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Abstract— This research investigates the potential of Chat
Generative Pre-Trained Transformer (ChatGPT) in Human-
Computer Interaction (HCI) within educational contexts.
Examining the intersection of Artificial Intelligence (AI) and
HCI, the study emphasizes ChatGPT's ability to provide
personalized and immediate responses, enhancing student
engagement and understanding. A literature review reveals
ChatGPT's applications in higher education, while highlighting
challenges related to critical thinking in the field of HCI. This
paper then outlines our objectives, focusing on answering
student queries and generating Multiple-Choice Questions
(MCQs) for revision. Experimental results demonstrate the
superiority of Custom GPTs, emphasizing the importance of
context-specific tailoring. The discussion addresses limitations,
proposing future work on model fine-tuning, optimization, and
human testing. In conclusion, this research contributes insights
into leveraging ChatGPT in HCI education, highlighting its
potential for personalized and effective learning experiences.
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I. INTRODUCTION

Recently, the combination of Al and HCI has paved the
way for key advancements in various domains. ChatGPT is an
innovative language model developed by OpenAl that stands
out as a promising tool bridging the gap between Al and
education. With its capacity to comprehend context and
generate human-like answers, ChatGPT holds the potential to
revolutionize the way students engage with educational
materials. By providing quick and personalised responses,
ChatGPT can directly target the needs of a student
individually, offering immediate feedback, and help with
understanding complicated concepts. This makes it a
promising tool that promotes a student’s active participation
and cognitive advancement by adapting to their own pace of
learning [6]. Popular applications include Medical students
consulting MedChatbot [19] for medical knowledge,
restaurants receiving allergy information based on users’
allergens [20] and healthcare staff using Mandy [21], a chatbot
system to automate patient intake process. Generating human-
like responses adds a conversational dimension to the learning
experience,  enhancing  student  engagement and
understanding.

In our context, we focus specifically on HCI. HCI is a
multidisciplinary field of study that focuses on the design and
use of computer technology, emphasizing on the interaction
between people (users) and computers [4]. It involves
understanding how users can design interfaces that are
intuitive, efficient, and provide a positive user experience [1].
Due to its qualitative nature, HCI thrives in the realm where
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there is no evident right or wrong answer, and decisions can
be made accurately if backed by clear explanations.

In this paper we evaluate the use of Large Language
Models (LLMs), such as ChatGPT, within the field of HCI as
an influential educational tool for university students. A key
concern when it comes to using such LLMs in this context is
correctness of responses. This is due to the qualitative nature
of HCI, deeming two responses practically accurate if
reasoned for correctly. Classic NLP metrics like BLEU score
[17] are hence, no longer reliable in this context. We aim to
find a way to accurately verify the accuracy of LLM generated
solutions for any given input, but verifying problems with a
specific context of domain through methods such as
translation validation [18] is a challenge in itself, making a
general verifier with high accuracy in answering HCI
questions even harder. Hence, in this paper we also generate a
new evaluation method, consisting of multiple choice
questions answered by different LLM models, on questions
generated off different topics. Our research objectives are as
follows:

RQI: To test and compare the accuracy of different
language models in answering prompts and questions related
to HCI, shedding light on their potential usage in university
educational settings.

RQ2: To develop a self-improving loop capable of
learning from incorrect responses. The goal is to create a
system that can autonomously expand its knowledge base over
time, contributing to the continuous improvement of its
performance in addressing HCl-related prompts and
questions.

RQ3: Examine the effectiveness of the self-improving
loop in enhancing the language model’s performance over
time, with emphasis on its adaptability to HCI specific context
and terminology.

