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LLM-powered chatbots such as ChatGPT, Gemini, LLaMA, and Claude have emerged as
accessible and widely adopted platforms for personalised learning support, but they can also
propagate misinformation. This Master’s thesis examined the influence of LLM chatbot-
generated misinformation on student performance in Mathematics using data from a high
school in Singapore. The study followed a mixed-method approach. Data was initially col-
lected through a baseline assessment, which was a survey administered to understand the
starting point of participants’ understanding and usage patterns of chatbots and traditional
search engines. This was followed by an intervention experiment, where participants were
divided into two groups; the control and the treatment group. Participants interacted with
two versions of a Modulus Operations Chatbot and solved a twenty-minute quiz. The partic-
ipants were allowed to use a Modulus Operations Chatbot for assistance. The control group
had a fully functional Modulus Operations Chatbot that explained modulus operations. The
treatment group had a Modulus Operations Chatbot that explained modulus operations and
also solved modulus-related questions. However, the Modulus Operations Chatbot of the
treatment group was deliberately programmed to provide wrong answers to two out of the
five questions on the quiz. Both participants in the control and treatment groups were al-
lowed to complete the modulus operations quiz with their version of the Modulus Operations



Chatbot. The experiments ended with a post-assessment, which was a survey administered
to participants to understand how they rated their performance after interacting with the
Modulus Operations Chatbot. Both the lab experiment and the online surveys were anal-
ysed using Stata to obtain the descriptive statistics, correlation and Ordinary Least Squares
(OLS) Regression. The findings from the study confirm that students trust and often relied
on the Modulus Operation Chatbots’ responses without further analysis or verification, thus
replicating multiple injected errors. The majority of the wrong answers by treatment group
participants in the quiz were replicated injected errors. A high number of replicated injected
errors is associated with a lower grade in the quiz. Participants who self-identified as Girls
replicated more injected errors in the quiz than those who self-identified as boys. Participants
within the treatment group who trust LLM-based chatbot services more than Wikipedia or
Google replicated less injected errors than those who trusted Google or Wikipedia more than
LLM-based chatbot services. The study recommends that students and teachers be informed
about the limitations of LLM Chatbot services and how LLM Chatbot services can generate
incorrect responses. Additionally, companies should test their LLMs more thoroughly to
catch bugs in their models, as this will make their models produce more accurate and correct
responses to user queries.
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1 Introduction

1.1 Introduction

In his 1950s seminal paper, Alan Turing proposed that future computing machines would
possess the capacity to think. Over the past seven decades, Artificial Intelligence (AI) has un-
dergone multiple evolutions, particularly in Natural Language Processing (NLP) and Large
Language Models (LLMs) (Celik et al., 2022; Cope et al., 2021). In higher education, LLM-
powered chatbots such as ChatGPT, Gemini, Large Language Model Meta AI (LLaMA), and
Claude have emerged as accessible and widely adopted platforms for personalised learning
support (Zhai et al., 2021). Though models such as Google’s Gemini and Meta’s LLaMA
are notable, ChatGPT remains the most prominent in academic settings due to its widespread
availability and ease of use. This is evident in the 700 million weekly active users of Chat-
GPT (OpenAI, 2025a). Developed by OpenAI in 2022, ChatGPT is an NLP system capable
of producing coherent and informative responses to user queries (OpenAI, 2025a; Zhai et al.,
2021).

LLM-powered chatbots have several advantages to both the academic community and society
at large. For educators, sharing their workload with LLM-powered chatbots can give them
more time to focus on other areas of teaching. For students, LLM-powered chatbots can
provide one-on-one tutoring, enabling them to access tutoring regardless of their financial
situation. Moreover, LLM-powered chatbots can help students find solutions faster than
traditional search engines. This is because LLM-powered chatbots understand semantics,
have high reasoning capabilities, and are receptive to follow-up questions. Thus, allowing
students to adopt a deep approach to learning in a student-centred environment, where critical
thinking is nurtured (Dam et al., 2024; Labadze et al., 2023; Yu, 2023).

There have been several prior works on the transparency and explainability of LLMs; the
link between different aspects of technology and student performance; the ethics of using
LLM-powered chatbots in the academic community; and the teachers’ perspective on LLM-
powered chatbots. Bilal et al. (2025) and Tropeano et al. (2025) discussed how neural net-
works and deep learning architectures used in LLMs make it challenging to understand how
output is generated. Moreover, Bilal et al. (2025) and Tropeano et al. (2025) discussed how
minor structural adjustments, such as pruning, can cause LLMs to produce inconsistent or
conflicting answers, further complicating the assessment of their reliability and transparency.

Several authors have examined the ethics of secondary school and undergraduate students’
use of ChatGPT for academic purposes. They found that while many students benefit from
the accessibility and immediacy of support provided by ChatGPT, there are concerns about
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academic integrity, overreliance, and unequal digital literacy (Huallpa et al., 2023; Lo, 2023;
Yu, 2023; Rane, 2024; Adelegan, 2024).

Previous studies found that educators are cautiously optimistic, recognising the potential
for personalised learning and workload reduction, but remain concerned about issues such as
student misuse, lack of transparency, and insufficient institutional guidelines. Moreover, they
found that although ChatGPT can support creativity, critical thinking, and engagement, it can
also pose pedagogical and ethical challenges, particularly regarding trust, dependency, and
the authenticity of student learning (Zhai et al., 2021; Mijwil et al., 2023; Kaplan-Rakowski
et al., 2023).

Aguilar-Roca et al. (2012) analysed the effect of laptop usage during lectures on learning
outcomes and found that laptop usage generally had a negative impact compared to tradi-
tional note-taking, with the extent varying based on how laptops were used and students’
learning habits. Adelegan (2024) analysed the effect of ChatGPT on the performance of
secondary students in North America, Africa, and Europe and found that ChatGPT had a
positive effect on student learning but the level of the effect varied slightly across different
domains of knowledge studied, namely, Mathematics, Science, and English.

Other studies found that users’ pre-existing beliefs in the capabilities of AI systems, despite
the absence of genuine functional assistance, can significantly shape their subjective experi-
ences with the AI systems. The studies found that users’ positive or negative beliefs about
AI assistance influenced their perceptions of performance. (Kosch et al., 2022; Villa et al.,
2023; Denisova & Cook, 2019; Vaccaro et al., 2018). Five years after the introduction of the
World Wide Web (WWW), Metzger et al. (2003) conducted a study examining how college
students used online resources. The study found that students relied heavily on web-based
information for a wide range of tasks, while not considering web-based sources to be as cred-
ible as traditional information sources. However, the students rarely took steps to thoroughly
verify the information retrieved. Despite these concerns about credibility, students reported
using the internet in their research as frequently as academic journals and more often than
newspapers or magazines.

To the best of the author’s knowledge, no previous study has conducted a controlled exper-
iment in which an LLM-powered chatbot was intentionally designed to deliver purposeful
misinformation to students, intending to measure both the extent of students’ reliance and
how critically students evaluate LLM-powered chatbots.

This Master’s thesis aims to fill this gap by investigating the extent to which students trust in-
formation from LLM-powered chatbots and their tendency to rely on information generated
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by LLM-powered chatbots without verification in the domain of Mathematics, using a case
study of International Baccalaureate (IB) students of United World College of South East
Asia (UWCSEA), Singapore. The United World College of South East Asia (UWCSEA),
Singapore, was chosen as the recruitment site due to its diverse student population, repre-
senting 118 nationalities across Asia, Europe, the Americas, Australia, Africa, and Oceania.

In particular, Singapore represents a unique case with its high-performing school system,
widespread use of tuition centres, and strong emphasis on examination success. With over
1,000 tuition centres nationwide, students often face significant academic pressure, which
may lead to increased reliance on tools like LLM-powered chatbots for support and efficiency
(Lim & Tan, 1999; Teo & Koh, 2023).

Although LLM-powered chatbots can provide knowledge in various fields, Mathematics was
chosen for this study due to its objective and quantitative nature. Unlike subjects that rely on
interpretation or opinion, Mathematics allows for clear-cut right or wrong answers, making
it easier to introduce subtle but intentional misinformation. For example, an LLM-powered
chatbot might present a plausible-looking solution with a small calculation error or a mis-
leading explanation. This setup allows the researcher to precisely observe whether students
critically evaluate the responses or accept them at face value. Furthermore, Mathematics is
foundational in many academic programs, which increases the relevance and impact of the
findings across disciplines.

The goal of the paper is to investigate the extent to which students trust information from
LLM-powered chatbot services and their tendency to rely on AI-generated information with-
out verification.

The study has three objectives. Firstly, the study analyses the extent to which students crit-
ically evaluate information generated by LLM-powered chatbots in the domain of Mathe-
matics. Secondly, the study investigates the impact of replicated injected errors on student
performance. Thirdly, the study examines the impact of prior knowledge, confidence, gen-
der, and perceived helpfulness on the occurrence of replicated errors.

To this end, the author aims to answer three main research questions. Our first question
aims to verify whether students critically evaluate incorrect information generated by LLM-
powered chatbots:

RQ1: Do students in the treatment group overly rely on the chatbot output, compared to
students in the control group?
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Previous studies found that college students relied heavily on web-based information for
a wide range of tasks, while rarely taking steps to verify the information retrieved. This
is particularly concerning given that LLMs are prone to incomplete information, outdated
content, factual errors and contain extensive amounts of knowledge derived from web-scale
data, unchecked by humans (Metzger et al., 2003; Wang et al., 2023; AlKhamissi et al.,
2022). Consequently, we predict that students in the treatment group with a chatbot that
injects wrong answers will perform worse on the quiz than the students in the control group
with a chatbot that does not inject wrong answers, and as such, the treatment group will
replicate incorrect answers from the chatbot. This leads to hypothesis one, which states that
students in the treatment group with a chatbot that injects wrong answers will perform worse
on the quiz than the control group.

In addition, the author examined how the existence of inaccurate information produced by
LLM-powered chatbots is associated with student performance, which leads to our second
question:

RQ2: Is the reproduction of injected error associated with student grades in the quiz?

Some authors have examined the ethics of secondary school and undergraduate students
using ChatGPT for academic purposes and raised concerns about overreliance, among oth-
ers (Huallpa et al., 2023; Lo, 2023; Yu, 2023; Rane, 2024). Moreover, some researchers
found that ChatGPT performed unsatisfactorily in law school examinations, software testing
courses, and graduate-level mathematics (Petroni et al., 2019; Choi et al., 2022; Jalil et al.,
2023; Frieder et al., 2023; Hargreaves, 2023). The overreliance paired with the poor perfor-
mance of ChatGPT in certain knowledge domains could result in a worse performance in the
quiz.

Therefore, we expect that students who have chatbots with injected errors will over-rely
on the chatbot, reproduce the injected errors, and perform worse in the quiz. This leads
to hypothesis two, which states that replication of incorrect answers from the LLM-based
chatbot is negatively associated with student grade.

The third research question examines the association between background variables such as
gender, age, level of confidence, prior knowledge, and perceived helpfulness on the number
of replicated errors.

RQ3: Are background variables such as gender, age, level of confidence, prior knowledge,
and perceived helpfulness associated with the number of replicated injected errors?
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Schnepper & McCoy (2013) found technical mistakes and misused data occurring frequently
in the answers of high school-aged algebra students. Moreover, Huallpa et al. (2023) found
that younger students correlate negatively with dependency on AI. Kosch et al. (2022) found
that users’ positive or negative beliefs about AI assistance influenced their perceptions of
performance. This is particularly concerning given that LLMs are prone to incomplete infor-
mation, outdated content, factual errors and contain extensive amounts of knowledge derived
from web-scale data, unchecked by humans (Wang et al., 2023; AlKhamissi et al., 2022).
Therefore, we expect that background variables such as gender, age, level of confidence,
prior knowledge, and perceived helpfulness will be associated with the number of replicated
injected errors. This leads to the third hypothesis, which states that background variables
such as gender and age, level of confidence, prior knowledge, and perceived helpfulness will
be associated with the number of replicated injected errors.

