the truth.

• Existential Realism: existential realism refers to the concept of how related the

participants’ observed behavior and their characteristics are to realistic conditions.

It is important to state that there is no method that is able to fulfill all three maxims

at the same time. In fact, we can either make optimal use of one of the dimensions and

reduce the other two or achieve a balance between two of the dimensions and fail to a
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greater degree regarding the third dimension (Mcgrath, 1995). In this dissertation, I use

qualitative methods in different contexts, attempting to satisfy the stated properties of

Mcgrath (1995). Hence, I apply laboratory experiments (e.g., in section 5 or in section 6)

to maximize precision by controlling external variables and confounding conditions. Nev-

ertheless, these laboratory experiments often lack generalizability due to limited sample

sizes and participants’ realism. Therefore, I conduct field experiments in which I imple-

ment my AI-based argumentation writing support system in the field over a period of time

to provide realistic conditions with more generalizable observations (e.g., in section 5 or

in section 7). In the following subsection, I will introduce the reader to the experimental

research methods I used in this work.

In general, experimental studies are applied when the research goal is to provide rigor-

ous and controlled empirical evidence for a certain hypothesis, e.g., to prove a theory.

Research that applies experimental research design usually aims to examine cause-and-

effect relationships between different variables. Hence, different conditions are applied in

a treatment group. To control the effects, a control group is usually used that consists

of participants who do not receive a certain treatment. Therefore, the research scholar

ensures that the manipulation of the independent variables is controlled for confounding

variables that might affect the study (Recker, 2013).

Nevertheless, when designing an experimental study, different choices have to be made.

According to Kirk (1982), behavioral experimental studies mostly depend on four criteria.

First, the random selection of participants is important to ensure the validity of the

results. Kirk (1982) name the measurement of covariates as the second criterion, the

implementation of the treatment as the third one, and pre- and post-tests as the fourth

one. The most basic form of an experimental study consists of a randomized allocation of

participants to a treatment group and one control group. In this vein, one independent

variable can be manipulated with an appropriated treatment (Kirk, 1982; Recker, 2013).

In technology-mediated learning this could comprise a treatment group of students using

an IT artifact providing individual feedback based on AI and one control group using a

similar tool for the exact same task but only receiving general feedback (e.g., general rules

on what to improve in a certain learning task). The randomization of participants to one

of the two groups ensures that the characteristics of the participants are not biased in

one of the two groups and guarantees that the error effects in an experimental studies

are statistically independent (Recker, 2013). Pre-tests on certain characteristics help

to determine whether the treatment and control groups have similar characteristics and

ensure that the randomization was successful. In combination with post-tests, pre-tests

are used to observe the impact of certain treatments on outcome variables.

Im my dissertation, I always conduct fully randomized experiments, meaning that a com-
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putational mechanism randomly allocates participants to one of the conditions. Moreover,

I usually control for different constructs with a pre-survey (e.g., as done in section 5).

Next, I use post-surveys to capture certain behavioral constructs based on, for example,

the technology acceptance model (Venkatesh et al., 2003; Venkatesh and Bala, 2008) or

based on self-regulated learning (Bandura, 1991). These behavioral constructs ensure

that the IT artifacts are appropriately designed (e.g., by measuring perceived ease of

use as done in section 6) or help to explain the results of behavioral outcomes based on

theories (e.g., as done in section 7). In the different experimental studies of my work, I

try to provide the reader with a concise picture about the experimental task, the mea-

sured constructs, and the measured results by dividing the studies into ”pre, during, post”

treatment.

After conducting an experimental study, I apply a variety of statistical methods to ana-

lyze the impact of certain variables. For example, in section 6, I compare two different

groups by conducting a t-test to access whether conversational argumentation tutoring

has a significant effect on students’ argumentation skills. The t-test helps to examine the

differences in mean values between two groups. It can be used, for example, to determine

whether the means of two sets of data are significantly different from each other.

Moreover, I apply analysis of variances (ANOVA) and post-hoc tests to measure the

differences between two or more conditions. For example, in section 5, I present the

results of a field experiment. Three different groups received different support when

writing persuasive peer reviews over three month. To investigate if individual AI-based

writing support impacts students’ argumentation skills compared to general support, I use

an ANOVA analysis and a Tukey post-hoc test to access whether the differences between

the means between the groups is statistically significant.

3.5 Qualitative Methods

Besides using quantitative methods to investigate if and how AI-based argumentation

learning support impacts students’ learning process, I apply different qualitative methods

especially for need-finding to ensure a user-centered design. In contrast to quantitative

research methods, which are used to explain cause-and-effect dependencies, qualitative

research is mostly based on inductive reasoning (Döring and Bortz, 2015). Inductive

reasoning for qualitative studies is used to gain a deeper understanding of complex inter-

dependencies in social or organizational contexts where human individuals interact. The

paradigm of qualitative methods is based on situated activities that position the observer

in the world. These methods usually involve a set of interpretive and material practices

to ensure that the world is visible. The objective is to represent the real world in its
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interdependence with data. This can include interviews, recordings, notes, or imagery

(Recker, 2013). Hence, qualitative research methods are often based on more interpretive

and naturalistic approaches to the real world. Qualitative researchers aim to study ob-

jects or subjects in their natural environment in order to better understand and interpret

the phenomenon of interest (Döring and Bortz, 2015). These methods are especially of

advantage when not much is known in advance about the phenomenon (Döring and Bortz,

2015).

Qualitative methodology is usually twofold: data collection and data analysis. Data col-

lection includes methods such as interviews or observations (Recker, 2013). In this work,

I use qualitative data collection through interviews in order to identify and summarize

needs and user stories for the design of novel technology-mediated learning pedagogical

scenarios. This helps me to systematically capture user needs before designing a new

IT artifact. After the data is collected, the next step incorporates analyzing the results.

Döring and Bortz (2015) name several concepts, such as coding, content analysis, or mem-

oing as suitable methods of qualitative data analysis. In this work, I mainly use coding

to develop underlying categories of the captured interviews as well as content analysis to

semantically analyze the texts. In fact, I conduct user interviews to investigate how a

certain user group is interacting or would like to interact with a certain technology in a

certain scenario (e.g., an adaptive writing support system in a distance-learning scenario).

The objective is to gain an initial understanding of the needs and requirements learners

have for technology-mediated learning tools for argumentation. Therefore, I followed the

expert interview method of Glas̈er and Laudel (2010), since the experts of their own us-

age are the users themselves. The interviews are guided through an interview guideline

to ensure that all interviewees are confronted with the same questions. The user inter-

views are mainly used to derive user requirements for the design of novel educational

artifacts. In order to more systematically collect user requirements, I not only code the

interviews using qualitative content analysis but also derive user stories based on Cohn

(2004). User stories usually consist of one or two written sentences and represent one

desired functionality of the user. They usually follow a simple structure, for example:

As *type of user*, I want to achieve *a goal* in order to *achieve something*.

I particularly use the concept of semi-structured interviews and user stories in section 5

to inform the design and implementation of AI-based learning tools.
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3.6 Design Science Research

The overall goal of my dissertation is to design and evaluate new forms of AI-based

argumentation learning tools. In order to capture and guide the design research, I refer

to the design science research paradigm (Hevner et al., 2004). Design science research

is a common methodological principle in IS research that aims to guide the design and

evaluation of novel IT artifacts to solve identified research problems (Hevner et al., 2004).

The aim is to capture the design knowledge in a structured and reproducible fashion and

evaluate it in order to form theoretical contributions (Gregor and Hevner, 2013). In the

following paragraphs, I will provide the reader with a brief glimpse into the role of theory

in design science research and then explain the main methodologies used in this work to

generate novel design knowledge for AI-based argumentation learning systems.

3.6.1 Theory in Design Science Research

The design science research paradigm is based on the underlying principle that the con-

struction of socio-technical artifacts themselves help to build knowledge and an under-

standing of design problems and their solutions (Hevner et al., 2004; Gregor and Hevner,

2013). In addition to truth seeking, design science research focuses on the utility of de-

signed artifacts. These artifacts are the central component in design science. They can

encompass man-made objects or processes such as decision support systems, modeling

tools, governance strategies, or methods (Gregor and Hevner, 2013). The artifacts can be

brought into material existence, e.g., into an abstract algorithms that can be instantiated

into software (Gregor and Hevner, 2013). Gregor and Hevner (2013) provided a framework

to position the knowledge contributions in design science. They distinguished between

three different contribution types that differ in the level of abstraction, completeness, and

maturity:

• Level 1 contribution type: situated implementation of artifact, such as instan-

tiated software or implemented processes.

• Level 2 contribution type: nascent design theory knowledge as operational prin-

ciples/ architecture, such as constructs, methods, models, design principles, techno-

logical rules.

• Level 3 contribution type: well-developed design theory about embedded phe-

nomena, such as design theories (mid-range and grand theories).

In general, level 3 contributions (well-developed design theory) are more abstract, com-



3 Methodological Background 71

plete, and mature knowledge compared to level 2 and level 1 contributions. Situated

artifacts are, therefore, more specific, limited, and less mature knowledge. To better

guide researchers in describing and communication their design findings as design theories,

Jones and Gregor (2007) offer a framework with six core components and two additional

components that a design theory should encompass. They identified eight distinct com-

ponents of design theories: (1) purpose and scope, (2) constructs, (3) principles of form

and function, (4) artifact mutability, (5) testable propositions, (6) justificatory knowledge

(kernel theories), (7) principles of implementation, and (8) an expository instantiation.

Table 7 illustrates the proposed framework of Jones and Gregor (2007).

Component Description
Core Components
1) Purpose and scope (the
cause finalis)

“What the system is for,” the set of meta- requirements
of goals that specifies the type of artifact the theory
applies to and in conjunction also defines the scope, or
boundaries, of the theory.

2) Constructs (the causa
materialis)

Representations of the entities of interest in the theory.

3) Principle of form and
function (the cause for-
malis)

The abstract “blueprint” or architecture that describes
an IS artifact, either product or method/intervention.

4) Artifact mutability The changes in state of the artifact anticipated in the
theory, i.e., what degree of artifact change is encom-
passed by the theory.

5) Testable propositions Truth statements about the design theory.
6) Justificatory knowledge The underlying knowledge or theory from the natural or

social or design sciences that gives a basis and explana-
tion for the design (kernel theories).

Additional components
7) Principles of implementa-
tion (the causa efficiens)

A description of processes of implementing the theory
(either product or method) in specific contexts.

8) Expository instantiation A physical implementation of the artifact that can assist
in representing the theory both as an expository device
and for purposes of testing.

Table 7: Overview on the eight components of an IS design theory.
Source: Jones and Gregor (2007)

The components provide guidance to communicate and position the findings of design

science research studies. They provide an overview of the most important dimensions of

a design theory. The last two components are additional and not necessary, according to

Jones and Gregor (2007). However, they are often explicated in a design theory. Gregor

and Hevner (2013) also provide a framework to classify and structure the knowledge con-

tribution of the design theory. Accordingly, the knowledge contribution is structured by

the application domain maturity and solution maturity (see Figure 21). Most design sci-
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ence projects are categorized by a high solution and application maturity. These research

projects are routine designs without significant design theory contributions. For the other

contribution types, Gregor and Hevner (2013) specify opportunities and contributions for

design research.

In this dissertation, I focus on knowledge contributions in the domain of enhancement,

i.e., analyzing and developing new solutions (AI-based argumentation writing support

systems and pedagogical conversational agents) to known problems (adaptive support for

students in large-scale learning environments).

Figure 21: Classification of design science knowledge contribution types by the solution
maturity and the application domain maturity.
Source: Gregor and Hevner (2013)

The formulation of design principles helps to specify design knowledge in an accessible

and abstract form (Gregor et al., 2020). Several IS researchers have investigated what the

best form of communicated general design guidelines, design patterns or design principles

is (e.g., Gregor and Hevner (2013); Chandra et al. (2015); Gregor et al. (2020)). Gregor

et al. (2020) proposed a conceptual framework that helps researchers to better specify the
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different stakeholders when formulating principles (e.g., the end user, the designer, or the

implementer; see Table 8). Hence, in this dissertation, I mostly follow the framework of

Gregor et al. (2020) to position and to communicate my generalizable design knowledge

in the form of design principles.

Design Principles XY
Structure Components
For Implementer I to
achieve or allow Aim A for
User U

Aim, Implementer, and User

In Context C Context
(Boundary conditions, implementation setting, further
user characteristics)

Employ Mechanisms M1,
M2, M3 ... Involving En-
actors E1, E2, E3, ...

Mechanisms
(acts, activities, processes, form/architecture, ma-
nipulation of other artifacts) Subsidiary compo-
nents/artifacts that can have their own design principles

Because of Rationale R Rationale
Theoretical or empirical justification for the design prin-
ciple

Table 8: The components of design principles to structure generalizable design guidelines.
Source: Gregor et al. (2020)

In this work, I investigate different design principles for the design and development

of AI-based argumentation writing support systems and conversational argumentation

learning systems, for example in section 5. Hereby, I try to ensure that the design and

the architecture of the developed learning tools are transferable to other domains and

scenarios. In this vein, the addressed implementers (I) are usually educational designers.

The aim (A) is, for instance, to enable students (user U) to receive adaptive feedback

on their argumentation skills independent of an instructor, time, and location. I will

specifically refer again to the framework of Gregor et al. (2020) when formulating the

design principles in the different sections.

To form a transparent and reproducible scientific contribution to the knowledge base,

different scholars have proposed frameworks to guide the often fuzzy and iterative design

science research process (e.g., Peffers et al. (2007); Hevner (2007)). The next section will

provide an overview of the most common design science process models.

3.6.2 Process Models to Guide Design Science Research

As Hevner (2007) states, ”it is vital that we [...] provide clear and consistent definitions,

ontologies, boundaries, guidelines, and deliverables for the design and execution of high
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quality design science research projects. Understanding and communicating the design

science research process is essential not only to support acceptance among IS professionals

but also to establish the credibility of IS design science among the larger body of design

science researchers in the various engineering fields, architecture, the arts, and other

design-oriented communities” ((Hevner, 2007), p.1).

Several scholars have suggested frameworks to guide the iterative and often complex re-

search process of design science (i.e., Hevner (2007); Hevner et al. (2004); Gregor and

Hevner (2013); Peffers et al. (2007)). In this work, I mostly relied on two different frame-

works, the design science process view according to Peffers et al. (2007) and the three

cycle view of Hevner (2007). In the following, I will briefly introduce both methodologies.

The design science research process of Peffers et al. (2007) is based on six major steps that

guide the research endeavor (see illustration of the process in Figure 22). The process

starts with the problem identification and motivation of the research challenge and the

value justification of the artifact. The second step incorporates the definition of objectives

for a solution. This is often based on requirements for the to be developed artifact

alongside quantitative or qualitative variables to define the success of the artifact for

the prior stated problem definition. Next, the third phase deals with the design and

development of the artifact, whereas the fourth step covers the demonstration of the

artifact in a particular context. This can incorporate a suitable experimental study or a

field instantiation. The fifth and the sixth step are concerned with the evaluation and

the communication of the findings. Peffers et al. (2007) also state that their process view

incorporates the iterative nature of design research. The process perspective, therefore,

defines different entry points for the research process as well as process iterations to return

to the second or third step after the evaluation to redefine the objectives for the solution

or the design and development of the artifact.
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Figure 22: Process perspective of desgin science research according to Peffers et al. (2007).
Source: Peffers et al. (2007)

Nevertheless, in this dissertation, I mostly focus on the design science research methodol-

ogy based on Hevner (2007). His three-cycle view emphasizes the interplay of relevance,

design, and rigor cycles and, thus, focuses more on the iterative nature of the development

of IT-based artifacts.

Figure 23: Overview of the three-cycle view to guide the iterative process of design science
research.
Source: Hevner (2007)
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The methodology is based on three different cycles, which are relevant for the successful

application of a design science project (see illustration in Figure 23). The relevance cycle

emphasizes the field requirements for the practical success of a design science project. It

aims to bring the perspective of the corresponding real-world problem from the environ-

ment and the application domain of the artifact. In contrast, the rigor cycle refers to the

role of theories and methods during the design process. It aims to connect the experi-

ence and expertise from the knowledge base with the design project and also emphasizes

that the design science research project should add new knowledge generated by the re-

search to the growing knowledge base (Hevner, 2007). In the center of the three-cycle

view is the design cycle. Here, the focus is on the design, development, and evaluation of

design artifacts and processes. The different cycles are connected and inform each other

throughout the design science project. In the design cycles, for example, the requirements

from all relevant stakeholders should be considered and iteratively tested with instanti-

ated artifacts in real-world environments. The findings from the iterative evaluations can

then be translated again into design knowledge (e.g., in design principles) and inform the

knowledge base (Hevner, 2007).

The design evaluation plays an important role in design science research, as it provides

feedback for further development and assures the rigorousness of the research (Venable

et al., 2016). Different scholars have, thus, provided insights and suggestions to guide

the evaluation of design evaluation (e.g., Venable et al. (2012, 2016); Sonnenberg and

vom Brocke (2012); Nunamaker et al. (2015)). The ”Framework for Evaluation in De-

sign Science” (FEDS) provides guidance in developing a strategy for evaluating design

science artifacts (Venable et al., 2016). The FEDS approach covers ”why, when, how,

and what to evaluate” (Venable et al. (2016), p. 1). FEDS considers a two-dimensional

characterization of a design science evaluation iteration. One dimension deals with the

functional purpose of the evaluation (formative or summative) and the other dimension

covers the paradigm of the evaluation (artificial or naturalistic). Moreover, with their

framework Venable et al. (2016) also offer a fourfold design process, which consists of (1)

the goals of the evaluation, (2) the choice of the evaluation strategy, (3) the definition of

the properties to evaluate, and (4) the design of the evaluation iteration.

In this work, I mostly organize the evaluation of my IT artifacts using the FEDS frame-

work (Venable et al., 2016). For example, in section 5, I perform, first, a formative

artificial evaluation of an AI-based argumentation writing support system in a laboratory

experiment. Afterwards, I build on the design findings from the first evaluation iteration

and conduct a summative naturalistic evaluation of the AI-based argumentation writing

support system in a field experiment in a real-world lecture over three months. The FEDS

framework, as well as the three-cycle view, supports this design science project and en-

sures that the communication of the results are transferable and reproducible and form
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generalizable, realistic, and precise research contributions. This enables me to summarize

my findings as a nascent design theory at the end of my work according to Jones and

Gregor (2007).

In order to make the actual development process as well as the training of the ML algo-

rithm for my IT artifacts more transparent, I rely on the cross-industry standard process

for data mining. The next section will shortly introduce the reader to the different phases

of this methodology.

3.6.3 Cross-Industry Standard Process for Data Mining

In this section the basics of the cross-industry standard process for data mining (CRISP-

DM) based on the European strategic program on research in information technology will

be briefly summarized (Chapman et al., 2000). CRISP-DM is a framework consisting of

six sequences of activities, which describe steps according to which a data mining problem

can be structured. It is an iterative cycle rather than a one-way process (see Figure 24).

The CRISP-DM model usually starts with a real-world data-related problem, e.g. us-

ing data to support a process with further knowledge. Therefore, the initial phase, the

business understanding, is used to convert the objectives into a data mining or machine

learning problem definition, including requirements and how outcome performance met-

rics are designed.

Subsequently, the required data is collected according to the requirements defined prior.

Next, the data preparation phase is about cleaning, preprocessing, and transforming the

target data. Cleaning might compromise noise filtering, missing value treatments, general

preprocessing, feature extraction, feature reduction, and transformation of data into an

applicable format for the modeling phase. The data preparation phase is one of the most

import phases as the performance of the modeling depends significantly on the quality of

the provided data.

Afterwards, clustering or classification algorithms are applied to the preprocessed dataset

with different specific parameters in order to gain an optimal performance. Then, the

results of the model are evaluated according to the defined business performance metrics.

Finally, the deployment phase focuses on the usability of the model’s output and makes

sure the findings are applicable to the actual problem.

Besides CRISP-DM, two other major frameworks exist in literature that structure the pro-

cess for building machine learning systems: The knowledge discovery process by Fayyad

et al. (1996) and SEMMA (Sample, Explore, Modify, Model, Assess) by SAS Institute
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Figure 24: Structure of a data mining research iteration according to the CRISP-DM
Model.
Source: Chapman et al. (2000)

Inc. (see Ramasubramanian and Singh (2017)). In this work, I rely on CRISP-DM, since

it includes a problem-centered perspective and an iterative flow of knowledge between the

different phases.

After explaining the underlying epistemological approaches as well as the research method-

ologies of my dissertation, the next sections will outline how and if AI-based argumenta-

tion learning systems help students to learn how to argue.
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4 Developing an Understanding of Natural Language

Processing for ML-based Information Systems

In this section of my dissertation, I will provide a structuration of the dimensions and

characteristics of NLP for adaptive ML-based IS. This addresses and answers the first

research question of my dissertation and will contribute to the technical foundation of

AI-based argumentation learning tools in the course of my research:

RQ1a: What are the theoretically grounded and empirically validated dimensions and

characteristics of NLP features for ML-based IS?

Method: Systematic literature review, taxonomy development, and technical experi-

ments.

Results: A taxonomy of NLP features for ML-based IS, structuration of usage clusters,

transfer learning approach for argumentation identification cross text domains.

Answering this research question paves the foundation of my dissertation since I provide a

practical overview in the form of a taxonomy of NLP features for ML-based IS, such as AI-

based argumentation writing support systems or conversational argumentation learning

systems. Past structurations of NLP features for adaptive ML-based systems mostly lack

a holistic design-driven perspective. Hence, I firstly aim to provide an overview of the

literature of NLP features for ML-based IS in subsection 4.1. I conduct a systematic

literature review based on Webster and Watson (2002) and vom Brocke et al. (2015)

to investigate the manifold approaches for text feature engineering. Based on that, I

developed a novel text feature taxonomy that aims to assist researchers and practitioners

to classify, compare, and evaluate their NLP studies. Using the developed framework, a

researcher can classify and compare a text feature according to its linguistic analysis level,

granularity level, information source, dimensionality, and its representation. Moreover, I

identified several application patterns and white spots in a cluster heat mapping analysis.

In the second part of this section, I dive deeper into on application area of this taxonomy:

argumentation mining. By the time of starting this thesis, I developed the first approach

towards domain agnostic argumentation identification with transformer models utilizing

BERT Devlin et al. (2018) (see subsection 4.2). Both sections provide a foundation and

framework of the technical development of the AI-based argumentation learning systems

implemented in this dissertation. Such an understanding is necessary to concentrate the

further course of this dissertation on the most important parts of my research.3

3The insights presented in this chapter are partly based on various papers (Fromm et al.,
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4.1 Taxonomy of Features for NLP-based Machine Learning

4.1.1 Introduction

NLP is receiving continued attention from both researchers and practitioners. In the last

years, several application areas have become popular, such as spam detection (Wood,

2016), sport performance prediction (Gruettner et al., 2020), web mining to predict pan-

demic outbreaks (Jahanbin and Rahmanian, 2020), or predictive policing (Meijer and

Wessels, 2019). Devlin et al. (2018) have been very successful in processing large amounts

of data and predicting outcomes precisely (Alom et al., 2019). For certain use cases, how-

ever, traditional ML models are often the more promising modeling approach, since only

little labeled data is available, and transparency, as well as explainability, play a major

role in the practical success of the application of those algorithms. Exemplary use cases

can be found in human-centered decision support systems (Stoica et al., 2017; Alom et al.,

2019), e.g., writing support systems for educational feedback (see section 5) or auditing

for predictive policing (Scanlan, 2019).

The main challenge of NLP is to preprocess written text and extract valuable features to

enable information extraction, data analytics, or ML algorithms to reach their maximum

performance (Rajman and Vesely, 2004; Johnson et al., 2015; Allahyari et al., 2017).

However, a large amount of NLP applications simply rely on basic feature generation

techniques such as bags of words (Khadjeh Nassirtoussi et al., 2014) in which information

such as the order and co-occurrence of words is not taken into account. This may lead to an

overall underperformance, since copious training data is often not available (Pustejovsky

and Stubbs, 2013). As a result, different teams of authors have indicated that enhancing

NLP algorithms with the appropriate design, implementation, and evaluation of text

features - a process commonly referred to as feature engineering - bears high chances

of improving NLP outcomes significantly (Bird et al., 2009; Khadjeh Nassirtoussi et al.,

2014; Johnson et al., 2015).

However, NLP feature engineering comes with a number of challenges. First and fore-

most, feature engineering still depends largely on human intuition and experience, since it

requires deep domain knowledge to identify and operationalize relevant features (Ribeiro

et al., 2020). Second, it is usually very time-consuming for specific or rare uses cases.

In fact, according to surveys, data scientists spend about 80% of their time with data

preparation, such as feature engineering (Anaconda, 2020; Forbes, 2017). Third, as Talib

et al. (2016) point out, NLP has been influenced by different disciplines such as Com-

2019; Wambsganss et al., 2021a, 2020a). I thank my collaborators, the reviews, and the Associate
Editors for the valuable feedback on my work.
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puter Science, Statistics, computer linguistics, and IS. Accordingly, NLP features that

have evolved in one discipline are often unknown or rarely used in other disciplines, e.g.,

in IS, human—computer interaction, or computer linguistics. This eventually leads to a

fragmented body of literature, and sometimes contradictory research results concerning

the impact of certain NLP features (Abbasi et al., 2018). An integrative view would be

of utmost importance to systematically design, analyze, and compare the different con-

figurations of text features for different use cases. A consistent knowledge base on the

different characteristics and dimensions of NLP text features from a holistic perspective

will help researchers and practitioners to systematically design, compare, and evaluate

new or existing NLP applications. However, a systematic feature framework that helps

researchers and practitioners to select from, compare, and evaluate new or existing fea-

tures across different disciplines or areas of application is rather scarce. A few approaches

that try to fill this gap already exist in literature, such as Ribeiro et al. (2020). However,

these approaches usually focus more on the comparison of particular domain-specific fea-

tures, e.g., through a checklist (Ribeiro et al., 2020), or on the learning algorithms but

lack a holistic NLP feature classification framework. In this regard, IS research can of-

fer a promising view to regard and classify a certain NLP-based ML use case from an

interdisciplinary perspective into relevant elements.

Hence, my goal is to develop a comprehensive multidisciplinary taxonomy of text features

to provide guidance by revealing the complex relationships of text features and by illus-

trating the application of certain feature groups based on similarity analysis. To achieve

this goal, I (1) illustrate the diversity of text feature engineering through a systematic

literature review in which I found 133 distinct NLP features in different applications do-

mains, (2) outline a classification framework through a taxonomy with five dimensions and

multiple characteristics, and (3) identify patterns and ”white spots” in the application of

text feature groups to provide further assistance for (a) the development and design of

new NLP solutions and (b) the assessment and comparison of existing applications. For

practical guidance, I, therefore, present the taxonomy as an NLP feature canvas in which

a single text feature can be categorized and compared along five dimensions. Moreover, I

illustrate all 133 identified text features on a web platform and encourage researchers to

add missing features accordingly (see Wambsganss et al. (2021a)). The ultimate goal is to

present an eclectic collection of text features and a corresponding classification framework

towards a shared understanding across application domains.

The resulting taxonomy should simplify the comparability of text features between dif-

ferent studies, domains, or applications and reduce the costly effort of feature engineering

for practitioners and scientists when traditional ML methods are applied. I present five

dimensions of features diverse enough to demonstrate their commonalities and differences

and comprehensive enough to encompass every feature I found in the systematic literature
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review. I believe that such a menu of features will stimulate researchers and practitioners

to enhance their knowledge about feature generation and to use the most appropriate

features for their research.

4.1.2 Theoretical Background

4.1.2.1 NLP Feature Engineering for Information Systems

Text-based AI for IS is based on techniques from different areas: NLP, data analytics,

and ML. Hereby, the main challenge is to extract and reduce relevant features in a feature

vector to reach a maximum performance by different ML algorithms (e.g., classification,

clustering, or trend analysis, etc.) as depicted in Figure 25 (Rajman and Vesely, 2004).

Features are understood as certain text characteristics or distinct attributes of a text

that might bear valuable information for the ML algorithms. Thus, I use NLP and text

features as synonyms.

Figure 25: Illustration of pre-processing, feature engineering and NLP in an intelligent
IS.
Source: Own illustration

Fueled with large amounts of data, neural networks, or transfer learning models such as

BERT (Devlin et al., 2018) have been very successful in processing large amounts of data

and achieving high-quality predictions (Alom et al., 2019). These models are said to learn

features automatically in their top layers and adjust to the patterns of the data in their

deep layers. However, big amounts of data are usually necessary for those algorithms to

be trained to detect and predict these data patterns. Moreover, deep neural networks

”do not reveal their features”. This means that the user receives no indication of why

the network has delivered a particular result. The lack of interpretability often hinders

the practical application of neural networks. In fact, explainability has played a major

role in the practical success of ML algorithms, as they are often embedded in human-

centered decision support systems (Stoica et al., 2017; Alom et al., 2019). On the other

hand, traditional ML approaches often show better performance for small amounts of

input data (e.g., less than 1,000 labeled data points) (Alom et al., 2019). Traditional
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ML models together with text feature engineering are therefore still mainly used as the

default modeling approach for NLP, since often only small data sets are available that are

labeled, e.g., for human-centered writing support systems (see section 5) or auditing for

predictive policing (Scanlan, 2019).

Bird et al., (2009, p. 224) state that “selecting relevant features and deciding how to

encode them for a learning method can have an enormous impact on the learning method’s

ability to extract a good model”. Thus, most work in building a text classifier with

traditional NLP methods is creating relevant features and deciding how to represent them.

Bird et al., (2009, p. 224) mention that it is possible to receive a decent performance

“by using a fairly simple and obvious set of features . . . ”, however, “there are usually

significant gains to be had by using carefully constructed features based on a thorough

understanding of the task at hand”. Nevertheless, most features are created through a

process of trial and error and not by rigorous feature engineering supported by a framework

or a taxonomy. In fact, I did not find a comprehensive and concise taxonomy for NLP

features in the literature. What can be found are classifications of NLP features along

single dimensions, which are often more a simple categorization of attributes than a set of

comprehensive and robust dimensions (e.g., Johnson et al. (2015); Missen et al. (2013)).

Mostly, feature engineering is done by intuition about what information might be relevant

to the problem. As Bird et al., (2009, p. 224) wrote, “it’s common to start with a *kitchen

sink* approach, including all the features that you can think of, and then checking to see

which features actually are helpful.”

As a consequence, the different application areas of text analysis and NLP have created

a variety of features. Education and literary sciences have brought up a number of read-

ability indices, which are used to judge the readability level of books and texts. The one

most widely applied is the Flesch readability index, which is calculated from the number

of sentences, words, and syllables of a text (Flesch, 1943; Kincaid et al., 1975). Senti-

ment analysis and opinion mining are concerned with the polarity of texts. Polarity is

a feature describing the emotion or sentiment present in a text. It can be observed on

the word, the sentence, or the document level (Pang and Lee, 2008). Applications for au-

thorship attribution and verification analyze the syntactic depth and complexity of texts

and have come up with features like vocabulary richness of the use of hapax legomena

(e.g., NagaPrasad et al. (2015)). Requirements analysis is concerned with the question if

textual system requirements are clearly and concisely formulated. Accordingly, features

are used that identify words, subjunctives, or passive voice, which are all indicators for

ambiguous language. Researchers use argumentation mining to develop algorithms that

extract argumentative components and discourse structures from given texts (Lippi and

Torroni, 2015b). Stab and Gurevych (2017), for example, used, as they called it, a combi-

nation of structural, syntactical, lexico-syntactical, and probability features for identifying
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argument components in persuasive student essays (Stab and Gurevych, 2017).

All these application areas and disciplines are confronted with different challenges and

therefore have developed their own features and their own modes of speaking. A holistic

feature classification framework might help by illustrating the features’ commonalities

and differences. However, current feature frameworks fall mostly short of depicting the

nature of text features across the different disciplines.

4.1.2.2 Taxonomies as a Means of Classifying NLP Features in IS

To better understand the relevance of a taxonomy for NLP features for research and

practice, I must first understand what a classification is and what it may be used for in

the context of (a) the development and design of new NLP-based ML use cases and (b)

the assessment and comparison of existing NLP-based ML applications. Fundamentally, a

classification of objects serves as a cognitive aid that enables researchers and practitioners

to navigate complexity caused by several variables of interest (Hambrick, 1984; Nickerson

et al., 2013). There are different ways to develop classifications of which taxonomies are

the most famous ones in IS (Bailey, 1994). A taxonomy is a theoretical study of classifi-

cations and can include different objects such as principles, procedures, and rules (Bailey,

1994; Usman et al., 2017). Although initially taxonomies were developed according to

an empirical base, nowadays, conceptual bases are additionally used (Nickerson et al.,

2013). Thereby, taxonomies go beyond classifying objects as they ease knowledge shar-

ing, provide a better understanding of interrelationships among objects, and thus support

decision making (Bailey, 1994; Usman et al., 2017). Moreover, assuming an abductive

reasoning approach, they may provide a very different understanding about how NLP

features in IS may be used and, from a pragmatic perspective, about how these elements

might support researchers and practitioners in developing NLP applications. Thus, tax-

onomies may change the way I think about NLP feature engineering in IS since they go

beyond merely classifying objects and additionally serve as a way to predict outcomes

(Doty and Glick, 1994). The development and design of new NLP solutions in IS requires

knowledge on the anatomy of NLP features and key factors that need to be met to train,

build, and deploy a new NLP application. In this sense, the ability to classify NLP text

features is a prerequisite to building, comparing, and assessing NLP-based ML use cases.

However, current literature falls rather short on a comprehensive and robust structura-

tion of NLP features. Recently, Ribeiro et al. (2020) provided a tool called ”checklist”

that aims to assist NLP researchers in testing features ”in the wild” by providing a sort of

checklist tool, however, their research was not based on a systematic literature review and

did not incorporate certain feature levels. Therefore, I aim to address this literature gap
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by investigating a novel taxonomy that supports decision-making in building, designing,

and comparing NLP features, and helps to specify the relationships of the very features

towards the outcome of a trained model.

4.1.3 Methodology

The research started with a systematic literature review based on Webster and Watson

(2002) and vom Brocke et al. (2015) to capture the diversity of text features used for

feature engineering across different disciplines (see Table 9). Second, I derived dimensions

and characteristics in a novel taxonomy following the method presented by Nickerson

et al. (2013). Third, I evaluated the quality of the taxonomy with five semi-structured

interviews with experts from research and industry. Finally, I performed a cluster analysis

to display the complex relationships of text features in a heat map and to identify the

application of certain feature groups that used similar features (Kaufman and Rousseeuw,

2005).

4.1.3.1 Step 1: Database Creation Through a Systematic Literature Review

To identify the diversity of different text features used for feature engineering, I have

drawn on the systematic literature search approaches by Webster and Watson (2002);

vom Brocke et al. (2015). Based on current literature on feature engineering such as Bird

et al. (2009); Weiss et al. (2010); Missen et al. (2013); Ribeiro et al. (2020); Johnson et al.

(2015), I identified different keywords, which researchers used to describe the process of

NLP feature engineering. Based on these, I build the following search string trying to

incorporate the previously captured keywords: (”text OR language OR handcrafted OR

manual OR human”) AND (”Feature”) AND (”Engineering OR Generation OR Selection

OR Creation“). To find relevant literature with NLP studies that applied feature engi-

neering, I applied the search string to the following six databases: AISeL, EBSCO, Science

Direct, ProQuest ABI Inform, and ACM Digital Library. The papers were retrieved from

January to May 2019.

Paper selection: The database search resulted in 9698 hits. Titles, abstracts, and key-

words were screened to fit the above-mentioned definition and application to the scope

of the study. I excluded papers that did not refer to textual data or that applied feature

engineering in another domain than NLP. Multiple papers were excluded due to a different

research scope described in their abstract, e.g., several papers described feature extraction
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Step 1: Data-
base Creation

Step 2: Tax-
onomy Devel-
opment

Step 3: Tax-
onomy Evalu-
ation

4: Taxonomy
Application

Steps Search for rel-
evant papers in
IS and NLP lit-
erature; analyze
and synthesize
literature con-
cerning NLP
feature engineer-
ing

Define meta
characteristic;
run taxonomy
development
iterations

Evaluate dimen-
sions and char-
acteristics with
experts based on
quality criteria

- Cluster anal-
ysis to display
relationships of
NLP in a heat
map

Method Literature Re-
view (Brocke
et al., 2015),
Qualitative
Coding

Taxonomy
Development
(Nickerson
et al., 2013)

Expert evalua-
tion (Szopinski
et al., 2019)

Cluster analysis
and heat map-
ping (Kaufman
and Rousseeuw,
2005)

Source NLP feature en-
gineering litera-
ture

Existing clas-
sifications,
database of 133
features

Semi-structured
interviews with
experts

NLP literature
(identified in
step 1)

Result Database with
211 articles on
NLP feature
engineering

Taxonomy of
NLP features

Evaluated tax-
onomy of NLP
features

Insights of NLP
usage patterns

Table 9: Overview of the four consecutive research steps for deriving a taxonomy for
NLP-based features in adaptive IS.
Source: Own illustration

for text recognition in images and thus were eliminated from the sample. This screening

process resulted in 241 potentially relevant papers that mentioned that they applied fea-

ture engineering in the course of their study. After the elimination of all duplicates, 206

relevant papers were remaining. Afterwards, a forward and backward search was carried

out according to Webster and Watson (2002). Through screening the references, 17 of the

articles were added to the list, resulting in 223 relevant papers. Next, I thoroughly read

each paper. I found 12 papers that described a process or applied a method within NLP

without mentioning or describing any feature. Therefore, I excluded those papers from

the sample and finally ended with 211 papers that discussed feature engineering for NLP

and described at least one textual feature.

Paper analysis: The 211 relevant papers were analyzed from a concept-centric perspec-

tive based on an abductive approach. Thereby, to aggregate the insights from identified

NLP studies, I developed a list of master codes and master code descriptions represent-
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ing different NLP features. This process was iterative and required multiple rounds of

coding of the identified papers by different researchers. The process started with two of

the researchers independently coding a subset of 25 randomly chosen articles. For each

of the 25 studies, we listed the used NLP text features and the application domain. If

the features were not directly mentioned in the study, we tried to investigate the features

in the appendices or online representations of the research. We conducted a workshop to

discuss how to combine NLP features across studies, which resulted in a distinct list of

text features and descriptions. During the next iterations, one researcher always coded a

batch of 25 articles based on the feature list and definitions recorded so far. Afterwards, a

group of three researchers met to discuss the findings. In case the coding was unclear, the

NLP features, as well as the descriptions, were discussed and corrected until an agreement

was achieved. In each iteration, we added new features and descriptions to the list until

all papers were coded. The final feature list consisted of 133 unique NLP features from

211 coded papers.

4.1.3.2 Step 2: Taxonomy Development

I aim to provide framing through the development of a comprehensive taxonomy. There-

fore, I follow the method presented by Nickerson et al. (2013). All ending conditions

Nickerson et al. (2013) named should be fulfilled by the final taxonomy (see section 3).

In the presented taxonomy below, all ending conditions are met and I believe that to the

best of my knowledge the final taxonomy represents all the found NLP features. However,

especially condition D) might give me difficulty in the future since I would never claim

that I found all NLP features used by practitioners or scientists. However, I believe that

the current taxonomy presents the diversity of text features and completeness to all iden-

tified features in the systematic literature review. I have found a set of features diverse

enough to demonstrate their commonalities and differences and comprehensive enough to

display all identified text features.

Since I would estimate a high level of knowledge in the research area and multiple NLP

studies with feature engineering are available, I conducted a conceptual-to-empirical cycle

first, followed by four empirical-to-conceptual cycles. I inductively challenged the latest

status of the taxonomy by classifying NLP features and revising existing dimensions and

characteristics accordingly. In total, I classified all of the 133 found NLP features in five

iterations until all ECs were met. Finally, the taxonomy consists of five dimensions and

multiple associated characteristics.
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4.1.3.3 Step 3: Taxonomy Evaluation

To ensure the quality of the taxonomy, I assessed it against the following five criteria:

conciseness, robustness, comprehensibility, extendibility, and explanatory by Nickerson

et al. (2013). Hence, to evaluate the taxonomy, I conducted semi-structured interviews

with five experts that either had expertise in NLP research (four interviews) or NLP

development in practice (one interviewee) following the taxonomy evaluation suggestions

of Szopinski et al. (2019). The shortest interview lasted 45 minutes, while the longest took

56 minutes. The interview guideline consisted of 18 open questions which were based on

the five evaluation criteria. The final version of the taxonomy, the meta-characteristic, as

well as exemplary NLP feature, were sent to the interviewees before the interviews. In the

interviews, I then asked the interviewees to comment and identify potentials for revision

and improvement of the taxonomy.

All in all, the interviewees were quite positive about the conciseness of the taxonomy. All

of them mentioned that the number of dimensions was well chosen and do not overwhelm

the reader. Concerning the robustness, the experts mentioned that some feature groups

are only possible with certain characteristics, e.g., the semantic linguistic level is almost

always a corpus-based feature, since external information is needed for the semantics. I

considered this in the evaluation, however, all of the experts agreed some combinations

are just natural in NLP text features and therefore also dependent on each other. Next,

the experts agreed that the taxonomy is comprehensive concerning the state of the art.

However, they also claimed that based on ongoing rapid developments in the area of NLP,

new dimensions and characteristics may need to be added in the future. Nevertheless,

they agreed that the taxonomy probably illustrates the state of the art NLP text fea-

tures. In fact, all experts mentioned that the taxonomy is easily extendible, and novel

features could easily be added later on. Concerning the explanatory power, the experts

were convinced that the taxonomy is easily understandable for an experienced NLP re-

searcher or practitioner, However, might be harder for a novice user to understand, since

it demonstrates the complex feature relationships. I followed that up by illustrating the fi-

nal taxonomy as an NLP feature canvas with guiding questions to also enable novice NLP

practitioners to easily understand the complex relationship of NLP features (Figure 27).

4.1.3.4 Step 4: Taxonomy Application through Cluster Heat Mapping

Based on the finally evaluated taxonomy, I aimed to provide further insight by displaying

the complex relationships of text features and their application to provide researchers
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and practitioners further support in their practical work. Text features are rarely used

individually, but often in combination with other, domain-related features. Such groups

of related features evolved in different disciplines and application areas. Therefore, I ar-

gue there may exist ”natural” clusters of NLP features, which would help me to display

the complex relationships of text features and better interpret their application to pro-

vide researchers and practitioners further support in their practical work. I used cluster

analysis and heat mapping as a descriptive, exploratory tool to identify these natural

patterns in data (Kaufman and Rousseeuw, 2005). For this purpose, I created a data

matrix D(i,j), 1 ≤ i ≤ N, 1 ≤ j ≤ M with the rows representing the N features and the

columns representing the M publications. A matrix element D(i,j) is set to 1, if publi-

cation j contains feature i, and 0, if not. This resulted in a binary NxM data matrix.

Since the individual features were created from the systematic literature review, they are

already pre-ordered according to their granularity-level: morphological, word, sentence,

document, and beyond-document. For the publications in the columns, there is no such

”natural” order. They are simply organized in alphabetical order.

I performed a clustering based on Ward’s algorithm (Ward 1963) as an agglomerative

clustering technique with a Euclidean metric since it is known for accurate clustering

with smaller data sets. I used the Python-based API SciPy as well as Matplotlib for

plotting the resulting matrix in a heat map. The result of hierarchical clustering is a

total ordering of the objects in form of a tree or dendrogram, the leaves of which define a

similarity sequence. This sequence can be used to rearrange the columns of the matrix in

such a way that columns that are most similar to each other become directly adjacent. In

other words: publications that use similar sets of features are grouped closely together. I

believe, by visualizing the results, I can provide further insights by identifying a natural

grouping of publications that used similar features and derive possible white spots.

4.1.4 Taxonomy of NLP Features for ML-based IS

In total, I found 133 distinct NLP features in 211 papers that discussed feature engineering

for NLP and described at least one textual feature. I found three groups of papers: (1)

papers that described features but did not give them a designation (= a class name); (2)

Papers that used such designations for features, which I considered as the starting point

of a classification; and (3) a group of papers that presented lists of features and classified

them along a single dimension and, in very rare cases, along two dimensions (e.g., Abbasi

et al. (2008)).

20 papers contained a feature list or table and 191 papers simply present their distinct

features without further illustration or categorization (see Figure 26 on the right). The
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Figure 26: Overview on analyzed NLP features across domains.
Source: Own illustration

majority of papers that I analyzed applied feature engineering to a specific NLP domain.

75 of the 191 papers had a theoretical focus without addressing one particular application

area. The remaining 136 papers, however, could well be assigned to a particular applica-

tion area. Figure 26 shows their distribution on the left. In total, I found more than 20

application areas in the sample of NLP papers. Most of the publications were applying

feature engineering to sentiment analysis (20 percent) and social media sense-making (10

percent). The rest of the sample applied NLP feature engineering to various other top-

ics, such as authorship attribution, deception detection (e.g., fake news detection), text

summarization, question answering, readability analysis, or argumentation mining. Over

90 percent of the studies conducted their NLP research on English language texts. Other

studies included German, Japanese, Spanish, French, or Mandarin documents.

Figure 27: Taxonomy of NLP features in an NLP feature canvas.
Source: Own illustration
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4.1.4.1 Linguistic Analysis Level

The dimensions most widely mentioned in literature are the linguistic perspectives (John-

son et al., 2015), or in other words, the hierarchy of stages in NLP: morphological anal-

ysis, lexical analysis, syntactical analysis, and semantic analysis (Johnson et al., 2015;

Bird et al., 2009). Lexical analysis converts a textual input stream into words (also called

terms or tokens) that build the vocabulary of the text. Morphological analysis looks

at the internal structure of the words in more detail (e.g., syllables). Syntactic analy-

sis determines the structure of a sentence and the role that each word has within the

sentence. Semantic analysis is concerned with the meaning of a word, a sentence, or a

whole text. Many authors classify NLP features along with these linguistic perspectives.

Lexical, syntactic, and semantic features are described by Kambhatla (2004) for relation

detection, by Abbasi et al. (2008) for sentiment analysis, by Loni et al. (2011) for ques-

tion classification, and by Alzahrani et al. (2012) for plagiarism detection. Hancke et al.

(2012) use morphological, lexical, and semantic features for readability classification. Na-

gaPrasad et al. (2015) distinguish lexical, semantic, and structural features for authorship

attribution. Van Den Bosch (2017) describe lexical and syntactic features for language

variety identification. The problem that linguistic analysis levels create when developing

a feature taxonomy is that there is not necessarily a one-to-one relationship between a

feature and an analysis level. Sentiment analysis works basically with the meaning of

words (with positive or negative sentiments) and thus requires a lexical and semantic but

not necessarily syntactic analysis (Hatzivassiloglou and Wiebe, 2000). The study of mean-

ings of words is called lexical semantics (Johnson, 2007). In the analysis, I always assign

a feature to the highest linguistic analysis level. However, there are also features that

are not presented through a linguistic category, such as the number of replies to a post

(Abbasi et al., 2008). Examples are also stylistic features (Cossu et al., 2015; Mahajan

and Zaveri, 2017), contextual/ non-contextual features (Negi and Buitelaar, 2014), and

frequency-related and intensity-related features (Mahajan and Zaveri, 2017). I addressed

those features with a category called nonlinguistic features.

4.1.4.2 Granularity Level

A much less observed characteristic of textual features is their granularity level (called

in Missen et al. (2013) and Suh (2016)). A hierarchy can be described that decomposes

a text (a document, a review, a post) into sentences, which are decomposed into words,

which are decomposed into characters. Even if the granularity levels seem to be similar to

the linguistic analysis levels, they are not the same. This becomes vividly illustrated by
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Feature References Linguistic
Analysis

Granula-
rity

Ext.
Sour-
ce

Dimen-

sional-
ity

Represen-
tation

Frequency of
character ”@”

(Zheng
et al., 2006)

lexical character no scalar integer
(count)

Average number
of syllables per
word

(Feng et al.,
2010)

morphol. word no scalar real number

Average sentence
length in words

(Suh, 2016) lexical word no scalar real number

POS-n-gram
vectors

(Brett and
Pinna,
2015)

syntactical word no vector integer
(count)

Word embed-
dings

(Levy and
Goldberg,
2014)

lexical word yes vector real number

Binary character
trigram vectors

(Lipka and
Stein, 2010)

lexical character no vector binary (pres-
ence)

Readability in-
dices (Flesch,
etc.)

(Flesch,
1943)

lexical document no scalar real number

Word polarity (Agarwal
and Mittal,
2016)

semantic word yes vector real number
(-1;+1)

Sentence polarity (Missen
et al., 2013)

semantic sentence yes scalar real number
(-1;+1)

Document polar-
ity (Review po-
larity)

(Mukherjee
and Bhat-
tacharyya,
2012)

semantic document yes vector real number
(-1;+1)

Time stamp of a
message

(Abbasi
et al., 2008)

nonlinguistic document no scalar real number

Title similarity
across docu-
ments

(John et al.,
2017)

lexical beyond
docu-
ment

no vector real number
(TF/IDF)

Number of links
pointing to a web
page

(Fürnkranz,
1999)

nonlinguistic beyond
docu-
ment

no scalar real number

Table 10: Feature examples categorized by linguistic analysis level, granularity level,
external sources, dimensionality and representation.
Source: Own illustration

looking at unigrams and POS unigrams (Brett and Pinna, 2015; Reyes and Rosso, 2012).

A text “the highest peak in the country” (Brett and Pinna, 2015) is composed of the

single words (= unigrams) “the”, “highest”, “peak”, “in”, “the”, “country” – which have

the syntactic roles (= part-of-speech tags, POS tags) “AT0”, “AJS”, ”NN1”, ”PRP”,

”AT0”, ”NN1”. Occurrences of both unigrams and POS unigrams can be counted and
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thus be used as features. It is clear that unigrams require lexical analysis and POS

unigrams require syntactic analysis (“part-of-speech tagging”). So, unigrams and POS

unigrams are on different linguistic analysis levels, but they have the same granularity;

they are both on the word level. Thus, the granularity level “word” does not necessarily

coincide with the linguistic analysis level “lexical”. Another example is the semantic

feature “polarity” (semantic orientation). Polarity can be analyzed on the word level, on

the sentence level, or on the document level (Missen et al., 2013), which again shows how

important the granularity level is for differentiation. On top of that, I realized that several

authors used features that go beyond the level of the single document, e.g., the similarity

of titles between multiple documents (John et al., 2017). Here, lexical components are

compared between different data points (documents). Moreover, there exist plenty of

nonlinguistic features that go beyond pure text analysis. Examples are the number of

links pointing to a web page (Fürnkranz, 1999), the number of clicks on a question and

answer pair (Jeon et al., 2006), or the number of tIets marked as favorites (Cossu et al.,

2015). This type of feature depicts a characteristic that is above the single document level,

mostly looking at a collection of several documents. This can be hypertexts, discussion

threads on web forums, or question and answer threads. I address the granularity level

of those features with a characteristic called ”beyond document”.

4.1.4.3 Information Source

Semantic features often rely on externally available lexicons that describe the semantic

orientation or polarity (positive or negative) and subjectivity (subjective or objective)

of individual words or phrases (Taboada et al., 2011). SentiWordNet is such a lexical

resource used for opinion mining (Baccianella et al., 2010). Since semantic features can

also be corpus-based (Liao and Grishman, 2010), a dimension describing the use of exter-

nal sources is appropriate. Therefore, I included a dimension called “information source”

with the characteristics corpus-based and lexicon-based to provide differentiation.

4.1.4.4 Dimensionality of Features

As already stated above, several classifications of NLP features along single dimensions

can be found in the literature. A dimension that has rarely been brought up in research

papers is the dimensionality of a feature – probably because it is too obvious for most

of the authors. There are essentially two cases: features that are expressed in a single

number, like the number of occurrences of a specific word in a document, the percentage

of nouns in a text, or the Flesch readability index (e.g., Feng et al. (2010); Kincaid et al.
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(1975); Flesch (1943)), and features represented as a vector, like bags of words, bags

of n grams, word embeddings, or sentence embeddings (e.g., Brett and Pinna (2015);

Wambsganss et al. (2020a); Levy and Goldberg (2014)). The dimensionalities of the

latter correspond with the size of the individual vocabulary or embedding dimensions.

Therefore, it is sufficient to distinguish the two characteristics as one-dimensional (scalar)

and multi-dimensional features (vector).

