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ABSTRACT

We conducted a large-scale randomized controlled trial (RCT) in a
massive, open-access, online CS1 course to examine how a chatbot’s
(1) placement within the course interface, (2) degree of personi-
fication, and (3) technical functionality impact student outcomes.
When the chatbot was placed in the course’s Integrated Devel-
opment Environment instead of the lessons interface, over five
times the proportion of students sent a message. Additionally, these
students sent four times as many messages and asked about the
homework four times as often. Subtle design choices — such as
greeting students with “Hello” — nearly doubled the percentage of
students who engaged with the tool. Despite these significant differ-
ences in chatbot usage, we found no meaningful impact on student
performance in the course. The study included 6,515 students from
149 countries, divided into 10 experiment groups — each receiving
a distinct chatbot implementation — and one control group. Our
results show that chatbot design dramatically influences how stu-
dents engage with the tool, providing valuable insights for further
development of Al-based pedagogical tools.

CCS CONCEPTS

« Social and professional topics — CSI; » Computing method-
ologies — Natural language generation; « Applied computing —
Computer-assisted instruction.
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1 INTRODUCTION

Generative Al offers unprecedented opportunities to support stu-
dents in their learning, but may also distract or demotivate them
from meaningful educational experiences. For example, a recent
study [34] suggests that course-based access to ChatGPT may both
reduce student engagement and increase exam scores. These com-
plex effects necessitate thoughtful experimentation with new Al
tools in order to carefully examine the nuanced impacts of differ-
ent approaches. In our effort to promote access to meaningful and
effective computer science education worldwide, we conducted
a large-scale randomized controlled trial (RCT) exploring the in-
tegration of generative Al-based chatbots in a global CS1 course.
We aimed to understand how novice programming students en-
gage with chatbots, how these interactions impact their outcomes,
and how these tools can be improved to better support learning.
Our study involved 6,515 students from 149 countries, divided into
experiment groups—each receiving a distinct chatbot implementa-
tion—and a control group that did not receive a chatbot.

Based on the growing literature of generative Al chatbots in
learning environments (see Section 2), we posed a series of pre-
registered hypotheses on how different features of a chatbot could
impact learning. To test these hypotheses, we developed multiple
chatbot implementations, strategically varying their placement in
the course website, level of personification, and technical function-
ality. Chatbots were placed alternatively in the lessons interface,
where students watch lecture videos, or in the course’s Integrated
Development Environment (IDE), where they solve programming
problems. Some students were able to chat through free-form mes-
sages, while others were simply offered buttons labeled "Explain
it differently"” and "Why does it matter?" Some were greeted with
“Hello! 'm Chat, the Al chatbot”; others were told it was a “space
to ask questions” For some students, the chatbot functionality was
engineered using Retrieval-Augmented Generation (RAG) tech-
niques to direct them toward relevant course materials; for others,
it broadcast their messages to a community of learners to foster
collaborative learning experiences. Some students did not have
access to an Al based chat feature at all.

We examine how these design choices influence student en-
gagement and learning outcomes by systematically comparing the
impact of these varied implementations. We find that placing the
chatbot in the IDE, as opposed to the lessons interface, dramatically
impacts how students use the tool - five times the proportion of
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students sent a message and those that did sent four times as many
messages. Additionally, these messages were about the homework
four times as often. Subtler differences in presentation — such as
the chatbot greeting students with "Hello" — nearly doubled engage-
ment with the tool. Despite these differences in usage, we find a
surprising null result: inclusion of an Al-based chatbot, regardless
of the implementation, did not improve student learning outcomes.
Although one might expect the technical functionality of a chatbot
(e.g., course-based RAG) to significantly influence its impact on
students, our study dramatically reveals how presentational choices
can overshadow these technical factors. As generative Al contin-
ues to shape learning experiences, our results demonstrate that
thoughtful integration - not just access to technology - will be key
to maximizing its educational benefits.

Main Contributions:

(1) Large-Scale RCT on Chatbot Integration: We designed,
preregistered, and conducted a large-scale RCT involving
6,515 students from 149 countries in an online CS1 course.
Our study examines four key dimensions of chatbot integra-
tion: presence, placement in the course interface, personifi-
cation of Al and technical functionality.

(2) Impact of Placement and Personification: Our findings
reveal that chatbot placement and personification signifi-
cantly influence student engagement with the tool, often in
ways that contradict our expectations. These insights have
critical implications for instructional design.

(3) Surprising Null Result: Although the chatbots’ designs
dramatically impacted how students used them, no chat-
bot implementation significantly outperformed the control
group in terms of course completion. In fact, the control
group had slightly more course engagement.

(4) Demographics Analysis: We analyzed chatbot impact across
student backgrounds and identified a gender bias in the
impact of chatbot placement. Women had higher assign-
ment completion rates with chatbots integrated into lessons,
whereas men had higher completion with IDE placement.

