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Helps Students Learn from their Mistakes and Write Better Arguments. Proc. ACM Hum.-Comput. Interact. 9, 2,
Article CSCW125 (April 2025), 32 pages. https://doi.org/10.1145/3711023

1 INTRODUCTION

With the progress toward more distributed ways of working, the importance of organizations being
able to support, adapt, and innovate collaborative working environments is steadily growing [97].
Among other factors, such environments usually reward continuous learning, actively support
the learning efforts of the individuals working in organizations, and enable them to meet the
missions of the organization together [37]. As a result and due to the rise in the usage of artificial
intelligence (AI)-supported working environments among individuals worldwide, the field of
computer-supported cooperative work (CSCW) has centered around novel and effective ways
of supporting and instructing users with regards to the ever-changing landscape of working
environments (e.g., research ranging from more established works [19, 116] up to recent research
considering the role of Al in CSCW [61, 64, 153]). Specifically, in collaborative work environments,
interdisciplinary and creative tasks are becoming more relevant and demand higher-order thinking
skills such as critical reasoning and problem-solving skills [131]. This shift of skills is a result of
an ever-increasing amount of readily available data, entailing a shift in educational institutions,
which need to equip learners with the necessary skill set for a future career and thus have to adapt
their teaching methods and learning material. One subclass of higher-order thinking skills is the
skill of arguing in a structured way; argumentation is considered a ‘powerful vehicle’ to persuade
audiences [108]. A well-written argumentation can be used to reach a shared understanding and
good argumentative skills are also conducive to critical thinking and creating an argumentation
that helps to acquire knowledge about a topic [108]. Although studies have shown that basic skill
levels of argumentation are acquired at a very young age early [26, 83], the development of these
skills is closely tied to the educational level [62]. Academic achievements are often closely linked
to students’ interactions with the teacher and the feedback the students receive [2]. However, the
settings in traditional classrooms are challenging, as teachers do not have the resources to focus on
individual students. While argumentation feedback has been shown to be successful in helping
students in a variety of levels to write higher-quality argumentative texts [65, 68, 93, 129], providing
personalized argumentative writing feedback by instructors at scale to the students is infeasible,
especially in large-scale classrooms and educational curricula [59].

Computer-based intelligent and interactive writing assistants can mitigate this issue by helping
in the process of providing feedback at scale to multiple users at the same time [71]. Thus, to support
teachers and reduce their workload, recent research in the fields of education and CSCW utilizes
natural language processing (NLP) by providing intelligent and adaptive feedback [43, 136, 151].
With modern ML and NLP methods [149] (including text classification [23] or text generation
[14]), there is the possibility to implement adaptive learning tools that support learners in their
individual learning paths while decreasing the load on teachers. Current digital learning approaches
mainly analyze argumentative texts based on the overall structure and number of arguments and
support students with adaptive feedback [39, 43]. Research has shown that addressing learner
errors can be an effective learning method and be beneficial to learners, as engaging with errors
encourages active learning [85, 106]. Learner errors need to be followed by corrective feedback
which provides a corresponding explanation of the error and solution to be effective [95], as
otherwise, presenting learners with their errors can lead to frustration, decreased motivation, and
lower learning outcomes [112]. However, past research lacks studies that investigate the potential
of learning from argumentation errors [93, 107].

Our work thus addresses the lack of the use of learner errors in argumentative learning tools. In
this research, we develop our design requirements and provide design principles for a collaborative
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and cooperative digital learning tool called ALure (Argumentation Learning through Failure) that
supports learners in their individual learning journey to improve their argumentation skills. We
aim to create a learning environment that uses and adapts to learner errors. Thus, we formulate
our research question (RQ) as follows:

How can we design a digital learning tool based on the paradigm of learning from errors to
effectively train students’ argumentation skills?

To achieve this goal and answer our RQ, we develop our tool as a user-centric web application. We
design two versions of our application with the learning from errors paradigm in mind, identifying
the student errors in different ways. The first version (ALure A) runs a fine-tuned BERT model
using text classification based on a novel corpora we compile. This version finds the argumentative
errors in the student-written text using the fine-tuned classifier and highlights the errors in the text
area. The second version (ALure B) works with the GPT-3.5 model using the text generation method.
This version includes prompts sent to GPT-3.5 that incorporate information regarding the learning
from errors paradigm, reflecting the errors made by the students in the generated responses!. To the
best of our knowledge, ALure is the first web-based intelligent argumentative writing assistant that
uses two interfaces with support for both modalities of text classification (using BERT) and text
generation (using GPT), allowing us to compare the effects of the two modalities among students
with the same general user interaction and interface.

To evaluate how our tool helps students in learning argumentation skills, we test it in a large-scale
lecture in a Western European university with 305 students. We measure the argumentation skills
of the students before and after using ALure using the standardized test provided by Berkle et al. [8].
We compare the two versions of ALure with a control group that receives standard instructional
videos also used in the previous course offerings to learn argumentation from, instead of using any
intelligent writing assistant with feedback.

The results of our evaluation show a learning gain for all three groups, i.e., increased scores
for both argument structure and fallacies® in our post-test compared to our pre-test, showing
the effectiveness of the learning from errors paradigm in argumentative writing. Specifically, in
argument structure, ALure B had the most learning gain, followed closely by video instructions, and
with ALure A at the third position. In fallacies, both ALure B and ALure A led to the most learning
gain in order, leaving video instructions at a distant third place with even a slight decrease in test
scores. We also find a significant difference in results for ALure B from the pre-test to the post-test.

We contribute to the writing assistants literature and complement the previous CSCW research
works on argumentation and persuasive writing support [136, 150, 152] by A) design insights
and principles for implementing Al-based models for argumentative writing education using the
learning from errors paradigm, and B) comparing a generative model (usable out-of-the-box but
uncontrollable and prone to hallucination) versus integrating the predictions of a small model
(controllable with a set of pre-defined outputs but with relatively lower performance and need for
data annotation) into our user interface. Our work sheds light on the similarities and differences
of using text generation and text classification NLP modalities when embedded in argumentation
learning writing assistants, as well as on the effects of cooperative and collaborative intelligent
writing assistants on argumentation learning designed and implemented using the learning from
errors paradigm. As a result, our work has the potential to shape the general direction for future

For the GPT group, we did not develop or fine-tune our custom generative large language model (and rather used GPT
with prompt engineering).

2We define fallacies as issues often found in student argumentative texts, namely overgeneralization, circular fallacies,
logical fallacies, and passages with low relevance. For more details, see Section 2.1.
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CSCW research in the domain of helping future employees in their argumentative skills, readying
them for the ever-changing collaborative work environments.

2 RELATED WORKS AND THEORETICAL BACKGROUND

Our work was inspired by the previous works on argumentation learning and related background
theories underpinning our study, as well as intelligent writing assistants, especially those that help
learners to improve their argumentation skills.

2.1 Argumentation Learning and Fallacies

The organizations worldwide are moving towards distributed working methods, necessitating
collaborative working environments in which learners are actively supported to reach organizational
goals together [37, 97]. The creative tasks in such environments necessitate educational programs
to provide learners with a set of relevant skills for their future careers, with a focus on critical
reasoning and higher-order thinking.

As a concrete necessary skill to possess, the task of argumentation is considered useful not
only for persuasive purposes, but also as a mechanism to ’achieve goals, clarify a doubt, decide,
solve a conflict, amplify knowledge, etc’ [101]. Training argumentative skills implicitly involves
the training of other skills such as acquiring basic knowledge about a topic, critical reasoning,
and problem-solving [108]. The latter two are considered higher-order thinking skills, which
are considered to require higher amounts of cognitive processing and are thus more complex to
teach and learn than basic knowledge skills [6]. Argumentative skills are thus important in both
the work environment as well as for training a wide range of other skills. Therefore, improving
the argumentation skills of students is an essential but challenging factor in education. To train
argumentation skills, the subsequent sketched pedagogical body of literature provides promising
entry points.

Argumentation theory (i.e., the study of argumentation) has been applied in a variety of fields,
such as pedagogy or machine learning [18, 109]. Consequently, there are many existing argumen-
tation models, but in the scope of this paper, only monological models, where a single person
constructs arguments and draws conclusions [9], are of interest, as digital argumentative learning
tools typically focus on monological arguments (for exceptions, see Latifi et al. [67]). The overall
structure of arguments consists of claims and premises, where claims represent debatable opinions
and positions that are supported or attacked by premises [96, 128, 133].

