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Abstract

Generative pedagogical chatbots offer a promising solution to trans-
form personalized learning at scale, but their benefits are at risk
because of the potential of providing inaccurate information. We
have a limited understanding of how effectively learners handle
factual chatbot errors and how these errors affect learners with
varying backgrounds. This study addresses these questions in an
ecologically valid open-ended online STEM learning environment.
Using Bayesian causal inference and thematic analysis on survey
and interview data from a quasi-experimental setting, we found
that most participants struggled to detect factual errors even with
access to reading materials and the Internet. Undetected errors
harmed learning outcomes and self-efficacy, underscoring the need
to help learners evaluate chatbot responses. By analyzing partici-
pants’ evaluation strategies, we identified challenges during error
management and suggested ideas on designing effective support-
ing resources and learner empowerment. Finally, we revealed dif-
ferential impacts of chatbot errors across learners and called for
personalized support and deployment.
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1 Introduction

How well do learners manage errors when they seek information
from generative-model-based pedagogical chatbots, and how do
these errors impact learners? A pedagogical chatbot based on gen-
erative models promises to transform personalized learning at scale
by offering timely, interactive support tailored to learners’ individ-
ual needs [14, 93]. Yet, concerns persist regarding the reliability of
such chatbots in educational settings [70, 95] due to frequent inac-
curacies (e.g., hallucinations [6, 31] and logical fallacies [21, 71]) or
incomplete information [20, 44]. We have a limited understanding
of how effectively learners handle these errors and how such errors
ultimately affect learning.

Although we see a recent surge of interest in generative chat-
bots, chatbots have been used in education for decades for question-
answering [19], tutoring [91], and enhancing learner engagement [10].
Earlier systems commonly relied on rule-based or retrieval-based
methods, which offered accurate responses but required costly do-
main modeling and had limited interaction scope [17, 22, 43]. In con-
trast, generative pedagogical chatbots leverage recent advances
in natural language generation (NLG), such as large language mod-
els (LLMs), to produce flexible responses for a wide range of learner
requests [13, 45, 54, 80, 90, 94]. However, since LLMs “learn” domain
knowledge by capturing patterns from training corpora, generative
pedagogical chatbots often yield inaccurate or incomplete infor-
mation [82], resulting in incorrect programming feedback [7, 8],
tutoring instructions [68], or homework solutions [3, 76].

When learners encounter erroneous information, whether in
human-graded assignments [12, 29, 32], automated feedback [12,
51], or on the Internet [59], research has shown that undetected
mistakes can harm learning. Conversely, error detection and cor-
rection, or the attempt to do so, sometimes bring positive impacts,
such as evaluating peers’ mistakes [26, 34, 55, 67] and receiving
erroneous suggestions from a peer pedagogical agent [1, 41, 50].

While error detection is critical, learners often struggle [46, 51, 53,
89]. Generative chatbots may amplify these concerns. Learners may
trust an eloquently phrased chatbot response more than solutions
from a peer or a web search result [16, 25, 63, 75]. Furthermore, the
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convenience of on-demand dialogue interactions can reduce cross-
checking behaviors [92]. These factors raise important questions
about how effectively learners detect, interpret, and correct chatbot-
generated errors in educational contexts and how these errors affect
their learning outcomes, self-efficacy, and trust in the system.

In this paper, we systematically measure how well adult learners
manage factual chatbot errors when seeking information to under-
stand factual and conceptual STEM knowledge [5], and how these
errors affect learning outcomes and self-efficacy. We chose to focus
on factual and conceptual STEM knowledge because factual and
logical accuracy is more critical for them compared to the subjec-
tive, open-ended content in non-STEM subjects. We structure our
investigation with three research questions:

RQ1 How well do learners identify and correct factual chatbot
errors with and without logical fallacies?

RQ2 How does a factual chatbot error affect learners’ learning
outcomes and self-efficacy on the topic?

RQ3 How do learners’ prior knowledge, prior perceptions and
experience with chatbots, learning motivations, and demo-
graphic factors influence their ability to manage chatbot
errors and how much they get impacted by chatbot errors?

To answer these questions, we developed an ecologically valid
learning platform that incorporated a state-of-the-art LLM and
conducted a quasi-experimental study. Participants completed a
“pre-test - learning session - post-test” learning cycle on two topics
in Introductory Statistics with a chatbot introduced as imperfect, in
either a survey (N = 180) or an interview setting (N = 26). We ran-
domly assigned each participant a chatbot that is either completely
accurate or would make one factual error (either with or without
a logical fallacy). We performed a mixed-methods analysis with
Bayesian causal inference on survey data and a thematic analysis
on qualitative data. Our work contributes to the use of imperfect
generative pedagogical chatbots in three ways.

Established the need to support STEM learners in chat-
bot error management. A majority of our participants struggled
to detect and correct factual chatbot errors with alternative re-
sources. Undetected chatbot errors harmed learning outcomes and
self-efficacy, while detecting chatbot errors predicted learning gains
vs. no error in some cases. This suggests that better detection of
chatbot errors will not only protect learners from harm but also
open up possibilities for educators to turn the errors into learning
opportunities.

Showcased the challenges learners experienced during
chatbot error detection. The reasons why participants failed
to detect chatbot errors with the help of reading materials and
Google search included relying on evaluation strategies dependent
on accurate prior knowledge, having low confidence in their ability
to evaluate, having unwarranted trust, and more. To overcome these
challenges, we proposed ideas on designing for the effective use of
supporting resources and learner empowerment.

Revealed potential fairness concerns across learner groups.
We identified learner groups that were more vulnerable to the harms
of imperfect chatbots, such as beginners on a topic, learners with
limited experience with chatbots, and non-native English speakers.
These differential impacts stressed the need to use caution during
deployment and develop personalized support.
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2 Related Work

2.1 Generative Pedagogical Chatbots and Errors

Recent advancements in natural language generation, especially
with LLMs, have spiked interest in generative pedagogical chat-
bots, chatbots based on generative models developed and/or used
for pedagogical purposes [45, 54, 69, 80]. However, despite their po-
tential to accommodate a broader range of learner requests [13, 90],
these systems sometimes provide inaccurate or incomplete infor-
mation [20, 44, 78], including hallucinations [6, 31], logical rea-
soning failures[21, 71], or missing key details [20, 44]. ChatGPT,
for instance, struggles with math problem-solving [6], runtime
analysis [3], and retrieving factual knowledge about underrepre-
sented regions [61]. In pedagogical contexts, studies found that
GPT-generated feedback for programming contains inaccuracies
in at least half of its responses [7, 8], sometimes even replicating
the original errors from students [28]. A GPT-4-based tutor has
been shown to mislead learners to incorrect math solutions [68].
These reliability issues have raised concerns among educators, re-
searchers, and learners about the use of generative chatbots in
education [70, 95].