Organization. We review related work in Section 2, describe our
methodology in Section 3, results in Section 4, possible interpreta-
tions and demographics analysis in Section 5, limitations in Section
6, and conclude in Section 7.

2 RELATED WORK

The increasing power of large language models (LLMs) is both a
source of opportunity and a topic of concern in education [13, 15,
16, 18, 32]. In particular, Al-based chat systems are being widely
integrated into educational platforms [3-6], with hopes of greatly
increasing access to personalized education [28, 49].

There is extensive prior work examining the impact of conver-
sational agents and personal tutors in education based on earlier
Al methods [12, 25, 42, 43, 48, 52]. More recently, several works
have explored the educational implications of OpenAI’s ChatGPT
[7, 17, 22, 24, 36, 44, 46], while others have implemented their
own custom chat systems [8, 10, 19, 23, 26, 29, 30, 45, 47, 53].
Through surveys, engagement metrics, and other methods, analy-
ses have shown mixed results regarding the impact of these tools
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[9, 11, 14, 21, 33, 39, 41]. For example, Liu et al. deployed a chatbot
in both a university setting and a massive online class, and found
overall satisfaction and increasing adoption of the tool among stu-
dents [27]. In a different study, Nie et al. examined the impact of
a course based ChatGPT interface through a large scale RCT and
found that simply offering an Al interface to students can reduce
engagement [34]. These nuanced findings demonstrate the subtle
and complex impacts of Al-based tools, highlighting the need for
further experimentation and analysis in this area.

Although many have implemented AI chat systems in educa-
tional settings, the literature lacks a comprehensive comparative
analysis of the placement, functionality, and personification of chat
systems. This lack of clarity around which chatbot features enhance
learning and which detract from it motivates the present study.

3 METHODOLOGY

We conducted a large scale randomized controlled trial (RCT) to
test the following hypotheses:

(1) H1: Chatbots will increase lesson and assignment comple-
tion rates.

(2) H2: If the chatbot is placed within the lessons, then students
will show higher lesson and assignment completion rates
than if the chatbot is placed in the IDE.

(3) H3: Personification of Al will decrease lesson and assign-
ment completion rates.

We preregistered our hypotheses, experiment, and analysis plan
with Open Science Framework. Our complete preregistration is at
https://doi.org/10.17605/OSF.IO/QXAZ6. We describe the course
context (Section 3.1), chatbot variations (Section 3.2), evaluation
metrics (Section 3.3), and analysis plan (Section 3.4) below.

3.1 Course Context and Participants

We ran our study in Code in Place 2024, a free, open-access, online,
introductory computer science course that teaches the basics of
Python to students around the world [2, 31, 38]. The course includes
three primary components: lessons, assignments, and weekly dis-
cussion sections. In the lessons, students learn about new concepts
by watching lecture videos and working through guided exercises.
In the assignments, students strengthen their understanding of
these concepts by writing code in the Integrated Development En-
vironment (IDE) that is embedded in the course website. In the
sections, students meet in groups of about 10 students with a sec-
tion leader to review the course concepts. The sections occur once
a week and are the only synchronous component of the course.
All students who enrolled in the course were initially included in
the experiment. We used cluster randomization to assign students
to experiment groups, where each discussion section was randomly
assigned to an experiment group. In other words, all of the students
in a given discussion section were assigned to the same experiment
group. We did this to prevent students from learning about the
different experiment arms and maintain the integrity of the RCT.
If a student changed discussion sections during the course, they
are excluded from all results presented in this paper. To ensure
that this exclusion did not influence our results, we repeated our
analysis including these students and provide these results at https:
//github.com/sierrawang/cip-chatbots.git.
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Figure 1: The top image shows the chatbot integrated in the
lessons interface (alongside a lecture video), and the bottom
image shows the chatbot integrated in the course IDE.

3.2 Chatbot Variations

We developed ten distinct chatbot implementations that varied in
(1) placement within the course interface, (2) personification of Al
and (3) technical functionality. This allowed us to systematically
compare the impact of each dimension. Here, we describe each
dimension in detail:

(1) Placement: Lessons vs. IDE

We hypothesized that placing the chatbot either within the lessons
interface or the IDE would significantly influence how students use
the tool and, consequently, their learning outcomes. To understand
the impact of chatbot placement on students, we integrated the
chatbot interface within the IDE for two groups, and in the lessons
interface for all other experiment groups. Figure 1 displays the chat
interface in each location.

