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ABSTRACT

Generative Al tools are increasingly used by students of statistics, but it is unclear whether the questions
students ask them reveal the conceptual difficulties that classroom assessment already detects. Classroom
polling surfaces a misconception only when a question happens to probe it, so a source available throughout a
course could in principle complement it. This exploratory case study asks which topics generate the most Al
interactions, which show the highest classroom-response error rates, and how far the two sources agree. We
compared 728 Al-log items (162 conversations, 58 students) from a curriculum-bounded platform with 18
Wooclap items from three tutorials in a second-year statistics course at a Dutch university, with final-exam
results as a third reference point, using a shared six-topic coding scheme. Al-log volume did not align with
Wooclap error rates: among the three topics present in both sources, Type I/ll errors and statistical power had
the fewest Al conversations (4) but the highest error rate (57.4%), and point estimation, with the highest exam
error rate among comparable items, had no Wooclap item. The comparison is descriptive and limited to one
course. It suggests that Al-log volume shows where attention concentrates rather than where students struggle,
and that the two sources are best read together.
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confidence interval as a probability statement about the
population parameter persists even among trained
researchers, not only introductory students. Findings of this
kind give a new data source something concrete to test itself
against: if the topics students raise with an Al tool point toward
misconceptions already documented in this literature, that
convergence is reassuring; if the two diverge, the divergence
itself says something about what each method can and cannot
detect.

Introduction

Generative Al tools are increasingly available to students
studying statistics, but whether the questions students
choose to ask such a tool reveal anything about their
conceptual understanding, rather than simply serving as a
convenient homework aid, is not yet well established.
Statistics education research has documented a range of
persistent misconceptions in how students reason about

inference [1]. One well-studied example concerns confidence
intervals: Hoekstra et al. [2] show that misinterpreting a
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The three tutorial sessions examined in this study were
structured around think-pair-share, a cooperative-learning
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technique in which students first consider a question
individually, then discuss it with a partner, before a wider class
discussion[3], [4]. The technique has been applied specifically
in statistics instruction, where it forms part of a broader set of
active-learning methods shown to improve engagement over
traditional lecturing [5]. More broadly, across disciplines,
recent work has also questioned how essential the final
"share" step is to the technique's benefit, and has called for
research into alternative ways of closing a think-pair cycle [6].
The present course's tutorials adapted the format accordingly:
alongside discussion with a partner and the class, students
could also consult the Al platform directly, a variant we refer to
as think-pair-and-Al-share. Within the same sessions,
Wooclap, an interactive classroom response system, was
used to poll students on the same material: students answer a
question ontheir own device after scanning a QR code, and the
instructor then displays the class-wide response distribution
and the correct answer, which anchors discussion during the
share phase of each tutorial. This built on a longer tradition in
which structured peer discussion measurably improves
performance on in-class concept questions [7], and on more
recent evidence that Wooclap specifically supports
engagement and achievement in comparable higher-
education settings [8], [9].

What such classroom-based methods cannot easily captureis
amisconception a student never has the opportunity to reveal,
because no polling question that particular session happened
to probe it. An Al tool that a student can query at any point, on
any topic, in principle fills exactly that gap. Whether it does so
in practice, generating conceptually meaningful questions
rather than off-task use, is less established. A semester-long
study of a physics course chatbot showed that recovering
interpretable patterns of student reasoning from raw
conversational logs is possible, but that doing so requires
deliberate methodologicalwork [10]. The Al log examined here
spans a comparably extended period, and this study faces the
same underlying challenge: showing that the signal recovered
from student-authored prompts reflects genuine conceptual
engagement, not an artifact of how the data happened to be
logged.