A well-written argumentation follows the formal structure of (simplified) theoretical models and
is also characterized in the sense that it does not contain argumentative fallacies, as they weaken
an argument or can even lead to incorrect statements [130]. It is important to note that there is an
ongoing debate about argumentative fallacies in the literature [100, 130] and there is currently no
consensus on how to define fallacies and on the exact terminology. For the sake of simplicity, we
define fallacies as the four fallacy types often found in student texts and covered by Berkle et al.
[8], including 1) overgeneralization [7, 53], 2) circular fallacies [41, 102], 3) logical fallacies [15, 80],
and 4) low relevance [22, 49, 134]. The first three types of fallacies are structural and violate the
internal consistency of fallacies [89], while low relevance is a fallacy with regard to the content of
an argument. Overgeneralizations use one specific example to draw general conclusions and are thus
invalid, e.g. ‘My last paper got rejected, so this one will certainly be rejected too. In circularities, the
premise repeats the same statement the claim has made, without providing additional information,
e.g. ‘Smoking is unhealthy (claim), as it is harmful (premise). Logical fallacies violate rules of formal
logic, such as the following: ‘All cats have four legs. Rex has four legs, so Rex must be a cat’
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2.2 The Paradigm of Learning From Errors

With the rising importance of learning tools to be used in educational environments, researchers
have covered a set of variations in learning tools to support students more effectively. Specifically,
Metcalfe [85] has explained the paradigm of learning from errors in learning sciences, stating that
“errorful learning followed by corrective feedback” (see page 1) can be useful and beneficial for
learners. Historically, making errors has been considered partly detrimental to the ongoing learning
process [3, 5, 115]. However, more recent works in HCI and CSCW show promising results in
allowing students to interactively practice and make errors, then providing corrective feedback, to
help them learn better compared to the traditional reading or video watching-based methods of
learning [69, 73, 85, 136, 147].

In particular, allowing learners to correct errors they make as a part of the learning from errors
paradigm leads to critical and constructive reasoning about the task they are undertaking. This
can improve their learning gains, as it encourages learning beyond pure knowledge acquisition
and in a hands-on practice session [85]. Highlighting mistakes has the potential to reduce learners’
uncertainty and provide them with strategies on how to improve their skills and correct their
mistakes in the future [85]. More specifically, the learning from errors paradigm is connected
with the cognitive load theory [58, 124], which states that learners only have limited cognitive
resources that need to be addressed adequately. Thus, presenting large sets of reading material can
be detrimental to the learning progress of the students as management of cognitive load might
fail [50]. On the other hand, the learning from errors paradigm allows the students to practically
learn a task using a hands-on interactive session with less cognitive load than traditional learning
approaches, while receiving corrective feedback [85]; in other words, highlighting errors has the
possibility to guide the attention of the students and reduce their cognitive load.

In the learning from errors paradigm, the validity, relevancy, and usefulness of the corrective
feedback have an important role, in addition to merely identifying the learner errors. Previous
works have explored a variety of methods to help learners by providing feedback; for example,
Ellis [27] highlights the need for both positive and negative feedback to foster motivation for
continuing learning. As another example, the work of Bitchener et al. [10] compares a range of
methods for providing feedback in a language learning educational setting, and the work of Knight
et al. [59] explores providing automated formative feedback on the rhetorical moves in the student
writings. Researchers have also explored the best approaches to incorporate feedback in the design
of intelligent computer-based tools; for example, Weber et al. [147] classify feedback based on the
specific related legal construct in the students’ case solutions, or Shi et al. [111] show feedback to
the users in the form of hint recommendations for brainstorming, as well as writing refinements.

2.3 Technology-Enhanced Systems for Argumentation Skill Development

Pedagogical strategies for argumentation instruction face significant hurdles. Jonassen and Kim
[54] indicate three primary obstacles: (i) deficient pedagogical proficiency among teachers to
cultivate argumentation, (ii) limited instructional time due to curricular demands, and (iii) learners’
inadequate prior knowledge. As a result, several scholars advocate for prioritizing argumentation
skills within formal educational frameworks [25, 63]. Usually, students acquire argumentation
abilities through peer or educator interactions, but this approach often lacks individualized guidance.
Sustained feedback and personalized instruction are essential for argumentation training to be
effective [44, 132].

Due to the increasing use of computer-based tools among working individuals globally, the
literature on CSCW has covered exploring effective and useful methods to support users in the
evolving landscape of working environments [19, 116]. As a result, interdisciplinary researchers
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from educational technology and specifically CSCW have explored how digital assistants can
mitigate these gaps and help with students’ argumentation learning [150]. Such technology-driven
systems offer multiple advantages including scalability, consistency, and greater accessibility
compared to traditional educational methods [107]. Researchers have investigated such assistants
across a wide range of domains, including law [99, 146], business reviews [140], and conversational
argumentation [138], among others. Specifically, previous works in CSCW have considered various
aspects of intelligent systems helping students with their argumentation. For example, the work of
Wambsganss et al. [136] showed an application of computer-supported tools for helping students
in an interactive setting in argumentative writing; they presented how students can be nudged by
argumentation evaluation based on their written text. As another example, a previous research [150]
covered the design of an interactive visual system which provided guidance on persuasive strategies
based on examples. Additionally, Yim et al. [152] explored the quality of student-written persuasive
texts in their study, comparing various synchronous collaboration styles in their research.

In particular, CSCW research has regularly discussed the topic of computer-supported collab-
orative learning (CSCL) [16, 47], which is a field concerning how computer-based technologies
can support students in their learning process [24]. Previous works in CSCW and CSCL [107, 140]
specify different types of intelligent systems for argumentation learning: discussion scripting ap-
proaches which supply learners with predefined argumentative components based on the script
theory of guidance [31, 107], thereby facilitating structured dialogues; representational guidance
approaches in which learners are aided by visual depictions of their argumentative frameworks,
aimed at enhancing individual reasoning, collaboration, and learning outcomes [91, 99]; and adap-
tive support approaches including systems delivering customized pedagogical feedback, as well as
offering suggestions and guidelines for refining argumentation [1, 118, 140]. However, most of these
learning tools are situated in domain-specific exercises. Especially for the adaptive systems, mostly
supervised modeling approaches have been used to provide students with individual feedback,
limited to one domain. In fact, research on domain-independent adaptive support for argumentation
learning is rather scarce. Also, to the best of our knowledge, we did not find many approaches that
compared large language models (LLMs) using prompting approaches versus text classification
models to provide students with adaptive feedback on their argumentative writing.

2.4 Intelligent Writing Assistants

In this research, we follow the definition from previous works [36, 71, 111] and define an intelligent
writing assistant as any software which supports learners, or more generally any user, in composing,
rewriting, or generating new ideas related to their writing task. An example of a writing assistant
is Jasper AI® which can help with generating written product descriptions or provide ideas for blog
posts. Another example is ProWritingAid* which provides style improvements, grammar checking,
and rephrasing. Other similar systems, such as Grammarly® and Linguix® are also considered
examples of writing assistants. Specifically, writing assistants have been among the common topics
in CSCW literature, with researchers exploring how writers can benefit and get support from
computer tools helping them in various writing phases [105, 110, 122].

The recent advances with Transformer-based models [149] have enabled a whole new diverse
set of writing assistants to be able to support users and learners in writing their texts. Previous
researchers, in particular, have explored how to leverage writing assistants to help users in their
writing, in the domains of stories [94], administrative texts [33], creative writing [123], lyrics [145],

Shttps://www.jasper.ai
“https://prowritingaid.com
Shttps://grammarly.com
®https://linguix.com
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legal case solutions [146, 147], emotional and emphatic writing [142], peer reviews [40, 90, 120],
procedural writing [84], and mental health [98], to name a few.

Writing assistants have also specifically been used in the domain of argumentation learning to
help learners. For example, Wambsganss et al. [140] found in their research that students using their
argumentation feedback system, AL, wrote more convincing text with better argumentation quality.
Previous works also show the effectiveness of their argumentation learning writing assistant in
the domain of English language learning [135]. Wambsganss and Niklaus [139] introduced an
argumentation annotation approach for student business model pitches and evaluated a writing
assistant based on classification models trained on their data in a real-world scenario. Afrin et al. [1]
have designed and evaluated an argumentation writing assistant that helps learners to recognize
their revisions of argumentative essays. Researchers have also explored embedding argumentation
learning writing assistants in conversational agents [138].