2.2 The Impact of Chatbot Errors on Learners

Understanding the impacts of chatbot errors in educational con-
texts is crucial. Extensive studies have demonstrated that erroneous
information from instructors, peers, or online resources affects
learning outcomes and self-efficacy. Failing to differentiate reliable
and unreliable online information can lead to misconceptions [59],
and undetected incorrect feedback from human or automated sys-
tems impedes learning across tasks, such as match-to-sample exer-
cises [12, 29] and programming code explanations [51]. Conversely,
identifying and correcting errors in others’ work (e.g., peers, virtual
peer agents) can enhance learning and self-efficacy [26, 34, 41, 50,
55, 67], though these gains may vary with prior knowledge [1, 2].

Besides impacts on learning outcomes, errors from Al systems
frequently erode trust and reduce users’ willingness to rely on these
technologies [16]. In educational contexts, framing automated eval-
uation tools as unreliable decreases learner acceptance [75], and
perceptions of error rates in NLP-based autograders negatively
impact satisfaction, causing students to overtrust positive and un-
dertrust negative evaluations [30]. Therefore, examining the im-
pacts of pedagogical chatbot errors may help optimize learners’
performance and attitudes.

Prior research has examined learners’ use of generative chat-
bots across subjects such as programming [36], STEM [52], creative
tasks [79], and language learning [27, 60]. Yet, few have system-
atically studied how their errors affect learners, particularly in
non-programming STEM contexts. For example, Lieb and Goel
found that 40% of secondary students distrusted a physics chatbot
but did not measure learning outcomes [52]. Therefore, we tackle
this open question in an ecologically valid STEM learning context.

2.3 Learners’ Management of Chatbot Errors

McBride et al. characterized human management of automation
errors into three phases: detection, explanation, and correction [56].
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Error detection and correction are particularly relevant in the chat-
bot error management context, as literature has shown that how
learners manage and use erroneous information moderates its im-
pact [12, 12, 29, 32, 51]. In non-educational information-seeking
and task-completion contexts, prior studies have found that users
frequently struggle to detect chatbot errors [38, 40, 65, 81, 84]. For
instance, users perform worse when relying on Al-infused search
engines that provide incorrect medical answers [40], overtrust mis-
leading product comparisons from LLM-based tools [84], and often
fail to detect inaccuracies from imperfect assistants in productivity
tasks [38]. These studies, however, provided limited access to alter-
native resources for error detection and rarely investigated users’
error correction behaviors. In contrast, educational settings usually
provide learners with multiple alternative resources, which may
affect the error detection and correction outcomes.

However, no work has systematically examined how well learn-
ers manage chatbot errors in a non-programming STEM learn-
ing setting. For instance, Shoufan observed that students without
prior knowledge struggled to evaluate ChatGPT’s solutions in a
computer science exam setting, but not in a learning setting [83].
Kazemitabaar et al. observed students using verification strategies
on chatbot-generated code but sometimes failed, yet code verifica-
tion is different from evaluating natural language responses [36].
Our work examines how well learners detect and correct errors in
natural language chatbot responses in STEM learning.

2.4 Chatbot Error Management Variations
Across Learners

Individual learner attributes may shape how people evaluate, inter-
pret, learn from, and respond to Al-generated information. Inspired
by prior work, we examine the following attributes:

Prior Knowledge & Motivations. Foundational knowledge
or confidence (e.g., high pre-test scores, STEM background, self-
efficacy) may reduce learners’ reliance on chatbots and enhance
error detection [1, 33, 77]. Perceived task value and motivation (in-
trinsic or extrinsic) may encourage self-regulated learning behav-
iors such as verifying chatbot outputs using multiple resources [64].

Chatbot Experience & Perceptions. A high level of trust in
the chatbot may cause some learners to accept chatbot outputs
uncritically, while those with low trust may develop algorithm
aversion [16, 39, 86]. Users who frequently engage with chatbots
often develop folk theories to guide their detection and correction
of errors [18, 37].

Demographics. Factors such as age [4, 88], gender [11, 74],
education level [85], and English proficiency [66] may influence
trust, error-attribution patterns, and cognitive load during chatbot
interactions. For example, females may attribute failures internally
more frequently [11], and non-native English speakers may struggle
with cognitively demanding chatbot responses [66].

3 Learning Context and Platform Development

3.1 Learning Context and Procedure

We situated our study in the STEM learning context of introductory
Statistics. This subject is accessible to diverse learners and contains
independent, easy-to-evaluate concepts. We selected four distinct
topics: (1) mean vs. median, (2) simple random sampling vs. stratified
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sampling, (3) correlation vs. causation, and (4) standard deviation vs.
standard error.

Participants aimed to "understand" factual and conceptual knowl-
edge in two of the four topics, the second level of Bloom’s taxon-
omy [5]. Overall, a participant completed a pre-test, a learning
session, and a post-test to achieve a set of learning objectives for
each topic. They repeated this process twice, once for each topic.
The experimental intervention, a chatbot that may make errors of
a certain type, took place in the learning sessions. The first two
authors, both with extensive backgrounds in Statistics, iteratively
designed the learning and evaluation materials with feedback from
a Statistics instructor at our university.

3.2 Learning Environment

We iteratively designed and implemented an open-ended online
learning environment where participants had access to an imperfect
chatbot using React and Django. We prioritized ecological validity
when designing the learning experience and platform. Therefore,
we made the following design decisions.

First, we used three learning objectives as an anchor to guide
learners through each topic. They appeared as guiding questions
at each step of the process (e.g., "What is correlation, and what is
causation?")