1.2 Structure of the Thesis

Chapter two discuses the history of AI; misinformation in LLMs and Chat AI services; and
their role in education. Chapter three outlines the research methodology, detailing the de-
sign of the online questionnaires, the laboratory experiment, the data analysis procedures,
and the rationale behind the selected methods. Chapter four presents the research findings.
Finally, Chapter five summarises the key results, discusses their implications, and provides
conclusions and recommendations based on the study.
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2 Background

This section presents a literature review of relevant papers. Section 2.1 presents the evolution
of AI systems. Section 2.2 presents the evolution of leading LLM-based chatbot services.
Section 2.3 presents the process LLM-based chatbot services use to analyse user prompts.
Section 2.4 presents the impact of ChatGPT in education. Section 2.5 presents the ethics
of ChatGPT. A summary on the performance of ChatGPT in different fields is presented in
Section 2.6. Section 2.7 examines the influence of expectations on the perception of LLM-
based chatbot services. Section 2.8 presents misinformation in LLM-based chatbot services.

2.1 Evolution of Generative AI systems

During the Dartmouth Conference (1956), scientists and mathematicians examined the idea
that computers could be capable of solving tasks traditionally reserved for human cognition,
if the tasks were described precisely and clearly. The conference did not result in an agree-
ment, but it served as an important moment in the field of AI. Over the years, there have been
three main eras of AI development (Yu, 2023).

The first major wave was in the 1950s, marked by the Turing Test, which consisted of an
interrogator speaking with a human and a machine through written messages. The goal of the
experiment was to distinguish between the person and the machine. If the interrogator could
not reliably tell the machine from the human, the machine possessed human-like intelligence.
However, the technology was not sufficiently advanced, so the machine did not pass the
Turing test (Turing, 1950; Yu, 2023).

The 1980s marked the second major advancement, characterised by increased funding in al-
gorithm expansions. This time period saw advancements in robot emotional cognition (such
as Kismet), speech recognition, and translation technologies. Other key contributions were
artificial neural networks and expert systems such as Hopfield, Feigenbaum, and Reichard.
Nonetheless, limitations in hardware and algorithms were still present, leading to setbacks
in AI development (Yu, 2023).

The third and current technological wave commenced in the early 2000s with advancements
in big data, massively parallel computing, deep learning algorithms, and cloud computing
within the field of information technology. Notably, Deep learning has enabled the develop-
ment of generative AI models such as GPT-4 by OpenAI, Gemini by Google, and Llama by
MetaAI (Buscemi & Proverbio, 2024; Yu, 2023).
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2.2 Evolution of Leading LLM Chatbots

LLMs are advanced NLP systems, such as GPT, LLaMA, and Gemini, trained on large
datasets to understand and generate human-like language. With neural networks contain-
ing millions to billions of parameters, they capture complex linguistic patterns. The process
starts with the models being pre-trained on extensive internet texts. Following this, the mod-
els align their responses with human preferences through techniques such as Reinforcement
Learning from Human Feedback (RLHF) (Buscemi & Proverbio, 2024).

GPT-1 was OpenAI’s first model, utilising a transformer trained on text corpora in 2018.
In 2019, GPT-2 introduced more transformer decoders and a richer dataset, significantly in-
creasing the parameters. GPT-3, released in 2020, demonstrated strong performance across
a range of NLP tasks. The model improved through interactions and human feedback. In
November 2022, ChatGPT launched with the GPT-3.5 architecture, enhancing multi-turn in-
teractions and intent understanding. In March 2023, GPT-4 was released as a multimodal
model used for text and image processing. ChatGPT Plus, based on GPT-4, transformed
NLP, impacting billions worldwide. GPT-4o was released on May 13, 2024, as a model ca-
pable of processing and generating text, audio, and images in real-time with faster speed and
efficiency across modalities. In July 2024, OpenAI introduced GPT-4o Mini, a smaller and
more affordable version of GPT-4o. In May 2025, OpenAI released the GPT-4.1 series, in-
cluding GPT-4.1, GPT-4.1 Mini, and GPT-4.1 Nano. These models excelled beyond GPT-4o
and GPT-4o Mini with better coding, larger context windows of up to one million tokens, and
improved long-context comprehension (Zhai et al., 2021; OpenAI, 2025a; OpenAI, 2025b;
OpenAI, 2025c).

Gemini is a family of multimodal LLMs developed by DeepMind and released in Decem-
ber 2023. It includes Gemini Ultra, Pro, and Nano, designed for complex, diverse, and
local processing, respectively. The models use autoregressive transformer architectures with
modifications for efficient Tensor Processing Unit (TPU) training and inference, incorporat-
ing multi-query attention. The Nano-2 version, optimised for edge devices, contains 3.25
billion parameters and was trained on multimodal and multilingual datasets, encompassing
texts, images, audios, and videos. Gemini excels in image recognition and has outperformed
human respondents in Massive Multitask Language Understanding (MMLU) benchmarks
(Buscemi & Proverbio, 2024).

LLaMA is a series of models released by Meta AI in February 2023, built on the trans-
former architecture. Unlike standard layer normalisation, LLaMA employs Root Mean
Square Layer Normalisation (RMSQLN). LLaMA employs the Swish-Gated Linear Unit
(SwiGLU) activation function and utilises Rotary Position Embedding (RoPE) for token po-
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sitions. Trained with a context length of 2K tokens, LLaMA was followed by LLaMA2
in July 2023, which features an extended 4K context length and Grouped-Query Attention
(GQA). Both models were pretrained on approximately two trillion tokens from publicly
accessible datasets, including CommonCrawl, Wikipedia, and LaTeX sources. The models
were then fine-tuned on instructional datasets and newly generated examples from human
contributors, with a knowledge cutoff of September 2022 (Buscemi & Proverbio, 2024).

2.3 LLM Chatbot Analysis of User Prompts

An LLM-powered chatbot is an artificial virtual entity that uses Language Understanding
Components (LUC) to generate natural language responses to user queries, delivering intel-
ligent responses and assistance across various fields of knowledge. The process of analysing
audio or text user queries can be broken into four distinct steps (Tamrakar & Wani, 2021;
Adamopoulou & Moussiades, 2020).

Firstly, the LLM-powered chatbot analyses the intent behind the user’s query, utilising NLP
and extracts relevant entities such as names, dates, and locations (Tamrakar & Wani, 2021;
Adamopoulou & Moussiades, 2020).

Secondly, the LLM-powered chatbot extracts context from previous exchanges with the user
through the Dialogue Management Components (DMC). The DMC utilises a neural network
that enables the chatbot to determine whether to request additional information, retrieve data,
or execute a command (Tamrakar & Wani, 2021; Adamopoulou & Moussiades, 2020).

Thirdly, the Response Generation Component (RGC) generates human-like responses using
Natural Language Generation (NLG). The NLG is often supported by a generative model
such as GPT-4, LLaMA or Gemini. These models enhance the LLM-powered chatbots’
ability to understand complex context and nuanced conversations (Tamrakar & Wani, 2021;
Adamopoulou & Moussiades, 2020).

Finally, the LLM-powered chatbot updates the DMC with conversational context based on
the users’ last query and the last generated response of the LLM-powered chatbot. This
allows the LLM-powered chatbot to have a feedback loop, where it can learn from previous
responses and adjust internal weights for improved future responses (Tamrakar & Wani,
2021; Adamopoulou & Moussiades, 2020).

2.4 The Impact of ChatGPT in Education

ChatGPT has affected the academic field as a whole, as seen by its 700 million weekly
active users. A key factor of ChatGPT’s influence is its human-like conversational style
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responses. This is possible because ChatGPT understands semantics. Hence, it does not
require indexing, retrieval, or sorting methods (Lo, 2023; Yu, 2023; OpenAI, 2025a).

Moreover, ChatGPT can help students study, answer questions, summarise information, and
facilitate collaboration. As a result, ChatGPT is able to create an environment where students
can apply their knowledge and skills, while receiving real-time feedback and personalised
guidance in a group discussion or debate environment (Lo, 2023).

ChatGPT can be used as an assistant for teachers in many ways. Firstly, ChatGPT can
help teachers with lesson planning, developing instructional materials and providing course
recommendations. Moreover, ChatGPT can help nurture creativity, translate information,
and provide recommendations for students with learning disabilities. Furthermore, ChatGPT
can assist with assessment creation, task generation, concept checking, drafting, feedback,
and evaluating student performance (Lo, 2023; Yu, 2023).

However, some researchers remain pessimistic about integrating ChatGPT into education.
Concerns have been raised about data security, as well as the reliability and accuracy of
ChatGPT’s responses. Challenges include the model’s reliance on potentially biased training
data, limited access to the most current information, and its propensity to generate plausible
but incorrect answers. Additionally, the use of ChatGPT in educational settings may increase
the risk of plagiarism, which existing detection tools may not effectively identify. Easy
access to ChatGPT could also foster overreliance among students, diminishing their critical
thinking and independent judgment (Lo, 2023; Mijwil et al., 2023; Rane, 2024).

Different laws have been enacted regarding ChatGPT. For instance, Italy temporarily banned
ChatGPT in 2023 due to concerns regarding privacy. This scenario is reminiscent of the 1998
protest by a group of mathematics teachers for the prohibition of calculators in schools,
highlighting the ever-changing landscape of technological regulation (Mijwil et al., 2023;
Robertson, 2023).

Yu (2023) underscored that the academic prohibition of AI in education is only necessary
after first addressing the current pressing issues in the education system, such as inconsisten-
cies in the quality of education across schools, the focus on teaching textbooks without cov-
ering nuances in the topic area, outdated practices, inadequate materials, excessive student
workload, and faulty assessment systems. The unequal distribution of resources between
urban and rural areas results in the existence of “good/bad schools”.

In addition, rather than focusing on prohibitions against ChatGPT and other LLM-powered
chatbots, some researchers suggest solutions for addressing LLM-powered chatbot plagia-
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rism. Firstly, they recommend that teachers use AI-based writing detection tools because
they are more effective than plagiarism detectors in determining if a paper was written with
ChatGPT. Furthermore, they recommended that teachers re-evaluate their education objec-
tives and teaching methods to enhance students’ creative thinking and problem-solving abil-
ities for future societal and workplace demands. Moreover, they suggested that teachers
should focus on incorporating novel-type questions, multimedia resources, and free digital
test formats to prevent students from using LLM-powered chatbots to solve their questions.
Finally, they suggested that teachers check the references used by students because LLM-
powered chatbots have issues with generating references (Yu, 2023; Zhai et al., 2021; Lo,
2023).

More recent research have examined the role of ChatGPT in Mathematics, emphasising both
its advantages and drawbacks. Students and educators typically perceive ChatGPT as a bene-
ficial resource for learning foundational mathematics. ChatGPT has been recognised for fos-
tering student engagement, providing immediate feedback, supporting lesson planning, and
enabling personalised instruction. However, some studies raised concerns regarding Chat-
GPT’s limitations in advanced mathematical reasoning, especially concerning the correction
of student misunderstandings and the management of complex subjects such as spatial geom-
etry and calculus. While there is excitement about its use in education, many experts stress
the importance of establishing ethical guidelines and frameworks for responsible usage to
avoid excessive dependence on AI and to uphold academic integrity (Wardat et al., 2023;
Almarashdi et al., 2024; Pepin et al., 2025).

Beyond providing learning assistance, researchers have investigated ChatGPT’s capacity to
generate mathematical content. Studies have assessed its effectiveness in producing pre-
university mathematics questions across a range of topics and difficulty levels. The results
indicate that ChatGPT performs well in creating context-relevant questions that meet cur-
riculum standards. However, it faces challenges with problems that require multi-step log-
ical and arithmetic reasoning. Overall, these observations suggest that while Mathematics
is organised and logical, it poses distinct challenges for AI, making it an important field for
examining the capabilities of language models in education (Wardat et al., 2023; Pham et al.,
2024; Pepin et al., 2025; Deroy & Maity, 2024).

2.5 Ethics of ChatGPT

Some researchers have examined the ethics of ChatGPT in education, analysing both the
benefits and the drawbacks. Huallpa et al. (2023) highlighted the importance of establishing
guidelines for the ethical use of ChatGPT in Universities, with many students from the study
stressing the necessity for explicit institutional standards regarding privacy and data security.
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Another relevant study by Rane (2024) discussed the implications of LLM-powered chat-
bots being used for academic misconduct. Due to AI-generated content’s close mimic of
human writing, distinguishing between original student work and AI-assisted submissions is
becoming more and more difficult. This raises concerns about academic integrity, as some
students submit AI-produced content without attribution. The ease of copying AI responses
can discourage genuine research and critical thinking, undermining the learning process. To
tackle these issues, the study recommends that educational institutions establish clear poli-
cies, promote ethical AI use, and employ detection tools to ensure responsible engagement
with AI in academia.