In particular, many prior approaches have utilized generative models (e.g., GPT) to provide user
support [71]. Such models come with several benefits, such as high zero-shot performance rooting
in their pretraining process [11, 60], natural and human-like responses [154], and easy deployment
to various downstream tasks without the need for separate human annotation processes [126].
However, they are known to come with issues including hallucinating and low controllability
over the range of possible outputs [51], limiting the relevance and usefulness of their responses in
educational scenarios. As a result, many works continue to also embed task-specific models, e.g.,
BERT for text classification, in their writing assistants [71]. However, previous works comparing
and contrasting both approaches (generative and task-specific models), specifically in the task of
argumentative writing, are rare in the literature.

Moreover, to the best of our knowledge, there is a lack of previous work on designing and
implementing argumentation learning writing assistants, based on the learning from errors paradigm,
as well as investigating how more recent NLP models (e.g., GPT) are able to be effective in teaching
argumentation skills to learners, compared to the classifier-based approaches with task-specific
models done in previous works [135, 139, 140]. While previous works have explored using GPT in
argumentation learning environments [121], the embedding of GPT in a writing assistant based on
our design requirements and the learning from errors paradigm, as well as evaluating the learning
gains of such system in comparison with the more traditional approach of classifier models, is rare
in the literature. Thus, we aim to investigate the possibilities and effects of a domain-independent
argumentation writing assistant helping students develop their argumentation skills.

3 DESIGN OF ALURE

In this research work, we build our intelligent writing assistant called ALure, which allows us to
provide learners with adaptive guidance in their individual argumentation learning progress and
to improve their argumentative skills, in light of the learning from errors paradigm. We specifically
consider our target group as students who are currently in training to become employees in work
environments later on as instructors. As a result, we consider designing for learners in the education
sector as our principle throughout the design and implementation process of ALure.

3.1 Design Requirements for ALure

To deduce design requirements for ALure, we use a two-fold approach: On the one hand, we derive
requirements from a comprehensive literature review, following the theory-driven approach as
defined by Briggs [13]. Following this approach, we believe that using corrective feedback and
the learning from errors paradigm in our writing assistant can enable students to improve their
argumentation skills. On the other hand, we conducted a learner-centered requirement analysis
using requirement analyses performed by a total of 43 business students (26 female and 17 male;
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average age = 21.02, SD = 1.30) attending an introductory course in business informatics at a Western
European university’. We asked the students to derive requirements for a digital argumentative
learning tool in terms of user, use, and utility principles [12]. We first described the study goal
to the students and asked them to provide opinions on their self-proclaimed requirements for an
argumentative writing assistant. They were asked to reflect and think about how such a tool would
fit in their educational curricula, how they can best make use of such a tool, what benefits the tool
can bring to them in their argumentation learning process, and what features the tool should have
to better satisfy their argumentation learning goal. We did not take the requirements from the
student responses as-is; in fact, we utilized this student input process as a form of “understanding
users” in terms of qualitative research [20]. In doing so, we followed previous works on designing
argumentation writing assistants [138, 140] that also derived part of the design requirements of
their systems from the students. Two learning sciences researchers among the authors of this
paper (one an expert in teaching argumentative writing, and the other both in argumentation
and in machine learning research) read the student responses carefully together in a workshop
and clustered them into user requirements using a semi-deductive® thematic analysis, fixing any
disagreements as they happened. They distilled seven requirements in total, provided in Table 1.

As seen in Table 1, R1 addresses the use of errors for different learning tactics (similar to what was
described in Section 2.2). First, the setting needs to provide the learner with the opportunity to make
mistakes. Building upon this, the learner should be allowed to make mistakes, which is translated
into R2. This is informed by Metcalfe [85], who mentions “if the goal is optimal performance in
high-stakes situations, it may be worthwhile to allow and even encourage students to commit and
correct errors in low-stakes learning situations, rather than assiduously avoiding errors at all costs.”
As a result, mistakes can also be used to dynamically provide the learner with adaptive strategies,
as a part of the general learning from errors paradigm. The next requirements, R3 and R4, address
the idea that providing the learner with adequate theoretical material about argumentation and
argumentative errors improves the student’s ability to adhere to desired learning paths. Also, R5
deals with the use of adaptive guidance to reduce the extraneous load on the learner. Requirements
analysis with student analyses revealed that learners are also aware of the risk of frustration when
working with their errors. These aspects thus focus on bringing attention to the positive aspects of
their argumentation. As this is in line with previous research on how to decrease frustration, we
draw one requirement from the qualitative data collection from students (R6).

Further analysis showed that learners wish to observe their learning progress. According to
research from cognitive load theory, an important factor in reducing extraneous overload is to
continuously present the learner with their learning goal and progress, as uncertainty about the
performance often leads to increased frustration in the learner and thus can negatively impact the
learning performance [112, 124]. Providing the learner with information about their progress, their
goal, and information on how to achieve this goal helps the learner to stay motivated and engaged
[32, 112]. Therefore, as this student requirement is in line with previous research, we formulate a
corresponding requirement (R7).

We specifically note that our extracted requirements are considered as standards in writing
support assistants, and have been mostly used previously to support learners (e.g., [147] for
learning from errors requirements, or [137, 143] for cognitive load theory requirements, among
others). However, we consider our work among the first to investigate how our requirements apply

7 All students provided consent for participating in our research.
8The researchers had the background work in mind (specifically, the research cited in Table 1), but were open to see student
responses not matching any specific previously-investigated work.
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Category Requirements Source

R1) The system should identify types of

Learning from .
argumentative errors.

Learner-inspired Design =

Errors R2) The tool should provide strategies on how to Learner-inspired Design
correct argumentative errors. Metcalfe [85]
Argumentation R3) The tool should give refe.rence points for good Shute [112]
argumentations.
Theory

R4) The tool should give background knowledge

M 8
about the anatomy of an argument. oreno [87]

R5) The tool should provide guidance on how to

Cognitive Load ;
resolve argumentative errors.

Sweller and Cooper [125]

Theory R6) The tool should give positive, encouraging L .
. Learner-inspired Design
guidance.
Learning R7) The system should track learner progress and | Learner-inspired Design
Progress visualize various elements of the learning progress. Shute [112]

Table 1. Our collected design requirements for ALure. * : By which, we mean the insights extracted from
students in the qualitative data collection process.

differently to our two different design and technical modalities of classification and generation
models, in the context of argumentative writing.

3.2 Interface Design of ALure

Based on our collected design requirements (see Table 1) and taking inspiration from the design
science research literature (e.g., [38]), we deduced design principles for ALure. Two researchers with
multiple years of expertise in designing user-centric systems for argumentation skills, who were
among the authors of this paper, critically investigated the design requirements and introduced
design principles by grouping them into five main themes, spanning across the four categories
of learning from errors, argumentation theory, cognitive load theory, and learning progress. Table 2
presents the formulated design principles with the corresponding requirements. Specifically, the
design principles in Table 2 were extracted as below:

o DP1 (Active Learning): Metcalfe [85] mentions the positive link between engagement with
errors and exploratory active learning. Other works also have investigated the role of learning
from errors in active learning of the students [73]. As a result, we formulated DP1 based
on the requirements R1 and R2 in the learning from errors category. This design principle
refers to supporting students with instruction to correct their errors, thus increasing their
argumentation quality.

DP2 (Argumentation Anatomy): This design principle, being based on requirements R3
and R4, refers to supporting learners by integrating explanations of argument anatomy
and fallacies (to see the full explanations we used, refer to the prompts in the appendix). It
has been classified into the argumentation theory category, in light of previous works on
argumentation theory advising users on how to follow the correct argumentation structures
(34, 35].

DP3 (Domain Knowledge): This design principle refers to the additional learning material
provided to the students (see the prompts in the appendix for the explanations we used in
our tool) and is based on requirements R3, R4, and R5. It has also been classified into the
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argumentation theory category, with regards to previous argumentation theory research
highlighting the positive role of additional learning material® [29, 42].

¢ DP4 (Ensure High Motivation): This design principle, based on requirement R6, mentions
highlighting not only the negative (e.g., errors) but also the positive (e.g., the identified
well-connected premises and claims) elements of the argumentative text written by the
learner. It has been classified into the cognitive load theory category, as previous works have
explored correlations between lower cognitive load and higher engagement and motivation
[28, 30, 82].

e DP5 (Learning Progress): This design principle, based on requirement R7, refers to providing
visual elements such that students can be supported in their learning progress. It has been
classified into a single-member category with the same name. Specifically, prior research
works have investigated the role of visual and/or multimedia elements in helping students
monitor learning progress [72, 112], serving as a motivation for formulating this design

principle.
Category Design Prin- | Description Addressed
ciple Require-
ments
Learning from | DP1: Active | To increase learners’ argumentation quality, sup- | R1, R2
Errors Learning port them with instruction on how to correct
argumentative errors.
Argumentation | DP2:  Argu- | To support learners in their understanding of a | R3, R4
Theory mentation high-quality argumentation, integrate explana-
Anatomy tions of an argument’s anatomy and any types
of argumentative fallacies.
DP3: Domain | To support learners in the understanding of | R3, R4, R5
Knowledge the relevant domain knowledge, provide further
learning material.
Cognitive Load | DP4: Ensure | To avoid frustration, highlight the positive ele- | R6
Theory High Motiva- | ments of the argumentative learner text.
tion
Learning DP5: Learn- | To support learners with guidance on their learn- | R7
Progress ing Progress | ing progress, provide visual elements for the
learning progress.