Second, we provided multiple learning resources offered in pop-
ular open-ended online learning environments along with the chat-
bot during the learning sessions (Figure 1). We encouraged par-
ticipants to use the reading materials and a Google search engine
alongside the chatbot to learn to answer the learning objective
guiding questions. They were free to choose whether to use them,
and when and how. Participants on average sent 2.67 messages to
the chatbot, spent 3.43 minutes on the readings, and used Internet
search 0.66 times per session. In addition, we designed a set of T/F
practice problems to guide their learning. Upon submission, they
immediately received answer keys and explanations as feedback.

Finally, we provided incentives to motivate participants’ learning.
We offered performance-based bonuses on the practice ($0.1/prob-
lem) and post-test problems ($0.4/problem) as extrinsic motivation.
To stimulate intrinsic motivation, participants started each topic
with a 2-minute video that used real-life examples to explain how
the topic is relevant to daily lives. The median time spent on each
learning session was 8 minutes, showing reasonable engagement.

3.3 The Imperfect Chatbot

3.3.1 The Error Types. This paper focused on two types of factual
errors. Initially, we designed and collected data for a third error
type, information omission errors (I0). Due to a design flaw in the
related materials, we excluded the data points related to IO errors
from the analysis.

The first type was a response with factually incorrect informa-
tion supported by a formal logical fallacy (FE with LF) such as
affirming the consequent, denying the antecedent, or undistributed
middle-term. For example, the chatbot might state: "Stratified sam-
pling produces a more representative sample for a heterogeneous
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Let's gain a deeper understanding on the topic through the learing resources and the practice problems! Click here to see the [ NTNES bRV again.

Learning Resources

Please use the chatbot. reading materials, and Google search to complete the tasks on the right.

© Notice any mistakes or areas for improvement in the chatbat's responses? Report them and eam $0.20 for each valid
report.

Reading Materials  Google Search

@ Avassistant

Hi there, | am a chatbot trained to answer statistics-related questions. Please let me know how | can help.
A FReport Problem
o -
What is correlation?
@ Alhssistant
Correlation me: gree to which two variables are linearly related, using Pearson's correlation

coefficient

. a negative 'r' suggests
an inverse r a non-zero Pearson's correlation
coefficient between A and B, it encour:
s that if a stu

lationship between them and thus

& 2 causal relationship may exist
n's correlation coefficient between Aand B,

between them. It then fal ds a zero P

‘there cannot be a causal

courages further investigation.

Task 1: Achieve the Learning Objectives

Learn how to answer the following questions to prepare for the post-evaluation.

is correlation, and what is causation?

s the existence and absence of a correlation mean for the existence of a causal relationship? Why?

does the strength of a correlation tell us about the existence of a causal relationship? Why?
Task 2: Practice Makes Perfect

Let's try out some practice problems. You have answered similar ones in the pre-evaluation.

© You will receive a bonus of $0.1 per carrect answer.
o Please do not use resources besides those on the left,

Statement 1: Correlation does NOT imply causation because correlation can exist due to ceincidence in data.

* Is this statement True or False? * How confident are you with your answer?

* Which of the following help you form your answer? (elect all that apply)

Statement 2: The weaker the correlation is between two variables A and B, the less likely there is a causation
relationship between A and B,

* Is this statement True or False? * How confident are you with your answer?

* Which of the following help you form your answer

Statement 3: If we observe a zero Pearson's correlation coefficient between variables A and B, there may still exist a
causal relationship between A and &.
* How confident arey

*#Is this statement True or False? ith your answer?

Figure 1: The learning session page with the chatbot, reading materials, and Google search engine on the left, and learning
objective guiding questions and T/F practice problems on the right.

population than simple random sampling. Therefore, if the represen-
tativeness of a data sample improves after switching from simple
random sampling to stratified sampling, then this sample must come
from a heterogeneous population." Here, let’s call "the population is
heterogeneous" [A] and "a sample from stratified sampling is more
representative than that from simple random sampling" [B]. This
statement then follows the form "If [A], then [B]. Therefore, if [B],
then [A]". This is an affirming-the-consequent fallacy because [B]
cannot necessarily imply [A], i.e. there could be other reasons why
a simple random sample is not representative.

Another type of factual error we studied was a response contain-
ing incorrect factual information without a formal logical
fallacy (FE without LF). For example, "Sample size affects the
magnitude of standard deviation (SD) and standard error (SE) in op-
posite ways. As the sample size increases, SE decreases because there
is less uncertainty. But the SD of a sample increases as the sample
size increases because more data points mean more variability." It
incorrectly implies that SD always increases with sample size.

3.3.2  Curating Chatbot Errors. We manually curated two unique
factual chatbot errors per topic, one of each type. This resulted in
8 unique factual errors for 4 topics. These error statements were
chosen from an initial set of 26 for their average difficulty based on
a pilot study, where 95 participants on Amazon Mechanical Turk
rated the correctness of the statements (see Appendix A.2').

All appendixes in the paper are available at https://osf.io/5wj3x/?view_only=
¢810f8f9418a4068a6a363c6483e1994

3.3.3  How Participants Experienced Chatbot Errors. For each chat-
bot error statement, we created a corresponding learning objective,
pre-test problem, practice problem, and post-test problem. This
yielded three sets per topic, one for each error type?. In each learn-
ing session on a topic, a participant worked on all three practice
problems, but they were randomly assigned to experience one of
the error types or no error. We used rule-based randomization to
customize prompts, instructing the chatbot to present up to one
unique error of the randomly assigned type in each learning session.
The same error may appear more than once per session. It was also
possible that the assigned error did not appear if the participant
did not ask any relevant questions. We categorized sessions in this
case in the “no error” condition during the analysis.

3.3.4 Implementing The Imperfect Chatbot. We used a combina-
tion of semantic cache and prompt chaining to create the imperfect
chatbot. The chatbot first searched for a cached inquiry with high
semantic similarity from a bank of inquiry-response pairs designed
for the assigned error condition and topic. We used GPT-4 Turbo
(0125-Preview) to generate the responses and variations of the in-
quiries with human oversight. This approach enhanced consistency
in how errors were introduced. The overall cache hit rate was 87.6%.