(2) Personification: Agent vs. Tool

Prior research on Al based educational tools has shown mixed re-
sults; while some tools have improved student outcomes [50, 51],
others have led to student disengagement [34]. We hypothesized
that the personification of Al influences how students perceive
an Al based tool and may be causing these contrasting effects. To
investigate this, we evaluate two levels of personification for the
chatbot: "Agent" and "Tool". An Agent chat greets students with a
message like, "Hello! I'm Chat, the AI chatbot for this course." If a
student asks who they are chatting with, the Agent chat responds
that it is “an Al chatbot.” In contrast, the Tool chatbot introduces
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the interface by saying, "This is your space to ask questions” and
describes itself as “an educational tool created using GPT-4 tech-
nology” We compare the impact of personification by giving half
of the experiment groups an Agent chat and the others a Tool chat.

(3) Functionality: Basic, RAG, Buttons, or Community

The implementation of an Al based chatbot system defines how the
chatbot responds, and consequently, influences how students use it.
To understand the benefits of different approaches, we developed
and assessed the following distinct implementations:

o Basic: The chatbot is implemented through basic prompting
of the LLM to help the student understand the programming
concepts involved in their problem. This implementation
highlights the language model’s default capabilities.

o RAG: The chatbot is implemented using Retrieval Augmented
Generation (RAG) techniques to guide the student towards
course materials. When a student asks a question, the system
identifies the programming concepts involved, retrieves the
most relevant and timely course materials, and uses them to
craft a response. Through this implementation, we investi-
gate whether it is beneficial for the LLM to use related course
context when responding to a student, and whether it is ad-
vantageous to direct students towards the course materials.

e Buttons: This implementation allows students to interact
with the chatbot through two buttons: "Explain it differently”
and "Why does it matter?" We hypothesized that free form
messages might not be the optimal format for students to
seek help. With this implementation, we explore whether
simple button presses could be a more effective interface.

o Community: Unlike the traditional 1-1 chatbot interaction,
this implementation enables responses from both AI and
student peers. When a student sends a message, the system
sends it to other students who are studying the same mate-
rial at the same time, in addition to the LLM. This setup aims
to foster synchronous collaborations within an asynchro-
nous learning environment. Collaborative learning can help
students strengthen their understanding of concepts and
feel a sense of community, which is particularly important
in online contexts [20]. Through this implementation, we
explore the possibility and efficacy of collaborative learning
via Al based chatbots.

We examine these dimensions with ten experiment groups, each
given a chatbot with a specific combination of placement, personifi-
cation, and functionality. Two groups were assigned a chatbot with
Basic functionality in the IDE, one with each level of personifica-
tion (Agent and Tool). Eight groups received their chatbot in the
lessons interface — two for each type of functionality (Basic, RAG,
Community, and Buttons), with each level of personification. The
control group, which did not receive a chatbot, helps us compare
the impact of having any chatbot to not having one.

We implemented all of the chatbots using OpenAI's GPT-4 as the
language model [35], and GPT-4-turbo specifically for the RAG im-
plementation. Each prompt to the language model included context
about the student’s current task to ensure relevant and accurate
responses. The code for each chatbot implementation is publicly
available at https://github.com/sierrawang/cip-chatbots.git.
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3.3 Evaluation Metrics

We utilize the following evaluation metrics to examine the impact
of the different chatbot implementations on student behavior. We
compute each metric at the individual student level, and to compare
metrics across groups, we compute the mean for each group. We use
bootstrapping to assess the statistical significance of the difference
between group means [37]. Unless otherwise noted, we compute
the mean across all members of the group.

Chat Usage Metrics. These metrics measure the extent of stu-
dent engagement with the chatbot and provide insights into how
students use them. Sent Message is a binary indicator for whether
the student sent at least one message (1 if the student sent at least
one message, 0 otherwise). Message Count is the total number of
messages sent by the student. When comparing groups, the group
mean is computed only for students who sent at least one message.

Course Completion Metrics. These metrics represent the comple-
tion rates of the primary course components, highlighting how the
chatbots influence course engagement and outcomes. Assignment
Completion is the percent of assignments that the student com-
pleted. Lesson Completion is the percent of lessons that the student
completed. Section Attendance is the number of discussion sections
that the student attended.

Forum Activity Metrics. These metrics assess how the chatbots
impact student engagement with the course discussion forum, a
separate resource where students can collaborate and receive help
from the course staff. Made Post is a binary indicator for whether
the student made at least one post on the discussion forum (1 if the
student made at least one post, 0 otherwise). Post Count is the total
number of posts made by the student. The group mean is computed
only for students who made at least one post.

Exam Performance Metrics. These metrics estimate the impact of
the chatbots on student learning as their performance on the exam.
It is important to note that the exam was optional and graded by
GPT-4 [1]. Took Exam is a binary indicator for whether the student
took the exam (1 if the student took the exam, 0 otherwise). Exam
Score is the exam score of the student. In an effort to address the
missing exam scores, we perform two estimates when computing
a group’s results: (1) Observed Score is the mean exam score of
students who submitted the exam. (2) Adjusted Score is the mean
exam score with missing scores treated as zero. This is a lower
bound for the group mean.