Zhai et al. (2021) and Mijwil et al. (2023) analysed the process of generating essays with
ChatGPT. Zhai et al. (2021) focused on text generation and error correction, while Mijwil
et al. (2023) focused on assessing ChatGPT’s essay writing skills. Both studies found that
ChatGPT can produce coherent, systematic, and partially accurate texts with rapid genera-
tion times. However, neither of the generated essays fully adhered to the academic writing
standards, and both essays required thorough proofreading and correction. Despite the ad-
vantages of using AI tools in education, both authors expressed concerns about ChatGPT’s
potential impact on task assessment and evaluation, primarily due to the minimal effort re-
quired for quick text generation.

Yu (2023) pointed out a recent survey conducted by American universities, which reveals
that nearly 89% of students have used ChatGPT for assignment completion, and 22% of
students have employed ChatGPT for examinations. Furthermore, Yu (2023) stated that the
use of ChatGPT for academic research may lead to plagiarism issues within the academic
community. Consequently, many educational institutions worldwide are either prohibiting
or restricting students’ access to ChatGPT.

Five years after the introduction of the World Wide Web (WWW), Metzger et al. (2003)
conducted a study examining how college students use online resources. The study found
that students relied heavily on Web-based information for a wide range of purposes. How-
ever, they did not consider online sources to be as credible as traditional information sources
and rarely took steps to thoroughly verify the information they found. Despite these con-
cerns about credibility, students reported using the Internet in their research as frequently as
academic journals and more often than newspapers or magazines. This closely mimics the
situation with LLM-powered chatbots.
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2.6 The Performance of ChatGPT in Different Fields

Lo (2023) reviewed literature on ChatGPT-3.5 performance across various subject domains
in the field of education. Table 1 summarises ChatGPT’s performance across various subject
domains as assessed by different studies conducted by researchers up until 2023.

Table 1: ChatGPT’s Performance Across Various Subject Domains
Subject Domain Studies Findings

Critical and higher
order thinking Susnjak (2022) ChatGPT performed excellently.

Economics Geerling et al. (2023)
In Test of Understanding in College Economics(TUCE),

ChatGPT was placed within the 99th centile.

Programming
Buchberger (2023),
Stutz et al. (2023)

ChatGPT gave good explanations and
performed average to

outstanding in homework tasks.

English Language
Comprehension deWinter (2024)

In a Netherlands secondary school English
comprehensive examination ChatGPT

performed slightly above average student grade.

Law
Choi et al. (2022),
Hargreaves (2023)

Across four law course examinations at
the University of Minnesota, ChatGPT

recieved an average grade of C+.
ChatGPT’s performed unsatisfactory in spotting
and problem-solving questions in twenty-four

different law school examinations.

Medicinal Education

Gilson et al. (2023),
Fijacko et al. (2023),

Han et al. (2024),
Kung et al. (2023),

Nisar & Aslam (2023),
Wang et al. (2023),

Huh (2023),
Hisan & Amri (2023),

Mogali (2024)

In the United States, ChatGPT
showed moderate accuracy on the American medical licensing
exam but did not pass the American Heart Association exam.
In Malaysian pharmacology courses, ChatGPT gave relevant

responses but did not include adequate citations.
In China, its performance was lower than the average medical
student, a trend also observed in Korea, India, and Singapore.

Mathematics Frieder et al. (2023)
ChatGPT performed below average in graduate

level Mathematics.
Sports science

and Psychology Szabo (2023) ChatGPT was tested on exercise addiction questions and failed the test.

Software testing Jalil et al. (2023) ChatGPT failed a course on software testing.
MCQ-based
examinations

across subjects
Newton & Xiromeriti (2023)

In majority of muliple choice examinations,
ChatGPT was unable to achieve a passing score

performing significantly worse the student average.

The study emphasised the significance of academic integrity and institutional policies, in-
cluding anti-plagiarism guidelines. Moreover, the study found that promoting academic
honesty can help reduce the unethical use of ChatGPT in education and facilitate effective
collaboration. Another researcher examined the impact of ChatGPT on student performance
in three domains of knowledge (English, Mathematics and Science) in Finland, Nigeria and
America. The paper found that students who used ChatGPT to study before their quiz per-
formed significantly better in Mathematics across the pooled data from all three countries.
In Nigeria, the use of ChatGPT was associated with better performance in the mathematics
quiz, suggesting a strong positive impact. In Finland, however, ChatGPT use was linked to
lower performance in Mathematics, indicating a possible negative influence. In the United
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States, the effect of ChatGPT on mathematics scores was positive but not statistically sig-
nificant, pointing to a more modest or uncertain impact. These mixed findings suggest that
the effectiveness of ChatGPT in enhancing mathematics learning may vary depending on the
educational context (Adelegan, 2024).

2.7 Expectations and Utilisation of LLM Chatbots

Some studies have investigated the cognitive dissonance students experience when evaluating
the legitimacy of AI-generated information. Denisova & Cook (2019) researched the use of
sham power-ups in video games and found there to be no significant difference between
immersion scores collected from players with real power-ups and those with placebo power-
ups. This indicates that the participants felt that the power-ups were making their player
stronger, even when they were not doing anything.

Vaccaro et al. (2018) researched the use of control settings for users’ news feed and how
users engage with difficult-to-validate controls. The study found that users are more satisfied
with having control settings, rather than the control settings actually working. Additionally,
participants are more likely to blame themselves for the systems violating their expectations
than the control systems themselves. Kosch et al. (2022) examined how users’ beliefs in
the capabilities of AI systems, despite the absence of genuine functional assistance, can
significantly shape their subjective experiences. They found that users’ positive or negative
beliefs about AI assistance influenced their perceptions of performance. This demonstrates
how expectation can lead users to align their perceptions with their expectations of AI, rather
than with reality. The studies found that the perception of novelty surrounding a product or
intervention leads individuals to believe in its innovative nature.

In the context of AI usage, students may experience cognitive dissonance when AI-generated
information conflicts with their prior knowledge, creating psychological discomfort that
prompts them to reassess their beliefs. This dissonance can lead to a tendency to accept
AI responses without critical evaluation, especially when the chatbot appears confident or
provides seemingly accurate solutions.

2.8 Misinformation in LLMs

Some researchers have examined the misinformation of LLMs. Wang et al. (2023) in their
research on KnowledGPT identified significant obstacles that LLMs encounter, such as in-
complete information, outdated content, factual errors, and poor adaptability. They suggest
linking LLMs with structured knowledge bases to enhance their reliability. However, the
need for such integrations highlights the unreliability of standalone LLMs, especially in ed-
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ucational settings where students may lack the expertise to identify misinformation.

AlKhamissi et al. (2022) cautioned that LLMs implicitly contain extensive amounts of knowl-
edge derived from web-scale data, unchecked by humans. This lack of transparency means
that LLMs can confidently produce responses that seem authoritative but are actually incor-
rect. This is a significant concern as students often depend on LLM chatbot services to learn
new concepts.

Zheng et al. (2024) found that existing evaluations of LLMs are very limited. Their Un-
seenQA dataset demonstrates that LLMs frequently struggle with factual accuracy and co-
herence when addressing new or nuanced information, which could result in inconsistent
and contradictory explanations when students pose follow-up questions. For learners, partic-
ularly in self-directed settings, this inconsistency can lead to confusion and impede long-term
information retention.

Petroni et al. (2019) found that while models such as Bidirectional Encoder Representa-
tions from Transformers (BERT) can respond to factual inquiries, their effectiveness varies
significantly across different types of knowledge. Some domains are more prone to inac-
curacies, which could misguide students who are focusing on subject areas that are less
well-represented or funded.

These studies collectively indicate that while LLMs are powerful tools, they present a con-
siderable risk when used as educational resources without appropriate safeguards. Students,
particularly those lacking strong foundational knowledge, might struggle to differentiate
between accurate and inaccurate AI-generated information. This paper seeks to address a
significant gap within the existing literature: how students react to misinformation from
LLM-powered chatbots and whether students are capable of or willing to critically assess
the content provided by LLM-powered chatbots, especially within the domain of Mathemat-
ics, using a case study of high school students in Singapore.
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3 Research Methodology

This section presents the setup for the experiment and the data analysis. Section 3.1 presents
information about the methodology used for the study. Section 3.2 provides information
about the participants and the process of contacting the school. Section 3.3 presents the
development process of the Modulus Operations Chatbot. Section 3.4 provides information
on the data analysis method.

3.1 Mixed Methodology

In this study, mixed methodology, comprising both qualitative and quantitative methods,
was employed. Mixed methodology was chosen for two reasons. Firstly, mixed method-
ology provides a more accurate inference than could be provided by one method. Thus,
offering a richer insight by using its strengths and discarding the weaknesses inherent to
both quantitative and qualitative methodologies. Secondly, mixed methodology provides an
avenue for varying perspectives, especially where the quantitative and qualitative data may
diverge. Such contrasting findings are important because they prompt a reassessment of the
conceptual framework and the assumptions inherent to quantitative and qualitative research.
Additionally, mixed methodology deepens our understanding of a phenomenon, assessing
the boundary conditions or relationships among its components, and opening new avenues
for future inquiries (Venkatesh et al., 2013).

3.2 Participants

The study was conducted with participants from the United World College of South East
Asia (UWCSEA) in Singapore. The author contacted the school authorities, who requested
for the details of the experiment, the slides, the quizzes and the surveys. Following this, the
school authorities took the documents through their internal ethical procedures. Afterwards,
the school authorities gave clearance for the experiment to be performed with the boarding
house students. Participants from the United World College of South East Asia (UWCSEA)
boarding house were recruited via convenience sampling. All boarding house students in
grades 11 and 12 enrolled in the International Baccalaureate (IB) track were invited to par-
ticipate. Both scholarship and non-scholarship students were included in the study. There
were a total of fifty-three secondary school students recruited from the boarding house of the
United World College of South East Asia (UWCSEA).

The United World College of South East Asia (UWCSEA), Singapore, was chosen as the
recruitment site due to its diverse student population, representing 118 nationalities across
Asia, Europe, the Americas, Australia, Africa, and Oceania. The boarding house students
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were from grades 8 to 12, totalling 154 boarders, out of which 107 students were in grades
11 and 12. The final sample comprised of 53 participants, representing around 50% of
the total sample, of which 23 were self-reported males, and 30 were self-reported females,
aged between 16 and 20. The study was conducted in accordance with the principles of the
Declaration of Helsinki. Participants were fully informed about the nature and objectives of
the study and their rights as research participants. This included the right to withdraw at any
time without consequence.

The author adopted a controlled experimental setting, with two groups of participants, namely
the control group and the treatment group. The participants in the control and treatment
groups were each given one of two slightly varied chatbots; this was done to allow a compar-
ative study to take place. The control group was given a chatbot that explained the concept of
modulus operations. The treatment group was given a chatbot that explained the concept of
modulus operations and additionally solved both remainder and modulus-related questions.
However, for direct numerical questions involving remainders and modulus calculations, the
treatment group’s Modulus Operations Chatbot was intentionally injected with incorrect an-
swers for two out of the five quiz questions. This error rate was chosen to reflect realistic
performance variability observed in AI systems. From the literature, independent evaluations
of ChatGPT in mathematical word problems have shown failure rates ranging from 28% to
84%, depending on the required explainability. By introducing two incorrect answers for
every five question quiz, participants were encouraged to critically evaluate the chatbot’s
output rather than rely on it blindly (Shakarian et al., 2023). The different types of incorrect
answers injected into the chatbot for direct numerical questions are presented in Table 2.

Table 2: Types of Injected Errors

Injected Error Example

Flip y mod x

Quotient x remainder y

Nearby x mod (y - 1)

Off-by-one 1 ± (x mod y)

The four types of error are flip, quotient, nearby, and off-by-one. Flip error occurs when,
instead of finding x mod y, the Modulus Operations Chatbot calculates y mod x. Quotient
error occurs when, instead of calculating x mod y, the Modulus Operations Chatbot calculates
the remainder of x / y. Nearby error occurs when, instead of calculating x mod y, the Modulus
Operations Chatbot subtracts one from the divisor and does x mod ( y - 1 ). Finally, off-by-
one error occurs when the Modulus Operations Chatbot performs the correct calculation of
x mod y, but the result has one subtracted from it, 40% of the time, and one added to it, 60%
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of the time.