Table 2. Design principles for our intelligent argumentative learning tool ALure.

We implemented ALure based on the design principles extracted and presented above. Specifically,
we implemented two versions of ALure (see Figure 1 for two screenshots showing our two versions):

e ALure A: This version of ALure uses a BERT text classifier model in the back-end, finding
claims, premises, and argumentative fallacies regarding missing premises (the technical

“While this design principle is classified in the argumentation theory category, it also addresses requirement R5 which was
classified in the cognitive load theory category in Table 1. This is because while the guidance to resolve errors can help
students reduce their cognitive load, they can also be considered as part of the general framework of the guidance provided
to the user based on argumentation theory.
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Your Argumentation Your Dashboard Your Argumentation Your Dashboard

e st warien s, e vl tioger ]

ALure A using text classification models ALure B using text generation models

Fig. 1. The two different versions of ALure. ALure A works with our fine-tuned BERT classification models
in the back-end, color-coding the claims, premises, and errors in the input text. ALure B works with the
GPT-3.5 API provided by OpenAl along with our prompts, and supports learners by means of providing
holistic feedback on the input text in a textual form. The screenshots are translated from German to English
for presentation in this paper.

details are described in the subsequent sections). Based on the outputs of the classifier model,
we mark sentences as being a premise (green), a claim having a supporting premise (yellow),
or a claim without any supporting premise (red), based on DP4 and DP5. To satisfy the
requirements of the learning from errors paradigm, we also show a summary based on the
errors (red) identified in the text, as well as providing instructions (i.e., corrective feedback) to
correct argumentative errors (DP1), textual explanations (DP2), and further learning material
for the user (DP3). A screenshot of ALure A can be seen on the left side of Figure 1.

ALure B: This version of ALure uses a GPT-3.5 text generation model in the back-end, asking
GPT to provide feedback concerning our design principles (DP1, DP2, and DP4) as well as the
text provided by the learner in the tool (the technical details are described in the subsequent
sections). Due to GPT being a generative model, we do not color-code individual sentences
(DP5) in ALure B, but rather report the general feedback provided by the GPT-3.5 Application
Programming Interface (API) from OpenAl However, the principles of the learning from
errors paradigm are formulated in the prompt itself, causing GPT to respond with identified
errors in the student text, accompanied by corrective feedback. We include further learning
material as well (DP3), similar to ALure B. A screenshot of ALure B can be seen on the right
side of Figure 1.

Building on the insights from previous works mentioned in Section 2.4 and to find which types
of models can be useful in future argumentative writing assistants using the learning from errors
paradigm, we designed ALure in two versions to compare the performance and effectiveness of
BERT vs GPT (i.e., a fine-tuned task-specific smaller classifier versus a general domain-independent
text generation LLM). We specifically used BERT as the basis for our text classification model in
AlLure A, as 1) the model was lightweight enough to run on our available resources, 2) it was fast
enough to fine-tune on our data and iterate on the model, and 3) it has been used and shown to be
practical in many prior works on writing assistants (e.g., [111, 138, 147]).

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 2, Article CSCW125. Publication date: April 2025.



CSCW125:12 Neshaei et al.

3.3 Implementation of ALure

We implemented ALure as a web application, supported to be used on desktop browsers. We
implemented our front-end with React and our back-end with the Flask framework using Python
language.

3.3.1 AlLure A. To implement ALure A using the classification approach, we needed data to train
the models. Thus, we aimed to collect field data to train our models to classify premises, claims, and
their relation. The data for claims and premises allows us to identify the argumentative components
in students’ texts, while the relation data can allow us to identify missing relations and provide
them to the users in the lights of the learning from errors paradigm. The data was collected in
two subsequent educational semesters from 346 students (253 females, 86 males, 1 non-binary,
and 6 non-specified; average age = 23.31, SD = 2.77) in the fields of elementary school education
(141 students; 118 females, 19 males, and 4 non-specified; average age = 22.61, SD = 2.53), special
education (137 students; 102 females, 32 males, 1 non-binary, and 2 non-specified; average age =
23.70, SD = 2.67), and economics (68 students; 33 females and 35 males; average age = 23.99, SD =
3.14) at two Western European universities'?. The users had to discuss two positions of a debate
(given by means of scenarios) in a coherent text by means of pro and contra arguments in order
to finally decide on one of the two positions. In total, there were five such scenarios on different
topics: two educational topics, two on sustainability, and one on a topic related to economics.

Three individuals annotated the data, identified the premises and the claims, and also specified if
any given premise supports a claim in a premise-claim pair, using the Tagtog tool. The annotations
were based on a rigorous annotation guideline which we carefully defined. The guideline includes
detailed definitions and examples of claims, premises, and their relations, defining the underlying
schema, based on the work of Toulmin et al. [128] and following the guidelines provided by
Wambsganss et al. [141] as well as Stab and Gurevych [117] as the methodology for our annotation.
In total, after filtering all entries with less than five characters, our dataset included 5215 sentences:
2351 sentences were labeled as premise, 1871 as claim, and 993 as none. Each entry (i.e., sentence)
on average included 18.34 words (SD = 10.26), and 126.69 characters (SD = 71.17). Thus, the corpus
had a total of 95645 words and 660705 characters. For the premise-claim relations, the corpus
included 1480 non-related and 2062 related pairs.

To find the reliability of the annotations by the three annotators, we calculate Krippendorff’s
and Fleiss’ k on the annotations of the claims and premises, as well as the claim-premise relations.
Regarding the annotation of the claims and premises, we found a Krippendorff’s « of 0.77 and a
Fleiss’ k of 0.77 (suggesting a Substantial agreement). Regarding the annotation of the claim-premise
relations, we found a Krippendorft’s o of 0.40 and a Fleiss’ k of 0.39 (suggesting a Fair agreement)
[66]. While the agreements for the claim-premise relations are not high, they are generally in line
with values reported for relation annotation by other works in ML-based writing support assistants
(e.g., Fleiss’ k of 0.3979 for claim-premise relation annotation reported by Weber et al. [146]).

We then took the annotated data, pre-processed it using Spacy!!, and fine-tuned two BERT
models [23] based on the data using one epoch of training for each model. We used a warmup
ratio of 0.06, a maximum sequence length of 128, a batch size of 8, and a learning rate of 4e-5. The
descriptions of the two models are as follows:

e Premise or Claim Classifier: This is a three-class model which classifies any input sentence
as being a premise, claim, or none of them. We use the output of this model for both identifying

10We collected the data from a diverse set of sources to make it usable and beneficial for evaluating the potential of providing
feedback across a diverse set of distinct domains. In the current study, we only focus on one specific downstream task and
leave the rest for future work.

Uhttps://spacy.io
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and color-coding claims and premises in ALure A, as well as to provide them as inputs to the
next model.

e Premise-claim Relation Classifier: This is a two-class (binary) model that gets a claim and
a premise, classified using the previous model, as inputs and classifies if the premise supports
the claim or not. We use the output of this model in ALure A to find unsupported claims
and mark them in the interface with the red color. The red underlines in the text provide the
identified errors to the learners in the framework of the learning from errors paradigm.

The precision, recall, and F1 score / accuracy for each class in the two models are provided in
Table 3.

Model Name Model Type | Class Precision | Recall | F1 Score / Accuracy
(for binary)
Prem Clai Premise | 0.65 0.76 0.70
remise or Claim
. 3-class BERT | Claim 0.64 0.56 0.60
Classifier
None 0.85 0.65 0.73
Premise-claim Rela- | Binary BERT | - 0.93 0.93 0.93

tion Classifier

Table 3. The precision, recall, and F1 score (accuracy for the binary model) for each of the models we fine-
tuned and embedded in ALure A.