Confounding factors.The following demographic characteristics
and chatbot variations could influence student behavior. When
comparing groups, we report the group means for the relevant fac-
tors and the p-value for the observed difference. Female is a binary
indicator for whether the student identifies as female. Age is the
student’s age. In USA is a binary indicator for whether the student
lives in the United States of America. Agent is a binary indicator
for whether the student received a chatbot personified as an Agent.
IDE is a binary indicator for whether the student received a chatbot
placed in the IDE. Community is a binary indicator for whether the
student received a chatbot with Community functionality. RAG is
a binary indicator for whether the student received a chatbot with
RAG functionality. Buttons is a binary indicator for whether the
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student received a chatbot with Buttons functionality. Control is a
binary indicator for whether the student was in the control group.

3.4 Preregistered Hypotheses

We focus on three hypotheses that explore the impact of chatbot
presence, placement, and personification on student outcomes. By
systematically testing these hypotheses, we aim to identify chatbot
features that enhance — or hinder — student success in introductory
computer science. We outline our preregistered hypotheses along
with the methods used to test them below:

H1: Chatbots will increase lesson and assignment com-
pletion rates. To evaluate this hypothesis, we compare stu-
dents who received a chatbot (Chatbot group) to those who
did not receive a chatbot (No-Chatbot group). The Chatbot
group consists of the two experiment groups that received
a chatbot with Basic functionality in the lessons interface.
The No-Chatbot group consists solely of the control group,
which did not receive a chatbot. We test two null hypotheses
for H1: (1) The Chatbot group does not have higher lesson
completion rates than the No-Chatbot group. (2) The Chatbot
group does not have higher assignment completion rates than
the No-Chatbot group. H1 is supported if we reject both null
hypotheses.

H2: If the chatbot is placed within the lessons, then
students will show higher lesson and assignment com-
pletion rates than if the chatbot is placed in the IDE. To
evaluate this hypothesis, we compare students who received a
chatbot in the lessons interface (Lessons group) to those who
received a chatbot in the IDE (IDE group). The Lessons group
consists of the two experiment groups who received a chatbot
with Basic functionality integrated into the lessons interface.
The IDE group consists of the two experiment groups who
received a chatbot with Basic functionality in the IDE. We test
two null hypotheses for H2: (1) The Lessons group does not
have higher lesson completion rates than the IDE group. (2)
The Lessons group does not have higher assignment comple-
tion rates than the IDE group. H2 is supported if we reject
both null hypotheses.

H3: Personification of AI will decrease lesson and as-
signment completion rates. To evaluate this hypothesis, we
compare students who received a chatbot personified as an
Agent (Agent group) to those who received a chatbot personi-
fied as a Tool (Tool group). The Agent group consists of the
five experiment groups who received a chatbot personified
as an Agent. The Tool group consists of the five experiment
groups who received a chatbot personified as an Tool. We test
two null hypotheses for H3: (1) The Tool group does not have
higher lesson completion rates than the IDE group. (2) The
Tool group does not have higher assignment completion rates
than the IDE group. H3 is supported if we reject both null
hypotheses.
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Metric Chatbot No Chatbot p-value Metric Lessons IDE p-value

Chat Usage Chat Usage

Sent Message 5.6% N/A N/A Sent Message 5.6% 31.2% 0.000

Message Count 5.7 N/A N/A Message Count 5.7 24.8 0.003

Course Completion Course Completion

Assn. Completion  60.8% 61.4% 0.763 Assn. Completion  60.8% 59.0% 0.299

Lssn. Completion  67.8% 67.9% 0.950 Lssn. Completion  67.8% 65.5% 0.103

Sect. Attendance  69.6% 70.6% 0.535 Sect. Attendance  69.6% 68.3% 0.364

Forum Activity Forum Activity

Made Post 45.3% 46.0% 0.770 Made Post 45.3% 42.4% 0.156

Post Count 2.7 2.6 0.548 Post Count 2.7 2.7 0.837

Exam Performance Exam Performance

Took Exam 23.0% 24.1% 0.587 Took Exam 23.0% 21.0% 0.259

Observed Score 77.5% 80.9% 0.121 Observed Score 77.5% 77.2% 0.896

Adjusted Score 17.8% 19.5% 0.321 Adjusted Score 17.8% 16.2% 0.270

Confounds Confounds

Female 50.1% 45.0% 0.037 Female 50.1% 47.3% 0.179

Age 32.4 34.6 0.000 Age 32.4 29.7 0.000

In USA 29.5% 34.4% 0.032 In USA 29.5% 31.2% 0.372
Agent 52.1% 46.8% 0.011

Table 1: Compares students with a chatbot to those without a
chatbot. For each comparison, the larger value is bold, and the
p-value reflects the statistical significance of the differences.