4.1.4.5 Representation of Features

All features that I found in the literature were expressed in numbers. They can be

distinguished according to their representation (Khadjeh Nassirtoussi et al., 2014) in bi-

nary numbers (0, 1), integer numbers (e.g., counts, frequencies), and real numbers (e.g.,

percentages, values within an interval). Bags of words appear in four different represen-

tations: presence of a word in a document (binary), number of occurrences of a word

in a document (TF = term frequency), TFIDF representation of a word in a document

(TFIDF = term frequency-inverse document frequency), and a real number representing

the relative importance of a word in a document within a given corpus. Since TFIDF

has a paramount role in NLP, I keep TFIDF as a separate class within the dimension

“representation”. Literature often does not distinguish clearly between the name of a

feature and its representation. Some authors call an individual word a feature, some say

that the presence or the number of occurrences of a certain word is a feature. Günal et al.

(2006) talk about 140 features for spam detection, and they present a list of 140 words

(Günal et al., 2006). With the representation dimension, things should become clear. I

want to provide a deeper understanding of the five dimension and their characteristics.

Therefore, I allocated different feature examples in the derived dimensions illustrated in

Table 10.

4.1.5 Cluster Heatmapping of NLP Features Across Studies

To address the third research goal, I aim to identify patterns of text features by illus-

trating the frequency of text features according to the dimensions and characteristics I

found in the sample of studies (see Figure 28). Moreover, I unveil complex relationships

between text features by performing a hierarchical cluster analysis on the studies and by

visualizing the results in a heat map (see Figure 29). In Figure 28, I illustrate the fre-

quency distribution of NLP features I found in the subset of NLP studies. With respect

to the linguistic analysis level, 74 percent of all features are on the lexical level. Moreover,

73 percent of studies used features on the word granularity level, and around 27 percent
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used external information such as dictionaries for feature engineering. The analysis shows

that researchers solely use features above the word or lexical level.

Figure 28: Overview on the sample of 211 NLP research, the frequency distribution of
text features for the linguistic analysis level, granularity level, and information source.
Source: Own illustration

Also, the objective was to identify patterns and white spots in order to better interpret

the application of certain text feature groups which used similar features. I do not aim

to derive a finite set of clusters with defined propositions. In fact, the objective is to

contribute to literature and practice by deepening the understanding of the used features

and describing the distribution of NLP features of the sample of studies. In Figure 28,

I display the binary NxM data matrix after rearranging the columns based on Ward’s

algorithm (Ward, 1963). The rows represent the N NLP features (N=133), and the

columns encompass all M studies from the sample collected in the systematic literature

review (M=211). A black dot indicates that a feature is used by the corresponding study.

On the left side, I illustrated the resulting tree in a dendrogram, the leaves of which define

a similarity sequence.

Figure 29: Illustration of the unclustered and clustered data matrix in a heat map. Lines
of the matrix represent publications, columns represent features.
Source: Own illustration

In the heat map, one can see filaments in the data, which indicate a certain feature and

a group of studies that use it. Most prominent is the lexical word-level feature bags of
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words (BoW). More than 90 percent of the analyzed papers were using bags of words,

which explains the long black vertical line in the heat map. Based on the dendrogram,

I identified three main clusters of application patterns of studies (C1, C2, C3). Cluster

one (C1 in Figure 29) represents a group of studies that solely used bags of words as a

feature. In fact, 50 percent of the NLP applications in the data set are based on this

word-level feature, in which the order and co-occurrence of words are not considered.

Either the authors were not aware of higher-level features or they were satisfied with

the performance of their analysis based on bags of words. However, since many further

features are available and could be of value, these studies in C1 would have the potential

to improve their results by conducting feature engineering, e.g., based on the taxonomy.

In cluster two (C2), one sees a group of studies that use bags of words in combination with

other features (around 40 percent). These features are indicated by two more filaments:

One feature group is POS grams, which 32 percent of the analyzed papers used. Another

band reflects the occurrence of negative or positive words, which 22 percent of the studies

in the sample used. Finally, I found a third cluster (C3), which reflects a small group

of papers which used intensive feature engineering across all granularity- and linguistic-

levels in their NLP-studies. However, these studies reflect about five percent of the overall

papers in the data set. This indicates that there seems to be untapped potential in current

NLP studies.

4.1.6 Discussion

With this research, I analyzed the manifold use of NLP features and propose a novel

design space of features and categories incorporated in an easily usable feature canvas

that is intended to help both researchers and practitioners to approach NLP endeavors

in a structured manner. The resulting taxonomy simplifies the comparability of NLP

features between different studies, domains, or applications and reduces the costly effort

for feature engineering of practitioners and scientists for traditional ML methods. The

proposed taxonomy consists of features diverse enough to demonstrate their commonalities

and differences and comprehensive enough to encompass every feature I found in the

systematic literature review. I believe that this diversity will encourage researchers and

practitioners in IS to move beyond the scope of their discipline embracing the diversity of

features that I condensed in the taxonomy. This shall increase the quality of their feature

generation for research purposes or practical applications.

4.1.6.1 Theoretical Contributions
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From a theoretical perspective, I integrate existing literature by developing a new taxon-

omy, which moves beyond existing classifications and structures and groups NLP features

from an integrative IS perspective. With a common classification of NLP features assum-

ing a holistic perspective, I provide a deeper understanding of what needs to be considered

when designing, evaluating, and comparing NLP applications. By combining the dimen-

sions and characteristics of my taxonomy, I can now assist researchers and practitioners

to better determine which design characteristics affect a certain outcome (e.g., for ex-

plainability and transparency post-hoc analysis). This provides opportunities for future

research and more detailed insights on how to design, evaluate or compare NLP features.

The taxonomy goes beyond classifying NLP-based features as it eases knowledge sharing,

provides a better understanding of interrelationships among the NLP features, and thus

supports decision making of researchers and practitioners (Bailey, 1994; Kundisch et al.,

2021; Usman et al., 2017). The taxonomy may change the way we think and learn about

NLP feature engineering in IS since it goes beyond merely classifying objects and addi-

tionally serve as a way to predict outcomes (Doty and Glick, 1994). Second, I identify and

classify dimensions and characteristics beyond a disciplinary perspective of NLP feature

engineering that is part of an NLP-based ML use case and its successful training and

explainability analysis. Third, the various characteristics are categorized and clustered in

three distinct groups (C1, C2, C3). These clusters will help researchers and practitioners

to gain an overview of existing research on NLP feature engineering and to identify cor-

responding gaps. I believe that my research findings can offer a valuable starting point

for further developing guidelines or frameworks for NLP feature engineering, especially

for special use cases, in which handling accuracy issues of small data sets or conducting

explainability assessments of large data models play a crucial role for successful use case

deployment. Especially, this provides a profound base for technology-mediated learning

to better design NLP models for ML-based learning tools, such as argumentation writing

support systems or conversational argumentation learning systems. Moreover, my taxon-

omy may be used for educating and training novice NLP learners with a comprehensive

classification of NLP features across domains and clustered groups of their applications.

4.1.6.2 Practical Contributions

Given the immense growth of NLP-based ML in research and practice, as well as the

interest in explainable modeling through NLP feature engineering or analysis to enhance

transparency and predictive outcomes, further research on this topic is guaranteed. Such

research will require a solid classification and a theoretical understanding of a design

space of NLP text features. With this work, I offer such an understanding by presenting

the taxonomy, its application by performing cluster analysis on it, which facilitates me
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to identify white spots in literature, which are worthwhile to be investigated by future

research. In this regard, I offer researchers to apply a more nuanced perspective when

training NLP-based models based on my NLP feature canvas. From a practical perspec-

tive, a common understanding of NLP feature characteristics also fosters several insights

for the field NLP, computer linguistics and human—computer interaction. The systematic

classification of NLP features enables researchers and practitioners to design, evaluate,

compare, and predict how different feature combinations impact the predictive outcome in

a certain domain more effectively. For instance, at a basic level, my taxonomy determines

a number of design decisions a researcher has to take when tuning an NLP model for a

rare use case or to post-hoc analyze the explainability of a deep learning model. Based on

my taxonomy, researchers can now identify different kinds of NLP features by combining

different characteristics of my taxonomy, depending on their domain and use case.

4.1.6.3 Limitations and Future Research

Of course, this research has several limitations, which provide avenues for future research.

First, I only identified NLP features based on scientific publications, since my main ob-

jective was to interactively categorize studies on NLP feature engineering for structuring

and enriching the IS knowledge base. Therefore, future research may adjust and extend

my taxonomy based on an in-depth analysis of real-world use cases. Moreover, in the pre-

liminary screening, I only selected research papers that explicitly mentioned text feature

engineering as my goal was to achieve diversity, not volume. Future research is needed

to investigate the effects of the dimensions and characteristics on performance outcomes

of the NLP studies for the different application areas. Finally, based on technological

advancements, more NLP features may need to be added in the future. However, encour-

aged by the evaluation with experts, I believe that my taxonomy represents a valuable

state of the art tool for analyzing NLP features for current IS research and practice.

4.1.7 Conclusion

In this study, I developed a taxonomy of NLP features based on Nickerson et al. (2013)’s

methodological approach and provide guidance by identifying groups and propositions

based on a cluster heat map analysis. The NLP feature taxonomy is supposed to help

researchers and practitioners to develop, refine, compare, and evaluate their NLP studies,

e.g., when developing AI-based educational tools. I (1) illustrated the diversity of text

feature engineering through a systematic literature review in which I found 133 distinct

NLP features in different application domains, (2) outlined a classification framework
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through a taxonomy with five dimensions and multiple characteristics, and (3) identified

patterns and white spots in the application of text feature groups.

The results support the technical development for the AI-based argumentation learning

systems in this dissertation. In fact, I utilize the developed feature canvas in section 5 to

develop and tune NLP features for an ML-based model to identify argumentative com-

ponents and relations in student-written peer reviews to provide learners with adaptive

writing support. The provided foundation is, hence, necessary to concentrate the further

course of this dissertation on the most important parts in human—computer interaction

and IS research.

In the next section of my dissertation, I use the insights from the developed NLP fea-

tures taxonomy and take a deep dive into the field of argumentation mining. Based on

a systematic literature review, I built a domain agnostic model for argumentation iden-

tification, an approach which has been neglected so far at the time of conducting the

study. The deep dive into argumentation identification provides a further foundation for

the transformer-based architecture of the argumentation mining models developed and

utilized in the course of my dissertation (e.g., in section 5).



4 Developing an Understanding of Natural Language Processing for ML-based
Information Systems 100

4.2 Utilizing Transfer Learning for Argumentation Identifica-

tion

This section further contributes to RQ1 by providing a deep dive into argumentation

mining, the primary approach used in this dissertation to provide students with adaptive

argumentation feedback and tutoring. The foundations of argumentation mining are

outlined in subsection 2.5.

4.2.1 Introduction

The identification and classification of argumentation has received special attention from

researchers and practitioners, since it enables the automated extraction of structured

information from textual sources (Lawrence and Reed, 2019). However, at the time of

conducting this study, the identification and detection of arguments was not used widely

in practice, since the practical implementation of argumentation mining faces two main

challenges in ML and NLP: first, even though good modeling results have been achieved

in one domain, research on models that perform well for multiple domain corpora is

still lacking (Lippi and Torroni, 2015b; Lawrence and Reed, 2019). Second, successful

argumentation mining use cases usually depend on handcrafted NLP features that require

a significant amount of manual labor and deep domain knowledge, which organizations

often struggle to provide. As a result, very domain-specific models have been built that

reached satisfying results in a respective domain but are mostly useless in different domain

corpora and are therefore not applicable in a practical environment (Lawrence and Reed,

2019).

One promising solution avenue is utilizing transfer learning for NLP. Transfer learning

is a concept in the field of machine and deep learning that tries to transfer the model

learnings from one unrelated topic to another, effectively reducing the development time

and increasing the prediction of the models compared to domain-specific development

(Pan and Yang, 2009). Therefore, I aim to address these challenges of argumentation

mining by using a novel transfer learning solution that is inter-domain applicable and

does not require any labor-intensive NLP features. Current solutions in argumentation

mining with unsupervised learning or classification approaches using embedding structures

and neural networks (Gema et al., 2017; Xu et al., 2015) fall short of solving those issues,

since they are either not generalizable or very domain specific (Lawrence and Reed, 2019).

Hence, I aim to contribute to literature and practice by presenting a novel solution that

works on a deep learning model architecture and enables future scientists and researchers

to build argumentation mining pipelines without intensive effort. My solution is based
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on deep transformers for natural language transfer learning proposed by Devlin et al.

(2018). This approach has been successfully applied in multiple NLP tasks that require

language understanding with state-of-the-art results. The solution components adapted

to argumentation mining that are proposed to solve the aforementioned problems are

the following: First, an easy-to-train and easy-to-use transfer learning model to identify

arguments and, second, a standardized corpus design to simplify new corpus introductions

is suggested. To tackle the stated challenges, I develop an artifact following the CRISP-

DM Model (Chapman et al. (2000), see section 3).

As I described above, I aim to develop a novel modeling approach to identify argumen-

tative texts from multiple corpora. The CRISP-DM Model was specially built to develop

data modeling approaches like ours. It consists of six different stages in which a model-

ing artifact is iteratively developed. At the time of conducting this research, there was

no study that developed a solution to the stated argumentation mining challenges using

end-to-end transfer learning approaches. In the following, I provide a brief conceptual

background and present the identified challenges based on a systematic literature review

following Webster and Watson (2002) and vom Brocke et al. (2015). Next, I explain the

building and evaluation of the model and present and evaluate our results, followed by a

discussion about the limitations and contributions of this study.

4.2.2 Theoretical Background

In this subsection, I am focusing on the challenges of argument identification, since this is

usually the first step for an argumentation mining architecture and, thus, the foundation

of every argumentation mining architecture (see subsection 2.5). Therefore, in order to

analyze the current state of literature, potential research challenges, and research gaps,

I conducted a systematic literature review based on Webster and Watson (2002) and

vom Brocke et al. (2015). Details about the methodology of the literature review (such

as search strings and data bases) are explained in the next section. I summarize the

results of the very review in the following paragraph as related work on argumentation

identification.

4.2.2.1 Overview on Past Research on Argumentation Identification

One of the first approaches for argumentation identification was investigated by Moens

(2016) which used ML techniques to develop an argument identifier for legal texts. They

used heavily handcrafted features and relatively simple ML algorithms, but their results
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were encouraging (Moens, 2016). Winkels et al. (2013) were among the first who exper-

imented with unsupervised techniques in argumentation mining. Their results showed

that pure unsupervised clustering does not yield satisfactory results (Sardianos et al.

(2015)). Habernal and Gurevych (2015) employed the idea of word embeddings in a

semi-supervised fashion for the argument identification subtask. In some cases, the re-

sults yielded a 100% improvement over previous attempts on complex online corpora. In

the continuous attempt to limit the number of handcrafted features and corpus-specific

knowledge, research has mainly shifted towards deep learning. A common architecture is

bidirectional long-short term memory (LSTM) neural networks fed with word embeddings

(Gema et al., 2017; Rajendran et al., 2018). In general, deep learning frameworks tend to

give state of the art results, which approach human performance. However, the problem

remains that when the model is getting introduced to an entirely new corpus, the accu-

racy falls significantly (Daxenberger et al., 2017). In addition, at the time of conducting

this study, no effort has been made to generalize the models for new corpora, possibly

because of model complexity and a high skill barrier to use (Lippi and Torroni, 2015a).

As a result, there is a divide in argumentation mining between traditional ML techniques

with a lot of manual labor and new deep learning techniques that require significant skill

specialization. This divide is the challenge that I am addressing with the proposed model.

Table 11 displays the most relevant studies and the argumentation mining tasks the re-

spected studies contributed to. The majority of research has been using traditional ML

approaches, which tend to be overly specialized. Different deep learning papers, that sig-

nificantly impacted the space with their results, are also single-corpus-focused and employ

a handcrafted model, which makes it hard to reproduce and use.

4.2.2.2 Transfer Learning and Transformer Architecture

Unlike traditional supervised and semi-supervised ML algorithms, which assume that the

distribution of the labeled and the unlabeled data is the same, in transfer learning there

are no assumptions about the distributions, domain, or task (Torrey and Shavlik, 2012).

Transfer learning is heavily inspired by the way humans acquire knowledge, e.g., learning

how to recognize a cat can help in recognizing a tiger. In general, the study of transfer

learning is motivated by the fact that people can intelligently apply previous knowledge

to solve new problems (Pan and Yang, 2009). For this work, I am focusing on inductive

transfer learning, where I use a model trained on a completely different corpus to do

inference on another corpus for another kind of task. For this kind of transfer learning, I

am using a type of recurrent neural network called “Transformer” (Devlin et al., 2018).

Transformers are improving upon the LSTM-attention mechanism presented in Vaswani

et al. (2017) by being able to circumvent the LSTM-attention mechanism problem of



4 Developing an Understanding of Natural Language Processing for ML-based
Information Systems 103

Study Corpus Argu.
Identifica-
tion

Component
Classifica-
tion

Relation
and Qual-
ity Classi-
fication

Modelling

Moens
et al.
(2007)

Araucaria X Näıve Bayes

Palau and
Moens
(2009)

Araucaria
ECHR

X X X Support
Vector Ma-
chine

Ozyurt
(2012)

BioNom X X Support
Vector Ma-
chine

Stab and
Gurevych
(2014a)

ComArg
corpus

X Support
Vector Ma-
chine

Sardianos
et al.
(2015)

Greek
news arti-
cles

X X Conditional
Random
Fields

Zhang
et al.
(2016b)

Web dis-
course

X Support
Vector Ma-
chine, Näıve
Bayes

Habernal
and
Gurevych
(2015)

Web dis-
course

X X Support
Vector Ma-
chine

Poudyal
et al.
(2016)

Case laws
(ECHR)

X Support
Vector
Machine,
Random
Forest

Stab et al.
(2018)

Web anno-
tated text

X X LSTM

Table 11: A not exhaustive overview of approaches and level of analysis in argumentation
mining literature.
Source: Own illustration

being able to process data only sequentially in the encoding step, potentially missing non-

sequential information on one side of the sentence (Bahdanau et al., 2014). Transformers

are able to parallelize the attention mechanism effectively, “looking” both before and after

the “to-be-predicted” token. More specifically, in argumentation mining, applications of

transfer learning have been lagging behind. This is in line with the observation that deep

learning in argumentation mining literature has only started to appear in the past couple

of years. That being said, while word embeddings as seen in Young et al. (2018) have
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been used for quite some time in argumentation mining as either feature in ML algorithms

or as input layers in deep learning models, no attempt has been made to use a complete

transfer learning pipeline as described above.

4.2.3 Methodology

The first step of my research was to identify possible gaps and challenges of argumen-

tation mining in scientific literature. Therefore, I have drawn on the approaches by

Webster and Watson (2002) and vom Brocke et al. (2015). Based on well-cited litera-

ture in argumentation mining, such as Lippi and Torroni (2015a); Stab and Gurevych

(2017), I identified different keywords, which researchers used to describe the pipelines

of argumentation mining. Based on these, I built the following search strings trying to

incorporate the previously captured namings: (“Argumentation” AND “Mining”), (“Ar-

gument” AND “Identification”), (“Argument” AND “Classification”). To find relevant

literature, I applied the search string to the following six databases: AISeL, ACM Digital

Library, EBSCO, IEEE Explore, ProQuest ABI Inform, and Science Direct.

The database search resulted in 12,529 hits. Titles, abstracts, and keywords are screened

to fit the above-mentioned definition of argumentation mining and the application of NLP

and ML to the scope of my study. I excluded papers that did not refer to a technical

perspective on argumentation mining. Multiple papers are excluded due to a different

research scope described in their abstract, e.g., several papers talked about argumenta-

tion in different domains, e.g., in learning science or mineral mining. Moreover, numerous

studies are excluded since they are talking about classification or identification of infor-

mation in completely different domains, e.g., topic classification of user-generated content

or identification of user needs on Twitter.

This screening process resulted in 67 potentially relevant papers which conducted studies

on argumentation mining, argumentation identification, or argumentation classification.

After the elimination of all duplicates, I had 50 relevant papers left. Afterwards, a forward

and backward search was carried out according to vom Brocke et al. (2015). Through

screening the references, 18 studies are added to the list, resulting in 68 relevant papers,

which are the basis for my related work section in the theoretical background section.

I found two main literature gaps, namely, the lack of corpus-agnostic models and the

problem of human-labor-intensive NLP models being costly to develop.

Next, I formulate my hypothesis that transfer learning might provide a solution to both

challenges. In order to prove my hypothesis, I aim to develop a new argumentation

identification pipeline based on the current state of transfer learning. Afterwards, I want
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to evaluate the results of my pipeline for different corpora compared with the latest results

published in the literature. In order to do so, I develop an artifact following the CRISP-

DM Model (see section 3).

In the first stage, I analyzed the current state of argumentation identification achievements

in literature. Second, I investigate different corpora and their results at the current state in

Argument Identification in terms of precision, recall, or accuracy across multiple domains.

In fact, the goal of my research is to find a model that is domain-agnostic, however, I did

not find any model in the literature that achieved this goal. Third, I build an artifact

that is able to identify an argument in an unknown corpus. This is achieved by using

NLP are and deep learning algorithms to classify a text piece as an argument or a non-

argument. The fourth stage is an iterative process of evaluation and revision of the model

based on various performance metrics such as the f1-score. In this stage, I expand the

model’s usefulness and applicability by adding additional corpora and by identifying the

best hyperparameters for my model based on the results. Finally, in the fifth stage, I

draw conclusions based on the iterative process and the results.

The approach is developed using the programming language Python 3.7 for the ML ap-

plications, since it is widely known, easy to use, and supports major libraries for NLP

and ML tasks. The ML-related algorithms are called from the Google-supported tool

Scikit-learn. For deep learning, TensorFlow and its integrated Keras are called.

4.2.4 Implementation

The goal of the research is to create a model that augments the current argumentation

mining techniques. Specifically, it aspires to reveal a unified model architecture that is

corpus-agnostic and reduces the manual corpus-specific work. In order to accomplish

this, I propose a transfer learning approach based on Deep Bidirectional Transformers for

Language Understanding (BERT) as seen in Devlin et al. (2018). I hypothesize that this

model architecture is uniquely suited to act as a unified, domain-agnostic, and easy-to-

develop solution for argumentation mining. In order to validate the hypothesis, I conduct

research structured as a CRISP-DM cycle, as it is demonstrated above. The first phase,

business understanding, is explained in the introduction and the theoretical background

of this section.

4.2.4.1 Data Understanding

The solution to the stated problems begins with the finding of a representative corpus
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for argumentation mining, followed by the construction of the model, and the training

and evaluation of the classification algorithms. The first dataset acted as a blueprint for

the model. The model specifications are built according to the first dataset to reduce the

noise of the different annotations and assumptions of different corpora. The blueprint

corpus had to be a well-structured, multi-used corpus that would minimize the possibility

of corpus-specific irregularities and allow the shift of tuning and research towards the

architecture and model themselves. After a thorough search of the available datasets, it

became apparent that the most suitable and used corpus is the Student Essays corpus

from Stab and Gurevych (2017), containing 402 annotated student essays. The corpus

format has been used multiple times, the text nature (student essays) provides the best

representation of a user trying to argue in a structured way. The corpus is divided

into essays, each one has embedded annotated argument components “Major Claim”,

“Claim”, “Premise”. In order to deduct a binary-labeled corpus from this, the labels above

are transformed into the labels “Argument” and “Non-Argument”. The labels “Major

Claim”, “Claim”, and “Premise” are labeled as “Argument”, and the rest of the text is

labeled as “Non-Argument”. However, to achieve my goal to build a domain-crossing

argumentation identification model, I needed to find additional corpora from different

domains. During my systematic literature review, I decided to include the following

corpora from different domains for my model:

• AracauriaDB: this corpus was introduced by Reed et al. (2008) and includes vari-

ous sources, such as parliamentary records, news, and court summaries. The anno-

tation quality is unknown, but it is among the very first and the most used corpora

in argumentation mining.

• User-generated web discourse: this corpus consists of blog posts and user com-

ments on various issues that are annotated with claims, premises, backings, and

rebuttals according to the Toulmin model (Toulmin, 1984).

• Wikipedia blog comments: Biran and Rambow (2011) annotated two datasets.

One was blog posts and their comments from LiveJournal and the second one was

comments on the Wikipedia talk (WT) pages, where discussions on Wikipedia en-

tries are made. I chose to incorporate the WT corpus since the quality is significantly

better.

• Combination: following the standardization procedure of the proposed pipeline,

all corpora have the same structure and labeling scheme. Thus, the combination of

all of them was introduced to the system with the rationale of getting a holistically

trained model.
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Study Corpus Size Method Metric Result

Stab and
Gurevych
(2017)

Student Es-
says

402 Essays Conditional
Random
Fields

f1 85.40%

Moens
et al.
(2007)

AraucariaDB 2800 sen-
tences

Multinomial
Näıve Bayes
Classifier

accuracy 73.75%

Pennington
et al.
(2014)

Web Dis-
course

3900 sen-
tences

Support Vec-
tor Machine

f1 71.40%

Daxenberger
et al.
(2017)

Wikipedia
Blog Com-
ments

1985 docu-
ments

Convolutional
Neural Net-
work

f1 60.50%

Table 12: Results of binary classification for argumentation identification based on current
literature.
Source: Own illustration

4.2.4.2 Data Preperation

The data preparation is split into two parts, the data standardization, and the data pre-

processing. The data standardization is a meta-architecture that makes sure that each

corpus abides by the same rules before entering the model. Data preprocessing is the

steps that have to be taken for the corpus to be understood by the model’s architec-

ture. Since different corpora have completely different annotation schemes, in order to

homogenize but also to keep tokens at the above-word length, the sub-sentence length

was chosen. Each sentence was split into sub-sentences signaled by commas (‘,’) or other

punctuation (‘?’,’ !’,’;’) and each token was assigned the “parent” label of “Argument”

or “Non-Argument”. All extra whitespaces, punctuation, and special characters are re-

moved. Subsequently, since BERT requires some unique text preprocessing steps in order

to work, the steps below had to be taken:

1. The labels should be converted to 0 or 1.

2. The text should be transformed to lower case.

3. The text input must be padded to be a multiple of the batch size in order to be run

on the Google Cloud TPU without errors.

4. The text should be split into special sub-word tokens.

5. The text has to be converted into input features in order to be understood by the

deep learning framework.
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Except for converting the labels into binary, the preprocessing steps are handled by the

tokenizer of BERT, minimally adapted to work on a custom classification scenario. Finally,

since the classes on most corpora are very imbalanced, a balancing method was chosen.

Taking into consideration that the data size is small (and the range of options that are

available to avoid overfitting), the oversampling technique was used on the training sets.

4.2.4.3 Modelling

After the meta-modeling and the preprocessing of the text, the result is inserted into the

proposed learning architecture.

Figure 30: Outline of the proposed learning architecture for argumentation identification.
Source: Adopted from Devlin et al. (2018)

Figure 30 outlines the proposed learning architecture. The goal of this model is to be

a flexible, corpus-agnostic, and accurate way of identifying arguments that would be a

foundation piece for the process of building an automated argument feedback system.

BERT is the perfect candidate for this because of its flexibility and generalization. BERT

is a pre-trained deep learning model that has been trained unsupervised using the whole

Wikipedia corpus. The novelty of this architecture and what makes it ideal for transfer

learning tasks is that it is able to capture semantic information from text, which can

then be used for other downstream tasks without the need for retraining. BERT is

able to capture this semantic information by implementing two architectural novelties.

The first one breaks each word into sub-word tokens that are able to much better cope

with unique words and misspellings. The second one predicts a token by looking both

at the text that precedes it and the text that follows using “Transformers” instead of

the traditional LSTM approach as seen in Young et al. (2018). The API access is done

through Python and with the libraries of Tensorflow and Keras. The proposed architecture

consists of a corpus-agnostic BERT implementation with ten fine-tuning layers with an

additional single hidden layer. Fine-tuning enables to inexpensively train some of the
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model’s parameters, making the model specialized to argumentation mining while keeping

the knowledge that the model acquired multiple days of expensive training. The last

hidden layer is a recurrent neural network with 512 nodes that takes the BERT output

and learns to feed into a sigmoid layer that classifies each input into one of the two classes.

Since almost all of the corpora are small, regularization techniques are needed to avoid

overfitting and to stabilize the model. A dropout layer with a dropout rate of 0.7 was

introduced. The whole model is considered to be quite “deep”; hence, it tends to over-

fit quite fast with small datasets. Thus, a high dropout rate ensures that this does not

happen as fast. Also, the ”callback” Keras feature was used to save the best-performing

model, to decrease the learning rate once the learning has plateaued, and finally to stop

the training once the evaluation metric has stopped increasing. Practically, this corre-

sponds to the introduction of the Keras methods “ModelCheckpoint”, “EarlyStopping”,

and “ReduceLROnPLateu”. Since the goal is to determine a corpus-agnostic model, the

objective of the hyperparameter tuning is to find the parameters that work best for all used

corpora. A Grid Search for all corpora and all parameters would be too time-consuming,

so the Student Essays corpus was used as a blueprint to significantly limit the universe

of possible hyperparameters. Here, the following hyperparameters are optimized with a

“sparse” grid-search: number of fine-tuned BERT layers, number of layers in the RNN,

number of nodes per Layer, regularization techniques, optimizer, loss, and batch size.

This search resulted in choosing the “adam” optimizer, the “binary crossentropy” loss,

and the introduction of a “dropout layer” as a best practice technique. After performing

a Grid Search of the student essays, the possible space was substantially reduced to the

number of fine-tuned layers, since it was the main parameter with by far the most signifi-

cant performance variability. Subsequently, a Grid Search of the layers of all corpora was

done to reveal the optimal parameters.

4.2.4.4 Evaluation

After each training, the algorithm is used to classify the posts in the previously unseen

test set. The classification results (positive/negative) are compared with the true labels.

The percentage of correctly classified posts compared to the total number of posts is

called accuracy. Precision is the fraction of the truly positive posts among all positively

classified posts, and recall is the fraction of truly positive posts that have been classified

as positive. The f1-score balances between precision and recall and thus present the most

suitable criterion for my use case since precision and recall are both equally important.

However, I have recorded accuracy, recall, precision, and f1-score for all my classification

experiments. The results are stated in Table 13.
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Corpus accuracy precision recall f1

Student Essays 80.00% 80.41% 91.16% 85.19%
AracauriaDB 97.46% 95.51% 92.37% 93.10%
Web Discourse 80.00% 81.49% 87.65% 84.15%

Wikipedia Blog Comments 66.59% 70.00% 80.75% 74.86%
Combined 75.79% 73.22% 80.70% 76.57%

Table 13: Achieved results for different domain corpora with the same BERT learning
model.
Source: Own illustration

Comparing the results achieved with one unique model in Table 13 with the results for

these corpora at the current state in Table 12 for argumentation identification, one can

observe that my proposed model produces state of the art results (at the time of con-

ducting the research) for almost all datasets except the student essays. The difference is

minimal, and this signifies the trade-off (0.21%) between a highly specialized and complex-

to-develop model versus the proposed generalized solution. It is hypothesized that Ara-

cauriaDB has the best score because it is the easiest of all; even a simple ML system

(Moens et al., 2007) achieves a score of 74% accuracy. On the other end of the spectrum,

it is hypothesized that the blog comments corpus has the worst score because the nature

of the corpus is much less clean, and it is difficult to analyze and deduct argumentation.

As a matter of fact, in Daxenberger et al. (2017) even deep learning methods fail to

distinguish a claim from a non-claim in an above-chance probability.

Finally, at the time of conducting the research, there was no other published study that

tried to create a generalized model out of multiple argumentation mining corpora. The

combination of the corpora was made possible by creating a unified data standardiza-

tion pipeline that allowed differently annotated corpora to be concatenated into a single,

multi-domain corpus. The result demonstrates that even a BERT module pre-trained on

non-argumentative text (Wikipedia) can produce very good results that imply language

understanding at a multi-domain corpus that is structurally and semantically radically

different both from the pre-trained model and from each of the sub-corpora.

4.2.5 Discussion

The aim of the work was to take a deep dive in to one of the challenges in argumentation

mining by utilizing a novel transfer learning solution that is inter-domain applicable and

does not require any labor-intensive NLP features. I conducted a systematic literature

review to analyze the current state and potential gaps of argumentation mining literature.

The hypothesis was that new advantages of transfer learning can solve the challenges of
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domain-agnostic models and labor-intensive modeling approaches. I developed a new

modeling approach utilizing BERT, and I prove that this is a suitable technology avenue

for those challenges.

The contribution is twofold: first, I contribute to scientific literature by demonstrating a

new modeling approach and solution to current problems of argumentation mining. The

proposed model demonstrates that a whole new path has opened up for argumentation

mining. Utilizing the power of transfer learning models such as BERT provides a potential

solution to the fragmentation of the argumentation mining research into multiple domain-

specific nodes and into a ML vs deep learning dichotomy. The research is the first step

in implementing such techniques in the whole argumentation mining pipeline. Second, I

contribute to practice by providing a use case on how to utilize argumentation mining in

interdomain applications without intensive human modeling. Even though the proposed

system uses state of the art technology to be able to infer meaning from pools of text,

the availability of the toolset in an open-source and third-party maintained fashion is

making it accessible to practitioners that had minimal exposure to deep learning before.

In addition, the API access minimizes the time costs of running such a deep model since

it is run remotely by default. The reduced time costs allow for much easier experimenting

and even multiple practical applications with minimal training data input or even direct

inferencing from related corpora.

4.2.6 Conclusion

The results of this approach guide the next chapters of my dissertation. Argumentation

mining is the core approach that I utilize to provide students with adaptive feedback

during their writing process. Besides using the developed NLP-feature canvas to de-

sign domain-specific features for argumentation mining in student-written texts (e.g., in

section 5), I also utilize the transformer-based architecture to identify argumentation

components based on my conducted research (e.g., in section 6). The next section will

also build on argumentation mining and, hence, directly applies the NLP feature canvas

and the findings of transfer learning for argumentation mining to provide students with

adaptive writing support for peer reviews.
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5 Designing AI-based Argumentation Writing Sup-

port Systems

This section contains one of the core contributions of my dissertation: the design and

evaluation of AI-based argumentation writing support systems for students’ to learn ar-

gumentation irrespective of an instructor, time, and location.

While the prior section was focusing on the technical foundations of NLP-based IS and

argumentation mining approaches, this section provides a holistic overview of the require-

ments, the design, the development, and evaluation of AI-based argumentation writing

support systems. Hence, this section contributes to the three stated research questions -

RQ1b, RQ2, and RQ3a (see section 1).

RQ1b: What are user and literature requirements for adaptive learning tools to support

students in their argumentation learning process?

Method: Systematic literature review from an interdisciplinary perspective and user in-

terviews.

Results: Literature issues and user requirements for the design of an argumentation

learning system.

Starting with a systematic literature review and 30 semi-structured interviews, in this

section, I systematically collect theory-based and user-centered design requirements for

AI-based argumentation writing support systems directly addressing RQ1b. As a result,

I collect different literature issues (LI) and 180 user stories (US) representing the require-

ments from the knowledge-based and the field for AI-based argumentation writing support

systems (see design science research in section 2).

RQ2: How to design an adaptive learning tool based on Artificial Intelligence in a large-

scale pedagogical scenario to support the development of students’ argumentation skills in

their learning process?

Next, this section analyzes the collected design requirements and derives different design

principles for the specific design of AI-based argumentation writing support systems ac-

cording to Gregor et al. (2020). Addressing RQ2, the design principles are intended to

guide and assist educational designers in developing new AI-based argumentation learn-
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ing systems in different pedagogical scenarios to impact the development of students’

argumentation skills.

RQ3a: How does an adaptive argumentation writing support system need to be designed

to influence students’ argumentation skills in peer review scenarios?

Method: Design science research including corpus development, argumentation modeling

in student-written peer reviews, mixed-method research with a series of experiments.

Results: Empirical evidence for the influence of an adaptive argumentation writing sup-

port system based on certain design principles on students’ formal meta-cognitive argu-

mentation skills and their user experience.

Next, I aim to evaluate the design principles for AI-based argumentation writing support

systems in the specific pedagogical scenario of student peer reviews. To do so, I use

methods from human-centered design research, conduct annotation studies and techni-

cal experiments to model argumentation discourse structure in German student-written

texts. I instantiated an AI-based argumentation writing support system based on my

principles called ArgueLearn. ArgueLearn provided students adaptive feedback based

on their written text by highlighting potential pitfalls in their argumentation based on a

static interaction with adaptive and individual argumentation feedback. To determine the

impact on students’ argumentation skills, I built ArgueLearn as an instantiation of the

novel system class and conducted two empirical evaluation episodes following an ex-post

summative evaluation strategy (Venable et al., 2016).

In study 1, I test if individual feedback on students’ argumentation helps them to write

more convincing texts and thus increase their short-term argumentation skills. Hence, I

rigorously compare my instantiated argumentation writing support system to a proven

argumentation support tool based on an input mask (Fischer et al., 2013) in a laboratory

experiment.

In study 2, I investigate if a constructive pedagogical scenario with adaptive feedback

increases the long-term argumentation skills of students. Hence, ArgueLearn provides

students adaptive argumentative feedback on written peer-feedbacks about business mod-

els in a large-scale lecture as a field experiment. After a period of two months and nine

treatments, I then evaluate if the argumentation skills of the treatment group are higher

in a second argumentation domain (societal debates based on Flender et al. (1999)) than

of the control group which just received general argumentation feedback on their written

peer-feedbacks.
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This section’s main goal is to develop a set of theoretically and empirically grounded

design principles for AI-based argumentation writing support systems. This collection of

design principles is an information technology (IT) artifact that establishes a general solu-

tion by depicting a class of technologies and can be instantiated into concrete IT artifacts

(Iivari, 2015). Design principles serve as prescriptive statements that constitute the basis

of design actions or, in other words, “how to do something to achieve a goal” (Gregor et al.

(2020), p.2). Hence, I present the design principles according to their implementation,

demonstrations, and evaluation of the novel class of AI-based argumentation writing sup-

port systems that provide individuals with individual argumentation support for writing

tasks (e.g., a persuasive essay or a review of a peer’s work). Owing to the nature of my

research objective, I followed the design science methodology. In this case, the objective is

to form design principles to support the systems’ development of AI-based argumentation

writing support systems and potentially other classes of AI-based argumentation learning

systems.

Figure 31: Design science research methodology for the design of AI-based argumentation
writing support systems.
Source: Own illustration based on Peffers et al. (2007)

Figure 31 illustrates the steps taken to ensure that design knowledge is created based on

insights from the application domain and the knowledge base Peffers et al. (2007).

The final prototypical system comprised a combination of artifacts based on my theory-

based design principles: an argumentation annotation scheme for student-written peer
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reviews along with an annotation study (artifact 1); a corpus of 1000 argumentation-

annotated student-written peer reviews in German (artifact 2); a trained ML model that

assesses and predicts texts’ argumentation quality (artifact 3); and a fully functional

AI-based argumentation writing support system (artifact 4).

Hence, this section provides a general insight into the design, development, and eval-

uation of AI-based argumentation writing support systems. The results (such as the

design principles and the annotation scheme) influence the other succeeding sections of

my dissertation (e.g., section 6).4

4The insights presented in this section are partly based on various papers (Wambsganss et al.,
2020b; Wambsganss, 2021; Wambsganss et al., 2020c, 2021b, 2022b). I thank my collaborators,
the reviews, and the Associate Editors for the valuable feedback on my work.
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5.1 Requirements for the Design of AI-based Argumentation

Writing Support Systems

To build a user-centered and theory-based learning system, I first derived a set of meta-

requirements from the current state of scientific literature for the design of an AI-based

argumentation writing support system. In this vein, I conducted a systematic literature

search in the fields of human—computer interaction, IS, NLP, and educational technology

using the methodological approaches of Webster and Watson (2002) and vom Brocke et al.

(2015). Next, I conducted 30 semi-structured interviews with students, who are the main

user group of the final artifact, using the expert interview method by Yin (2015). Based on

these insights, I derived four overarching design principles based on theory and informed

the design with the results form my user interviews to instantiate and evaluate the design

principles in a novel AI-based argumentation writing support system. Thus, I aim not only

to address the educational task (writing coherent arguments) but also to build a holistic

argumentation writing support system embedded in a pedagogical scenario (structure),

focusing on the learner through a user-centered and theory-motivated design (Gupta and

Bostrom, 2009).

5.1.1 Literature Requirements for AI-based Argumentation Writing Support

Systems

To derive requirements from scientific literature, I (1) defined the review scope, (2) con-

ceptualized the topic, (3) searched the literature, and (4) analyzed the findings regarding

requirements. Regarding step 1, defining the review scope, I primarily focused my research

on studies that demonstrate the successful implementation of learning tools for argumen-

tation skills. Furthermore, my goal was to identify requirements on a conceptual level with

a focus on an espousal of position and representative coverage (Cooper, 1988). Regarding

step 2, conceptualizing the topic, I identified two broad areas for deriving requirements:

educational technology and learning theories. Since the creation of a learning tool for ar-

gumentation skills is a complex project that is studied by psychologists, pedagogues, and

computer scientists with different methods, I first concentrated on these literature streams

(Scheuer 2015). Regarding step 3, literature search, I applied different search strings such

as “Argumentation Learning” or “Argumentation Mining” and applied them to the fol-

lowing six databases: AISeL, ACM Digital Library, EBSCO, IEEEXplore, ProQuest ABI

Inform and Science Direct. Based on recent literature on technology-mediated argumen-

tation skill learning (e.g., Stab and Gurevych (2017); Scheuer et al. (2010)), I used the

following search terms: “Argumentation” AND ”Learning” OR “Argumentation” AND

”Mining” OR ”Argumentation” AND ”Identification”. Table 14 summarizes the found
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Databases
AISeL ACM Library EBSCO IEEEXplore ProQuest ScienceDirect

Search
strings

Hits Rel. Hits Rel. Hits Rel. Hits Rel. Hits Rel. Hits Rel.

”Argumenta-
tion” AND
”Mining”

206 5 103 7 8 0 26 12 3446 3 206 5

”Argument”
AND ”Identi-
fication”

369 2 126 4 8 0 73 9 50 4 862 0

”Argument”
AND ”Classi-
fication”

269 3 77 3 9 0 209 7 5420 3 1062 0

”Argument”
AND ”Learn-
ing”

1 0 4 4 9 5 6 4 115 35 1062 15

With Duplicates: 130 12 Forward Search
Without Duplicates: 120

+
6 Backward Search

= 138

Table 14: Overview on hits and relevant for AI-based argumentation learning tools in
different databases.
Source: Own illustration

hits and the relevant papers for each database.

I screened the title, abstracts, and keywords of the found hits to fit the purpose of the

priory stated research question and to the scope of my research. Hence, I defined specific

criteria for inclusion and exclusion and reviewed the titles and abstracts of my search

results in a first step. I only included literature that deals with or contributes to a kind of

learning tool in the field of argumentation learning, such as an established learning theory.

Several papers that deal with argumentation in other research areas were excluded. The

vast majority of the found papers had no connection to both, argumentation learning

and argumentation mining, and thus were excluded. In total 120 relevant papers were

identified from 12,716 received hits between October and December 2018. Afterwards, a

forward and backward search was carried out according to Webster and Watson (2002).

By screening the references 18 of the articles were added to the list. While the result of

this initial literature review impacts the entire dissertation, I summarized the most pre-

vailing findings for the design of AI-based argumentation writing support systems in the

next paragraph. Nevertheless, a general overview of argumentation learning, technology-

mediated argumentation learning systems, as well as argumentation mining is provided

in section 2.

I have summarized similar topics of these contributions as literature issues and formed six

clusters from them. Based on these literature issues, I derived meta requirements for the

design of an adaptive argumentation learning system. The literature issues as well as the

relevant studies are explained and cited in the succeeding section when deriving the design

principles for AI-based argumentation writing support systems to avoid repetitions.
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5.1.2 User Requirements for AI-based Argumentation Writing Support Sys-

tems

Based on the derived literature issues and meta requirements, I conducted 30 semi-

structured interviews according to Glas̈er and Laudel (2010). The interview guideline

consists of 29 questions, and each interview lasted around 30 to 50 minutes. The inter-

viewees were students at our university who are all potential users of an argumentation

learning system. The participants were asked about the following topics: experience

with technology-based learning systems, perception of existing learning systems in use, the

importance of skills in university education, requirements for a system that supports learn-

ing metacognition skills (e.g., functionalities, design), and requirements for a system that

supports learning how to argue through individual writing support (e.g., functionalities,

design).

To gain impressions resulting from many years of learning experience, only master stu-

dents were recruited for the interviews. The interviewed students were between 22 and

28 years old, and all students of economics, computer science, or psychology; 13 were

male, 17 were female. After a more precise transcription, the interviews were evaluated

using qualitative content analysis. The interviews were coded, and abstract categories

were formed. The coding was performed using open coding to form a uniform coding

system during evaluation (Yin, 2015). Based on these results, I gathered 180 user stories,

aggregated the most common ones, and identified eight user requirements (URs) following

Cohn (2004).

Students had a strong desire to practice arguing using a theoretical argumentation model

in order to get learning orientation if necessary (US1). Hence, the inclusion of a the-

oretical learning model, e.g., the Toulmin model (Toulmin, 2003), is a major need for

students (UR1). Furthermore, students expressed a desire to track present and previous

performance in order to assess progress toward the preferred structure and, as a result,

the learning goal (US2). All of the students agreed that the learning tool should have a

straightforward, intuitive, and enjoyable user experience (UX) and be simple to set up on

any device (US3), which I included in UR2. Furthermore, all students stated that they

would like to have more control over the granularity of the feedback they receive on their

argumentation skills (US4).

Furthermore, a large majority stated that they would like an overview of various feedback

categories, such as formal and conversational structure, strengths, and shortcomings, as

well as the ability to zoom in on those areas for more thorough feedback (UR3). Several

times in the interviews, the content and presentation of the arguments feedback were

addressed. To determine the vulnerability of the reasoning and thus precise recommen-
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dations on how to improve, detailed feedback on the formal structure and linkages of

their arguments is required (US5). As a result, I came up with the idea of providing

feedback on formal structures and linkages of arguments in conjunction with specific im-

provement objectives (UR5). Following that, 80 percent of students indicated that social

comparisons with peers during their argumentation learning process would obstruct their

progress. Indeed, they claimed that a comparison with theoretical models would be nec-

essary (e.g.,Toulmin (2003)) or best practices on how to improve would be more beneficial

in their learning process (US7). Thus, best practices and solutions based on theory com-

parison should be included in the argumentation learning systems (UR6). All students

agreed that the value and usefulness of the offered feedback must be particular and spe-

cific in order to continue using the tool (US8). An evaluation that is overly broad and

probable recommendations that have no bearing on the individual would be a reason to

avoid using the tool (UR7). These UR guided the instantiation of theory-based princi-

ples in the produced argumentation writing support system ArgueLearn, influencing the

creation of design principles but mostly influencing the formulation of design principles.

After the literature has been reviewed for specific issues on AI-based argumentation writ-

ing support systems and the user requirements have been collected. The next step in-

corporated to derive distinct design principles for the new system class for AI-based

argumentation writing support systems.

5.1.3 Deriving Design Principles for AI-based Argumentation Writing Sup-

port Systems

In this section, I will outline how I derive the design principles for designing AI-based

argumentation writing support systems that support individuals in learning how to argue

(Gregor et al., 2020). The conceptualization of the design principles was informed by the-

ory about (argumentation) skill learning (e.g., Jonassen and Kim (2010); Pinkwart et al.

(2009); Wang et al. (2020)), argumentation theories (e.g., Kuhn (1993); Toulmin (2003);

Walton et al. (2008)), technology-mediated learning (e.g., Alavi and Leidner (2001); Gupta

and Bostrom (2009); Hattie and Timperley (2007)), literature on argumentation mining

and argumentation corpora development (Koschmann, 1996; Lippi and Torroni, 2015b;

Stab and Gurevych, 2017) and the design of educational learning tools (e.g. Mayer (2014);

Scheiter and Gerjets (2007)).

According to design science research, I based the formulation of my design principles on

a particular kernel theory to guide the development of AI-based argumentation writing

support systems. As introduced in section 2, I relied on self-regulated learning theory

(Bandura, 1991; Zimmerman and Schunk, 2001) as an overarching kernel theory and,
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in particular, on self-monitoring and self-evaluation based on formative feedback (Ban-

dura, 1991; Hattie and Timperley, 2007). However, I do not aim to focus solely on

self-regulated learning and the learner’s entire cognitive process but rather on the proven

self-reliant learning so that individuals can learn argumentation skills irrespective of in-

structor, time, and location. Being aware that self-regulated learning involves more than

formative feedback, self-monitoring, and self-evaluation, I am still focusing on these (indi-

vidual) concepts—in combination with other guiding literature—with the simple objective

of designing a novel argumentation learning system to better support humans in learning

argumentation skills based on recent technological advances embedded in known theo-

retical concepts (such as self-regulated learning). Below, I will further outline how I use

self-regulated learning in combination with other theories to derive four design principles

to achieve my research objective.

Transparent and In-Depth Skill Feedback Based on Learners’ Individual Errors

Self-regulated learning theory holds that humans learn better through formative feed-

back and goal setting (Bandura, 1991; Zimmerman and Schunk, 2001). Critical reflection

through self-monitoring and self-evaluation is particularly important for students’ effective

learning (Zimmerman and Schunk, 2001). This may be an initial trigger for the individ-

ual’s learning process and, thus, the creation of new knowledge structures. However, the

correct proportion of self-evaluation in combination with a learning goal is important for

humans to learn effectively (Bandura, 1991; Zimmerman and Schunk, 2001). Therefore, I

propose that the right level of feedback on learners’ skills, such as argumentation, could

lead to greater self-efficacy and increased motivation to learn how to argue in a struc-

tured and well-formed way (Bandura, 1977). According to Bjork et al. (2013), accurate

self-monitoring and evaluation of one’s learning progress are fundamental components for

effective self-regulation of learning. Nevertheless, humans struggle to monitor and eval-

uate their learning and comprehension of complex materials (Bjork et al., 2013). Hence,

the design of appropriate monitoring and evaluation elements for certain skills might help

learners to continously learn more effectively from a long-term perspective (i.e., Roediger

and Karpicke (2006)). One way to facilitate effective monitoring and evolution of learning

is to combine skill monitoring with formative assessment and performance feedback (Black

and Wiliam, 2009; Hattie and Timperley, 2007). From a learning theoretical perspective,

individual formative feedback is crucial for the learning of metacognition skills, such as

argumentation (Vygotsky, 1980). To be effective, feedback should define goals, monitor

progress toward the goals, and identify the activities that will bring the learner toward

the goals (Hattie and Timperley, 2007). Furthermore, research has suggested that feed-

back on learners’ errors can greatly facilitate new learning (Metcalfe, 2017). According

to Metcalfe (2017), p. 484, making errors and receiving feedback “enhances later memory

for and generation of the correct response, facilitated active learning, [and] stimulates the
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learning to direct attention appropriately.”

Adaptive feedback has been suggested as a means of monitoring students’ argumentation

skills (Afrin et al., 2021; Noroozi et al., 2018; Scheuer et al., 2010; Lawrence and Reed,

2019). Accurate and detailed argumentation writing feedback is most helpful and effec-

tive, as evidenced by improvements in writing outcomes (Afrin et al., 2021). Research

has also found that transparent argumentation highlighting (e.g., with in-text colors) in

combination with background information and explanations is more effective in helping

users understand the feedback (Afrin et al., 2021; Wang et al., 2020). In particular,

colored in-text feedback on claims and premises has been shown to successfully support

argumentation skills (Afrin et al., 2021; Chernodub et al., 2019; Zhang et al., 2016a).

However, adaptive recommendations and explanations have been repeatedly mentioned

as a requirement for users to successfully understand and incorporate feedback (Afrin

et al., 2021; Hattie and Timperley, 2007; Xu et al., 2021).

Hence, based on Gregor et al. (2020), I derive the following design principle (DP1):5

DP1: Employ transparent and in-depth skill feedback based on learners’ individual errors

to facilitate self-evaluation during their individual learning process.