This paper compares Al interaction logs and Wooclap
classroom response data collected within the same second-
year undergraduate statistics course, both generated in
parallel within the same three think-pair-and-Al-share tutorial
sessions, Tutorials I, I, and Ill. It addresses three questions:
which statistical topics generate the most Al interactions,
which topics show the highest rates of incorrect Wooclap
responses, and to what extent the two sources agree on where
student difficulty concentrates. Final exam records, including
two items whose scenarios were numerically identical to
specific Wooclap questions, provide a third, independent
comparison point. Reaching this comparison required
substantial preliminary data-cleaning work, documented in
the Methodology: the raw Al-log export required structural
reconstruction before it could be parsed at all, contained
interactions from a non-student test account, and included
conversations scoped to courses other than the one under
study. These steps are reported in detail because similar
problems are likely to come up in future studies using Al
interaction logs. The paper first reviews what is known about
documented misconceptions in statistical inference,
classroom response systems, and Al interaction logs and
generative Al tools in statistics education, before describing
the course context and data sources, reporting results for each
of the three questions above, and discussing what the
alignment and divergence between data sources suggests,
together with the limitations of a design in which Al-tool use
was voluntary rather than assigned.
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Literature review

Documented Misconceptions in Statistics
Education

Statistics education research has documented a range
of persistent misconceptions in how students reason about
data and inference [1]. One well-studied example concerns
confidence intervals: Hoekstra et al. [2] show that
misinterpreting a confidence interval as a probability
statement about the population parameter persists even
among trained researchers, not only introductory students. A
second example concerns point estimation and sampling-
distribution reasoning. A review of research on statistical
sampling instruction finds that students, with or without
instructional simulations, often fail to grasp that a sampling
distribution describes the spread of a statistic across many
samples, not a single sample, a distinction made harder
because both are commonly visualized the same way, as a
histogram [11]. A separate study notes that misconceptions
research of this kind has relied on a fairly narrow set of
methods, mainly conceptinventories and a smaller number of
think-aloud interview studies, and argues that other methods
for surfacing student reasoning remain underused [12]. This
gap is directly relevant here: an Al interaction log is one such
underused method, and this study examines whether it can
surface the same kinds of documented difficulty.

Classroom Response Systems and Think-Pair-Share in
Statistics Instruction

The tutorials examined in this study were built around think-
pair-share, a cooperative-learning technique introduced by
Lyman [3], [4], in which students consider a question
individually, discuss it with a partner, and then take part in
wider class discussion. The technique has been applied
specifically in statistics instruction as part of a broader set of
active-learning methods shown to improve engagement over
traditional lecturing [5]. More recent work has questioned how
essentialthe final "share" stepis to the technique's benefit and
has called for research into alternatives [6]. Smith et al. [7]
provide foundational evidence that structured peer
discussion, paired with instructor explanation, measurably
improves performance on in-class concept questions,
establishing the pedagogical logic behind polling-based
tutorials of the kind used here. Wooclap specifically has been
shown to support engagement and achievement in
comparable higher-education settings, including economics
[8] and chemical engineering [9] courses. This literature
establishes that classroom response data reliably surfaces
topic-level error rates in real time, but it does not typically
compare those error rates against an independent, self-
directed data source such as Al tool use, which is the
comparison this study attempts.

Al Interaction Logs and Generative Al Tools in
Statistics Education

Whether Al interaction logs reveal genuine conceptual
engagement, rather than mostly off-task or administrative use,
is not yet well established. A semester-long study of a physics
course chatbot showed that recovering interpretable patterns
of student reasoning from raw conversational logs is possible
but requires deliberate methodological work, in that case an
unsupervised clustering pipeline [10]. Within statistics
specifically, GenAl's role has so far been discussed mainly
through student self-report and course-design studies rather
than through analysis of behavioral log data. A survey-based
study spanning a full semester found that students rate
ChatGPT favorably across several dimensions of academic
support, with writing assistance and exam preparation
emerging as the strongest predictors of perceived overall
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effectiveness [13]. A study of project-based statistics courses
found that students report favorable views of course projects
generally, and that many had independently incorporated
ChatGPT into their coursework, describing perceived benefits,
though this use was student-initiated rather than part of the
course design[14].