These four error types were chosen as students frequently make these mistakes when per-
forming mathematical calculations. Schnepper & McCoy (2013) analysed Algebra II stu-
dents’ work, identifying and categorising systematic error patterns. The systematic error pat-
terns included computational mistakes and data misapplication. The participants in the study
were high school students, providing a realistic basis for modelling errors in this study’s IB
student population.

3.3 Prompt templates

To support the study, a custom Modulus Operations Chatbot was created. The Modulus Op-
erations Chatbot was created to assist students with learning about modulus operations. The
Modulus Operations Chatbot was built using Rasa 3.12, with its features coded in Python.
Rasa is an open-source machine learning framework that automates both text-based and
voice-based conversations. Rasa’s training is powered primarily by TensorFlow, which trains
both Natural Language Understanding (NLU) and Dialogue Management Models (DMMs).
The NLU model used was Dual Intent and Entity Transformer (DIET), with the dialogue
management relying on the Transformer Embedding Dialogue (TED) Policy with optional
rule-based and fallback policies. The interface was programmed using HyperText Markup
Language (HTML), Cascading Style Sheets (CSS), and JavaScript. The Modulus Opera-
tions Chatbot was then deployed using GitHub Pages, making the webpage accessible to
all. The study utilised Ngrok tunnelling to connect the Rasa backend as an accessible server
to the front end via GET requests from GitHub Pages. Ngrok is a globally distributed re-
verse proxy that delivers traffic to services from anywhere without requiring changes to the
environment’s networking (Rasa Technologies, 2025; Grok Technologies, 2025).

The author used Rasa version 3.12 to set up the Modulus Operations Chatbot by manually
creating intents, stories, rules, and actions based on common modulus operation questions.
The intents used for the Modulus Operations Chatbot are summarised in Table 3.
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Table 3: The Intents Used For The Modulus Operations Chatbot
Intent User Prompt Response
mod_explain

• Please explain modulus.

• Can you explain the modulus
operation?

• How does mod work?

Provides an explanation of modulus
operations with two example cases.

mod_neg

• Compute −2000 mod 400.

• Can you calculate −30 mod
−5?

Handles cases with a negative num-
ber and ensures the remainder is
always non-negative by adjusting
with the divisor.

mod_equal

• Is −20 mod 4 equal to 0?

• Does 10 ≡ 22 mod 6?

Returns a true or false value de-
pending on the validity of the ex-
pression.

mod_remainder

• What’s the leftover when you
divide 13933 by 333?

• Give me the remainder for
−100÷9.

Returns the remainder of a division
between two numbers.

mod_zero

• What is 332 mod 0?

• mod (1110,1103)

Handles both x mod 0 and 0 mod x
cases and returns the result.

mod_base

• I want to calculate
300000 mod 0.

• What is 2 mod 0?

• Could you calculate
2500 mod 0 for me?

Perform standard modulus calcula-
tions.

Fallback

• SVSJOJW

• What is 13 mod ?

Return a list of the operations that
the modulus chatbot handles if the
user’s query is unreadable.

mod_story

• Xia has 10 slices of cake and
has to divide it among 3 peo-
ple, such that there will be no
leftovers. How many leftover
slices will Xia have?

Recognise word problems phrased
as stories. Extract numbers and
compute the modulus operation.
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The Modulus Operations Chatbot was designed to mirror well-known LLM-powered chatbot
applications. The Modulus Operations Chatbot featured a separate area for user input and
another area for the Modulus Operations Chatbot’s responses. Additionally, the Modulus
Operations Chatbot had both a scrollable layout and a delay-simulation button to emulate
natural response time. The Modulus Chatbot’s tone and response style were modelled on
outputs generated by testing similar prompts across major AI tools, such as ChatGPT, Gem-
ini, and Llama (refer to Appendix A for example responses from LLaMA, Appendix B for
responses from Gemini, Appendix C for responses from ChatGPT). The User Interface (UI)
of the Modulus Operations Chatbot is presented below.

Figure 1 illustrates the UI of the Modulus Operations Chatbot when replying with a correct
answer to a student’s prompt and when replying with an injected incorrect answer.

Figure 1: User Interface for Correct and Injected Error Response

Figure 1 shows the welcome message displayed each time the user loads the page. The user
in Figure 1 asked 10 mod 3. In the image to the left, the Modulus Chatbot responds with
a correct answer, while in the image to the right, the Modulus Chatbot responds with an
injected incorrect response. Figure 2 shows the UI of the Modulus Operations Chatbot when
replying to true or false questions.
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Figure 2: User Interface for True/False Questions

The Modulus Operations Chatbot provides a green colour for true and red for false. Figure
3 shows the UI for story-based questions and the Modulus Operations Chatbot’s response.

Figure 3: User Interface For Story-Based Questions
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3.4 Procedure

The experiment was conducted on the school premises of United World College of South
East Asia (UWCSEA) on April 11, 2025. The author deployed an online survey to the
participants the day before the experiment. On the day of the experiment, all participants
were given an extra 20 minutes to finish filling out the survey before the experiment began.
The survey consisted of a list of questions regarding participants’ background information,
their use of LLM-powered chatbots, and their knowledge level in modulus operations (refer
to Appendix D for the pre-survey).

Participants were then randomly assigned to either the control or the treatment group. The
groups were separated into two different classrooms. The control group participants were
informed about the features of their Modulus Operations Chatbot. The control group had
a Modulus Operations Chatbot that could explain what modulus operations were and could
also provide a few examples of solutions to modulus operations. The treatment group partic-
ipants were also informed about the features of their Modulus Operations Chatbot. The treat-
ment group had a Modulus Operations Chatbot that could explain what modulus operations
were and provide a few examples of solutions to modulus operations. The Modulus Opera-
tions Chatbot for the treatment group could additionally solve modulus operation questions.
However, the Modulus Operations Chatbot for the treatment group would return incorrect
answers to two out of the five questions asked in the quiz.

Both the control and treatment group participants were instructed to use only the Modulus
Operations Chatbot to understand the concept of modulus operations. The author informed
both groups that they would have a quiz (refer to Appendix E for the quiz questions). Par-
ticipants in the control group used their version of the Modulus Operations Chatbot without
injected errors, while participants in the treatment group used their version of the Modulus
Operations Chatbot with injected errors. Both groups were allowed to use their Modulus Op-
erations Chatbot for assistance but were asked not to copy-paste answers. Participants were
given 20 minutes to solve the quiz. At the end of the quiz, the participants were instructed to
complete another survey, which was the post-experiment survey. The post-experiment sur-
vey consisted of a list of questions regarding participants’ post-experiment self-assessment
of their knowledge level in modulus operations and their assessment of the Modulus Opera-
tions Chatbot post-usage (refer to Appendix F for the post-experiment survey questions).

Both surveys were created and administered using Kobo Toolbox. The questions in Kobo
Toolbox were composed of Likert scale responses from 0 to 4, open-ended questions and
boolean questions (yes/no). Kobo Toolbox was selected due to its ability to manage struc-
tured survey data and provide integrated descriptive analytics. The quiz was designed and
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distributed through Google Forms. Google Forms was chosen for the quiz due to its easy
distribution, automatic grading, and compatibility with spreadsheet-based analysis.

The surveys were analysed with Kobo Toolbox and Microsoft Excel for descriptive statistics,
and results were presented in tables, bar charts and pie charts. This approach provided a
clear picture of the following: participants’ demographic, their usage patterns of LLM-based
chatbot services, their perception of the Modulus Operations Chatbot, their perception of
traditional search engines versus LLM-based chatbot services, and their perceptions of the
trustworthiness of different information sources.

The participants’ quiz solutions were analysed by comparing them against the four types of
errors intentionally injected into the Modulus Operations Chatbot. This comparison made it
possible to identify which incorrect answers were caused by the Modulus Operations Chat-
bot’s deliberate error patterns. By measuring how many participants’ answers matched these
error patterns, the study distinguished between those who likely copied answers directly from
the Modulus Operations Chatbot and those who either arrived at correct answers indepen-
dently or made mistakes unrelated to the Modulus Operations Chatbot. This approach helped
assess whether participants used the Modulus Operations Chatbot as a learning aid or simply
relied on it without verifying the answers. Additionally, the study examined the extent to
which students critically evaluate the information generated by LLM-based chatbots in the
domain of mathematics, and the impact of background information on students’ propensity
to blindly copy incorrect answers from the Modulus Operations Chatbot.

3.5 Method of Data Analysis

The author performed a descriptive analysis using the answers provided by participants in
the quiz from both the control and the treatment group. The author also did a univariate
analysis of the data using Spearman’s correlation. Spearman’s correlation was chosen as the
majority of the data was rank-based or categorical. Additionally, the author performed a mul-
tivariate analysis with Ordinary Least Squares (OLS) using Stata. Ordinary Least Squares
regression (OLS) was chosen because the coefficients were easily interpretable, allowing
the relationships between variables to be straightforward. Secondly, Ordinary Least Squares
(OLS) Regression estimators are unbiased and have the least variance compared to all other
linear unbiased estimators when using Gauss-Markov assumptions. Furthermore, due to
the adaptability of Ordinary Least Squares (OLS) Regression, different functional forms
could be accommodated, and a variety of interactions between dependent and independent
variables could be modelled. Ordinary Least Squares (OLS) regression has the lowest vari-
ance of all unbiased linear estimators, making it the best linear unbiased estimator (BLUE).
Other positive aspects are the asymptotic efficiency, asymptotic normality, and consistency
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(Wooldridge et al., 2020).
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4 Results

4.1 Background Information

In response to the pre-survey, participants provided background information, figure 4 below
presents the breakdown of the background information of participants, namely age, gender
and continent of origin.

Figure 4: Demographic of Participants: Age, Gender and Continent of Origin

About 40% of participants were 18 years old, followed by 29% of participants being either
19 or 20 years old, 27% of participants being 17 years old and 4% of participants being 16
years old. Most of the participants in the study were 18 years old. Regarding the gender
distribution, about 57% of the participants self-identified as females, and about 43% of the
participants self-identified as males. Hence, there were slightly more female participants
than male participants. Participants are from four different continents: About 55% of the
participants were from Africa, followed by about 23% from Asia, about 8% from Europe,
about 6% from North America, about 6% from South America, and 2% from Australia.

The next section of the pre-survey delves into participants’ usage patterns of LLM-powered
chatbot services and traditional search engines. Participants were asked in question 9 if the
have used LLM-powered chatbot services before. About 98% of participants claimed to have
used LLM-powered chatbot services before, while 2% of the participants claimed to have
never used LLM-powered chatbot services. Table 4 presents the breakdown of the responses
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to question 8, usage patterns of traditional search engines; question 11, usage patterns of
LLM-powered chatbot services; and question 16, usage patterns of LLM-powered chatbot
services for Mathematics.

Table 4: Usage Pattern of Traditional Search Engines Versus Usage Pattern of LLM-Powered
Chatbot Services

Never Rarely Sometimes Often Always

Traditional search engines 0% 14% 18% 43% 25%
LLM-powered chatbot services 0% 4% 4% 12% 80%
LLM-powered chatbot services for Mathematics 4% 40% 33% 19% 4%

About 80% of the participants claimed to always use LLM-powered chatbot services for
information seeking in general, while 25% of the participants claimed to always use tradi-
tional search engines for information seeking in general. However, only 4% of participants
claimed to always use LLM-based chatbot services for Mathematics. Despite participants
overall high usage of LLM-based chatbot services, they appear to rely on chat AI services
significantly less for Mathematics, suggesting a hesitancy towards LLM-based chatbot ser-
vices for mathematical support. This may imply that students are more inclined to use other
resources when engaging with mathematics-related tasks.