Learners’ Choice of Different Granularity Levels, Visualizations, and Repre-

sentation of Feedback

Providing learners with greater control over their learning process can lead to positive im-

pacts on learning effectiveness and outcomes (Brown et al., 2016). According to Howard-

son et al. (2017), the concept of learner control involves understanding both learner- and

instruction-centric constructs. Hence, it is important to incorporate not only surface-level

learner control (e.g., when and where the exercise is completed) but also deep-level learner

control (e.g., learners’ capacity to control the level of feedback information) (Brown et al.,

2016). In their active learning approach, Bell and Kozlowski (2008) identified the concepts

of guided exploration and error management as most effective for self-regulated learning.

Guided exploration allows learners to act on and receive feedback from a digital learning

tool, whereas error management motivates educational designers to develop pedagogical

scenarios in which learners can make errors and inductively discover strategies to improve

and learn accordingly (Brown et al., 2016; Zacher and Frese, 2018). Both are typically

combined with personal suggestions and explanations.

5Please note that all my design principles aim to support IS designers in designing AI-based
argumentation writing support systems for individuals to improve their argumentation skills
autonomously and independently of an instructor and irrespective of time, and place.
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A high degree of surface-level and deep-level control of learning feedback has been shown

to positively impact skill-based learning outcomes (Carolan et al., 2014; Kraiger and

Jerden, 2008). Based on cognitive load theory (Sweller, 1994), Mayer (2003) also identified

the learners’ control principle as a major element in their e-learning theory. It aims

to enable learners to adjust the amount of input information needed for their personal

learning process. Moreover, in his cognitive theory of multimedia learning, Mayer (2009)

identified “multimedia principles,” including that “people learn more deeply from words

and pictures than from words alone” (Mayer (2009), p.47). He assumed that a learner

has two separate information processing channels (auditory—related to reading texts, and

visual—related to comprehending visualizations). Each channel has limited capacity, and

learning is an active process of filtering information based on prior knowledge. Therefore,

to better guide learners, an argumentation learning system must incorporate both words

and images to reduce the load on a single processing channel. Providing representations

of argumentation structures to humans is also reflected in the theory of representational

guidance for argumentation skill learning (Scheuer et al., 2010; Suthers, 2003).

Accordingly, argumentation representations (e.g., a visualization of an argumentation

discourse as linked graph structures) foster argumentation by stimulating and improving

individual reasoning and learning (Suthers, 2003; Suthers and Hundhausen, 2001).

For AI-based argumentation writing support systems, learner control plays a crucial role

in feedback allocation design. I thus derive the following second design principle:

DP2: Offer a selection of different granularity levels, visualizations, and representations

of the feedback to provide the learner with the right amount of feedback information nec-

essary to foster self-controlled learning.

Machine Learning Model on a Validated and Sufficient Corpus Retrieved from

a Related Text Domain of the Pedagogical Scenario

The main objective is to provide learners with adaptive and individual feedback that

enables them to monitor and evaluate their current argumentation skill levels irrespec-

tive of instructor, time, and location. While argumentation feedback can also be achieved

through rule-based approaches (Huang et al., 2016), by ontologies or syntactical structures

(Scheuer et al., 2012b), and human-based correction (Afrin et al., 2021), novel argumen-

tation mining algorithms offer scalable ways to provide adaptive feedback based on the

sentence, or even the sub-sentence level on unfamiliar text domains (Chernodub et al.,

2019; Visser et al., 2021; Zhang et al., 2016a). However, the availability of high-quality

labeled corpora is crucial in designing, training, and testing argumentation mining algo-

rithms. Numerous studies have dealt with the creation of annotated datasets but these
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have all been limited to particular genres, ranging from well-structured legal (Palau and

Moens, 2009) and scientific documents (Kirschner et al., 2015; Lauscher et al., 2019), to

ambiguous and less formal social web content Habernal and Gurevych (2015). The cre-

ation of gold standards and test collections requires a formal representation model and

corresponding annotation guidelines. While several well-defined models exist in argumen-

tation mining (Freeman, 2001; Toulmin, 2003; Walton et al., 2008), no general argumen-

tation annotation scheme is applied across all textual domains and genres. The proposed

representations differ in granularity, expression power, and categorization (Lawrence and

Reed, 2019; Visser et al., 2021). Therefore, studies with several annotators when in-

troducing new annotation schemes are crucial for the quality of argumentation corpora

(Visser et al., 2021). Hence, it is important to ground new argumentation schemes not

only on argumentation mining literature but also on theoretical concepts, such as defined

argumentation models (Toulmin, 2003). In-text feedback on the sentence level is known

to be more effective than higher-level argumentation feedback (e.g., on the paragraph or

document level) (Afrin et al., 2021). Hence, for AI-based argumentation writing support

systems, a corpus based on a theory-grounded annotation scheme is necessary to reliably

capture argumentation discourse at the sentence level (Stab and Gurevych, 2014a, 2017;

Visser et al., 2021). In general, when collecting a dataset to train a model for real-life

user feedback, it is necessary to ensure that the data are based on a representative and

balanced subset of the domain in which the model is later employed (Pustejovsky and

Stubbs, 2013).

To develop an accurate AI-based argumentation writing support system, it is necessary

to ensure that the annotation scheme, as well as the collected corpus, are related to—if

not retrieved and designed for—the specific pedagogical scenario in which the learning

tool is deployed. Moreover, the corpus should be of a sufficient size to use trained models

in real-world scenarios. For sufficient corpus quality, a validation study for the particular

annotation scheme and the domain is also necessary to control for the objectivity of the

feedback the students later receive (Visser et al., 2021). This is achieved by following

rigorously defined annotation guidelines for guiding the annotators toward an adequate

agreement (Stab and Gurevych, 2017; Visser et al., 2021). Finally, the corpus should

then be used to train, validate, and tune a machine learning model to provide accurate

and useful feedback (Bird et al., 2009). Here, it is important to ensure that a reliable

prediction of the annotated argumentation structures is possible based on accuracy, recall,

and precision (Bird et al., 2009).

All in all, based on the rather technical requirement for creating an argumentation annota-

tion scheme, a corpus of sufficient size and quality, and a tuned ML, I derive the following

design principle for the design of AI-based argumentation writing support systems:
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DP3: Train a machine learning model on a balanced and representable corpus retrieved

from a related text domain of the pedagogical scenario. Ensure that the corpus is of

sufficient size and annotated based on rigorous annotation guidelines from argumentation

theory and validated for objectiveness by multiple human annotators to ensure that humans

receive individual and useful argumentation feedback.

Transparent User Interaction Incorporated throughout the Entire Argumen-

tation Learning Process

Based on the user requirements, I noted that learners aimed to receive transparent ex-

planations about the argumentative writing goal, theory embedding, and a clear learning

goal that guides them before, during, and after the argumentative writing task.

The user requirements can be explained from a socio-technical systems perspective. Hence,

I derived that for a holistic and interdisciplinary artifact design for an AI-based technology-

mediated IS for skill learning, according to Gupta and Bostrom (2009), it is relevant to

follow a socio-technical systems perspective (Bostrom and Heinen, 1977). For the tool’s

long-term adaption and success, it is important not only to address the educational task

(writing correct arguments) with a technology-mediated learning tool but also to build

a holistic argumentation learning system embedded in a pedagogical scenario (structure)

and focus on the learner through a user-centered and theory-motivated design. To provide

general guidance and facilitation in the long-term learning process, and for argumentation

learning, in particular, the concept of technology-enhanced scaffolding offers theoretical

backing (Gupta and Bostrom, 2009; Sharma and Hannafin, 2007).

Scaffolding was defined by Wood et al. (1976) as temporary instructional help for learn-

ers to overcome barriers within their zone of proximal development, modifying learners’

specific learning paths and experiences. Scaffolding, which has its roots in the social

constructivist theory (Vygotsky, 1980; Wood et al., 1976), asserts that intersubjectivity

between the instructional designer and the individual learner, as well as between learners,

is essential for learning. Scaffolds support learning processes by giving advice on how to

use relevant methods and structures (Gupta and Bostrom, 2009), structure tasks (Reiser,

2004), helping to self-monitor learning processes (Lehmann et al., 2014), providing cues

or hints on how to complete tasks, and marking critical features related to the task while

also highlighting discrepancies (Reiser, 2004). In his theory of learner-centered design,

(Soloway et al., 1994) named the concept of scaffolds a central component of learning

software when the task is to complete constructive activities, such as writing argumen-

tative texts. Accordingly, an argumentation learning system should comprise a specific

goal, purpose, and orientation to help learners reflect on what they are learning and give
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guidance on the context and their tasks (Soloway et al., 1994). Hence, I conclude with

the following fourth design principle, based on Gregor et al. (2020):

DP4: Employ a mechanism that explains content and goals before, during, and after the

learning activity to monitor the user’s learning process actively and transparently and to

convey a goal and purpose of learning to ensure long-term learning success.

After deriving the design principles, the next section proposes the design and implemen-

tation of an architecture for the system class of AI-based argumentation writing support

systems. The design and implementation encapsulate the four derived design principles

and guide the demonstration of an operational system.

5.1.4 Conclusion

In this subsection, I described how I derived different requirements from the knowledge

base (scientific literature) and the field (users) for the design of AI-based argumentation

writing support systems. The screened literature issues, as well as the user stories, in-

formed the conceptualization of four novel and distinct design principles for the design of

AI-based argumentation writing support systems. The design principles are addressed in

the next section by proposing an service-oriented architecture for this class of argumen-

tation learning systems.

Therefore, with this subsection, I have contributed to the lack of design knowledge on

argumentation learning systems. Moreover, I contributed to answering RQ1b and RQ2

stated in section 1. In the next section, I will outline how I annotated and developed a

novel corpus, which serves as an underlying necessity for the proposed architecture and

the demonstration as well as the evaluation of AI-based argumentation writing support

systems. After explaining the corpus collection, I will outline how I answered RQ3a by

instantiating an AI-based argumentation writing support system called ArgueLearn and

by evaluating the design principles in two consecutive studies.
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5.2 Design and Implementation of an AI-based Argumentation

Writing Support System

This section encompasses the design and implementation of an AI-based argumentation

writing support system called ArgueLearn. Based on the four design principles, I con-

ceptualized the architecture of an AI-based argumentation writing support system based

on a service-oriented architecture approach (Niknejad et al., 2020). The architecture con-

sists of four artifacts that form the novel class of AI-based argumentation writing support

systems. All artifacts together instantiated the theory-derived design principles. The

specific instantiation was informed by the 30 semi-structured interviews with students

to form a concise approach and system class of AI-based argumentation writing support

systems (Hevner et al., 2004). The interviews eventually enriched the design principles

with knowledge from the field and the end users and helped us build a student-centered

learning tool. The final argumentation writing support systems ArgueLearn allows users

to enter a text and receive individualized and instant feedback on their argumentation.

A screenshot of ArgueLearn with examples of functions (e.g., F1–F6) is presented in

Figure 39. Hence, in this section, I will firstly outline the proposed service-oriented ar-

chitecture of AI-based argumentation writing support systems. Afterwards, I will explain

the corpus annotation and development process. Finally, I will introduce the reader to

the human–computer interaction of the final version of ArgueLearn.

5.2.1 Proposed Architecture of AI-based Argumentation Writing Support

Systems

An service-oriented architecture system is composed of multiple modules with a set of

defined functionalities. In this dissertation, I refer to the modules as artifacts, as described

in design science research (Gregor and Hevner, 2013). The artifacts can operate and be

updated independently. Thus, an service-oriented architecture allows for high availability

and interoperability for different domains, use-cases, and user groups (Niknejad et al.,

2020). This fosters the reproducibility and transparency of the artifacts for adoption to

other use cases and domains (e.g., for other languages or subjects). Figure 32 provides

an overview of the proposed architecture.

The architecture of an AI-based argumentation writing support system consists of four

artifacts that form each novelties in their distinct research areas and together form a new

system class. The core of the architecture is the pedagogical scenario, in which learners

conduct a persuasive writing exercise and receive ongoing and individual argumentation

self-evaluation through an AI-based argumentation writing support system irrespective
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Figure 32: Overview of the proposed architecture of an AI-based argumentation writing
support system.
Source: Own illustration

of instructor, time, and location. The pedagogical scenario defines and impacts the argu-

mentation knowledge base. The knowledge base comprises an argumentation annotation

scheme for students’ written text with guidelines and rules to capture the students’ ar-

gumentation levels in the particular pedagogical scenario (artifact 1). The evaluated

annotation scheme is the foundation of an argumentation annotated corpus of train and

test data (artifact 2) for the argumentation mining algorithm. The argumentation mining

module (artifact 3) is trained on the corpus utilizing a machine learning approach to ac-

cess the individual argumentation level in student-written texts. The novelty of machine

learning compared to argumentation skill feedback in the literature (i.e., Huang et al.

(2016); Scheuer (2015); Stab and Gurevych (2017)) arises from its broader applicabil-

ity, scalability, and capacity to improve based on ongoing usage through the generation

of new training data and self-learning capabilities (Lawrence and Reed, 2019). Finally,

the responsive and student-centered interface enriches the students’ self-evaluation with

individualized, transparent, and in-depth skill feedback (artifact 4).

All artifacts together instantiated the four derived design principles. The specific in-

stantiation was informed by the 30 semi-structured interviews with students to form a

concise approach and system class of AI-based argumentation writing support systems
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(UR described at the beginning of the prior section).

In the following, I will outline the annotation and evaluation of a novel corpora of 1000

student-written peer reviews, which served as the adaptive feedback algorithm for the

instantiation of the proposed architecture of ArgueLearn.

5.2.2 Annotating and Developing a Corpus of Argumentation Annotated

Student-Written Peer Reviews

In this section, I will outline how I derived a novel annotation approach to capture claims

and premises of arguments and their relations in student-written persuasive peer reviews

on business models in German language. I propose an annotation scheme based on anno-

tation guidelines that allow modeling claims and premises as well as support and attack

relations for capturing the structure of argumentative discourse in student-written peer

reviews. Moreover, I conduct an annotation study with three annotators on 50 persuasive

essays to evaluate the annotation scheme. The obtained inter-rater agreement of α = 0.57

for argument components and α = 0.49 for argumentative relations indicates that the pro-

posed annotation scheme successfully guides annotators to moderate agreement.6

5.2.2.1 Introduction

To design, train, and test argumentation mining algorithms, the availability of high-

quality labeled corpora is crucial. Therefore, numerous prior works have dealt with cre-

ating annotated data sets. However, they are all limited to a particular genre, ranging

from well-structured legal (Palau and Moens, 2009; Ashley and Walker, 2013) and scien-

tific documents (Kirschner et al., 2015; Houngbo and Mercer, 2014) to rather ambiguous,

vague, and less formal social web content (Wachsmuth et al., 2014; Aharoni et al., 2014;

Cabrio and Villata, 2014; Habernal and Gurevych, 2015). Corpora that are applicable to

the design and development of argumentative writing support systems are scarce (Stab

and Gurevych, 2017). At the time of conducting this research, the only collection from the

education domain that is annotated for argumentative discourse structures was presented

in Stab and Gurevych (2014a). It is composed of 90 persuasive essays written by students

in English and later extended to include 402 essays (Stab and Gurevych, 2017).

However, these corpora are (1) annotated in English only and (2) not derived from a

6The insights presented in this section are partly based on the paper Wambsganss et al.
(2020c). I thank my collaborators, the reviews, and the Associate Editors for the valuable
feedback on my work.
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specific learning scenario that would leverage the effective use for an argumentative writing

support system. Consequently, there is a lack of linguistic corpora for training models

that provide students with adaptive feedback about the quality of their argumentation in

common scenarios in large-scale lectures or the growing field of massive open online courses

(Seaman et al., 2018), such as peer reviews where students give each other argumentative

feedback on a specific task, e.g., on a previously developed business model (Rietsche and

Söllner, 2019).

Creating gold standards and test collections requires a formal representation model as

well as corresponding annotation guidelines. In this work, I introduce an argumentation

annotation scheme for persuasive student-generated peer reviews extracted from a com-

mon learning scenario. Moreover, I present a corpus of 1,000 student-written peer reviews

that are annotated for argumentation components and their relations. The contribution

is threefold: (1) I derive an annotation scheme for a new data domain for argumenta-

tion mining based on argumentation theory and previous work on annotation schemes for

persuasive student essays (Stab and Gurevych, 2017, 2014a), (2) I present an annotation

study based on 50 persuasive peer reviews and three annotators to show that the annota-

tion of student peer reviews is reliably possible, (3) I present a final and freely available

corpus of 1,000 student peer reviews collected in a lecture about business innovation in

German.

This corpus as well as the underlying annotation scheme lays the foundation for the design

and development of AI-based argumentation writing support systems and conversational

argumentation learning systems in the course of my dissertation.7

5.2.2.2 Theoretical Background

Argument Annotated Corpora and Annotation Schemes

As Lawrence and Reed (2019) state, one of the challenges faced by current approaches

to argument mining is the lack of large quantities of appropriately annotated arguments

to serve as training and test data. Since the availability of labeled corpora is crucial

for designing, training, and evaluating argumentation mining algorithms, numerous prior

works have dealt with creating annotated data sets, such as the Araucaria corpus (Reed

et al., 2008), the European Court of Human Rights (ECHR) corpus of Mochales and

Moens (2008), the Debatepedia corpus (Cabrio and Villata, 2012), or the persuasive

essays corpus of Stab and Gurevych (2014a) with 90 essays and the corpus of Stab and

Gurevych (2017) with 402 persuasive student essays. These corpora have been widely used

7The annotation guidelines can be found in the appendix of this dissertation.
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for various argumentation mining tasks, such as the identification of argument components

(Rooney et al., 2012), corpus wide argumentation mining (Ein-Dor et al., 2019) or end-

to-end argumentation mining (Persing and Ng, 2016).

Creating gold standards and test collections requires a formal representation model as

well as corresponding annotation guidelines. While a number of well-defined models ex-

ist in the field of argumentation mining (Freeman, 2001; Perelman, 1971; Pollock, 1995;

Walton and Macagno, 2015; Walton, 1996; Wambsganss et al., 2020a), there is no general

argumentation annotation scheme across all domains and genres of texts. Instead, the pro-

posed representations differ in granularity, expression power and categorization (Lawrence

and Reed, 2019). Therefore, conducting annotation studies with several annotators when

introducing new annotation schemes is crucial for the quality of argumentation corpora.

Argument Annotated Corpora in Education

With the exception of the corpora proposed in Stab and Gurevych (2014a) and Stab and

Gurevych (2017), previously presented argument annotated datasets are not easily ap-

plicable for the development of argumentative writing support systems for students in a

real-world case, since they are (1) not extracted from an educational learning scenario in

which the annotation could be used for training a model that provides students feedback

on the texts, and (2) often not annotated at the level of discourse (Stab and Gurevych,

2017; Lawrence and Reed, 2019), which is necessary for example to give students feed-

back on insufficiently supported claims. Stab and Gurevych (2014a) identified the lack of

linguistic corpora in the domain of student-written texts for designing and developing ar-

gumentative writing support systems for adaptive feedback by leveraging argumentation

mining techniques (Stab and Gurevych, 2014a). Therefore, they introduced an annota-

tion scheme for annotating argument components and their relationships in persuasive

student essays. Afterwards, several studies built on their corpus, including e.g., Carlile

et al. (2018) who take a subset of the essays and annotate their persuasiveness, or Ke

et al. (2018) who train a persuasiveness scoring model on them. However, the transfer

of argumentation corpora to other educational domains (e.g., common learning scenarios

such as peer reviews) and other languages falls short in current literature.

Essay Scoring Corpora

Besides annotated datasets of argumentative student-written texts, several corpora exist

in the field of automatic essay scoring. The goal of this task is to automatically rate textual

documents in the form of holistic scores based on their content and form (Horbach et al.,

2018). Most corpora are built on student-written content, e.g. the Cambridge Learner

Corpus (CLC) (Yannakoudakis et al., 2011) with 1,244 English essays, the Swedish high

school corpus with 1,702 essays (Östling et al., 2013), or the TOEFL11 corpus with 1,100
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English essays written by language students (Blanchard et al., 2013). However, the cor-

pora are usually annotated with a holistic score on the level of full documents only, e.g.,

low, medium, high in the TOEFL11 corpus, while specific argumentation structures are

commonly ignored. In fact, the persuasiveness of essays is — if at all considered — usu-

ally only regarded as one sub variable of the overall document (e.g., in the annotations

of Östling et al. (2013) and Yannakoudakis et al. (2011)). Consequently, these corpora

lack applicability for the development of argumentative writing support systems. The

argumentation quality is often only annotated as a qualitative score on a 1 to 3 range

(e.g., Horbach et al. (2018)) and therefore not sufficient enough to train a sophisticated

supervised machine learning model for argumentative writing assistants. Corpora from

the field of automatic essay scoring usually neither distinguish between different types of

argument components (e.g., claims or premises) nor are they built on a rich argumentation

annotation scheme. Nguyen and Litman (2018) demonstrated the value of argumenta-

tion mining for automated persuasive essay scoring by evaluating different argumentation

mining features for improving essay scores. However, essay scoring corpora mostly do not

focus on the annotation of argumentation relations, and therefore, disqualify for a foun-

dation for sophisticated models for feedback on argumentative discourse through writing

support systems (e.g., feedback on unsupported claims). I aim to address this literature

gap by presenting and evaluating an annotation scheme as well as an annotated argumen-

tation corpus built on student-written texts with the objective of enabling researchers to

develop novel argumentative writing support systems for students.

5.2.2.3 Corpus Construction

I compiled a corpus of 1,000 student-generated peer reviews in which students provide

each other feedback on previously developed business models. Peer reviews are a modern

learning scenario in large-scale lectures, enabling students to reflect on their content,

receive individual feedback from peers, and thus deepen their understanding of the content

(Rietsche and Söllner, 2019). Moreover, they are easy to set up in traditional large-

scale learning scenarios or in the growing field of distance-learning scenarios such as

massive open online courses (Seaman et al., 2018). This can be applied to train skills

such as argumentation. However, since not many suitable corpora are available to provide

argumentation feedback that (a) contain annotated persuasive student peer reviews, (b)

consist of a sufficient size to be able to use trained models in a real-world scenario,

and (c) follow an annotation guideline for guiding the annotators towards an adequate

agreement, I propose a new annotation scheme to model argument components as well as

argumentation relations that reflects the argumentative discourse structure in persuasive

peer reviews. I based the annotation scheme on the model of Toulmin (1984) and the
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studies of Stab and Gurevych (2014a, 2017).

To build a reliable corpus, I followed a four-step methodology, illustrated in Figure 33:

(1) I examined scientific literature and theory on how to model argumentation discourse

structures in texts from different domains, (2) I randomly sampled 50 student-generated

peer reviews and, on the basis of the findings from literature and theory, developed a

set of annotation guidelines consisting of rules and limitations on how to annotate argu-

mentation discourse structures, (3) I applied, evaluated and improved the guidelines with

three native-speakers in three consecutive workshops to resolve annotation ambiguities,

(4) I applied the final annotation scheme based on the 15 pages guidelines to a corpus of

1,000 student-generated peer reviews.8

Literature review

on argumentation

annotation

schemes

Development

of annotation

guidelines

based on a

random sample

of 50 student-

generated

peer reviews

Pre-study

with three

native German

speakers in

three workshops

Annotation of

1,000 student-

generated

argumentative

peer reviews for

the final corpus

Figure 33: Overview on the process of collecting a corpus of 1,000 annotated peer reviews
written by students.
Source: Own illustration

Data Source

I gathered a corpus of 1,000 student-generated peer reviews written in German. The data

was collected in one of the mandatory business innovation lectures in a master program

at the university. In this lecture, around 200 students develop and present a new business

model for which they receive three peer reviews each. Here, a fellow student from the

same course elaborates on the strengths and weaknesses of the business model and gives

persuasive recommendations on what could be improved. I sampled a random subset of

1,000 of these reviews out of around 7,000 documents collected between 2014 and 2018.

Annotation Scheme

The objective is to model the argumentation discourse structures of student-generated

peer reviews by annotating argumentation components and their relations. Most of the

peer reviews in the corpus follow a similar structure. They describe several strengths

or weaknesses of the business model under consideration, backing them up by examples,

statistics, intuitions, or citations. These strengths and weaknesses can also be formulated

8The annotation guidelines, as well as the entire corpus, can be accessed at https://github.
com/thiemowa/argumentative student peer reviews.

https://github.com/thiemowa/argumentative_student_peer_reviews
https://github.com/thiemowa/argumentative_student_peer_reviews
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to make a certain recommendation for improvements to the business model. An argumen-

tation component, e.g., a strength, weakness, or suggestion is only regarded as a “claim”

if it contains a certain standpoint, which can also represent a complete sentence. The

basic annotation scheme is illustrated in Figure 34.

Claim

argumentative component

Premise

argumentative component

• claim about
weakness

• claim about
strength

• recommendation
for improvements

• example
• statistic
• intuition
• citation
• ...

argumentative
relation: sup-
port or attack

Figure 34: Argumentation annotation scheme including argument components (claim,
premise) and argumentative relations (support or attack).
Source: Own illustration

Argument Components

For argumentation components, I follow established models in argumentation theory

which provide detailed definitions of argument components (e.g., Toulmin (1984); Walton

et al. (2008); Weinberger and Fischer (2006); Perelman (1971); Pollock (1995); Walton

(1996); Freeman (2001); Walton and Macagno (2015); Van Eemeren and Grootendorst

(2016)). These theories generally agree that a basic argument consists of multiple compo-

nents and that it includes a claim that is supported or attacked by at least one premise.

Also in the domain of student-written peer reviews, I found that a claim is the central

component of an argument. It is a controversial statement (e.g., claiming a strength or

weakness of a business model - see examples below) that is either true or false and should

not be accepted by the receiver of the feedback without additional support or backing.

The premise supports the validity of the claim (e.g., by providing a statistic, quote or a

value-based intuition). It is a reason given by the author to persuade the reader of her

claim. Below are two examples of claims from the corpus (1. being a strength, 2. being

a weakness) and their supporting premises.9

1. “The value proposition is very well done.claim (strength) It is short and concise and the

advantages or benefits are well highlighted.premise (example) As a customer I would like

to try the product after reading it.”premise (intuition)

2. “Unfortunately, the value proposition canvas is very poorly filled in.claim (weakness)

9Since the original texts are written in German, I translated the examples to English for the
sake of this work.
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The points are far too little elaborated and far too little described or explained. The

customer jobs should be described much more precisely.”premise (example)

Argumentative Relations

The basic argumentation structure in the corpus of student-generated peer reviews consists

of several claims, each independently supported by one or more premises. Since in the data

domain weaknesses and strengths of a business model are discussed, the texts do generally

not present a major claim as is the case for example in English essays annotated by Stab

and Gurevych (2014a) and Stab and Gurevych (2017). Instead, the documents I deal

with consist of a set of claims supported by one or more premises. However, premises not

only support a statement but may also attack a claim, e.g., when used as a stylistic device

or to illustrate uncertainty in the argumentation. Hence, more complicated constellations

of claims and premises are possible, in which a claim is supported by several different

premises or by a chain of premises, in which each premise is in turn supported by another

premise. In the same way, a claim can be supported by one premise and attacked by

another or supported by a premise that is attacked by another premise. Nevertheless, the

simplest form consists of a claim supported by a single premise. To provide an overview,

I illustrated three basic examples of annotated relations in the corpus (see Figure 35).

Some statistics on the occurrences of different patterns in the dataset can be found in

Table 20.

Claim Premise Claim Premise

Premise

Claim Premise

Premise

Premise

Premise

Figure 35: Examples of argumentation relations that could be found in the corpus. The
arrow represents a relationship, which might be support or attack. The rectangle signifies
claim or premise, which is an argument component.
Source: Own illustration

Annotation Process

Three native German speakers annotated the peer reviews independently from each other

for claims and premises as well as their argumentative relationships in terms of support

and attack, according to the annotation guidelines I specified. Inspired by Stab and

Gurevych (2017), the guidelines consisted of 15 pages, including definitions and rules for

what is an argument, which annotation scheme is to be used and how argument compo-

nents and argumentative relations are to be judged. Several private training sessions and

three team workshops were performed to resolve disagreements among the annotators and

to reach a common understanding of the annotation guidelines. We used the brat rapid

annotation tool, since it provides a graphical interface for marking up text units and link-

ing their relations (Stenetorp et al., 2012). After the first 50 reviews were annotated by
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all three annotators, we calculated the inter-annotator agreement scores. As we obtained

satisfying results, we proceeded with a single annotator who marked up the remaining 950

documents. Following Stab and Gurevych (2014a), we annotated argument components

in terms of claims and premises. The specific component types, e.g., weakness, strength

for claims or intuition, statistic for premise were not annotated in this study. However, I

believe this would be a useful addition to future work. In Figure 36, I display an example

of an entire peer review with the corresponding annotations.

5.2.2.4 Corpus Analysis

I analyzed the results of the annotation process in order to examine (1) the reliability

of the corpus and (2) the major disagreements in argument components and relation

annotations between the annotators. In addition, I calculated some statistics of the final

corpus.

To evaluate the reliability of the argument component and argumentative relation anno-

tations, I followed the approach of Stab and Gurevych (2014a).

Inter-Annotator Agreement Argument Components

With regard to the argument components, two strategies were used. Since there were no

predefined markables, annotators not only had to identify the type of argument component,

but also its boundaries. In order to assess the latter, I use Krippendorff’s αU (Krippen-

dorff, 2004), which allows for assessing the reliability of an annotated corpus, considering

the differences in the markable boundaries. To evaluate the annotators’ agreement in

terms of the selected category of an argument component for a given sentence, I calcu-

late percentage agreement and two chance-corrected measures, multi-π (Fleiss, 1971) and

Krippendorff’s α (Krippendorf, 1980). I decided to operate at sentence level, since only

20.56% of the sentences in the corpus contain annotations of different argument compo-

nents. Thus, evaluating the reliability at sentence level served as a good approximation

of the inter-annotator agreement. At the level of individual sentences, 33.45% contain

a claim, 35.64% a premise and 55.52% a non-annotation. 20.56% of the sentences con-

tain several annotations, with a combination of a premise and a non-argumentative span

(32.21%) and a combination of a claim and a non-argumentative span (35.78%) repre-

senting the majority of those cases. Only 4.08% contain both a premise and a claim. At

the token level, the following class distribution is achieved: 43.54% claim, 45.42% premise

and 11.04% are not annotated.

Table 15 displays the resulting inter-annotator agreement scores. I obtained an inter-
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(1) The value proposition is

well done. Really a great idea.
C1 (2) Especially that it is not just a BrowserAd-

dOn that shows where it is cheaper. But that

you can also buy the products in a bundle via

LivePrice without having to log on to all the

different online stores and enter your data.

P1

(3) The BMC describes that LivePrice

packs and ships the products itself. [...]
P2

(5) In this case the customer

would have to wait twice as

long for his package as normally.
C2

(4) This would mean, however, that LivePrice

would first order the products from the

provider who offers them at the lowest

price and then pack them into a package.

P3

(6) Wouldn’t it perhaps make

sense if the customers only ordered

via LivePrice and the goods were

then ultimately sent directly to

the customer by the other store?

C3

(7) In this way LivePrice saves the very

tedious logistics business and can then only

charge a commission fee from the other stores.
P4

(8) This also keeps the costs

within a manageable range.
P5

(9) In version 2 I would reconsider

the logistics as described in 2.
C4

(10) I would also go into de-

tail about the advantages

of a Premium Membership.
C5

(11) Only ad-free or even more advantages? N

(12) Since business models are more

and more user-centered nowadays
P6

(13) I would think

again about CRM.
C6

(14) Unfortunately, chatbots are not

yet ready to answer customer in-

quiries completely autonomously.
P7

support

support

support

support

support

support

support

Figure 36: Fully annotated example of a peer review according to the annotation scheme
and guidelines. The left column represents the claims (C1 - C6), while the premises are
listed on the right (P1 - P7). N signifies a non-argumentative text unit.
Source: Own illustration
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% Multi-π Krippendorff’s α Krippendorff’s αU

Claim 0.7865 0.5547 0.5549 0.4404

Premise 0.7663 0.5106 0.5108 0.4776

None 0.8572 0.6410 0.6412 0.3590

Table 15: Inter-rater agreement of argument component annotations.
Source: Own illustration

annotator agreement of 78.65% for the claims and 76.63% for the premises. The corre-

sponding multi-π scores are 55.47% and 51.06%. Regarding Krippendorff’s α, a score

of 55.49% and 51.08% is obtained, indicating a moderate agreement for both categories.

With a score of 44.04% and 47.76%, the unitized α of both the claim and premise annota-

tions is slightly smaller compared to the sentence-level agreement. Thus, the boundaries of

argument components are less precisely identified in comparison to the classification into

argument types. Yet the scores still suggest that there is a moderate level of agreement be-

tween the annotators. With a score of αU=35.90%, the boundaries of non-argumentative

units are less reliably detected. In contrast, the agreement scores targeting the com-

ponent types are considerably higher for the non-argumentative spans as compared to

the claims and premises (85.72%, 64.10%, 64.12%), indicating a substantial agreement

between the annotators. Hence, I conclude that the annotation of the argument compo-

nents in student-generated peer reviews is reliably possible.

Inter-Annotator Agreement Argumentative Relations

% Multi-π Krippendorff’s α

Support 0.9413 0.4903 0.4903

Non-support 0.9413 0.4903 0.4903

Table 16: Inter-rater agreement of argumentative relation annotations.
Source: Own illustration

To evaluate the reliability of the argumentative relations, I used the set of all pairs between

argument components that were possible during the annotation task according to the

annotation scheme, i.e. all pairs between a claim and a premise and between two premises.

In total, the markables include 4,792 pairs of which 7.41% are annotated as support

relations and 0.35% as attack relations. 92.24% of the possible pairs were not identified

by an annotator. Since the number of attack relations is so small, I decided to focus

on the support relations, distinguishing only between the two types support and non-

support. I obtained an inter-annotator agreement of 94.13% for both support and non-

support relations. The corresponding multi-π and Krippendorff’s α scores both amount

to 49.03% (see Table 16). Therefore, I conclude that argumentative relations, can be

reliably annotated in student-generated argumentative peer reviews.
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5.2.2.5 Corpus Statistics

total mean standard deviation min max median

Sentences 20,217 20.217 9.4299 2 69 19.0

Tokens 246,980 246.98 101.4358 40 720 236.0

Table 17: Distribution of sentences and tokens in the created corpus. Mean, standard
deviation, minimum, maximum and median refer to the number of sentences and tokens,
respectively, per document.
Source: Own illustration

Table 17, Table 18, Table 19 and Table 20 present some statistics of the final corpus. It

consists of 1,000 student-written peer reviews in German that are composed of 20,125

sentences with 246,980 tokens in total. Hence, on average, each document has 20 sen-

tences and 272 tokens. A total of 7,996 claims (31.64%) and 8,479 premises (33.55%) were

annotated. 8,796 textual spans (34.81%) were not identified as an argument component

(“None”). On top of that, 8,291 support (97.03%) and 254 attack (2.97%) relationships

were marked up by the annotators. The little percentage of attack relations is explain-

able due to the domain of the annotated texts. The nature of peer reviews is to provide

feedback about a certain topic by highlighting strengths, weaknesses and suggesting im-

provements. Usually, students used premises to support their claims, in fact, only about

3% of the claims were further elaborated by discussing them more controversially through

attacking premises.

total mean standard deviation min max median percent

Claim 7,996 7.996 3.6487 1 25 7.0 0.3164

Premise 8,479 8.479 4.8346 0 26 8.0 0.3355

None 8,796 8.796 3.9545 2 26 8.0 0.3481

All 25,271 8.4237 4.1878 0 26 8.0 1.0

Table 18: Distribution of types of argument components in the created corpus.
Source: Own illustration

total mean standard deviation min max median percent

Support 8,291 8.291 4.7771 0 26 7.0 0.9703

Attack 254 0.254 0.6196 0 5 0.0 0.0297

All 8545 4.2725 5.2681 0 26 2.0 1.0

Table 19: Distribution of types of argumentative relations in the created corpus.
Source: Own illustration

Table 20 presents the distribution of support relationships in the corpus. With 46.30%,

the majority of claims is not supported by any premise. 39.07% of the claims are backed

up by exactly one premise, while 10.93% are supported by two premises. Patterns with
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more than two supporting premises rarely occur in the dataset. The majority of premises

is not backed up by another premise (75.07%). However, in 21.08% of the cases, there is

one supporting premise. In that way, more complex reasoning chains are established.

#0 support #1 support #2 support #3 support ≥ #4 support

Claim 0.4630 0.3907 0.1093 0.0230 0.014

Premise 0.7507 0.2108 0.0289 0.0073 0.0024

Table 20: Distribution of patterns of support relationships in the created corpus. The
columns denote the percentage of claims and premises, respectively, that are supported
by the specified number of premises.
Source: Own illustration

5.2.2.6 Conclusion

In this section, I introduced an argumentation annotation scheme as well as an annotated

corpus of persuasive student-written peer reviews extracted from a real-world learning sce-

nario that can be leveraged to give students feedback on the quality of their argumentation

(e.g., by highlighting insufficiently backed claims) through an AI-based argumentation

writing support system.

The contribution is threefold: (1) I derive an annotation scheme for a new data domain for

argumentation mining based on argumentation theory and previous work on annotation

schemes for persuasive student essays (Stab and Gurevych, 2014b, 2017); (2) I present an

annotation study based on 50 persuasive peer reviews that were annotated by three native

German speakers, demonstrating that the annotation of student-generated peer reviews

is reliably possible; and (3) I present the final and freely available corpus of 1,000 student

peer reviews collected in the lecture about business innovation in German language. The

corpus as well as the underlying annotation scheme serves as the underlying dataset for

the implementation of AI-based argumentation writing support systems in section 5 and

for conversational argumentation learning systems in section 6 of this dissertation.

With this research, I hope to encourage fellow researchers to leverage the annotation

scheme and argumentation corpus to design and develop writing support systems for

students in large-scale learning scenarios.

After the annotation of a novel corpus for AI-based argumentation writing support sys-

tems, the next chapter incorporates the demonstration and evaluation of the proposed

architecture of AI-based argumentation writing support systems. Therefore, the human–

computer interaction of the instantiated argumentation writing support system Argue-

Learn is explained. The developed corpus from this section is used to model argumentative
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discourse in student-written peer reviews and, therefore, provides the intelligent back end

of the learning tool.

5.2.3 Instantiation of the AI-based Argumentation Writing Support System

ArgueLearn

Following the above-mentioned design principles, ArgueLearn is built as a responsive web-

based application that can be used on all kinds of devices. The front end of ArgueLearn

was developed with recent web technologies, including HTML5, Cascading Style Sheets

(CSS), and JavaScript (JS). A user can access ArgueLearn from any web-enabled device

regardless of screen size or operating system and can log in with a single sign-on for easy

access (F1). It provides the user with a simple and intuitive text input field and a word

count (F2) in which they can write or copy a text. Next to the input field, the users receive

feedback on their text’s argumentation structure on a personal learning dashboard (F3 –

F6). A screenshot of ArgueLearn and its different functionalities (e.g., F1 - F6 ) can be

seen in Figure 39. In total three different versions of ArgueLearn have been designed and

implemented in the course of my research. The early design concept of ArgueLearn can

be seen in Figure 37. The second version of ArgueLearn, which was used for the empirical

evaluation in study 1, is illustrated in Figure 38.

Figure 37: Early design concept of ArgueLean for receiving initial user feedback in the
pre-study.
Source: Own illustration
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Figure 38: Screenshot of the second version of ArgueLearn’s interface with instantiated
functionalities (F1 to F7). This version of ArgueLearn was used for evaluating the design
principles in a laboratory experiment (study 1).
Source: Own illustration

The dashboard provides feedback on different granularity levels, allowing users to con-

trol the amount of feedback information required. A visual graph-based representation
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Figure 39: Screenshot of the final version of ArgueLearn’s interface with instantiated func-
tionalities (F1 to F6). This version was instantiated and evaluated in a field experiment
(study 2).
Source: Own illustration

of the submitted text’s argumentation structure (F5) and three summarizing scores give

an initial overview of the text’s quality (F3). The identified claims are green and the

premises are highlighted in yellow to provide users with instant feedback on their own

submitted input (F4). By clicking on the marked text fields or the nodes in the graph,

a more detailed view of the discourse of the argument will appear (F6). This indicates

whether a claim is sufficiently supported (see Figure 39) or if it lacks a premise (as in F6).

This function provides learners with clear steps on how to improve their texts’ persuasive-

ness and formal quality. Moreover, best practices and explanations about argumentation

and argumentation theory are provided by clicking the “explanation” or “help” button,

providing the user with an orientation and context to improve their writing quality. The

three summarizing scores—readability, coherence, and persuasiveness (F3)—provide the

users with a ranking of their text for superficial instant feedback. By clicking on the

scores or on “details,” the methodology for calculating the scores as well as concrete hints

and explanations of how the learner can increase their score level will be shown (see Fig-

ure 40). The scores are calculated using the following metrics: readability is defined as

how readable the text is based on the Flesch reading ease score (Flesch, 1943); coherence

indicates the proportion of sentences that are connected via discourse markers; and per-

suasiveness concerns the proportion of claims that are supported by premises compared
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to unsupported claims. Moreover, ArgueLearn provides a learning progress bar, which

actively monitors the learner’s past and current learning development to convey the goal

and purpose of learning (F7, see Figure 38), and an introduction to argumentation theory

based on the Toulmin model (Toulmin, 2003).

Figure 40: Top: screenshot of detailed discourse feedback of unsupported claim. Below:
screenshot of exemplary explanations and details of ArgueLearn.
Source: Own illustration

5.2.4 Argumentation Mining Algorithm of ArgueLearn

To design an individual and adaptive feedback tool, I collected and annotated an own

corpus to train and tune a model that fulfils the users’ requirements to give instant

feedback on their texts. The corpus collection and annotation is described in the previous

section.

To provide students with feedback on the argumentation quality of their texts, I, first of

all, implemented an approach for detecting arguments in them. This approach consists

of two subtasks. In the first step, I identified the components of arguments in terms

of claims and premises. Next, I determined whether there is an argumentative relation

between a pair of argument components. To do so, I followed the approach described

in Stab and Gurevych (2017), a state of the art approach for identifying argumentative

discourse structures in persuasive essays.
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Feature Description
Unigrams Binary and lemmatized unigrams of the compo-

nent and its preceding token
Dependency Tuple Lemmatized dependency tuples (2k most frequent)
Token statistics Number of tokens of component, covering para-

graph and covering sentence; number of tokens
preceding and following the component in its sen-
tence; ratio of component and sentence tokens

Component position Component is first or last in paragraph; compo-
nent present in introduction or conclusion; Rela-
tive position in paragraph; number of preceding
and following components in paragraph

Type indicators Forward, backward, thesis or rebuttal indicators
present in the component or its preceding tokens

First-person indicators ”I”, ”me”, ”my”, ”mine”, or ”myself” present in
component or its preceding tokens

Type indicators in context Forward, backward, thesis or rebuttal indicators
preceding or following the component in its para-
graph

Shared phrases Shared noun phrases or verb phrases with the in-
troduction or conclusion (number and binary)

Subclauses Number of subclauses in the covering sentence
Depth of parse tree Depth of the parse tree of the covering sentence
Tense of main verb Tense of the main verb of the component
Modal verbs Modal verbs present in the component
POS distribution POS distribution of the component
Type probability Conditional probability of the component being a

major claim, claim or premise, given its preceding
tokens

Discourse Triples PDTB-discourse relations overlapping with the
current component

Combined word embed-
dings

Sum of the word vectors of each word of the com-
ponent and its preceding tokens

Table 21: Features used for argument component identification according to Stab and
Gurevych (2017) and the NLP feature taxonomy from subsection 4.1.
Source: Stab and Gurevych (2017)
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5.2.4.1 Subtask 1: Argument Component Identification

The identification of argument components is considered as a sentence-level multi-class

classification task, where each sentence in the dataset is labeled as either claim, premise

or non-argumentative. Hence, apart from classifying argument components as claims or

premises, this task includes the separation of argumentative from non-argumentative text

units. To ensure an equal distribution of classes among training and test sets in the

experiments, I performed a stratified split of the data set into a 80% training set and

a 20% test set, resulting in the distribution of 32% claims, 32% premises and 36% non-

argumentative spans (for both training and test set). I used several classifiers (Support

Vector Machine (SVM), Logistic Regression, Random Forest, Multinomial Naive Bayes

(NB), Gaussian NB, Nearest Neighbor, and AdaBoosted Decision Tree) for the task of

argument component identification. To tune the parameters of the models, I applied

grid search. For pre-processing the documents, I used the spacy parser.10 The features

given in Table 21 were extracted for training a model to perform the task of argument

component identification following the taxonomy explained in subsection 4.1. I found that

an SVM achieves the best results, with an accuracy of 65.4% on the test set. The resulting

argument structure is visualized directly in the student-generated text by highlighting

claim components in green and premise components in yellow, while non-argumentative

text spans are not marked up.

5.2.4.2 Subtask 2: Argument Relation Identification

The identification of argumentative relations is considered a binary classification task of

argument component pairs, where each pair is classified as either support or non-support.

All possible combinations of argument components are tested. Like before, I randomly

split the dataset in a 80% training set and a 20% test set and determined the best

performing system using 10-fold cross-validation on the training set. I used the same

pre-processing pipeline as described in the previous paragraph and extracted the features

detailed in Table 22. The comparison of several classifiers (SVM, Logistic Regression,

Random Forest, Multinomial NB, Gaussian NB, Nearest Neighbor and AdaBoosted De-

cision Tree) revealed that an SVM achieves the best results for the corpus, obtaining an

accuracy of 72.1% on the test set. To tune the parameters of the model, I again used grid

search. This is satisfying compared to other studies on student-written argumentation

identification. For example, Stab and Gurevych (2017) reached an f1-score of 73% for

argumentation stance classification of student-written texts in English.

10https://spacy.io/

https://spacy.io/
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Feature Description
Unigrams Binary lemmatized unigrams of the source and tar-

get components including preceding tokens (500
most frequent)

Part-of-speech Binary POS features of source and target compo-
nents

Production rules Production rules extracted from the constituent
parse tree (500 most frequent)

Token statistics Number of tokens of source and target
Component statistics Number of components between source and target;

number of components in covering paragraph
Position features Source and target present in same sentence; target

present before source; source and target are first
or last component in paragraph; pair present in
introduction or conclusion

Indicator source/target Indicator type present in source or target
Indicators between Indicator type present between source or target
Indicators context Indicator type follows or precedes source or target

in the covering paragraph of the pair
Discourse Triples Binary discourse triples of source and target
Pointwise mutual informa-
tion

Ratio of tokens positively or negatively associated
with incoming or outgoing relations; Presence of
words negatively or positively associated with in-
coming or outgoing relations

Shared nouns Shared nouns between source and target compo-
nents (number and binary)

Table 22: Features used for argument relation identification the NLP feature taxonomy
from subsection 4.1.
Source: Stab and Gurevych (2017)

Finally, I implemented the argumentation mining algorithm as an intelligent back end

into our prototypical instantiation of ArgueLearn. The resulting argumentative discourse

structures are visualized in terms of a directed graph connecting a claim with its support-

ing premises (see Figure 39, F6). Unsupported claims are highlighted to indicate that

further support is warranted (see Figure 39, F6).

Besides, I calculated a number of summary scores for providing students with an overview

of the quality of their argumentation based on previously extracted argumentative dis-

course structures, including

• Readability: How readable is the text based on the Flesch Reading Ease score

(Flesch, 1943)?

• Coherence: How large is the proportion of sentences that are connected via dis-

course markers?
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• Persuasiveness: How large is the proportion of claims that are supported by

premises as compared to unsupported claims?
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5.3 Demonstration and Evaluation of an AI-based Argumenta-

tion Writing Support System

In this section, I demonstrate the application and evaluation of the design principles for

AI-based argumentation writing support systems in the context of higher education. I

present a formal evaluation of the proposed design principles as part of the artifacts of the

AI-based argumentation writing support system, with two experimental studies (study 1

and study 2).

The design science research methodology comprises two main phases: demonstration and

evaluation (Peffers et al., 2007). The demonstration displays the artifacts’ ability to solve

the identified research problem (Venable et al., 2016). It can be described as a proof-of-

concept evaluation aiming to demonstrate that the artifact can achieve its design purpose

in a particular context. The evaluation aims to formally validate the research artifacts’

effectiveness in addressing the problem (Peffers et al., 2007; Venable et al., 2016). Hence,

I performed an artificial ex-post evaluation of ArgueLearn in study 1 to evaluate the proof

of concept and a naturalistic ex-post evaluation of ArgueLearn in study 2 to evaluate the

proof of value (Venable et al., 2016). Accordingly, it is important to evaluate the proof

of an artifact’s value to verify whether the design principles and the resulting artifact are

valuable in real-life settings.

Study 1 was conducted in a university lab designed for behavioral studies under controlled

circumstances. Study 2 was conducted in a large-scale master lecture at the University

of St. Gallen in Switzerland. Thus, I could ensure that no participant took part in both

studies. Before the two empirical studies, I performed several small-scale evaluations of

the distinct artifacts (e.g., testing the initial human—computer interaction concept of Ar-

gueLearn presented in Figure 37). My aim was to conduct iterative evaluations to ensure

that the instantiated design functionalities correctly addressed the design principles and

that the technical artifacts (artifact 1, 2 and 3) enabled the learners to receive individual

self-evaluations irrespective of instructor, time, and place. Table 23 presents an overview

of the demonstration and evaluation of ArgueLearn.

5.3.1 Pre-Study: Design Evaluation

Based on the requirements and design principles, I designed clickable mock-ups of different

AI-based argumentation writing support systems. For the evaluation, I followed an ex-

ante evaluation using an artificial evaluation setup, as proposed by Venable et al. (2016).

Based on Venable’s criteria, the pre-study design evaluation’s objective was to:
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Study Objective/ guiding
question

Result

Pre-Study:
Technical- and
design evalu-
ations of the
artifacts

Ensure all design principles
are correctly addressed and
that technical artifacts pro-
vide high-quality argumen-
tation self-evaluation.

Satisfying accuracy and performance of
an algorithm based on tuned features;
positive user-feedback on the imple-
mentation of the design principles into
my instantiation

Study 1: Proof
of concept evalu-
ation in the lab-
oratory

Does an AI-based argumen-
tation writing support sys-
tem based on my design
principles help learners im-
prove their argumentation
skills in short-term scenar-
ios?

Individuals using ArgueLearn wrote
texts with better formal quality of ar-
gumentation as well as better perceived
quality of argumentation compared to
those using the scripting benchmark
approach.

Study 2: Proof
of value evalua-
tion in a real-
life setting over
three months

To what extent does an
AI-based argumentation
writing support system
based on my design prin-
ciples influence learners’
long-term metacognitive
argumentation skills in
large-scale learning set-
tings?

Individual feedback on learners’ argu-
mentation errors on business model
feedback helps them to write more con-
vincing texts in another argumentation
domain (reviews about social debates).
Learners using ArgueLearn wrote texts
with a better formal quality of argu-
mentation than those receiving only
general or no argumentative writing
support.

Table 23: Overview of demonstration and evaluation of the AI-based argumentation writ-
ing support system guided by Venable et al. (2016).
Source: Own illustration

• Verify the utility and value of the artifact to achieve its stated purpose.

• Identify weaknesses and areas for improvement in the artifact design.

• identify change requests from students, side effects, or undesirable consequences of

its use.

To reach this goal, I conducted four evaluation series with 46 different users (around

12 users per series). I performed different qualitative assessments involving observation,

participant feedback, and unstructured interviews (Tuunanen and Peffers, 2018). These

users differed from those recruited for studies 1 and 2 as well as those from the semi-

structured interviews but were also students from the university with a similar age and

gender distribution. I started the testing with three low-fidelity paper prototypes and

later with two digital mock-ups of ArgueLearn. For example, I hypothesized that I can

instantiate the leaner control function (DP2, see prior subsection) with a graph-based

representation of their discourse level. I tested this with a paper prototype that provided



5 Designing AI-based Argumentation Writing Support Systems 150

visual feedback on the argumentation of a given text (simulating the feedback algorithm

by a human). The hypothesis was validated with 10 users who overall liked the concept

of graph-based feedback. Therefore, the final prototypes contribute to that with a graph

engine that provides a visual representation of the argumentation of an analyzed text.