If the program found nothing in the cache, it prompted GPT-40
(2024-05-13) for a response. The response then went through a
chain of prompts uniquely designed for each error statement to
incorporate the error and remove contradictions®. The first author

20ne of them was for the IO error, which we excluded in the analysis.
3Prompts available in the “Chatbot Prompts” file here: https://osf.io/5wj3x/?view_
only=c810f8f9418a4068a6a363c6483¢1994


https://osf.io/5wj3x/?view_only=c810f8f9418a4068a6a363c6483e1994
https://osf.io/5wj3x/?view_only=c810f8f9418a4068a6a363c6483e1994
https://osf.io/5wj3x/?view_only=c810f8f9418a4068a6a363c6483e1994
https://osf.io/5wj3x/?view_only=c810f8f9418a4068a6a363c6483e1994

An Analysis of The Effects of Chatbot Errors on Learning

reviewed and categorized all dynamic responses to the appropriate
error condition. We saw no unintended errors in the responses.
The average delay for these dynamically generated responses was
5.7 seconds (standard deviation = 3.9 seconds). We added an arti-
ficial delay of 5 to 15 seconds to cached responses to reduce their
distinguishability.

4 Study Design

Our experiment employed a within-between-subjects design. Par-
ticipants experienced two chatbot error conditions out of four at
random (three error types + a no error condition), as specified in
Section 3.3. Note that while we collected data on a third type of
error, information omission error, we excluded it from the analysis
in this paper due to design flaws. We implemented the experiment
via an online survey setting and an interview setting. In this section,
we first explain the study procedures for the two settings, focus-
ing on how we measured the variables of our interest. Then, we
describe our data collection process and the samples.

4.1 Online Survey Procedure

This section outlines the step-by-step procedure for survey partici-
pants. Please refer to Appendix A.1 for the survey questions.

4.1.1 Part 1: Before Learning. Prior chatbot experience survey:
Upon informed consent, we used Likert questions to survey partic-
ipants’ prior familiarity, usage, perceived reliability, and perceived
helpfulness of LLM and LLM-powered chatbots (RQ3). If they had
never heard of or used LLM-powered chatbots, we asked the same
questions concerning general chatbot experiences instead.

Introducing the learning platform: We then introduced the
study procedure and incentive structure. To familiarize partici-
pants with the learning environment, we explained how to use
the resources and guided participants through practice tasks in
a playground environment. We specifically emphasized that the
chatbot "may make mistakes or provide sub-optimal answers, even
though it can answer many questions well".

4.1.2  Part 2: During Learning. Overall, participants completed a
pre-test, a learning session, and a post-test for both topics. Next,
we describe the procedure for each topic.

Pre-learning assessment and survey: After viewing the intro-
ductory video, participants answered and reported their confidence
in six True/False questions to demonstrate their prior knowledge
of the topic (RQ3). Participants then reported their self-efficacy in
mastering the topic (RQ3) on a 10-point scale adapted from Bandura
et al. [9]. We also measured intrinsic and extrinsic motivations, and
perceived task value (RQ3) using a subset of the Motivated Strategies
for Learning Questionnaire (MSLQ) [72].

Learning session: Participants worked towards the learning
objectives and prepared for the post-learning assessment at their
own pace using the chatbot, practice problems, and other resources
we provided (described in Section 3.2). We encouraged participants
to submit a "Report Problem" form if they identified any issues with
the chatbot’s response with a bonus of $0.2/report. Participants
explained what was wrong, why, and how they noticed it in the
report form. Based on these reports, we derived error management
outcomes (EMO) for RQ1.
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Post-learning survey and assessment: First, we measured
participants’ post-learning self-efficacy (RQ2) [9] and attitudes to-
wards the chatbot. Then, participants completed three assessment
problems, each a proxy of learning outcomes (RQ2) to a learning
objective. All problems contained a short-answer component to
capture nuanced learning progress.

4.1.3  Part 3: After Learning. Demographic survey: After learning
both topics, participants reported their age, gender, education level,
English proficiency, and STEM background (RQ3).

Debrief: Finally, participants reviewed their chat history, which
included annotations highlighting and correcting the known chat-
bot errors. This step ensured participants did not leave with mis-
conceptions due to the chatbot’s mistakes.

4.2 Interview Procedure

Interview participants completed the same surveys and tasks as on-
line survey takers in the presence of an interviewer. We interviewed
participants at three different points during their learning.

e When participants opened a chatbot response report
form, we asked them to explain the issue, how they first
noticed it, and how they decided to report it.

o After the second learning session, we asked participants
why and how they used the various learning resources. We
inquired about their thoughts on the quality of the chatbot
responses and the strategies they used to assess them.

o After the second post-learning survey, we asked partic-
ipants to explain the rationale behind the changes in their
self-efficacy before and after learning.

4.3 Data Collection

Data collection took place between June and August 2024, follow-
ing approval from our Institutional Review Board (IRB24-0024). We
used a stratified sampling approach by setting a quota for partic-
ipants with varying levels of statistical background to recruit a
balanced sample.

We recruited 196 U.S.-based survey participants on Prolific 4
in two batches, half in June (with 3 learning topics), and half in
July (with all 4 topics). Since each participant completed two top-
ics, we started with 392 participant-topic pairs. We removed 48
pairs where participants failed two or more attention checks (N =
6) or showed either minimal effort (N = 30) or possible cheating
behaviors using outside resources (N = 17) in the post-test>. The
first two authors made exclusion decisions based on the language
style and log data evidence (details in Appendix D). After removing
82 learning sessions in the information omission error condition,
we got 262 valid participant-topic pairs from 177 participants. The
median completion time for the study was 50 minutes. Participants
received a base pay of $8/hour with a bonus of up to $3.5.

We recruited 26 interview participants through physical flyers,
our institution’s mailing list, and local social media groups (Reddit).
16 participants attended in person ($28 base pay + bonus) and 10
attended via Zoom ($20 base pay + bonus). The first two authors
conducted the interviews with a median length of 77 minutes.

*https://www.prolific.com/
Some instances overlapped across the removal categories.


https://www.prolific.com/
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4.4 Sample Descriptive Statistics

Our online survey sample (177 participants) closely matched the U.S.
population in gender and ethnicity® but skewed younger and more
educated. The sample included a balanced distribution of statistics
knowledge: 24.71%, 36.34%, 26.45%, and 12.5% scored a weighted
total” of < 1, 2,3, > 4 points out of 6, respectively, in pre-tests. The
interview sample skewed older and more educated compared to
the survey sample. Additionally, more interviewees had a STEM
background and had taken one or more Statistics classes.