4.2 Trust and LLM-Powered Chatbots

Participants were asked to rank their most trusted source of information between Wikipedia,
Google, and LLM-powered chatbot services in question 10 of the survey administered prior
to the experiment. In question 14 of the same survey, participants were asked to state whether
they use LLM-based chatbot services as a substitute for their own research or study. Figure
5 presents the breakdown of the responses to question 10, participants’ rankings of their
most trusted source of information, and question 14, the number of participants who use
LLM-based chatbot services as a substitute for their own research or study.
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Figure 5: Reliance on LLM-based Chatbot Services and Preferred Search Engine

About 67% identified Google as the most trustworthy source of information, followed dis-
tantly by 18% for LLM-based chatbot services, and 14% for Wikipedia. However, approx-
imately 65% of the participants reportly use LLM-based chatbot services as a substitute for
their own research. Despite recognising Google as a more trustworthy source, the majority
of participants reported that they always use LLM-based chatbot services as a substitute for
their own research. Figure 6 provides a summary of participants’ ratings of how good LLM-
based chatbot services are in terms of trust, learning and understanding. Participants ratings
were aggregated based on their positive responses (strongly agree or agree) to questions on
how helpful LLM-based chatbot services are in terms of trust, learning and understanding.
About 43% of participants indicated that using LLM-based chatbot services increased their

Figure 6: Summary of Participants’ Ratings of How Good LLM-based Chatbot Services Are
in Terms of Trust, Learning, and Understanding

trust that they had understood a topic. About 62% reported that these services helped them
learn new topics, while 69% stated that LLM-based chatbot services enhanced their under-
standing of subject matter. This shows that students not only perceive LLM-based chatbot
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services as helpful for learning and understanding subject matters but also feel reassured by
the explanations provided by LLM-based chatbot services.

4.3 Analysis of Replicated Injected Errors in the Quiz Score of the Treat-

ment Group

The incorrect responses in the quiz for participants in the treatment group were analysed and
categorised into two groups: replicated injected error solutions and natural mistakes. About
97% of all incorrect answers were replicated injected errors, while 3% were natural mistakes.
Replicated injected errors by participants in the treatment group included all responses that
matched one of the four specific error types deliberately introduced into the Modulus Oper-
ations Chatbot: Flip, Quotient, Nearby and Off-by-one errors. Natural mistakes included all
responses that were incorrect but not caused by the injected errors of the Modulus Operations
Chatbot.

In order to measure how receptive participants are to injected errors, it is necessary to com-
pare the number of injected errors participants encountered in the five-question quiz with the
number of injected errors they reproduced. The expected value E[X ] of the injected errors
encountered by each participant was calculated.

The expected value of a discrete random variable is defined in equation (1) as follows:

E[X ] =
n

∑
i=1

xi p(xi) (1)

The X denotes the random variable, and xi denotes a specific value it can take. To compute
the expected value E[X ], each possible outcome xi is multiplied by its corresponding proba-
bility P(X = xi), and the results are summed across all possible outcomes. In the context of
this study, each of the five independent quiz questions has a 0.4 probability of containing an
injected error. Therefore, the expected number of errors that a participant will encounter is:

E[X ] = 5×0.4 = 2. (2)

Table 5 shows the distribution of the replicated injected errors by participants.
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Table 5: Distribution of Replicated Injected Errors

No. of Replicated Errors Percentage

0 31%
1 31%
2 38%

Approximately 31% of the participants in the treatment group did not replicate injected er-
rors, followed by 31% who replicated one injected error, and 38% who replicated two in-
jected errors. Overall, the majority of participants (69%) in the treatment group replicated
injected errors in their quiz. This confirms that 69% of the participants did not accurately
check the responses of the chatbot. The most common type of replicated injected error by
participants was the off-by-one error, accounting for 51% of all injected errors; this was fol-
lowed by flip errors with 20%, then quotient error with 14%, and nearby error with 14%.
These findings indicate that participants were most likely to copy incorrect mathematical
solutions where the result was ± 1 of the expected result.

4.4 Student Grade in the Quiz for the Control and Treatment Groups

Figure 7 presents the distribution of students’ grade in quiz for both the control group and
the treatment group. About 9% of the participants in the control group scored 100% on the

Figure 7: Distribution of Student Grade in both the Treatment and the Control Group

quiz, around 18% scored at least 80%, and none scored below 40%. Within the treatment
group, some participants scored 20% in the quiz. None of the participants in the treatment
group received 100% in their quiz, indicating that all the participants in the treatment group
received at least one wrong answer, either due to the injected errors or natural mistakes.
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The majority of participants in the treatment group replicated two injected errors in their
quizzes, which is consistent with the two out of five incorrect answers generated by the
Modulus Operations Chatbot. Given that the majority of students reproduced at least one
injected error, this suggests that many did not question or cross-check the Modulus Opera-
tions Chatbots’ responses before submitting their answers in the quiz. This interpretation is
supported by the fact that 69% of the participants had one or more replicated injected errors.
This shows that the students were generally less critical of the Modulus Operations Chatbots’
responses.

In the following sections, we answered the research questions and tested for the hypothesis
stated in section 1.1 with the Univariate analysis, Spearman’s correlation and multivariate
Ordinary Least Squares (OLS) regression to provide a more robust empirical analysis.

4.5 Univariate Analysis

The study analysed the influence of chatbot-generated misinformation on student grade in
Mathematics. Table 6 presents the overall descriptive statistics for the variables used in the
regression analysis.

Table 6: Descriptive Statistics for the Variables Used in the Regression Analysis
Control Treatment Control Versus

Treatment
Mean St. Dev Min Med Max Mean Mean Test of Mean

Replicated Injected
Error

1.06 0.93 0 1 2 1.06

Student Grade 58% 0.83 20% 60% 100% 62% 56% 2.012**
Incorrect Answers
(Non-Injected)

0.10 0.30 0 0 1 0.10

Post-Survey Flags
the Chatbot Error

10% 0.30 0% 0% 100% 10%

Participants that
Trust Chatbots

15% 37% 0% 0% 100% 20% 14%

Chatbots Used as
Research Substitute

65% 47% 0% 100% 100% 80% 49%

Modulus Knowl-
edge Pre-
Experiment

1.83 1.02 0 2 4 1.65 1.9 -0.901

Use of Chatbots for
Math

1.84 1.08 0 2 4 1.76 1.88 -0.336

Use of Chatbots 3.78 0.59 1 4 4 3.95 3.69 1.671*
Modulus Chatbot
Helpfulness Score

2.54 0.84 1 3 4 2.4 2.63 -1.251

Age 2.07 0.79 0 2 3 2.24 2 1.006
Gender 0.57 0.50 0 0 1 0.62 0.41 1.590
Continent of Origin 1.22 1.12 0 1 5 1.19 1.22 0.171
Obs 52 22 31

The average number of replicated injected errors per quiz was 1.06 (median 1). The aver-
age grade of the participants in the quiz was 58% (median 60%). The average number of
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incorrect answers that were not attributable to the Modulus Operations Chatbot was 0.1 (me-
dian 0), indicating that the majority of participants in the treatment group had no incorrect
answers that were not attributable to the Modulus Operations Chatbot. On average, only
10% (median 0%) of the participants flagged in the post-survey that the Modulus Opera-
tions Chatbot produced incorrect answers. This suggests that the majority of the participants
did not notice the injected errors. About 15% (median 0%) of participants claimed to trust
LLM-based chatbot services more than Wikipedia or Google. This suggests that the majority
of participants trust Wikipedia and Google more than LLM-based chatbot services. This is
likely due to Wikipedia and Google being older search engines. About 65% (median 100%)
of participants claimed to use LLM-based chatbot services as a substitute for their own re-
search. This indicates that the majority of participants use LLM-based chatbot services as a
substitute for their own research. Furthermore, the majority of participants rated their knowl-
edge of modulus operations to be slightly below average (1.90 out of 4 on a 0 to 4 Likert
scale) before using the Modulus Operations Chatbot. On average, almost all Participants
(3.98 out of 4 on a 0 to 4 Likert scale) claimed to use LLM-based chatbot services daily, but
claimed to use LLM-based chatbot services for Mathematics only a few times a month. On
average, participants rated the Modulus Operations Chatbot as very satisfactory (2.54 out of
4 on a 0 to 4 Likert scale). The mean age of the participants was 18 years. The majority of
the participants, 57%, were self-reported females, and 43% were self-reported males.

To achieve objective one, the author tested the first hypothesis, which states that students
in the treatment group with a chatbot that injects wrong answers will perform worse on the
quiz than the control group. The mean student grade for the control group was 62%, whilst
the mean student grade for the treatment group was 56%. The study conducted a test of
mean of the quiz scores of the control and treatment groups to see if the differences are
statistically significant or due to random chance. The author conducted a two-sample t-test
with a null hypothesis. The null hypothesis stated that there is no difference in mean quiz
scores between the treatment group and the control group.

The z-score for the test of means between the control and treatment groups was 2.012, which
indicates that the mean score of the control and treatment groups are different and statistically
significant (p < .05). As a result, the author rejected the null hypothesis and accepted the
alternative hypothesis that students in the treatment group with a chatbot that injects wrong
answers will perform worse on the quiz than the control group. On average, students in the
control group performed better in the quiz than students in the treatment group.
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4.6 Correlation Analysis

Table 7 presents the Spearman correlation coefficient and its significance at 1% and 5% for
the variables used in the regression analysis.
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Table 7: Correlation analysis for the variables used in the regression analysis
Replicated In-
jected Error

Student
Grade

Incorrect An-
swers (Non-
Injected)

Post-Survey
Flags the Chatbot
Error

Participants that
Trust Chatbots

Chatbots Used as
Research Substi-
tute

Modulus
Knowledge
Pre-Experiment

Use of Chat-
bots for Math

Use of
Chatbots

Modulus Chat-
bot Helpfulness
Score

Age Gender Continent
of Origin

Replicated In-
jected Error

1.000

Student Grade -0.938*** 1.000
Incorrect An-
swers (Non-
Injected)

-0.326* 0.055 1.000

Post-Survey
Flags the
Chatbot Error

0.293 -0.254 -0.113 1.000

Participants
that Trust
Chatbots

-0.007 -0.054 -0.113 0.125 1.000

Chatbots Used
as Research
Substitute

0.024 0.047 -0.040 0.354* 0.147 1.000

Modulus
Knowl-
edge Pre-
Experiment

-0.231 0.200 -0.009 0.066 0.093 0.117 1.000

Use of Chat-
bots for Math

-0.015 0.097 -0.119 -0.088 -0.378** 0.258 -0.021 1.000

Use of Chat-
bots

-0.394** 0.364* 0.158 -0.183 0.233 0.183 0.194 0.065 1.000

Modulus
Chatbot Help-
fulness Score

-0.281 0.257 0.109 -0.567*** 0.020 -0.052 -0.107 0.199 0.655*** 1.000

Age -0.196 0.266 0 0.007 0.133 0.198 0.182 -0.092 0.122 -0.281 1.000
Gender 0.375* -0.303 -0.207 0.548*** 0.122 0.495*** 0.029 0.133 -0.067 -0.394** 0.380** 1.000
Continent of
Origin

-0.279 0.276 0.055 -0.081 0.081 0.096 0.238 -0.257 0.147 0.054 0.290 0.030 1.000

Note: *** represent 1%, ** represent 5%, * represent 10%.
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The correlation coefficient between the number of replicated injected errors and student
grade was r = -.94, indicating a high negative association that is statistically significant (p <
.01).

The correlation coefficient between the frequency with which participants use LLM chatbot
services and participants’ ratings of the Modulus Operations Chatbot was r=.66, indicating a
positive association that is statistically significant (p < .01).

The correlation coefficient between the dummy variable for whether participants flagged that
the Modulus Operations Chatbot produced incorrect answers and the participants’ rating of
the Modulus Operations Chatbot was r=-.57, indicating a negative association that is statis-
tically significant (p < .01).

There is a positive correlation between the dummy variable for whether participants flagged
that the Modulus Operations Chatbot produced incorrect answers and gender. The correla-
tion coefficient was r = .55, indicating a positive association that is statistically significant (p
< .01).

There is a positive correlation between whether participants claimed to use LLM-based chat-
bot services as a substitute for their own research and the gender of participants. The corre-
lation coefficient was r = .50, indicating a moderate negative association that is statistically
significant (p < .01).

The correlation coefficient between the number of replicated injected errors and the fre-
quency level with which participants claimed to use LLM-based chatbot services was r =
-.40, indicating a low negative association that is statistically significant (p < .05).

