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Abstract. The rapid evolution of the educational landscape, accentuated by the
rise of Generative Artificial Intelligence (GAI), calls for a re-evaluation of digital
education methodologies to harness new technologies and meet the changing
needs of learners. Focusing on the potential of GAI, this study introduces a novel
approach called generative feedback and explores its impact on the motivation,
learning experience and performance of students in higher education. Therefore,
this study presents a prototype that implements a GAIl-driven chat using
OpenATI’s GPT-4 turbo model to provide feedback to students. Using an overlap-
ping study design that combines a longitudinal field study and a two-stage online
experiment, this study investigates how generative feedback affects learners. In-
itial findings suggest that GAIl-driven chatbots can provide meaningful feedback
to students and enhance their learning experience, setting the stage for further
investigation towards a better theoretical understanding of the design and practi-
cal application of GAI-driven chatbot feedback.
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1 Introduction and Background

The educational landscape is undergoing significant transformation, driven by the
emergence of generative artificial intelligence (GAI) and an evolution away from tra-
ditional settings towards more individualized settings. Acknowledging ongoing
changes, the Organisation for Economic Co-operation and Development have high-
lighted the urgency of adopting innovative educational practices to meet diverse learn-
ing needs (OECD, 2016). This development poses new challenges for digital education
to respond to the changes in technology and the diverse needs of learners (Jansen et al.,
2022; Tur et al., 2022). Particularly GAI offers strong potentials that need to be tapped
for digital education (Huber et al., 2024). Researchers have called to explore this evo-
lution towards more personalized or interactive approaches to digital learning and edu-
cation (Gupta et al., 2019; Kasneci et al., 2023). In this regard, recent research has
focused on the potential of conversational interfaces, such as chatbots, to increase
learner engagement and motivation, as well as to provide a learning experiences that is
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more tailored towards the individual learner (Benner, et al. 2024; Yin et al., 2021,
Gupta and Chen, 2022). Studies have also explored collaborative and co-creative learn-
ing environments, and the role of feedback in motivating and engaging learners (Bittner
et al., 2019; Oeste-Reil et al., 2016; Wambsganss et al., 2022), as well as self-expla-
nation in learning (Bisra et al., 2018; Hefter and Berthold, 2020). First and foremost
feedback has proven to be a valuable tool in various educational settings, particularly
adaptive feedback for formative settings e.g., formative assessment (Llorens et al.,
2016; Llorens et al., 2014). While there are various forms of delivering feedback to
learners, formative feedback has been proven to be highly influential in learning as it
can reduce cognitive load, increase motivation, and improve performance for learners
(Shute, 2008; Gikandi et al., 2011; Timmers et al., 2013). Formative feedback in itself
can range from simple verification (i.e., right or wrong, or a percentage based score) to
elaborated feedback which provides an explanation for why a response is true or false
while it may or may not present the correct answer (Shute, 2008; Wang et al., 2019).
Overarching these extremes, informative tutoring can go beyond that range and provide
a combination of different expressions of formative feedback (Narciss and Huth, 2004),
which can appeal to a wider scope of learners who may have different perceptions of
feedback (Daniels and Bulut, 2020; Say et al., 2023). Prior studies have demonstrated
the effectiveness of different types of formative and particularly elaborated feedback in
digital learning but also stressed the room and need for further improvements in the age
of digital learning (e.g., Zhu et al., 2020; Botelho et al., 2023; Ifenthaler et al., 2023).

Here, GAI has introduced new possibilities and can bear enormous potential to im-
prove digital learning settings (Morgan Stanley, 2023), for instance by using GAI for
automated assessment, providing feedback to learners or improving the learning expe-
rience in general (Kuklick et al., 2023; Kasneci et al., 2023; Whalen et al., 2023). Albeit
the recognized potentials and since GAI is still fairly novel, research faces challenges
when there is no state-of-the-art solution, domain knowledge or widely adapted practice
for GAI in digital education and its integration with feedback (Huber et al., 2024).
Studies addressing this gap and integrate GAI for feedback remain surprisingly scarce
with few exceptions that address highly specific cases such as legal or argumentative
writing support for law students (Weber et al., 2023; Wambsganss et al., 2022). How-
ever, leveraging GAI to provide students feedback could prove to enhance learner mo-
tivation and engagement, increase academic performance, or improve the general learn-
ing experience. To fill that gap, this paper proposes a novel approach for integrating
GAl in digital higher education (i.e., university/college context) through the concept of
generative feedback. Therefore, the research objectives of this study are of explorative
nature, to investigate how GAI can be used in innovative learning scenarios in higher
education and building on that to highlight how future research can follow.