Around 70% of both samples reported being slightly or mod-
erately familiar with LLMs. About 20% had never used an LLM
chatbot, while approximately 14% used it daily. Roughly 70% per-
ceived chatbots as sometimes or often reliable, and 60-65% viewed
them as moderately or very helpful. Further details for the samples
are available in Appendix D.

5 Data Analysis
5.1 Models And Variables Definitions

Our research questions ask about how well participants managed
the two types of factual chatbot errors (RQ1) and how the experi-
ence with a chatbot error impacted learning outcomes and change
in self-efficacy (RQ2). In addition, we investigated how the effects
vary by participants’ characteristics (RQ3). In this section, we for-
mally define the outcome variables (DVs) and predictors in the five
models we constructed to answer the research questions.

5.1.1  Error management outcome (EMO) in RQ1. Error manage-
ment outcome (EMO) is the stage at which a participant arrived
in managing the chatbot error in a learning session. The first author
analyzed the chatbot reporting forms and assigned each session
one of the four outcomes: (1) no report, (2) reported a response
but did not identify a valid error, (3) identified a valid error but
failed to correct it, and (4) identified and corrected a valid error (See
Appendix B for detailed definitions). We constructed two models.

Model 1 [EMO (categorical) ~ Session error type (categorical)]
estimates how likely participants reached each stage when man-
aging each error type (RQ1). Session error type captures whether a
participant encountered a given error type in a learning session.

Model 2 [EMO (binary) ~ Participant characteristics X Session
has error (binary)] estimates how participants’ characteristics affect
whether they successfully identified a chatbot error, i.e., reached
stage 3 or 4 (RQ3), via interaction effects.

5.1.2  Learning outcomes in RQ2. Recall that each chatbot error
corresponds to a unique practice problem and post-test problem. To
estimate how experiencing a chatbot error impacted participants’
learning outcomes, we modeled two metrics: (1) correctness of
the practice problem and (2) performance on the post-test
problem corresponding to the chatbot error.

Model 3 [Correctness of a practice problem (binary) ~ Problem
has error X Problem’s potential error type + Problem has error X
Participant characteristics] estimates a chatbot error’s influence
on learning outcomes when participants had access to reading
materials and Google search. The variable Problem has error takes

Shttps://www.census.gov/
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three values: no error, a relevant error, and an irrelevant error (i.e.,
experienced a chatbot error unrelated to the problem).

Model 4 [Performance on a post-test problem (ordinal) ~ Problem
has error and its detection status X Problem’s potential error type +
Problem has error and its detection status X Participant characteris-
tics] estimates how a detected or undetected chatbot error affects
learning outcomes after participants received direct feedback on
the learning task (i.e., answer keys and explanations). The variable
Problem has error and detection status has five possible values: no er-
ror, a detected/undetected relevant error, and a detected/undetected
irrelevant error.

There are five levels to one’s performance on a post-test problem.
A participant earned the highest level if they selected the right
answer and explained its rationale. An answer received the lowest
grade if it aligned with the chatbot error. The first two authors
went through three rounds of grading calibration and reached an
agreement percentage of over 0.9 before independently grading
half of the answers. The codebook is available in Appendix B.

5.1.3  Self-efficacy change in RQ2. We modeled the difference be-
tween participants’ self-efficacy before and after each learning
session in Model 5 [Difference in self-efficacy (continuous) ~ Session
error type and its detection status + Session has error and its detec-
tion status X Participant characteristics (excluding pre-learning self-
efficacy]. The variable Session error type and detection status has 5 cat-
egories: no error, detected/undetected factual errors with/without
logical fallacies.

5.2 Causal Modeling

We aimed to estimate the causal relationships between the pre-
dictors and outcome variables (DVs) in the five models above. To
identify confounding variables that affected both the predictors
and DVs, we constructed a directed acyclic graph (DAG) (Figure 2)
via a two-step process. First, we constructed the nodes (represent-
ing the variables) and arrows (representing the causal relationship
between variables) directly supported by the research questions,
prior literature [1, 4, 11, 16, 18, 33, 37, 39, 64, 66, 74, 77, 85, 86, 88],
and experiment design. Then, we tested the implied independence
and conditional independence of the DAG after data collection to
verify its validity (process detailed in Appendix C). Based on the
DAG, we adjusted for the following variables in our models.

Participant’s inquiry behaviors that affect the likelihood
of experiencing errors: The experiment design determined that
the error type a participant experienced (a predictor) was affected
by the inquiries the participant sent to the chatbot. In 19.5% of the
learning sessions, participants did not encounter any chatbot error
even though they were assigned a chatbot that made errors because
they did not ask relevant questions. Participant characteristics may
affect the inquiries a participant sent to the chatbot, which then
affects the error type predictor, as well as the DVs (e.g., learning out-
come, EMO). Therefore, we included a binary variable for whether
a participant sent the chatbot an error-inducing inquiry in a session
per error type in the models to block off the path from participant
characteristics to the error type predictor.

Factors from the experiment design: We adjusted for indi-
vidual error statements to tease apart the effect of an error type
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likelihood of experiencing errors
* Whether a participant sent an inquiry to the

Participant Characteristics (Predictors)

Learning-related factors

chatbot that would generate an FE/LF/IO
error in the corresponding error condition

e Performance on pre-test
e Certainty of pre-test answer
e Perceived task value, motivations
e Pre-learning self-efficacy
e Has STEM backgrounds
Demographics

Age, gender, education

Is native English speaker

' Assigned ; ."ﬂl Assigned ."ﬂl
error type | / topic /

.
.
| Assigned | Attitudes towards LLM chatbots

Prior perceived helpfulness, reliability
Prior familiarity, usage frequency

.
/ *

Experience a
— specific error f—
statement R

Experience a

given errar type
(Predictor)

management

Learning outcomes,
change in
self-efficacy

outcome

Figure 2: A DAG that describes the causal model we created for the outcome variables (DVs) and predictors in our research
questions (filled boxes). We used this causal model to construct our regression models to ensure an unbiased estimation of the
causal arrows of our interest (bolded). Parallelogram boxes represent variables randomized in the experiment design. The

boxes with dotted edges were not included in the models.

from that of a particular error statement. In addition, we accounted
for ordering effects [15, 87] and topic effects.