4 RESULTS
4.1 Chatbot or No Chatbot?

H1 — Chatbots will increase lesson and assignment comple-
tion rates — is not supported. Contrary to our hypothesis, the
presence of a chatbot did not lead to improvements in course com-
pletion. Instead, the No-Chatbot group had slightly higher average
assignment completion (61.4% vs. 60.8%; p = 0.763), lesson comple-
tion (67.9% vs. 67.8%; p = 0.950), and section attendance (70.6% vs.
69.6%; p = 0.535) rates compared to the Chatbot group. We also
find that a higher proportion of the No-Chatbot group posted on
the forum (46.0% vs. 45.3%; p = 0.770) and took the exam (24.1% vs.
23.0%; p = 0.587).

While none of these differences are statistically significant, the
consistent direction of the results indicates that the chatbot did not
increase student engagement by these metrics. Table 1 summarizes
the observed metrics and statistical comparisons.

Notably, there are significant demographic differences between
the Chatbot and No-Chatbot groups in gender, age, and U.S. resi-
dency as a result of our experiment group assignment protocol (see
Section 3.1). To ensure these differences did not skew our results,
we conducted additional regression analyses, detailed in Section
4.4, which confirm that there is no significant correlation between
chatbot presence and any outcome metric. Altogether, we find no
evidence to support H1.

Chatbots did not significantly improve outcomes. To further
assess the effectiveness of Al-based chatbots, we compared the
control group with each experiment group individually. When we
compare the control group with the best performing experiment

Table 2: Compares students with a chatbot in the lessons
interface to those with a chatbot in the IDE. For each com-
parison, the larger value is bold, and the p-value reflects the
statistical significance of the differences.

group for a metric, we find no significant difference, indicating that
none of the chatbot designs offered a meaningful benefit for any
measured outcome. Notably, the percent of students who used the
chatbot was below 10% in the best-performing experiment group
for each metric, suggesting that the tool may have had a limited
role in influencing outcomes.

4.2 Chatbot Placement: Lessons or IDE?

H2 —If the chatbot is placed within the lessons, then students
will show higher lesson and assignment completion rates
than if the chatbot is placed in the IDE - is not supported.
Placing the chatbot in the lessons interface yielded slightly higher
assignment completion (60.8% vs. 59.0%; p = 0.299), lesson comple-
tion (67.8% vs. 65.5%; p = 0.103), and section attendance (69.6% vs.
68.3%; p = 0.364). Furthermore, the Lessons Group had higher rates
of forum activity and exam performance, though these differences
were not significant. Although these differences align with our hy-
pothesis, they are not statistically significant, and therefore, this is
insufficient evidence to support our hypothesis. Table 2 summarizes
the observed metrics and statistical comparisons.

We note that the Lessons group had a significantly higher aver-
age age and proportion of students with an Agent-like chatbot. To
evaluate how these imbalances impact our results, we conducted
the regression analyses detailed in Section 4.4, which confirms that
placing the chatbot in the IDE does not significantly correlate with
course completion rates.
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Metric Agent Tool p-value
Chat Usage

Sent Message 12.2% 7.7% 0.000
Message Count 17.6 12.6 0.146
Course Completion

Assn. Completion  60.4% 58.8% 0.126
Lssn. Completion  67.4% 65.7% 0.045
Sect. Attendance  68.9% 68.3% 0.500
Forum Activity

Made Post 44.8% 44.0% 0.583
Post Count 2.8 2.7 0.424
Exam Performance

Took Exam 22.1% 21.4% 0.543
Observed Score 78.2% 80.2% 0.109
Adjusted Score 17.2% 17.2% 0.939
Confounds

Female 47.8% 48.5% 0.570
Age 31.7 31.0 0.016
In USA 30.0% 31.3% 0.275
IDE 16.2% 18.5% 0.019
RAG 23.6% 23.6% 0.994
Community 22.7% 14.5% 0.000
Buttons 14.0% 21.7% 0.000

Table 3: Compares students with an Agent chatbot to those
with a Tool chatbot. For each comparison, the larger value is
bold, and the p-value reflects the statistical significance of
the differences.

Chatbots are more popular in the IDE. In contrast, we find
that placing the chatbot in the IDE dramatically increased both
the number of students who engaged with it and the extent of
their interactions. The percentage of students who sent at least one
message was 31.2% for the IDE group, compared to just 5.6% of
the Lessons group (p = 0.000). Similarly, students who used the
chatbot in the IDE sent significantly more messages on average
compared to students using a chatbot in the lessons interface (24.8
vs. 5.7; p = 0.003). These findings suggest that while placing the
chatbot in the IDE significantly increases engagement with the tool,
this increased usage does not translate into better or worse course
outcomes.