5.3.2 Study 1: Proof of Concept Evaluation in a Laboratory Experiment

Figure 41: Overview of experimental procedure of study 1 to evaluate if an AI-based
argumentation writing support system based on my design principles improves persuasive
writing more so than traditional argumentation scripting.
Source: Own illustration

After evaluating the technical artifacts and the design in a pre-study, I performed a

proof of concept evaluation as the first demonstration of my design principles (Peffers

et al., 2007; Venable et al., 2016). The objective was to verify the artifacts’ ability to

solve the identified research problem (Venable et al., 2016). I conducted study 1 as a

laboratory experiment in which participants were asked to provide peer feedback on an

essay. The treatment group used ArgueLearn, while participants in the control group

used a discussion scripting application, in accordance with Fischer et al. (2013) as a well-

cited and empirically proven benchmark to foster the formal quality of argumentation.

I recruited students from the university through social networks and mailing lists to

participate. After randomization, I had 24 participants in the treatment group and 30 in

the control group. I invited them to the laboratory of the university, where I conducted

the study on identical devices. Participants in the treatment group had an average age of

23.8 (SD= 3.86); 15 were male, and 9 were female. In the control group, the participants’

average age was 23.03 (SD= 2.12); 22 were male and 8 female. All participants were

compensated with an equivalent of about 15 USD for the 30–40-minute experiment.

5.3.2.1 Alternative Learning System: Discussion Scripting
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To evaluate ArgueLearn, I compared it to a discussion scripting application, which I

also built myself. Implementing an own discussion scripting approach allowed to control

the differences and similarities in the design between the discussion scripting tool and

ArgueLearn. For the design, I followed the approach of Stegmann et al. (2012), since

it is well-cited and empirically proven to foster the formal quality of argumentation of

students. The learning tool supports the writing process of users with input masks (see

Figure 42, F1 and F2 ). Users can use these input masks to compose a formally correct

argument. By clicking ”Add”, the argument is attached to the text field (F3 ). If the user

decides to not use the input masks, they can also write directly into the final text field.

To keep ArgueLearn and the discussion scripting approach consistent with each other,

there are many functions that are shared between them. First, the introduction text is

the same across both apps. The help and explanation buttons in the discussion scripting

approach correspond respectively to the same buttons in ArgueLearn. Moreover, both

text fields consist of a word count function to provide guidance in the writing process.

I used the design of the particular input mask of this scripting approach and tested it

in the non-collaborative experimental use case to measure the influence of the approach

on the argumentation quality of students’ texts. However, both approaches, the adaptive

system, and the scripting approach could be used in a collaborative learning scenario,

e.g., where students give each other feedback on a business model and discuss these.

5.3.2.2 Experimental Design

The experiment consisted of three main phases: (1) pre-test phase, (2) individual writing

phase and (3) post-test phase. The pre- and post-phases were consistent for all partici-

pants. In the writing phase, the treatment group used ArgueLearn and the control group

wrote a text using the alternative tool.

(1) Pre-test phase: The experiment started with a pre-survey with 14 questions. Here,

I tested three different constructs to assess whether the randomization resulted in random-

ized groups. First, I asked four items to test the personal innovativeness in the domain

of information technology of the participants following Agarwal and Karahanna (2000).

The items were ”I like to experiment with new information technologies”, ”If I heard

about a new information technology, I would look for ways to experiment with it, ”In

general, I am hesitant to try out new information technologies” and ”Among my peers,

I am usually the first to try out new information technologies”. Second, I tested the

construct of feedback-seeking of individuals following Ashford (1986). Example items are:

”It is important for me to receive feedback on my performance.” or ”I find feedback on my

performance useful.” Both constructs were measured with a 1- to 5-point Likert scale (1:
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Figure 42: Screenshot of discussion scripting approach: a user enters a claim and the
corresponding premise into the input masks and adds it to the final text.
Source: Own illustration
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totally agree to 5: totally disagree, with 3 being a neutral statement). Third, I captured

the construct of passive argumentative competency following the design of Flender et al.

(1999), since it is a proven construct to measure argumentative competencies in German.

I wanted to control for the argumentative competencies, since I later measured the formal

and perceived quality of argumentation of the written texts. Participants were asked to

read a discussion of two teachers concerning the topic ”Does TV make students aggres-

sive?” I retrieved the topic with the discussion as well as the measurements from (Flender

et al., 1999). Based on the discussion, I asked the participants three questions concerning

the argumentation structure and the content of the text with multiple choice answers:

”What kind of argumentation style or structure is used?”, ”How can a new argument be

added to the discussion?” and ”Which of the following standpoints do both parties agree

on?” (Flender et al., 1999). Additionally, participants were asked how sure they were

about the answers on a 1- to 5-point Likert scale (1: very sure, 5: not very sure, with 3

being a neutral statement). The competencies were then measured with a certain score

from 0 to 27 following the measurements of Flender et al. (1999).

(2) Writing phase: In the writing phase of the experiments, I asked the participants to

write a review about the argumentation of both parties (pro and contra) concerning the

weaknesses and strengths of their argumentation. The participants were told to spend at

least 15 minutes on writing this review. A countdown indicated them the remaining time.

They were only able to continue the experiment after the countdown was finished. The

treatment group was using ArgueLearn to write the review, the control group was using the

reference tool. I did not provide any introduction to any of the tools. The students using

ArgueLearn retrieved individual and adaptive feedback based on the feedback algorithms.

Participants using the reference tool retrieved help based on input formats during the

writing process.

(3) Post-test phase: In the post-survey, I measured perceived usefulness, intention

to use and ease of use following the technology acceptance model of Venkatesh et al.

(2003); Venkatesh and Bala (2008) and captured the demographics. In total, I asked 16

questions. Example items for the three constructs are: ”Imagine the tool would be available

in your next course, would you use it?”, ”The use of the argumentation tool enables me to

write better argumentative texts.” or ”I would find the tool to be flexible to interact with”.

Moreover, I were asking three qualitative questions: ”What did you particularly like about

the use of the argumentation tool?”, ”What else could be improved?” and ”Do you have

any other ideas?”

Measurement of Argumentation Quality

Besides measuring the technology acceptance, the main objective was to measure the
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quality of the written texts from both groups to evaluate the main hypothesis. Therefore,

I measured two main variables: (1) the formal quality of argumentation and (2) the

perceived quality of argumentation.

(1) Formal quality of argumentation: The written peer reviews were analyzed for

the formal quality of argumentation. I applied the annotation scheme for argumentative

knowledge construction described by Weinberger and Fischer (2006). This annotation

scheme has been applied in various studies and is proven to have high objectivity, relia-

bility, and validity (e.g., Stegmann et al. (2012)). To measure the argumentation’s formal

quality, the annotator had to distinguish between (a) unsupported claims, (b) supported

claims, (c) limited claims, and (d) supported and limited claims. A more precise descrip-

tion of the scheme can be found in Weinberger and Fischer (2006). Two annotators, who

had already participated in the annotation process for the corpus, annotated the partici-

pants’ texts based on the annotation guidelines and prior experience. The formal quality

of individual users’ argumentation was then defined by the number of arguments that the

user wrote. Following Stegmann et al. (2012), only supported, limited, and supported

and limited claims were counted as argumentation.

(2) Perceived quality of argumentation: The perceived quality of argumentation

was annotated by two different annotators. The objective was to subjectively judge how

persuasive the given argumentation was on a 5-point Likert scale (1: not very persuasive,

5: very persuasive). I took the mean of both annotators as a final variable for the texts’

perceived and formal quality of argumentation.

5.3.2.3 Results

To demonstrate my design principles, my aim was to evaluate if an AI-based argumen-

tation writing support system based on the design principles helps individuals to write

more argumentative more convincing texts. To guide the proof of concept evaluation, I

aim to answer two research questions (RQ):

RQ1: Do students perceive ArgueLearn to be useful and easy to use, and would they

continue to use it in the future?

RQ2: How effective is ArgueLearn with helping users to write more persuasive texts

compared to the traditional, proven approach?

The first research question was answered by comparing the constructs of perceived use-

fulness, intention to use, and ease of use for participants using ArgueLearn compared to
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participants using the alternative tool. In particular, I used a double-sided t-test to evalu-

ate whether the means of the constructs are significantly different. Moreover, I compared

the results of ArgueLearn to the midpoints scale to validate a general positive technology

acceptance as done in Lehmann et al. (2016).

To evaluate the second research question, I compared the formal quality of argumentation

as well as the perceived quality of argumentation between the written text of the treatment

and the control group. I performed a double-sided t-test to assess whether the differences

between both groups are statistically significant.

To control for potential effects of interfering variables with the small sample size and

to ensure that randomization was successful, I compared the differences in the means of

the three constructs included in the pre-test. For all three constructs, including personal

innovativeness, feedback-seeking of individuals, and passive argumentative competency, I

obtained p values greater than 0.05 between the treatment and the control group. The p

value for personal innovativeness between both groups was p = 0.801; for feedback-seeking

of individuals p = 0.624; and for passive argumentative competency p = 0.375, verifying

that no significant difference exists between the groups.

Group Intention to use Perceived usefulness Perceived ease of use
Mean ArgueLearn 2.33 2.52 2.17
Mean reference tool 3.5 3.28 2.84

SD ArgueLearn 0.59 0.58 0.65
SD reference tool 1.14 1.12 1.08

p-value <0.001 0.006 0.012

Table 24: Results of the technology acceptance of ArgueLearn and the reference tool on
a 1 - 5 Likert Scale (1: high, 5: low).
Source: Own illustration

Technology Acceptance

For the technology acceptance, I calculated the average of every construct. The answers

were provided on a 1- to 5-point Likert scale (1: very sure, 5: not very sure).

First, I compared the results of ArgueLearn with the results of the alternative tool. The

perceived usefulness of ArgueLearn was rated with a mean value of 2.52 (SD= 0.58) and

the average of perceived use of ease of ArgueLearn was 2.17 (SD= 0.65). The mean value

of intention to use of participants using ArgueLearn as a writing tool was 2.33 (SD= 0.58).

These values are significantly better than the results of the alternative scripting approach.

For perceived usefulness, I observed a mean value of 3.2 (SD= 1.12) and for perceived

ease of use the value was 2.83 (SD= 1.08) for participants from the control group. The

mean value for the intention to use was 3.5 (SD= 1.13).
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Figure 43: Results on formal (left) and perceived (right) quality of argumentation between
both tools.
Source: Own illustration

The results clearly show that the participants of the experiment rated the acceptance

of ArgueLearn as an adaptive feedback tool positively compared to the usage of the

alternative application. The statistical significance was also proven in a double-sided t-

test for all three constructs (see Table 24). Moreover, the mean values of ArgueLearn

are also very promising when comparing the results to the midpoints. All results are

better than the neutral value of 3. Especially the perceived usefulness for writing better

argumentative texts and the intention to use ArgueLearn as a writing support tool show

promising results. A positive technology acceptance is especially important for learning

tools to ensure students are perceiving the usage of the tool as helpful, useful, and easy to

interact with. This will foster motivation and engagement to use the learning application.

The perceived usefulness and intention to use provides promising results to use this tool

as a feedback application in different learning settings.

Argumentation Quality of Written Texts

The mean number of arguments in texts from participants using ArgueLearn was 5.08

(SD= 1.76). From the text of participants using the alternative tool, I counted a mean

of 3.2 arguments (SD= 1.51) (see Figure 43). A double-sided t-test confirmed that the

treatment group wrote texts with a statistically significantly higher quality of formal

argumentation: t-value= -3.622 and p<0.001. For the perceived quality of argumentation,

I found that on a Likert scale from 1 to 5 points (1: very persuasive, 5: not persuasive)

texts from the treatment group achieved an average value of 2.62 (SD= 0.96). Participants
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using the alternative application wrote texts with a mean value of the perceived quality

of argumentation of 3.21 (SD= 1.19). A double-sided t-test showed that the difference

was statistically significant: t-value= -2.654 and p-value= 0.0105 (p<0.05). This clearly

proves the hypothesis that individual feedback on students’ argumentation helps them

to write more convincing texts. The results show that students using ArgueLearn wrote

texts with a better formal quality of argumentation as well as a better perceived quality

of argumentation compared to the ones using the traditional approach.

5.3.2.4 Qualitative User Feedback

As described above, I also included open questions in the survey to receive the partici-

pants’ opinions about the tool they used. The general attitude for ArgueLearn was very

positive. Especially the fast and direct feedback, the graph-like visualization of the argu-

mentation structure, and the summarizing scores were mentioned quite often. However,

sometimes ArgueLearn was not correctly classifying claims and premises, which users

suggest improving. I translated the responses from German and categorized the most

representative responses in Table 25.

5.3.2.5 Discussion

The proof of concept evaluation demonstrated that adaptive and individual feedback on

students’ argumentation skills helps them to write more persuasive texts. Not only the

perceived argumentation quality but also the formal quality of the argumentation was

significantly higher for students using ArgueLearn compared to the ones using the alter-

native tool. Therefore, this study makes several contributions to current research. At the

time of conducting the research, this study was one of the first to present evaluated design

knowledge on how to build a learning tool to train argumentation skills based on adaptive

and intelligent feedback. It provides a basis for researchers who also aim to develop learn-

ing tools to train metacognition skills to compare their solutions with ours. Lecturers

and educational institutions can now use the design principles and findings to create their

own learning tools for providing adaptive and intelligent support of argumentation skills

in large-scale scenarios.

In the experiment, I prove the short-term influence of ArgueLearn on a student’s argu-

mentation skills. For the next evaluation, I suggest measuring the long-term learning

effects on students’ skills. This can be achieved with a longitudinal study in a real-world

learning setting, e.g., in supporting the writing of peer reviews in business innovation
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Group Feature
On user interaction ”Easy handling. Especially marked texts with color and per-

centage values. Fast reaction of the tool. Motivated to write.”
On writing support ”I was convinced by the mind map argumentation graphics.

If you write longer texts, you can get lost quickly. With this
tool, you can see how the sentences and argumentation stand
together.”

On visualization ”It was positive that the tool presented which premises support
which of my claims and which arguments hung, so to speak,
freely in the air.”

On graphics and color ”I liked that the tool used colors to highlight the various el-
ements and graphics to represent my text. Furthermore, the
percentages of how my text was written were helpful and it is
exciting to see how the tool judges my text.”

On the speed of the
tool

”Very fast and instant feedback.”

Improvements on
feedback accuracy

”I’m not sure how well this algorithm really understands what
I’m writing.”

Improvements on user
onboarding

”Better introduction would be good, you had to try something
before you knew how to do it. Maybe a short YouTube tutorial
at the beginning, then you know more about what is impor-
tant.”

Improvements on the
summarizing scores

”There are only three evaluation points (readability, coherence
and persuasiveness) and it is unclear how relevant the indi-
vidual factors are.”

Table 25: Representative examples of qualitative user responses from users of ArgueLearn
after study 1.
Source: Own illustration

lectures. Therefore, the next step will be to conduct a field experiment with three groups

to evaluate the long-term impact of adaptive and intelligent feedback (provided by the

feedback algorithm) on the development of students’ argumentation quality (see study 2).

5.3.2.6 Conclusion

In this research, I evaluated ArgueLearn, an AI-based argumentation writing support sys-

tem, that provides students with feedback on the argumentation structure of a text by

leveraging the recent advances of argumentation mining algorithms. I compared Argue-

Learn to a proven argumentation writing support approach in a rigorous user study with

54 participants. I found that students using ArgueLearn wrote more convincing texts

with a better formal quality of argumentation compared to the traditional approach. The

perceived learning and intention to use provided promising results to use this tool as a feed-



5 Designing AI-based Argumentation Writing Support Systems 159

back application in different learning settings. My results also offer design suggestions to

further improve educational feedback applications based on intelligent algorithms. With

NLP and ML becoming more powerful, I hope the work will attract other researchers to

design and build more intelligent tutoring systems for other learning scenarios or metacog-

nition skills.

5.3.3 Study 2: Proof of Value Evaluation of ArgueLearn in a Field Experi-

ment

In study 1, I obtained positive results for a proof of concept that an AI-based argumenta-

tion writing support system based on my four design principles helps individuals improve

their argumentation skills in short-term scenarios better than a proven scripting approach.

Figure 44: Overview of experimental procedure of study 2 to evaluate if an AI-based
writing support system based on my principles, in comparison to static argumentation
feedback, leads to better learning of argumentation.
Source: Own illustration

Hence, in study 2, I investigated further the extent to which an AI-based argumenta-

tion writing support system based on the design principles influences learners’ long-term

metacognitive argumentation skills in a large-scale learning setting. Therefore, I evalu-

ated ArgueLearn with a proof of value evaluation in a real learning environment with 205

students in the context of higher education, from which 124 participated in the surveys.

I implemented ArgueLearn in a business innovation lecture in a master’s program at the

University of St. Gallen in Switzerland. Following the Bauman and Tuzhilin (2018) de-

sign, I conducted a field experiment with three treatment groups to evaluate the impact

of the AI-based writing support (provided by the back-end algorithm) on humans’ argu-

mentation quality. The functionalities necessary for the treatments were implemented in

the learning system.

5.3.3.1 Experimental Design
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In the lecture in which I conducted the field experiment, students develop and present new

business models. The students are asked to submit three assignments developing their own

business idea over three months. Students are also required to peer review fellow students’

assignments (three peer reviews per student per assignment). Since the course included

three rounds of assignments, each student had to write nine peer reviews to elaborate on

the strengths and weaknesses of their fellow students’ business models and offer persuasive

recommendations on what could be improved. The quality of the peer review (e.g., the

persuasiveness) does not influence the students’ final grades. However, submitting a peer

review was mandatory for completing the assignments. For peer reviews, I provided the

students with different levels of argumentative feedback on their persuasiveness. Figure 45

illustrates a screenshot of the task interface. The students were provided with a simple

text editor where they were asked to enter their peer review. Below the text editor, a

”evaluate review quality” button offered the students the option to receive feedback on

their argumentation quality.

Figure 45: Screenshot of the task interface: students were asked to write a persuasive
peer review.
Source: Own illustration
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The field experiment comprised three main phases: (1) a pre-test phase, (2) an individual

writing phase, and 3) a post-test phase. The pre-and post-test phases were consistent for

all participants. In the writing phase, I manipulated the level of argumentation feedback

participants received while writing their peer reviews.

(1) Pre-test phase: Before the assignment period, I conducted a mandatory post-survey

to control for randomization. I checked the same items as in study 1 (i.e., personal in-

novativeness in the domain of information technology (Agarwal and Karahanna, 2000)

and individuals’ feedback-seeking (Ashford, 1986). Third, since no elaborated argumen-

tation test was possible in the field setting, I asked the participants to determine their

own perceived argumentation skill following the Toulmin model (Toulmin, 2003) and self-

determination of competencies (Vansteenkiste and Ryan, 2013) using three items: “How

do you rate your ability to argue?”; “How would you rate your ability to convince oth-

ers?”; and “How would you rate your ability to write argumentative texts?”. I wanted

to control for argumentative competencies since I later measured the texts’ formal argu-

mentation quality. These items were measured using a 7-point Likert scale (1: extremely

poor to 7: excellent; 4: fair).

(2) Individual writing phase: In the treatment phase, participants were asked to write

nine peer reviews over three months. The first treatment group (TG1) received general

(non-AI-based) argumentation feedback in the form of a short text and a visualization of

a theoretical argumentation model (Toulmin (1984), see Figure 46); the second treatment

group (TG2) received AI-based argumentation writing support by ArgueLearn following

the design principles (see Figure 47). The control group (CG) received no feedback at

all during the writing process. In total, 205 students were in the class and randomly

assigned to one of the three groups. After three months, 124 students completed all three

assignments. Table 26 presents an overview of the demographics.

3) Post-test phase: After the treatments, I asked the students to conduct a post-test

via a web survey. The main objective was to measure the learners’ metacognitive argu-

mentation skills to evaluate the research question for study 2. Therefore, I tested whether

the three groups’ argumentation skills differ in a second argumentation domain. This is

necessary to control whether the AI-based argumentation writing support system Argue-

Learn significantly impacts the metacognitive argumentation skills or only humans’ skills

of writing more persuasive peer reviews (Toulmin, 2003). Thus, I asked the participants

to read the same discussion as in study 1 between two teachers concerning the following

topic: “Does TV make students aggressive?”. I retrieved the topic with the discussion as

well as the task from the construct of passive argumentative competency from Flender

et al. (1999), since it is proven for measuring argumentative competencies. Similar to

study 1, I asked the students to review both parties’ argumentation (pro and contra) with
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Figure 46: Screenshot of treatment group 1 (TG1): students received general argumenta-
tion feedback with hints and recommendations on what to improve based on the model
of Toulmin (1984).
Source: Own illustration

respect to the weaknesses and strengths. The participants were told to spend at least

15 minutes writing this review. I captured the demographics and asked three qualitative

questions: “What did you particularly like about the use of the argumentation tool?”;

“What else could be improved?”; and “Do you have any other ideas?” to further evaluate

the instantiations and to check for the completeness of the design principles.

5.3.3.2 Results

Based on the written peer reviews from the post-test, I aimed to measure the students’

formal quality of argumentation. I applied the same annotation scheme for argumentative

knowledge construction used in study 1 (Weinberger and Fischer, 2006). Two annotators,

who had already participated in the annotation process for the corpus, annotated the

participants’ texts based on the annotation guidelines and prior experience. As in study

1, I took the mean of the two annotators to judge the texts’ formal and the perceived

argumentation level.
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Figure 47: Screenshot of treatment group 2 (TG2): students received AI-based argumen-
tation writing support by ArgueLearn following my four design principles.
Source: Own illustration

I compared the formal quality of argumentation between the written text of the post-

survey (for an overview see Table 26 and Table 27). To clean the data, I deleted all

answers of less than three sentences, since an argumentative discourse structure can only

be reliably measured from a series of subsequent sentences. Therefore, from the 205 ran-

domly assigned participants, I obtained 124 valid results. I used ANOVA analysis and

checked their assumptions visually with a test for normality and a test for homoscedastic-

ity, and all assumptions were met. To control for potential effects of interfering variables

and to ensure successful randomization, I compared the differences in the means of the

three constructs included in the pretest. For all three constructs, including personal inno-

vativeness, feedback-seeking of individuals, and perceived argumentation skills, I received

p-values larger than 0.05 between the three groups.

The number of formal arguments in texts from participants using ArgueLearn (TG2) is

significantly higher than students receiving general feedback (TG1) and no feedback (CG).

The ANOVA analysis confirmed that the TG2 participants wrote texts with a statistically

significantly higher quality of formal argumentation: p = 0.0009 (p <0.001). To measure
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Group n
Formal

argumentation

TukeyHSD
test TG1 and
Cohen’s d

TukeyHSD
test (CG) and

Cohen’s d
Mean Age Gender

Mean SD

TG2: AI-based AWSS 41 4.04 1.33
p = 0.015*

d = 0.6829 (medium)

p = 0.01**

d = 0.7395
(medium)

25.40
21 female,
20 male

TG1: General
Feedback

36 3.2 1.09 -

p = 0.8137

d = 0.1374
(negligible)

25.70
8 female,
28 male

CG: Control
Group

47 3.03 1.40 - - 25.27
18 female,
29 male

Total 124 p <0.001 ** p <0.01, * p <0.05

Table 26: Mean and standard derivation of formal and perceived argumentation between
the three groups of the field experiment (study 2).
Source: Own illustration

Group n
Perceived

argumentation
TukeyHSD
test TG1

TukeyHSD
test (CG)

Mean SD
TG2:
AI-based AWSS

41 3.06 0.81 p = 0.8486 p = 0.9886

TG1: General
Feedback

36 2.73 0.91 - p = 0.7842

CG: Control
Group

47 3.07 0.99 - -

Total 124 p = 0.8969

Table 27: Mean and standard derivation of formal and perceived argumentation between
the three groups of the field experiment (study 2).
Source: Own illustration

the effects between the groups, I run a Tukey Post-Hoc Test to check for differences

in the formal quality of argumentation and confirmed a significant difference between

participants using ArgueLearn (TG2) and participants receiving general argumentation

feedback (TG1) with a p-value of 0.0150 (p >0.05). Moreover, the test also confirmed

students in TG2 (ArgueLearn) wrote their text with better formal argumentation quality

than the control group with a p-value of 0.001 (p <0.01). I also calculated the Cohen’s

d between the different groups to measure the effect size. Cohen suggested that d = 0.2

be considered a ‘small’ effect size while 0.5 represents a ’medium’ effect size and 0.8 a

’large’ effect size. This means that if two groups’ means do not differ by 0.2 standard

deviations or more, the difference is trivial even if statistically significant (Cohen 1988).

For the effect Between TG2 (ArgueLearn) and TG1, a d = 0.6829 indicates a medium

effect size. The differences between TG2 and CG also indicate a medium effect (d =

0.739514) (Cohen 1988) for formal argumentation skills.
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I found no significant difference in perceived argumentation quality between the groups

(p = 0.8969, see Table 27). Participants using ArgueLearn (TG2) wrote their texts with

perceived argumentation quality of 3.06 (SD = 0.8077), whereas TG1 students wrote with

a perceived quality of 2.76 (SD = 0.9140). In the CG texts, I measured a perceived argu-

mentation quality of 3.07 (SD = 0.9998). These results indicate that individual feedback

on students’ argumentation helps them to write more convincing formal texts in another

domain (e.g., persuasive reviews about social debates). However, it does not help them to

write with higher perceived argumentation levels in other domains. As described above,

I also included open questions in the survey to obtain the participants’ opinions on Ar-

gueLearn’s design and interactivity to further evaluate the functionalities and the design

principles. The general attitude toward ArgueLearn was positive. Again, the fast and di-

rect feedback mechanism (artifact 3, F3), the argumentation learning dashboard (artifact

4, F1-F6) and the graph-like visualization of the argumentation structure (artifact 4, F5)

were praised several times. However, sometimes ArgueLearn did not correctly classify

claims and premises, which users suggest needs improving (artifact 3, accuracy of the

argumentation mining algorithm).

5.4 Discussion

The aim of study 2 was to evaluate the proof of value of the design instantiated in

ArgueLearn. Based on a socio-technical perspective guided by self-regulated learning

theory, I demonstrated how novel AI-based argumentation writing support systems can

automate individual argumentation self-evaluation for individuals to learn and practice

argumentation skills based on their logical argumentation errors irrespective of instructor,

time, and location.

In this design science research project, I followed Peffers et al. (2007) to design, build, and

evaluate ArgueLearn, an AI-based argumentation writing support system that provides

students with adaptive feedback on the argumentation structure of a text independent of

an instructor, time, and place by leveraging the recent advances of argumentation min-

ing algorithms. I rigorously derived requirements from 138 scientific papers and from 30

semi-structured user interviews to formulate a concise set of design principles for AI-based

argumentation tutoring systems. I evaluated those design principles as an instantiated ar-

tifact (ArgueLearn) with two empirical studies. I tested the impact of my design principles

for AI-based argumentation writing support systems through ArgueLearn in a controlled

laboratory experiment with 54 students (study 1) and in an extensive field experiment

with 124 students over three months (study 2). I found that students using ArgueLearn

improved their short- and long-term metacognition argumentation writing skills with a
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better formal quality of argumentation compared to students who only received general or

no writing support. The results indicate that students also write text with a higher per-

ceived argumentation level in short-term scenarios. However, the perceived metacognitive

argumentation level seems not to significantly improve through the AI-based argumenta-

tion tutoring system across different learning domains.

5.4.1 Theoretical and Practical Contributions

Besides the software artifact as a situated implementation of an AI-based argumentation

tutoring system, I contribute design knowledge to the scientific knowledge base. Due to

the systematic procedure, I aimed at generating a satisfying design contribution (Gregory

and Muntermann, 2014). The resulting design knowledge is not only valid for the specific

case but can also be transferred to further use cases in adaptive argumentation learning.

For instance, it is easily possible to apply the concept of ArgueLearn in courses that

deal with other content than business models or other languages. For this purpose, the

back-end algorithm just needs to be adapted to the other scenario. As described, multiple

corpora and argumentation mining models exist in literature that can be easily embedded

in ArgueLearn, e.g., for English student essays (Stab and Gurevych, 2017) or English law

cases (Mochales and Moens, 2008). The design principles of form and function and the

overall system design do not need to be adapted for those use cases. Furthermore, it is also

possible to transfer the design knowledge to pedagogical scenarios that target the training

of other metacognition skills. For instance, if the learning of general feedback skills

or empathy skills of students is aimed to be trained, a similar AI-based argumentation

tutoring system can be used. However, in this case, the system design might need to

be revised partially, e.g., the graph visualization or argumentation dashboard needs to

be adapted. Due to this transferability of the design knowledge, the research does not

only provide a Level 1 design science research contribution by showing a situated artifact

implementation but also provides a nascent design theory (Level 2 contribution) (Gregor

and Hevner, 2013). In addition to these contributions to the scientific knowledge base, the

results are also valuable for the practical use of AI techniques such as NLP and ML-based

feedback systems for education. the results indicate that the state of the art in NLP

and ML techniques are suited to design complex adaptive skill learning systems that are

able to support students individually – even in existing pedagogical scenarios such as peer

reviews. I have thus shown that more advanced support possibilities in skill education can

be implemented using techniques from NLP and ML in contrast to common e-learning

approaches that are currently used.
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5.4.2 Limitations and Future Work

However, the research also faces several limitations. For the aim of this study, I focused

the research on students from the university. Even though it is reasonable to assume

that the transferability to other cases is possible without major changes, I cannot prove

it with the research design. Regarding the design, the main improvement potential lies in

the accuracy of the feedback algorithm. I see two main options to tune the performance

of the algorithm: (a) enrich the corpus with more annotated texts and (b) improve the

performance of the models to enhance the performance through deep learning algorithms

or transfer learning models like BERT (Devlin et al., 2018). Regarding, the implemen-

tation of the AI-based argumentation writing support system, I clearly do not want to

replace human tutors, since I believe that skilled teachers will always be able to provide

better adaptive writing support than ArgueLearn. However, I hope through the system

human tutors can focus more on detailed questions and can devote more time to difficult

cases. Moreover, further studies are necessary to reproduce my findings in this or in other

domains. I also perceive several data privacy concerns regarding integration of our tool

into a common writing editor, since personal data (e.g., about students’ argumentation

skills) might be exposed to third parties or systematically collected. Hence, I recommend

future discussions on dealing with the trade-off of making novel user-centered learning ap-

plications widely accessible and easy to use without exposing learner data. Nevertheless,

since our system is based entirely on native libraries and frameworks, I can ensure that

our architecture ensures that no personal data leave the university server’s infrastructure.

All in all, the research offers design knowledge to further improve educational feedback

applications based on intelligent algorithms. With further advances in NLP and ML,

I hope the work will attract researchers to design more intelligent tutoring systems for

other learning scenarios or metacognition skills and thus contribute to the OECD Learning

framework 2030 towards a metacognition-skill-based education.

5.5 Conclusion

In this section, I answered RQ1b, RQ2, and RQ3a stated in section 1. I started the re-

search on the design of AI-based argumentation writing support systems by conducting

a systematic literature review and 30 semi-structured interviews to systematically col-

lect theory-based and user-centered design requirements for this class of argumentation

learning systems. In this vein, I answered RQ1b. Next, I analyzed the collected design

requirements and derived four design principles for the specific design of AI-based argu-

mentation writing support systems according to the framework of Gregor et al. (2020)
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and therewith answered RQ2.

Furthermore, I proposed a novel service-oriented architecture for AI-based argumentation

writing support systems consisting of four artifacts. To demonstrate the feasibility of my

design principles, I instantiated the proposed architecture by annotating a novel corpus of

argumentative student-written peer reviews, by training an ML model to detect the anno-

tated argumentation structures, and by developing a user-centered front end that provides

students with adaptive argumentation writing support independent of an instructor, time,

and location, leveraging the ML model. To answer RQ3a, I built ArgueLearn as an instan-

tiation of a novel system class and conducted two empirical evaluation episodes following

an ex-post summative evaluation strategy (Venable et al., 2016). I found that students

using ArgueLearn according to my design principles improved their short- and long-term

metacognition argumentation writing skills with a better formal quality of argumentation

compared to students who only received general or no writing support.

Hence, this section forms one of the central contributions of my dissertation. The derived

design principles, the corpus, and the design and architecture of ArgueLearn provide a

foundation for the succeeding section on conversational argumentation learning (section 6)

and on digital nudging for argumentation writing support on business pitches (section 7).
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6 Designing Conversational Argumentation Learning

Systems

In this section, I describe the design and evaluation of a pedagogical conversational agent

for argumentation skill learning. Hence, I will directly answer RQ3b of this dissertation.

RQ3b: What requirements should be considered when designing an adaptive conversa-

tional argumentation learning system that aims to support students in writing argumen-

tative texts?

Method: Design science research including a series of experiments.

Results: Empirical evidence of the impact of conversational argumentation writing sup-

port system based on certain design principles on students’ argumentation skills and their

learning experience.

I will investigate if an interactive pedagogical scenario (Chi and Wylie, 2014) based on

a dialogue-based system (e.g., a conversational agent) helps students learn how to argue

through individual tutoring, tasks scaffolding, and theory input. Based on the theoreti-

cal embedding of the ICAP-framework by Chi and Wylie (2014), my goal is to provide

students with assistance comparable to a discussion with a human tutor. Therefore, I

instantiate a conversational argumentation learning system with which I validate the hy-

pothesis that an interactive dialogue-based system with adaptive argumentation feedback

and tutoring helps student to learn how to argue (Chi and Wylie, 2014). I validate the

artifacts and their influence on students’ abilities to argue in two different experiments.

To do so, I instantiate a conversational argumentation learning system called ArgueTutor

according to theory-motivated and user-centered design principles.

Therefore, this section provides an insight into the design, development, and evaluation of

the novel class of conversational argumentation learning systems. I found students using

the instantiated conversational argumentation learning system ArgueTutor wrote more

convincing texts with a better quality of argumentation compared to the ones using an

alternative approach. The measured technology adoption constructs (such as level of en-

joyment or ease of use) provide promising results to embed conversational argumentation

learning systems in traditional learning settings. The results indicate that dialogue-based

learning applications combined with NLP text feedback have a beneficial use to foster

better writing skills of students.

In the following, I will outline the investigation of requirements for conversational argu-
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mentation learning systems, describe the design and implementation of the conversational

argumentation learning system ArgueTutor, and finally demonstrate and evaluate my de-

sign findings in two empirical studies. Afterwards, I will discuss the contribution and the

limitations of this section. The resulting design principles and the empirical evaluation

provide interesting findings and potential to leverage dialogue-based learning settings in

different scenarios for metacognition skill learning.11

11The insights presented in this section are partly based on various papers (Wambsganss et al.,
2021c, 2020f). I thank my collaborators, the reviews, and the Associate Editors for the valuable
feedback on my work.
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6.1 Introduction

One possible solution to imitate meaningful, individual instructor—learner interactions

are pedagogical conversational agents (Winkler and Söllner, 2018) (see section 2 for the-

oretical background on pedagogical conversational agents). Due to developments in NLP

and ML, pedagogical conversational agents are also becoming increasingly valuable for

more creative and harder to grasp skills such as argumentation. By using an adaptive

pedagogical conversational agent as a tutor for argumentation skill learning, based on

recent developments in ML and NLP, students would be able to receive adaptive tutoring

during the writing process autonomously and independently of the instructor, time, and

place. However, current literature sparsely investigates an approach with principles and

proof on how to design an adaptive dialogue-based learning system that guides and helps

students to learn how to argue when writing a persuasive text.

In fact, at the time of conducting this research, argumentation mining has not been

used for accessing the skill level of students to provide adaptive and individual tutoring

through a dialogue-based interaction with a pedagogical conversational agent, such as

providing adaptive feedback on the persuasiveness of texts or guiding a learner through

the process of writing an argumentative text (Lawrence and Reed, 2019). Leveraging

the technological advances of argumentation mining, NLP, and ML, I aim to address

this gap by designing and evaluating a new form of human–computer interaction for

argumentation skill learning. I aim to generate design knowledge for an adaptive dialogue-

based argumentation learning tutoring system that assists students on an individualized

level in writing argumentative texts and supports the development of their argumentation

skills. My goal is to provide students with assistance comparable to a discussion with a

human tutor.

Given this potential for leveraging a conversational learning tool in combination with

argumentation mining, I followed the design science research methodology according to

Hevner (2007) to design and build ArgueTutor (short for Argumentation Tutor), an adap-

tive dialogue-based tutoring system that provides students with adaptive and instant feed-

back, theoretical input, and step-by-step guidance during their writing process. Figure 48

shows the eight consecutive steps that have been conducted to ensure design knowledge

is created using insights from the application domain and the knowledge base. I analyze

requirements based on the environment (relevance) and knowledge base (rigor), derive de-

sign principles, and instantiate and evaluate them with my conversational argumentation

learning system ArgueTutor in two consecutive studies (study 1 and study 2).

To collect requirements, I followed two different approaches: (1) a rigorous theory-motivated

approach, where I systematically searched literature in the field of educational technol-
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Figure 48: Overview of my methodology based on the design science research approach
following Hevner (2007).
Source: Own illustration

ogy and human—computer interaction following (vom Brocke et al., 2015; Cooper, 1988)

to carefully derive requirements and principles for a design of ArgueTutor, and (2), a

user-centered design approach, where I conducted twelve semi-structured interviews with

students to derive user stories. Based on these user needs, I built low-fidelity prototypes

of ArgueTutor to test different design hypotheses with potential users to learn about

the interaction flow of a dialogue-based learning tool for argumentation. With these two

approaches, I present the final version of ArgueTutor.

To implement an adaptive dialogue-based learning tool, I (a) trained the intents of a

conversational tutor based on rigorously scripted teacher–student conversations and (b)

developed an argumentation mining model to assess the argumentation quality of student

texts. To do so, I leveraged the argumentation annotated business-model peer review

corpus from section 5, since the texts are derived from a pedagogical scenario and built

on a rigorous annotation guideline with a moderate agreement. I trained and tuned

a transfer learning model based on Devlin et al. (2018) to classify the argumentation

quality of student texts. In combination with the trained chat intents, this model now

serves as the underlying adaptive tutoring algorithm of ArgueTutor.

To evaluate ArgueTutor as an instantiated conversational argumentation learning system,

I followed the evaluation framework proposed by Venable et al. (2016). In a pre-study,

I performed a formative and artificial evaluation of the initial version to collect feedback

in the early design stage of the dialogue-based tutoring system. Based on these findings,

I refined the design knowledge, such as the instantiated design features, and built a fully

functional software artifact as a second version of ArgueTutor, which supports and assists

students on an individualized level in writing argumentative texts through guidance and

adaptive argumentation feedback independent of an educator, time, and location.
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Finally, I evaluate ArgueTutor following a naturalistic ex-post evaluation by Venable

et al. (2016) in two empirical studies. In study 1, I compare ArgueTutor against a script-

ing approach for argumentation learning. I evaluated my conversational argumentation

learning system in comparison with a discussion scripting approach that provided general

argumentation feedback based on argumentation theory (Toulmin, 2003), a traditional

approach for supporting persuasive writing in large-scale scenarios (e.g., Rietsche and

Söllner (2019); Fischer et al. (2013); Scheuer et al. (2010)). In this study with 55 stu-

dents, I observed that the participants who used ArgueTutor for a persuasive writing task

wrote formally more argumentative texts. Furthermore, the perceived persuasiveness of

these texts was significantly higher than of the texts from the traditional tool. I also

measured the perceived ease of use and the level of enjoyment for both tools using key

constructs (Venkatesh et al., 2003; Venkatesh and Bala, 2008). I found that both con-

structs provide promising results for the usage of ArgueTutor as a standard learning tool

in lectures. The results suggest that ArgueTutor helps students to write more structured

texts and motivates them to write more persuasive texts in peer learning settings, such

as peer feedback scenarios. In study 2, I implement two different versions of ArgueTutor

(one providing individual argumentation support, one providing non-adaptive argumen-

tation support) in an experiment where 45 students had to write a persuasive text and

received tutoring by ArgueTutor. The findings indicate that from a student’s perspective

the value of ArgueTutor not only lies in the dialogue-based interface and a step-by-step

guidance but rather in the adaptivity of the pedagogical conversational agent’s feedback

Hence, this study has three main contributions. First, with ArgueTutor I introduce the

first instantiation of a prototype for the class of conversational argumentation learning sys-

tems. Second, I show the effectiveness of conversational argumentation learning systems

through rigorously evaluating ArgueTutor in two empirical studies. The results provide

insights into the benefits of leveraging NLP and ML for designing intelligent dialogue-

based tutoring systems to foster argumentative writing in a student’s learning journey.

My results demonstrate an exemplary scenario of supporting metacognition skills in a

scalable and individual way in possible large-scale or distance learning scenarios. Finally,

I provide design knowledge for other researchers and educators to design and compare sim-

ilar adaptive learning tools to foster the metacognition skill learning of students as a step

to contribute to the OECD Learning framework 2030 towards a metacognition-skill-based

education.
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6.2 Theoretical Background

This study is based by previous research on technology-mediated learning systems for

argumentation, by studies about argumentation mining algorithms, and by pedagogical

conversational agents and the ICAP framework (Chi and Wylie, 2014), which serves as

an underlying conceptual model for the main hypothesis (see section 2 for the theoretical

background on these literature streams).

Conversational argumentation learning systems combine recent advances in NLP, ML and

argumentation mining to build on new forms of human—computer interaction, such as

adaptive pedagogical conversational agents, to intelligently tutor students in their individ-

ual argumentation learning process, e.g., with adaptive and instant feedback or theoretical

input. Therefore, I build on adaptive support approaches to assess the potential of adap-

tive argumentation skill learning (Lawrence and Reed, 2019). In fact, the application of

argumentation mining and adaptive dialogue-based tutoring systems has been motivated

but rarely been investigated with design knowledge and empirical evaluation (Hobert and

Wolff, 2019; Winkler and Söllner, 2018). I compare the novel system class against a

nonadaptive static discussion scripting approach, since it is widespread and a common

approach to foster students’ argumentation skills in collaborative learning scenarios (e.g.,

Fischer et al. (2013); Rietsche and Söllner (2019)). Researchers have developed an increas-

ing interest in intelligent writing assistance (Song et al., 2014; Stab and Gurevych, 2017),

since it enables adaptive argumentative writing support with tailored feedback about ar-

guments in texts (Wambsganss et al., 2020b; Lawrence and Reed, 2019). However, the

complexity of using this technology for an adaptive dialogue-based learning system has

been poorly assessed so far (Lawrence and Reed, 2019). In the approach, I focus on the

first two subtasks to assess the argumentation level of a student to provide individual

tutoring.

Following the underlying hypothesis of the ICAP framework by Chi and Wylie (2014)

that interactive learning is always better that constructive, active, and passive learning,

adaptive and interactive dialogue-based learning systems are capable of fostering the

students’ engagement as they add the new component of dialoging to technology-based

argumentation learning systems. Compared to common argumentation learning systems,

pedagogical conversational agents are able to discuss and tutor students through the

learning content – just like human instructors would do. In fact, the successful application

of pedagogical conversational agents to adaptively meet individual needs of learners and

to increase their learning outcomes has been demonstrated for learning various skills,

such as for problem-solving skills (Winkler et al., 2020), programming skills (Hobert,

2019), mathematical skills (Cai et al., 2019) as well as for learning factual knowledge
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(Ruan et al., 2019), but it has not been investigated for argumentation skills. Therefore,

I believe that a theory-motivated and user-centered design of an adaptive pedagogical

conversational agent combined with intelligent algorithms to provide learning tutoring for

argumentation skills by individually assisting students in writing persuasive texts would

interactively foster learning according to the ICAP Framework.

6.3 Requirements for the Design of Conversational Argumenta-

tion Learning Systems

In this section, I will describe and discuss how I derive requirements for the system design

of conversational argumentation learning systems. The problem formulation, described

in the introduction and in the theoretical background, serves as the foundation for the

derivation of the requirements.

6.3.1 Deriving Literature Requirements for Conversational Argumentation

Learning Systems

To build a theory-motivated and user-centered learning tool, I followed two different ap-

proaches: a rigorous theory-driven approach and an agile user-centered approach following

the build-measure-learn paradigm (Ries, 2011). For the rigorous theory-driven approach,

I followed the approaches of Cooper (1988) and vom Brocke et al. (2015) to conduct a

systematic literature review with the aim of deriving a set of theory requirements for the

design of a dialogue-based argumentation learning system. I initially focused the research

on studies that demonstrate the successful implementation of learning tools for argu-

mentation skills and pedagogical conversational agents. The design of a conversational

learning tool for argumentation skills is a complex project that is studied by psychologists,

pedagogues and computer scientists with different methods. Therefore, I firstly concen-

trated on two main literature streams for deriving requirements: educational technology

and human—computer interaction. I only included studies that dealt with or contribute

to a kind of learning tool in the field of argumentation learning or dialogue-based learning

systems, such as an established pedagogical theory. On this basis, I selected 85 papers

for more intensive analysis. I have summarized similar topics of these contributions as

literature issues and formed five clusters from them (e.g., LI1 (Soloway et al., 1994) or

LI2 (Nass and Moon, 2000)). Based on these literature issues, I derived meta require-

ments for the design of a pedagogical conversational agent for argumentation learning.

The resulting clusters are illustrated as literature issues in Figure 49.
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6.3.2 Deriving User Requirements for Conversational Argumentation Learn-

ing Systems

Besides the rigorous theory-driven approach, I followed a user-centered design approach

at the same time. As a start, I conducted twelve user interviews with students to receive

an initial understanding of the needs and requirements of learners for a dialogue-based

learning tool for argumentation. Therefore, I followed the expert interview method of

Glas̈er and Laudel (2010). The interview guideline consists of 44 questions and each

interview lasted around 30 to 45 minutes. The interviewees were students at the Univer-

sity of St. Gallen who are all potential users of an adaptive dialogue-based learning tool

for metacognition skills. The participants were asked about the following topics: expe-

rience with technology-based learning systems, perception of existing learning systems in

use, experiences with conversational agents, requirements for an adaptive pedagogical con-

versational agent that supports writing argumentative texts (e.g., functionalities, design),

requirements for an adaptive pedagogical conversational agent that supports learning how

to argue through individual writing support (e.g., functionalities, design).

The interviewed students were between 21 and 27 years old; nine were enrolled in a

master’s program and three in a bachelor’s program at the university. All participants

were business students; six were male, six were female. I recorded all interviews on

audio and transcribed them. Based on the transcription I formatted abstract categories

and identified 45 unique user stories in the twelve interviews. The coding was performed

using open coding to form a uniform coding system during evaluation (Glas̈er and Laudel,

2010). Based on these results, I gathered user stories and aggregated the most common

ones following Cohn (2004).

6.3.3 Deriving Design Principles for Conversational Argumentation Learning

Systems

As illustrated, I have identified a concise set of literature issues, user stories, and formu-

lated meta requirements and user requirements (see Figure 49). Based on these findings, I

derived five design principles for adaptive conversational argumentation learning systems,

a special class of adaptive dialogue-based learning tools for metacognition skills. For for-

mulating the design principles, I relied on the conceptual schema of Gregor et al. (2020),

and therefore believe they are self-explanatory. However, I will discuss them further in the

evaluation. The design principles were followed in the instantiation of the current version

of the conversational argumentation learning system ArgueTutor. The design principles

included:
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• For educational designers to design adaptive conversational agents for students to

improve their argumentation independently of the instructor, time, and place, em-

ploy a PCA with guidance and support for argumentative writing embedded with

social elements and an adaptive argumentative text feedback function to allow stu-

dent to learn interactively.

• For educational designers to design adaptive conversational agents for students to

improve their argumentation independently of the instructor, time, and place, em-

ploy a web-based conversational agent with a responsive, simple and functional UX

to allow students to intuitively use the tool for learning tasks without any distrac-

tion.

• For educational designers to design adaptive conversational agents for students to

improve their argumentation independently of the instructor, time, and place, em-

ploy a pro-active and individual argumentative tutoring and guidance with expla-

nations based on an argumentation theory to allow students to receive support

whenever they need.

• For educational designers to design adaptive conversational agents for students to

improve their argumentation independently of the instructor, time, and place, em-

ploy an adaptive feedback function on argumentative texts with an analysis of in-

dividual argumentative components and feedback to allow students to assess their

individual argumentation level.

• For educational designers to design adaptive conversational agents for students to

improve their argumentation independently of the instructor, time, and place, em-

ploy a causal chat function with jokes or fun facts, to allow students to take a break

from the primary learning activity.

6.4 Design and Implementation of a Conversational Argumen-

tation Learning System

In this subsection, I will explain how I designed and implemented the two main compo-

nents of a conversational argumentation learning system: the dialogue-based user inter-

action and the adaptive feedback algorithm in the back end. The basic user interaction

concept of the instantiated conversational argumentation learning system ArgueTutor is

illustrated in Figure 50. A user conducts a persuasive writing task and receives adaptive

tutoring and feedback on the argumentation level.
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Figure 49: Overview of the derived design principles for conversational argumentation
learning systems according to Gregor et al. (2020).
Source: Own illustration

Figure 50: Basic user interaction concept of my conversational argumentation learning
system ArgueTutor: a student is adaptively tutored through a writing exercise with indi-
vidual argumentation feedback.
Source: Own illustration
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Figure 51: Different screenshots of the adaptive conversational argumentation learning
system ArgueTutor: a user conducts a certain writing exercise and receives adaptive
tutoring and feedback on the argumentation quality of her text.
Source: Own illustration

6.4.1 Instantiation of the Conversational Argumentation Learning System

ArgueTutor

Following the design principles, ArgueTutor is built as a responsive web-based applica-

tion that can be used on all kinds of devices. A screenshot of ArgueTutor and its core

functionalities (e.g., F1 - F7 ) can be seen in Figure 51 and in Figure 53. ArgueTutor

was designed in German to provide German students with feedback on German texts.

However, for ease of understanding the study, I translated parts of the user interface into

English (e.g., see Figure 51). ArgueTutor consists of two modes: an adaptive learning

mode and a casual chat mode. The dialog flow of ArgueTutor with the two interaction

modes can be seen in Figure 54. The basic dialog flow of the adaptive learning mode

of ArgueTutor was designed according to the didactical learning phases of ”Motivation,

Difficulty, Solution, and Practice” according to (Roth, 1970).

ArgueTutor guides students through a writing exercise with the aim to imitate a human

educator (F1, F2, and F3). The pedagogical conversational agent proactively explains a

writing task (e.g., students have to write persuasive peer feedback to a fellow student)

(F3) and provides hints and explanations when the user asks for help such as argumen-

tation theory input (Toulmin, 2003). Moreover, ArgueTutor is always able to provide

individual feedback on the argumentation skill level of written student texts by highlight-

ing argumentative components such as claims and premises (F4) and by tutoring students

with an individual feedback message on what to improve depending on the student’s skill

level (F5). Inspired by Lippi and Torroni (2016b), claims are displayed in bold font,

whereas premises are displayed in italic style (F4). Non-argumentative text paragraphs
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Figure 52: Screenshot of adaptive learning mode (F5) and casual chat mode (F7) of the
conversational argumentation learning system ArgueTutor.
Source: Own illustration

are not highlighted. Additionally, ArgueTutor provides students with an individual sum-

marizing feedback based on the number of premises and claims in the message (F5) (see

Figure 52). For example, if the message contains less than two premises or contains more

claims than premises, the user receives corresponding feedback indicating that the argu-

mentation could be improved with certain improvement suggestions. Besides, based on

user feedback, I embedded a readability score in the feedback to provide students with

an overview of the quality of their general writing (F6). Therefore, I calculate the read-

ability of the student’s text based on the Flesch Reading Ease score (Flesch, 1943) and

provide a small explanation for the individual score (e.g., if less than 40, the user receives

a recommendations to improve the readability).

The interactions between the user and ArgueTutor are mixed between both typing and

button selections. While writing a persuasive text for an exercise is typing based, selecting

from multiple choices, asking for a task explanation or theory input are button-based.

Predefined answer buttons help the user to receive an overview of the learning process

and ensure both flexibility and efficiency regarding user interactions with ArgueTutor

(F8). Moreover, ArgueTutor incorporates a user-initiated and rule-based casual chat

mode. Students can ask ArgueTutor to tell jokes, fun facts, or talk about the weather

to take a break from the primary learning activity (see Figure 52, F7) and thus change

from the argumentation learning mode to the casual chat mode at any time they want.

To imitate the students having a personal learning session with a human educator, I

incorporated several more functions to incorporate real-world conversational elements

into ArgueTutor’s design. For example, I provided a wide variety of different responses
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Figure 53: Screenshot of the interface of ArgueTutor with exemplars of design features in
a mobile and desktop version.
Source: Own illustration

to common conversation states such as “how are you?” as well as positive reinforcement

feedback that is typical of a study partner. The result of the dialog path of ArgueTutor

from a user perspective is depicted in Figure 54.