5.3 Bayesian Inference

We operationalized the models with Bayesian formulations of hier-
archical generalized linear models [57] because Bayesian inference
in HCI [35] and educational research [42] has a number of ad-
vantages. Bayesian modeling requires priors, which embody prior
beliefs and evidence about the distribution of modeled variables
and effect sizes. We set weakly informative priors by selecting
maximum entropy distributions and setting prior distributions for
parameters that encode skepticism but not impossibility towards
large effect sizes. Given the priors and observed data, Bayesian
inference generates posterior distributions that represent the likely
values of regression coefficients. See Appendix E for details.

To obtain our posterior distributions, we implemented the mod-
els with NumPyro, a popular Bayesian inference framework, and
performed sampling using the Markov Chain Monte Carlo (MCMC)
technique with the No-U Turn Sampler (NUTS). All parameters
achieved a Gelman-Rubin statistic (a measure of MCMC conver-
gence) of 1.0, indicating that the multiple sampling chains con-
verged [24]. We additionally verified the inference process by com-
paring the predicted values of the outcome variables against the
real data and observed a reasonable fit for our data.

5.4 Qualitative Analysis

The first author of the paper performed affinity diagramming and
thematic analysis on the interview data and chatbot issue report
forms. The analysis focused on participants’ self-reported chatbot
error detection strategies, rationales behind their strategies, and
failures and challenges they encountered in the process.

6 Results - Part I: Main Effects of Chatbot
Errors (RQ1, RQ2)

In this section, we present our findings on how well participants
identified and corrected the chatbot errors (RQ1) and how these
errors impacted participants’ learning outcomes and self-efficacy
(RQ2) across two types of factual errors. We report the effects
on practice problem (logistic regression) and post-test problem
performance (ordinal regression) with odds ratios and cumulative
odds ratio, respectively. The effects on self-efficacy change (linear
regression) are measured with Cohen’s d. An effect is considered
significant when the 94% Highest Posterior Density Interval (HPDI)
excludes the reference value that indicates no effect (odds ratio = 1,
Cohen’s d = 0). If an effect doesn’t meet the significance threshold
above, we say it is “close to significant” when there is a greater than
89% probability that the effect is consistently greater or smaller
than the reference value.

Overall, participants had difficulty identifying and cor-
recting factual errors in the chatbot. Our survey participants
identified 19.77% and 24.62% of the factual errors with and without
logical fallacies, respectively. After adjusting for the effect of indi-
vidual error statements, Model 1 predicted that an average survey
participant would identify a typical factual error with and without
alogical fallacy 14.20% and 16.85% of the time. Very few survey par-
ticipants identified but failed to correct factual errors (3 out of 33).
Interview participants showed a higher rate of failed corrections
upon identifying an FE w/o a LF (2 out of 4).

Among those who failed to identify the target errors, Model 1
predicted that about 5% of survey participants reported a response
for reasons unrelated to the actual error (e.g., ambiguity, excessive
information). Two uncommon cases stood out: one participant
falsely reported an accurate response due to a misconception; one
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interviewee lost confidence in the chatbot after seeing it err in the
first session and reported its responses in the second session despite
not knowing what the errors were.

Participants’ low accuracy of the practice problems trian-
gulates their struggles in error detection. Model 3 predicted
that an average participant had 25.16% and 29.80% probability of
answering a practice problem correctly if they experienced a rele-
vant factual error with and without a logical fallacy, respectively.
By comparing the practice problem accuracy when participants did
and did not encounter a relevant chatbot error, we found that a
chatbot error negatively impacted learning outcomes with a large
effect size (FE w/ LF: odds ratio mean = 0.18, 94% HPDI = [0.03,
0.40]; FE w/o LF: odds ratio mean = 0.18, 94% HPDI = [0.02, 0.38])
when participants had access to reading materials and a Google
search engine but not direct feedback on their work.

Receiving direct feedback on their practice problem elim-
inated the negative effect of FE with LF and decreased the
negative effect of FE without LF to a small effect size (mean
= 0.65, 94% HPDI = [0.42, 0.87]). The remaining negative effect
happened to participants who did not detect and report the chatbot
error. Model 4 predicted that an average participant who did not
detect and report an FE w/o a LF had a 54.11% chance of failing
to achieve the learning goal (i.e., failure to correctly explain their
multiple choice answer in the post-test), as opposed to the 40.43%
chance for those who did not encounter a chatbot error.

Participants who successfully detected and reported chat-
bot errors did not get harmed by factual errors on the post-
test. In fact, we observed a slightly better post-test performance for
those who detected and reported a FE w/ a LF compared to those
who did not experience any chatbot error (62.9% vs. 56.9% achieving
learning goals) after controlling for various factors, including prior
knowledge. But the effect was not significant (cumulative odds ratio
mean = 1.92, 94% HPDI = [0.15, 4.96], > 1 with 67.4% chance).

In addition, successful detection of chatbot errors eliminated
chatbot errors’ negative impact on self-efficacy. Those who did
not detect the chatbot error had smaller gains or greater
drops in their self-efficacy after the learning session than those
who did not experience any chatbot error. The effect sizes ranged
from small to large, but were insignificant due to uncertainty (FE
w/o LF: Cohen’s d mean = -0.34, 94% HPDI = [-0.98, 0.38], < 0 with
82.1% chance; FE w/ LF: Cohen’s d mean = -0.28, 94% HPDI = [-0.92,
0.39], < 0 with 77.7% chance).

Chatbot’s negative impact on self-efficacy may stem from mis-
attribution of the poor performance on practice problem. We ob-
served some interviewees who failed to identify chatbot errors
attributed the responsibility for answering the practice problems
wrong to themselves rather than the chatbot. For instance, one
interviewee who adopted the chatbot’s incorrect response com-
mented: “I thought I read the chatbot correctly, but I guess maybe
I didn’t. So I think it’s just maybe me rushing things. It’s probably
more on my end than the chatbot.”

7 Results - Part II: Effects of Chatbot Errors
across Learners (RQ3)

We focus on how learner characteristics affect chatbot error detec-
tion and the impact on learning outcomes in this section. For the
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effects of ordinal predictors on the outcome variables, we report
the effect of a one-standard-deviation change from the median in
our predictors’ data. The effect of a categorical predictor is the
difference in outcomes between categories. We analyzed the two
types of factual errors as a whole.