II. LITERATURE REVIEW

ChatGPT exhibits potential in higher education, helping
with writing improvement by generating texts, summarizing
information, and detecting grammar errors [7]. The model's
application extends to medical education as well, where it
demonstrates accuracy in clinical decision-making [8]. Such
LLMs are used widely in many different fields especially in
the form of chatbots. Education chatbots each teach topics
such as psychology (Freudbot), English practice (CSIEC)
[22], medical knowledge (MedChatbot) [19] and self-
assessment and reflection (CALMsystem) [23]. Other
educational applications include the use of a chatbot to answer
university related FAQs [24]. Business chatbots supplement
customer service for business and e-commerce [25], help with



task completion [27] and improve user experience [26]. LLMs
can also be trained to answer domain specific queries such as
information on La Liga, a Spanish football league [28] and
museum artifacts (Art-bots).

However, critical thinking and originality of ideas are
essential components of genuine learning, which might pose
to be a challenge for LLMs like ChatGPT which is trained on
substantial amounts of text data [9]. Although ChatGPT is
highly trained on large amounts of data, it differs
fundamentally from human information processing. The
model generates each new token sequentially based on
previously generated tokens within the same sequence [13].
This means that it lacks introspective capabilities and cannot
self-correct or perform sanity checks on its outputs [14].
Moreover, ChatGPT lacks deep reasoning abilities and is
unable to utilize tools such as the internet for more latest
information [14]. Various strategies can improve ChatGPT's
performance. For example, prompt engineering encourages
more accurate responses by spreading reasoning across
multiple prompts, a concept known as "chain of thought
prompting” [15]. Methods like self-consistency [16] and
backtracking [14] allows the model to review its output.

Most large language models possess the ability to
accomplish novel tasks with minimal examples, even if they
are not directly associated with their initial training [11]. This
expands the applications of such models indefinitely, allowing
them to be used in endless fields with little to no context.

Specific to the field of HCI, research has been done to
establish that ChatGPT is a valid tool that can perform
meaningful content analysis and is able to accurately
understand content that can be used for HCI research [12].
However, the application of ChatGPT in an educational
setting for HCI demands further exploration. In the unique
context of HCI, where answers are not strictly right or wrong
due to its qualitative nature, the challenge lies in defining
appropriate contexts for evaluation. HCI’s qualitative nuances
require a careful consideration of context to prevent confusion
among students leveraging this technology for educational
purposes. While existing research establishes ChatGPT’s
validity, an emphasis on contextual relevance becomes pivotal
in educational HCI applications.

[II. METHODOLOGY

The tech stack we use is Python using the ChatGPT API.
Preliminary testing was first done on the ChatGPT playground
on the OpenAl website before running multiple prompts via
the Python script. As ChatGPT is trained on large datasets of
text data, various biases and inaccuracies in this data can be
reflected in its responses [2]. Certain prompts received
responses that were completely incorrect or contextually
wrong. Hence, certain experiments were repeated
immediately on receiving outlier responses.

Custom GPTs are custom versions of ChatGPT that are
tailored for a specific purpose [3]. In our case, we are creating
a custom GPT to answer HCI related questions, passing in
textbook and materials as context when initializing our GPT.

To conduct our experiments, we first need to generate
MCQ questions. The following steps are followed to
automatically generate a question bank that will be used in our
experiments:

e (Generating knowledge base
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e Parsing content and generating question bank

e Data processing

[ Generating knowledge base ‘ | Generating question bank l [ Data Processing

MCQ question

Fig. 1. Architecture diagram showing the processes to generate the
knowledge base and form .csv file of MCQ questions

slides

csv file of MCQ
questions sorted
by topic

Knowledge
base

textbooks

A. Generating knowledge base

This process involves using a diverse array of content
materials, carefully curated to ensure complete coverage of
HCI concepts. We source information from various channels,
including textbooks and PowerPoint slides created by
experienced HCI professors. The use of multiple content
formats serves 2 main purposes. First, we use condensed and
summarized versions of HCI content from professor-prepared
slides that captures the essence of the subject matter.
Secondly, we tap into the breadth and depth of HCI offered by
textbooks, allowing full coverage of all content. Hence,
passing in such varied forms of content ensures that our
knowledge base is diverse and covers all nuances of HCI in
question generation.