The learning mode is based on a rule-based chat system combined with a supervised ar-

gumentation mining model to assess the argumentation level of students. The adaptivity

of the argumentation feedback is implemented by training a model based on a corpus

of persuasive student-written texts. The argumentation theory guidance, the task ex-

planation and other tutoring functions are implemented through rule-based trained chat

intents based on a word-to-vec model following the architecture of rasa nlu and rasa core

(Bocklisch et al., 2017).
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Figure 54: The dialog flow of ArgueTutor consists of an adaptive argumentation learning mode (mode 1) and a casual chat function (mode
2).
Source: Own illustration
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All in all, I only included simple design elements in the design of ArgueTutor, since

I received the user feedback to offer a more formal and functional tutoring experience

that does not distract students. However, I believe these design principles might change

depending on culture and context and can thus be easily adapted, e.g., by embedding

ArgueTutor in a human persona with a name, face, picture, and the use of emojis.

6.4.2 Argumentation Mining Algorithm of ArgueTutor

To design an adaptive dialogue-based learning tool with individual and adaptive guidance,

I trained and tuned a transfer learning model that fulfills the users’ requirements to receive

adaptive and instant tutoring and feedback on their texts.

A major prerequisite for developing supervised ML models based on NLP that are able to

identify argumentative texts and argument components in written texts is the availability

of annotated corpora. Hence, I leverage my German business model peer review corpus

which I collected and annotated for the implementation of an AI-based argumentation

writing support system (see section 5). The corpus consists of 1000 business model peer

feedback essays written by students extracted from a large-scale lecture scenario. The

texts are annotated for their argumentative components (claim, premise) as well as for

the relations of the components.

Guided by recent literature about argumentation mining (Lawrence and Reed, 2019)

and my findings about transfer learning for argumentation mining (see subsection 4.2), I

trained a predictive model following the architecture of Bidirectional Encoder Representa-

tions from Transformers (BERT) proposed by Devlin et al. (2018). Hence, I classified text

tokens as claim, premise, or as non-argumentative following the argumentation theory of

Toulmin (2003). I used the BERT model from deepset12, since it is available for German

and provides a deep pretrained model that was unsupervised while training on domain-

agnostic German corpora (e.g., the German Wikipedia). The novelty of this architecture

is the ability to capture semantic information from pretrained texts, which can then be

used for other downstream tasks without the need for retraining, e.g., for identifying ar-

gumentative components. For applying the model, the corpus texts were split into word

tokens to fulfill the preparation requirements for BERT. The special preprocessing for

BERT was conducted by utilizing the tokenizer and processor provided by deepset and by

utilizing spacy13. The goal of the model is to provide accurate predictions to identify and

classify argument components that can be used for accessing the skill level of students

and thus provide adaptive guidance and feedback on how to improve their argumentation.

12https://github.com/deepset-ai/FARM
13https://spacy.io/

https://github.com/deepset-ai/FARM
https://spacy.io/
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I split the data into 70% training, 20% validation, and 10% test data (Bird et al., 2009).

For the proposed architecture, the input and output are adapted to the sequence classi-

fication task of argument component identification. The last hidden layer is a Recurrent

Neural Network with 512 nodes that takes the BERT output and learns to feed into a

sigmoid layer that classifies each token according to the predicted label. The proposed

model was fine-tuned in several iterations and the best-performing set of hyperparame-

ters included a learning rate of 5e-5, a warm-up and embedding dropout probability of

0.1 and 0.15 respectively. After several iterations, the final BERT model reached a macro

f1 score of 73% for classifying text tokens into claim, premise, or non-argumentative

tokens. An f1-score of 73% is a satisfying result when comparing to other studies on

student-written argumentation identification. For example, Stab and Gurevych (2017)

reached an f1-score of 73% for argumentation stance classification of student-written text

in English. Moreover, I benchmarked the BERT model against bidirectional Long-Short-

Term-Memory-Conditional-Random-Fields classifiers (BiLSTM-CRF), since several other

authors reached satisfying results with a BI-LSTM-CRF for argumentation compound

classification (e.g., Chernodub et al. (2019)). In combination with the corresponding

embeddings vocabulary (GloVe) (Pennington et al., 2014) the LSTM only reached an

unsatisfying f1 score of 57% (16% lower then the 73% of the BERT model).

6.5 Demonstration and Evaluation of a Conversational Argu-

mentation Learning System

In this section, I demonstrate the application and evaluation of the design principles for

conversational argumentation learning systems in the context of higher education. I pro-

vide an empirical evaluation of the proposed design principles in form of my instantiated

conversational argumentation learning system ArgueTutor in two experimental studies

(study 1 and study 2).

For the demonstration and the evaluation, I aim to formally validate the research arti-

facts’ effectiveness in addressing the problem (Peffers et al., 2007; Venable et al., 2016).

Hence, I performed a naturalistic ex-post evaluation of ArgueTutor in study 1 to eval-

uate if a conversational argumentation learning system helps students to improve their

argumentation skills compared to a proven discussion scripting approach (Venable et al.,

2016). In study 2, I implement two different versions of ArgueTutor (one providing indi-

vidual argumentation support one, one providing non-adaptive argumentation support)

in an experiment where 45 students had to write a persuasive text and received tutoring

by ArgueTutor.
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6.5.1 Pre-Study

Before conducting empirical evaluations with the final implementation of ArgueTutor, I

designed low-fidelity prototypes of ArgueTutor to test different design hypotheses with

end-users to learn more about the conversational flows and the human—computer inter-

action of an adaptive tutoring system for argumentation skills. Afterwards, I designed

a clickable mock-up displaying a conversational interface with a step-by-step guidance

for writing argumentative texts and individual argumentation feedback (without imple-

menting trained chat intents in the back end). For the evaluation, I followed an ex-ante

evaluation using an artificial evaluation setup as proposed by Venable et al. (2016). The

purpose of the evaluation is to check whether the design principles are useful for learners,

in order to incorporate any change requests. The design principles were specifically exam-

ined based on the criteria of usefulness and usability and evaluated by means of various

questions.

I started the testing with seventeen low-fidelity paper prototypes and later two digital

mock-ups of ArgueTutor. For example, I hypothesized that students aim to learn with

a humanized conversational learning tool. I tested this hypothesis with three different

paper prototypes. Prototype one was embedded in a rather functional design without

incorporating humanized design elements such as a profile picture. Prototypes two and

three were designed with a higher level of anthropomorphic elements (e.g., a profile picture

and emoticons in a more colloquial conversation). The tutoring and feedback algorithm

was simulated by a human. The hypothesis was validated with 16 users. However, I

learned that the majority of students rather like a functional design with a low level

of anthropomorphic elements. Therefore, the final version of ArgueTutor contributes to

that with a rather functional design. Moreover, I hypothesized that students aim to

chitchat with ArgueTutor during the learning process and prototype a chitchat function

for ArgueTutor. I tested this with a low-fidelity chatbot using the platform WhatsApp

and imitating a learning interaction (simulating the tutoring and feedback algorithm by

a human). The hypothesis was validated with 16 users, which overall liked the idea of a

chitchat function. However, I learned that students also want a tutor to actively motivate

them to continue their learning process. Therefore, the final prototype ArgueTutor now

contributes to that with two different chat modes (see Figure 54), a learning mode and a

casual chit chat mode.

Afterwards, I created a questionnaire with 38 items with specific questions about the

design principles, e.g., I asked questions about the perception of the argumentation theory

input, the usability and usefulness of the adaptive tutoring functions, and the concept of

the conversational argumentation learning system as a whole. The participants received a
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link with a clickable mock-up of ArgueTutor as a web app. After testing the concept of my

conversational argumentation learning system, the participants were asked to complete a

survey. In total, 32 participants successfully tested my prototypical version of ArgueTutor

and fully answered my survey. 22 participants were master students, eight were enrolled

in a bachelor program, two had a different occupation. All were potential users of an

adaptive dialogue-based argumentation tutoring system. Their age ranged from 22 and

34 years; 19 were female, 13 male.

In order to obtain detailed feedback on the design principles, the respondents were able

to classify the usefulness of the design principles based on a 7-point Likert Scale, e.g., for

usability, ranging from ”completely useful (1)” to ”completely useless (7)”. The evaluation

of the general usability, as well as usefulness, yielded the following result: The respondents

rated the implemented design and the design principles positively compared to the neutral

value of 4 (mean of 2.45 of all design principles related questions). The overall concept of

an adaptive pedagogical conversational agent for argumentation learning was also rated

as very useful (mean of 2.16, n=32). For example, the argumentative guidance and

theoretical argumentation input were rated by 93.5% as very useful. Moreover, I asked the

participants for some qualitative feedback and additional ideas to improve the concept of

ArgueTutor. Almost all users mentioned that the accuracy of the adaptive argumentation

feedback is very important for revising one’s own argumentation quality of a text and thus

increasing their argumentation.

In total, I conducted three cycles with a total of 77 different users (16 in cycle one, 16

in cycle two, and 45 in cycle three) for the pre-studies. These users were different to the

ones recruited for the semi-structured interviews but also students from the university

with a similar age and gender distribution.

6.5.2 Study 1: Proof of Concept Evaluation of ArgueTutor

In this subsection, I describe the experimental setup for study 1. The goal was to evaluate

the hypothesis that adaptive tutoring on students’ argumentation will help them to write

more convincing texts. To evaluate the hypothesis, I designed an experiment in which

participants were asked to write a peer review based on a given essay. Participants

were randomly assigned to a treatment and a control group. The treatment group used

ArgueTutor to do the writing exercise, while participants in the control group used the

alternative learning tool. I recruited 55 students from the University of St. Gallen to take

part in the experiment. The experiment was conducted as a web experiment facilitated by

the behavioral lab of the university. After randomization, I counted 31 valid results in the

treatment and 24 in the control group. Participants of the treatment group had an average
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age of 22.75 (SD= 1.96), 17 were male, 14 female. In the control group, participants’

average age was 23.52 (SD= 2.81), 11 were male, 13 were female. All participants were

compensated with an equivalent of about 12 USD for a 25- to 30-minute experiment.

6.5.2.1 Alternative Argumentation Learning Tool

To evaluate ArgueTutor, I compared it with a nonadaptive discussion scripting appli-

cation, since this approach was empirically proven to foster the formal quality of the

argumentation of students (Stegmann et al., 2012; Scheuer et al., 2010). To control the

differences and similarities in the design between the alternative tool and ArgueTutor,

I also built the discussion scripting approach myself (see Figure 55). The learning tool

supports the writing process of users with theory-based argumentation input and general

nonadaptive theory-based recommendations on how to improve the argumentation level.

Users can access the theory input and the general writing recommendations by clicking

the ”here” button. The theory input and argumentation writing recommendations are

then displayed next to the writing editor. To ensure that ArgueTutor and the argumenta-

tion writing system are consistent with each other, there are many functionalities that are

shared between them. First, the introduction text is the same across both apps. More-

over, the theory input and the general argumentation recommendations are the same for

both learning tools following the Toulmin model (Toulmin, 2003).

6.5.2.2 Experimental Design

The experiment consisted of three main parts: (1) pretest, (2) writing exercise and (3)

posttest. The pre- and post-phases were consistent for all participants. In the writing

phase, the treatment group used ArgueTutor to conduct a persuasive writing exercise,

whereas participants of the control group conducted the same exercise using the alterna-

tive tool.

(1) Pretest: The experiment started with a pre-survey of 14 questions. Here, I tested

three different constructs to assess whether the randomization was successful. First, I

asked four items to test the personal innovativeness in the domain of information tech-

nology of the participants following (Agarwal and Karahanna, 2000). Exemplary items

were ”I like to experiment with new information technologies” or ”If I heard about a new

information technology, I would look for ways to experiment with it,”, ”In general, I am

hesitant to try out new information technologies” and ”Among my peers, I am usually the

first to try out new information technologies”. Second, I tested the construct of feedback-
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Figure 55: Basic user interaction concept of alternative argumentation learning tool:
students receive theory input and general recommendations on the argumentation of a
given text.
Source: Own illustration

seeking of individuals following (Ashford, 1986). Example items are: ”It is important for

me to receive feedback on my performance.” or ”I find feedback on my performance use-

ful.” Both constructs were measured with a 1- to 5-point Likert scale (1: totally disagree

to 5: totally agree, with 3 being a neutral statement).

Similar to my experiments in section 5, I controlled for the argumentative competen-

cies of the participants, since I later measured the formal and perceived quality of the

argumentation of the written texts. Therefore, I captured the construct of passive ar-

gumentative competency following (Flender et al., 1999), as it is a proven construct to

measure argumentative competencies in German. Participants were asked to read a dis-

cussion between two teachers concerning the topic ”Does TV make students aggressive?”.

I retrieved the entire discussion with the topic and the measurements from (Flender et al.,

1999). Based on the discussion, I asked the participants three questions concerning the
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argumentation structure and the content of the text with multiple choice answers: ”What

kind of argumentation style or structure is used?”, ”How can a new argument be added

to the discussion?” and ”Which of the following standpoints do both parties agree on?”

(Flender et al., 1999). Additionally, participants were asked how sure they were about

the answers on a 1- to 5-point Likert scale (1: very sure, 5: not very sure, with 3 being

a neutral statement). The competencies were then assessed by calculating a score from 0

to 27 following the measurements of (Flender et al., 1999).

(2) Writing exercise: In the writing part of the experiments, I asked the participants

to conduct a persuasive writing task, simulating a typical student essay homework. Sim-

ilar to study 1 in section 5, I asked the students to write a review about the discussion

from the pre-survey. Therefore, students were asked to assess the argumentation of both

parties (pro and contra) concerning the weaknesses and strengths of their argumentation.

The participants were told to spend at least 15 minutes writing this review. A countdown

indicated them the remaining time. They were only able to continue the experiment after

the countdown was finished. The treatment group was using ArgueTutor to write the

review, the control group was using the reference tool. I did not provide any introduction

to any of the tools. The students using ArgueTutor were adaptively tutored through the

writing exercise, e.g., through theory input, individual recommendations, and adaptive

argumentation feedback based on the feedback algorithm. Participants using the refer-

ence tool retrieved help based on argumentation theory input and general argumentation

recommendations during the writing process following (Toulmin, 2003).

(3) Posttest: In the post-survey, I measured the perceived level of enjoyment of the

students, since enjoyment during a learning process has a major influence on the adoption

of IT tools (Lee et al., 2005) and on the learning success of students (Pekrun and Stephens,

2012). Therefore, I asked the students the following items: “The interaction with the

learning tool was exciting” and “It is fun to interact with the learning tool” (Kim et al.,

2019). Moreover, I measured the perceived ease of use of the participants following the

technology acceptance model of (Venkatesh et al., 2003; Venkatesh and Bala, 2008) and

captured the demographics. In total, I asked 13 questions. Example items for the three

constructs are: ”Imagine the tool would be available in your next course, would you use

it?”, ”The use of the argumentation tool enables me to write better argumentative texts.”

or ”I would find the tool to be flexible to interact with”. Finally, I asked three qualitative

questions: ”What did you particularly like about the use of the argumentation tool?”,

”What else could be improved?” and ”Do you have any other ideas?”

Measurement of Argumentation Quality

Besides measuring the ease of use and the level of enjoyment, the main objective was to
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measure the quality of the written texts from both groups to evaluate the main hypothesis.

Therefore, I measured the formal quality of argumentation and the perceived quality of

argumentation as done already for the evaluations of AI-based argumentation writing

support systems in section 5.

(1) Formal quality of argumentation: The written peer reviews were analyzed for

the formal quality of argumentation. I applied the annotation scheme for argumentative

knowledge construction described by Weinberger and Fischer (2006). This annotation

scheme was applied in various studies and has proven high objectivity, reliability, and

validity (e.g., Stegmann et al. (2012)). To measure the formal quality of argumentation,

the annotator had to distinguish between (a) unsupported claims, (b) supported claims,

(c) limited claims, and (d) supported and limited claims. A more precise description of the

scheme can be found in Weinberger and Fischer (2006). Three annotators were trained

based on my 15-page annotation guideline of the corpus from section 5 to assess the

argumentation components of persuasive reviews. The formal quality of argumentation

of the individual user was then defined by the number of arguments written by a user

during the writing phase. Following Stegmann et al. (2012), only supported, limited and

supported and limited claims were counted as argumentation.

(2) Perceived quality of argumentation: The perceived quality of argumentation

was annotated by the same three annotators. The objective was to subjectively judge

how persuasive the given argumentation is on a Likert scale from 1 to 5 points (1: not

very persuasive, 5: very persuasive). I took the mean of all three annotators as a final

variable for the formal and the perceived quality of argumentation of the texts.

6.5.2.3 Results

To evaluate the hypothesis that adaptive tutoring on students’ argumentation will help

them to write more convincing texts, the objective was to answer two research questions

(RQ):

RQ1: How effective is ArgueTutor at helping users to write more persuasive texts com-

pared to the traditional approach?

RQ2: Do students perceive the interaction with ArgueTutor as easy and enjoyable to use

during their writing process, and would they continue to use it in the future?

To evaluate the first research question, I compared the formal quality of argumentation

and perceived quality of argumentation between the written text of the treatment and
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Group Formal argumentation Perceived argu.
Mean ArgueTutor 3.56 3.48
Mean reference tool 2.64 2.80

SD ArgueTutor 1.81 0.83
SD reference tool 1.21 1.43

p value 0.03459 0.03961

Table 28: Results of formal and perceived quality of argumentation between both tools.
Source: Own illustration

the control group. Therefore, I applied a Welch Two Sample t-test to evaluate whether

the means of the constructs are significantly different between the groups.

The second research question was answered by comparing the constructs of perceived ease

of use and level of enjoyment for participants using ArgueTutor compared to participants

using the alternative tool. I performed a Welch Two Sample t-test to assess whether

differences between both groups are statistically significant. Moreover, I compared the

results of ArgueTutor to the midpoints scale to validate a general positive technology

acceptance. To ensure that the randomization resulted in randomized groups and to con-

trol for potential effects of interfering variables with the small sample size, I compared

the differences in the means of the three constructs included in the pretest. For all three

constructs, including personal innovativeness, feedback-seeking of individuals and passive

argumentative competency, I received p values larger than 0.05 between the treatment and

the control groups (for personal innovativeness p= 0.1436, for feedback-seeking of individ-

uals p= 0.7537 and for passive argumentative competency p= 0.8495). This demonstrated

that no significant difference in the mean values for these three constructs exists between

the groups.

Argumentation Quality of Written Texts

The mean number of arguments in the texts from participants using ArgueTutor for the

writing exercise was 3.56 (SD= 1.81). For the texts from participants using the alternative

static tool, I counted a mean of 2.64 arguments (SD= 1.21) (see Table 28). A double-sided

t-test confirmed that the treatment group wrote texts with a statistically significantly

higher quality of formal argumentation: t value= 2.1738 and p value= 0.03459 (p<0.05).

For the perceived quality of argumentation, I found that on a Likert scale from 1 to 5 points

(1: not very persuasive, 5: very persuasive) texts from the treatment group achieved an

average value of 3.48 (SD= 0.83). Participants using the alternative application wrote

texts with a mean value of the perceived quality of argumentation of 2.80 (SD= 1.43).

A double-sided t-test showed that the difference was statistically significant: t value=

2.114 and p value= 0.03961 (p<0.05). This clearly proves the hypothesis that adaptive

dialogue-based tutoring during students’ argumentative writing process helps them to
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write more convincing texts. The results show that students using ArgueTutor wrote

texts with a better formal quality of argumentation and with a better perceived quality

of argumentation compared to the ones using the static traditional approach.

Students’ Perception of Ease of Use and Enjoyment

Group ease of use level of enjoyment
Mean ArgueTutor 3.73 3.41
Mean reference tool 3.45 3.00

SD ArgueTutor 0.64 0.89
SD reference tool 0.69 0.88

p value 0.0286 0.02135

Table 29: Results of the perceived ease of use and level of enjoyment ArgueTutor and the
reference tool on a 1 - 5 Likert Scale.
Source: Own illustration

To evaluate the students’ perception, I calculated the means of the perceived ease of use

and the level of enjoyment. I compared the results of ArgueTutor with the results of

the alternative tool. The perceived ease of use of ArgueTutor was rated with a mean

value of 3.73 (SD= 0.64) and the average perceived level of enjoyment of ArgueTutor was

3.41 (SD= 0.89). These values are significantly better than the results of the alternative

approach. For perceived ease of use I observed a mean value of 3.45 (SD= 0.69) and for

perceived level of enjoyment, the value was 3.00 (SD= 0.88) for participants from the

control group. The results show that the participants of the experiment rated the ease

of use of ArgueTutor as an adaptive dialogue-based tutoring system positively compared

to the usage of the alternative application. The statistical significance was also proven in

a double-sided t-test for all three constructs (see Table 29). Moreover, the mean values

of ArgueTutor are also very promising when comparing the results to the midpoints. All

results are better than the neutral value of 3, indicating a very positive value for the

level of enjoyment and perceived ease of use. A high level of enjoyment and ease of use is

especially important for learning tools to ensure students are experiencing joy in the usage

of the tool and they find it easy to interact with. This will foster motivation, engagement,

and adoption to use the learning application.

6.5.2.4 Qualitative User Feedback

I also asked open questions in the survey to receive the participants’ opinions about the

tool they used. The general attitude for ArgueTutor was quite positive. Participants pos-

itively mentioned the fast and adaptive feedback (F4 and F5), the simple conversational

interaction flow, and the adaptive feedback message with the readability score (F5 and
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F6) several times. However, participants also asked if ArgueTutor could provide even

more detailed feedback about the argumentation (e.g., through displaying argumentative

relations between the components) and provide transparent explanations on how the feed-

back mechanism works. I translated the responses from German and clustered the most

representative responses in Table 30.

Cluster Feature

On the user interaction ”I liked the interactive dialogue-based interaction. It made
the task more interesting compared to traditional writing
tools with feedback. In a way, you don’t feel alone when
writing your essay and you get a second try for improve-
ments.”

On feedback accuracy ”The feedback was pretty accurate and criticized the points
I would have criticized myself.”

On readability score and feed-
back message

”The readability score and the recommendation seems to be
correct and helped me to reflect on my argumentation.”

On the feedback visualization ”I found it very revealing that different fonts were used to
show how my argumentation is structured. This function
creates added value.”

On speed of the tool ”Very fast reaction time of ArgueTutor.”

Improvements on trans-
parency

”It was not quite clear to me how the feedback algorithm
worked and what the score exactly measures.”

Improvements on feedback
granularity

”The feedback regarding my text could be more precise and
detailed.”

Table 30: Representative examples of qualitative user responses.
Source: Own illustration

6.5.2.5 Discussion

This research study illustrated that adaptive dialogue-based tutoring on students’ argu-

mentation skills during a writing exercise helps them to write more persuasive texts. The

perceived and the formal argumentation quality was significantly higher for students us-

ing the instantiated conversational argumentation learning system ArgueTutor compared

to the ones using an alternative discussion scripting approach for the exact same writ-

ing exercise. I believe that the ICAP framework could explain the results. Accordingly,

a dialogue-based interactive learning journey increases the engagement of the students

compared to an active learning scenario. Therefore, the user-centered and theory-based

design of an adaptive conversational argumentation learning system combined with in-

telligent algorithms interactively fosters learning according to the conceptual model of

the ICAP framework (Chi and Wylie, 2014). Also, the perceived ease of use and the

level of enjoyment showed positive results for the usage of a learning tool in a real-world

scenario. Especially a high level of enjoyment during the learning process is important
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for the long-term adaption of such learning tools since this is proven to foster motivation

and engagement in the learning process.

6.5.2.6 Conclusion

In the research study, I compared a novel conversational argumentation learning system,

ArgueTutor, to a discussion scripting approach in an experiment with 55 participants. I

found that students using ArgueTutor to conduct a writing exercise wrote more convincing

texts with a better formal quality of argumentation compared to the traditional approach.

The perceived ease of use and enjoyment offers promising results to use ArgueTutor as a

learning tool in different learning scenarios. All in all, the research offers design knowledge

to further improve dialogue-based tutoring systems based on techniques from NLP and

ML.

In the next subsection, I will build on my findings from study 1 and evaluate two different

designs of ArgueTutor to investigate the specific effect of adaptive feedback in the dialogue-

based interaction of conversational argumentation learning system and its influence on

user perception.

6.5.3 Study 2: Experimental Evaluation of Adaptive Conversational Feed-

back

After evaluating the general effectiveness of conversational argumentation learning sys-

tems in comparison to traditional static argumentation learning approaches, the objective

of study 2 is to dive deeper into the adaptive interaction of conversational argumentation

learning systems. My goal is to evaluate the effectiveness and usefulness of the adap-

tive feedback of a conversational argumentation learning system with the instantiation

of ArgueTutor. To do so, I designed a similar experiment as done in study 1, in which

participants were asked to write a persuasive peer review based on a given essay. Partic-

ipants were randomly assigned to two different groups in which I manipulated the level

of adaptivity of my conversational argumentation learning systems. The treatment group

(TG) used the fully functional version of ArgueTutor (with adaptive argumentation feed-

back on texts, including F5 and F6), while participants in the control group (CG) used a

version of ArgueTutor that only provides general feedback on texts (without my trained

argumentation mining feedback intend – not including F5 and F6). Instead, participants

of the CG received random general argumentation feedback based on the argumentation

model of Toulmin (2003), e.g., “please make sure all claims are sufficiently supported by
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at least one premise”.

In total, I recruited 45 students from the University of St. Gallen through social networks

and mailing lists to take part in this experiment. After randomization, I had 22 partici-

pants in the treatment and 23 in the control group. The participants received a link to

the experiment, which was conducted in the browser using the tool unipark. Participants

of the treatment group had an average age of 24.85 (SD= 2.32), 17 were male, 5 were

female. In the control group, participants’ average age was 25.39 (SD= 0.98), 14 were

male, 9 were female. On average the experiment took 25 to 35 minutes.

6.5.3.1 Experimental Design

Similar to study 1, the experimental design consisted of three main phases: (1) pretest

phase, (2) individual writing phase and (3) post-test phase. The pre-and post-phases

were consistent for all participants. In the writing phase, I manipulated the level of

argumentation feedback participants received during writing their peer reviews.

Pretest Phase: As in study 1, the experiment started with a pre-survey with 14 ques-

tions. I checked the same items as in study 1 including the three different constructs

of personal innovativeness in the domain of information technology (Agarwal and Kara-

hanna, 2000), feedback-seeking of individuals (Ashford, 1986), and passive argumentative

competency (Flender et al., 1999) to assess whether the randomization resulted in ran-

domized groups (exemplary items are described in study 1 of this section).

Individual Writing Phase: In the writing phase of the experiments, I asked the par-

ticipants to write a review about the argumentation of both parties (pro and contra)

concerning the weaknesses and strengths of their argumentation, similar as done in study

1. The participants were told to spend at least 15 minutes writing this review. A count-

down indicated the remaining time. They were only able to continue the experiment after

the countdown was finished. The treatment group used ArgueTutor with adaptive argu-

mentation tutoring to write the review, the control group used the version of ArgueTutor

without the adaptive argumentation tutoring, only receiving general nonadaptive support

based on the Toulmin theory (Toulmin, 1984). I did not provide any introduction to any

of the tools.

Posttest Phase: In the post-survey, I measured perceived usefulness (PU), intention

to use (ITU), and ease of use (PEOU) following the technology acceptance model of

Venkatesh et al. (2003); Venkatesh and Bala (2008). Example items for the three con-

structs are: “Imagine the tool was available in your next course, would you use it?”, “The
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Group n ITU PFA PASL PU PEOU
Mean SD Mean SD Mean SD Mean SD Mean SD

TG: adaptive
support

22 2.4259 0.5088 2.6666 0.5362 2.1388 0.7030 2.4722 0.5808 1.7407 0.6720

CG: non-
adaptive
support

23 2.9365 0.8667 3.3015 0.6984 2.6190 0.6690 2.9285 0.9122 2.0317 0.7951

Total 45
p = 0.0292* p = 0.0027** p = 0.0364* p = 0.0673 p = 0.2243

t-value = 2.2797 t-value = -3.2066 t-value = -2.1741 t-value = -1.8889 t-value = -1.238

Table 31: Measured mean and standard derivation on a 1-5 Likert scale (1: high, 5: low);
*p <0.05, **p <0.01.
Source: Own illustration

use of the tool enables me to write better argumentative texts.” or “I would find the tool to

be flexible to interact with”. Moreover, I tested for the perceived feedback accuracy (PFA)

(Podsakoff and Farh, 1989) of both versions of ArgueTutor to control for the manipula-

tion of the adaptive feedback by asking three items: “The feedback I received reflected my

true performance.”, “The tool accurately evaluated my performance.” and “The feedback

I received from the tool was an accurate evaluation of my performance”. Also, I asked the

participants to judge their perceived argumentation skill learning (PASL), following the

model of Toulmin (Toulmin, 2003), by asking two items: “I assume that the tool would

help me improve my ability to argue in a structured way in texts.” and “I assume that

the tool would help me improve my ability to write more convincing texts.” The answers

were captured on a 1-to 5-point Likert scale (1: totally agree to 5: totally disagree, with

3 being a neutral statement). Additionally, I asked three qualitative questions: “What

did you particularly like about the use of the argumentation tool?”, ”What else could be

improved?” and “Do you have any other ideas?”. Finally, I captured the demographics.

In total, I asked 20 questions in the posttest.

6.5.3.2 Results

For data analysis, I performed a double-sided t-test (Welch’s t-test) to assess whether

differences between both groups are statistically significant. In order to control for po-

tential effects of interfering variables with my rather small sample size and to ensure

that randomization was successful, I compared the differences in the means of the three

constructs included in the pretest. For all three constructs, including personal innovative-

ness, feedback-seeking of individuals, and passive argumentative competency, I received

p values larger than 0.05 between the treatment and the control group.

To investigate the impact of adaptive feedback in the conversational interaction of a

conversational argumentation learning system, I compared the measured results between
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the five constructs I captured in the posttest between the two groups. Participants of the

TG rated the ITU, the PFA, and the PASL significantly higher than participants of the

CG. A double-sided t-test confirmed that the participants of TG, who received adaptive

argumentation tutoring by ArgueTutor, perceived the ITU, the PFA, and the PSAL of

the pedagogical conversational agent statistically significantly better than participants

who only received general tutoring support (see Table 31: ITU p <0.05; PFA p <0.01,

PASL p <0.05). This indicates that from a student’s perspective the value of ArgueTutor

not only lies in the dialogue-based interface and a step-by-step guidance but rather in

the adaptivity of the pedagogical conversational agent. Moreover, the results indicate

that the overall perception of ArgueTutor is very positive. In both groups, the ITU,

the PASL, the PU, and the PEOU are higher than the neutral value of 3. Especially

the perceived usefulness for writing better argumentative texts and the intention to use

ArgueTutor as a writing support tool show promising results. A positive technology

acceptance is especially important for learning tools to ensure students are perceiving the

usage of the tool as helpful, useful, and easy to interact with. This will foster motivation

and engagement to use the learning application. As described above, I also included

open questions in this survey to receive the participants’ opinions about the perception

of the interaction of ArgueTutor to further evaluate my design functionalities and design

principles. The general attitude of the interaction with ArgueTutor was very positive.

Participants of the TG positively mentioned the fast and adaptive feedback (DP3 and

DP4), the highlighting of argumentative components in their texts, and the adaptive

feedback message on what to improve several times. In contrast, almost every participant

of the CG mentioned that individual feedback on the written text with a personal message

on what to improve is a necessary feature, indicating again the importance of adaptivity

of a conversational argumentation learning system.

6.6 Discussion

In this study, I evaluate the impact of adaptive and intelligent feedback through the in-

stantiated conversational argumentation learning system ArgueTutor. The experiment

with 45 participants confirmed that the individual and adaptive feedback mechanism

of ArgueTutor has a significant impact on participants’ intention to use, perceived feed-

back accuracy of the pedagogical conversational agent, and subjective argumentation skill

learning. The results indicate, that the novelty of conversational argumentation learning

systems comes not only from the dialogue-based learning setting, but also the intelligent

feedback in a user-centered and theory-motivated learning tool.
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6.6.1 Theoretical and Practical Contributions

Therefore, the user-centered and theory-based design of an adaptive pedagogical conversa-

tional agent combined with intelligent algorithms interactively fosters learning according

to the conceptual model of the ICAP framework (Chi and Wylie, 2014). Together with

study 1, the evaluation of my instantiated conversational argumentation learning system

ArgueTutor, confirms that adaptive dialogue-based tutoring helps students to increase

their argumentation writing skills and also their motivation during learning compared to

traditional argumentation scripting approaches (study 1) and non-adaptive conversational

pedagogical agents (study 2).

Hence, the work makes several contributions to current research. To the best of my

knowledge, this study is one of the first to present empirical insights into how to design a

conversational argumentation learning system to foster argumentation skills of students

based on adaptive and intelligent tutoring. It provides a foundation for researchers who

also aim to develop learning tools to train metacognition skills to compare their solutions

with mine. Educators can now use the design findings and principles to build their own

adaptive pedagogical conversational agents to support argumentation learning in their

large-scale or distance-learning scenarios.

6.6.2 Limitations and Future Work

My study also faces limitations. For the aim of this study, I focused the research on stu-

dents from the university. Even though it is reasonable to assume that the transferability

to other cases is possible without major changes, I cannot prove it with the research de-

sign. Moreover, even if 85% of the participants stated they have used a conversational

agent before, novelty effects of students using the pedagogical conversational agent for the

first time cannot be expelled in the empirical results. In these experiments, I prove the

short-term influence of ArgueTutor on a student’s argumentation skills and perceptions.

For future work, I suggest measuring the long-term learning effects on students’ skills.

This can be achieved with a longitudinal study in a real-world learning setting, e.g., in

tutoring the writing process of peer reviews in business model lectures.

Based on the qualitative user feedback, I see three main improvements to enhance Ar-

gueTutor. First, I aim to improve the details of the argumentation text feedback by

displaying the argumentative relations between the components through a graph engine.

Therefore, students receive an additional overview of the discourse of their argumentation.

Second, I aim to improve the transparency of the recommendations and explanations by

providing a question mark button in the upper right corner of the conversational argu-



6 Designing Conversational Argumentation Learning Systems 199

mentation learning system. Students can see transparent explanations for the adaptive

tutoring at any time they want. Third, I want to train the conversational argumentation

learning system on different argumentation mining corpora to extend the contribution of

the learning tool to other domains and languages (e.g., English student essays or English

law cases).

6.7 Conclusion

I this section, I designed, built, and evaluated ArgueTutor, an adaptive conversational

argumentation learning system that individually tutors students with task explanations,

theory input, guidance, and adaptive feedback on the argumentation structure of a text

by leveraging the recent advances of argumentation mining algorithms.

I rigorously derived requirements from 85 scientific papers (rigor) and from twelve semi-

structured user interviews (relevance) to formulate a concise set of design principles for

adaptive pedagogical conversational agents for argumentation skill learning. I refined and

evaluated those design principles as an instantiated artifact (ArgueTutor) in two empirical

studies with 100 students in total.

Thereby, I answered RQ3b of my dissertation. The resulting design principles provide

guidance for educators and designers when conceptualizing and implementing novel ped-

agogical conversational agents for metacognition skill learning. My results confirm that

intelligent dialogue-based agents also impact argumentation skill learning of students.

The next section of my work will focus on transferring and evaluating the findings from

section 5 and section 6 to another pedagogical scenario. This is necessary to not only

reproduce the findings in other didactical domains but also to confirm or reject my findings

from the previous sections.
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7 Nudging Students Towards Self-Regulated Argu-

mentation Learning

In this section of my dissertation, the objective is to (1) reproduce and transfer the findings

on AI-based argumentation writing support systems to another pedagogical scenario and

(2) to draw on the concept of digital nudging, to motivate learners to increase their

argumentative writing based on argumentation self-evaluation. Thereby, I will answer

RQ3c as stated in section 1.

RQ3c: How can an argumentation writing support system be designed based on nudging

and self-evaluation to influence students’ argumentation writing skills?

Method: Design science research including corpus development, argumentation modeling

in student-written business pitches, and mixed-method research with a series of experi-

ments.

Results: Further empirical evidence for the influence of argumentation writing support

systems based on certain design principles on students’ argumentation skills and their

learning experience.

After investigating the influence of adaptive argumentation writing support on students’

argumentation skills in section 5 (RQ3a) and the influence of dialogue-based tutoring on

students’ argumentation skills during a persuasive writing exercise in section 6 (RQ3b),

this section aims to transfer the prior findings to another argumentative domain to en-

sure the validity of the results. Hence, I aim to build a novel learner-centered AI-based

argumentation writing support system, which supports students with argumentation self-

evaluation during writing a persuasive business pitch. To guide the design of a novel

AI-based argumentation writing support system, I built on my findings from section 5

and section 6 as well as on the concept of digital nudging.

Embedding nudges in traditional learning environments, but also digital nudges in learning

tools, has shown positive effects on learning outcomes, especially for self-regulated learning

such as self-monitoring and self-evaluation (Caraban et al., 2019; Hartwig and Reuter,

2021; Weijers et al., 2020).

To investigate how individual argumentation self-evaluation will help students write more

convincing texts, I design an argumentation writing support system called Argument-

Feedback based on nudging theory and evaluated it in a series of three studies with a

total of 108 students.
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I found that students who receive a self-evaluation nudge wrote more convincing texts with

a better quality of argumentation compared to two alternative groups. The measured self-

efficacy and the technology acceptance provide promising results for embedding adaptive

argumentation writing support tools in combination with digital nudging in traditional

learning settings to foster self-regulated learning. 14

14The insights presented in this section are partly based on my papers Wambsganss (2022)
and Wambsganss and Niklaus (2022). I thank my collaborators for the valuable feedback on my
work.
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7.1 Introduction

The design and adoption of current argumentation learning systems is lagging behind the

recent technological developments in human—computer interaction and NLP research.

This eventually leads to a lack of literature and design knowledge from an interdisciplinary

perspective for building an accessible, intelligent, and learner-centered argumentation

tool that enables self-regulated learning (Xu et al., 2021). Thus, learners still struggle

to train argumentation skills due to a lack of adaptive and instant evaluations in their

individual learning process, since current approaches either fail to provide scalable and

formative feedback on the argumentation skills of students or are not student centered

(Lawrence and Reed, 2019; Scheuer, 2015). In the studies in section 5 and in section 6, I

have successfully embedded argumentation mining algorithms in argumentation learning

systems to support students when learning argumentation skills. However, even though

much literature on argumentation systems exists, insights on the learner-centered system

design in combination with argumentation mining as well as a transfer from peer reviews

to other domains are rare.

To consider learner-centricity, I draw on the concept of nudging, originally a concept

from behavioral economics (Thaler and Sunstein, 2009), to nudge users in their learning

process. In fact, the soft-paternalistic paradigm of nudging users towards an intended

behavior has shown positive effects on decision-making in digital environments (Caraban

et al., 2019), e.g., for nudging towards secure internet behavior (Hartwig and Reuter, 2021;

Zimmermann and Renaud, 2021). Nudging is based on psychological effects that influence

or counteract behavior to support users in their decision-making, especially by exploit-

ing biases and the heuristics of individuals (Mirsch et al., 2018). Embedding nudges in

traditional learning environments and digital nudges in learning tools has shown positive

effects on learning outcomes, especially for self-regulated learning such as self-monitoring

and self-evaluation (Caraban et al., 2019; Hartwig and Reuter, 2021; Weijers et al., 2020;

Motz et al., 2021). For example, Motz et al. (2021) have found that push notifications

about missing submissions nudge students to improved assignment adherence and course

grades, and Eskreis-Winkler et al. (2019) have found that nudging students to give moti-

vational advice to their peers (e.g., how to stop procrastinating) leads to higher academic

grades. However, even though literature on argumentation learning exists, extant re-

search falls short of providing an ML-based approach combined with a student-centered

and theory-based design along with rigorous empirical evaluations to compare distinct

features such as a self-evaluation and nudging to help students learn how to argue in

other scenarios than peer reviews. An interdisciplinary human—computer interaction

perspective combined with recent methods from argumentation mining to form a learner-

centered argumentation writing support system provides students with the opportunity
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to monitor and evaluate themselves based on nudging theory is missing (Huang et al.,

2016; Afrin et al., 2021; Wang et al., 2020).

Drawing on nudging theory as a guiding design paradigm (Thaler and Sunstein, 2009),

I aimed to answer RQ3c by investigating, designing, and evaluating a novel student-

centered learning system called ArgumentFeedback to enable students to self-monitor

and self-evaluate their argumentation writing skills independently (Bjork et al., 2013;

Bandura, 1991; Zimmerman and Schunk, 2001). I followed a rigorous theory-motivated

design approach, where I systematically built on my findings from section 5 to carefully

derive requirements for the design of ArgumentFeedback. Based on these design insights,

I followed the methodology of Mirsch et al. (2018) to design different nudges for argumen-

tation skill learning based on self-evaluation and self-monitoring (Cialdini and Goldstein,

2004). I iteratively evaluated the design with 108 students in three empirical studies to

investigate if and how individual argumentation self-monitoring based on ML in combi-

nation with digital nudging helps students write more convincing texts.

To develop the AI-based argumentation writing support system, I (1) constructed a

novel, theory-driven argumentation annotation scheme for student-written business model

pitches, (2) compiled a corpus of 200 student-written texts, (3) trained a state-of-the-art

model to predict the individual argumentation skill level, and (4) embedded the model

in the student-centered and theory-informed design based on nudging theory (Weinmann

et al., 2016; Mirsch et al., 2018). ArgumentFeedback provides students with individual ar-

gumentation self-evaluation by highlighting the argumentative components, by providing

an adaptive learning dashboard for writing persuasive business pitches, and by adaptively

nudging students to write more argumentative texts based on social comparison (Mirsch

et al., 2017; Cialdini and Goldstein, 2004).

To determine the impact of adaptive self-evaluation with digital nudging for argumen-

tative writing on students’ argumentation skills, I evaluated the learning system in one

qualitative study (study 1), one laboratory experiment (study 2), and one field experi-

ment (study 3). I observed that participants who received an intelligent self-evaluation

nudge including a social comparison and an adaptive feedback message when writing a

persuasive business pitch wrote more formally argumentative texts compared to students

who received an individual self-monitoring nudge and students who received only general

self-monitoring. Furthermore, the perceived persuasiveness of the texts was significantly

higher than of the texts from students using the other two tools. Moreover, the mea-

sured intention to use, the perceived ease of use, the perceived usefulness (Venkatesh and

Bala, 2008), and the self-efficacy (Bandura, 1991) provide promising results for the us-

age of social nudging in combination with adaptive feedback for effective self-regulated

argumentative skill learning. The results suggest that a student-centered learning tool
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based on digital nudging combined with ML and NLP feedback helps students write more

persuasive texts.

This work has three main contributions. First, I provide insights into a holistic design

of a student-centered writing support tool based on recent advances in computational

linguistics and digital nudging theory for self-regulated argumentation skill learning and

metacognition skills in general. Second, I demonstrate the effectiveness of social nudging

for argumentation learning by rigorously evaluating the tool ArgumentFeedback in three

empirical studies with a total of 108 students. The results provide insights into the po-

tential of designing student-centered learning tools based on NLP and ML in combination

with digital nudging to foster self-regulated argumentative writing in a student’s learning

journey. Third, the research shows a case example of supporting metacognition skills in

a scalable and individual format in possible large-scale scenarios. Thus, I provide design

knowledge for other researchers and educators to design and compare similar tools for the

support of metacognition skills of students based on computational methods and nudging

theory. Hence, I foster the metacognition skill learning of students as a step to contribute

to the OECD Learning Framework 2030 towards a metacognition-skill-based education.

7.2 Theoretical Background

I propose to combine recent advances in NLP, ML, and argumentation mining to evalu-

ate new forms of human—computer interaction based on digital nudging theory for self-

regulated argumentation skill learning (Bandura, 1991; Zimmerman and Schunk, 2001;

Thaler and Sunstein, 2009). Following the suggested architecture of AI-based argumenta-

tion writing support systems in section 5, I not only address the educational task by pro-

viding feedback with recent computational methods but also focus on the learner through

a user-centered and theory-motivated design to enable an adaptive and individual learning

experience independent of an instructor, time, and place (Xu et al., 2021).

The complexity of using this ML, NLP, and argumentation mining in combination with

digital nudging to provide students intelligent self-evaluation has, so far, been poorly

assessed (Lawrence and Reed, 2019). In the approach, I focus on the first two subtasks

to assess the argumentation level of a student to provide individual self-monitoring in

combination with social nudging (Mirsch et al., 2018).

In 2009, Thaler and Sunstein (2009) introduced the concept of nudging to suggest guiding

user behavior through the targeted design of user interfaces. They define a nudge as ”any

aspect of the choice architecture that alters people’s behavior in a predictable way without

forbidding any option or significantly changing their economic incentives”. The aim is
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to build on the known systematic biases in human decision-making to support people

in making better decisions (Caraban et al., 2020). Based on insights from behavioral

economics, psychological effects that influence behavior are applied or counteracted to

support users in their decision-making process (Thaler and Sunstein, 2009). The concept

of influencing people with small design interventions to nudge them towards a certain

behavior has been applied in several domains, such as information systems (e.g., Mirsch

et al. (2018); Weinmann et al. (2016)) or human—computer interaction (e.g., Canca

(2020); Lee et al. (2011); Acquisti et al. (2017)). More recently, the positive effects of

nudging have been also used for the design of digital learning systems. Motz et al. (2021)

have found that push notifications about missing submissions nudged students to improved

assignment adherence and course grades compared to students who did not receive the

nudge. Moreover, Eskreis-Winkler et al. (2019) have found that nudging students to give

motivational advice to peers (e.g., how to stop procrastinating) leads to higher academic

grades. However, to the best of my knowledge at the time of conducting this work,

the concept of nudging has not been investigated for argumentation skill learning or

argumentative writing support, e.g., to nudge users to write more persuasive texts.

I believe that embedding the concept of nudging for individual writing feedback could

help students learn how to argue in a more effective way. I back up the hypothesis on

self-regulated learning theory (Bjork et al., 2013). I believe that this theory supports the

underlying hypothesis that individual and personal feedback including digital nudging on

a student’s argumentation motivates or engages the student to improve their skill level.

Self-regulated learning theory reflects that students learn better with formative feedback

and goal setting (Bandura, 1991; Zimmerman and Schunk, 2001). For students in a

learning process, especially, critical reflection through self-monitoring and self-evaluation

is an important component for effective learning (Zimmerman and Schunk, 2001). It

can be an initial trigger for a student’s learning process and thus the creation of new

knowledge structures. However, the right portion of self-monitoring and self-reflection in

combination with a learning goal is important for students to learn effectively (Bandura,

1991; Zimmerman and Schunk, 2001). The paradigm of nudging could provide guidance

in better designing a self-evaluation mechanism (Canca, 2020), e.g., in how to frame,

anchor, or socially compare the user’s behavior to nudge them towards more persuasive

writing (Thaler and Sunstein, 2009; Mirsch et al., 2018). For example, the concept of

social comparison (Cialdini and Goldstein, 2004), also-called social nudge, might lead to

a combination of learning feedback and goal setting (e.g., by stating a feedback message

such as ”other users have used more arguments in the same task”). For instance, nudges

that include social comparisons with other learners have lead to better exam performance

and an increase in study time (O’Connell and Lang, 2018). Theoretically, the underlying

mechanism is also rooted in social cognitive theory (Bandura, 1977) and is thus, a prime
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candidate for positive behavior change in learning processes (Bandura, 1991). Therefore,

I aim to investigate if and how individual argumentation self-monitoring based on ML

combined with digital nudging will help students write more convincing texts. To do so, I

designed a novel pedagogical scenario based on a new annotated argumentation corpora of

student-written texts to provide students adaptive self-evaluation in a real-world writing

exercise.

7.3 Design and Development of ArgumentFeedback

In order to contribute to RQ3c on how to design an intelligent argumentation writing

support tool with self-evaluation based on ML to influence students’ argumentation writ-

ing skills, I built ArgumentFeedback. ArgumentFeedback is an AI-based argumentation

writing support system and, thus, mainly based on my findings, the architecture, and

the design principles from section 5. In this subsection, I will explain how I designed

and developed the two main components of ArgumentFeedback: (1) the theory-based

self-evaluation interface based on digital nudging theory and (2) the adaptive feedback

algorithm to access the individual argumentation level of students. An overview of the

basic concept of ArgumentFeedback is depicted in Figure 56.

Figure 56: Basic concept of ArgumentFeedback: students are conducting a persuasive
writing exercise in a common writing editor and are nudged with an intelligent self-
evaluation towards more argumentative writing.
Source: Own illustration

7.3.1 Deriving Requirements for Nudging Students Towards more Persuasive

Writing

Taking the results from my literature review for AI-based argumentation writing support

systems and the conducted studies in section 5, my goal was to derive requirements and

design knowledge for designing a novel nudge for argumentation skill learning. Based on

self-regulated learning theory (Zimmerman and Schunk, 2001), the aim was to provide
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students with self-monitoring and self-evaluation based on their current argumentation

skill level. In order to achieve the goal, I followed the proposed methods for designing

digital nudges by Schneider et al. (2018). The methods provide four practical steps on

how to design a digital nudge for different scenarios, starting with (1) defining the goal,

(2) understanding the users, (3) designing the nudge, and (4) testing the nudge.

7.3.1.1 Defining Nudging Goal

The first step was to define the goal that was aimed to be achieved with digital nudg-

ing. My objective was to provide students with a tool that helped them improve their

argumentation skills based on self-monitoring and self-evaluation independent of an in-

struction, time, and location. To quantify the desired user behavior, I aimed to design a

feature that enabled users to write texts with a higher level of argumentation.

7.3.1.2 Understanding the Users

Next, the decision behavior of the users was examined, and the psychological effects were

investigated in the context of argumentation skill and digital nudge. Building on the

derived theory-based design requirements on how to build an adaptive argumentation

writing support system (see Table 32), the aim was to better understand the human

heuristics and biases in the particular scenario. Hence, I performed a general literature

review on digital nudging and digital nudges in educational settings specifically. I inves-

tigated the found literature under the criteria of (a) the underlying psychological effects

(heuristics) of the intended user behavior, (b) the empirical proof of the effect, and (c)

the insights on digital nudges to influence the user behavior. Following Mirsch et al.

(2017); Caraban et al. (2019), I found seven heuristics to be suitable for the context of

argumentation skill learning, namely framing, status quo bias, social norms, loss aver-

sion, anchoring and adjustment, hyperbolic discounting, decoupling, and priming. After a

more detailed evaluation and a workshop with two senior researchers who had much ex-

perience in user-interface design, digital nudging, and educational research, the concepts

of framing, social norms and anchoring and adjustment were found to be most suitable

for nudging students towards adaptive self-monitoring and self-evaluation based on recent

methods from argumentation mining.

Along these lines, framing can be used to show specific consequences, implications, or

eventualities of choices. For example, the technique of reinforcement can be used to

strengthen the user’s awareness of the desired behavior (Caraban et al., 2019). The
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psychological effect of social norms can be applied to make comparisons with other people.

In this regard, the nudging technique of social influence is used in literature (Caraban

et al., 2019). Social nudging is based on the psychological effect of an individual’s tendency

to conform to the expectations of others (Cialdini and Goldstein, 2004). Hence, user

behavior can be influenced by comparing one’s performance to others. Finally, by nudging

users through anchoring and adjustment, additional information is provided to students,

which is perceived as a reference. Thus, decision-making can be facilitated, and users can

be encouraged to perform a certain behavior (Caraban et al., 2019).

7.3.1.3 Designing the Nudge

Based on these three derived concepts from literature, I built nine low-fidelity prototypes

with different design instantiations of the three nudge groups (three design instantiations

for each psychological effect). For example, for social nudging, I designed three differ-

ent nudge instantiations for argumentation skill monitoring and evaluation. One nudge

instantiation provided the users with a relative social comparison of their numbers of ar-

guments (e.g., “80% of other users have used at least 6 arguments”). Moreover, users were

provided with an absolute comparison by indicating how many more arguments others

have written (e.g., “Other users have used two arguments more on average”) and, thirdly,

by a nudge indicating how many arguments others have written (e.g., “Others have used

8 arguments on average”).