2 Related Research and Hypotheses Development

Chatbots are typically recognized as sophisticated software entities that are capable of
interpreting and responding to human language, employing advances in machine learn-
ing and broader artificial intelligence to conduct dialogues which emulate human-like



interactions (Maedche et al., 2016; Schuetz and Venkatesh, 2020). Studies on chatbots
in education show how they can help enhancing the learning experience or academic
outcomes among other factors (Schlegel et al., 2023; Tur et al., 2022). These benefits
align seamlessly with the evolving educational paradigm that favours agility and self-
regulated learning, a preference increasingly expressed by students (Tur et al., 2022).
Chatbots, therefore, have the potential to facilitate autonomous pacing in learning, fos-
ter greater independence in managing educational activities, and integrate learners into
contemporary pedagogical frameworks (Gupta et al., 2019; Janson et al., 2020). From
the perspective of educators, chatbots can therefore free up valuable resources. Like-
wise, previous studies have indicated that chatbots can enhance problem-solving skills,
enable collaborative learning, and increase comprehension of educational content (Tol-
zin and Janson, 2023; Wambsganss et al., 2022). By following this approach, engage-
ment with learning material can be deepened through collaboration or co-creation tasks
focused on learner-generated content (Blau and Shamir-Inbal, 2017). However, these
collaborative endeavours traditionally rely heavily on human interaction, posing con-
siderable demands on educational personnel and learners alike (Bittner et al., 2019;
Oeste-Reil? et al., 2016). Despite recent advances, gaps remain in our understanding of
chatbot-facilitated collaboration and content co-creation in digital learning environ-
ments (Blau and Shamir-Inbal, 2017; Kang and Santhanam, 2003).

One pertinent topic is the motivation and engagement of students, especially within
changing or volatile educational setting that educators have been continuously con-
fronted with during the last few years (Urhahne and Wijnia, 2023). Helping students
with feedback in their learning activities is one approach to motivating learners and
facilitate a better learning experience (Fidan and Gencel, 2022). Thus, addressing
learner motivation and engagement could be achieved by implementing feedback
mechanisms that add educational value (Kuklick et al., 2023). Understanding the nature
and types of feedback is crucial in the design of information systems that support learn-
ing and improvement (Jensen et al., 2021). Formative feedback is widely recognized as
a true and tried form of feedback in education and learning (Narciss and Huth, 2004;
Shute, 2008). This type of feedback can range from simple types (i.e., verification or
confirmation) to complex types (i.e., elaboration). While verification and confirmation
focus on a lower level of feedback and can be presented with simple tools such as a
true/false icon, a percentage or scoring representation, elaborated feedback requires a
more high level textual explanation that elaborates on the student response (Shute,
2008). In more detail, elaborated feedback provides explanations, hints, or suggestions
aimed at deepening understanding and facilitating the learner’s ability to transfer
knowledge to new problems, which has been a focal point of studies in education and
learning. For instance, Wang et al. (2019) highlighted the potential of elaborated feed-
back on the learning experience and motivation of students. Further, Zhu et al. (2020)
corroborated these findings and emphasized on the potential of elaborated feedback on
learning gains within a formative assessment task. Discussing the effectiveness of dif-
ferent feedback formats, Daniels and Bulut (2020) analysed the impact of different
feedback types and levels. While feedback has been the focus of research in the past
(e.g., Wambsganss et al., 2022; Timmers et al., 2013).



GAI has enabled entirely new potentials for providing feedback to learners that could
provide more nuanced feedback to individual learners and responses where other ap-
proaches not involving human tutors may fail. Consequently, research should investi-
gate how GAI-driven chatbot feedback affects motivation, performance, and the learn-
ing experience of students. Thus, this study investigates the effects of low- and high-
level generative feedback (i.e., using GAI to create feedback on the fly). Following
Shute (2008) this study therefore investigates the effect of generative correct response
(i.e., knowledge of correct response) and generative elaborated feedback (i.e., detailed
feedback including explanations beyond verification of correctness and correct re-
sponse). This study then compares how generative correct response feedback performs
against generated feedback first and second how this feedback performs in a simple
versus complex learning task. While literature suggests that elaborated feedback should
in theory be superior to simple feedback like correct response, literature also suggests
differences regarding the application to different learning complexities (Moreno, 2004;
Butler et al., 2013). Moreover, with the recent advances in technology (i.e., GAI) this
should be questioned and investigated regarding the changed playing field in education.
Therefore, | raise the following hypotheses:

Hla/b: Generative elaborated feedback outperforms generative correct response
feedback in an a) simple and b) complex learning task.

H2: Generative knowledge of correct response feedback does not lead to different
outcome for simple versus complex learning tasks.

H3: Generative elaborated feedback performs better in a complex compared to a
simple learning task.

3 Research Approach and Design

Since the feedback is part of the study design there are two treatments: a) knowledge
of correct response feedback and b) elaborated feedback. Both types of feedback are
created with the same OpenAl function (using the GPT-4-turbo model), prompt and
knowledge base (e.g., video script, slides, and related book) to ensure that treatments
can be compared for evaluation. On the one hand, a) knowledge of correct response
feedback is statically created once per learning content (i.e., video), meaning all student
responses to a video receive the same knowledge of response feedback. This knowledge
of correct response feedback is therefore represented by a GAl-created short summary
of the related learning content (e.g., the current short learning video) and displayed as
a single block of text. While on the other hand, b) elaborated feedback is dynamically
created per student response, i.e., every unique student response receives unique feed-
back (see Figure 1). This generative elaborative feedback can inform the learner about
the “goodness” of their submission, provide corrections if required, and additional tips
the learner may find helpful to improve in the future i.e., create better submissions and
thus achieve better learning.