Ellis and Slade [15] outline considerations for using ChatGPT
to enhance statistics and data science instruction. Working
with actual student writing samples rather than self-report,
one study analyzes a corpus of over 1,600 undergraduate data-
analysis reports from 2021 to 2025 and finds that students'
writing style has shifted measurably since large language
models became widely available, becoming both more similar
to LLM-generated text and, at the same time, more similar to
expert statistical writing [16]. A related study shows that LLM-
generated and human-generated statistical  writing
nonetheless remain stylistically distinguishable, informing
how instructors might guide LLM use in writing-based
assessments [17]. None of this work, to our knowledge, has
used the content of Al interaction logs themselves as a
diagnostic signal for topic-level conceptual difficulty in a
statistics course, cross-checked against an independent
classroom data source. Thatis the gap this study addresses.

Methodology

Context and Participants

This study was conducted in a second-year undergraduate
statistics course at a university in the Netherlands. Around 400
students were registered, and 265 completed the final exam.
The course used two tools together: Alexandria [18] (since
renamed Odea), a curriculum-bounded generative Al platform
restricted to course materials, and Wooclap.

Three tutorials ran as think-pair-and-Al-share sessions,
combining both tools. Tutorial | came after descriptive
statistics had been introduced and covered point estimation
and confidence intervals, with 45 Wooclap participants.
Building on this, Tutorial Il covered basic concepts of
hypothesis testing, with 27 participants. Tutorial Ill followed
and covered two sample hypothesis tests, with 16
participants. Later course content, including normality
assessment, categorical data analysis, and linear regression,
came after these three tutorials and was not part of any think-
pair-and-Al-share session.

Ethical approval was granted by the university's faculty ethics
committee. Students opted in at first login to Alexandria and at
the start of each Wooclap session.

Table 1. Example WOOCLAP items
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Data Sources
Al interaction logs.

Alexandria exported timestamped question-answer
pairs, item type (free-text query, or a request to explain
highlighted text or an image), conversation grouping, and
course scope. Three cleaning steps came before analysis. One
account showed a usage pattern inconsistent with genuine
student use: the same prompt repeated 138 times, starting
before the course's first lecture. This account was removed.
The exports also included interactions from at least three other
modules, so records were restricted to those scoped to this
course. A further six conversations referenced a different
course ormodule by name intheir actual content, notjust their
scope tag, and were excluded too. The resulting dataset held
728 interaction items across 162 conversations from 58
students, spanning the full course period.

Wooclap responses.

These data came from the same three think-pair-and-Al-share
tutorials described above, Tutorials I, Il, and lll, producing 18
usable items once one consent or demographic item per
session was set aside: 7 multiple-choice items on confidence
intervals (Tutorial I), 8 on hypothesis-testing fundamentals,
Type | and Il errors, and statistical power (Tutorial Il), and 3
open-response items on two-sample hypothesis testing
(Tutorial Ill). Response counts per item ranged from 12 to 45,
depending on attendance. The three open-response items
were not machine-graded and are treated separately from the
rest. Table 1 shows two representative items, one from Tutorial
| and one from Tutorial lll, to illustrate the item format; these
two also reappear later as the items whose scenarios were
reused verbatim on the final exam.

Exam records.

Final exam grades for all 265 students covered 11 questions
and 43 points total. The exam was written and closed book: no
electronic devices or internet access were permitted, and
students were limited to a simple, non-graphing calculator.
The exam had four versions with identical content and point
structure; only the ordering of multiple-choice options and the
wording of distractors differed, so scores are directly
comparable across versions. Two of the eleven questions
matched Wooclap content exactly, reusing the same scenario,
one on confidence intervals from Tutorial I, and one on two-
sample procedures from Tutorial lll. These two gave an exact-
match comparison point in addition to the broader topic-level
comparison.