4.3 Chatbot Personification: Agent or Tool?

H3 — Personification of Al will decrease lesson and assign-
ment completion rates — is not supported. Contrary to our hy-
pothesis, we find that personifying the chatbot as an Agent resulted
in higher course completion rates. The average lesson completion
rate was significantly higher for the Agent group than the Tool
group (67.4% versus 65.7%, p = 0.045). Assignment completion and
section attendance were both slightly higher for the Agent group
but the differences were not statistically significant (60.4% vs. 58.8%;
p =0.126, 68.9% vs. 68.3%; p = 0.500). Other engagement metrics,
such as forum activity and exam participation, also showed slight
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(not significant) increases for the Agent group. Altogether, these
results suggest that personifying the chatbot as an Agent may posi-
tively influence course engagement, contrary to our expectations.

Note that the Agent and Tool groups differ in student demo-
graphics and chatbot features, which may impact our findings. To
account for this, we conducted the regression analysis described
in Section 4.4. Our analysis shows that Agent-like personification
does not significantly correlate with lesson completion; however,
age — which is significantly higher in the Agent group — positively
correlates with this metric. While this may suggest a potential
confounding effect in the group differences, it supports the finding
that personification does not significantly impact student outcomes,
contrary to our hypothesis.

Agent chatbots are more popular. We also find that personifying
the chatbot as an Agent increased both the number of students
who engaged with the chatbot, and the extent of their interactions.
The percentage of students who sent at least one message was
significantly higher in the Agent group than in the Tool group
(12.2% vs. 7.7%; p = 0.000), and on average, these students sent more
messages (17.6 vs. 12.6; p = 0.146). These findings suggest the Agent-
like chatbot’s welcoming message encourages more interaction.

4.4 Regression Analysis

To investigate the individual impact of each demographic character-
istic and chatbot dimension on student performance we conducted
a series of regression analyses. We specifically created a regression
model for each evaluation metric (in Section 3.3) using student
demographic and chatbot dimensions as features. This approach
allows us to analyze the specific relationship between each feature
and outcome metric, and verify the results that we found at the
group level.

For each of the evaluation metrics, we chose the type of regres-
sion model based on the nature of the metric. For binary metrics
(Sent Message, Made Post, and Took Exam), we used logistic regres-
sion. For count-based metrics (Message Count and Post Count), we
used Poisson regression. For continuous metrics (Exam Score, As-
signment Completion, Lesson Completion, and Section Attendance),
we used Ordinary Least Squares (OLS).

We included all of the students to build each model, except when
their outcome would be trivial. For chatbot-specific metrics (Sent
Message and Message Count), we excluded students in the Control
group. For count-based metrics (Message Count and Post Count),
we excluded students who never engaged in the activity, as this is
already captured in the engagement metric (e.g., Sent Message).

Each row of Table 4 summarizes the regression model for each

«

evaluation metric; the values show the correlation direction (“+
or “=”), rounded coefficient, and statistical significance of each
feature for that metric. We denote significance using * (p < 0.05),
**(p < 0.01), and *** (p < 0.001). “NA” indicates that the feature was
excluded due to filtering out the Control group. Here, we summarize

the significant findings for each demographic and chatbot feature:

e Female: Identifying as female shows a significant positive
correlation with Message Count, Assignment Completion, Les-
son Completion, Section Attendance, and Post Count.
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Evaluation Metric Female Age In USA Agent IDE Community RAG Buttons  Control
Sent Message +0.02 -0.06 -0.38 " +0.74 7" 42,1177 -1.0 777 -0.28 +0.79 " NA
Message Count +0.2 ™ +0.07 ™ 4017 ™ +0.15™ 4148 -0.35*F +0.53 % -0.98 *  NA
Assignment Completion  +0.02 * +0.02 " +0.02 " +0.01 -0.01 -0.01 -0.01 -0.03 +0.01
Lesson Completion +0.03 ** +0.04 ™  +0.01 +0.01 -0.01 -0.01 -0.0 -0.02 +0.0
Section Attendance +0.02 * +0.05™*  +0.03™  +0.0 +0.0 -0.01 -0.0 -0.01 +0.0
Made Post -0.02 +0.26 ™ -0.13* +0.0 -0.06 +0.07 -0.03 -0.03 -0.01
Post Count +0.05 * +0.23 7 -0.15 +0.02 +0.03 +0.13 +0.07 * -0.06 -0.08
Took Exam +0.09 +0.17 *** -0.23 *** +0.02 -0.07 -0.05 -0.07 -0.08 +0.06
Exam Score +0.03 +0.06 ***  -0.08 *** +0.0 -0.02 -0.01 -0.01 -0.02 +0.02

« ., »

Table 4: Regression model results for all evaluation metrics. The values show the correlation direction (“+” or “—”), rounded
coefficient, and statistical significance of each feature for that metric. We denote significance using * (p <0.05), ** (p <0.01), and
*** (p<0.001). “NA” indicates that the feature was excluded due to filtering out the Control group.