The example in Figure 1 highlights how feedback is generated for a false statement
with a bad explanation. In this case, the chatbot responds that the feedback does not fit



the submitted content and is in general of poor quality (i.e., informs about the good-
ness), then continues to explain that assessment and simultaneously providing a correct
answer, before finally concluding with helpful tips.

Statement: ,,In steps 1-6 of the St. Gallen business
innovation approach, it is important to ignore customer
orientation.”

Elaborated Feedback 1

H
H

H

H

i | Informs the learner about the goodness of their submitted
1| content (i.e., does it fit together, is it correct)
1
H
H
H
H
H

Explanation: ,Because that's what the textbook says.™
Feedback:
{ .. Your statement and explanation do not fit the topic |

1| Explains how and why an answer is true or false and can : []

On the contrary, the approach emphasises customer

orientation, especially in steps 1-6, where the value

proposition is elaborated

1| Tutoring feedback that provides tips on how the learner can H [...]

i | improve in the future P { To improve your explanation, you should take a closer
| look at the contents [...]*

i| provide the correct answer if needed

Figure 1. Generative Elaborated Feedback (example excerpt from the field)

To test the hypotheses, | have developed a prototype application for a specific learn-
ing task that implements two central components (see architecture in Figure 2). The
first component is learning material in form of short learning videos (2-7 minutes) that
serve as the basis for the learning task while the second component implements the
chatbot which prompts the students for input and delivers the feedback to students. The
learning task asks students to watch the short learning videos and create true statements
with an additional explanation of the statement.

Save responses Back-end Evaluate response

And feedback ‘ Flowise Al H LangChain I Create feedback

Manage Front-end Submit response
Educator L [ ; - X [+ Learner
\ Content (video) H Chatbot interface |

learning content Receive feedback

MongoDB OpenAl API

Figure 2. Prototype Architecture

For the evaluation of the prototype and answering the hypotheses, an overlapping
study design following Dennis and Valacich (2001) is selected (see Table 1). In the first
study the types of feedback will be evaluated against each other i.e., generative correct
response versus elaborated feedback, and against a control group with no feedback. The
goal is to investigate the influence on a) motivation and b) learning outcome (i.e., the
score). In a second follow up study | will then investigate how the feedback design
performs in different learning tasks (i.e., simple versus complex). Anderson and Krath-
wohl (2001) have introduced a revision to Bloom’s original learning taxonomy that
forms the foundation for this differentiation where simple tasks refer to the lower and
complex to the higher-level learning goal dimensions. Additionally, to the experiment,
the generative elaborated feedback is currently undergoing a field study with early
bachelor students (i.e., semester 1-3) in an entry level business information systems
(i.e., introduction to “Wirtschaftsinformatik™) course at a local university. While not



part of the experimental study, this field test will provide insights and potential proof
of value for the users (i.e., university students) in the overall context of this research.

Table 1. Overlapping Study Setup
(following Dennis and Valacich, 2001; study 1 = dotted; study 2 = dashed; both studies = solid)

Study 1

Generative correct response feedback

Generative elaborated feedback Simple vs. complex

learning task

Control Group (no feedback)

4 Next Steps and Expected Contribution

First, I want to highlight a few first insights from the field. There are currently 57 stu-
dents actively participating in the ongoing field test who have already contributed over
1100 responses and received feedback. First insights suggest that the artifact is per-
ceived as useful according to the teacher who accompanies the field test. The teacher
reports that the general sentiment towards the prototype is positive and that students
find it helpful in learning. As | progress with this research, the next steps include car-
rying out the two-stage online experiment. Unlike the field study that has limitations
regarding the sample size, the online experiment will carry a larger sample with a min-
imum 50 participants per group. In sum, the online experiment will shine light on the
effectiveness of the design while the currently ongoing field study will provide insights
into the overall value provided to students in higher education. Regardless, there are
certain limitations to consider. First, this study focuses only on the extreme ends of the
feedback and complexity spectrums. Second, the setting of the experiment may not fit
a general experimental platform population as it was designed specifically for students.

Overall, this research specifically investigates the use of an Al-driven chatbot de-
signed to provide generative feedback. Thus, this study aims to make significant con-
tributions in two main areas and the expected contribution is two-fold. Firstly, the study
seeks to expand the theoretical framework related to Al-driven educational technolo-
gies such as chatbot and Al-feedback design within digital education; particularly to
improve motivation, learning experience and academic outcome of students. Secondly,
it aims to develop practical design guidelines for educators and enable them to leverage
the presented concept for their learning setting. To this end, this study explores the
application of GAI in digital education.
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