A tech company is developing a new wearable device. The device's older model had a well-
documented population standard deviation o = 2.0 hours for battery lifetime. However, after

updates to the hardware and firmware, engineers suspect this value may no longer apply. A tester
measures the battery lifetime of 18 prototypes and obtains: mean = 204.3 hours, sd = 2.1 hours.
Which of the following correctly expresses the 95% confidence interval for the true mean battery

A cybersecurity team is analyzing phishing-click rates in two departments of a company:
Department A: 3 of 40 employees clicked the phishing link. Department B: 12 of 200 employees

clicked the phishing link. You want to test whether the phishing-click rate in Department A differs

statistical power, and two-sample procedures. Later syllabus

Session Topic Item text
Tutorial | Confidence
intervals
lifetime?
Tutorial Ill Two-sample
procedures
from thatin Department B, at significance level a=0.05.
Topic Coding

All three sources were coded against a shared set of
topics, built from what the three tutorials actually covered:
descriptive statistics, point estimation, confidence intervals,
hypothesis-testing fundamentals, Type | and Il errors and

content was left out of the coding scheme and out of cross-
source comparison, since neither tool could have shaped
performance on material students had not yet seen.

Al-log items were coded at the conversation level, not the
individualturn. A conversation's topic came from the first turn
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with a topic-specific keyword match, and every later turn in
that conversation inherited the same code. Many follow-up
turns, things like "help me answer part a," carry no topical
keyword of their own but still belong to the conversation that
opened with one. Codingturn by turn left about half of allitems
with no topic match; coding conversation by conversation cut
that to under a fifth. At the conversation level, however, 77 of
the 162 conversations (47.5%) matched no topic keyword at
any point and were coded "OTHER". A manual read suggests
most of these were not conceptual (see Results), but some
may have used vocabulary the keyword scheme did not
capture. Keyword lists were built from the vocabulary specific
to each of the six tutorial topics and are not included here in
full; the approach can be shared on request.

Wooclap items were coded individually, since each one was a
single self-contained scenario. Exam items were mapped to
topics by reading their content directly rather than by keyword
matching, since there were only 11 of them and several
combined more than one topic. Three questions mixed topics
under one score and were dropped from topic-level
comparison: one combining nine true/false statements across
descriptive statistics, confidence intervals, and Type I/l errors;
one combining confidence-interval construction with
hypothesis formulation and a statistical power calculation;
and one combining a variance-comparison test with a sample-
size calculation. Three further questions covered later course
content (normality assessment, categorical data analysis, and
linear regression) and fell outside the coding scheme. The
remaining five questions each addressed a single topic, point
estimation, hypothesis testing, two-sample comparison
(twice, across two different questions), and confidence
intervals, and were kept for the comparison. All topic coding,
the keyword matching applied to the Al log and the manual
mapping of exam questions to topics, was carried out by the
author; no second coder independently verified these
assignments.

Analytic Procedure

Three questions were addressed descriptively. Which topics
generate the most Al interactions was answered by ranking
topics on conversation count and item count, with
conversation count treated as primary, since item counts are
sensitive to a handful of long conversations (median 2 items
per conversation, maximum 57). Which topics show the
highest Wooclap error rates was answered by aggregating
respondent-level correctness within each topic across the 15
graded multiple-choice items; the 3 open-response items
were read qualitatively instead. How far the two sources align
was addressed descriptively too: topics were ranked by Al-log
conversation volume next to their Wooclap error rate and,
where a matching single-topic exam item existed, their exam
error rate. No correlation coefficient was computed, given only
six topic categories to work with. The two exam items with an
identical Wooclap scenario were treated as a separate, higher-
confidence comparison rather than folded into the broader
topic-level one.