Age: Age shows a significant positive correlation with all
metrics except Sent Message, which shows a negative (but
not significant) correlation.

o In USA: USA residency shows a significant positive correla-
tion with Message Count, Assignment Completion, and Section
Attendance, and significantly negatively correlates with Sent
Message, Made Post, Post Count, Took Exam, and Exam Score.

e Agent: Receiving an agent-personified chatbot shows a sig-
nificant positive correlation with Sent Message and Message
Count.

e IDE: Receiving the chatbot in the IDE shows a significant
positive correlation with Sent Message and Message Count.

o Community: Receiving a chatbot with community func-
tionality shows a significant negative correlation with Sent
Message and Message Count, but significantly positively cor-
relates with Post Count.

e RAG: Receiving a chatbot with RAG shows a significant
positive correlation with Message Count and Post Count.

o Buttons: Receiving a chatbot with a buttons interface shows
a significant positive correlation with Sent Message and a
significant negative correlation with Message Count.

o Control: Being in the control group is not significantly cor-

related with any of the measured metrics.

These results suggest that specific chatbot design features (e.g.,
Agent, IDE, Community, RAG, Buttons) can substantially influence
how often and in what ways students engage with the platform -
but never significantly correlate with course completion metrics.
The demographic factors (Female, Age, In USA) show meaningful
correlations with both engagement and performance.

5 DISCUSSION
5.1 How do students use chatbots?

In this section, we further explore how students engaged with
the chatbots and how these interactions influenced their learning
outcomes. To reduce confounding factors, we only compare the ex-
perimental groups who received a chatbot with basic functionality.
We used GPT-4o [35] to classify each student message into one of
the following categories:

100 Homework

Conceptual
17.8% 21.7% Al

Greeting

- 15.8% ‘ ‘ Gratitude

& Other

3

5]

p=

kS 49.5%

X 62.1%

15.8%
0
IDE Lessons
Chatbot Placement

Figure 2: Distributions of the types of messages that students
sent to the chatbot in the IDE and in the lessons interface.
This figure includes only students who received a chatbot
with Basic functionality.

(1) Homework: Questions about specific assignment problems
(often asking for the solution).

(2) Conceptual: Questions about computer science concepts.

(3) AI Questions about artificial intelligence (e.g., asking if the
chatbot is AI).

(4) Greeting: Messages such as “hello” or “hi”

(5) Gratitude: Expressions of gratitude.

(6) Other: Messages that do not fit into the above categories.

Figure 2 shows dramatic difference in the distribution of student
message types in the IDE versus in the lessons interface. Students
using the chatbot within the IDE asked homework-related ques-
tions nearly four times more often than those who accessed the
chatbot through the lessons interface (62.1% vs. 15.8%; p = 0.000).
Conversely, students in the lessons interface were far more likely
to seek conceptual help than those in the IDE (49.5% vs. 15.8%;
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Figure 3: Compares students who sent at least one homework
message, to students who did not, in terms of lesson comple-
tion and assignment completion. The error bars show the
standard error of the mean.

p = 0.000). These findings show how dramatically placement in-
fluences how students perceive and use a tool - independent of its
actual utility.

Next, we examined whether asking specific types of questions
correlated with specific performance outcomes. Figure 3 compares
students who sent at least one homework-related message against
those who did not, grouping students by quartiles based on the total
number of messages that they sent. We grouped students to reduce
the confounding effect that simply sending more messages might
correlate with specific performance outcomes. Our findings suggest
a meaningful relationship between asking homework-related ques-
tions and lower achievement: among students who sent at least five
messages, those who sent at least one homework-related message
had lower lesson completion and assignment completion rates. By
contrast, when we compared students who asked conceptual ques-
tions with those who did not, we found no notable differences in
performance. Minimally, these results suggest that the type of ques-
tions students send are an indicator of their likeliness to complete
the course.

Altogether, we see that students are particularly likely to consult
a chatbot in the IDE and ask homework related questions, but that
this does not improve their course outcomes. This is surprising
because the chatbots were designed to be a helpful resource that
assists students with their misconceptions when they are stuck;
we expected the chatbot to promote student understanding with
their homework, and consequently boost assignment completion.
We suspect that instead, the IDE placement diverts students from
solving their assignments to seeking assistance from the chatbot.
This distraction might also be frustrating because the tool is de-
signed to not give direct homework answers. We hypothesize that
intermittent help in the IDE might be more effective and leave it to
future work to explore this further.

5.2 Does chatbot impact vary by demographics?

Examining the impact of an educational intervention across student
demographics is imperative for promoting equity in educational
outcomes. With 6,515 students from 149 countries, we were able

Sierra Wang, Thomas Jefferson, Chris Piech, & John Mitchell
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Figure 4: Assignment completion by gender, based on chat-
bot placement in the lessons versus the IDE. Female stu-
dents complete more assignments when the chatbot is in the
lessons interface, while male students complete more with
IDE placement. The difference in these gender differences is
significant (p = 0.045), indicating gender bias of placement.

to examine how different chatbot experiences influenced learner
performance across diverse backgrounds. Our analysis focused on
three experimental conditions: Lessons: the students receive a chat-
bot integrated into lessons, IDE: the students receive a chatbot
embedded in the IDE, and Control: the students do not receive a
chatbot. To minimize confounding variables, we restricted our anal-
ysis to chatbots with basic functionality and measured performance
using course completion metrics: assignment completion, lesson
completion, and section attendance.