The correlation coefficient between whether participants claimed to trust LLM-based chatbot
services more than Wikipedia or Google and the frequency level with which participants
claimed to use LLM-based chatbot services for Mathematics was r=-.38, indicating a low
negative association that is statistically significant (p < .05).

The correlation coefficient was r = .38 between replicated injected errors and the gender of
participants, indicating a low positive association that is not statistically significant (p < .10).

The correlation coefficient between participants’ ratings of the Modulus Operations Chat-
bot and the gender of participants was r=.39, indicating a low positive association that is
statistically significant (p < .05).

The correlation coefficient between participants’ age and the gender of participants was r=-
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.38, indicating a low negative association that is statistically significant (p < .05)

The correlation between student grade and the frequency level with which participants claimed
to use LLM-based chatbot services was 0.36, indicating a low positive association that is not
statistically significant (p < .10).

There is a positive correlation between the dummy variable for whether participants flagged
that the Modulus Operations Chatbot produced incorrect answers and the dummy variable
for whether participants claimed to use LLM-based chatbot services as a substitute for their
own research. The correlation coefficient was r = .35, indicating a low positive association
that is not statistically significant (p < .10).

The correlation between the number of replicated injected errors and the number of incorrect
answers not attributable to replicated injected errors was r = -.33, indicating a low negative
association that is not statistically significant (p < .10).

Nonetheless, the result for the descriptive statistics in Table 6 and the correlation coefficient
in Table 7 primarily have descriptive values, and as such, conclusions from the study rely on
the multivariate regression results.

4.7 Multivariate Analysis

4.7.1 Model Specification

To analyse the extent to which students critically evaluate the information generated by
LLM-based chatbot services in the domain of Mathematics, the author performed a mul-
tivariate analysis using Stata. The specification of the regression model used for the multi-
variate analysis are presented in equations (3) and (4) below.

To achieve objective two, the author analysed the impact of replicated injected errors, trust,
usage patterns and prior knowledge of Mathematics on student grades; the model in equation
(3) was specified.

Gradeit = β0 +β1REit +β2Wit +β3D(Flagit)

+β4TrustChatAIit +β5D(SubsKnowit)

+β6ChatAIMathUseit +β7ChatAIUseit

+β8PreKnowit +β9Rateit +β10Ageit

+β11D(Genderit)+β12Continentit + εit (3)
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Where the dependent variable in this model is the grade of participants in the quiz (gradeit),
from 0 to 5. The independent variables include the number of injected errors that partic-
ipants replicated (REit), from 0 to 2. The number of natural mistakes (Wit), from 0 to 5.
The dummy variable for whether participants flagged that the Modulus Operations Chatbot
produced incorrect answers (Flagit), with 0 for the participants who did not flag the Modulus
Chatbot as being flawed and 1 for those who flagged the Modulus Chatbot as flawed. The
dummy variable for whether participants claimed to trust LLM-based chatbot services more
than Wikipedia or Google (TrustChatAIit), with 0 for the participants who trust Google or
Wikipedia more than LLM-based chatbot services and 1 for the participants who trust LLM-
based chatbot services more than Google or Wikipedia. The dummy variable for whether
participants claimed to use LLM-based chatbot services as a substitute for their own research
(TrustChatAIit), with 0 for the participants who do not use LLM-based chatbot services as
a substitute for their own research and 1 for those who do use LLM chatbots as a substi-
tute for their own research. The frequency with which participants claim to use LLM-based
chatbot services for Mathematics (ChatAIMathUseit), from Likert scale 0 to 4. The fre-
quency with which participants claimed to use LLM-based chatbot services (ChatAIUseit),
from Likert scale 0 to 4. Participants’ rating of their knowledge level in modulus operations
pre-experiment (PreKnowitit), from Likert scale 0 to 4. Participants’ rating of how help-
ful the Modulus Chatbot is (Rateit), from Likert scale 0 to 4. Control variables included
participants’ personal characteristics (PC), such as ageit , D(genderit), and the continent that
participants originate from(Continentit).

To achieve objective three, the author analyses the impact of students grade, trust, usage
patterns and prior knowledge of Mathematics on replicated injected errors; equation (4) is
specified.

REit = β0 +β1gradeit +β2Wit +β3D(Flagit)

+β4TrustChatAIit +β5D(SubsKnowit)

+β6ChatAIMathUseit +β7ChatAIUseit

+β8PreKnowit +β9Rateit +β10Ageit

+β11D(Genderit)+β12Continentit + εit (4)

Where the dependent variable in this analysis is the number of injected errors that participants
replicated (REit), from 0 to 2. The independent variables include the grade of participants
in the quiz (gradeit), from 0 to 5. The number of natural mistakes (Wit), from 0 to 5. The



44

dummy variable for whether participants flagged that the Modulus Operations Chatbot pro-
duced incorrect answers (Flagit), with 0 for the participants who did not flag the Modulus
Chatbot as being flawed and 1 for those who flagged the Modulus Chatbot as flawed. The
dummy variable for whether participants claimed to trust LLM-based chatbot services more
than Wikipedia or Google (TrustChatAIit), with 0 for the participants who trust Google or
Wikipedia more than LLM-based chatbot services and 1 for the participants who trust LLM-
based chatbot services more than Google or Wikipedia. The dummy variable for whether
participants claimed to use LLM-based chatbot services as a substitute for their own research
(TrustChatAIit), with 0 for the participants who do not use LLM-based chatbot services as a
substitute for their own research and 1 for those who do use LLM chatbots as a substitute for
their own research. The frequency with which participants claim to use LLM-based chatbot
services for mathematics (ChatAIMathUseit), from 0 to 4. The frequency with which partic-
ipants claimed to use LLM-based chatbot services (ChatAIUseit), from 0 to 4. Participants’
rating of their knowledge level in modulus operations pre-experiment (PreKnowitit), from 0
to 4. Participants’ rating of how helpful the Modulus Chatbot is (Rateit), from 0 to 4. Control
variables included participants’ personal characteristics (PC), such as ageit , D(genderit), and
the continent that participants originate from(Continentit).

4.7.2 Empirical Results

The regression results for number of replicated injected errors, trust, usage patterns and
prior knowledge of subject matter on student grade are presented in Table 8. The dependent

Table 8: Summary of Regression Analysis for Variables Predicting Student Grade (N = 53)

Variable Coefficient Std. err. t P > |t| [95% conf. interval]

RE -0.91 0.05 -18.52 0.000 -1.02 -0.81
W -0.94 0.14 -6.67 0.000 -1.24 -0.64
TrustChatAI -0.30 0.11 -2.67 0.017 -0.54 -0.06
SubsKnow 0.12 0.08 1.39 0.184 -0.06 0.29
PreKnow -0.02 0.03 -0.6 0.559 -0.09 0.05
Rate 0.08 0.07 1.13 0.274 -0.07 0.24
Flag 0.16 0.16 0.99 0.336 -0.19 0.51
ChatAIUse -0.05 0.07 -0.74 0.470 -0.20 0.10
ChatAIMathUse -0.01 0.04 -0.24 0.811 -0.09 0.07
Age 0.12 0.05 2.24 0.041 0.01 0.24
Gender -0.10 0.11 -0.93 0.366 -0.34 0.13
Continent of Origin 0.00 0.03 0.15 0.881 -0.06 0.07
Constant 3.64 0.23 15.53 0.000 3.14 4.14

Note. R2 = 0.98 (p < 0.001); Adjusted R2 = 0.96.

variable is participants’ quiz grade (Grade). The independent variables include the num-
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ber of replicated injected errors (RE), the number of natural mistakes (W), a dummy vari-
able indicating whether participants reported trusting LLM-based chatbot services more than
Wikipedia or Google (TrustChatAI). The dummy variable for whether participants claimed
to use LLM-based chatbot services as a substitute for their own research (SubsKnow). Par-
ticipants’ rating of their knowledge level in modulus operations pre-experiment (PreKnow),
and participants’ rating of how helpful the Modulus Operations Chatbot was (Rate). The
dummy variable for whether participants flagged that the Modulus Operations Chatbot pro-
duced incorrect answers (Flag). The frequency with which participants claim to use LLM-
based chatbot services (ChatAIUse) and the frequency with which participants claim to use
LLM-based chatbot services for Mathematics (ChatAIMathUse). Control variables include
participants’ personal characteristics, such as age, gender, and the continent from which they
originate.

The number of replicated injected errors (RE) was a statistically significant negative pre-
dictor of student grade in the quiz, β=-.91, p<.01. This shows that participants with fewer
replicated injected errors had 0.91 units higher grades in the quiz, compared to participants
with more replicated injected errors. This implies that students who replicated multiple in-
jected errors performed poorly in the quiz.

The natural mistakes (W) was a statistically significant negative predictor of student grade in
the quiz, β=-.94, p<.01. This shows that participants with fewer natural mistakes had 0.94
units higher grades in the quiz, compared to participants with more natural mistakes. This
implies that students who had multiple natural mistakes performed poorly in the quiz.

The dummy variable for whether participants claimed to trust LLM-based chatbot services
more than Wikipedia or Google (TrustChatAI) was a statistically significant negative predic-
tor of student grade in the quiz, β=-.30, p<.05. This indicates that participants who claimed
to trust Wikipedia or Google more than LLM-based chatbot services had 0.30 units higher
grades in the quiz, compared to participants who claimed to trust LLM-based chatbot ser-
vices more than Wikipedia or Google. This indicates that students who trust Wikipedia or
Google more than LLM-based chatbot services had higher scores in the quiz.

The age of participants was a statistically significant positive predictor of student grade in
the quiz, β=.12, p<.05. The parameter estimate of 0.12 indicates that older students received
0.12 units higher grades on the quiz compared to younger students. Thus, older students
received higher grades in the quiz.

The dummy variable for whether participants claimed to use LLM-based chatbot services
as a substitute for their own research (SubsKnow), participants’ rating of how helpful the
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Modulus Operations Chatbot was (Rate) and the dummy variable for whether participants
flagged that the Modulus Operations Chatbot produced incorrect answers (Flag) have a pos-
itive coefficient to student grade, but are not statistically significant. Participants’ rating of
their knowledge level in modulus operations pre-experiment (PreKnow), the frequency with
which participants claimed to use LLM-based chatbot services (ChatAIUse) and the fre-
quency with which participants claimed to use LLM-based chatbot services for Mathematics
(ChatAIMathUse) have a negative coefficient to student grade, but are not statistically sig-
nificant.

The regression model significantly predicted student grade, F(12,15)=53.57, p<.01. The co-
efficient of determination (R²) is 98%, and the adjusted R² is 96%. The adjusted R² shows
that 96% of the proportion of the variance in the student grade is predictable from the in-
dependent variables in the model. The regression results for the impact of student grade,
trust, usage patterns and prior knowledge of Mathematics on the number of replicated in-
jected errors are presented in Table 9. The dependent variable is the number of replicated

Table 9: Summary of Regression Analysis for Variables Predicting the Number of Replicated
Injected Errors (N = 53)

Variable Coefficient Std. err. t P > |t| [95% conf. interval]

Grade -1.05 0.06 -18.52 0.000 -1.17 -0.93
W -1.02 0.15 -6.98 0.000 -1.33 -0.71
TrustChatAI -0.32 0.12 -2.69 0.017 -0.58 -0.07
SubsKnow 0.12 0.09 1.3 0.214 -0.08 0.31
PreKnow -0.02 0.04 -0.61 0.551 -0.10 0.06
Rate 0.08 0.08 1.06 0.307 -0.09 0.26
Flag 0.17 0.18 0.95 0.355 -0.21 0.54
ChatAIUse -0.06 0.08 -0.79 0.440 -0.22 0.10
ChatAIMathUse -0.01 0.04 -0.36 0.726 -0.10 0.07
Age 0.11 0.06 1.86 0.083 -0.02 0.24
Gender -0.07 0.12 -0.56 0.582 -0.33 0.19
Continent of Origin 0.00 0.03 -0.08 0.938 -0.07 0.07
Constant 3.93 0.22 18.08 0.000 3.47 4.39

Note. R2 = 0.98 (p < 0.001); Adjusted R2 = 0.96.

injected errors (RE). The independent variables include the grade of participants in the quiz
(Grade), the number of natural mistakes (W), the dummy variable for whether participants
claimed to trust LLM-based chatbot services more than Wikipedia or Google (TrustChatAI).
The dummy variable for whether participants claimed to use LLM-based chatbot services as
a substitute for their own research (SubsKnow). Participants’ rating of their knowledge level
in modulus operations pre-experiment (PreKnow), and participants’ rating of how helpful
the Modulus Operations Chatbot was (Rate). The dummy variable for whether participants
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flagged that the Modulus Operations Chatbot produced incorrect answers (Flag). The fre-
quency with which participants claim to use LLM-based chatbot services (ChatAIUse) and
the frequency with which participants claim to use LLM-based chatbot services for Math-
ematics (ChatAIMathUse). Control variables include participants’ personal characteristics,
such as age, gender, and the continent from which they originate.