Limitations of the Data

Three things about the data are worth flagging before the
Results. First, the Al log covers the whole course, not just the
three tutorials; only 89 of 728 items fall within the three tutorial
moments. Most Al-log activity is independent study outside
these sessions, not in-session use directly comparable to a
Wooclap snapshot. Second, course-scope tags in Alexandria
are not a perfect guide to content, since a few tagged
conversations turned out to reference other coursework by
name. The exclusion described above catches the clear cases,
but subtler off-topic content without an explicit course name
could still remain. Third, because a conversation’s topic is set
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by its first keyword match and carried forward, a conversation
that opens on one topic and later shifts to another is coded
entirely under the opening topic, so topic drift within a
conversation is not captured.

Results

Which statistical topics generate the most Al
interactions?

Table 2 breaks down the 728 retained Al-log items (162
conversations, 58 students) by topic; the percentage column
expresses each topic’s share of the 85 conversations that
received a topic code, excluding the 77 conversations coded
“OTHER”.

Table 2. Al-log volume by topic

Topic Conversations Items % of coded
conversations

Descriptive 33 231 38.8%

statistics

Point estimation 18 122 21.2%

Confidence 15 79 17.6%

intervals

Hypothesis- 12 121 14.1%

testing

fundamentals

Type /Il errors 4 35 4.7%

and statistical

power

Two-sample 3 12 3.5%

procedures

"OTHER" 77 128 —

Descriptive statistics drew the most Al-log activity, followed by
point estimation, confidence intervals, and hypothesis-testing
fundamentals. Type /Il errors and statistical power and two-
sample procedures trailed well behind. A large share of
conversations, 77 of 162, matched no topic keyword and were
coded "OTHER". A manualread of this category showed it was
predominantly  course logistics, platform-navigation
questions, and requests to explain a highlighted passage or
image; a smaller share could not be ruled out as conceptual
contentusingvocabulary the keyword scheme did not capture,
though a precise breakdown was not retained. Item counts per
conversation varied a lot too, from 1 to 57, with a median of 2.
This spread means item counts overweight a handful of long
conversations, so the conversation counts in Table Il are the
more reliable guide to where attention concentrated.
Descriptive statistics and point estimation, the two earliest
topics on the syllabus, together made up 60% of coded
activity. Students seem to have leaned on the toolmore heavily
early in the course.

Which topics show the highest rates of incorrect
Wooclap responses?

Error rates were high across all three topics with graded
Wooclap items. Type I/ll errors and statistical power had the
highest error rate, 57.4% across 61 respondent-answers on 4
items. Hypothesis-testing fundamentals followed closely at
56.1% across 66 respondent-answers on 4 items. Confidence
intervals came in at 50.4% across 119 respondent-answers on
7 items, including the example item shown in Table I. The three
two-sample items were open-response and not machine-
graded, so they sit outside this comparison; their content
comes back later, via the matching exam item. Within
confidence intervals, error rates ranged widely by item, from
12.5% on a margin-of-error formula question to 66.7% on a
question asking students to interpret a confidence interval as
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a probability statement about the population mean. The topic-
level average hides this spread: the highest error rate in the
topic belongedto theitem oninterpreting a confidence interval
as a probability statement, although a single item cannot show
that this one misconception drives the topic-level rate.

How far do the two sources agree?

Before comparing the three sources directly, it is worth
repeating that Al-log volume reported here accumulates
across the full course period, while the Wooclap and matching
exam figures reflect three specific tutorial sessions; the
comparison that follows therefore sets a cumulative, full-term
measure against session-specific snapshots, not two
measures taken over the same window. Table 3 lines up Al-log
volume, Wooclap error rate, and exam error rate by topic. The
exam column uses five exam questions that each addressed a
single topic cleanly; three further exam questions mixed
several topics under one score and are left out here, as
explained in Methodology. Descriptive statistics, despite
generating the highest Al-log volume of any topic, is not shown
in Table 3: unlike point estimation, it has neither a matching
Wooclap item nor a single-topic exam question, so no
comparison point exists for it in either source, not because it
was judged less relevant.