B. Parsing content and generating question bank

Next, we split all our content into 10 main topics,
following the topic breakdown in HCI textbooks [1]. Our goal
is to create a question bank that not only exhibits diversity but
also ensure thorough coverage of all the content. We then
generate 10 MCQs for each topic, resulting in a total of 100
questions. This approach guarantees a balanced representation
of content since certain topics may have varying levels of
emphasis within textbooks. By segmenting and generating
questions for each topic, we establish a uniform distribution
of content that covers the entire range of HCI concepts.

For each question generated, we generate 4 options as well
as the correct answer. All of this is done using an automated
python script that taps on the ChatGPT API (gpt-3.5-turbo
model). The main technology involved here is text
summarization, content parsing and question generation. This
automated approach streamlines the process while using the
power of natural language processing.

C. Data processing

The results from our Python script and the ChatGPT API
are in textual format. To ensure seamless handling of this data
for our experiments, we transform this text data into a CSV
file, providing a tabular structure that enables efficient
organization and manipulation of the data for the subsequent
experimental flow.

D. Accuracy metrics

Given the qualitative nature of HCI, nuances and
contextual understanding plays an essential role in answering
questions. As there is no clear-cut right or wrong answer, there
arises a challenge to devise a custom accuracy metric tailored
to the specific requirements of comparing different Large
Language Models (LLMs) in answering HCI questions.
Hence, we have produced a custom metric that acknowledges
the inherent subjectivity of HCI while providing a concrete



and measurable framework for model evaluation. Model
accuracy is calculated using the following formula:

Number of correct responses by model
*

Model A %) =
odel Accuracy (%) Total number of questions

100

The primary focus is passing generated MCQs back into
different models and subsequently comparing the number of
correct responses each model produces. This is, in some sense,
a MCQ examination taken by each model.

We then use these incorrect questions to further “train” the
model by collating all such questions into a document and
uploading it back as context.

IV. EXPERIMENTAL SETUP

correct
questions

.csv file of MCQ
questions sorted
by topic

randomly sampling
questions by topic

incorrect
questions

updating model by
appending incorrect
questions to context file

Fig. 2. Architecture diagram showing experimental procedure to test
accuracy of model

A. Question sampling and order randomization

For each of the 10 topics, we randomly sample 3 questions.
This yields a set of 30 questions, forming the basis for
assessing the LLM. To ecliminate biases and ensure
comprehensive evaluation, we then randomize the order of the
selected questions. Hence, we now have varied sequences of
questions for each experimental iteration.

B. Choice of Models and evaluation

We employ the use of several different models, each pre-
trained on different data, with a different number of
parameters and developed by different corporations. This
gives us a wide variety of models to test on. We then pass
through the sample set of 30 questions into each model. We
repeat this process 5 times to account for variability. For each
iteration we calculate the accuracy score using the method
mentioned above. We then calculate the average of these
scores, giving us the overall accuracy score for each model.
This experimental workflow ensures a thorough and unbiased
evaluation of the LLM model’s performance on our curated
MCQs. The repetition of the process adds a layer of robustness
to our assessment, accurately evaluating the performance of
each model.

V. RESULTS AND ANALYSIS

TABLE L. ACCURACY OF MODELS ON EXPERIMENTS

Model
llama70b-v2-chat
gpt-3.5-turbo-16k
gpt-3.5-turbo
tulu-2-dpo-70b

Accuracy
25.16129032258064%
63.13725490196079%
63.52941176470588%
64.13125398810162%

meta-llama/Llama-2-70b-chat-hf 70.88235294117646%

qwen-14b-chat 72.94117647058825%
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mixtral-8x7b-instruct-v0.1 74.11764705882354%

Custom GPT 83.52941176470588%

As expected, we see that Custom GPTs have the best
performance in our experiments, as their responses are more
contextualized to the books and slides used to generate the
MCQs. Other ChatGPT models, such as the gpt-3.5-turbo
performs poorly, due to lack of fine-tuning to the task at hand
as well as failure to align with the specific context of the
generated MCQs. Pre-training the model on a larger set of data
also does not reap any benefit as seen from the similar
accuracy scores of gpt-3.5-turbo and gpt-3.5-turbo-16k, where
the latter is trained on a significantly larger dataset of text data.