3.3.2 AlLure B. On the other hand, to implement ALure B using the text generation approach, we
used the API provided by OpenAl to access GPT-3.5 (which is also the model behind the initial
version of ChatGPT [114]). Prompt engineering has been shown to be effective for utilizing the
knowledge encoded in the parameters of domain-independent LLMs for a variety of downstream
tasks [17, 76, 104]. As a result, we chose to design a prompt following the design principles as
mentioned in Table 2; specifically!?: prompting GPT to give useful feedback and instructions
(DP1)!3, integrating explanations of the anatomy of argumentation and fallacies (DP2)!4, and also
mentioning the positive aspects (rather than only feedback against the writing) (DP4)'°. Specifically,
the paradigm of learning from errors was explicitly included in the prompt design to ensure GPT
outputs the learner errors as well as the relevant corrective feedback!®. Additionally, following prior
works using prompt engineering [17, 86], GPT was instructed at the beginning of the prompt to
act as an expert in our task (i.e., writing argumentative texts) to achieve reasonable performance!’.
The prompt also included instructions on outputting text following certain structures (e.g., HTML
tags) for better appearance when being shown in the front-end of ALure!8.

12DP3 was not included in the prompt; rather, we included extra material in a separate area in our tool. Also, we did not
utilize DP5 in ALure B, the effects of which are described in the Discussion section.

13For example, “Give feedback on argumentative errors in the text”, “In your feedback, focus on the ability to persuade, the
structure of the argument in terms of claims and premises, possible argumentative errors, and not on the content”, etc.

14For example, “Typically, a new argument begins with an assertion. This claim must be supported or attacked below, using
premises for this purpose”, “A strong argumentative text ends the discussion with a summary. All arguments made are presented
again to give the reader a final overview.”, etc.

15For example, “Also give three reasons for and against the structure of the argument.”, etc.

16For example, “You are also trained to recognize argumentative errors”, “Give feedback on argumentative errors in the text”,
etc.

17“Imagine you are an expert at writing argumentative texts.”

18Ror example, “Format the feedback as an unsorted HTML list”, etc.
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|- |-
» »
Back-end
<
Human Learner 4) 3)
Receives feedback Returns analysis
BERT Models
Annotated corpus —_— ( Premise-Claim Classifier
N
Nl Q"remlse Claim Relation Classme

Fig. 2. The architectural flow of ALure. The learner begins inputting their argumentative text into ALure. The
text is sent to the back-end, then forwarded either to our BERT models fine-tuned on our collected corpus or
to GPT-3.5 APl by OpenAl, depending on the version of ALure (A and B, respectively) the learner is using. The
results from the back-end are presented to the learner in the user interface of ALure, including the errors
made by the learners and the corresponding corrective feedback as a part of the learning from errors paradigm.

To design the prompt, two authors of this paper (one being an expert in argumentative writing
instruction, and the other both in argumentation and in machine learning research) collaboratively
designed the prompt in the German language during a workshop together. They used the OpenAl
Playground to try a set of different prompts and evaluated the outputs from GPT critically. Also, the
annotation guideline for the implementation of ALure A was utilized as an inspiration for setting
up the prompt. They then agreed on a final prompt to be included in ALure B. The final prompt was
applied to 20 input texts randomly selected from our dataset, and the two authors evaluated the
output given by GPT-3.5 and considered it valid and correct. Thus, we confirmed that our prompt
led to relevant suggestions for improvements and feedback on the argumentative texts submitted
by the user. The full prompt text can be seen in the appendix.

The architectural flow of how ALure works can be seen in Figure 2.

4 EXPERIMENTAL EVALUATION

In this section, we plan to find the answer to our research question (as presented in Section 1)
by conducting a study involving ALure. This enables us to see how the two different versions of
ALure provide effects differently in terms of the argumentation learning gains of students. We first
present the demographics of the participants and then the details of our study.

4.1 Participants

We conducted our experiment in a large-scale lecture on 305 students in a Western European
university, split into three groups for ALure A, ALure B, and the control group. All students were
pre-service teachers. All of the students participated voluntarily in our research. Originally, 348
students participated in our study, but a total of 43 participants were removed from further analyses
(after the experiment ended and before starting to analyze data), out of which 20 did not participate
in the post-test, and 23 did not pass the treatment check. The purpose of the treatment check was
to verify whether the intervention was carried out by the participants. For this purpose, 7 people
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who did not submit all 4 of their argumentative texts during the intervention phase, as well as 16
people who answered “0” at least once when asked how often they got feedback in ALure, were
excluded. Thus, 305 participants were included in our sample. The students had a mean age of
23.32 (SD = 3.19). Out of all the 305 students, 50 identified as male, and 255 identified as female.
The courses in which the experiment was conducted were mandatory to attend, but all students
participated in this research voluntarily and could withdraw from participation until the end of the
study. The data were anonymized before analysis, and the conduct of the study was approved by
the ethics committee. The participants were pedagogy students enrolled in a mandatory course at
a university and were assigned randomly into one of the three groups:

o First treatment group (ALure A): Comprised of 81 students (17 males, 64 females); mean
age 23.76 (SD = 3.41). This group employed a BERT-based classifier model to aid in the
argumentative writing process.

Second treatment group (ALure B): Comprised of 86 students (12 males, 74 females);
mean age 24.23 (SD = 3.57). This group used the GPT-3.5 generative model to aid in the
argumentative writing process.

Control group (Video): Comprised of 138 students (21 males, 117 females); mean age 22.57
(SD = 2.58). Participants in this group viewed an instructional video prepared by the course
instructors, covering key aspects of argumentative structure and fallacies. We specifically used
a video watching approach for the control group, instead of, e.g., another writing assistant,
as it has been the standard way of how students learned argumentation in the curriculum

of this course in our university over multiple semesters. The video and its contents were
provided by the course instructors collectively and refined over multiple offerings of the
course over subsequent semesters. After watching the video, the students were asked to
mark their arguments themselves when writing a text without any help of an argumentative
writing support tool (i.e., no direct learning from errors paradigm support using any tool
happened in the control group).

4.2 Study Procedure

The study was designed to unfold over a six-week period, incorporating a pre-test, an intervention
phase, and a post-test for evaluating the efficacy of the ALure tool in enhancing argumentative
skills. Each participant was required to write four argumentative essays over the course of four
weeks (Weeks 2-5).

(1) Week 1 - Pre-test: All participants undertook a pre-test based on the argumentation exam
developed by Berkle et al. [8]. This exam gauged the initial argumentative writing skills of
the participants, focusing on structure and fallacies.

(2) Weeks 2-5 - Intervention: During these weeks, participants were mandated to interact at
least four times with their designated tool (either ALure A, ALure B, or the Video lecture on
“Arguing convincingly according to Toulmin” which was also used in the previous offerings
of the course). Participants were tasked with writing one essay each week (two essays on the
topics of pedagogy and two essays on sustainability after the four weeks).

e Students using ALure A and ALure B received adaptive feedback based on their argumen-
tative structure and fallacies and were able to revise their text accordingly. For the control
group, after writing their initial text for each scenario, they were tasked to identify all
claims and premises in their written text. Subsequently, they revised their original text,
too. However, the control group did not receive any adaptive feedback.

(3) Week 6 - Post-test: In the final week, a post-test identical to the pre-test was administered
to measure improvements in argumentative skills.
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4.3 Measurement

(1) Pre-Test and Post-Test: The test instrument adapted from Berkle et al. [8] was used as a pre
and post-test for argumentation skill development. This test was divided into two sections:
o Fallacy Recognition: Featured 17 items designed to assess the ability to identify fallacious
arguments.
o Argument Structure Recognition: Included 13 items aimed at understanding the participants’
grasp of proper argumentative structures.
To mitigate bias, the argument structure section was presented after the fallacy recognition
part. Items were organized into blocks representing three different subject domains (pedagogy,
economics, and sustainability), which were randomized to avoid sequence effects.
(2) Sociodemographic Questionnaire: Following the post-test, a questionnaire was adminis-
tered to collect sociodemographic data. However, the main focus of this study remains on
the pre-test and post-test scores.

4.4 Analysis

For statistical data analysis, we used the program R version 4.1.0 and conducted a mixed between-
within Analysis of Variance (ANOVA) as this type of ANOVA is used to analyze the effects of
independent variable(s) (groups: ALure A, ALure B, and Video) on a dependent variable, while taking
into consideration the potential influence of repeated measurements (pre-test and post-test) on the
same subjects. With this method, we can investigate if the three groups differ in their Argument
Structure or Fallacy Scores (main effect) and if the three groups differ based on their mean Argument
Structure or Fallacy Scores change over the two measurement points (interaction effect).