Table 3. Al-log volume, Wooclap error rate, and exam error rate

Topic Al Wooclap error Exam error
conversation rate (n) rate (n)
S

Point 18
estimatio
n

— (no matching
Wooclap item)

70.4% (n = 265)

Confiden 15 50.4% (n=119)  38.4% (n = 265),

ce exact scenario
intervals match
Hypothes 12 56.1% (n = 66) 25.2% (n = 265)
is-testing

fundame

ntals

Type /Il 4 57.4% (n = 61) —

errors &

statistical

power

Two- 3 N/A (open 12.5%/40.1%
sample response) (n =265 each),
procedur exact scenario
es match

Two things stand out. First, point estimation had the second-
highest Al-log volume of any topic and the highest exam error
rate of the four topics with exam data in Table lll, but no
Wooclap item across the three sessions touched it at all. The
topic students engaged with most in the Al tool and struggled
with most on the exam was invisible to the classroom-
response data, simply because none of the three sessions
happened to include a question on it. Second, two-sample
procedures had the lowest Al-log volume of any topic (only 3
conversations, so this comparison should be read cautiously),
yet its two matching exam items told very different stories:
12.5% error on one two-sample scenario, 40.1% error on the
other, the same scenario also used in a Wooclap session. Low
Al-tool engagement did not mean uniformly strong
performance on that topic.

For the three topics present in both the Al log and Wooclap,
confidence intervals, hypothesis-testing fundamentals, Type |
and Il errors and statistical power, more Al-log conversations
did not mean a lower Wooclap error rate. If anything the
opposite held: the topic with the fewest Al-log conversations,
Type | and Il errors and statistical power (4 conversations, the

SAMYRAD 2026 | OPEN-ACCESS PROCEEDINGS

smallest of the three), had the highest Wooclap error rate of the
three; given that small base, this specific comparison should
be read cautiously. Al-log volume, on its own, does not tell you
where the difficulty is.

Where an exam question used the exact same scenario as a
Wooclap item, the exam error rate for the confidence-interval
item was lower than the corresponding Wooclap figure. On the
confidence-interval item shown in Table I, the exam error rate
for the identical scenario (38.4%) was lower than the
confidence-interval topic average in the tutorial (50.4%),
though a topic average is not directly comparable to a single
item. This fits with continued exposure between the tutorial
and the exam, but this study cannot separate the Al tool's
specific role in that improvement from ordinary revision or
other exam preparation.

Discussion

Convergence and Divergence Between the Two
Sources

The Introduction posed a simple test: if the topics students
raised with the Al tool pointed toward misconceptions already
documented in the statistics education literature, that would
be reassuring; if the two diverged, the divergence itself would
be informative. This was not framed as a fourth research
question, it is a lens for interpreting the three results already
reported, not a separate finding to report on its own. Under that
lens, the answer is divergence. For confidence intervals,
hypothesis-testing fundamentals, and Type | and Il errors and
statistical power, the only three topics present in both
datasets, the ranking by Al-log conversation count ran
opposite to the ranking by Wooclap error rate. The topic with
the fewest Al-log conversations, Type | and Il errors and
statistical power, had the highest Wooclap error rate of the
three.

Several explanations seem plausible, and the data collected
here cannot distinguish between them. Students who
struggled most with Type | and Il error and statistical power
reasoning may not have recognized their own difficulty clearly
enough to ask about it. It is equally possible that attendance
varied across the three tutorials, or that fewer students had the
Al tool open during that particular exercise, so low volume on
this topic may reflect opportunity rather than confidence.
Alternatively, confidence-interval content, despite a lower
classroom-response error rate, may have drawn more follow-
up questions because its correct interpretation is subtle
enough that a single classroom session leaves residual
uncertainty; Hoekstra et al. [2] found that confidence-interval
misinterpretation persists even among trained researchers,
which fits this third explanation. A broader asymmetry sits
behind all three: Wooclap participation was compulsory and
tied to the three tutorial sessions, while Al-tool use was
voluntary and open across the whole course, so the two
sources were never sampling the same decision to engage in
the first place, itself a plausible driver of the divergence,
separate from topic difficulty. What the data do show s that Al-
log volume and classroom-response error rate measure
different things, volume reflects inquiry frequency, error rate
reflects incorrect responses, and the one cannot be treated as
an unproblematic stand-in for the other, a conclusion only
visible because the Wooclap comparison existed at all.