The grade of participants in the quiz (Grade) was a statistically significant negative predictor
of the number of replicated injected errors, β=-1.05, p<.01. This indicates that participants
with lower quiz scores had 1.05 units higher replicated injected errors, compared to partici-
pants with higher quiz scores. This implies that students who had few correct answers in the
quiz replicated multiple injected errors.

The number of natural mistakes (W) was a statistically significant negative predictor of the
number of replicated injected errors, β=-1.02, p<.01. This shows that participants with fewer
natural mistakes produced 1.02 more units of replicated injected errors compared to partici-
pants with more natural mistakes. This implies that participants with fewer natural mistakes
replicated multiple injected errors.

The dummy variable for whether participants claimed to trust LLM-based chatbot services
more than Wikipedia or Google (TrustChatAI) was a statistically significant negative predic-
tor of the number of replicated injected errors, β=-.32, p<.05. This indicates that participants
who claimed to trust Wikipedia or Google more than LLM-based chatbot services produced
0.32 more units of replicated injected errors compared to participants who claimed to trust
LLM-based chatbot services more than Wikipedia or Google. This implies that students
who trust Wikipedia or Google more than LLM-based chatbot services replicated multiple
injected errors.

The dummy variable for whether participants claimed to use LLM-based chatbot services
as a substitute for their own knowledge (SubsKnow), participants’ rating of how helpful the
Modulus Operations Chatbot was (Rate), and the dummy variable for whether participants
flagged that the Modulus Operations Chatbot produced incorrect answers (Flag) have posi-
tive coefficients, but are not statistically significant.

Participants’ rating of their knowledge level in modulus operations pre-experiment (Pre-
Know), the frequency with which participants claim to use LLM-based chatbot services
(ChatAIUse), and the frequency with which participants claim to use LLM-based chatbot
services for Mathematics (ChatAIMathUse) have negative coefficients, but are not statisti-
cally significant.
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The regression model significantly predicted the number of replicated injected errors, F(12,15)=55.37,
p<.01. The coefficient of determination (R²) is 98%, and the adjusted R² is 96%. The ad-
justed R² shows that 96% of the proportion of the variance in the number of replicated in-
jected errors is predictable from the independent variables in the model. The regression
result for the impact of background variables, usage patterns, trust and prior knowledge on
student grade is presented in Table 10. The dependent variable is participants’ quiz grades

Table 10: Summary of Regression Analysis for Impact of Background Variables, Usage
Patterns, Trust and Prior Knowledge on Predicting Student Grade (N = 53)

Variable Coefficient Std. err. t P > |t| [95% conf. interval]

TrustChatAI -0.02 0.31 -0.05 0.960 -0.64 0.61
SubsKnow 0.24 0.28 0.88 0.387 -0.32 0.81
PreKnow 0.06 0.11 0.53 0.599 -0.17 0.28
Rate 0.10 0.14 0.74 0.466 -0.18 0.38
Age 0.44 0.16 2.81 0.008 0.12 0.77
Gender -1.03 0.27 -3.73 0.001 -1.59 -0.47
Continent of Origin 0.21 0.11 1.96 0.059 -0.01 0.42
Constant 1.72 0.57 3.01 0.005 0.55 2.89

Note. R2 = 0.46 (p < 0.001); Adjusted R2 = 0.34.

(Grade). The independent variables include the dummy variable for whether participants
claimed to trust LLM-based chatbot services more than Wikipedia or Google (TrustChatAI).
The dummy variable for whether participants claimed to use LLM-based chatbot services as
a substitute for their own research (SubsKnow). Participants’ rating of their knowledge level
in modulus operations pre-experiment (PreKnow), and participants’ rating of how helpful
the Modulus Operations Chatbot was (Rate). Control variables include participants’ per-
sonal characteristics, such as age, gender and the continent that participants originate from.

Gender is a statistically significant negative predictor of student grade in the quiz, β=-1.03,
p<.01. The parameter estimate of -1.03 shows that male students had 1.03 units higher
grades in the quiz, compared to female students. This implies that male students received
higher grades.

The dummy variable for whether participants claimed to trust LLM-based chatbot services
more than Wikipedia or Google (TrustChatAI) has a negative coefficient, but is not statisti-
cally significant. The dummy variable for whether participants claimed to use LLM-based
chatbot services as a substitute for their own research (SubsKnow), participants’ rating of
their knowledge level in modulus operations pre-experiment (PreKnow) and participants’
rating of how helpful the Modulus Operations Chatbot was (Rate) have positive coefficients,
but are not statistically significant.
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The regression model significantly predicted student grade, F(7,32)=3.85, p<.01. The coef-
ficient of determination (R²) is 46%, and the adjusted R² is 34%. The adjusted R² shows that
34% of the proportion of the variance in the student grade is predictable from the independent
variables in the model. The regression result for the impact of background variables, usage
patterns, trust and prior knowledge on the number of replicated injected errors is presented
in Table 11.

Table 11: Summary of Regression Analysis for Impact of Usage Patterns, Trust and Prior
Knowledge on Predicting the Number of Replicated Injected Errors (N = 53)

Variable Coefficient Std. err. t P > |t| [95% conf. interval]

TrustChatAI 0.00 0.46 -0.01 0.996 -0.95 0.95
SubsKnow -0.26 0.37 -0.7 0.490 -1.03 0.51
PreKnow -0.05 0.15 -0.33 0.743 -0.37 0.27
Rate -0.20 0.19 -1.02 0.319 -0.59 0.20
Age -0.40 0.20 -1.95 0.066 -0.82 0.03
Gender 0.98 0.43 2.28 0.034 0.08 1.89
Continent of Origin -0.15 0.14 -1.12 0.278 -0.44 0.13
Constant 2.40 0.76 3.17 0.005 0.82 3.97

Note. R2 = 0.41 (p < 0.001); Adjusted R2 = 0.21.

The dependent variable is the number of replicated injected errors (RE). The independent
variables include the dummy variable for whether participants claimed to trust LLM-based
chatbot services more than Wikipedia or Google (TrustChatAI). The dummy variable for
whether participants claimed to use LLM-based chatbot services as a substitute for their own
research (SubsKnow). Participants’ rating of their knowledge level in modulus operations
pre-experiment (PreKnow), and participants’ rating of how helpful the Modulus Operations
Chatbot was (Rate). Control variables include participants’ personal characteristics, such as
age, gender and the continent that participants originate from.

The gender of participants was a statistically significant positive predictor of replicated in-
jected errors, β=.98, p<.05. The parameter estimate of 0.98 shows that female students repli-
cate 0.98 units more injected errors than male students. This implies that female students are
more likely to replicate multiple injected errors.

The dummy variable for whether participants claimed to use LLM-based chatbot services as
a substitute for their own research (SubsKnow), participants’ rating of their knowledge level
in modulus operations pre-experiment (PreKow) and participants’ rating of how helpful the
Modulus Operations Chatbot was (Rate) have negative coefficients that are not statistically
significant.

The regression model predicted the number of replicated injected errors, F(7,20)=2.02, p<.10.
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The coefficient of determination (R²) is 41%, and the adjusted R² is 21%. The adjusted R²
shows that 21% of the proportion of the variance in the number of replicated injected errors
is predictable from the independent variables in the model. Table 12 presents the moderating
effect of background variable, gender, on quiz grade and the number of replicated injected
errors. In Table 12, the dependent variable is the number of replicated injected errors (RE).

Table 12: The Moderating Effect of Background Variable, Gender on Student Grade and the
Number of Replicated Injected Errors (N = 53)

Variable Coefficient Std. err. t P > |t| 95% conf. interval

Grade -1.06 0.08 -12.80 0.000 -1.23 -0.89
Grade*Gender -0.01 0.05 -0.13 0.901 -0.11 0.10
Age 0.09 0.08 1.19 0.246 -0.07 0.26
Continent of Origin 0.01 0.06 0.14 0.893 -0.11 0.13
Constant 3.85 0.25 15.15 0.000 3.33 4.37

Note. R2 = 0.87 (p < 0.001); Adjusted R2 = 0.85.

The independent variables are the grade of participants in the quiz (Grade), the moderat-
ing effect for gender (Grade*Gender), the continent of origin and age of participants. The
moderating effect of gender (the interaction of gender and student grade in the quiz) is not a
statistically significant predictor of the number of replicated injected errors, indicating that
gender does not have a moderating effect on quiz grade and the number of replicated injected
errors.

The regression model significantly predicted the number of replicated injected errors, F(4,26)=
46.22, p<.01. The coefficient of determination (R²) is 87%, and the adjusted R² is 85%. The
adjusted R² shows that 85% of the proportion of the variance in the number of replicated
injected errors is predictable from the independent variables in the model. Table 13 presents
the moderating effect of the background variable, age, on quiz grade and the number of repli-
cated injected errors. In Table 13, the dependent variable is the number of replicated injected

Table 13: The Moderating Effect of Background Variable, Age on Student Grade and the
Number of Replicated Injected Errors (N = 53)

Variable Coefficient Std. err. t P > |t| 95% conf. interval

Grade -1.14 0.11 -10.01 0.000 -1.37 -0.90
Grade*Age 0.04 0.027 1.36 0.184 -0.02 0.09
Gender -0.01 0.14 -0.05 0.961 -0.30 0.29
Continent of Origin 0.01 0.06 0.21 0.838 -0.11 0.13
Constant 4.03 0.27 15.14 0.000 3.48 4.58

Note. R2 = 0.88 (p < 0.001); Adjusted R2 = 0.86.

errors (RE). The independent variables are the grade of participants in the quiz (Grade), the
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moderating effect for age (Grade*Age), the gender of participants and their continent of ori-
gin. The moderating effect of age (the interaction of age and student grade in the quiz) is not
a statistically significant predictor of the number of replicated injected errors, indicating that
age does not have a moderating effect on quiz grade and the number of replicated injected
errors.

The regression model significantly predicted the number of replicated injected errors, F(4,26)=
45.20, p<.01. The coefficient of determination (R²) is 88%, and the adjusted R² is 86%. The
adjusted R² shows that 86% of the proportion of the variance in the number of replicated in-
jected errors is predictable from the independent variables in the model. The findings show
that neither of the background variables; gender and age, have moderating effects on quiz
grade and replicated errors.

4.8 Test of Hypothesis

To achieve objective one, which is to analyse the extent to which students critically evaluate
information generated by LLM-powered chatbots in the domain of Mathematics, we tested
hypothesis one. Hypothesis one states that students in the treatment group with a chatbot that
injects wrong answers will perform worse on the quiz than the control group. The author
conducted a test of mean of the quiz scores of the control and treatment groups to see if the
differences are statistically significant or due to random chance. The mean student grade for
the control group was 62%, whilst the mean student grade for the treatment group was 56%.
The author conducted a two-sample t-test with a null hypothesis. The null hypothesis stated
that there is no difference in mean quiz scores between the treatment group and the control
group.

The z-score for the test of means between the control and treatment groups was 2.012, which
indicates that the mean score of the control and treatment groups are different and statistically
significant (p < .05). As a result, the author rejected the null hypothesis and accepted the
alternative hypothesis that students in the treatment group with a chatbot that injects wrong
answers will perform worse on the quiz than the control group. On average, students in the
control group performed better than students in the treatment group. Therefore, this supports
hypothesis one: students in the treatment group with a chatbot that injects wrong answers
will perform worse on the quiz than the control group.