VI. DISCUSSION

The superiority of Custom GPT highlights the importance
of tailoring language models to the specific context of the task.
Fine-tuning or training on domain-specific data significantly
enhances performance as we see in our experiments.

Although Custom GPT shows remarkable performance,
continuous optimization and fine-tuning could boost accuracy
further. Exploring hyperparameter tuning and additional
training iterations might give even better results. For example,
the following is an incorrect response by the Custom GPT
model. The correct answer should be Option A, according to
the content this question was generated from.

@ You
What
Option A: Guidelines
Option B:Principles
Option C: Theories
Option D: Best Practices

rules that make for design,

© chaepT
Option B: Principles

Ind to

designs. These principles are often based on design theories and form the bas practices, d best

related concept:

more design theory and aesthetics.

Fig. 3. Example of incorrect response to MCQ question by ChatGPT

However, in our next prompt we ask the same question
again, this time passing in the incorrect response as context.

You
i What are design-level practices and rules that make for good and consistent design, often based on theory?
Option A: Guidelines
Option B: Principles
Option C: Theories
Option D: Best Practices

here is some context:

In HCI, design-level practices and rules that make for good and consistent design, often based on theory, are referred to as "Guidelines."

can you answer this MCQ question?
(@) chatepPT
Certainly! Based on the context you provided, the correct option would be:

Option A: Guidelines

Fig. 4. Example of correct response to previously asked question with
additional context

We see that the model recognizes this updated context and
now provides the correct response. Hence, it is beneficial to
have a self-fulfilling loop of training for the model and allows
it to learn from the mistakes made, significantly improving
accuracy. As CustomGPTs can take in files as input, we can
append incorrect answers to a file and incorporate this data
during subsequent training sessions. By constantly updating
this file with instances of incorrect responses, we provide the
model with a continuous stream of learning material,
enhancing its ability to deliver accurate results.



VII. FUTURE WORK

A. Limitations

While this paper provides valuable insights on the
accuracy of LLMs in the field of HCI, it encounters various
challenges associated with the use of ChatGPT such as narrow
scope and scale of data collection, which focuses on a
summarized subset of HCI content. Given limited
computation power and resources, experiments were only run
for 5 iterations per model. As seen in the discussion section,
collating incorrect responses, and passing them back into the
model as context reaps correct answer. Multiple iterations of
this would hence significantly increase accuracy of custom
GPTs in answering HCI questions.

B. Fine tuning and optimization

We can explore further fine-tuning of our models to
enhance accuracy. One example is to increase the number of
training iterations for our experiments or generate a larger
variety of questions from a more diverse knowledge base.

C. Human testing and validation

Another improvement is to conduct our experiments using
human participants to evaluate the practical usability and
acceptance of Al-generated content in educational settings.
Human participants can provide feedback on the generated
MCQs and answer them accordingly, together with
commenting on the accuracy of the expected answers from the
models. Their perspective on correctness contributes to the
improvement of the model's knowledge base, addressing any
discrepancies that may be overlooked in the training phase.
Participants will also help to evaluate the utility of
explanations accompanying each option. This feedback helps
to refine the quality of information provided to leaners,
ensuring that the options are not only accurate but also
presented in a manner that is conducive to effective learning.

VIII. CONCLUSION

In conclusion, this research contributes valuable insights
into leveraging ChatGPT in HCI education, specifically using
Custom GPTs- showcasing its potential for personalized and
effective learning experiences. As Al continues to play an
increasingly prominent role in education, the findings of this
study pave the way for further advancements and refinements
in the integration of Al tools for educational enhancement.
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