7.1 Prior Knowledge

To investigate the impact of prior knowledge, we modeled the inter-
action effects of chatbot errors with total pretest score, correctness
of the relevant pretest problem (for problem-level models), confi-
dence in the pretest answers, and STEM background. Overall, we
found that participants with incorrect or less prior knowledge were
significantly more likely to struggle with error detection.

When the chatbot made an error, participants who answered the
corresponding pretest problem incorrectly were significantly more
likely to get the practice problem wrong than those who had the
right pretest answer. The effect size ranges from small to medium
(odds ratio mean = 1.97, 94% HPDI = [1.01, 3.04]), equivalent to an
average decrease in the chance of a correct practice answer from
37.87% to 25.53%. When the chatbot’s responses were accurate, the
average difference of practice problem accuracies between partic-
ipants who answered the pretest problem correctly and wrongly
was significantly smaller — around 7%, a drop from 66.92% to 60.18%.
We found a similar trend for total pretest score. Participants with
higher pretest scores had a higher chance of detecting and reporting
chatbot errors with a small effect size, though not significant (odds
ratio mean = 1.44, 94% HPDI = [0.67, 2.37], > 1 with 84.6% chance).
We identified two reasons from our interviews.

First, conflicts with prior knowledge played a key role in par-
ticipants’ chatbot evaluation strategies. Directly comparing with
prior knowledge was the second most popular strategy (N = 8). In
addition, 6 interviewees said they would further verify a chatbot re-
sponse with alternative sources only when the response conflicted
with prior knowledge. Those who came in with a misconception
that aligned with the chatbot error were harmed as well. One survey
participant that was in this case chose to agree with the chatbot
even after noticing the conflict between the chatbot and the answer
key on the practice problem. They dismissed the correct answer key
as “absurd”: “I agree with the [chatbot] response: "The weaker the cor-
relation, the less likely there is causation." This is obvious, and pretty
self-evident. ... but the test said this was incorrect. This is absurd.”

Second, lacking prior knowledge discouraged participants from
using any chatbot evaluation strategy at all. Four interviewees
stated they didn’t try to assess the chatbot’s responses because
they felt they lacked the necessary knowledge and ability. One
interviewee remarked: “I am not very savvy in this field [Statistics].
That’s just not something I am good at. So that’s probably why I didn’t
try to give any suggestions.”

7.2 Prior Experience & Perceptions with
Chatbots

Among the four variables related to prior experience and percep-
tions with chatbots, we found that participants’ prior chatbot usage
frequency and perceived reliability of chatbots influenced error
detection. Prior familiarity with how chatbots work and perceived
helpfulness did not impact error detection.
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Participants who used chatbots more often prior to the study
detected chatbot errors and answered practice problems correctly
with significantly higher probabilities despite receiving erroneous
chatbot responses. For instance, Model 3 predicted that a participant
who frequently vs. sometimes used chatbots on average had a
37.23% and 31.7% chance, respectively, of answering the practice
problem correctly when given a wrong chatbot response, indicating
a small effect size (odds ratio mean = 1.33, 94% HPDI = [0.99, 1.76]).
Interestingly, when the chatbot was correct, prior usage frequency
did not affect participants’ accuracy on practice problems.

Prior perceived chatbot reliability had a significant negative ef-
fect on chatbot error detection with a small to medium effect size
(odds ratio mean = 0.64, 94% HPDI = [0.33, 0.89]). Participants who
considered chatbots as “often reliable” and “often unreliable” had
an average error detection probability of 19.70% and 32.26%, re-
spectively. But their accuracies on practice problems given chatbot
errors did not differ significantly.

We identified two sources of unwarranted trust from our inter-
view data. First, the chatbot’s arguments often sounded convincing,
regardless of accuracy. Three interviewees accepted chatbot re-
sponses that contradicted their initial answers, and in two cases,
the chatbot was incorrect. One commented: “There is a danger I see
if the chatbot is very good with arguing. It can make a black color
turn white, and I don’t even know it.” Second, two interviewees said
their unwarranted trust came from the perception that the chatbot
knew more than they did. One said: “I am not too familiar on the
topic myself. ... So I trust the computer more.”

7.3 Motivations

Participants’ motivations had a limited impact on error detection
and learning outcomes. Perceived task value had a close-to-significant
but very small effect on error detection (odds ratio mean = 1.15,
94% HPDI = [0.93, 1.41]). Participants with higher self-efficacy did
significantly better on the post-test regardless of whether they en-
countered or detected any chatbot error. But this positive effect
weakened when participants encountered a chatbot error. Extrinsic
and intrinsic motivations did not affect error detection or perfor-
mance on practice and post-test problems.

7.4 Demographics

We investigated four demographic factors: gender, age, highest ed-
ucation level, and English proficiency. Before participants received
answer keys and feedback on practice problems, non-native Eng-
lish speakers and female participants managed chatbot errors less
effectively than their counterparts. Non-native English speakers
reported detecting chatbot errors significantly less (13.05% mean
probability vs. 39.72% for native speakers), but did not perform
worse on practice problems. Male and female participants reported
chatbot errors with similar probability, but females did worse on
the practice problems in the presence of chatbot errors, having an
average accuracy of 25.03%, as opposed to males’ 34.54%.

On the post-test, participants with lower educational degrees
were harmed more by undetected chatbot errors. For instance, those
with high-school degrees performed significantly better than those
with graduate degrees when chatbot was accurate with a small
to medium effect size (odds ratio mean = 0.52, 94% HPDI = [0.25,
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0.83]), but performed worse when they did not detect the chatbot
errors with a small effect size (mean = 1.48, 94% HPDI = [0.83, 2.34]).
Older participants answered problems with lower accuracy under
all conditions, except when they detected chatbot errors, in which
case they achieved similar performance.

8 Discussion and Future Work

Participants in our study faced challenges in detecting factual chat-
bot errors, which negatively impacted their learning outcomes and
self-efficacy. In addition, participants with certain characteristics
struggled more than others. This section explores the implications
of these findings and provides recommendations for chatbot design
and learner empowerment to improve learners’ interactions with
imperfect generative pedagogical chatbots.

8.1 Understanding the Impact of Chatbot Errors

Undetected chatbot errors had clear negative effects on both learn-
ing outcomes and self-efficacy, showing the importance of assisting
learners with chatbot error detection. The harm to self-efficacy due
to incorrect error attribution was concerning, especially in subjects
where certain learner groups typically have lower self-efficacy, such
as girls in STEM [74]. This harm may further exacerbate among
learners who are more likely to attribute failure to internal factors
rather than external factors, such as females compared to males [11].