7.3.1.4 Testing the Nudge

The different designs were then tested in qualitative evaluations with thirteen students

from the university to receive feedback about the different designs (see study 1 in sub-

section 7.4). Based on these evaluations, I found that targeted information on the ar-

gumentative quality of their text facilitated the decisions of students to improve their

written text argumentatively. Therefore, I implemented an informative framing nudge

to provide students with self-monitoring. Second, the students stated that the social

nudge was best suited to provide them with self-evaluation for argumentation skill learn-

ing. Most students mentioned that a social comparative feature based on the historical

number of arguments other users had written for the same witting task in combination

with an individual feedback message encouraged and motivated them the most to write

more arguments. These two nudge designs were used in the evaluations later on (i.e.,

Figure 62).
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Design Requirement from Literature Exemplary Guiding Litera-
ture

1) Provide colored in-text argumentation high-
lighting to enable students to self-monitor
their argumentation structures in their writ-
ten text.

Soloway et al. (1994); Bjork et al.
(2013); Zimmerman and Schunk
(2001); Afrin et al. (2021); Chern-
odub et al. (2019)

2) Provide argumentation theory explanation
and an argumentation learning goal (e.g.,
”write your texts as persuasive as possible”)
before and during the writing exercise.

Bandura (1991); Toulmin (2003);
Soloway et al. (1994)

3) Provide summarizing argumentation scores
in a learning dashboard with transparent ex-
planations to enable students to receive a
general overview of their argumentation skill
level.

Soloway et al. (1994)

4) Provide students with adaptive feedback
messages to guide them with feedback and
self-evaluation based on their individual ar-
gumentation skill level.

Hattie and Timperley (2007);
Wang et al. (2020); Vygotsky
(1980)

Table 32: Theory-based design requirements following my findings in section 5 on how to
build an intelligent argumentation writing support system.
Source: Own illustration

7.3.2 User Interaction of ArgumentFeedback

Following the above-mentioned design requirements and the insights from nudging lit-

erature, ArgumentFeedback is built as a Google Doc’s add-on that enables students to

receive adaptive argumentation monitoring and evaluation whenever and wherever they

want. A screenshot of ArgumentFeedback and the main functionalities (e.g., F1 - F5 )

can be regarded in Figure 57. The interface of ArgumentFeedback is kept rather sim-

ple to not distract users from the educational writing task. Hence, the learning tool is

displayed on the right side of the text input field by providing adaptive argumentation

self-monitoring and evaluation. When starting ArgumentFeedback, students first receive

an introduction to the functionality of the tool. This ensures that first-time users are

aware of the different functionalities of the writing support system. By referring to the

Toulmin argumentation model, students are informed about the basics of argumentation

theory (see F6 in Figure 57) (Toulmin, 2003). I integrated ArgumentFeedback in a pop-

ular writing editor. This comes with the advantage that users can not only write their

texts in a familiar environment with several useful writing functions (such as spell check)

but also then with ArgumentFeedback being thus more easy-to-access and easy-to-use

on all kinds of advances through a responsive web-based design. In fact, to the best of

my knowledge, with ArgumentFeedback, I present the first argumentation learning tool
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Figure 57: Screenshot of the AI-based argumentation writing support system Argument-
Feedback used in this study: a student conducts a persuasive writing exercise and is
nudged with intelligent argumentation self-evaluation based on the argumentation qual-
ity of her text to increase augmentation skill learning.
Source: Own illustration

that is integrated into a common writing environment (such as Google Docs or Microsoft

Office). Thus, I believe the availability as an add-on to a known cloud platform will foster

its long-term usage and adaption compared to a stand-alone research tool.

After introducing the user to the function of the tool and providing a short overview of

argumentation theory, ArgumentFeedback displays a simple self-evaluation dashboard to

the user (Figure 57: F3, F4, and F5). After the user writes their text, they can select a

certain text part and click on ”now analyze”. Afterwards, they will receive an adaptive

argumentation evaluation based on their argumentation skills. To prevent information

overload, I incorporated the function of only analyzing selected text paragraphs. The

argumentation monitoring and evaluation consist of three different parts: (1) the argu-

mentation component highlighting the claims and premises in the user’s texts (F2), (2)

the overall argumentation feedback scores displayed in bars (F5), and (3) the social com-

parison (nudge) along (F3) with the adaptive feedback message (F4). Through the argu-

mentation highlighting, students can monitor their argumentation skill level. Claims are

highlighted in blue and supporting premises in orange (see F2). Through color-coding,

they can easily assess if a claim is supported or not and sufficiently backed up with a

premise. This function provides the user with clear action steps on how to improve the

persuasiveness and formal quality of their texts. Moreover, best practices and explana-

tions about argumentation and argumentation theory are provided by clicking on the
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”Help” button (see F8 in Figure 58).

The two summarizing scores (readability and persuasiveness) (F5 ) provide the student

with a ranking of their text to provide general feedback. By clicking on the scores or

”details”, the methodology for calculating the scores, concrete hints, action steps, and

explanations on how the student can increase their score level will be shown (see F7 in

Figure 58). These action steps provide the user with orientation and context to improve

their writing quality (Soloway et al., 1994; Hattie and Timperley, 2007).

The social nudge (F3 and F4) counts the number of claims in the user’s document and

provides a comparison based on historical data of the underlying knowledge base or task.

In this case, I retrieved a corpus of 200 student-written business pitches. On average,

students wrote eight arguments (claims) in a 300-word pitch. If students had more claims

than the average, they received a positive feedback message (highlighted in green), such

as: ”Very nice. You displayed your idea with a sufficient amount of arguments.” (see F4

in Figure 57). However, if a student had less than eight claims, he or she would receive

a feedback message highlighted in yellow saying: ”Maybe you could write some more

arguments in your texts to improve the persuasiveness of your idea”. The intelligence of

ArgumentFeedback is based on a trained argumentation mining model.

To build an adaptive argumentation self-evaluation system based on recent computational

methods, I collected and annotated a novel corpus to train and tune a model that provides

students with adaptive argumentation self-monitoring and self-evaluation.

7.3.3 Annotating and Developing a Corpus of Argumentation-Annotated

Student-Written Business Pitches

A major prerequisite for developing NLP methods that are able to identify argument

components and argumentative relations in written texts is the availability of annotated

corpora. As described in section 5, corpora that are applicable for the design and de-

velopment of adaptive argumentative writing systems in pedagogical scenarios are rather

scarce. In fact, at the time of conducting this study, only two corpus collections from the

educational domain are available that are annotated for argumentative discourse struc-

tures. First, the English student essay corpus collection originated by Stab and Gurevych

(2014a, 2017) and my German student-written peer review corpus explained in section 5.

Consequently, there is still a lack of corpora for training models that provide students

with adaptive feedback about the quality of their argumentation in different pedagogical

scenarios, e.g., on persuasive business model pitches.

With this work, I propose a novel argumentation annotation scheme for persuasive student-
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Figure 58: Additional functionalities of ArgumentFeedback. Left: argumentation theory
introduction and goals setting based on the Toulmin model Middle: transparent and
adaptive explanations of summarizing scores Right: help button for further information
and learning support.
Source: Own illustration



7 Nudging Students Towards Self-Regulated Argumentation Learning 213

written business model pitches. Therefore, I introduce a corpus of 200 student-written

persuasive pitches with 3,207 sentences that are annotated for argument components,

their relations, and persuasiveness scores to judge the argumentation quality of the single

arguments.

7.3.3.1 Introduction

My aim was to provide students with argumentation self-evaluation when writing a per-

suasive business pitch. However, no suitable corpus exists in the literature that is based

on a rigorous annotation scheme, has a sufficient size to train a model with acceptable

predictive accuracy, and fits the pedagogical scenario in German (Lawrence and Reed,

2019). Business model pitches – also called entrepreneurial or business pitches (Sabaj

et al., 2020) – are described as “a brief description of the value proposition of an idea or

company” (Daly and Davy, 2016) with the objective to convince a group of stakeholders

of the novelty of an idea. A business model pitch usually lasts between 30 seconds and two

minutes (Daly and Davy, 2016). The formulation of persuasive business model pitches

is increasingly used in modern pedagogical scenarios, e.g., to train the entrepreneurship

mindset or agile work (i.e., Oecd (2019)). Students are asked to write a concise but per-

suasive summary of the “what, why, and how” of their (business) idea in order to convince

a peer. This pedagogical scenario is domain independent, easy to implement in different

settings (e.g., in massive open online courses), and can be utilized to train skills such

as logical argumentation. In fact, in their study about entrepreneurial business pitches,

Fernández-Vázquez and Álvarez-Delgado (2019) found that ”the lack of rational argu-

ments determine the failure of the entrepreneur’s efforts to be persuasive, regardless of

the emotional appeals that are introduced into the pitch”. Therefore, Fernández-Vázquez

and Álvarez-Delgado (2019) calls for more emphasis on logical argumentation chains in

business pitches.

However, linguistic research on business model pitches is a growing but still small field

(Ducasse, 2020). Therefore, it is not surprising that no pitch corpus exists that is anno-

tated for argumentation discourse structures based on appropriate argumentation schemes

(Lawrence and Reed, 2019). I propose a new annotation scheme to model argument com-

ponents in persuasive business model pitches. I based the annotation scheme on the

model of Toulmin (1984) and the studies of Stab and Gurevych (2014a, 2017); Carlile

et al. (2018); Ke et al. (2019).

7.3.3.2 Corpus Construction
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Following a 4-step methodology to build a robust corpus, I (1) searched the literature

and scientific theory on argumentation discourse structures and argumentation models in

different text domains; (2) randomly sampled 50 student-written business pitches and,

based on my findings from step 1, developed a set of annotation guidelines consisting

of rules and limitations on how to annotate argumentation discourse structures; (3) ap-

plied, evaluated and improved my guidelines with three native speakers in five consecutive

workshops to resolve annotation ambiguities; and (4) applied the final annotation scheme

based on my 26-page guideline to a corpus of 200 student-written business pitches with

3,207 annotated sentences.15

Data Source

I gathered a corpus of 200 student-written business model pitches in German. The data

was collected in a mandatory business model innovation lecture at a Western European

university. In this lecture, around 200 students develop and present a new business model.

Students are asked to write a concise but persuasive pitch about the “what, why, and how”

of their novel business idea in order to convince peer students. Afterwards, the students

receive peer feedback from three fellow students on the persuasiveness of their business

model pitch. The business pitches were collected from 2019 to 2020 according to the

ethical guidelines of my university and with approval from the students to utilize the

writings for scientific purposes.

Annotation Scheme

My objective is to model the argumentation discourse structures and the persuasiveness

of student-written business model pitches by capturing argument components, their rela-

tions, and persuasiveness scores. The majority of the pitches in the corpus follow the same

structure. They describe a novel business model and then provide convincing statements

backed by examples, statistics, user-centered descriptions, quotes, or intuitions. However,

I found that the specificity, strength, relevance, and evidence level vary between the dif-

ferent components. Thus, I captured them with qualitative labels on a 1-to-5 scale. The

basic annotation scheme is illustrated in Figure 59.

Argument Components

For argument components, I follow established models in argumentation theory which

provide detailed definitions of argument components (e.g., Toulmin (1984); Stab and

Gurevych (2017)). These theories generally agree that a basic argument consists of multi-

ple components and that it includes a claim that is supported or attacked by at least one

premise. Also in student-written business model pitches, I found that a claim is the cen-

15The annotation guidelines can be found in the appendix of this dissertation.
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Figure 59: Overview of the argumentation annotation scheme for business model pitches,
including argument components (major claim, claim, premise), argumentative relations
(support), and persuasiveness scores (specificity, evidence, strength, relevance).
Source: Own illustration

tral component of an argument. It is a controversial statement (e.g., claiming a strength

or novelty of a business model) that is either true or false and should not be accepted

by the stakeholder without additional support or backing. In business model pitches,

authors usually start or conclude with an overall idea and topic of the business model.

Similar to the persuasive student essays corpus by Stab and Gurevych (2017), I modelled

this statement as a major claim. Usually, the major claim is present in the introduction

or conclusion of the pitch - or in both. In the introduction, it often represents a general

claim of the novelty of the business idea, whereas in the conclusion the major claim of-

ten summarizes or repeats the argumentation according to the author’s business model

idea. The major claim is then backed up by several other claims to manifest its validity.

The premise supports the validity of the claim (e.g., by providing a statistic, analogy,

user-centered example, or a value-based intuition). It is a reason given by the author to

persuade the reader of their claim. Figure 60 illustrates a fully annotated example.16

Persuasiveness Scores

To capture the differences in the persuasiveness levels of the components (i.e., the strength

of a premise or the specificity of a major claim), I followed the approach of Carlile et al.

16Since the original texts are written in German, I translated the examples into English for
the sake of this work.
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Figure 60: Annotated example of a pitch business model pitch according to the annotation
scheme and guidelines.
Source: Own illustration
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Figure 61: Overview of the annotation scheme including the argumentative components
and the persuasiveness scores.
Source: Own illustration

(2018) and Ke et al. (2018) and defined five persuasiveness scores for the argumentative

components. The objective was to capture the differences of a very persuasive major claim

vs. a not very persuasive major claim accurately to provide students with more detailed

writing support about why their argumentation is (un)persuasive. For the major claim, I

found two attributes that differ in business model pitches: specificity and evidence. The

specificity determines how detailed and specific the statement about the business model

is, whereas the evidence ranks how well the major claim is backed up by supporting

components. I found significant differences in both attributes throughout my corpus,

which I aim to model with those scores. For claims, I defined evidence as a qualitative

variable. Some claims seem to be strong in their statement. However, they do not

contribute to the strength and persuasiveness of the overall business model. Thus, I

specified evidence for a claim as the level of how well the claim supports the business

model and/or the major claim. Most differences in the persuasiveness level in business

model pitches can be found in the premises that back up the claims and thus the overall

idea. I found premises to differ in two qualitative labels: strength and relevance. Strength

is defined as how well a single premise contributes to the persuasiveness of the argument,

and relevance determines how relevant a premise is for the overarching business idea.

I believe that with these two scores I can model the most significant differences in the
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Score Level/ compo-
nents

Description

pitch strength pitch How argumentative and persuasive is the
overall business model pitch?

specificity major claim How detailed and specific is the statement
about the business model?

evidence major claim How well is the major claim backed up by
supporting components?

evidence claim How well does the claim support the business
model / the major claim?

strength premise How well does a single premise contribute to
the persuasiveness of the argument?

relevance premise How relevant is a premise for the overarching
business idea?

Table 33: Summary of the descriptions of the persuasiveness scores on the different argu-
mentative components.
Source: Own illustration

persuasiveness level of premises. Moreover, I found the business model pitches to also

differ in their argumentative power on a discourse level. Sometimes a major claim is

well formulated and supported by several claims and premises, but the business model

is not really strong or novel in the overall picture because the argumentative discourse

structure is weak. Therefore, I defined a document level score termed “pitch strength”

to capture the persuasiveness of the argumentation discourse level of a business model.

Table 34, Table 35, Table 36, Table 37 and Table 38 provide more detailed descriptions

of the persuasiveness scores for the three argumentative components.

All qualitative attributes are measured on a 1-to-5 scale following Carlile et al. (2018),

with every level being precisely defined in the annotation guidelines. A summary of the

variables is illustrated in Table 33.17

Annotation Process

Two native German speakers annotated the business pitches independently from each

other for the major claim, claims and premises as well as their argumentative relation-

ships. Moreover, they labeled the pitch strength, the specificity and the evidence of the

major claim, the evidence of claims, and the strength and relevance of premises according

to the annotation guidelines I specified. Following my experience from the corpus anno-

tation in section 5, my guideline consisted of 26 pages, including definitions and rules for

what is an argument, which annotation scheme is to be used, and how argument compo-

17More elaborated definitions, examples, and keyword lists for both all attributes can be found
in the annotation guidelines in the appendix of this dissertation.
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Score Description
5 The major claim summarizes the argument well and has an addendum that

indicates the extent to which the claim applies. Claims that summarize the
argument must refer to most or all of the supporting components.

4 The major claim summarizes the argument very well by mentioning most or
all of the supporting components. However, there is no addendum that states
the conditions under which the claim is true. Alternatively, the claim moder-
ately summarizes the argument by referring to a minority of the supporting
components and includes an addendum.

3 The major claim contains a supporting component or addendum that indicates
whether the claim is true. However, it does not adequately summarize the
argument.

2 The major claim does not summarize the idea and does not contain an adden-
dum that indicates whether the claim is true.

1 The major claim does not summarize the idea and is not explained by support-
ing components. It remains unclear to what the business model idea refers.

Table 34: Description of the different specificity scores for major claims.
Source: Own illustration

Score Description
5 A very strong, very convincing argument. There are many supporting compo-

nents that have high relevance scores.
4 A strong, persuasive reasoning pattern. There are enough supporting compo-

nents with respectable relevance scores.
3 The reasoning pattern is present. However, the supporting components do not

have high relevance scores.
2 A poor, only possibly persuasive reasoning pattern. There are a few supporting

components. The relevance scores of the existing supporting components are
low.

1 An unconvincing reasoning pattern. There are few or no supporting compo-
nents. The relevance scores of the existing supporting components are low.

Table 35: Description of the evidence score for major claims and claims.
Source: Own illustration
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Score Description
5 The relationship between the premise and the claim is very clear. It is very

easy to see how the premise contributes to the clarity and persuasiveness of
the claim.

4 The relationship between premise and claim is clear. At least one of the
components is very specific and clear, while the other component might be not
specific.

3 The Relationship between premise and claim is only clear with imagination.
It takes some thought to imagine how the components are related. Both state-
ments refer to the same topic, but have no related ideas within the domain of
the referred content.

2 The connection between premise and claim is not clearly evident. Some im-
portant assumptions are needed to relate the two components. A component
may also receive this rating if both components have a low clarity.

1 The relationship between premise and claim is not apparent and is disjointed.
Few people can see how the claim and premise are related.

Table 36: Description of the relevance score for premises.
Source: Own illustration

Score Description
5 A strong premise. By itself, it contributes very well to the persuasiveness of

the argument.
4 A reasonable premise. It is a fairly strong point, but it could be improved to

increase its persuasiveness.
3 An inadequate premise. It is not a strong premise and may persuade only a

few readers.
2 A weak premise. It can only help persuade a small number of readers.
1 The premise does not contribute to persuasiveness at all.

Table 37: Description of the strength score for premises.
Source: Own illustration

Score Description
5 Little improvement or no improvement needed. The pitch describes, without

any doubt, a very persuasive and strong business model.
4 The business idea is generally well understood, but can be expanded.
3 Poorly understandable idea due to errors or ambiguity.
2 It is unclear what idea the author wants to support argumentatively (no rele-

vant idea, idea is incomprehensible).
1 The pitch does not introduce an idea. It remains totally unclear what the

business model is about.

Table 38: Description of the strength score for the pitch.
Source: Own illustration
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nents, argumentative relations, and the qualitative attributes are to be judged. The entire

guideline can be found in the appendix. After constructing the annotation guidelines, the

results were discussed and validated by two independent senior researchers concerning

the criteria of robustness, conciseness, extensibility, and comprehensibility. Several pri-

vate training sessions and three team workshops were performed to resolve disagreements

among the annotators and to reach a common understanding of the annotation guidelines.

As done in section 5, I used the tagtog annotation tool18, which provides a graphical in-

terface for marking up text units and offers an environment for cloud-based annotation in

a team. First, a text was classified into argumentative components (major claim, claim,

premise) by the trained annotators. Second, the same annotators scored the argumen-

tative relations and the qualitative attributes of the major claim, premises, and claims

based on my annotation guideline on a 1-to-5 scale. After the first 50 pitches had been

annotated by both annotators, we calculated the inter-annotator agreement scores. As

we obtained satisfying results, we proceeded with a single annotator who marked up the

remaining 150 documents.

7.3.3.3 Corpus Analysis

I analyzed the results of the annotation process in order to examine the reliability of the

corpus I built. In addition, I calculated some statistics of the final corpus. To evaluate the

reliability of the argument component and argumentative relation annotations, I followed

the approach of Stab and Gurevych (2014a).

Inter-Annotator Agreement Argument Components

With regard to the argument components, two strategies were used. Since there were

no predefined markables, the annotators not only had to identify the type of argument

component but also its boundaries. In order to assess the latter, we used Krippendorff’s

αU (Krippendorff, 2004), which allows for assessing the reliability of an annotated corpus

considering the differences in the markable boundaries. To evaluate the annotators’ agree-

ment in terms of the selected category of an argument component for a given sentence,

I calculated percentage agreement and two chance-corrected measures, multi π (Fleiss,

1971) and Krippendorff’s α (Krippendorf, 1980). I decided to operate at sentence level

since only 20.56% of the sentences in the corpus contain annotations of different argument

components. Thus, evaluating the reliability at sentence level served as a good approx-

imation of the inter-annotator agreement. At the level of individual sentences, 33.45%

contain a claim, 35.64% a premise ,and 55.52% a non-annotation. 20.56% of the sentences

18https://www.tagtog.net/
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% Multi-π Krip. α Krip. αU

Major claim 0.9948 0.9673 0.9673 0.5186
Claim 0.8729 0.7087 0.7088 0.5002

Premise 0.8768 0.7454 0.7455 0.5356
None 0.9261 0.7506 0.7506 0.2629

Table 39: Inter-annotator agreement of argument component annotations.
Source: Own illustration

% Multi-π Krippendorff’s α
Support 0.9152 0.6139 0.6138

Table 40: Inter-annotator agreement of argumentative relation annotations.
Source: Own illustration

contain several annotations, with a combination of a premise and a non-argumentative

span (32.21%) and a combination of a claim and a non-argumentative span (35.78%) rep-

resenting the majority of those cases. Only 4.08% contain both a premise and a claim. At

the token level, the following class distribution is achieved: 43.54% claim, 45.42% premise

and 11.04% are not annotated.

Table 39 displays the resulting inter-annotator agreement scores. I obtain an inter-

annotator agreement of 87.29% for the claims and 87.68% for the premises. The cor-

responding multi-π scores are 0.71 and 0.75. Regarding Krippendorff’s α, a score of 0.71

and 0.75 is obtained, indicating a substantial agreement for both categories. With a score

of 0.50 and 0.54, the unitized α of both the claim and premise annotations is somewhat

smaller compared to the sentence-level agreement. Thus, the boundaries of argument

components are less precisely identified in comparison to the classification into argument

types. Yet the scores still suggest that there is a moderate level of agreement between the

annotators. With a score of αU=0.26, the boundaries of non-argumentative units are less

reliably detected. In contrast, the agreement scores targeting the component types are

slightly higher for the non-argumentative spans as compared to the claims and premises

(92.61%, 0.75, 0.75), indicating a substantial agreement between the annotators. Finally,

with an inter-annotator agreement of 99.48% and a score of 0.97 for both multi-π and

Krippendorff’s α, I obtain an almost perfect agreement for the major claim components.

Hence, I conclude that the annotation of the argument components in student-written

business model pitches is reliably possible.

Argumentative Relations

To evaluate the reliability of the argumentative relations, I used the data set of all pairs

of argument components that were possible during the annotation task according to the

annotation scheme, i.e., all pairs of a major claim and a claim, a claim and a premise,
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Cohen’s κ
Strength of the pitch 0.8780

Strength of the premise 0.4660
Evidence of the major claim 0.3333

Evidence of the claim 0.2989
Specificity of the major claim 0.4110

Relevance of the premise 0.2760

Table 41: Inter-annotator agreement of the qualitative argumentation labels.
Source: Own illustration

and two premises. In total, the markables include 3,032 pairs of which 16.79% are anno-

tated as support relations, while 83.21% of the possible pairs were left unidentified by an

annotator. I obtained an inter-annotator agreement of 91.52% for the support relations.

The corresponding multi-π and Krippendorff’s α scores both amount to 0.61 (see Ta-

ble 40). Therefore, I conclude that argumentative relations can also be reliably annotated

in business model pitches.

Persuasiveness Scores

Finally, I determined the reliability of the qualitative argumentation labels based on

Cohen’s κ (Cohen, 1988). The results are displayed in Table 41. Considering the strength

of the pitch, I obtained an almost perfect agreement between the two annotators (κ=0.88).

With respect to the strength of the premise, I found moderate agreement (κ=0.47). The

same applies to the specificity of the major claim (κ=0.41), which allows the conclusion

that the annotators’ labels are reliable. Regarding the evidence for both the claim and the

major claim, as well as the relevance of the premise, there is some room for improvement.

However, with scores of κ=0.33, κ=0.30, and κ=0.28, the annotations still show a fair

agreement between the human annotators. Thus, qualitative argumentation labels can

also be reliably annotated in business model pitches.

7.3.3.4 Corpus Statistics

Table 42, Table 43 and Table 44 present some statistics of the final corpus. It consists

of 200 student-written business pitches in German that are composed of 3,207 sentences

with 61,964 tokens in total. Hence, on average, each document has 16 sentences and 305

tokens. A total of 262 major claims, 1,270 claims, and 1,481 premises were annotated.

1,069 textual spans were identified as not being an argument component (“None”). On

top of that, 2,018 support relationships were marked up by the annotators. Table 45

presents some detailed statistics on the qualitative argumentation labels.
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total mean stdev. min max median
Sentences 3,207 15.80 4.51 4 31 16
Tokens 61,964 305.24 67.12 104 473 317

Table 42: Distribution of sentences and tokens in the created corpus. Mean, standard
deviation, minimum, maximum, and median refer to the number of sentences and tokens,
respectively, per document.
Source: Own illustration

total mean stdev. min / max median %
Major cl. 262 1.29 0.70 0 / 4 1 6.42
Claim 1,270 6.26 2.05 1 / 13 6 31.11

Premise 1,481 7.30 2.46 2 / 14 7 36.28
None 1,069 5.27 3.24 0 / 17 5 26.19
All 4,082 17.87 5.21 3 / 34 18 100

Table 43: Overview on descriptive statistics for the types of argument components.
Source: Own illustration

Table 46 presents the distribution of support relationships in the corpus. With 46.30%,

the majority of claims is not supported by any premise. 39.07% of the claims are backed

up by exactly one premise, while 10.93% are supported by two premises. Patterns with

more than two supporting premises rarely occur in the dataset. The majority of premises

is not backed up by another premise (75.07%). However, in 21.08% of the cases, there is

one supporting premise. In that way, more complex reasoning chains are established.

7.3.3.5 Conclusion

The final corpus consists of 200 student-written business model pitches annotated for

argument components, their relations, and six persuasiveness scores on different levels.

Thereby, I contribute by deriving a detailed annotation scheme for a new data domain for

argumentation mining based on argumentation theory and previous work on annotation

schemes. Moreover, I present an annotation study based on 50 persuasive pitches that were

annotated by two native German speakers, demonstrating that the annotation of student-

written business model pitches is reliably possible. The resulting corpus (a) transfers my

findings from section 5 in argumentation annotation of student-written text to the domain

of business pitches and (b) serves as the underlying dataset for providing students adaptive

argumentation self-evaluation in the course if this section.
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total mean stdev. min / max median %
Support 2,018 5.47 1.76 1 / 11 5 12.75
None 13,814 72.51 41.06 2 / 242 72 87.25
All 15,832 77.99 42.66 3 / 253 78 100

Table 44: Types of argumentative relations.
Source: Own illustration

mean stdev. min max median
Strength of the pitch 3.56 0.68 1 3 2

Strength of the premise 3.22 0.53 0 5 3
Evidence of the major cl. 3.71 0.46 3 4 4
Evidence of the claim 3.50 0.59 0 5 3

Specificity of the major cl. 3.58 0.51 2 4 4
Relevance of the premise 3.46 0.60 0 4 3

Table 45: Statistics on the qualitative labels.
Source: Own illustration

7.3.4 Modeling Argumentation Structures in Persuasive Business Pitches

After constructing and analyzing the corpus, I leveraged the novel data to train an ML

model. My objective was to embed a classification algorithm in the back end of the ar-

gumentative writing support system to provide students with individual argumentation

self-evaluation in the writing process. The task is considered a sentence-based classifi-

cation task, where each sentence can be either a claim, a premise, or non-argumentative

(major-claim labels are incorporated as ”claims”). Therefore, I trained and tuned a long

short-term memory (LSTM) model (Hochreiter and Schmidhuber, 1997) to classify the

argumentative components of a given text. I tokenized the texts and transformed them

into word embeddings. The data set was split into training and test sets using an 80:20

split. The LSTM architecture consisted of eight layers and a dropout rate of 0. For the

component classification, I received an accuracy of 54.12%, a precision of 55.90%, and a

recall of 54.12% on the test data. I benchmarked the approach against a BERT model

(Devlin et al., 2018). For the BERT model, I found a learning rate of 1e-5, a batch size

of 16, and training of the model of over 25 epochs to provide the best results. However, I

received a rather unsatisfying accuracy of 47.50%, a precision of 46.66%, and a recall of

47.50%.

Furthermore, I calculated two summary scores to provide students with an overview of the

quality of their argumentation based on previously extracted argumentative structures,

including

• Readability: How readable is the text based on the Flesch Reading Ease score
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#0 support #1 support #2 support #3 support #4 >= support

Claim 0.4630 0.3907 0.1093 0.0230 0.014
Premise 0.7507 0.2108 0.0289 0.0073 0.0024

Table 46: Distribution of patterns of support relationships in the created corpus. The
columns denote the percentage of claims and premises, respectively, that are supported
by the specified number of premises.
Source: Own illustration

(Flesch, 1943)?

• Argumentativeness: How is the proportion of argumentative parts in the text

compared to non-argumentative parts?
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7.4 Demonstration and Evaluation

In this subsection, I describe the experimental evaluation and demonstration of the study.

My goal was to answer RQ3c on how an individual argumentation self-evaluation tool

based on ML can be designed to influence students’ argumentation writing skills. Hence,

I conducted three evaluation studies according to Venable et al. (2016). I (1) qualitatively

evaluated the nudge design of the tool (study 1), (2) performed a proof-of-concept eval-

uation concerning the functionality and design of ArgumentFeedback, and (3) performed

a proof of value field-experimental evaluation to investigate if and how individual argu-

mentation self-evaluation in combination with social nudging and adaptive feedback will

help students write more convincing texts. An overview of the experimental evaluation

and the three studies can be found in Table 47. In total, I evaluated the tool with 108

students. All participants were bachelor’s or master’s students of business innovation and

were recruited at a Western European German-speaking University. I ensured that no

student participated in more than one study to control for intervention effects.

7.4.1 Study 1: Qualitative Design Evaluation

To ensure the validity of the design and incorporate the change requests from users about

the functionality and the instantiations of the different nudges and pre-test effects for

argumentation skill learning, I performed two studies (study 1 and study 2). The ob-

jectives of these studies were to verify if the theory-derived design requirements were of

value to the students, to measure their completeness, and to identify student-based design

requirements and requests.

7.4.1.1 Study Design

The aim of study 1 was to evaluate the alpha version of ArgumentFeedback as a first

prototype in Google Docs. My objective was to ensure that the design of the two nudges

(argumentation self-monitoring and argumentation self-evaluation) lead to the intended

effects and positive perceptions of the users. Therefore, I performed a qualitative evalua-

tion, where I asked students to use the application to write a short persuasive paragraph of

50 to 100 words about a business idea. Afterwards, the students were interviewed about

their experience with the tool and their perception of particular design features, such

as the argumentation highlighting, the theory explanation, and the summarizing scores

(to control the theory-based design requirements in Table 32). Moreover, participants

were explicitly asked about the perception and the use of different digital nudges, which
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Study Objective Design n Results
Study 1 - Ensure all theory-

derived requirements
are correctly ad-
dressed and instanti-
ated in the design
- Ensure that the
design of the two
nudges (argumenta-
tion self-monitoring
and argumentation
self-evaluation) leads
to the intended effects
and positive percep-
tions of the users

Qualitative
evaluation
based on
user ob-
servation
and post-
survey

13 - Fourteen change requests re-
garding the design and func-
tionalities of ArgumentFeedback
(e.g., concerning a ”help” func-
tion, the size and color of the an-
alyze button, and requests about
the explanation and feedback
texts of the two summarizing
scores).
- Social comparative features
based on the historical number
of arguments in combination with
an individual feedback message
lead to high user satisfaction.

Study 2 - Proof of concept
evaluation of final
version of Argu-
mentFeedback in a
real-world educational
writing scenario in
an artificial and con-
trolled set-up
- Ensure that tech-
nical artifacts provide
high-quality argumen-
tation self-evaluation

Laboratory
experi-
ment

24 - Perceived usefulness and per-
ceived ease of use show promis-
ing results for using an intelligent
writing support system based on
the design for supporting stu-
dents in writing argumentative
texts (Venkatesh and Bala, 2008).
- The positive measured self-
efficacy of the students might
indicate that ArgumentFeedback
increases self-regulated learning
(i.e., Bandura (1991)).

Study 3 - Empirically inves-
tigate the effects of
intelligent argumenta-
tion self-evaluation in
the field
- Evaluate to what
extent an intelligent
writing support sys-
tem in combination
with self-evaluation
nudging influences
the argumentation
writing skills of stu-
dents in a large-scale
learning setting

Field ex-
periment

71 - Intelligent argumentation self-
evaluation including social com-
parison for students’ argumen-
tation skills on business pitches
feedback helps them to write
more convincing texts.
- Students using ArgumentFeed-
back including an intelligent self-
evaluation nudge wrote texts with
a better formal and perceived
quality of argumentation to the
ones receiving only a (intelligent)
self-monitoring nudge.

Table 47: Overview of the demonstration and experimental evaluation of ArgumentFeed-
back in three subsequent studies.
Source: Own illustration
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were prototypically instantiated in different versions of ArgumentFeedback. For example,

the participants were asked to indicate how they felt when they read the written social

comparison information.

In total, thirteen students participated in study 1 (eight were graduate students, seven

were undergraduates). Seven were male, and six were female with an average age of 24.0

(SD= 2.16).

7.4.1.2 Results

Based on the qualitative answers, the observed usage, and the reported experience, several

change requests for design instantiations were collected. For example, based on several

user comments, the theory-explanations in ArgumentFeedback were shortened, and an in-

troduction to the usage of the tool was added to provide the users with a quick overview

of the core functionalities. Concerning the nudges, most students mentioned that the

social comparative feature based on the historical number of arguments that the other

users had written for the same witting task combined with an individual feedback mes-

sage would encourage and motivate them the most to write more arguments. Hence, I

incorporated that into the design and scripted different motivational messages based on

the argumentation evaluation. Moreover, several smaller design requests were captured,

such as including a ”help” function, the size and color of the analyze button, and requests

about the explanation and feedback texts of the two summarizing scores. In total, I cap-

tured fourteen change requests based on study 1 (five general requests, two about the

introduction, two about the text explanations, three about the learning dashboard, and

two about the digital nudges).

7.4.2 Study 2: Proof of Concept Laboratory Experiment

The aim of study 2 was to empirically evaluate the application of ArgumentFeedback in

a real-world educational writing scenario. Hence, after I incorporated all of the change

requests from study 1, I designed a laboratory experiment where students were asked to

conduct a persuasive writing exercise and provided adaptive argumentation self-evaluation

with social comparison and an adaptive feedback message (similar to TG2 in study 3 -

see Figure 62).

In total, 24 students participated in this study. The participants were, on average, 24.31

years old (SD= 1.99); 11 were male, and 10 were female. 20 were studying at the mas-

ter’s level, and four were at the bachelor’s level. All students were business students. I
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controlled the experiment so that no student from study 1 also took part in study 2.

7.4.2.1 Study Design

The experiment consisted of two parts: (1) an argumentative writing task and (2) a

post-survey.

(1) Argumentative writing task: The experiment started with the students receiv-

ing a link to Google Docs, where they were asked to open the ArgumentFeedback add-on

and become familiar with the tool. Next, they retrieved a business pitch of around 300

words. The students were asked to rewrite the pitch with the objective to increase its

persuasiveness in order to convince a potential audience of investors. I asked all partici-

pants to use ArgumentFeedback to monitor and evaluate the argumentation level and the

persuasiveness of their text. Providing the students with a pre-written text with incor-

porated argumentative flaws ensured that the students could focus on the argumentative

part of the task and not on brainstorming their own novel business model. During the

task, students received intelligent argumentation evaluation on the text, including a social

comparison and an adaptive feedback message.

(2) Post-purvey: In the post-survey, I measured the perceived ease of use, the intention

to use, and the perceived usefulness of the participants following the technology acceptance

model of (Venkatesh et al., 2003; Venkatesh and Bala, 2008). Example items for the

three constructs were: ”The use of the argumentation tool enables me to write better

argumentative texts” or ”I would find the tool to be flexible to interact with.” Moreover, I

measured the self-efficacy of students for the task of argumentation skill learning based

on three items following (Bandura, 1991) to control for self-regulated learning. The items

included, ”In comparison to other users, I will write a good argumentative text”, ”I am

sure that I could write a very good argumentative text”, and ”I think I now know quite a bit

about argumentative writing.” Both constructs were measured with a 1- to 7-point Likert

scale (1: totally disagree to 7: totally agree, with 4 being a neutral statement). Also, I

asked two questions to control for the digital nudge, such as ”I noticed on the analysis

page the information on how many arguments I used compared to other users.” and ”The

information about how many arguments I used compared to other users motivated me to

write more arguments.”. Finally, I captured the demographics and asked three qualitative

questions: ”What did you particularly like about the use of the argumentation tool?”,

”What else could be improved?” and ”Do you have any other ideas?” In total, I asked 15

questions in the post-survey.
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7.4.2.2 Results

The perceived usefulness of students using ArgumentFeedback had a mean value of 4.65

(SD= 1.42). The perceived ease of use of the tool was rated with a mean value of 5.31

(SD= 1.81). All of the results were positive when compared to the midpoint scale of 4,

indicating a positive technology acceptance of the writing support tool in the particu-

lar pedagogical scenario (Venkatesh and Bala, 2008; Venkatesh et al., 2003). Hence, I

concluded that the design instantiations based on the derived theory requirements were

satisfying for the user. Moreover, participants of study 2 judged the self-efficacy with

a mean value of 4.62 (SD= 1.23). Following self-regulated learning theory, this might

indicate that ArgumentFeedback could increase engagement and motivation through goal

setting and adaptive feedback when practicing and learning argumentative writing (Ban-

dura, 1991). Moreover, the two control questions for the evaluation of the social compar-

ison nudge were judged with a mean of 5.94 (SD= 1.48), representing a positive result.

Finally, I analyzed the qualitative answers and clustered similar responses into categories.

In summary, the adaptive self-evaluation based on in-text highlighting and the summa-

rized scores were positively mentioned several times. At the same time, students also

mentioned that, sometimes, wrong argumentative components seemed to be highlighted

by ArgumentFeedback. Some also asked for more details on the functionality of the tool,

e.g., information about the accuracy of the feedback algorithm. I incorporated this quali-

tative feedback, e.g., by improving some transparent explanations about the functionality

of the tool.

7.4.3 Study 3: Proof of Value Field Experiment

After evaluating the qualitative design of the approach (study 1) and conducting a proof of

concept study with ArgumentFeedback (study 2), the objective was to empirically evaluate

and investigate the effects of intelligent self-evaluation in the field. Hence, I designed a

pedagogical scenario in which participants were asked to write a persuasive business pitch

of 300 words. I manipulated the way students received adaptive self-monitoring and

self-evaluation based on the persuasiveness of their pitches. Study 3 was conducted as

a field experiment in a large-scale lecture about information management at a Western

European University. Participants were randomly assigned to one of three groups, two

treatment groups, and one control group. Students in the control group used a version

of ArgumentFeedback which provided them with general argumentation self-monitoring

based on syntactic rules (see Figure 56). Participants in treatment group one (TG1) used

ArgumentFeedback with an adaptive self-monitoring nudge including argumentation in-

text highlighting based on the trained ML model. Participants of the second treatment
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Figure 62: Overview of the three experimental groups: participants of the control group
(CG) received argumentation self-monitoring based on syntactical rules while conducting
an argumentative writing exercise. Students in treatment group 1 (TG1) conducted the
same exercise and were nudged with intelligent argumentation self-monitoring based on
the trained ML model. Participants in treatment group 2 (TG2) were nudged with an
intelligent self-evaluation interface based on social comparison and an adaptive feedback
message based on the trained ML model.
Source: Own illustration
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group (TG2) wrote the persuasive business pitch by using ArgumentFeedback with an

individual self-evaluation nudge based on social comparison and an adaptive feedback

message based on the exact same trained ML model.

7.4.3.1 Study Design

In the lecture I conducted the field experiment in, students developed and presented digital

business models. In a particular assignment, the students were asked to submit a novel

business idea based on a value proposition canvas (Osterwalder et al., 2014). Additionally,

part of the assignment was to write a 300-word persuasive business pitch on the value

proposition of their business idea. The stated task was to write a persuasive pitch in

order to convince potential investors. Taking part in the assignment was not mandatory

for students to pass the class, however, by successfully completing the assignment, the

students could improve their final grade by 2.2%. The quality of the business pitch, e.g.,

the persuasiveness, had no influence on the evaluation of the assignment and, thus, no

influence on final grades. I asked the students to write their business pitches on the

Google Docs platform. Here, I provided them with different levels of feedback on the

argumentation level of their business pitch. Nevertheless, I ensured that the students also

had the opportunity to conduct the exercise in any other writing tool of their choice due

to data privacy reasons and the ethical standards of the university. Students who chose

to not use Google Docs in combination with ArgumentFeedback were excluded from the

sample.

In total, 124 students from the course signed up for the assignment, from which 71 suc-

cessfully completed the experiment. After randomization, I counted 21 valid results in the

control group, 25 in TG1, and 25 in TG2. Participants of the control group had an average

age of 24.17 (SD= 3.56, 9 males, 12 females); participants of TG1 were, on average, 24.24

years old (SD= 3.83, 13 males, 12 females); and participants in TG2 had an average age

of 23.04 (SD= 2.32, 13 males, 12 females). The persuasive writing task took an average

of 30 to 45 minutes. All participants of study 3 had neither participated in study 1 nor in

study 2. The experiment consisted of three main parts: (1) pretest, (2) persuasive writing

exercise, and (3) posttest. The pre-and post-phases were consistent for all participants.

In the writing phase, TG1 used ArgumentFeedback with adaptive self-monitoring, and

TG2 used ArgumentFeedback with adaptive self-evaluation based on social comparison

and an individual feedback message to conduct the persuasive writing exercise, whereas

participants of the control group conducted the same exercise using ArgumentFeedback

with argumentation self-evaluation based on syntactic rules.



7 Nudging Students Towards Self-Regulated Argumentation Learning 234

(1) Pretest: The experiment started with a pre-survey of eight questions. Similar to

the evaluations in section 5 and in section 6, I tested two different constructs to assess

whether the randomization was successful. First, I asked four questions to test the per-

sonal innovativeness in the domain of information technology of the participants following

Agarwal and Karahanna (2000). The exemplary items were, ”I like to experiment with

new information technologies,” or ”If I heard about a new information technology, I would

look for ways to experiment with it,” ”In general, I am hesitant to try out new information

technologies,” and ”Among my peers, I am usually the first to try out new information

technologies.” Second, I tested the construct of feedback-seeking of the individuals fol-

lowing Ashford (1986). Example items were: ”It is important for me to receive feedback

on my performance” or ”I find feedback on my performance useful.” Both constructs were

measured with a 1- to 7-point Likert scale (1: totally disagree to 7: totally agree, with 4

being a neutral statement).

2) Persuasive writing exercise: In the persuasive writing exercise of the experiments,

I asked the participants to write a persuasive business pitch of 300 words. More informa-

tion about the structure and the definition of a persuasive business pitch can be found

in paragraph 7.3.3.1. Participants of TG1 used ArgumentFeedback with adaptive self-

monitoring to write the pitch. Students in TG2 used ArgumentFeedback with adaptive

self-evaluation based on a social comparison to conduct the same exercise, whereas par-

ticipants of the control group conducted the same exercise using ArgumentFeedback with

self-evaluation based on syntactic rules.

3) Posttest: Similar to study 2, in the post-survey, I measured the perceived ease of use,

the intention to use, and the perceived usefulness of the participants following the tech-

nology acceptance model of Venkatesh et al. (2003); Venkatesh and Bala (2008) to ensure

the validity of the design instantiation (exemplary item for intention to use: ”Imagine

the tool would be available in your next course, would you use it?”). Moreover, I again

measured the self-efficacy of students for the task of argumentation skill learning based on

three items following Bandura (1991) to control for self-regulated learning. All constructs

were measured with a 1- to 7-point Likert scale (1: totally disagree to 7: totally agree,

with 4 being a neutral statement). Furthermore, I also asked students to self-monitor

the argumentation quality of their texts. Hence, I included two items to capture (1) the

self-reported number of arguments in the student’s final business pitch and (2) how of-

ten they improved the argumentation level of their pitch based on the received feedback.

Moreover, I incorporated one control question and two items for a manipulation check.

Finally, I captured the demographics and asked, again, three qualitative questions: ”What

did you particularly like about the use of the argumentation tool?”, ”What else could be

improved?”, and ”Do you have any other ideas?” In total, I asked 21 questions in the

post-survey of study 3.
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7.4.3.2 Measurement of Argumentation Quality

Besides measuring several subjective constructs, the main objective was to measure the

quality of the written texts from the three groups to investigate the research question.

Therefore, I relied on my experience from the evaluation in section 5measuring two main

variables: (1) the formal quality of the argumentation and (2) the perceived quality of

the argumentation.

(1) Formal quality of the argumentation: The written business pitches were ana-

lyzed for their formal quality of argumentation. Similar as in section 5 and in section 6,

I applied the annotation scheme for argumentative knowledge construction described by

Weinberger and Fischer (2006). To measure the formal quality of the argumentation, the

annotator had to distinguish between (a) unsupported claims, (b) supported claims, (c)

limited claims, and (d) supported and limited claims. Therefore, I trained two annotators

based on the 26-page annotation guidelines from the corpus to assess the argumentation

components of the persuasive pitches. More information about the guidelines, the an-

notation study, and the inter-annotator agreements can be found in paragraph 7.3.3.2.

The formal quality of the argumentation of the individual user was then defined by the

number of arguments written by a user during the writing phase. Following Stegmann

et al. (2012), only supported, limited, and supported and limited claims were counted as

argumentation.

(2) Perceived quality of the argumentation: The perceived quality of the argu-

mentation was annotated by the same two annotators. The objective was to subjectively

judge how persuasive the given argumentation was on a Likert scale from 1 to 7 points (1:

not very persuasive, 7: very persuasive). I took the mean of both annotators as a final

variable for the formal and the perceived quality of the argumentation of the texts.

7.4.3.3 Results

To answer the research question on how an intelligent argumentation writing support tool

with self-evaluation based on ML to influence students’ argumentation writing skills can be

designed, the objective was to investigate the difference between the argumentation self-

monitoring nudge (TG1), the argumentation self-evaluation nudge (TG2), and the control

group on the students’ argumentative writing skills and answer behavior. Moreover, I

aimed to control for the design of the intelligent argumentation writing support tool and

its impact on the students’ perceived self-regulated learning.
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Hence, I compared both the formal and perceived quality of the argumentation between

the written texts of the control groups and the treatment groups. Moreover, I compared

the self-reported argumentation quality and the argumentative changes of the students

between all three groups. Therefore, I used an ANOVA analysis to check for significance

between the variables and checked their assumptions visually with a test for normality

and a test for homoscedasticity. All assumptions were met for all variables. To measure

the effects between the groups, I ran a Tukey Post-Hoc test.

Finally, I compared the results of the perception measures, such as intention to use,

perceived usefulness, and ease of use, and the self-efficacy to the midpoints scale to validate

the design intervention of ArgumentFeedback for self-regulated learning.

To ensure that the randomization resulted in randomized groups and controlled for poten-

tial effects of interfering variables with the small sample size, I compared the differences in

the means of the two constructs included in the pretest and the manipulation checks. For

both constructs, including personal innovativeness and feedback-seeking of individuals,

I received p values larger than 0.05 between the treatment and the control groups (for

personal innovativeness p= 0.4697, for feedback-seeking of individuals p= 0.5047). This

demonstrated that no significant difference in the mean values for these two constructs

existed between the groups.

Figure 63: Results on formal (left) and perceived (right) quality of argumentation between
the three groups (CG: argumentation self-monitoring, TG1: intelligent argumentation
self-monitoring nudge, TG2: intelligent argumentation self-evaluation nudge).
Source: Own illustration
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Group n Mean SD p-value
TukeyHSD
Test TG1

p-value
TukeyHSD
Test (CG)

TG2: intelligent self-
evaluation

25 4.875 1.2445 0.0478656* 0.0130884*

TG1: intelligent self-
monitoring

25 3.9 1.6955 - 0.8124589

CG: self-monitoring 21 3.6428 1.2056 - -

Table 48: Results of formal quality of argumentation between the groups on a 1-7 Likert
scale (***p<0.001, **p<0.01, *p<0.05).
Source: Own illustration

Group n Mean SD p-value
TukeyHSD
Test TG1

p-value
TukeyHSD
Test (CG)

TG2: intelligent self-
evaluation

25 4.5 0.8597 0.0009243*** 0.05159344

TG1: intelligent self-
monitoring

25 3.34 1.3127 - 0.4242171

CG: self-monitoring 21 3.738 0.9568 - -

Table 49: Results of perceived quality of argumentation between the groups on a 1-7
Likert scale, 1: not very persuasive, 7: very persuasive, 4: neutral (***p<0.001, **p<0.01,
*p<0.05).
Source: Own illustration

Formal argumentation writing quality

The average number of arguments in the texts from the participants using ArgumentFeed-

back with intelligent self-evaluation (TG2) for the persuasive writing exercise was 4.875

(SD= 1.4). For the texts from the participants who received intelligent self-monitoring

(TG1), I counted a mean of 3.9 arguments (SD= 1.69) (see Table 48 and Table 48). People

in the control group wrote their texts with a mean of 3.64 arguments (SD= 1.20). The

ANOVA analysis confirmed that the participants of TG2 wrote texts with a statistically

significantly higher quality of formal argumentation: p= 0.0103 (p< 0.05). To measure

the effects between the groups, I ran a Tukey Post-Hoc test to check for differences in the

formal quality of the argumentation. The test confirmed that there was a significant dif-

ference between participants using ArgumentFeedback with an intelligent self-evaluation

nudge (TG2) and participants receiving an intelligent self-monitoring nudge (TG1), with

a p-value of 0.0478 (p< 0.05). Moreover, the test also confirmed students that TG2 wrote

their text with a better formal quality of argumentation compared to the control group,

with a p-value of 0.013 (p< 0.05). However, I did not find any significant difference be-

tween TG1 and CG (p= 0.8124). These results indicate that intelligent self-evaluation

based on social comparison and an adaptive feedback message on the students’ argumen-
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tation in their business pitches helped them write more formally convincing texts.

Perceived argumentation writing quality

For the perceived quality of the argumentation (see Table 49), I found that, on a Likert

scale from 1 to 7 points, (1: not very persuasive, 7: very persuasive, 4: neutral) texts

from the TG2 achieved an average value of 4.5 (SD= 0.85). Participants of TG1 wrote

their texts with a mean value of perceived quality of argumentation of 3.34 (SD= 1.31).

For the CG, I measured a perceived quality of 3.73 (SD= 0.95). The ANOVA analysis

and the Tukey HSD test showed that there was only a statistical difference between TG2

(intelligent self-evaluation nudge) and TG1 (intelligent self-monitoring nudge). No effects

were found for the difference between the treatment and the control group. These results

imply that self-evaluation based on social comparison and an adaptive feedback message

leads to a higher perceived persuasiveness compared to only intelligent argumentation

monitoring. However, the adaptivity of TG1 and TG2 did not yield a significant effect

between the groups (p<0.05).

Self-reported argumentation

Next, I compared the self-reported argumentation and the reported argumentation changes

between the three groups (see Figure 64 and Table 50). I found that students in TG2

reported 14.16 final arguments in their persuasive business pitch (SD= 5.63). This is sig-

nificantly higher than what the students in the CG reported (mean of 8.0, SD= 4.11), with

a p-value of 0.0036 (p< 0.01). Participants of TG1 reported a mean of 12.2 arguments

(SD= 7.81). However, I did not find any significant difference between TG1 and TG2 or

between TG1 and CG. Also, I compared the self-monitored argumentative changes that

the participants reported between the groups (see Table 51). However, I could not find

any significance between the distribution of the data. The results indicate that students

who receive an intelligent self-evaluation nudge are self-aware about the higher number of

arguments in their texts; however, they do not seem to change their argumentation based

on the feedback more often.