Point Estimation

Point estimation generated the second-highest Al-log
conversation count of any topic, and on the exam, the highest
error rate of the five single-topic questions. The relevant exam
question asked students to identify the value of a scaling
constant that made a sample mean an unbiased estimator,
and the value that minimized mean squared error (MSE), a
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common measure of estimator accuracy that combines both
bias and variability. No Wooclap item across the three
sessions touched point estimation at all, since Wooclap items
were written session by session to match each tutorial's
planned content, and none of the three happened to include
one on estimator bias or MSE.

This gap matches a pattern already documented in the
statistics education literature. A review of research on
statistical sampling instruction finds that students, with or
without instructional simulations, often fail to grasp that a
sampling distribution describes the spread of a statistic across
many samples, not a single sample [11]. A separate study
notes that student misconceptions in this area have
historically been studied through a narrow set of methods,
mainly concept inventories and a smaller number of think-
aloud studies, leaving open questions about how such
difficulties surface in less structured settings [12]. An Al
interaction log is one such less structured setting. Here, point
estimation drew substantial Al-log activity but had no Wooclap
item, so a Wooclap-only design would have given no
classroom-response signal on it. Whether that activity reflects
the estimator-reasoning difficulties described in this literature
cannot be determined from volume alone.

The two exact scenario matches between the exam and the
Wooclap sessions add a further point of comparison. One was
the confidence-intervalitem shown in Table I. The other was a
two-sample scenario that appeared in both a Tutorial Il
Wooclap item and, later, on the exam. For the confidence-
interval item the exam error rate was lower than the tutorial
topic average, while for the two-sample item no graded
Wooclap rate exists to compare with. This is consistent with
continued exposure between the tutorial and the exam, but
this study's design cannot separate the Al tool's specific role in
that improvement from ordinary revision, lecture
reinforcement, or studying with classmates.

Practical Lessons for Future Work

The dataset built for this study needed considerably more
preprocessing than the raw export initially suggested. This
belongs in the Discussion rather than the Methodology
because the point here is not what this study did, that is
already described in the Methodology, but what the experience
implies for anyone attempting similar work in future: these are
exactly the problems worth checking for before treating an Al-
log export as analysis-ready. The raw export required
reconstruction of the underlying file structure before any of it
could be read. One account behaved nothing like a student,
repeating a single prompt 138 times starting before the course
had begun, and needed to be removed outright. Course-scope
metadata missed content from at least three other modules
and, on closer reading, a handful of conversations that named
a different course directly in their text despite carrying the
correct scope tag. Existing chatbot-log studies describe some
preprocessing, typically isolating student-authored text from
bot responses, but a broken export, unreliable scope tags, and
anon-student account are problems that literature has not yet
described.

Limitations

A few limitations qualify what can be claimed here. The two
datasets were not collected under comparable conditions:
Wooclap participation was compulsory and tied to three
specific sessions, while Al-tool use was voluntary and spread
across the whole course, with only 89 of 728 retained items
falling within the three tutorial moments. Students who chose
to use the Al tool are not necessarily representative of the
class, and motivation, prior ability, or study habits could
plausibly explain both Al-tool use and exam performance.
Individual students could not be linked by identity across the