Conversely, participants who detected errors showed a trend
of performing better on post-tests than those who experienced
no error in some cases (FEs with LFs), aligned with findings from
previous studies [16, 34]. The learning gain may stem from re-
solving contradictions between the chatbot and other sources [47],
suggesting that error detection itself could be a valuable learning
exercise. Alternatively, learning strategies that helped with error
detection may have improved the learning outcomes, regardless
of the presence of chatbot errors. Future research is needed to de-
termine whether error detection itself or the learning process that
leads to error detection drives improved outcomes.

8.2 Designing Supporting Resources for
Chatbot Error Management

Participants’ success in detecting and recovering from chatbot er-
rors varied by the available alternative learning resources. Despite
knowing the chatbot might be imperfect and having access to read-
ing materials and Google search, many participants failed to detect
errors. This suggests that simply warning users about potential
errors and providing unstructured resources, as proposed by prior
work [48, 49], is insufficient. We observed potential explanations
from our interviewees. Some did not attempt to use alternative
resources to evaluate chatbot responses because they did not think
they had the ability to do so. Others used evaluation strategies
that depended on accurate prior knowledge. Designing scaffolds
to guide the use of alternative resources as part of the interaction
system may resolve this issue. For instance, a guided playground
task or training on strategies to evaluate a chatbot response may
boost learners’ confidence and skills.

Even though many participants failed to detect chatbot errors at
first, receiving immediate targeted feedback on the practice prob-
lems greatly reduced the learning harms. This shows that providing
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the right type of alternative learning support at the right time miti-
gates the harm of failed error detection. Future work can explore
what kinds of learning activities and support help learners recover
from misconceptions (e.g., explanations of common misconceptions,
opportunities to consult human experts), and when and how to
incorporate them in an ecologically valid learning environment
with resource constraints.

8.3 Addressing Differential Impacts Across
Learners

Our study revealed multiple learner groups that are more vulnera-
ble to chatbot errors. First, beginners of a topic and learners who
struggle with a topic (e.g., those who have many misconceptions)
are one of the most vulnerable groups when using an imperfect
chatbot. Our findings suggest that accurate prior knowledge plays a
critical role in effective error management, similar to prior findings
on expertise and Al-decision making [77]. We should caution learn-
ers against using an imperfect chatbot before they have studied the
content from a reliable source. If instructors choose to introduce
such a chatbot to beginners, they can structure the learning pro-
cess to first build foundational knowledge through initial activities.
Additionally, we should help learners develop alternative error-
detection strategies, such as conditioning verification behaviors on
confidence in their knowledge rather than on knowledge conflicts.

Second, participants with less experience using chatbots were
less likely to detect the errors. This raises fairness concerns for
deploying such systems among learners with different access to
technology resources. Therefore, it is essential for instructors to
introduce the system (e.g., how it works, how well it works) and
provide guidance on how to use it. Instead of a one-size-fits-all
deployment process, a scaffolded sandbox environment for person-
alized experimentation before formal use may allow learners with
less experience to catch up.

Lastly, we found that non-native English speakers, females, and
learners with lower educational levels encountered additional chal-
lenges with chatbot errors. Future work should dive deeper into
the specific challenges these groups face and develop personalized
solutions.

8.4 Empowering Learners to Manage Imperfect
Chatbots

When learners seek help from a chatbot, especially those with little
prior knowledge, they may perceive the chatbot as having signifi-
cant expert power [23] over themselves. This power dynamic may
explain why some participants had unwarranted trust in the chat-
bot, did not think they were in a position to evaluate the chatbot’s
responses, or were persuaded by the chatbot’s wrong arguments.
One solution is empowering learners to raise their status in this
interactive relationship. Even though the skills to manage chatbot
errors do not come naturally, they are malleable [73], similar to
search literacy [58, 62].

As a first step, future research can study what evaluation strate-
gies work. Based on our study, we believe these strategies are
learner-dependent. For example, learners with little prior knowl-
edge require strategies that do not depend on topic expertise. In
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addition, our findings suggest that strategies may be error-type-
dependent. For instance, two of three interviewees who detected
factual errors with logical fallacies first noticed the error via the
logical reasoning structure. Therefore, trainings that increase logi-
cal reasoning proficiency may be more suited for FEs with LFs than
FEs without LFs.

8.5 Limitations

Although our study offers valuable insights into how chatbot er-
rors affect STEM learning, several factors limit the generalizability
of our findings. First, we focused on introductory statistics and
factual/conceptual knowledge. Learners at higher cognitive lev-
els of Bloom’s taxonomy (e.g., Bloom’s “analyze” or “evaluate”) or
in more interpretive and subjective domains (e.g., social sciences,
humanities) might encounter different error types and outcomes.

Moreover, our controlled online setting using Prolific partici-
pants may not fully capture classroom realities, where peer collabo-
ration, instructor intervention, and varied resources could influence
error detection and recovery. Future research should validate these
findings in classroom settings, where the different contextual and
motivational dynamics may influence learning and error manage-
ment outcomes. In addition, we examined only two short learning
sessions. User behavior, trust, and error-management strategies
likely evolve with repeated system usage over time. Longitudinal
studies could reveal more about how learners adapt to chatbot
imperfections.

Finally, we studied two types of factual errors and observed
differences across error types. While factual errors are common
in generative models, they may not reflect the full spectrum of
possible errors, such as those omitting information or involving
ambiguous information. Future work can investigate and compare
findings to understand what error types to prioritize addressing.

9 Conclusion

As the first comprehensive evaluation of the impact and user detec-
tion of factual errors in generative pedagogical chatbots within a
non-programming STEM learning context, our study underscores
the imminent need to better support learners in identifying and cor-
recting chatbot errors. Providing this support will not only protect
learners from the harms posed by undetected errors, but also create
potential learning opportunities through successful error detection.
Drawing from our findings, we have proposed strategies to support
learners’ chatbot error management via several avenues, including
designing supporting resources, empowering learners, and provid-
ing customized support for vulnerable learner groups. We hope our
work motivates and informs future research aimed at addressing
the challenges of using imperfect generative pedagogical chatbots,
moving us closer to realizing their full potential in transforming
personalized education at scale.
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