User perceptions and qualitative user feedback

Finally, I evaluated the students’ perception in order to check for the validity of the design

instantiation of ArgumentFeedback. Thus, I calculated the mean across all of the groups

for the perceived ease of use, perceived usefulness, and intention to use and compared

them to the midpoints. All results were greater than the neutral value of 4, indicating a

positive value for the design and the pedagogical scenario. A high perceived use fullness

(mean= 4.2647, SD= 1.3227), intention to use (mean= 4.4975, SD= 1.2966), and ease

of use (mean= 5.0096, SD= 1.1546) is especially important for learning tools to ensure



7 Nudging Students Towards Self-Regulated Argumentation Learning 239

Figure 64: Results on self-reported argumentation of participants (left) and subjective ar-
gumentation changes of participants (right) between the three groups (CG: argumentation
self-monitoring, TG1: intelligent argumentation self-monitoring nudge, TG2: intelligent
argumentation self-evaluation nudge).
Source: Own illustration

Group Mean SD p-value TukeyHSD
Test TG1

p-value TukeyHSD
Test (CG)

TG2: intelligent
self-evaluation

14.16 5.6311 0.5057191 0.0036889**

TG1: intelligent
self-monitoring

12.2 7.8155 - 0.0615984

CG: self-
monitoring

8.0 4.1109 - -

Table 50: Results of self-reported argumentation between the groups (***p<0.001,
**p<0.01 *p <0.05).
Source: Own illustration
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Group Mean SD p-value TukeyHSD
Test TG1

p-value TukeyHSD
Test (CG)

TG2: intelligent
self-evaluation

4.08 3.18 0.6305731 0.6919273

TG1: intelligent
self-monitoring

3.28 3.44 - 0.9980910

CG: self-
monitoring

3.33 2.33 - -

Table 51: Results of self-reported argumentative changes between the groups (***p<0.001,
**p<0.01 *p<0.05).
Source: Own illustration

students are experiencing the usage of the tool as a benefit and that they find it easy to

interact with. This will foster the motivation, engagement, and adoption of the learning

application.

Moreover, positive effects for self-regulated learning can be also seen by comparing the

means of the measured self-efficacy against the midpoints (Bandura, 1991). The average

self-efficacy was 4.9338 (SD= 0.8644) on a 1-7 Likert scale. Compared to the neutral value

of 4, this is a positive indication that argumentation self-monitoring, and self-evaluation

help students learn in a self-regulated way.

I also asked open questions in the survey to receive the participants’ opinions about the

tool they used. The general attitude for ArgumentFeedback was quite positive. Par-

ticipants positively mentioned the intelligent self-evaluation, the social comparison, and

the integration of Google Docs several times. However, participants also asked if Argu-

mentFeedback could also provide concrete argument suggestions to provide more feedback

on how to improve the argumentativeness. I translated the responses from German and

categorized the most representative responses in Table 52.

7.5 Discussion

My results provide insights on the design and the impact of AI-based argumentation writ-

ing support systems on students’ argumentation skills. The self-evaluation nudge, along

with social comparison and feedback message on students’ argumentation skills, helped

the students write more persuasive texts compared to only monitoring their argumenta-

tive writing. Not only the perceived argumentation quality but also the formal quality

of the argumentation was significantly higher for students receiving the intelligent self-

evaluation compared to the ones receiving (intelligent) self-monitoring. Especially, the

students with intelligent self-evaluation seemed to write with higher argumentation qual-
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Cluster Exemplary User Response

General user interaction ”ArgumentFeedback is simple and very easy to use. The inte-
gration in Google Docs, especially, makes the argumentation
feedback very handy.”

Social comparison ”The argumentative comparison with peers serves as an in-
centive to write at least as many or more arguments.”

Summarizing scores ”Readability as a criterion is often neglected for argumenta-
tive texts. The feedback on this was very helpful for me to
improve my pitch.”

Argumentative feedback ”I was encouraged to write more arguments without stretch-
ing the text too much, as the ratio of the length of the text to
the arguments is taken into account. Likewise, one is moti-
vated to shorten the sentences. It is also good that tips are
given for the categories in order to improve the evaluation.”

Dynamics of the interaction ”In general, the tool should be more dynamic if possible. Go-
ing through an analysis every time is a bit cumbersome (tag-
ging, etc.). Automatic updates of the feedback and metrics
would improve the user experience a lot.”

Feedback accuracy ”I’m not sure how well the tool recognized my arguments.”

Table 52: Representative examples of qualitative user responses.
Source: Own illustration

ity compared to those who were only self-monitored. Both the formal and the perceived

argumentation quality did significantly differ between both of these groups. Hence, to

leverage computational methods for adaptive learning, self-evaluation nudging, including

a peer comparison and an adaptive feedback message (as in TG2), seems to help students

more compared to only monitoring their skill level through informative framing (as in CG

or TG1).

Moreover, the self-reported items might provide an explanation for this phenomenon. The

results indicate that students who receive an intelligent self-evaluation nudge are more

self-aware about the higher number of arguments in their texts; however, they reported

that the same number of argumentative corrections compared to the other groups. This

implies that the argumentative changes implemented in TG2 seem to be more effective

compared to the CG (i.e., self-reported argumentation divided by subjective changes -

TG2: 3.47, TG1: 3.71, and CG: 2.42)

7.5.1 Theoretical and Practical Contributions

My results could be explained by nudging theory (Thaler and Sunstein, 2009). The social

comparison seems to lead to a combination of learning feedback and goal setting (Cial-

dini and Goldstein, 2004). This is also reflected in the numerous qualitative comments

I received about the peer comparison by user. Students seem to be nudged in their ar-
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gumentative writing behavior, as social comparisons with other learners lead to better

learning outcomes. This is also reflected in literature about social conformity (Cialdini

and Goldstein, 2004). My study is in line with the results on social nudging for learn-

ing, e.g., with (O’Connell and Lang, 2018), who found that social comparison leads to

higher exam performance and an increase in study time (O’Connell and Lang, 2018). The

correct level of self-evaluation on a student’s skills, such as argumentation skills, seems

to lead to high self-efficacy and thus higher learning outcomes. Therefore, the findings

contribute to self-regulated learning theory (Zimmerman and Schunk, 2001). My results

seem to confirm the underlying mechanism rooted in social cognitive theory (Bandura,

1977) that intelligent self-evaluation with social comparison and adaptive monitoring leads

to positive behavior changes in learning processes (Bandura, 1991). For argumentation

skill learning, this result is especially novel. Past research on adaptive argumentation

learning tools based on computational methods, such as (Afrin et al., 2021; Wang et al.,

2020), have mostly focused on adaptive argumentation monitoring, e.g, based on in-text

highlighting (Chernodub et al., 2019; Lippi and Torroni, 2016b; Afrin et al., 2021) or an

argumentation discourse monitoring. Social comparisons for argumentative writing were

mostly neglected or even showed that users did not prefer to compare themselves with

peers. Moreover, traditional argumentation learning theory, such as the representational

guidance theory by Suthers (2003), solely focuses on argumentation monitoring, e.g., sup-

porting argumentation learning by providing representations of argumentation structures

with the objective to stimulate and improve individual reasoning, collaboration, and learn-

ing (Pinkwart et al., 2009; Suthers and Hundhausen, 2001). My research provides novel

insights on how to support students’ argumentative writing based on self-evaluation and

digital nudging more efficiently.

In order to successfully embed a writing support tool for students, e.g., in distance- or

large-scale learning environments, and overall positive acceptance towards technology is

very important to ensure the students perceive the usage of the tool as helpful, useful,

and easy to interact with. This will foster the motivation and engagement in using the

learning application. The positive ease of use, perceived usefulness, and intention to

use of ArgumentFeedback by each group provide very promising results for the use of

ArgumentFeedback as a self-monitoring and self-evaluation tool in different pedagogical

scenarios.

Hence, the work makes several contributions, especially to human—computer interaction

research and educational technology. I provide insights on a holistic design of a student-

centered writing support tool based on recent advantages in computational linguistics and

digital nudging theory for self-regulated argumentation skill learning and metacognition

skills. Moreover, I demonstrate the effectiveness of social nudging for argumentation

learning through rigorously evaluating the tool ArgumentFeedback in three empirical
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studies with a total of 108 students. The results provide insight into the potential of

designing student-centered learning tools based on NLP and ML combined with digital

nudging to foster self-regulated argumentative writing in a student’s learning journey.

My research shows a case example of supporting metacognition skills in a scalable and

individual way in possible large-scale scenarios. Thus, I provide design knowledge for

other researchers and educators to design and compare similar tools for the support of

metacognition skills of students based on computational methods and nudging theory.

7.5.2 Limitations and Future Work

Nevertheless, the work faces several limitations. First of all, the accuracy of the argu-

mentation mining algorithm leaves space for improvement. I basically have two options

to improve the performance of the underlying model: (1) by enriching the corpus with

more annotated business pitches or (2) by improving the performance of the model. My

objective is to improve the model by annotating the written business pitches that I col-

lected in the experiment and adding them to the corpus. Second, the study was limited

in sample size. Nevertheless, I believe certain effects where I investigated a trend, e.g., in

the comparison of intelligent self-monitoring and general self-monitoring of self-reported

argumentation (p= 0.06165), might result in a 95% significance level with further data.

Finally, I only provided insights on the short-term effects of the design interventions. In

the experiment, I showed that self-evaluation has a short-term influence on a student’s

argumentation skills. For future work, I suggest measuring the long-term learning effects

on students’ skills based on different nudging interventions.

Finally, I want to highlight the ethical limitations of the study. Regarding the imple-

mentation of the intelligent writing support system, I do not want to replace human

educators by any means, as I believe that skilled teachers will always be able to provide

better individual writing support than ArgumentFeedback. However, I hope that through

the system, human educators can focus more on detailed questions and devote more time

to difficult cases. Also, I see several data privacy concerns about integrating the tool in

a common writing editor, since personal data, e.g., about the argumentation skill level

of students, might be exposed to large stock-based tech companies. Hence, I call for fu-

ture discussions on how to overcome the trade-off of making novel user-centered learning

applications widely accessible and easy to use, e.g., by integrating them in known cloud

environments without exposing learner data to third parties.
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7.6 Conclusion

In this section, I answered RQ3c by (1) constructing a novel, theory-driven argumen-

tation annotation scheme for student-written business model pitches, (2) compiling a

corpus of 200 student-written texts, (3) training a state-of-the-art model to predict the

individual argumentation skill level, and (4) embedding the model in a student-centered

and theory-informed design based on nudging theory. I evaluated the final tool, Argu-

mentFeedback, in three studies and observed that participants who received an intelligent

self-evaluation nudge including social comparison and an adaptive feedback message when

writing a persuasive business pitch wrote more formally argumentative texts compared

to students who received an individual self-monitoring nudge and students who received

only general self-monitoring. The measured intention to use, the perceived ease of use,

the perceived usefulness (Venkatesh and Bala, 2008), and the self-efficacy (Bandura, 1991)

provide promising results for the usage of social nudging in combination with adaptive

feedback for effective self-regulated argumentative skill learning. The results suggest that

a student-centered learning tool based on digital nudging combined with ML and NLP

feedback helps students write more persuasive texts.

After investigating the influence of adaptive argumentation writing support on students’

argumentation skills in section 5 (RQ3a) and the influence of dialogue-based tutoring on

students’ argumentation skills during a persuasive writing exercise in section 6 (RQ3b),

this section contributes to this dissertation by transferring the prior findings to another

argumentative domain to ensure the validity of the results.

I evaluate and reproduce the findings from section 5 and section 6 of my dissertation by

investigating the impact of AI-based argumentation writing support systems in (a) an-

other pedagogical scenario (persuasive business pitches) and (b) another design paradigm

(digital nudging for self-regulated argumentation learning).
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8 Summary of Contributions and Areas for Future

Research

The support for individuals with technology-mediated tools to learn and practice argu-

mentation is a growing and important research field for a metacognition-based education

(WEF, 2018; Oecd, 2018). Hence, the main objective of this dissertation project was to

contribute to three outlined research challenges in the fields of NLP, human—computer

interaction, and IS research. To fulfill this overall objective, the thesis was organized

concerning the investigation of two overarching research areas, which relate to (1) how to

design novel argumentation learning systems based on recent advantages of AI to support

argumentation skill learning irrespective of instructor, time, and location, and (2) how

these design findings influence students’ argumentation skills and learner experience.

In this section, I address the contributions and consequences of my research, particularly

in relation to the literature on argumentation learning systems, argumentation mining,

and metacognition skill learning in general. While I have already discussed the individual

studies in other areas of my dissertation, the purpose of this section is to discuss how the

various studies handled the research problems I outlined in section 1. As a result, this

part presents a unified overview of the contributions of the separate research to theory

and practice. I conclude my work by proposing potential future research areas that are

not included in this dissertation.

8.1 Theoretical Contributions of the Dissertation

8.1.1 Design of NLP-based Adaptive Educational Learning Tools

The first research question of the dissertation focused on the technical foundations of

NLP and ML for adaptive learning tools as well as on the requirements for argumentation

learning systems:

RQ1: What are the foundations and requirements for adaptive learning tools to teach

students how to argue?

In section 4, I analyzed the theoretically grounded and empirically validated dimensions

and characteristics of NLP features for ML-based IS and proposed a novel design space

of features and categories incorporated in an easily usable feature canvas to aid both re-

searchers and practitioners in approaching NLP endeavors in a structured manner. The
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NLP feature taxonomy aids educational designers in the development, refinement, compar-

ison, and evaluation of their NLP pipelines, such as when creating AI-based educational

applications. As a result, I not only demonstrated the diversity of text feature engineering

in diverse application domains by a systematic literature analysis, but I also described

a classification framework using a taxonomy with five dimensions and several attributes.

The resulting taxonomy helps to compare NLP features across research, domains, and ap-

plications, as well as reduces the resources spent by practitioners and scientists on feature

engineering using traditional machine learning approaches.

I integrate existing research from a theoretical standpoint by creating a new taxonomy

that goes beyond existing categories and structures to group NLP features from an in-

tegrative IS perspective. I present a greater knowledge of what has to be considered

while creating, assessing, and comparing NLP applications using a common taxonomy of

NLP features taking a holistic perspective. The resulting taxonomy better assists educa-

tional designers in determining which design characteristics influence a specific outcome

by merging the dimensions and characteristics of my taxonomy (e.g., for explainability

and transparency post-hoc analysis of educational tools). This opens the door to fur-

ther research and more in-depth understanding of how to build, evaluate, and compare

NLP features. The taxonomy does more than classify NLP-based features; it also fa-

cilitates knowledge exchange, improves understanding of interrelationships among NLP

features, and thus aids researchers and practitioners in their decision-making (Bailey,

1994; Kundisch et al., 2021; Usman et al., 2017). Furthermore, the numerous charac-

teristics are classified and grouped into three clusters (C1, C2, C3). These clusters will

aid scholars and practitioners in gaining an overview of present NLP feature engineering

research and identifying gaps in the field. My research findings, I believe, can serve as a

useful starting point for further developing NLP feature engineering guidelines or frame-

works, particularly for special use cases where dealing with accuracy issues in small data

sets or conducting explainability assessments of large data models are critical for suc-

cessful use case deployment. This provides a strong foundation for technology-mediated

learning, such as argumentation writing support systems or conversational argumentation

learning systems, to better train NLP models for ML-based learning tools. The taxonomy

can also be used to teach and train novice NLP learners by providing a comprehensive

classification of NLP features across domains and grouped clusters of applications.

In subsection 4.2, I followed the insights from the developed NLP features taxonomy

and took a deep dive into the field of argumentation mining. Based on a systematic

literature review, I built a domain-agnostic model for argumentation identification, an

approach that has been neglected so far at the time of conducting the study. In this vein,

I contribute to scientific literature in argumentation mining by demonstrating a new mod-

eling approach and solution to current problems of argumentation mining. The proposed
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model demonstrates that transformer-based models might help to decrease the amount of

needed feature engineering for argumentation mining algorithms and might contribute to

domain-agnostic classification approaches for argumentative texts. Finally, applying the

power of transfer learning models like BERT to argumentation mining research may give

a solution to the fragmentation of research into various domain-specific nodes.

Both the corpus-diagnostic algorithm and the NLP feature taxonomy assist educational

designs to build artifacts based on argumentation mining, e.g., argumentation learning

systems. The NLP feature taxonomy and the algorithm provide a solid theoretical and

practical foundation to further impact the design of adaptive learning tools for argumen-

tation skills.

8.1.2 Design of Adaptive Argumentation Learning Systems

The main contribution of my work focuses on the design, development, and evaluation of

argumentation learning systems. While research has recognized AI-based argumentation

learning systems’ potential for supporting students and educators and possibly transform-

ing institutional activities, such as persuasive essay scoring (Afrin et al., 2021; Scheuer,

2015; Scheuer et al., 2010; Stab and Gurevych, 2017), little attention has been paid to the

design, development, and evaluation of IS based on AI capabilities (i.e., argumentation

mining) and socio-technical system embedding (i.e., in technology-mediated learning).

This work combines previous findings and theories for the design of technology-mediated

learning systems and the state of the art of argumentation mining technology (Afrin

et al., 2021; Bostrom and Heinen, 1977; Fan et al., 2020; Huang et al., 2021; Scheuer

et al., 2010) to provide comprehensive guidelines and principles for developing and im-

plementing AI-based argumentation learning systems in higher education (Matook and

Brown, 2017). The effective design and implementation of AI-based argumentation learn-

ing systems are valuable not only for students learning argumentation skills and educators

judging students’ argumentation levels but also for higher education institutions operating

in an increasingly complex and competitive environment (Daniel, 2015). My dissertation

introduces and contributes to two novel classes of argumentation learning systems: AI-

based argumentation writing support systems and conversational argumentation learning

systems.

Both systems classes address RQ1, RQ2, and RQ3 in my dissertation:

RQ2: How can an adaptive learning tool be designed based on AI in a large-scale pedagog-

ical scenario to support the development of students’ argumentation skills in their learning
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process?

RQ3: To what extent does an AI-based adaptive learning tool influence the argumentation

skills of students in different pedagogical scenarios?

Although the novel systems class may be considered part of other educational IS types,

such as intelligent tutoring systems (Kulik and Fletcher, 2016) or adaptive argumentation

support approaches (Scheuer, 2015), their architecture differs fundamentally from existing

systems in their accessibility, intelligence, and socio-technical and user-centered design

(see section 2).

Educational theories in general (such as self-regulated learning theory) and argumenta-

tion learning theories specifically (i.e., Bjork et al. (2013); Lawrence and Reed (2019);

Metcalfe (2017); Scheuer et al. (2010)) demonstrate the potential to investigate AI-based

argumentation writing support systems and conversational argumentation learning sys-

tems as a new genre of educational IS to provide self-evaluation for the maximum impact

of IS in educational settings. Therefore, to answer RQ1 and RQ2, I derived and evalu-

ated a set of design principles for developing and implementing AI-based argumentation

writing support systems and conversational argumentation learning systems in different

pedagogical scenarios.

Building on self-regulated learning theory as a guiding kernel theory (Bandura, 1991;

Zimmerman and Schunk, 2001), I derived four design principles in section 5 for AI-based

argumentation writing support systems and instantiated, demonstrated, and evaluated

them by implementing this IS type in a higher education context (Matook and Brown,

2017). Moreover, I reproduced and validated my findings on the impact of AI-based

argumentation writing support systems in the area of student peer reviews and in the do-

main of persuasive business model pitches (see section 7). The results from both sections

indicate that highlighting learners’ logical argumentation errors in combination with a

self-evaluation dashboard helps them to foster their formal metacognitive argumentation

skills. Furthermore, I investigated the short-term effects of AI-based argumentation writ-

ing support systems based on my design principles on students’ perceived argumentation

skills within the pedagogical domain of the task.

With respect to conversational argumentation learning systems, in section section 6, I

investigated, instantiated, demonstrated, and evaluated the design of dialogue-based ar-

gumentation tutoring. The results of two empirical laboratory studies indicate that indi-

vidual argumentation tutoring in combination with formative feedback helps students to
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increase their formal and perceived argumentation skills.

Learners stand to benefit from both system classes and the application of AI-based argu-

mentation learning systems as well as educators and educational institutions, which could

increase their efficiency and effectiveness. For example, AI-based argumentation writing

support systems could also be utilized to automate argumentative essay correction on

a deeper granular level (sub-sentence-based). Educators may rely on an AI-based argu-

mentation writing support system to provide reliable support in scoring student-written

essays’ argumentation at scale (Horbach et al., 2018). Specifically, the more theory-

based view of AI-based argumentation writing support systems as a new system class for

technology-mediated learning can encourage educational IS researchers to further inves-

tigate, implement, and drive the research and functionalities of AI-based argumentation

learning systems. The systematic conceptualization of underlying design principles for

AI-based argumentation writing support systems provides a solid foundation for further

development and implementation of such systems. In particular, the service-oriented ar-

chitecture perspective of AI-based argumentation writing support systems (see section 5)

can encourage research in different domains and disciplines to contribute to a metacogni-

tion (argumentation) skill-based education in the future, (e.g., for computer linguistics by

providing more student-written corpora and models or for human—computer interaction

by providing investigated interaction designs for novel metacognition skill training).

Moreover, I exemplify how to embed recent argumentation mining technology in an IS

context. Argumentation mining is a powerful method and toolset for investigating and

contributing to various IS research phenomena (e.g., in the context of opinion mining, de-

cision support systems, user-generated content, or social media analysis — for reviews on

argumentation mining please refer to Lawrence and Reed (2019)). However, argumenta-

tion mining has not been widely adopted in IS research, possibly due to its novel character.

With my dissertation following a design science research approach, I provide transparent

and artifact-based design knowledge insights into how to utilize a human-centric IS based

on argumentation mining and examples for demonstration and evaluation that others can

build upon.

In the subsequent sections, I will further outline how the specific design evaluations along

with the empirical results contribute to the design of AI-based argumentation writing

support systems and conversational argumentation learning systems. As a result of these

studies, researchers and educational designers will have more insights and design knowl-

edge to utilize adaptive argumentation learning systems in large-scale learning settings.

To summarize my findings on RQ1, RQ2, RQ3 on adaptive argumentation learning sys-

tems, I will summarize the design knowledge as (1) a nascent design theory for AI-based

argumentation writing support systems, and (2) a nascent design theory for conversational
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argumentation learning systems according to Jones and Gregor (2007).

8.1.3 Components of a Design Theory for AI-based Argumentation Writing

Support Systems

RQ3a: How does an adaptive argumentation writing support system need to be designed

to influence students’ argumentation skills in peer review scenarios?

To answer RQ3a, I rigorously derived requirements from theory and formulated a concise

set of design principles for AI-based argumentation writing support systems. Based on 30

semi-structured user interviews, I instantiated the principles for AI-based argumentation

writing support systems in two artifacts and evaluated them in qualitative pre-studies and

two empirical studies. I tested the impact of my design principles for AI-based argumenta-

tion writing support systems with my instantiation ArgueLearn in a controlled laboratory

experiment with 54 learners (study 1) and an extensive field experiment with 124 stu-

dents over three months (study 2). I found that individuals using ArgueLearn improved

their short- and long-term metacognition argumentation writing skills with better formal

argumentation quality than humans who only received general or no writing support.

The results indicate that learners also write texts with a higher perceived argumentation

level in short-term scenarios. However, the perceived metacognitive argumentation level

seems to not significantly improve through my AI-based argumentation writing support

systems across different learning domains. Moreover in section 7, I evaluated my AI-

based argumentation writing support system ArgumentFeedback in one qualitative study

(study 1), one laboratory experiment (study 2), and one field experiment (study 3). I

observed that participants who received an intelligent self-evaluation nudge including a

social comparison and an adaptive feedback message when writing a persuasive business

pitch wrote more formally argumentative texts compared to students who received an

individual self-monitoring nudge and students who received only general self-monitoring.

Furthermore, the perceived persuasiveness of the texts was significantly higher than of

the texts from students using the other two tools. Moreover, the measured intention to

use, the perceived ease of use, the perceived usefulness (Venkatesh and Bala, 2008), and

the self-efficacy (Bandura, 1991) provided promising results for the usage of social nudg-

ing in combination with adaptive feedback for effective self-regulated argumentative skill

learning.

I provide design knowledge to the scientific knowledge base in addition to the software

artifact as a placed implementation of an AI-based argumentation writing support sys-

tem (Matook and Brown, 2017). Design artifacts and design theories have been the most
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frequent types of design science research contributions, according to Gregor and Hevner

(2013). In design science, research has underlined the importance of coexisting artifact

and theory contributions, but it has also revealed fundamental obstacles to accomplishing

both (Gregor and Hevner, 2013; Jones and Gregor, 2007; Hevner, 2007). Research has

highlighted the value of coexisting artifact and theory contributions in design science but

has also identified major challenges to achieving both (Gregor and Hevner, 2013; Jones

and Gregor, 2007; Hevner, 2007). The technical and scientific contributions of a design

science project must be balanced (Baskerville et al., 2018). In this work, I aimed to ac-

complish both contribution types: I initially developed a set of design principles based

on self-regulated learning theory and a technology-mediated learning perspective, which

I subsequently instantiated into the technical architecture and system prototype Argue-

Learn for demonstration and evaluation. (Jones and Gregor, 2007). The design principles

as design theories provide functional explanations for generalized solution components of a

certain IS class based on related generalized needs (Jones and Gregor, 2007). I document

my design knowledge according to the eight components of a design theory by Jones and

Gregor (2007) (see Table 53) to communicate my ideas to the scientific knowledge base

and to capture my results. In this sense, I synthesize my theoretical contributions in the

form of a ”design and action” theory based on my meticulously completed design process.

The goal of the theory is to establish prescriptions for form and function principles in

artifact design (Jones and Gregor, 2007).

Component Component examples

1) Purpose

and scope

The purpose of this design theory is to formulate design principles for

AI-based argumentation writing support systems to enable individu-

als to train their argumentation skills irrespective of instructor, time,

and place through AI-based argumentation self-evaluation. The design

principles are developed for educational designers.

2) Con-

structs

An AI-based argumentation writing support system based on certain

design principles of form and function increases the formal argumenta-

tion skills of learners for short- and long-term usage according to Wein-

berger and Fischer’s (2006) scheme. Moreover, the design principles

increase the technology adoption of individuals, according to Venkatesh

and Bala (2008).
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Component Component examples

3) Principle

of form and

function

Part 1 — Design principles for AI-based argumentation writing support

systems:

• Transparent and in-depth skill feedback based on learners’ indi-

vidual errors (DP1).

• Choice of different granularity levels, visualizations, and repre-

sentation of the feedback (DP2).

• Machine learning model and a balanced and representable corpus

retrieved from a related text domain of the pedagogical scenario

(DP3).

• Explanation about content and goals prior, during, and after

the learning activity, and convey a goal and purpose of learning

(DP4).

Part 2 — Service-oriented architecture for AI-based argumentation

writing support systems (see Figure 32 in section 5):

Part 3 — Exemplary annotation schemes and corpora for AI-based

argumentation writing support systems (see Figure 59 in section 7):
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Component Component examples

4) Artifact

mutability

This dissertation demonstrates how AI-based argumentation writing

support systems can be instantiated in different educational scenarios

in higher education. Moreover, this work evaluates how AI-based ar-

gumentation writing support systems influence argumentation skills in

different experimental settings (laboratory and field settings).

Suggestions for improvement or adaptation of the design principles:

• Core design principles, such as the machine learning model and

the corpora (DP3), might need to be adapted to different peda-

gogical scenarios (e.g., content and language of texts).

• Individual design principles should be evaluated in separate stud-

ies to better investigate the individual effects.

• Log data of AI-based argumentation writing support systems

could be captured to better monitor and improve the students’

argumentation learning process.

5) Testable

propositions

This theory provides testable propositions about the influence of AI-

based argumentation writing support systems on students’ argumenta-

tion skills that were tested in different empirical studies:

• Using an AI-based argumentation writing support system in a

short-term intervention increases the formal and perceived argu-

mentation quality of students’ texts.

• Using an AI-based argumentation writing support system in re-

peated settings helps students to increase their formal metacog-

nitive argumentation skills.

• Using an AI-based argumentation writing support system reduces

the required amount of needed argumentation feedback from ed-

ucators.
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Component Component examples

6) Justifica-

tory knowl-

edge

AI-based argumentation writing support systems are able to improve

students’ formal argumentation skills based on the Toulmin argumenta-

tion model (Toulmin, 2003). Moreover, the technology-mediated learn-

ing perspective (Gupta and Bostrom, 2009) with a socio-technical sys-

tem design (Bostrom and Heinen, 1977) improves students ability to

self-monitor and self-evaluate their argumentation skills in different

settings based on self-regulated learning theory (Bandura, 1977, 1991;

Zimmerman and Schunk, 2001).

7) Principles

of imple-

mentation

The argumentation mining algorithm needs to be related to the domain

(e.g., the task, the content, and the language) of the texts.

8) Ex-

pository

instantiation

The AI-based argumentation writing support system’s design princi-

ples and the service-oriented architecture were instantiated in several

natively built prototypes. The instantiated prototypes were evaluated

in several empirical studies in controlled laboratory experiments and

real-world field experiments in large-scale learning settings.

Table 53: Design theory for AI-based argumentation writing support systems to enable
individuals to train their argumentation skills irrespective of instructor, time, and place
according to Jones and Gregor (2007).
Source: Own illustration

8.1.4 Components of a Design Theory for Conversational Argumentation

Learning Systems

Besides investigating the design and the development of AI-based argumentation writing

support systems, in section 5, I derived, implemented, and demonstrated design principles

for the design of conversational argumentation learning systems. Thereby, I introduce the

novel class of pedagogical conversational agents for argumentation skill learning. As ex-

plained in section 2, the class of pedagogical conversational agents adds a completely new

perspective and paradigm to past argumentation skill learning research: dialogue-based

argumentation learning. Similar to the class of AI-based argumentation writing support

systems, conversational argumentation learning systems come with the characteristics

of accessibility, intelligence, and socio-technical and user-centered design but also add

a conversational learning paradigm to the pedagogical scenario. Hence, my findings for

AI-based argumentation writing support systems are also partly true for conversational

argumentation learning systems. However, the conversational interaction adds a com-
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pletely new interaction layer, which significantly influences the argumentation learning

process of students and thus requires further investigation (RQ3b):

RQ3b: What requirements should be considered when designing an adaptive conversa-

tional argumentation learning system that aims to support students in writing argumen-

tative texts?

To answer RQ3b, I investigated and evaluated user-centered and theory-based design

principles for conversational argumentation learning systems through the instantiation

ArgueTutor following a naturalistic ex-post evaluation by Venable et al. (2016) in two

empirical studies. In study 1, I compare ArgueTutor to a scripting approach for ar-

gumentation learning. I evaluated my conversational argumentation learning system in

comparison with an approach that provided general argumentation feedback based on

argumentation theory (Toulmin, 2003), a traditional approach for supporting persuasive

writing in large-scale scenarios (e.g., Fischer et al. (2013); Scheuer et al. (2010)). I found

that participants who used ArgueTutor for a persuasive writing task wrote formally more

argumentative texts than the control group in this study involving 55 students. Further-

more, the perceived persuasiveness of these writings was significantly higher than that of

texts created using the traditional tool. Using key constructs, I also assessed both instru-

ments’ perceived ease of use and level of enjoyment (Venkatesh et al., 2003; Venkatesh

and Bala, 2008). Both constructs show great promise for using ArgueTutor as a common

learning tool in lectures, according to my findings. The findings imply that ArgueTutor

encourages students to produce more structured writings and inspires them to create more

persuasive texts in peer learning situations like peer reviews

In study 2, I deployed two different versions of ArgueTutor in an experiment where 45

students had to compose a convincing text and were tutored by ArgueTutor (one offering

individual argumentation support, the other providing non-adaptive argumentation sup-

port). The findings show that the usefulness of a conversational argumentation learning

system for students comes not only in the dialogue-based interface and step-by-step coach-

ing but also in the adaptability of the pedagogical conversational agents (see section 6).

To better structure and communicate the specific design knowledge for conversational

argumentation learning systems to the scientific knowledge base, I also summarized my

design findings according to the six core components of a design theory by Jones and

Gregor (2007) (Table 54). Similar to the design theory for AI-based argumentation writing

support systems, the theory’s purpose is to provide prescriptions for principles of form and

function for the artifact construction of conversational argumentation learning systems.
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Component Component examples

1) Purpose

and scope

The objective of this design theory is to formulate design principles

for AI-based conversational argumentation learning systems to support

students to learn how to argue by providing individual support, guid-

ance, and tutoring when solving argumentative writing tasks.

2) Con-

structs

A conversational argumentation learning system based on my design

principles leads to better formal and perceived argumentation skills of

students for short-term usage (measured by the scheme of Weinberger

and Fischer’s (2006)).

3) Principle

of form and

function

Part 1 — Design principles for conversational argu. learning systems:

• Pedagogical conversational agent with guidance and support for

argumentative writing (DP1).

• Web-based pedagogical conversational agent with responsive,

simple, and functional UX (DP2).

• Proactive argumentative tutoring and guidance with explanations

based on argumentation theory (DP3).

• Analysis of individual argumentative components and individual

feedback message (DP4).

• Casual chat function, e.g., with jokes or fun facts (DP5).

Part 2 — Interactions and dialog flow (see Figure 54 in section 6):

Part 3 — Prototypical instantiation of the conversational argumenta-

tion learning system ArgueTutor (see Figure 53 in section 6):



8 Summary of Contributions and Areas for Future Research 257

Component Component examples

4) Artifact

mutability

This dissertation demonstrates how conversational argumentation

learning systems can be instantiated in different educational scenarios

in higher education. Moreover, this work evaluates how conversational

argumentation learning systems influence argumentation skills in dif-

ferent experimental settings.

Suggestions for improvement or adaptation of the design principles:

• Core design principles, such as the machine learning model and

the corpora (DP3), might need to be adapted to different peda-

gogical scenarios (e.g., content and language of texts).

• Human-like design elements of the pedagogical conversational

agent need to be adapted based on culture or domain.

• Interaction dialog might change depending on culture or domain.

5) Testable

propositions

This theory provides testable propositions about the influence of AI-

based argumentation writing support systems on students’ argumenta-

tion skills that were tested in different empirical studies:

• Using conversational argumentation learning systems increases

the student’s ability to write persuasive texts independent of a

human instructor.

• Using conversational argumentation learning systems improves

the provision of guidance to students.

• Using conversational argumentation learning systems reduces the

required amount of tutoring to write argumentative texts from

human instructor.

6) Justifica-

tory knowl-

edge

Conversational argumentation learning systems are able to trigger inter-

active learning behavior of students and thus lead to higher formal and

perceived argumentation skills based on the Toulmin model (Toulmin,

2003). Based on a constructivist learning perspective and according

to the ICAP-framework by Chi and Wylie (2014), students’ interactive

learning behavior leads to higher levels of learning success compared to

constructive, active, and passive learning behavior.
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Component Component examples

Table 54: Design theory for AI-based conversational argumentation learning systems
according to Jones and Gregor (2007).
Source: Own illustration

Following systematic design procedure in this dissertation (Hevner et al., 2004; Peffers

et al., 2007), I aimed to generate a satisfying design contribution (Gregory and Munter-

mann, 2014). The knowledge gained is applicable not just to the specific circumstances,

but also to other scenarios such as dialogue-based reasoning and metacognition skill learn-

ing. The architectural and design concepts, for example, can be used in courses that deal

with topics other than business models or languages. The back-end algorithm just needs

to be changed to the new scenario. Multiple corpora and argumentation mining models,

as stated, can be readily embedded as a module in the service-oriented architecture for

AI-based argumentation writing support systems (for example, for English students’ es-

says (Stab and Gurevych, 2017) or English law cases (Palau and Moens, 2009)). These

use cases do not necessitate any changes to the form and function design principles or the

overall system design. It’s also possible to use design knowledge to teaching settings that

focus on different metacognition skills. A comparable AI-based argumentation learning

system can be utilized for general feedback skills or empathy abilities, for example. How-

ever, in this instance, the system architecture may need to be revised in part (e.g., the

graph visualization or argumentation dashboard may need to be adapted). The research

not only provides a Level 1 design science contribution by illustrating a situated artifact

implementation, but it also gives a nascent design theory due to the transferability of the

modular and artifact-based design knowledge (Level 2 contribution) (Gregor and Hevner,

2013). In addition to adding to the scientific knowledge base, the findings are useful

for the practical use of AI techniques such as natural language processing and machine

learning-based self-evaluation in education. The findings suggest that cutting-edge NLP

and machine learning techniques are well-suited to sophisticated adaptive skill learning

systems that can support individual learners. In contrast to traditional e-learning method-

ologies, I have demonstrated that advanced assistance capabilities in skill education may

be implemented utilizing NLP and ML techniques.

My findings also contribute to self-regulated learning theory (Bandura, 1977, 1991; Zim-

merman and Schunk, 2001). The results confirm the underlying mechanism rooted in

social cognitive theory (Bandura, 1977) whereby intelligent self-evaluation combined with

goal setting and formative feedback leads to positive behavior changes in learning pro-

cesses. This result is especially novel for argumentation skill learning. Past research on

argumentation learning systems has mostly focused on single design elements for adap-

tive argumentation monitoring, e.g., based on in-text highlighting (Afrin et al., 2021;
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Chernodub et al., 2019; Scheuer et al., 2010; Wang et al., 2020), while perspectives on

self-regulated learning theory with several design elements and self-evaluation are absent.

Moreover, traditional argumentation learning theory, such as representational guidance

theory (Fischer et al., 2013; Suthers, 2003), focuses exclusively on argumentation moni-

toring (e.g., supporting argumentation learning by providing representations of argumen-

tation structures with the objective of stimulating and improving individual reasoning,

collaboration, and learning) (Scheuer et al., 2010, 2012b; Suthers and Hundhausen, 2001).

My research provides novel insights into how learners’ argumentative writing based on

self-evaluation may be supported in combination with a socio-technical design.

Moreover, my findings on conversational argumentation learning systems design con-

tribute to the ICAP framework (Chi and Wylie, 2014). My studies in section 6confirm

that conversational argumentation learning systems are able to trigger interactive learning

behavior of students and thus lead to higher formal and perceived argumentation skills

based on the Toulmin model (Toulmin, 2003). Based on the ICAP-framework by Chi and

Wylie (2014), students’ interactive learning behavior leads to higher levels of learning suc-

cess compared to constructive, active, and passive learning behavior. My results based on

two empirical studies indicate that this is also true for technology-mediated interactive

learning for metacognition skills, such as argumentation.

8.1.5 Nudging for Self-Regulated Argumentation Learning

The last research question was concerned with the influence of digital nudging in students’

argumentation self-evaluation:

RQ3c: How can an argumentation writing support system be designed based on nudging

and self-evaluation to influence students’ argumentation writing skills?

I answered RQ3c by constructing a novel, theory-driven argumentation annotation scheme

for student-written business model pitches, compiling a corpus of 200 student-written

texts, training a state of the art model to predict the individual argumentation skill level,

and, finally, embedding the model in a student-centered and theory-informed design based

on nudging theory. I evaluated the AI-based argumentation writing support systems Argu-

mentFeedback, in three studies and observed that participants who received an intelligent

self-evaluation nudge including social comparison and an adaptive feedback message when

writing a persuasive business pitch wrote more formally argumentative texts compared

to students who received an individual self-monitoring nudge and students who received

only general self-monitoring. The measured intention to use, the perceived ease of use,
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the perceived usefulness (Venkatesh and Bala, 2008), and the self-efficacy (Bandura, 1991)

provide promising results for the usage of social nudging in combination with adaptive

feedback for effective self-regulated argumentative skill learning. The results suggest that

a student-centered learning tool based on digital nudging combined with ML and NLP

feedback helps students write more persuasive texts.

The findings from section 7 not only contribute by reproducing and transferring my design

findings on AI-based argumentation writing support systems, but also seem to confirm the

underlying mechanism rooted in social cognitive theory (Bandura, 1977), that intelligent

self-evaluation with social comparison and adaptive monitoring leads to positive behavior

changes in learning processes (Bandura, 1991). For argumentation skill learning, this re-

sult is especially novel. Past research on adaptive argumentation learning tools based on

AI, e.g., (Afrin et al., 2021; Wang et al., 2020), have mostly focused on adaptive argumen-

tation monitoring, e.g, based on in-text highlighting (Chernodub et al., 2019; Lippi and

Torroni, 2016b; Afrin et al., 2021) or argumentation discourse monitoring. Social compar-

isons for argumentative writing were mostly neglected. Moreover, traditional argumen-

tation learning theory, such as the representational guidance theory by Suthers (2003),

solely focuses on argumentation monitoring, e.g., supporting argumentation learning by

providing representations of argumentation structures with the objective to stimulate and

improve individual reasoning, collaboration, and learning (Pinkwart et al., 2009; Suthers

and Hundhausen, 2001). My research provides novel insights on how to support students’

argumentative writing based on self-evaluation and digital nudging more efficiently.

Finally, my dissertation makes several contributions, especially to human—computer in-

teraction research and educational technology. I provide insights on a holistic design

of a student-centered writing support tool based on recent advantages in computational

linguistics and digital nudging theory for self-regulated argumentation skill learning and

metacognition skills. Moreover, I demonstrate the effectiveness of social nudging for ar-

gumentation learning through rigorously evaluating the tool ArgumentFeedback in three

empirical studies with a total of 108 students. The results provide insight into the po-

tential of designing student-centered learning tools based on NLP and ML combined

with digital nudging to foster self-regulated argumentative writing in a student’s learning

journey. My research shows several case examples of supporting metacognition skills in

a scalable and individual way in possible large-scale scenarios. Thus, I provide design

knowledge for other researchers and educators to design and compare similar tools for the

support of metacognition skills of students based on computational methods and nudging

theory.
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8.2 Practical Contributions of the Dissertation

In addition to its theoretical contributions, this dissertation has a practical impact on

scholars and practitioners in the fields of IS, human—computer interaction, NLP, and

educational technology. The practical contributions of my work are closely related to

the before-mentioned theoretical contributions, especially with (1) the software instanti-

ations, (2) the annotation schemes and corpora, and (3) the design principles alongside

the findings for educators and teachers.

8.2.1 Software Instantiations

In this dissertation project, I designed, demonstrated, and evaluated three AI-based ar-

gumentation learning systems that provide learners with individual self-evaluation on the

argumentation structure of a text irrespective of instructor, time, and place. First, I

built ArgueLearn, an instantiation of an AI-based argumentation writing support system

according to my theory-driven and user-based design principles (see section 5). Argue-

Learn provides learners with formative argumentation feedback including argumentation

text-highlighting, error highlighting and a graph-based argumentation discourse overview

based on a written text. Second, I built ArgueTutor, an instantiation of a conversa-

tional argumentation learning system according to my design principles (see section 6).

ArgueTutor tutors learners with adaptive and instant feedback, theoretical input, and

step-by-step guidance during their writing process. Third, I built ArgumentFeedback,

an instantiation of an AI-based argumentation writing support system (see section 7).

ArgumentFeedback provides students with individual argumentation self-evaluation by

highlighting the argumentative components, by providing an adaptive learning dashboard

when writing persuasive business pitches, and by adaptively nudging students to write

more argumentative texts based on social comparison (Mirsch et al., 2017; Cialdini and

Goldstein, 2004). The three software instantiations contribute with their design, archi-

tect, interaction concept, and finally their real-world embedding to practitioners in the

educational technology field. Educational designers can follow the same architecture or

even leverage the publicly available instantiations for their own innovation projects or

educational scenarios.

8.2.2 Annotation Schemes and Argumentation Annotated Corpora

Not only does the user interface represents a practical contribution, but also the novel

annotation schemes, the ML algorithms for student-written texts as well as the pub-

licly available corpora represent a valuable resource for researcher and designer to build
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and instantiate their own AI-based argumentation writing support system, conversational

argumentation learning systems or potentially new classes of argumentation learning sys-

tems.19

In section 5, I presented an annotated corpus of persuasive student-written peer reviews

collected from a real-world learning scenario, as well as an argumentation annotation

scheme. This corpus was used to create AI-powered argumentation writing support tools.

Argument annotation techniques and argumentation corpora that had previously been

provided had a number of flaws. First, they were rarely drawn from a contemporary

learning situation; second, they lacked a systematic technique based on extensive inter-

rater agreement investigations; and third, they lacked annotations of argumentation re-

lations (see, e.g., Lawrence and Reed (2019)). With my corpus presented in section 5, I

provide 1,000 peer reviews produced by students that are annotated for argument com-

ponents and relationships. As a result, based on argumentation theory and earlier work

on annotation schemes for convincing student essays, I contribute to NLP practitioners

by deriving an annotation scheme for a new data domain for argumentation mining (Stab

and Gurevych, 2014b, 2017). In addition, I offer an annotation study based on 50 com-

pelling peer reviews annotated by three native German speakers, proving that annotation

of student-generated peer reviews can be conducted reliably. Finally, I provide a publicly

available corpus of 1,000 student peer reviews gathered during a German-language lecture

on business innovation.

Next, in section 7, I proposed another argumentation annotation scheme and introduced a

new annotated corpus of persuasive student-written business model pitches extracted from

a pedagogical scenario. The final corpus consists of 200 student-written business model

pitches with 3,207 sentences annotated for argument components, their relations, and six

persuasiveness scores on different levels. By presenting an annotation study based on 50

persuasive pitches, I demonstrate that the annotation of student-written business model

pitches is reliably possible. Both corpora, provide a valuable resource for NLP-based edu-

cational tools in research and practice. Moreover, the evaluated annotation schemes, offer

researchers and practitioners valuable insight in how to model argumentative discourse

in student-written texts. In fact, with the continuous rise of technology-mediated learn-

ing and especially AI for assessment, feedback, and scaffolding of students, my corpora

provide a solid foundation for further inventions in the field of argumentation learning.

19E.g., the Argumentation Annotated Student Peer Reviews Corpus version 1.0 from section 5
is publicly available through https://github.com/thiemowa/argumentative student peer reviews

https://github.com/thiemowa/argumentative_student_peer_reviews
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8.2.3 Findings for Educators

Finally, the design principles, as well as the design theories, equip educators with new

insights and knowledge on how to embed argumentation learning systems in different

pedagogical scenarios. By framing my research around the technology-mediated learn-

ing framework by Gupta and Bostrom (2009), educators and educational institutions can

build on my findings to improve the argumentation learning process based on my edu-

cational method structures investigated in this dissertation. The empirical evaluations

of the instantiations of my design principles for AI-based argumentation writing sup-

port systems and conversational argumentation learning systems provide educators with

profound evidence that these types of technology-mediated learning tools increase skill

learning outcomes and user perception. Also, my qualitative findings provide a basis to

better understand the argumentation skill learning process of students as well as the dif-

ferent technology-mediated methods to support and structure this process. Hence, also

educational institutions can rely on quantitative and qualitative results on how to improve

their distance learning scenarios.

Both, AI-based argumentation writing support systems and conversational argumenta-

tion learning systems, have a great potential to not only improve the teaching methods of

educators but mostly to improve metacognition skill learning of students. Therefore, the

biggest impact of my research is (hopefully) on the individual learners themselves. Stu-

dents, no matter if from high school, higher education, vocational training, or continuous

training, can rely on the user-centered and theory-based design of novel AI-based argu-

mentation writing support systems and conversational argumentation learning systems,

which support and tutor them in their individual learning process.

8.3 Limitations and Directions for Future Research

In this section, I offer areas and directions for further research. While the individual

limits of the various studies, as well as closely related future research opportunities, have

previously been covered, I will now focus on the overall constraints of my work on argu-

mentation support systems, as well as research issues for future study.

I organize my suggestions for future research by the following categories: (1) research

on novel pedagogical scenarios for argumentation learning systems, (2) research on the

learner-centered design of argumentation learning systems, (3) research on recent techno-

logical advances for argumentation learning systems, and (4) research on ethics of AI-based

learning systems.
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The findings of my work are limited by several aspects. First of all, the empirical evalua-

tion on the impact of AI-based argumentation writing support systems and conversational

argumentation learning tools are only shown in two very specific pedagogical scenarios:

(1) in the domain of student peer reviews on business models in German language and

(2) in the domain of student business pitches in German. Further studies are needed

to replicate the empirical findings on the effect of the design of these systems in other

pedagogical domains (e.g., writing of persuasive discussion openings or reflective jour-

nals), in other languages (e.g., in French or Chinese), or with different design variations

(e.g., empirical investigation of ArgueTutor with a casual chat mode and without a ca-

sual chat mode). The research findings are limited to the specific domains I evaluated

my argumentation learning tools in. Nevertheless, even though I hypothesize that the

service-orientated architecture and the design findings are also true for other pedagogical

scenarios, I cannot prove it with my research design. Further investigations are needed

to replicate the findings. Since my studies are also limited to long-term effects, it will be

especially important to focus on longitudinal studies to investigate the continuous impact

of argumentation writing support systems on learning outcomes.

Another major limitation of my results evokes from the measurements of the argumenta-

tion learning outcomes. Since metacognition skills are complex pedagogical constructs, I

followed a proven method to measure the argumentation skill level of student texts by the

annotation scheme of Weinberger and Fischer (2006). This annotation scheme has been

widely used to measure the argumentation quality of student texts, however, is limited

when it comes to capturing more sophisticated dimensions of metacognition skill learning

in different domains. To more precisely measure the impact of individual argumentation

feedback and self-evaluation on students’ skill levels, more advanced argumentative skill

assessments are necessary. These assessments should be able to capture the argumen-

tative competencies of students in different pedagogical domains (e.g., business, ethics,

and education) before and after a certain treatment on different argumentation skill di-

mensions (e.g. logical argumentation competencies, discourse level, and strength and

relevance of argumentation structures) to represent students’ argumentation skill with a

higher granularity compared to the assessment method of Weinberger and Fischer (2006).

Future research is needed to construct, validate, and evaluate such test measurements to

more precisely measure the impact of different pedagogical learning method structures on

metacognition skill learning outcomes (Gupta and Bostrom, 2009).
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8.3.1 Research on Novel Pedagogical Scenarios for Argumentation Learning

Systems

I suggest future research on argumentation learning systems in different educational con-

texts and didactical scenarios. As Scheuer et al. (2010) already pointed out, argumenta-

tion learning systems can be embedded in various pedagogical scenarios. Of interest would

be to further investigate the embedding of argumentation support tools in collaborative

learning or work scenarios. Diana (2018) investigated the impact of argumentative games

to promote productive civil discourse. Fischer et al. (2013) embedded their argumentation

scripting approach to promote more logical argumentation in online discussion forums.

The new class of AI-based argumentation writing support systems or conversational ar-

gumentation learning systems has not been embedded in collaborative learning or work

scenarios. Potential research questions arising from this dissertation include:

• How can AI-based argumentation writing support systems and conversational argu-

mentation learning systems be embedded in collaborative learning settings?

• How can AI-based argumentation writing support systems and conversational argu-

mentation learning systems be designed to promote civil discourse in online discus-

sions or in social media settings?

• How can AI-based argumentation writing support systems and conversational argu-

mentation learning systems be designed to counteract fake news and hate speech?

• What are possible use cases for AI-based argumentation writing support systems and

conversational argumentation learning systems in collaborative learning settings?

• What impact have AI-based argumentation writing support systems and conversa-

tional argumentation learning systems on students’ argumentation skills in collabo-

rative settings?

• How do students perceive the interaction of AI-based argumentation writing sup-

port systems and conversational argumentation learning systems in collaborative

settings?

• How should AI-based argumentation writing support systems and conversational

argumentation learning systems be designed to promote long-term argumentation

skill learning in collaborative settings?

The OECD called for future research on how to support metacognition skill learning

(Oecd, 2018). In my dissertation, I investigate how to design novel learning tools to
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support argumentation skill learning. Other metacognition skills encompass problem-

solving, communication, verbal reasoning, or empathy (Oecd, 2019). My dissertation has

shown that with recent technological advances, we are able to design new pedagogical

scenarios to train short- and long-term metacognition skills. Hence, I suggest future

research to investigate the impact of already existing NLP and ML approaches to provide

students feedback and support with writing support systems or pedagogical conversational

agents, for example, by leveraging empathy detection to provide students feedback on their

empathy skills (Santos et al., 2018). Thus, I suggest the following questions for future

research on metacognition skill training based on writing support systems and pedagogical

conversational agents.

• How to design AI-based writing support systems and pedagogical conversational

agents to help students to train their empathy skills?

• How to design AI-based writing support systems and pedagogical conversational

agents to help students to train their creativity skills?

• How to design AI-based writing support systems and pedagogical conversational

agents to help students to train their communication skills?

• How to design AI-based writing support systems and pedagogical conversational

agents to help students to train their critical thinking skills?

• How should AI-based writing support systems and pedagogical conversational agents

be embedded in reflective journals to promote metacognition skill learning?