SAMYRAD 2026 | OPEN-ACCESS PROCEEDINGS

Allog, Wooclap, and exam records, so every comparison in this
study is aggregate and topic levelonly, not traceable to a single
student’s path across all three sources. Topic and tutorial
session are also fully confounded in this design: estimation
and confidence intervals were covered only in Tutorial |,
hypothesis testing and Type I/ll errors only in Tutorial I, and
two-sample procedures only in Tutorial lll, so topic-level
differences cannot be separated from differences in
attendance or cohort composition across the three sessions.
Sample sizes were also small: Wooclap items drew between
12 and 45 responses, and with 12 responses the 95% margin
of error on an error rate can reach roughly =28 percentage
points, so many item-level differences lie within measurement
noise. The topics with only 3 or 4 Al-log conversations (two-
sample procedures, and Type | and Il errors and statistical
power) are especially fragile. The topic-coding scheme relies
on keyword matching at the conversation level, which cannot
distinguish surface vocabulary from real conceptual content.
The keyword scheme was not validated against human coding
of a sample of conversations, so its accuracy is unknown and
topic counts may undercount conversations that used
vocabulary the scheme did not capture. All topic coding, the
keyword matching applied to the Al log and the manual
mapping of exam questions to topics, was carried out solely by
the author, with no second coderindependently verifyingthese
assignments. The comparison between sources was kept
descriptive rather than inferential, given only six topic
categories, so the patterns reported here should be read as a
starting point for further testing, not as confirmed. Three exam
questions with genuinely relevant content could not be used in
the comparison because their scores mixed several
constructs into one number. This remains a single course at a
single institution, with 58 students in the Al-log sample after
cleaning, so how far these specific topic-level findings
generalize elsewhere is untested.

Future Research

The practical takeaway for anyone teaching a similar course is
that an Al interaction log and a classroom response system
appear to capture different things, and relying on only one may
leave a topic like point estimation undetected that the other
would have caught. A practical starting point is to treat Al-log
volume as a signal of where student attention concentrates,
not of where students are struggling, and to read it alongside
classroom-response error rates rather than in place of them;
where the two disagree, as they did here for point estimation,
that disagreement is itself the signal worth following up on. As
a working rule for instructors, the two signals can be read
together in four cases. High Al-log volume with a high
classroom error rate marks a topic worth revisiting. High
volume with a low error rate may mark a subtle topic that
prompts follow-up questions. Low volume with a high error
rate, as for Type | and Il errors and statistical power here, may
mark a difficulty students are not voicing, and calls for a
targeted check. Low volume with a low error rate calls for no
action. Where one source has no data on a topic, as for point
estimation here, the gap itself is a prompt to add a classroom
item. This rule is a hypothesis for future testing, not a finding of
this study. For researchers working with Al interaction logs
specifically, the preprocessing steps documented here,
verifying course scope, checking for non-student accounts,
reconstructing broken exports, deserve more explicit attention
than they currently receive. A larger sample of Al-tool users
would let the topic-level comparison attempted here be tested
formally, rather than only described. A version of this study
restricted strictly to the three tutorial windows, rather than the
full course period, would isolate in-session Al use from the
much larger volume of self-directed use captured in this
dataset, and would be a natural next step for statistics
education research building on this design.



Conclusion

This study compared Al interaction logs, classroom polling
data, and final exam records within the same second-year
undergraduate statistics course, and found that the three
sources point to different, only partly overlapping, pictures of
where students struggle. Al-log volume did not consistently
align with Wooclap error rates for the topics present in both
sources, and point estimation, the topic with the highest exam
error rate among directly comparable items, had no Wooclap
item at all across three tutorial sessions. These findings are
descriptive rather than confirmatory, drawn from a single
course, a voluntary Al-tool sample of 58 students, and a six-
category topic scheme, so they should be read as a starting
point for further work rather than an established result. Within
those boundaries, the practical implication is that no single
data source captured the full range of student difficulty in this
course, and that reading Al interaction logs alongside existing
classroom analytics may help to flag topics that either source
alone would miss.
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