5 RESULTS

Internal consistency for the questions regarding the argument structures in the test [8] was high,
with Cronbach’s @ = 0.826 in the pre-test and Cronbach’s @ = 0.853 in the post-test. Internal
consistency for the fallacy score was considered acceptable, with Cronbach’s a = 0.702 in the
pre-test and Cronbach’s @ = 0.728 in the post-test. We assume normality, enabling us to conduct
ANOVA analysis, due to the large size of the groups.

5.1 Fallacies

Concerning the fallacy scores from the tests, ANOVA revealed a statistically significant interaction
between the effects of the group (ALure A, ALure B, Video) and the two measurement points
(pre-test and post-test) (F(2,302) = 5.09, p < 0.01). The three groups differ in how their mean
fallacy scores change between the two measurement points. Simple main effects analysis showed
that the groups did not have a statistically significant effect on the fallacy scores (F(2,302) = 0.49,
p = 0.61). However, simple main effects analysis showed that measurement points did have a
statistically significant effect on fallacy scores (F(2,302) = 10.81, p < 0.01).

To have a closer look at the results, post-hoc analyses were conducted. The one-way ANOVAs
for the pre-test (F(2,302) = 0.55, p = 0.58) and for the post-test (F(2,302) = 0.23, p = 0.10) were
not significant. The three groups did not differ in their fallacy scores, neither in the pre-test nor in
the post-test. Post-hoc Tukey tests showed that the two measurement points differed significantly
at p < 0.01, but the three pairwise comparisons of the groups did not differ significantly (ALure A -
ALure B, ALure A - Video, ALure B — Video: p > 0.05). Furthermore, pairwise comparisons showed
a significant difference in the ALure B group from the pre-test to the post-test (p < 0.01). Also, the
mean score for the groups ALure A and ALure B increased from the pre-test to the post-test, with
the most increase belonging to ALure B (+34.62%), then ALure A (+19.06%). On the other hand, the
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mean score in the video group slightly decreased from the pre-test to the post-test (-3.11%). The
comparison of the learning gains among groups for the fallacy scores can be seen in Table 4.

5.2 Argument Structure

ANOVA revealed that there was no statistically significant interaction between the effects of
the group (ALure A, ALure B, and Video) and the two measurement points (pre-test and post-
test) (F(2,302) = 0.58, p = 0.56). The three groups did not differ in how their mean argument
structure scores changed between the two measurement points. Simple main effects analysis
showed that the groups did not have a statistically significant effect on the argument structure
scores (F(2,302) = 1.06, p = 0.35). However, simple main effects analysis showed that measurement
points again had a statistically significant effect on argument structure scores (F(2,302) = 39.28,
p < 0.001).

To have a closer look at the results, post-hoc analyses were conducted. The one-way ANOVAs
for the pre-test (F(2,302) = 1.64, p = 0.20) and for the post-test (F(2,302) = 0.52, p = 0.60)
were not significant. The three groups did not differ in their argument structure scores, neither in
the pre-test nor in the post-test. Post-hoc Tukey tests showed that the two measurement points
differed significantly at p < 0.01, but the three pairwise comparisons of the groups did not differ
significantly (ALure A - ALure B, ALure A — Video, ALure B - Video: p > 0.05). Furthermore,
pairwise comparisons showed significant increases in the Video (p < 0.001) and the ALure B
(p = 0.002) groups from the pre-test to the post-test. Also, the mean score for all three groups
(ALure A, ALure B, and Video) increased from the pre-test to the post-test, with the most increase
belonging to ALure B (+38.26%), then Video closely following it (+33.39%), and ALure A coming at
the third position (+19.75%). The comparison of the learning gains among groups for the argument
structure scores can be seen in Table 4.

We also evaluated the total learning gain, concerning the sum of the scores in the two metrics
investigated by the test we used (fallacy and argument structure) and report the results in Table 4.
Based on the sum of the scores, the most learning gain belongs to ALure B (+36.79%), then Video
(+20.20%), and finally, ALure A closely following (+19.52%).

The plots comparing different study groups across pre-test and post-test can be seen in Figure 3.

Pre-test Post-test | Learning
Mean | SD | Mean | SD Gain
ALure A | 3.20 | 290 | 3.81 | 298| +19.06%
Fallacies | ALureB | 2.86 | 270 | 3.85 | 3.03 | +34.62%

Video 322 | 248 | 312 | 270 -3.11%
ALure A | 643 548 | 7.70 | 6.11 | +19.75%
AlLureB | 494 | 500 | 6.83 | 6.24 | +38.26%

Video 5.69 | 542 | 7.59 |6.29 | +33.39%
ALure A | 9.63 | 6.64 | 1151 | 7.56 | +19.52%
Sum ALureB | 7.80 | 6.63 | 10.67 | 8.17 | +36.79%
Video 891 | 6.60 | 10.71 | 7.48 | +20.20%
Table 4. The results from our experiment, comparing the argumentation learning gains of the participants in
ALure A, ALure B, and the Video control group from the pre-test to the post-test.

Test Item | Group

Argument
Structure
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Fig. 3. The plots comparing our different study groups across pre-test and post-test. Our results show overall
learning gains when either of the two approaches of text classification or text generation are used.

6 DISCUSSION

In our research, we investigated how we can design a cooperative and collaborative digital learning
tool, incorporating the learning from errors paradigm, to instruct students on their argumentation
skills. The aim of our study was to explore the effects of a domain-independent writing assistant
for argumentation learning on helping students gain argumentation skills. Thus, we extended upon
prior works on providing formative feedback to students (e.g., [59]) by using the learning from
errors paradigm to guide us as a theory principle for providing argumentation feedback to learners.
With regards to the design of the backbone of our system to help students in argumentation,
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we observed that LLMs for text generation can be viable alternatives, as they come with high
zero-shot performances, natural responses, and less need for human annotation. However, their
low controllability and hallucination could possibly harm student learning in our educational
scenario of argumentative writing. As such, we aimed to explore both approaches of 1) preparing
and annotating a corpus that builds from different domains, such as business, pedagogy, and
sustainability, according to our rigorous annotation guideline, and 2) prompting LLMs with a
few-shot approach for providing holistic feedback on the argumentative texts provided by the
learners.

In order to do so, we collected our design requirements for designing ALure, our user-centric
web application as our argumentation learning writing assistant. We compiled design principles
out of the requirements and used them in lights of the learning from errors paradigm to implement
Alure in two versions: one with a classifier BERT model and the other using the GPT-3.5 model.
The evaluation of the two versions of ALure as well as a control group using instructor-prepared
standard videos also used in previous course offerings over multiple semesters as their method
of learning argumentative writing in a large-scale lecture study shows learning gains in all of the
groups. Thus, we provide promising results on using intelligent argumentation writing assistants as
alternatives to traditional methods of argumentation learning instruction (e.g. instructor-designed
video lectures) in real-world environments when using errors with corrective feedback as a means
for student support with minimal cognitive load.

We found generally close learning gains obtained by both approaches of text classification
(indicating premises, claims, and errors in the text, along with static feedback on the text) and
text generation (providing general dynamically generated feedback on the argument structure and
fallacies), showing the benefits of incorporating our design principles and the learning from errors
paradigm (see Table 2) in our design. We specifically observed how incorporating active learning
(DP1), constructive feedback and explanations (DP2 and DP4), and further learning material (DP3)
led to learning gains in both of our study groups. Thus, we consider our work to be beneficial to
future research on designing collaborative argumentation writing assistants, as an evaluation of
the impact of the different model modalities on learners, in light of the design principles we provide
and the paradigm of learning from errors.