• What are other didactical scenarios where AI-based writing support systems and

pedagogical conversational agents could be embedded to support students to learn

metacognition skills?

The learning process of argumentation can play a threefold role in certain pedagogical

scenarios. First, a pedagogical scenario can aim to particular train argumentation skills,

by asking learners to participate in argumentative writing activities with the pedagogical

focus to promote argumentation skill learning, which was the objective of this dissertation.

Second, practicing active debates and argumentation can be used as a didactical method

to achieve other learning outcomes, e.g., to manifest certain factual knowledge (Jonassen

and Kim, 2010; Asterhan and Schwarz, 2016). Third, actively engaging in argumentation

has been shown to positively impact other metacognition skills such as communication

and problem-solving in general (Duschl and Osborne, 2002; Kuhn, 2005; Van Eemeren

and Grootendorst, 2016). Future research should focus on the effect of ”arguing to learn”
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through AI-based argumentation writing support systems and conversational argumenta-

tion learning systems. A possible scenario would be to embed AI-based argumentation

writing support systems in language learning assignments to promote English language

learning through argumentation feedback. Other scenarios would be to embed argumen-

tative assessment through an AI-based argumentation writing support system to promote

factual knowledge learning:

• How to design AI-based argumentation writing support systems and conversational

argumentation learning systems to support English language learning of students?argumentation

writing support systems

• What impact do AI-based argumentation writing support systems and conversa-

tional argumentation learning systems have on other learning outcomes?

• How to design AI-based argumentation writing support systems and conversational

argumentation learning systems to factual knowledge learning through interactive

exercises?

• What is the effect of argumentation feedback on factual knowledge learning?

• What is the effect of argumentation feedback on metacognition skill learning?

Last but not least, argumentation assessment is not only a prevailing need of students,

but also of educators. In my dissertation, I focused on how to support students to learn

how to argue. However, persuasive writing assessment of educators and essay scoring is a

time-consuming task in which argumentation usually plays a crucial role (e.g., Gema et al.

(2017). Future research should also focus on how to support teachers in better assessing

argumentative writing excesses of their students:

• What characteristics and dimensions need to be considered when assessing students’

metacognitive argumentation skills?

• How to design an assessment for metacognitive argumentation skills of students

across pedagogical domains?

• How can a learning process for argumentation learning systems be conceptualized?

• How do argumentation skills form and evolve throughout a student’s learning process

in argumentation learning systems?

• How to design AI-based argumentation writing support systems and conversational

argumentation learning systems to support educators in assessing argumentation

skill levels of students?
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• How to design AI-based argumentation writing support systems and conversational

argumentation learning systems to support educators in essay grading?

• How can AI-based argumentation writing support systems and conversational argu-

mentation learning systems be designed to enable educators to monitor the argu-

mentation skill level of students?

• How can AI-based argumentation writing support systems and conversational argu-

mentation learning systems be designed to enable educators to monitor the learning

argumentation process of students?

8.3.2 Research on the Learner-Centered Design of Argumentation Learning

Systems

Learning systems that students enjoy using, which are intuitive and easy to interact with,

promote long-term usage and learning outcomes (Soloway et al., 1994). Hence, the en-

hancement of the interaction of argumentation learning systems based on gamification

elements (Schöbel et al., 2020), nudging (Thaler and Sunstein, 2009), or other proven

human—computer interaction concepts should play a significant role in future research

(Xu et al., 2021). New interaction paradigms based on virtual reality, augmented reality,

multi-sensory environments, or speech-based conversation provide interesting space for

future research not only on AI-based argumentation writing support systems and conver-

sational argumentation learning systems but on adaptive argumentation learning systems

in general (Xu et al., 2021; Rahwan et al., 2019). Hence, I suggest devoting time to the

following research questions:

• How to design argumentation learning systems based on virtual or augmented reality

to help students to learn how to argue?

• How to design multi-sensor interaction systems to improve argumentation learning

of students with argumentation learning systems?

• How can a speech-based conversational argumentation learning system be designed

to foster students’ argumentation skill learning?

• What effect have different gamification elements in AI-based argumentation writing

support systems and conversational argumentation learning systems on students’

perception and learning outcomes?

• What effect have different digital nudges embedded in AI-based argumentation writ-

ing support systems and conversational argumentation learning systems on students’

perception and learning outcomes?
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• How to measure metacognition argumentation learning outcomes more precisely?

• How to transfer the results on argumentation learning support to other pedagogical

domains and languages?

8.3.3 Research on Recent Technological Advances for Argumentation Learn-

ing Systems

Technological advances in AI, NLP, and ML are continuing to provide new methods in

how to design, build and deploy software (e.g., Alom et al. (2019); Xu et al. (2021);

Rahwan et al. (2019)). Also, for argumentation learning systems recent advantages in

NLP and ML bear several avenues for future research. Besides, the availability of large

datasets, the vast access to computing power in the cloud or the evolution in deep learn-

ing architectures such as transformer-based models (Devlin et al., 2018) and generative

adversarial networks (Creswell et al., 2018), provide enormous opportunities for enhance-

ments of adaptive argumentation learning systems. Future research should try to leverage

these novel techniques to enhance AI-based adaptive learning tools such as argumentation

writing support systems and conversational argumentation learning systems in order to

provide learners with an individual learning experience irrespective of an educator, time,

or location. Possible research questions on technology for argumentation learning systems

include the following:

• How can generative adversarial networks be embedded to provide students with

more insightful argumentation suggestions or scripts?

• How can novel advances in transformer architectures be leveraged to build domain

agnostic AI-based argumentation writing support systems and conversational argu-

mentation learning systems?

• How to annotate corpora to capture domain agnostic argumentation structures?

• How to better annotate and model qualitative attributes of human argumentation?

• How can educational process mining be used to enhance and improve the argumen-

tation learning process of students’ using AI-based argumentation writing support

systems and conversational argumentation learning systems?

• How can general learning analytic techniques be combined with advances in deep

learning to enhance and improve the argumentation learning process of students’

using AI-based argumentation writing support systems and conversational argu-

mentation learning systems?
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• How can reinforcement or active learning mechanisms be embedded to improve

model accuracy of AI-based argumentation writing support systems and conversa-

tional argumentation learning systems?

8.3.4 Research on Ethics for AI-based Learning Tools

I aim to close my dissertation by calling for future research on ethics and biases in AI-

based adaptive education. NLP and ML are susceptible to bias, resulting in systematic

errors that may create unfair or discriminating predictions. For example, they can lead to

inaccurate outcomes for specific subgroups or may carry the implicit values of designers

and educational institutions (Rahwan et al., 2019). Moreover, AI-based learning tools

operate with some level of autonomy, resulting in increased opaqueness that highlights

questions of accountability and transparency (Gimpel et al., 2019). Also, these tools

operate on user data and may, in fact, be used to collect enormous amounts of (sensitive)

data, where user privacy becomes an even more important issue (Rahwan et al., 2019).

Taken together, while AI-based learning tools, such as argumentation writing support

systems or conversational argumentation learning systems, have the potential to funda-

mentally improve learning scenarios and learning experience outcomes, designers and ed-

ucators may need to increasingly follow ethical considerations in the design of these tools

to ensure the well-being of learners and fairness of the educational assessment. Especially

biases in educational datasets might result in unfair assessments of minorities. The ques-

tion is not if biases exist in the underlying models and data, but rather which biases are

prominently represented. For argumentation mining, Spliethöver and Wachsmuth (2020)

found that argumentation debate corpora contained unbalanced and biased data, e.g.,

in favor of male people with European-American names. Hence, I urge future research

to include ethical considerations and investigations on biases as part of their research.

Following the OECD principles on AI20, I suggest the following future research questions

for AI-based educational research:

• Which biases exist in educational corpora?

• What influence have existing biases in educational corpora on students’ perception

and learning outcomes?

• How to prevent biases and discrimination of AI-based learning tools?

• How to design human-centered and fair AI-based learning tools?

20More information at https://www.oecd.org/going-digital/ai/principles/

https://www.oecd.org/going-digital/ai/principles/
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• How to increase transparency and explainability of AI-based learning tools?

• How to increase traceability of assessments and predictions of AI-based learning

tools?

• How to increase trust and communication with users of AI-based learning tools?

• How to ensure safety and security of users and their data when learning with AI-

based tools?

• How to ensure accountability and auditability of AI-based learning tools?

• How to ensure a general ethical and value-sensitive design of AI-based learning

tools?
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learning in natural language processing. In Proceedings of the Annual Hawaii Interna-

tional Conference on System Sciences.

http://opensiuc.lib.siu.edu/meded%5Fbooks/4
https://doi.org/10.1037/11582-004
https://doi.org/10.1037/11582-004
https://doi.org/10.4236/ce.2018.911126
https://doi.org/10.4236/ce.2018.911126
http://www.citeulike.org/user/mapto/article/961573%5Cnhttp://www.mendeley.com/research/a-taxonomy-for-learning-teaching-and-assessing-a-revision-of-blooms-taxonomy-of-educational-objectives-abridged-edition-1/%5Cnhttp://www.amazon.ca/exec/obidos/redirect?
https://lib.ugent.be/en/catalog/rug01:000547037
https://doi.org/10.1007/s11135-004-8107-7
https://doi.org/10.17763/haer.62.2.9r424r0113t670l1
https://doi.org/10.1002/sce.3730770306
https://doi.org/10.1002/sce.3730770306
http://www.hup.harvard.edu/catalog.php?isbn=9780674027459
https://doi.org/10.3102/0034654315581420
https://doi.org/10.3102/0034654315581420
https://doi.org/10.1007/s12599-021-00723-x
https://doi.org/10.1007/s12599-021-00723-x
https://doi.org/10.24251/hicss.2021.129
https://doi.org/10.24251/hicss.2021.129


References 286

Sven Laumer, Christian Maier, and Fabian Tobias Gubler. 2019. Chatbot Acceptance in

Healthcare: Explaining User Adoption of Conversational Agents for Disease Diagnosis.

Twenty-Seventh European Conference on Information Systems (ECIS2019), Stockholm-

Uppsala, Sweden, pages 0–18.
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Söllner. 2020e. Systematische Entwicklung eines Lerntools zur Erhöhung der Ar-
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Rainer Winkler, Matthias Söllner, and Jan Marco Leimeister. 2021. Enhancing problem-

solving skills with smart personal assistant technology. Computers and Education, 165.

David Wood, Jerome S. Bruner, and Gail Ross. 1976. The Role Of Tutoring In Problem

Solving. Journal of Child Psychology and Psychiatry, 17(2):89–100.

Laura Wood. 2016. Artificial Intelligence (AI) Market By Technology (Machine Learn-

ing, Natural Language Processing (NLP), Image Processing, And Speech Recognition),

Application & Geography - Global Forecast To 2020. Technical report.

Anita Woolfolk Hoy. 2000. Educational psychology in teacher education. Educational

Psychologist, 35(4):257–270.

Anbang Xu, Zhe Liu, Yufan Guo, Vibha Sinha, and Rama Akkiraju. 2017. A new chatbot

for customer service on social media. Conference on Human Factors in Computing

Systems - Proceedings, 2017-May:3506–3510.

Junyi Xu, Li Yao, and Le Li. 2015. Argumentation based joint learning: A novel ensemble

learning approach. PLoS ONE, 10(5):1–21.

Wei Xu, Marvin J. Dainoff, Liezhong Ge, and Zaifeng Gao. 2021. From Human-Computer

Interaction to Human-AI Interaction: New Challenges and Opportunities for Enabling

Human-Centered AI. pages 1–73.

Yiming Yang and Jan O Pedersen. 1997. A Comparative Study on Feature Selection in

Text Categorization. In Proceedings of the Fourteenth International Conference on Ma-

chine Learning, Icml ’97, pages 412–420, San Francisco, CA, USA. Morgan Kaufmann

Publishers Inc.

https://doi.org/10.1007/s12599-016-0453-1
https://doi.org/10.1007/978-1-84996-226-1
https://doi.org/10.1007/978-1-84996-226-1
https://doi.org/10.1145/2514601.2514633
https://doi.org/10.1145/2514601.2514633
https://doi.org/10.1145/3313831.3376781
https://doi.org/10.1145/3313831.3376781
https://doi.org/10.5465/ambpp.2018.15903abstract
https://doi.org/10.5465/ambpp.2018.15903abstract
https://doi.org/10.1016/j.compedu.2021.104148
https://doi.org/10.1016/j.compedu.2021.104148
https://doi.org/10.1111/j.1469-7610.1976.tb00381.x
https://doi.org/10.1111/j.1469-7610.1976.tb00381.x
http://www.researchandmarkets.com/research/d4qcsj/artificial http://www.marketsandmarkets.com/Market-Reports/artificial-intelligence-market-74851580.html%5Cnhttp://www.researchandmarkets.com/research/d4qcsj/artificial
http://www.researchandmarkets.com/research/d4qcsj/artificial http://www.marketsandmarkets.com/Market-Reports/artificial-intelligence-market-74851580.html%5Cnhttp://www.researchandmarkets.com/research/d4qcsj/artificial
http://www.researchandmarkets.com/research/d4qcsj/artificial http://www.marketsandmarkets.com/Market-Reports/artificial-intelligence-market-74851580.html%5Cnhttp://www.researchandmarkets.com/research/d4qcsj/artificial
https://doi.org/10.1207/s15326985ep3504{_}04
https://doi.org/10.1145/3025453.3025496
https://doi.org/10.1145/3025453.3025496
http://arxiv.org/abs/2105.05424
http://arxiv.org/abs/2105.05424
http://arxiv.org/abs/2105.05424
http://dl.acm.org/citation.cfm?id=645526.657137
http://dl.acm.org/citation.cfm?id=645526.657137


References 304

Helen Yannakoudakis, Ted Briscoe, and Ben Medlock. 2011. A new dataset and method

for automatically grading ESOL texts. ACL-HLT 2011 - Proceedings of the 49th Annual

Meeting of the Association for Computational Linguistics: Human Language Technolo-

gies, 1:180–189.

Robert K Yin. 2015. Qualitative research from start to finish. Guilford publications.

Tom Young, Devamanyu Hazarika, Soujanya Poria, and Erik Cambria. 2018. Recent

trends in deep learning based natural language processing.

Hannes Zacher and Michael Frese. 2018. Action regulation theory: Foundations, current

knowledge and future directions. In The SAGE handbook of industrial, work & orga-

nizational psychology: Organizational psychology, Vol. 2, 2nd ed., pages 122–144. Sage

Reference.

Fan Zhang, Rebecca Hwa, Diane Litman, and Homa B. Hashemi. 2016a. ArgRewrite: A

Web-based Revision Assistant for Argumentative Writings. 2016:37–41.

G Zhang, S Purao, Y Zhou, and H Xu. 2016b. Argument detection in online discussion:

A theory based approach. AMCIS Proceedings, (Yates 1996):1–10.

Rong Zheng, Jiexun Li, Hsinchun Chen, and Zan Huang. 2006. A framework for author-

ship identification of online messages: Writing-style features and classification tech-

niques. Journal of the American Society for Information Science and Technology,

57(3):378–393.

Naim Zierau, Thiemo Wambsganss, Andreas Janson, Sofia Schöbel, and Jan Marco
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A Appendix

A.1 Guidelines for the Annotation of Argumentation Structures

in Student-Written Peer Reviews

A.1.1 Introduction

Argumentation mining is an interdisciplinary research area that includes philosophy, psy-

cholinguistics, and computer science for building argumentation models and automated

methods for identifying arguments in written texts. These tools not only provide new

opportunities educational applications such as intelligent writing support, information

retrieval platforms, or automated assessment tools, but also open new possibilities for im-

proving current legal information retrieval platforms or policy modeling platforms (Stab

and Gurevych, 2017).

In this work, a corpus of one thousand annotated student reviews was created and then

the argumentation was evaluated in terms of how helpful the argumentation was, how high

quality it was, and how good the argumentation structure was. How helpful an argument

was was rated on how understandably arguments were expressed and how meaningful they

seemed to the reader. Quality was rated according to how strong an argument was, i.e.,

if arguments were supported by one or more meaningful premises. The more meaningful

premises, the stronger an argument. Structure was evaluated by how easily and logically

relationships could be established between the components of an argument. Students

each argumentatively evaluated a written paper by another student. In doing so, they

addressed the strengths and weaknesses of a paper and then suggested improvements for

revision.

The ability to formulate persuasive arguments is a crucial aspect of acquiring writing

skills. On the one hand, well-defined arguments are the basis for convincing the reader,

on the other hand, good argumentation skills are essential for analyzing different positions

in general decision making (Stab and Gurevych, 2014a). In the case of student reviews,

sound argumentation gives a good impression of how well the underlying student work

has been handled. It uses expressive arguments to show the strengths and weaknesses

to the student who wrote the paper and provides argumentatively supportive suggestions

for improvement. Rules were established for the annotation of the student reviews, which

build on the basis of the rules created by (Stab and Gurevych, 2014a). The rules were

adapted because these are German-language reviews and not English-language persuasive

essays.
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A.1.2 Argument components

An argument consists of several statements. In its simplest form, it contains a statement

(claim) supported by a single premise (premise) (Toulmin, 2003; Walton et al., 2008).

The statement represents a controversial proposition that the author is trying to convince

the reader of. It is usually a proposition or assumption and should not be accepted by

the reader without additional support (Stab and Gurevych, 2014a). Premises can thereby

not only support an opinion, but also attack it, which is used as a stylistic device or

can also illustrate uncertainty in the argument. There can also be more complicated

constellations of statements and premises, in which a statement is supported by several

different premises or by a chain of premises, in which each premise is in turn supported

by another premise. Similarly, an opinion may be supported by one premise and attacked

by another, or supported by a premise which is in turn attacked by another premise. The

simplest form can look like this:

*opinion* because *premise*.

A.1.3 Limits of argumentation components

Argument components do not necessarily cover a complete sentence, because often a

sentence can also consist of several argument components, which are annotated separately.

For example, a sentence can consist of a statement and one or more premises. Likewise,

a sentence can begin with so-called phrases such as ”In my opinion...”. These are not

relevant for the content of the argumentation component as long as the rest still makes a

complete sentence, but more about this in the following established rules.

A.1.3.1 Completeness rule

An argument component should always include a point of view, which can also be a

complete sentence. In English, you can check whether an annotated component represents

a complete point of view by prefixing the statement with the phrase ”It is true that,

*claim*” and the sentence still remains grammatically correct. If this is fulfilled, then

the annotation is correct according to the completeness rule (Stab and Gurevych, 2014a)

In German, and especially in the case of reviews, the rule cannot be applied one-to-one,

since the German sentence structure differs from the English sentence structure and the

wording in reviews is also different. Thus, as soon as you put the sentence part ”It is

true that *opinion*” in front of the opinion, the sentence structure of the opinion must be
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changed so that it still remains grammatically correct. The following examples illustrate

this. The sentence part in the square brackets contains the correct boundaries of the

argument component of the annotation.

English example: ”[The customer Process is not described in sufficient detail].”

German translation:
”
[Der Kundenprozess ist nicht genügend detailliert beschrieben].“

Rule application in English: It is true that, ”[ the customer Process is not described in

sufficient detail].”

Rule application in German: Es ist wahr, dass
”
[der Kundenprozess ist nicht genügend

detailliert beschrieben].“ English example: ”[ You’d have to justify that a bit more]

because [that’s a very important point that has a big impact on your cost structure].”

Rule application in English: It is true that, ”[ you’d have to justify that a bit more],” / It

is true that, [that’s a very important point that has a big impact on your cost structure].

German example:
”
[Das müsstest du noch etwas genauer begründen], da [das ein sehr

wichtiger Punkt ist, der einen hohen Einfluss auf deine Kostenstruktur hat].“

Rule application in German: Es ist wahr, dass
”
[das müsstest du noch etwas genauer

begründen],“ / Es ist wahr, dass [das ein sehr wichtiger Punkt ist, der einen hohen Einfluss

auf deine Kostenstruktur hat].“

The first example illustrates that the German sentence must be rearranged to keep the

sentence grammatically correct. The sentence should read as follows: It is true that ”[the

customer process is not described in sufficient detail].” The second example shows that

there only the first part of the sentence must be grammatically adjusted. So that the rule

applies. The sentence would have to read as follows: It is true that ”[you would need to

justify this a little more],”.

German rule: If ”It is true that” can be placed in front of the argument component and

the sentence structure of the argument component can be rearranged with the same words

in such a way that the sentence remains grammatically correct, then the annotation is

fulfilled according to the completeness rule.

A.1.3.2 Relevance rule

All words that are relevant for the argumentation component must be included in it.

This means that all subordinate clauses relevant to the content must be included in
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the annotated component. Temporal information such as ”in the past”, ”recently” or

”nowadays”, which can be at the beginning of a sentence, must also be included in the

annotated component, otherwise the content cannot be understood (Stab and Gurevych,

2014a).

English example: ”[ At the moment, I still see a weakness in your business model].”

German translation:
”
[Momentan sehe ich noch eine Schwäche in deinem Business Mod-

ell].“ This rule can be adopted into German, since here it is further facilitated by the

fact that such information is in most cases not separated from the rest of the sentence

by any punctuation mark. Furthermore, what is meant here is that the business model

represents a weakness before a revision and not that it represents another weakness, as

one would otherwise interpret the word ”noch”.

A.1.3.3 Shell language rule

In English, shell language has no relevance to the context of an argument component

because the component is nevertheless grammatically correct and thus irrelevant to it.

Examples of such shell words include ”For example,” ”According to the previous fact,”

”As can be seen,” ”Another important point which contributes to my argument is that”,

”In this context”, ”because”, ”though”, ”in my view”, ”i think”, ”also”, ”furthermore”,

etc. In the exceptional case that shell words are relevant to the context of an argument

component, they should be included in the component. Examples are: ”I do not agree

that”, ”I disagree with the view that”, ”i don‘t think”, ”i do not believe”, etc. (Stab

and Gurevych, 2014a). In German recessions, this rule cannot always be adopted one-

to-one either, since after such shell words the argumentation component is not always

grammatically correct, unless you add another word like ”es”.

Translating the English shell words into German gives the following examples of shell

words: ”For example”, ”According to the previous fact”, ”As you can see”, ”Another

important point which supports my argument is that”, ”In the context”, ”because”,

”since”, ”however”, ”nevertheless”, ”In my opinion”, ”I think”, ”also”, ”Furthermore”,

etc. The translation of the shell words relevant to the context of an argument component

are: ”I disagree with that”, ”I disagree with the view that”, ”I don’t think that”, ”I

don’t believe that”. In the following, I show an example where the shell word can be

omitted and the German sentence remains grammatically correct and then an example

where the sentence remains grammatically incorrect by omitting the shell word without

adding another word.



A Appendix 309

English example: ”I think [the description of the short-characteristics of your company is

a bit too long]. ”

Deutsche Übersetzung:
”
Ich denke [die Beschreibung zu den Kurzcharakteristika deines

Unternehmens ist etwas zu lang geraten].“

English example: ”Furthermore, [ it is clear that the business model was developed from

a consumer perspective].”

Deutsche Übersetzung:
”
Des Weiteren [ist klar ersichtlich, dass das Geschäftsmodell aus

Konsumentensicht entwickelt wurde].“ As can be seen in the second example, the German

argumentation component as a stand-alone sentence so grammatically does not make

sense without adding the word ”es”. The argument component is grammatically correct

as follows: ”Furthermore, [it is clearly evident that the business model was developed

from the consumer’s point of view].” You can rephrase the sentence as follows according

to the completeness rule so that the grammar remains correct: ”Furthermore [it is clearly

evident that the business model was developed from a consumer perspective].” I.e. here

shell word ”furthermore” should be included in the argumentation component and the

sentence should be annotated as follows: ”Furthermore [it is clearly evident that the

business model was developed from the consumer’s point of view].” An example of shell

words that are Relevant to the context of an argument component is as follows:

English example: ”I do not believe that [good IT skills are a USP].” Deutsche Überset-

zung:
”
Ich glaube nicht, dass [gute IT-Kenntnisse ein USP sind].“

In this case, one can clearly see that without the phrases, the context of the argument

component says exactly the opposite. Therefore, the phrases are included in the annota-

tion here and the sentence is thus annotated as follows: ”[I don’t believe that good IT

skills are a USP].” For these reasons, the following German rule can be established:

German rule: If an argumentation component can be rearranged according to the com-

pleteness rule and the context of the component is not changed by this, then shell words

or phrases should not be included in the annotation. If the context of the argument

component is changed by leaving out shell words, then they should be included in the

annotation. Additionally, shell words in English as well as in German serve as a good

indicator for identifying argument components.

A.1.3.4 Separation rule

A sentence may only be fully annotated if the corresponding sentence does not contain a
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conclusion and shell words between different opinions. I.e. a sentence may not be split

into two argument components if there are several complete opinions. Only if one opinion

is the reason for another opinion, the sentence may be split into two or more argument

components. It is important not to separate sentences with multiple opinions connected

by words such as ”and”, ”or”, and punctuation marks as in a bulleted list, and which

do not contain a conclusion between different opinions. This can often occur when one

sentence contains multiple reasons for an opinion from another sentence. In this case,

the different reasons (premises) from one sentence must be annotated as one argument

component. This also applies to conditional sentences, which contain a condition under

which something occurs (Stab and Gurevych, 2014a). An indicator of such sentences are

words like ”if”, or ”in that”. The subordinate clause formulates the condition that must

be met in order for the consequence stated in the main clause to be realized.

English example: ”This is due to the fact that, [you could add more examples and

you should describe them in more detail].” German translation:
”
Dies ist dem Grund

geschuldet, dass [du noch viele Beispiele ergänzen könntest und du diese noch genauer

beschreiben solltest].“

In this example, the argument component contains two premises: ”You could add more

examples” and ”You should describe these in more detail”. These are connected by the

word ”and”. I.e. this rule can be adopted for German reviews, which means that these

two premises should be combined into one argumentation component 3.5 Punctuation

rule

Punctuation marks that come at the end of an argument component must not be included

in the annotation (Stab and Gurevych, 2014a).

English example: ”[EasyHealth is a business model that largely meets the vision of WellBe-

ing].” Deutsche Übersetzung:
”
[Bei EasyHealth handelt es sich um ein Geschäftsmodell,

das größtenteils die Visionen des WellBeings erfüllt].“

This rule can also be transferred one-to-one for German reviews, since English and German

grammar do not differ there.

A.1.3.5 Interpretation rule

Sentences which only represent an unambiguous statement through an interpretation

should be annotated as an argumentation component. In particular, statements that

explain what the author of the work has done and can be interpreted as a weakness;
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statements in which the author writes that he has not understood something and can be

interpreted to the effect that these should be explained in more detail; or questions that

suggest that an explanation or an important point has been forgotten by the author of

the work. It must be remembered that these statements or questions always fall under

the points of strength or weakness of the work. I.e. it is assumed with the statement or

question that a point from the work of the author represents a weakness or that an im-

portant point is simply missing in the eyes of the evaluator or was inaccurately explained.

These statements or questions may be supported by premises or, in some cases, may be

written alone without a premise. All of these sentences suggest an opinion, if interpreted

correctly. Such sentences occur frequently in a review, making this rule particularly rel-

evant to this corpus. Indicators of such sentences are expressions such as ”You have,” ”I

don’t understand,” ”I’m not quite clear,” or a punctuation mark such as ”?”. In these

cases, as already mentioned, an interpretation is often necessary to present a statement.

If an unambiguous statement can be interpreted, this argument component is included in

the annotation. Premises can strengthen the unambiguity of a statement.

Deutsches Beispiel:
”
[Du hast gute IT-Kenntnisse als USP aufgeführt]. Ich glaube nicht,

dass [gute IT-Kenntnisse ein USP sind].“

Deutsches Beispiel:
”
[Ich verstehe nicht, was du mit Steuerung und Modifizierung der

App meinst].“

Deutsches Beispiel:
”
[Was ist mit den Kosten für deine Entwickler?]“.

These examples show that the previously described statements or questions can each be

interpreted as an opinion, provided that one considers that these statements and question

were each listed under the item weakness. Therefore, such sentences should each be

annotated as an argument component and, as in these examples, as an opinion. Only

the first example is additionally supported by a premise. In the same way, however, such

examples can also represent premises, especially if suggestions for improvement have been

written by the evaluator.

German example:
”
[Du hast gute IT-Kenntnisse als USP aufgeführt]. Ich glaube nicht,

dass [gute IT-Kenntnisse ein USP sind]. [Du solltest die IT-Kenntnisse in der SWOT-

Analyse unter Stärken aufführen].“

German example:
”
[Ich verstehe nicht, was du mit Steuerung und Modifizierung der App

meinst]. [Ich empfehle dir genauer zu beschreiben, was du mit Steuerung und Modi-

fizierung der App meinst].“

German example:
”
[Was ist mit den Kosten für deine Entwickler?]. [Du solltest die
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Kosten für Entwickler auf jeden Fall mit in deine Kostenaufstellung mit reinnehmen].“

These examples illustrate that the argument components previously annotated as opinions

are now supported by the subsequent improvement proposals and should be annotated as

premises.

A.1.3.6 Grammar rule

Sentences that are constructed like bullet points, in which grammatically important words

are omitted but still represent a clear statement or premise, should be treated as if those

words were present. This occurs frequently in reviews when examples are given. Like-

wise, sentences that are grammatically incorrect should be annotated as argumentative.

Statements or premises that are split into several sentences and only together make a

meaningful argument component are annotated as one argument component.

German example:
”
[Klar verständliches Geschäftsmodell].“

German example:
”
[Es gibt extra ein BMC für Two-Sided Markets, das halte ich aber für

unübersichtlich unnötig].“

In the first example, the subject and predicate are missing. Correctly, this sentence should

read as follows: This is a clearly understandable business model. The context is clearly un-

derstandable despite the missing subject and predicate. Therefore, this statement should

be annotated as an argument component. In the second example, the context becomes

clearer if you formulate the sentence grammatically correctly as follows: [I consider the

extra BMC for Two-Sided Markets to be confusing and unnecessary]. The statement is

thus unambiguous and the argument component is annotated.

A.1.3.7 Chapter name rule

In reviews, opinions may be divided by chapter and misinterpreted without the chapter

name. Chapter names can be relevant to the context of an argument component and

should be annotated with in such cases.

German example:
”
[Revenue Streams Die sind gut beschrieben].“

German example: Value Proposition Ich finde [die Value Proposition ist umfassend und

ausführlich beschrieben].
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The first example shows that the chapter name is relevant to the context of the statement

and should therefore be annotated. In the second example, on the other hand, the chapter

name is not relevant to the context of the statement and should therefore not be included

in the annotation.

A.1.4 Annotation of opinions and premises in reviews

A statement in the context of this work is directly related to the overall criteria of how

the review should be written by the students. These criteria are that in each case the

strengths and weaknesses should be highlighted to the work to be evaluated, as well as

suggestions for improvement should be attached. That is, a statement always suggests a

strength, weakness, or suggestion for improvement. Thus, one should always be able to

formulate the following: A strength is that [opinion], A weakness is that [opinion] and a

suggestion for improvement is that [opinion].

German example: Eine Stärke ist, dass
”
[du dein Geschäftsmodell sehr detailliert erläutert

hast].“

German example: Eine Schwäche ist, dass
”
[der Kundenprozess nicht genügend detailliert

beschrieben ist].“

German example: Ein Verbesserungsvorschlag ist, dass [du die IT-Kenntnisse in der

SWOT-Analyse unter Stärken aufführen solltest].“

Premises, on the other hand, are a reason why an argument component (an opinion or

other premise) is supported or attacked. That is, a premise represents a justification or

a refutation of an argument component in order to convince the reader of the truth or

falsity of an opinion or other premise.

German example:
”
[Es ist sehr schwierig eine solche Lösung zu vermarkten], da [sie viel

zu viele verschiedene Features hat]“

A.1.5 Argumentative relations

Argument components form a tree structure of an argument through relationships (Stab

and Gurevych, 2014a). An argument always contains a statement, which can be supported

or attacked by one or more premises. In turn, individual premises can also be supported

or attacked by a chain of other premises. ”Supported” can be replaced by ”attacked” at

any point. Likewise, the argumentation tree can be extended infinitely by other premises
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and relations.

A.2 Guideline for the Annotation of Argument Structure and

Quality in Business Pitches

A.2.1 Introduction

Argumentation is a ubiquitous basis of our daily communication and thinking. In general,

it is intended to increase or decrease acceptance of a controversial point of view (Eemeren

et al., 1996). Logical, structured arguments are a necessary prerequisite for persuasive

conversations, general decisions, and drawing accepted conclusions (Kuhn 1992). Based

on Aristotle’s studies, the ability to formulate persuasive arguments is recognized as the

basis for convincing an audience of new ideas; it plays an important role in strategic

decision making and the analysis of different points of view.

Argumentation mining is an interdisciplinary research area from computational linguistics

that involves the creation of argumentation models and automated methods for identify-

ing arguments in written texts. These models not only provide novel opportunities for

educational applications such as intelligent writing support, but also open up new possibil-

ities for improving student argumentation through adaptive learning tools. However, an

important prerequisite for the development of Natural Language Processing (NLP) meth-

ods that can identify argument components and argumentative relations in written texts

is the availability of annotated corpora. However, current annotated argumentation cor-

pora are usually limited to certain domains, e.g., legal documents (Mochales and Moens,

2008), newspapers and court cases (Chris Reed Raquel Mochales Palau and Moens, 2008),

or online debates (Cabrio and Villata, 2012). In Educational Texts, there are currently

two annotated corpora of persuasive student essays by Stab and Gurevych (2014a) and

Stab and Gurevych (2017). However, these corpora are annotated in English and are not

derived from a specific teaching-learning scenario.

Because of this requirement and the complex structure of argumentative discourse, ”au-

tomatic recognition of arguments has been little studied until 2008” (Chris Reed Raquel

Mochales Palau and Moens, 2008). The goal of this work is to formulate a suitable guide-

line to help annotate the structure and quality of argumentation and its components in

persuasive business pitches.

A.2.1.1 Arguments in a Nutshell
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An argument consists of several statements. In its simplest form, it contains an statem-

ment/claim supported by at least one premise (Toulmin, 2003). The claim represents a

controversial statement with which the author attempts to persuade the reader. This usu-

ally represents a suggestion or assumption and should not be accepted by the reader with-

out additional support. The characteristic feature distinguishes arguments from state-

ments in which the conclusion is a true non-controversial statement (e.g., an event that

occurred in the past). The second component of an argument, the premise supports the

plausibility of the claim. This is usually added by the proponent (writer) to convince the

reader of the claim.

Considering the simplest form of an argument, a premise can be seen as a justification for

the claim, while more complex argument structures can also contain premises that aim to

refute a claim. These more complex structures are basically graphs that connect premises

and claims through different relationships.

Even such a simple form of an argument can be expressed in many different ways in

written text.

In the further course of this guideline, a sound basis for the annotation of arguments in

business pitches will be created using definitions, rules and concrete examples. The next

chapter takes a closer look at business pitches as a form of argumentation and discusses

their special features and structure. This is followed by the annotation process.

A.2.1.2 Persuasive Business Pitches

This annotation guideline is built based on a dataset of persuasive business pitches. These

pitches usually have a certain structure, which is briefly explained in this section. Typi-

cally, a pitch begins with an introduction that includes a brief description of the business

idea. This basic business idea is referred to below as the Major Claim.

The actual arguments that either support (support) or attack (attack/challenge) the ma-

jor claim are presented after the introduction or after the major claim. At the end of the

Business Pitch, there can be a summary of the supporting arguments (claims/premises), a

reiteration of the business idea (major claim), or a concluding statement. The annotation

structure follows a tree structure. The root node of the tree is the Major Claim, which

mostly occurs in the Introduction. The Major Claim is supported by Claims, and the

individual Claims are in turn supported by Premises.

Premises can either support (support) or attack (attack/challenge) claims. In Example 4,
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both Claim 1 and Claim 2 are supported by premises. The premise supporting claim 1 is

additionally supported by another premise. After describing the argumentation structure,

the next section gives a brief overview of the annotation process and then describes each

annotation step individually in the following sections.

A.2.1.3 Annotation process

The previous sections described in detail the argumentation structures that will be an-

notated in this study. For the annotation of these structures, the six-step process will be

clearly presented in the following.

1. Reading the entire Business Pitch and then annotating the Major Claims:

In the first step, the Business Pitch is read in its entirety so that an initial understanding

of the business model is given. Then the major claim, i.e. the business idea, should be

annotated. This is usually found at the beginning or end of the text. Concrete examples

of this are explained later in this guideline.

2. Annotation of the claims:

In the second step, we reread the text, marking each claim as the central component of

an argument that either supports or attacks the Major Claim. A claim can thus be seen

as a reason or assertion for the Major Claim.

3. Annotation of the premises:

In the third step, the premises for the claims are annotated. These are the reasons given by

the author for supporting or attacking the claim. A premise can be a statistic, intuition,

invented instance, analogy, or statement.

4. Annotation of argumentative relations of the argumentation components

The fourth step involves the annotation of the argumentative relations of claims and

premises. Here we annotate the support and attack (support or challenge) relations that

exist between argument components to identify the structure of the arguments. 5.

Annotate the quality of the argumentation components

In the fifth step, the quality of the argumentation components is evaluated by ranking

major claims, claims and premises on the basis of various dimensions. The most important

dimensions are specificity and evidence. Specificity refers to the limited scope of a claim.

Evidence describes how well the supporting components describe the component to be
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supported. After all argumentation components have been evaluated according to the

present scheme, the persuasiveness can be assessed. The persuasiveness is derived from

the scores of the individual dimensions. If a major claim, a claim or a premise has low

scores in specificity and evidence (strength of evidence), the persuasiveness is to be rated

as low. If individual dimensions have higher scores and individual dimensions have lower

scores, the persuasiveness is to be rated as neutral or medium. If all dimensions have a

high score, the argumentation component has a high persuasiveness (score).

6. Annotation of the overall quality of the business pitch

After the quality of the individual argumentation components has been evaluated, the

overall quality of a pitch will finally be assessed. The strength, clarity and generation of

interest are evaluated in turn (cf. Tables 9, 10, 11). The procedure is similar to that for

the argumentation components, except that in this case the argumentation is evaluated

as a whole.

A.2.2 Argument components

An argument consists of several statements. In its simplest form, it contains a statement

(claim) supported by a single premise (premise) (Toulmin, 2003). The statement repre-

sents a controversial proposition that the author is trying to convince the reader of. It

is usually a proposition or assumption and should not be accepted by the reader without

additional support(Stab and Gurevych, 2014a). In this context, premises can not only

support an opinion, but also attack it, which is used as a stylistic device or can also

illustrate uncertainty in the argument. The simplest form could be as follows:

The argument components of an annotation in business pitches consist of three argument

components. First is the Major Claim (MC), which is the main statement of the pitch that

reflects the fundamental idea of the business model (Carlile et al., 2018). The following

statement shows an example of a Major Claim:

”The new platform WeMatch connects users via existing dating apps (partners/ co-operations)

with potential locations for a first meeting.”

The major claim thus briefly presents the basic idea in one sentence. The argument can

follow one of three strategies, ethos (appeals to the author’s credibility, pathos (appeals

to the reader’s emotions), and logos (author uses facts and evidence). The idea can be

supported by one of the three strategies. The three strategies can be applied to both

Major Claims and Claims. 1st example Major Claim (MC): Basic idea (main message).
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Idea 1: The presented platform - Lokker - will serve to link the demand for storage space

with owners of vacant commercial space.

Idea 2: Wouldn’t it be great if you could order photos directly from your cell phone and

surprise your beloved wife or good friends with great pictures for Christmas? FOS makes

it possible.

Idea 3: The ”Grillsational App”, based on an interactive platform where you can interact

with the local grilling community - not only individuals but also businesses.

The second argument component is a claim, in the form of a controversial statement that

readers should not accept without additional support (Carlile et al., 2018). To be able to

convince the reader of the statements regarding the idea, premises are used. Premises are

moving reasons to convince the reader of the idea. Premises can take two different forms,

support or challenge. The support supports a claim or major claim.

”Around a thousand square meters of commercial space has been vacant since the new

building was built in 2016, which could bring in rental income of 200,000CHF annually.”

This example would support the claim or major claim (idea 1). In addition to support

premises, challenges can also be used in a pitch to draw attention to challenges relating

to the idea. This is not considered a disadvantage, but a positive criterion. To make

premises easier to spot there are some signal words that can be looked at. These include

words such as ”therefore”, ”therefore”, ”by”, ”thereby”, ”since”, ”because”, ”in order to”,

”so”, ”so that”, ”whereby”. The words are mostly adverbs and can indicate premises,

but are not a guarantee of premises and must be carefully examined in certain situations.

2. example claim (C): controversial statements that should not be accepted by readers

without additional support.

3. example premise (P): reasons to convince the listener (reader) of the idea consists of

two components challenge and support.

3.1 Support: one reasoning component supporting another one

3.2 Challenge: an argumentation component that shows challenges

Premises can be of different types, for example, statistics, explanation, description, in-

vented instance, or analogies (Carlile et al., 2018). For example, a statistic is,

”In this regard, MyCareerCoach benefits from strong recurring demand, as more than

400,000 students in Germany are considered for higher education each year. “ Examples

of premise types:
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instance: This means that environmentally harmful microplastics no longer enter the

waterways. And plastic waste from packaging can be reduced to a minimum.

Analogy: Product tests such as those by K-Tipp are only a snapshot, while blog posts

in turn only reflect the opinions of individual people.

Explanation: This prevents the network from placing a lot of advertising. At the same

time, the payment barrier serves as a filter and quality control for members.

Description: Services can all be booked and paid for simultaneously and centrally.

User-centric example: when planning a special movie night, the customer can purchase

additional services and products to go with the selected movie.

A.2.3 Relationships of argumentation components

Argument components form the tree structure of an argument through relationships (Stab

and Gurevych, 2017). An argument always contains a statement, which can be supported

or attacked by one or more premises. In turn, individual premises can also be supported

or attacked (challenged) by a chain of other premises. Each argument can thus consist

of 3-4 levels. The first level is the Major Claim, which contains the main statement. In

the second level there is a claim (assertion), which supports the first level. Premises form

the second level, premises can include for example statistics, definitions or real examples.

At the fourth level, there may be additional premises that provide additional support for

level 3 (Carlile et al., 2018).

Having explained the tree structure in principle, we link the argument components with

argumentative relations to build the tree structure of each argument. An argumentative

relationship is a directed link between two argument components with a specific source

and target component. Such a relationship indicates either that the source component is a

support (support relationship) or an attack/challenge (attack relationship/challenge) for

the target component (Stab and Gurevych, 2017). However, in this Guideline we assume

that there will not be a classic Attack, since the students will not refute their own ideas in

a short business pitch. Therefore, in this Guideline, we view the attack as a challenge, i.e.,

an indication of future challenges that might be related to the project or idea. Basically,

each initial component of an argumentative relation represents a premise. By annotating

argumentative relationships, we identify for each premise the goal to which it belongs

and recognize whether the premise supports (Support) or attacks (Attack/Challenge) the

goal. Note that the target can always be a claim or another premise. For the claims and

the premises, the argument structure is built as follows (Stab and Gurevych, 2017).
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Steps: 1. choose a claim 2. link each premise to the claim it supports (Support) or attacks

(Attack / Challenge).

Following this process ensures that the argument structure is a tree and that each premise

is associated with exactly one argument component (either Claim or Premise). Note also

that in some cases the support (or attack/challenge) of a single premise may be weak and

not obvious. However, when it is combined with another premise, the persuasive power

can become stronger. This happens, for example, when the author uses a specific event

or example to justify or refute a point of view. Therefore, it may sometimes be necessary

to consider premises in combination to identify the proper target of each premise. In the

next sections, the annotation of support and attack relationships is explained in detail

using several examples(Stab and Gurevych, 2017).

A.2.3.1 Annotation of support relationships (Support)

A support relationship (support) between two argument components indicates that the

source component provides a reason or justification for the target relationship. In the

following examples, the claim is underlined, the premise is underlined in waves, and the

argument components are enumerated by quotation marks. Consider the following simple

example:

Simple example: ”[Until now, it has been difficult for Swiss companies to rent out their

storage space]1 because [this involves a great deal of effort (legal, administrative, time)]”.

In this example, there are only two argument components, the first of which occurs as

a claim and the second as a premise. The indicator ”because” signals that the second

component is a justification for the first component. Therefore, the second argumentation

component is linked to the first one via a support relation (Support).

A.2.4 Rules for annotation of argumentation components

Argument components do not necessarily cover a complete sentence, because often a

sentence can also consist of several argument components, which are annotated separately.

For example, a sentence may consist of a statement and one or more premises. Likewise,

a sentence can begin with so-called phrases such as ”In my opinion...”. These are not

relevant to the content of the argument component, as long as the rest still makes a

complete sentence. The following rules should clarify this.
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A.2.4.1 Completeness rule

An argument component should always include a point of view, which can also be a com-

plete sentence. In English, one can check whether an annotated component represents a

complete position by placing the clause ”It is true that, *claim*” in front of the state-

ment and the sentence still remains grammatically correct. If this is satisfied, then the

annotation is correct according to the completeness rule (Stab and Gurevych, 2017).

For the example of business pitches, this rule cannot be applied one-to-one, since the

German sentence structure is different and the formulations are also different. Thus, as

soon as the sentence part ”It is true that *opinion*” is placed in front of the statement, the

sentence structure of the statement must be changed so that it still remains grammatically

correct.

Rule: If ”It is true that” can be placed before the argument component and the sentence

structure of the argument component can be rearranged with the same words in such a way

that the sentence remains grammatically correct, then the annotation is fulfilled according

to the completeness rule.

Example: Buying and changing tires is an unpleasant activity. It consumes time and

money and does little in terms of convenience. It is true that buying and changing tires

is an unpleasant activity. It is true that it consumes time and money and can do little in

terms of convenience.

A.2.4.2 Relevance rule

Rule: All relevant words must be included in the argument component. This means

that all subordinate clauses relevant to the content must be included in the annotated

component. Temporal information such as ”in the past”, ”recently” or ”nowadays”, which

can be at the beginning of a sentence, must also be included in the annotated component,

otherwise the content cannot be understood (Stab and Gurevych, 2017).

Example: Nowadays, there are more singles with a disproportionately high income and

women or mothers who have a part-time job. Accordingly, the old role model of man and

woman is considered outdated.

A.2.4.3 Shell language rule
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In English, shell language has no relevance to the context of an argument component, since

the component is nevertheless grammatically correct and thus irrelevant to it. Examples

of shell words include : ”For example,”, ”According to the previous fact,”, ”As can be

seen”, ”Another important point which contributes to my argument is that”, ”In this

context”, ”because”, ”though”, ”in my view”, ”i think”, ”also”, ”furthermore”,.... In the

exceptional case that shell words are relevant to the context of an argument component,

they should be included in the component. Examples are: ”I do not agree that”, ”I

disagree with the view that”, ”i don‘t think”, ”i do not believe”, ... (Stab and Gurevych,

2017).

In business pitches, this rule also cannot be adopted completely in every case. After

shell words, the argument component is not always grammatically correct unless another

word like ”it” is added. Translating the English shell words into German results in the

following examples of shell words: ”For example”, ”According to the previous fact”,

”As you can see”, ”Another important point which supports my argument is that”, ”In

the context”, ”because”, ”since”, ”however”, ”nevertheless”, ”In my opinion”, ”I think”,

”also”, ”Furthermore”, etc.

Example: Furthermore, [cooking diaries can be shared between friends via the WMF app].

The argument component makes no grammatical sense as a stand-alone sentence like this

without adding the word ”it”. The argument component is grammatically correct as

follows:

Furthermore, [Cooking diaries can be shared between friends via the WMF app].

One can reformulate the sentence as follows after the completeness rule in such a way that

the grammar remains correct. I.e. here shell word ”des Weiteren” should be integrated

with the argumentation component.

Rule: If an argumentation component can be rearranged according to the completeness

rule and the context of the component is not changed by this, shell words or phrases

should not be included in the annotation. If the context of the argument component is

changed by omitting shell words, they should be included in the annotation. Additionally,

shell words in English, as well as in German, serve as indicators for identifying argument

components.

A.2.4.4 Separation rule

Rule: A sentence may be fully annotated only if the corresponding sentence does not
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contain conclusion and shell words between different opinions. That is, a sentence may

not be split into two argument components if there are several complete opinions. Only if

one opinion is the reason for another opinion, the sentence may be split into two or more

argumentation components.

It is important that sentences containing multiple opinions are not separated if they are

connected by words such as ”and”, ”or”, and bullets, and do not contain an intervening

conclusion. This can occur when one sentence contains multiple reasons for an opinion

from another sentence. In this case, the various reasons (premises) from one sentence

must be annotated as a single argument component. This also applies to conditional

sentences, which contain a condition under which something occurs (Stab and Gurevych,

2017). An indicator of such sentences are words like ”if”, or ”in that”. The subordinate

clause formulates the condition that must be met in order for the consequence stated in

the main clause to be realized.

If this brand has a sale, the desired garment will be automatically displayed and, if desired,

delivered to your home.

P1: the desired garment will be displayed automatically AND P2: delivered to your home

if desired.

In this example, the argument component contains two premises: These are connected by

the word ”and”. Here, these two premises should be combined into one argumentation

component.

A.2.4.5 Punctuation rule

Rule: Punctuation marks that appear at the end of an argument component must not be

included in the annotation (Stab and Gurevych, 2017).

Example: [Everyone knows the problem: You have arranged to have dinner with friends,

but you have no idea what to cook. In addition, one friend has an allergy to nuts and the

other colleague is a vegetarian].

A.2.4.6 Grammar rule

Sentences that are structured like bullet points, in which grammatically important words

are omitted but still represent a clear statement or premise, should be treated as if these
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words were present. Likewise, sentences that are grammatically incorrect should be an-

notated as argument components. Statements or premises that are split into several

sentences and only together make a meaningful argument component are annotated as

one argument component.

A.2.5 Quality of argumentation components

A.2.5.1 Step 1: Evaluation of the individual arguments and the levels

In the following, the quality of the argumentation components will be evaluated. The

aim is to determine the persuasiveness of the individual argumentation components in an

business pitch. The individual components (levels) are to be evaluated using the following

tables, followed in the second part by an evaluation of the overall impression of the pitch.

The persuasiveness of the arguments is composed of three attributes. The component

types (Major Claims, Claims, and Premises) refer to the attributes of Specificity, Evi-

dence (strength of evidence), and Strength. Specificity refers to the limited nature of a

Major Claim. More specific Major Claims are more credible because they indicate the

author’s confidence and depth of knowledge about a topic. Evidence describes how well

the supporting components describe the component being supported (Carlile et al., 2018).

The attributes are each given their own score.

Specificity indicates how detailed and specific an argument component is, i.e., how charac-

teristic or indicative the Major Claim is. Major Claims that are specific are more credible

because they indicate the author’s confidence and deep knowledge of a topic. The state-

ment of a claim can be neutral, only the supporting evidence (premises) evaluate and

then lead to the credibility of the claim (Carlile et al., 2018).

The aim is to evaluate how well an individual statement contributes to persuasiveness.

Only premises and their influence on the claims are evaluated. The premise type takes on

one of the following: User-centered example, explanation, description, invented instance,

analogy, or statistic (see Carlile et al. (2018), p. 625-626). A user-centered example de-

scribes a typical single instance that is used as an explanation to help the user understand

usability. The explanation attempts to make the claim understandable through logical

and causal relationships. When annotating, the question should be why something is

done or should be done this way, so it is about context. Questions might be ”Why do

I need something?” or ”Why does something need to be done this way?”. In contrast,

description serves to convey a concrete or abstract object, state, context or circumstance

to a person by linguistic means in such a way that the addressee gains a precise idea of
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it. Thus, in contrast to explanation, it is a matter of mere description. When annotating,

the question should be asked ”How does something look like” or ”How should something

be done”. The premise is called an invented instance when it describes a hypothetical

situation. An analogy attempts to explain a claim by explaining known, similar, or par-

tially identical circumstances. In simple terms, an analogy looks at an explanation from

a different angle. With the use of statistics, numbers and data are used to justify a claim.

A.2.5.2 Step 2: Evaluation of the entire pitch

After the individual arguments and their components have been evaluated, the entire pitch

is now to be subjected to an evaluation. The strength, clarity, and interest generation are

to be evaluated. The strength of the pitch score indicates how well the idea is argued. The

following score is relatively subjective compared to the scores of the first step. Therefore,

they are only meant to complete the evaluation of the pitch.
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