To achieve objective two, which is to investigate the impact of replicated injected errors on
student grade, we tested hypothesis two. Hypothesis two states that replication of incorrect
answers from the LLM-based chatbot is negatively associated with student grade. The author
analysed the results of the regression in Table 8, which examined the relationship between
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student grade (Grade) and replicated injected errors (RE), along with other independent and
control variables. From the regression result in Table 8, the study found that the number of
replicated injected errors (RE) is a negative predictor of student grade (Grade) in the quiz,
which is statistically significant at a 1% level of significance. This shows that participants
with fewer replicated injected errors had 0.91 units higher grades in the quiz, compared to
participants with more replicated injected errors. This implies that students who replicated
multiple injected errors performed poorly in the quiz. Therefore, this supports hypothesis
two: the replication of incorrect answers from the LLM-based chatbot is negatively associ-
ated with student grade.

To achieve objective three, which is to investigate the impact of prior knowledge, confidence,
gender, and perceived helpfulness on the occurrence of replicated injected errors, we tested
hypothesis three. Hypothesis three states that background variables such as gender and age,
level of confidence, prior knowledge, and perceived helpfulness will be associated with the
number of replicated injected errors. The author analysed the results of the regression in
Table 9 and Table 11, which examined the relationship between the number of replicated
injected errors (RE) and the independent variables.

The study found that the dummy variable for whether participants claimed to trust LLM-
based chatbot services more than Wikipedia or Google (TrustChatAI) was a statistically
significant negative predictor of the number of replicated injected errors at a 1% level of
significance. This indicates that participants who claimed to have confidence or trust in
Wikipedia or Google more than LLM-based chatbot services produced 0.32 more units of
replicated injected errors compared to participants who claimed to trust LLM-based chatbot
services more than Wikipedia or Google. This implies that students who trust Wikipedia or
Google more than LLM-based chatbot services replicated multiple injected errors.

The gender of participants was a statistically significant positive predictor of replicated in-
jected errors at a 5% level of significance. The parameter estimate of 0.98 shows that female
students replicate 0.98 units more injected errors than male students. This implies that fe-
male students are more likely to replicate multiple injected errors. Age, prior knowledge and
helpfulness were not statistically significant predictors of replicated injected errors.

Therefore, this supports hypothesis three: Gender (background variable) and level of confi-
dence are associated with the number of replicated injected errors.
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5 Discussions

5.1 Introduction

In this chapter, section 5.2 presents the summary of findings. Section 5.3 presents the discus-
sion of findings. The conclusion is presented in section 5.4, while the final section provides
recommendations.

5.2 Summary of Findings

Table 14 presents the summary of findings from the regression results for student perfor-
mance and the number of replicated injected errors. Table 14, column 1 and column 2,

Table 14: The Summary of Findings from the Regression Results for Student Grade and the
Number of Replicated Injected Errors

1 2 3 4
Variables RE & Trust RE & Gender Grade & Trust Grade & Gender

signs & magni-
tude

signs & magni-
tude

signs & magni-
tude

signs & magni-
tude

Grade negative & signif-
icant at 1%

RE negative & signif-
icant at 1%

W negative & signif-
icant at 1%

negative & signif-
icant at 1%

TrustChatAI negative & signif-
icant at 5%

negative & signif-
icant at 5%

Age positive & signif-
icant at 5%

Gender positive & signif-
icant at 5%

negative & signif-
icant at 5%

presents the summary of findings with the number of replicated injected errors (RE) as the
dependent variable. There is a negative and significant relationship between the number of
replicated injected errors (RE) and student grade (Grade). This implies that students who
performed poorly in the quiz replicated more injected errors. There is a negative and signifi-
cant relationship between the number of replicated injected errors (RE) and natural mistakes
(W). This implies that students with multiple natural mistakes replicated fewer injected er-
rors. There is a negative and significant relationship between the number of replicated in-
jected errors (RE) and the dummy variable for whether students claimed to trust LLM-based
chatbot services more than Google or Wikipedia (TrustChatAI). This implies that students
who claimed to trust Google or Wikipedia more than LLM-based chatbot services replicated
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more injected errors. There is a positive and significant relationship between the number of
replicated injected errors (RE) and the gender of participants. This shows that those who
self-identified as girls replicate more injected errors than those who self-identified as boys.

Table 14, column 3 and column 4, presents the summary of findings for student grade (Grade)
as the dependent variable. There is a negative and significant relationship between student
grade (Grade) and the number of replicated injected errors (RE). This implies that students
who replicated multiple injected errors performed poorly in the quiz. There is a nega-
tive and significant relationship between student grade (Grade) and natural mistakes (W).
This implies that students who have multiple natural mistakes performed poorly in the quiz.
There is a negative and significant relationship between student grade (Grade) and whether
participants claimed to trust LLM-based chatbot services more than Google or Wikipedia
(TrustChatAI). This implies that the students who claimed to trust Google or Wikipedia more
than LLM-based chatbot services perform better in the quiz. There is a positive and signif-
icant relationship between student grade (Grade) and the age of participants. This shows
that older students perform better than younger students in the quiz. There is a negative and
significant relationship between student grade (Grade) and the gender of participants. This
shows that those who self-identified as boys perform better in the quizzes than those who
self-identified as girls.

5.3 Discussion of findings

The study examined the extent to which students trust information from LLM-powered chat-
bot services and their tendency to rely on AI-generated information without verification us-
ing participants from UWCSEA Singapore. The participants were divided into two groups,
namely the treatment and control groups. All the participants were given a modulus oper-
ations quiz in Mathematics, where they could use a Modulus Operations Chatbot for assis-
tance. The control group had a fully functional Modulus Chatbot that explained modulus
operations. The treatment group had a Modulus Chatbot that explained modulus operations
and also solved modulus-related questions. However, the Modulus Chatbot of the treatment
group was deliberately programmed to provide wrong answers to two out of the five ques-
tions on the quiz.

The incorrect answers selected by the treatment group participants were analysed and then
categorised into two groups: replicated injected errors obtained from the Modulus Opera-
tions Chatbot and natural mistakes. The findings from the analysis of the quiz scores show
that about 97% of all incorrect answers were replicated injected errors, while the remain-
ing 3% of all incorrect answers were natural mistakes. In particular, findings from Table 5
show that the average number of replicated injected errors per quiz is two, with 69% of the
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participants in the treatment group replicating one or more injected errors. Three research
questions guided the study. In the discussion of findings, research questions are restated,
and a discussion is provided based on the analysis of the findings presented in Chapter 4 and
summarised in Table 14.

Research Question 1: Do students in the treatment group overly rely on the chatbot output,
compared to students in the control group?

To answer the research question 1, the author conducted a test of mean on the quiz scores of
the control and treatment groups to see if the differences were statistically significant or due
to random chance. From the results presented in Table 6, the mean students grade for the
control group was 62%, whilst the mean student grade for the treatment group was 56%. The
test of means shows a statistically significant difference between the mean students grade for
the treatment and control groups at 5% level of significance. The negative difference in
mean scores indicates that students in the treatment group overrely on the chatbot’s output,
compared to students in the control group, as a result the students in the treatment group
performed worse than those in the control group. This result suggests that the presence of in-
jected errors in the Modulus Operations Chatbot may have negatively affected performance,
possibly due to participants relying on incorrect outputs from the chatbot. The findings sup-
port the first hypothesis, which states that students in the treatment group with a chatbot that
injects wrong answers will perform worse on the quiz than the control group. This finding
is consistent with Metzger et al. (2003), who found that participants rely heavily on online
information compared to other sources. The findings are in line with Huallpa et al. (2023),
Yu (2023), and Rane (2024), who examined the ethics of secondary school and undergradu-
ate students using ChatGPT for academic purposes and raised concerns about overreliance,
among others.

Research Question 2: Is the reproduction of injected error associated with student grades in
the quiz?

In order to answer the research question 2, the author used the data from the treatment group
to find the association between the number of replicated injected errors (RE) and student
grade (Grade). From the regression result in Table 14, there is a negative and statistically
significant relationship between the number of replicated injected errors (RE) and student
grade (Grade). This shows that the lower the number of replicated injected errors that a
student has in a quiz, the higher the student’s grade in the quiz. This supports the second hy-
pothesis, which states that the replication of incorrect answers from the LLM-based chatbot
is negatively associated with student grade.
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Research Question 3: Are background variables such as gender, age, level of confidence,
prior knowledge and perceived helpfulness associated with the number of replicated injected
errors?

In order to answer the research question 3, the author used the data from the treatment group
to find the association between replicated injected errors (RE) and background variables
such as gender, age, level of confidence, prior knowledge and perceived helpfulness. From
the regression result in Table 14, there is a negative and statistically significant relationship
between the gender of participants and the number of replicated injected errors (RE). The
findings show that those who self-identified as girls replicate more injected errors than those
who self-identified as boys in their quizzes. Furthermore, there is a negative and statisti-
cally significant relationship between the dummy variable for whether participants claimed
to trust LLM-based chatbot services more than Wikipedia or Google (TrustChatAI) and the
number of replicated injected errors (RE). This implies that students who trust LLM-based
chatbot services replicated less injected errors. This supports the third hypothesis, which
states that background variables such as gender, age, level of confidence, prior knowledge,
and perceived helpfulness will be associated with the number of replicated injected errors.
This supports Kosch et al. (2022) who found that users’ positive or negative beliefs about AI
assistance influenced their perceptions of performance. This demonstrates how expectation
can lead users to align their perceptions with their expectations of AI, rather than with reality.

5.4 Conclusion

LLM-powered chatbots such as ChatGPT, Gemini, LLaMA, and Claude have emerged as
accessible and widely adopted platforms for personalised learning support. This research
set out to provide answers to the three key questions to understand the extent to which
students trust information from chatbots that utilise LLMs and their tendency to rely on
chatbot-generated information without verification in the domain of Mathematics. This re-
search analysed the impact of LLM chatbot-generated misinformation on student grades in
Mathematics with two surveys and a quiz. The pre-survey was administered before the ex-
periment and quiz, and the second survey was administered after the quiz. The first survey
consisted of a list of questions regarding participants’ background information, their use of
LLM-powered chatbots, and their knowledge level in modulus operations. The second sur-
vey consisted of a list of questions regarding participants’ post-experiment self-assessment
of their knowledge level in modulus operations, their assessment of the Modulus Chatbot
post-usage and their performance in the quiz.

The participants had a modulus operations quiz after the pre-survey. The participants were
allowed to use their version of the Modulus Operations Chatbot for assistance. The con-



57

trol group had a fully functional Modulus Chatbot that explained modulus operations. The
treatment group had a Modulus Chatbot that explained modulus operations and also solved
modulus-related questions. However, the Modulus Chatbot of the treatment group was de-
liberately programmed to provide wrong answers to two out of the five questions on the quiz.
Both participants in the control and treatment groups were allowed to complete a modulus
operations quiz with their version of the Modulus Chatbot to assist them. The participants
had twenty minutes to solve the quiz. The findings from the study confirm that students
trusted and often relied on the Modulus Chatbots’ responses without further analysis or ver-
ification, thus replicating multiple injected errors. The majority of the wrong answers by
treatment group participants in the quiz were replicated injected errors. A high number of
replicated injected errors is associated with a lower student grade. Participants who self-
identified as Girls replicated more injected errors in the quiz than those who self-identified
as boys. Students within the treatment group who trusted LLM-based chatbot services more
than Wikipedia or Google replicated fewer injected errors than those who trusted Google or
Wikipedia more than LLM-based chatbot services. In conclusion, findings from the study
shows that students trust information generated by LLM-based chatbot services in Mathe-
matics without cross-checking the information.

5.5 Recommendation

The following recommendations are made from the research:

1. Students should be informed by teachers that LLM-based chatbot services can generate
incorrect responses and that they should always double-check their responses with
textbooks and lecture material.

2. Misinformation about LLM-based chatbot services and their consequences should be
taught to students in schools.

3. Teachers should have workshop classes where they learn about the limitations of LLM-
based chatbot services and how LLM-based chatbot services can generate incorrect
responses.

4. Companies that create LLMs should test their LLMs more thoroughly to catch bugs in
their models, thus reducing the amount of incorrect responses.

5. Students should rely on multiple sources of information, rather than just using LLM-
based chatbot services.

6. LLM-based chatbot services should have more visible warning messages regarding the
accuracy of their models.

7. Misinformation about LLM-based chatbot services and their consequences should be
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taught to high school children.

8. Students should be encouraged to read the explanations for mathematical solutions
that LLM-based chatbot services provide, rather than copy-paste.

9. Further studies can use data from different countries for triangulation.

10. Further studies can replicate the experiment among university students.
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