Although the difference between the two groups was not significant, ALure B (the group using
generative models) had a higher learning gain for both fallacies and argument structure. Moreover,
ALure B led to a significant difference between scores in both fallacies and argument structure
scores from pre- to post-test, as opposed to ALure A. This is while ALure B did not employ visual
indicators in the text for feedback (see Section 3.2 and DP5 in Table 2), and rather presented
feedback only in the format of text returned by the GPT-3.5 APL This suggests the helpfulness
and relevancy of adaptively generated feedback on learning, as opposed to conducting inference
using smaller pre-trained categorical models, even when visual cues are rare or not present. Similar
to the findings of previous intelligent assistants using LLMs [48, 52, 56, 71], we believe the better
results in ALure B come from the higher versatility and expression power of the responses from
text generation model, prompting the students to reflect on their argumentative writing. This is
in line with prior works showing a higher versatility and more naturalness in the responses from
text generation models, such as GPT [4, 56, 70, 103, 148]. In addition to the higher naturalness
and versatility of the responses, GPT-based models commonly outperform the prior models in
reasoning tasks [75], suggesting that the outputs returned by GPT are more factual and more
relevant to the text. Prior works have shown that GPT is also useful in generating relevant and
to-the-point error descriptions in assistants providing intelligent feedback to students [113] as
well as in being able to retrieve information from input texts with the potential to be used in
educational scenarios [21]. This further supports the additional benefit of using GPT we observed
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in argumentative writing with ALure. On the other hand, for providing feedback, ALure A sticks
to pre-defined texts and highlights in the student writing (due to the lack of a text generation model
outputting content that the students can easily connect themselves with). The pre-defined texts can
get repetitive or unnatural for the student over multiple interactions (i.e., over subsequent weeks).
This is while the corrective feedback in the learning from errors paradigm should provide new
information to the students at each time to increase their learning gains; repetitive feedback and
responses with limited amounts of personalization have been known to limit the positive effects on
the students’ learning [45, 81]. Thus, the pre-defined limited-by-nature set of possible feedback
modalities, provided by ALure A, would not be as effective as the versatile endless set of possible
feedback responses provided by ALure B, in terms of learning gains and post-test performance. As
a summary, we suggest future researchers consider including generative Al-based models in their
writing assistants in order to facilitate the experiences of the students using the tool, as well as
providing more relevant suggestions and error descriptions to the users.

With that said, implementing Al-based models in educational settings and writing assistants
comes with its own set of challenges. As noted by Lee et al. [71] in their design space, there have
been recent efforts in the domain of writing assistants to consider the possible risks of Al models
and LLMs (e.g., GPT) regarding the factuality of the responses, biases found in the model outputs,
and the adherence of the assistants to ethical standards and social norms [46, 144]. As a result,
while both Al-based approaches turned out to be helpful for argumentative writing in ALure based
on our results, and no particular harmful outcome was raised by students during the course of
using ALure, the effects of our models on the more general argumentative writing ecosystem
and conventions [71] when implemented in real-world scenarios necessitates further larger-scale
exploration.

In summary, our results also shed light on the supporting role of incorporating LLMs into
educational scenarios (as also discussed in previous works, e.g., [55, 77, 92, 119]), for the domain of
argumentative writing.

6.1 Theoretical and Practical Contributions

The literature in CSCW has long advocated for the applications of computer-based intelligent tools
to mediate and help with social structures [79]. As a result, due to the importance of successful
argumentation in collaborative work environments, computer systems helping with this process
can be proven useful among students. Thus, multiple previous CSCW research works have explored
argumentative and persuasive writing support using computer-based systems [136, 150, 152].
Moreover, the literature on CSCL provides the paradigm of learning from errors which is explored
rarely in previous CSCW research on argumentation support . Additionally, the effects of generating
holistic feedback on the argumentative text by means of more recent NLP models, such as GPT,
compared to the classification models, have not been thoroughly investigated and researched in
previous works. More specifically, although GPT has been embedded in argumentation learning
scenarios in previous works [121], comparing how GPT-enabled systems help students learn
argumentation skills with the more traditional classifier-based approaches, by being embedded in a
user-centric writing assistant with the learning from errors paradigm, is lacking in the literature.
Thus, this research makes several contributions to the literature on argumentation learning
and collaborative intelligent writing assistants in the domain of HCI and CSCW. First, we collect
design requirements and extract design principles for our intelligent tool ALure to help learners in
their argumentation skills using the learning from errors paradigm from the CSCL literature. The
extracted design principles can be used as a basis for future research on designing and developing
intelligent writing assistants for argumentation skills learning. Additionally, based on the design
principles, we implement two different versions of our tool, one based on a classifier model (BERT)
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and the other based on a generative model (GPT), and test them in a large-scale lecture experiment
to find out the learning gains of the students. We compare the results of an argumentation test
before and after learners use our tool, besides a control group watching instructional videos on
argumentation learning. After analyzing the results obtained from our experiments, we investigate
the amount of learning gains in all groups concerning argumentation structure and fallacies. We
report the differences among groups and discuss the similarities and differences of using different
NLP approaches and modalities to implement our collaborative writing assistant, along with how
they provide benefits to learners in terms of argumentation learning gains.

As a result, in this work, we provided design principles for implementing Al-based models in
argumentation support using learner errors and fallacies, and compared a GPT text generation
model versus the integration of the predictions from a smaller task-specific BERT classifier into
the interface of ALure. Our comparison showed the specific nuances of replacing more traditional
classifier-based writing assistants with relatively domain-independent text generation models in
their backbone in the domain of argumentation support. Thus, findings from our research have the
potential to form the future direction of argumentative writing assistants, specifically in domains
with less human-labeled data and limited usability of classification-based models.

6.2 Limitations and Future Work

However, our work also comes with several limitations as well as calls for future work. To begin
with, we conducted our experiment in a single German-language Western European university
with a limited number of students in a certain domain, thus we ask future researchers to also
conduct our experiment in more diverse environments, in terms of domain, language, region, and
the count of participants, to make our claims more generalizable. Also, we focused on only a single
argumentation learning test as our pre- and post-test, as well as video tutoring for our control
group (as opposed to alternatives such as hands-on projects), while future works can embed a more
diverse range of tests measuring argumentation learning from different aspects and viewpoints or
over a longer period of time, as well as also possibly considering other differences among groups
(e.g. time taken to produce text).

For our classification-based version of ALure (ALure A), we fine-tuned BERT models. However,
we call for future work to also use newer Transformer-based models and improve upon the precision
and recall of the models compared with what we obtained, along with embedding them in a writing
assistant based on our design principles and observing the differences in learning gains. Additionally,
we hypothesize that with a better inter-rater agreement in the data annotation process in future
studies (specifically for the premise-claim relations), the modeling performance will also increase,
and thus the feedback provided to the students will be of a higher quality. On a related note, we
propose fine-tuning text generation models (e.g., GPT) to possibly achieve higher-quality and more
relevant argumentation feedback, to future researchers. Also, currently, while the LLM we used
for ALure B is naturally domain-independent, a prompt engineering process based on domain
knowledge was still necessary for ALure B to be able to provide relevant responses. We thus call
for future work to explore the dimension of alleviating the need for domain experts to carefully
design prompts, when integrating LLMs in argumentative writing assistants. We also call for future
work to investigate the potential downsides of incorporating generative models, such as biases
[57, 78, 144] or hallucinations [74, 88], in argumentative writing assistants.

Moreover, we have not investigated the interaction data of students interacting with ALure to
explore how the learning from errors paradigm has helped students in their argumentative writing
instruction. Unfortunately, capturing interaction data was not initially included in the agreement
with the ethics board of our university for this study, and was not conveyed to the students when
they were using ALure. As a result, we were not allowed to capture interaction data and more
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technical variables. With that said, we believe that analyzing more variables of data (e.g., time
taken to write, clickstreams, typing logs, the semantic and quantitative changes of the texts after
each round of asking ALure for feedback, etc.) could be valuable for future work to better explore
the nuanced effects of the learning from errors paradigm and our design principles on how students
interact with our argumentative writing tool. Further, such an analysis would also provide novel
insights into the meta-cognitive demands of rich feedback provided by LLMs during learning
processes and how to improve the sense-making of learners from generative natural language text
feedback [127].

7 CONCLUSION

Organizations increasingly need to support collaborative working environments, necessitating
educational institutions to equip students with the necessary skill sets for their future professions.
Specifically, argumentative writing is a skill positively associated with critical thinking. While
previous CSCW works have explored providing argumentation support to learners in the form of
intelligent writing assistants, recent CSCL research works also suggest the positive effects of the
learning from errors paradigm on students’ learning gains. In this work, continuing the research
direction laid out by previous CSCW works in the domain of argumentative and persuasive writing,
we designed and implemented ALure, our intelligent writing assistant, based on the learning from
errors paradigm, to help students in their argumentation learning process. To do so, we collected
design requirements from students and compiled our design principles for our argumentation
learning writing assistant based on the requirements. We implemented two different versions of
AlLure, one using text classification (BERT) models for direct classification of claims, premises, and
their relations, and the other using text generation (GPT) models for providing holistic feedback on
the argumentative text. We compared the two versions, along with a control group watching an
instructor-prepared argumentation learning instructional video, in a large-scale lecture with 305
students. We investigated the learning gains in all three groups in terms of argument structure and
fallacies, and discussed the differences among groups. Our work sheds light on the potential of
recent advances in CSCW, HCI, and NLP research (such as generative models) to help students learn
argumentation skills and prepare them for the ever-changing collaborative working environments.
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APPENDIX
Texts shown in ALure A"
Tooltip describing claim: Claims are marked yellow in the text. Typically, a new argument

begins with a claim. This claim must then be supported or attacked, using premises for this.