Gender. Due to data limitations, we restricted our gender analy-
sis to male and female students. For each course completion metric,
we calculated the difference in means across gender (male - female)
and used bootstrapping to determine whether this difference varied
significantly across experimental conditions. Our results show a
significant difference in how chatbot placement affects assignment
completion based on gender (p = 0.045). Specifically, women com-
pleted more assignments than men when the chatbot was in the
lessons, while men completed more when the chatbot was in the
IDE. Figure 4 shows this result. For all other performance metrics
and comparisons, the differences across experimental conditions
were not statistically significant, indicating that they did not intro-
duce gender bias.

Human Development Index. The Human Development Index
(HDI) of a country is a measure of the country’s development, in-
tended to represent the standard of living in the country [40]. To
test whether the relationship between HDI and performance varied
across experimental conditions, we used ordinary least squares
(OLS) regression. Higher HDI consistently correlated with better
performance across all three completion metrics (p < 0.001); how-
ever, the interaction between HDI and experimental condition was
never significant (p > 0.18). This indicates that the relationship
between HDI and performance remained stable for different chatbot
placements and chatbot presence.

Age. We conducted the same analysis using student age as
the predictor variable and found that, like HDI, age was a sig-
nificant positive predictor of course completion across all metrics
(p < 0.028). However, as with HDI, the interaction between age and
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experimental condition was not significant, suggesting that the rela-
tionship between age and course completion did not meaningfully
differ across conditions.

Our findings suggest that HDI and age are strong predictors of
course completion; however, the experimental conditions did not
significantly alter these relationships, meaning chatbot placement
did not disproportionately benefit or disadvantage students based
on HDI or age. This is encouraging, as these tools should be equi-
table and beneficial for all learners.

The only significant bias we observed was in the relationship
between gender and chatbot placement for assignment completion.
Specifically, chatbots integrated into lessons appeared to benefit
women more, whereas chatbots in the IDE favored men. This imbal-
ance warrants further investigation to understand its underlying
causes and explore mitigation strategies.

6 LIMITATIONS AND FUTURE WORK

In retrospect, our study is limited by the number of experiment
groups and the cluster randomization method we used. Because we
had so many chatbot variations, our groups became relatively small
and imbalanced, making it difficult to draw additional meaningful
conclusions. Furthermore, counter to expectations, the chatbots in
the lessons interface saw extremely low engagement rates (1.6% to
12.0%), making it even more difficult to draw conclusions about the
impact of the chatbot in this context (other than the conclusion that
students don’t use it). If we were to do this again, we would use a
different randomization strategy and fewer experiment groups, to
get better balance across varying experimental conditions.

In our analysis, we utilize several metrics for course completion,
site engagement, forum activity, and exam performance, and do not
see a benefit of chatbots. Minimally, these metrics are an indicator
of dropout, so our results suggest that the chatbots do not inspire
students to stay in the course. It is important to note, however,
that these signals do not encompass all possible effects on students.
Future work could employ qualitative methods to understand how
chatbots influence student motivation and prioritize development
that inspires student curiosity.

It is also possible that the chatbots did not address any needs
beyond those already met by other course resources, and thus, were
not helpful in this context. The studied course consists of lessons,
assignments, discussion sections, discussion forums, and additional
resources, that were all carefully designed to effectively teach stu-
dents how to code. We also randomly surveyed 995 students and
of the 116 responses, 37% reported that they used OpenAI’s Chat-
GPT; this suggests that a non-negligible proportion of the students
used ChatGPT for help with the course. We speculate that Al-based
chatbots could be more helpful in other contexts, where students
have more targeted learning goals and fewer structured resources.

7 CONCLUSION

We found unexpected results in a large-scale RCT that examines
how chatbot integration impacts students. We hypothesized that
having a chatbot would increase course completion, that placing
chatbots in the IDE would boost assignment completion, and that
personifying chatbots would discourage students from using them.
None of these predictions held true. Despite substantial differences

L@S °25, July 21-23, 2025, Palermo, Italy

in engagement based on chatbot design, we found no significant
improvement in course outcomes, regardless of how the chatbot
was implemented. The most significant outcomes from our study
were that chatbot placement and personification dramatically affect
usage, to the extent that these factors overshadow variations in
functionality. These unexpected results underscore the need for con-
tinued experimentation; we believe future research in this direction
will promote equitable access to meaningful learning experiences.
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