Tooltip describing premise: Premises are marked green in the text. Strong arguments are
characterized by claims being supported or attacked by at least two premises.

Tooltip describing error: Possible errors in the argumentation are marked in red in the text.

The text shown if the learner writing does not have errors recognized by the model: ALure
has recognized that your text probably does not contain errors. Check whether you can find any
errors yourself.

The text shown if the learner writing has errors recognized by the model: ALure has
recognized that your text may still contain errors. Please check the areas marked in red for possible
erTors.

Text indicating the types of argumentation errors shown to the user: <p>Strong arguments
are plausible and do not contain any arguments. There are many different types of arguments. Here
are four examples that occur very frequently:</p> <p>(1) In <strong>overgeneralization</strong>,

19We machine-translated all texts into English for putting them in our paper. The texts are included in the same formatting
as it was used in ALure, including, for example, the HTML tags we used in our prompt.
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the content of the premise only refers to a few or specific cases (e.g. subjective experiences) that
are not sufficiently representative as evidence for the claim.<br /><em>Example: Dogs that bark
do not bite. My dog barks often and has never bitten anyone.</em></p> <p>(2) In <strong>circular
reasoning</strong>, statements are justified by themselves because the premise is the same state-
ment as the claim, just formulated differently. Such arguments often sound plausible at first glance.
However, they do not contribute meaningfully to the discussion because the argument is in a state
of crisis.<br /><em>Example: If you have a dog, you often go for a walk because you have to walk
a dog every day.</em></p> <p>(3) <strong>Irrelevance</strong> occurs when a statement misses
the core topic of the argument. At first glance, such arguments often seem convincing because
they can certainly strengthen the intended position. In terms of content, however, they have no
value for the argument, but rather distract the reader from the actual topic.<br /><em>Example:
A dog is a lot of work, for which you also have to have the time. Having to go for a walk is not
much fun, especially in bad weather.</em></p> <p>(4) In the <strong>formal fallacy</strong>, the
claim is derived from the premises as a logical consequence, although the premises do not logically
allow this conclusion. The error here is not in the content, but in the fact that the logical form of
the argument is not correct.<br /><em>Example: The mail must have been there already. Bello
barked earlier and he always barks when he sees the postman.</em><br />Even if Bello always
barks when the mail arrives, he does not necessarily only bark when the mail arrives. There could
just as well have been another reason for the barking.</p>

Explanation of arguments: <p>An argument is about discussing the advantages and disad-
vantages of a controversial topic. In this way, you can form your own opinion on the topic and
convince others of it. An argument therefore needs arguments that look at the subject of discus-
sion from different perspectives.</p> <p>An argument always consists of several statements: an
assertion and at least one premise, or better still, several premises. The <strong>assertion</strong>
is a statement about which people can have different opinions. <strong>Premises</strong> are
statements that plausibly explain this assertion. Statements that are undisputed, such as verifiable
facts, are particularly suitable here. A convincing argument should contain around 2-3 supporting
premises that explain in a comprehensible way why the assertion is correct. In addition, the per-
suasiveness of the argument can be increased by adding a refuting premise. A refuting premise is a
statement that speaks against the assertion. It shows that you are aware that there are exceptions
and that the statement does not have to be true in all circumstances.</p> <p><em> Example:<br
/> Statement: The neighbor probably has a new dog.<br /> Premise (supporting): You can hear it
barking next door.<br /> Premise (supporting): He recently said he would like a new dog.<br />
Premise (refuting): It could just be a visitor with a dog. </em></p>

GPT Prompt used in ALure B

“Imagine you are an expert at writing argumentative texts. They are particularly trained to recognize
the structures in arguments. The structure of good arguments looks like this. A good argumentative
text begins with an introduction. You are welcome to give an overview of the arguments that will
be discussed. The introduction serves to introduce the reader to the topic. A new topic paragraph
can be introduced with a non-argumentative sentence that prepares the reader for the new topic.
Typically, a new argument begins with an assertion. This claim must be supported or attacked below,
using premises for this purpose. Strong arguments are characterized by claims being supported
or attacked by at least two premises. For better understanding, non-argumentative text can also
be used in a discussion. However, care must be taken to ensure that the text largely consists of
argumentative text, otherwise the significance will be weakened. A strong argumentative text ends
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the discussion with a summary. All arguments made are presented again to give the reader a final
overview.

You are also trained to recognize argumentative errors, because the persuasiveness of an argu-
mentative text depend on both its structure and whether certain argumentation errors are present
or not. An argument error occurs when:

1. a premise is used as an explanation for a claim, but does not (sufficiently) explain the claim,

2. a claim is drawn as a conclusion from a premise from which this conclusion cannot be
(sufficiently) derived, or

3. a claim is made that does not (sufficiently) contribute to the formation of the statement.

An argumentation error lies in the relationship between two argumentation components, e.g.
between a claim and a premise. There are four errors here:

(1) An error of irrelevance occurs when a statement is made that is related to the topic of the
argument but misses its core content. At first glance, such arguments often seem convincing, as
they can certainly strengthen the intended position. In terms of content, however, they have no
value for the argument, but rather distract the reader from the actual topic. Here is an example, the
content is irrelevant:

A disadvantage of the dishwasher is that it is very expensive.

(2) In the formal fallacy, an argument component is related to a conclusion that cannot be formally
derived from it. For this purpose, the individual statements of the relevant argument components
can be translated into a formal language. An example would be as follows: This example contains
the following statements, but the content is irrelevant: Statement: There are dishwashers with Eco
programs

Conclusion: The dishwasher is more environmentally friendly than handwashing.

(3) With overgeneralization, a fact that only relates to a few or certain cases is transferred to
other cases or to the general public. An example would be as follows, but the content is irrelevant:
There are different models today that also have certain eco programs. If we buy a new machine, we
will definitely save more than with a used machine.

(4) In circular reasoning, a statement is justified by itself. These are often redundant statements,
in different words. An example would be as follows, but the content is irrelevant: In the flipped
classroom method, there are often difficulties in implementing the teaching of material with regard
to the heterogeneity of a class. There are difficulties regarding internal differentiation, especially
when conveying material. On the other hand, using the method does not result in a homogeneous
transfer of material.

Give feedback on argumentative errors in the text. Limit yourself to three feedback points.
Explicitly address whether and which argumentative errors the text has. Also give three reasons
for and against the structure of the argument. In your feedback, focus on the ability to persuade,
the structure of the argument in terms of claims and premises, possible argumentative errors, and
not on the content. It’s about the following text:”

[text here]

“Always write feedback in German. Format the feedback as an unsorted HTML list with a
minimum of 150 and a maximum of 180 words. All reasons are brought to an end. Please do not
write additional feedback paragraphs after the feedback about the errors and the six reasons. The
reasons for and against the argument are only listed after feedback on argumentative errors and
must not each relate to the same aspects. A reason for the argument structure should not be a
reason against the structure. An example of how the feedback should be structured, where only the
structure should be used: <strong> Feedback on argumentative errors: </strong> <ul> <li> The
components of this argument all represent the same statement in terms of content, they are just
each worded a little differently. No component provides information as to why this statement can
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be accepted. Rather, it is said: “It is so because it is so.” From an argumentative point of view, such
circular reasoning is of no value, although they are usually correct from a formal and logical point
of view. </li> <li> The premise here is simply that there are newer models with Eco programs. A
conclusion that you might be able to save more with a newer machine than with an older machine
would initially be understandable. In the claim, however, it is now presented as if all new machines
are inevitably equipped with an Eco program. It is also assumed that the used machine does not
have this, although it is not at all clear whether it belongs to the generation of machines with Eco
programs. The statement that there are machines with an Eco program is transferred to all new
devices and is categorically excluded for used machines. This is an overgeneralization. </li> <li>
The claim is relevant here for the formation of the statement. Two premises follow, both of which
reinforce the impact on the environment caused by the creation of waste by the dishwasher. If
you take a closer look at the statements, you will notice that the claim is about the environmental
impact of disposing of the dishwasher. The second premise, that dishwasher tabs create a lot of
waste, has nothing to do with the later disposal of the machine. It is therefore completely irrelevant
to the aspect of disposal addressed in the claim. There is therefore an error of irrelevance here.
</li> </ul> <strong> Reasons for the structure of the argument: </strong> <ul> <li> Reason 1 </li>
<li> Reason 2 </ li> <li> Reason 3</li> </ul> <strong> Reasons against the structure argument:
</strong> <ul> <li> Reason 1 </li> <li>Reason 2 </li> < li=Reason 3 </li></ul>"
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