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Abstract

The growing availability of generative AI tools has drawn
attention to their potential influence on how students pre-
pare for standardized tests. We examine whether ChatGPT’s
launch coincided with changes in SAT-related help-seeking
behavior on Reddit using submission posts from SAT-focused
subreddits and interrupted time-series analyses. Focusing on
requests for peer explanations and strategy-related guidance,
we find no evidence of an immediate decline in peer expla-
nation requests overall or by subject, with subject-specific
patterns largely following preexisting trends. In contrast,
strategy-related help-seeking exhibits a significant increase
in post-launch growth, suggesting a shift toward higher-level
planning support. Overall, these findings indicate that gen-
erative AI did not displace peer-based SAT support but may
selectively reshape how students seek help in online commu-
nities.

Introduction
Generative AI systems have rapidly entered students’ learn-
ing workflows, offering instant explanations, worked exam-
ples, and personalized guidance for a wide range of aca-
demic tasks. Among the many domains influenced by gener-
ative AI, education has become one of the most widely dis-
cussed (Koonchanok, Pan, and Jang 2024). In the context of
standardized test preparation, where repeated practice, step-
by-step reasoning, and strategic decision-making are cen-
tral, tools such as ChatGPT appear particularly well suited
to support student learning. At the same time, their growing
capabilities raise questions about whether generative AI sub-
stitutes for, reshapes, or coexists with long-standing peer-
based learning practices.

A growing body of research demonstrates that large
language models can perform competitively on standard-
ized and high-stakes assessments. Early studies showed
that ChatGPT could achieve strong performance on math-
ematics components of standardized tests, including a re-
ported success rate of approximately 70 percent on SAT
Math-style problems (Dao and Le 2023). Subsequent work
found that GPT-4 performs at or near human levels on
a range of multiple-choice examinations in higher educa-
tion (Newton and Xiromeriti 2024), and can generate short-
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answer and numerical problems that closely resemble uni-
versity entrance exams (Fernández et al. 2024). Other stud-
ies highlight promising performance in reading comprehen-
sion and grammatical error correction tasks (Wu et al. 2023;
de Winter 2024), as well as broader aptitude and problem-
solving assessments (Giannos, Delardas et al. 2023). More
recent evidence suggests that ChatGPT-generated instruc-
tional support can produce learning gains comparable to
those achieved with human-authored tutoring in mathemat-
ics (Pardos and Bhandari 2024), and provide effective guid-
ance in domains such as programming (Hartley, Hayak, and
Ko 2024).

While this literature establishes the technical capability
of generative AI systems to answer questions and support
learning, it leaves open an important behavioral question:
how does the availability of such tools affect students’ re-
liance on peer-based support? Before the emergence of gen-
erative AI, students preparing for standardized tests such as
the SAT have turned to online communities to ask questions,
request explanations, and exchange preparation strategies.
Reddit hosts large, topic-specific forums where students
seek help with math problems, reading passages, grammar
questions, and broader test-taking strategies. These interac-
tions suggest that peer explanations and strategic advice play
a meaningful role in how students learn and prepare outside
formal instructional settings.

Whether generative AI alters these help-seeking behav-
iors remains an open empirical question. On one hand, AI
systems capable of providing immediate explanations and
tailored guidance may reduce students’ need to ask peers
for help. On the other hand, peer communities offer contex-
tualized explanations, social interaction, and collective rea-
soning that AI tools may not fully replicate. Rather than as-
suming displacement, understanding how generative AI in-
tersects with existing peer-based learning practices requires
examining naturally occurring student behavior over time.

In this paper, we examine whether the public release of
ChatGPT in late 2022 coincided with changes in how stu-
dents use online peer communities for SAT preparation. Us-
ing Reddit data spanning periods before and after Chat-
GPT’s release, we focus on two common forms of help-
seeking. The first is requests for peer explanations of spe-
cific SAT questions. The second is requests for strategic ad-
vice related to test preparation, such as study planning and

Proceedings of the Twentieth International AAAI Conference on Web and Social Media (ICWSM 2026)

2996



r/Sat

• Submissions

• Comments Strategy 

help

Peer 
explanation

• Math

• Reading

• WritingHelp-seeking 


posts

Figure 1: Data processing pipeline

score improvement. We analyze whether the frequency of
these requests changes over time and whether patterns differ
across SAT subject areas. We address the following research
questions:

RQ1: Did the launch of ChatGPT coincide with changes
in students’ reliance on peer explanations for standardized
test questions, both in aggregate and by subject?

RQ2: Did the launch of ChatGPT coincide with changes
in the frequency of SAT strategy-related help requests?

By grounding these questions in behavioral data from on-
line communities, this study complements prior work on
AI performance by examining how generative AI interacts
with peer-based learning in practice and provides insight
into whether generative AI represents disruption, reconfig-
uration, or continuity in how students seek support when
preparing for high-stakes standardized exams.

Methods
Data
We collected both submissions and comments from the
r/Sat subreddit using the Pushshift archive (Baumgartner
et al. 2020), with data accessed via Academic Torrents (Co-
hen and Lo 2014). The subreddit r/Sat is an active com-
munity where high school students and test-takers discuss
SAT preparation strategies, share study resources, and ex-
change advice on test-taking experiences. We selected Au-
gust 2021 to July 2024 to align with the academic calendar,
avoid COVID-19–related confounds, and ensure a balanced
number of observations before and after the intervention.

Identifying SAT Help-Seeking Posts
We begin by extracting SAT-related submission posts that
express help-seeking intent using a keyword-based ap-
proach, including requests for test-taking strategies and ex-
planations of specific SAT questions, resulting in 42,673
posts. Among the extracted help-seeking posts, we distin-
guish three mutually exclusive categories: strategy help, peer
explanation, and ambiguous cases. Strategy help refers to
requests about study plans, pacing, score improvement, or
general test-taking approaches. Peer explanation refers to re-
quests for explanations of specific SAT questions or prob-
lems. Posts that do not clearly fall into either category are
labeled as ambiguous. We first apply a rule-based classifi-
cation to identify strategy help and peer explanation posts
when explicit linguistic cues are present. Because ambigu-
ous cases often require interpretation beyond simple key-
word matching, we further classify these posts using a su-
pervised learning approach.

To resolve ambiguous cases, we train a binary text clas-
sifier to distinguish between strategy help and peer expla-
nation. We construct a stratified random sample of 200 am-
biguous posts for manual annotation, ensuring balanced rep-
resentation across time. Submissions are categorized as pre-
or post-ChatGPT based on whether they were created be-
fore or after November 30, 2022, and approximately equal
numbers are drawn from each period. These posts are la-
beled using predefined criteria by the first author and an-
other researcher from the same institution. This stratified
sampling approach ensures that the labeled dataset reflects
both temporal variation and the diversity of ambiguous posts
while remaining manageable for manual annotation. Inter-
rater reliability for each assistance type is computed using
Cohen’s kappa (Cohen 1960) with the resulting kappa value
of 0.88. Disagreements were rare and primarily involved am-
biguous cases, which were resolved through discussion be-
tween the annotators. Using the labeled samples as train-
ing data, we train a logistic regression classifier on textual
features derived from the submission content. The model
outputs a probability score indicating the likelihood that a
post requests peer explanation. To prioritize precision and
reduce classification noise in downstream analyses, we ap-
ply a probability threshold when assigning labels. Posts with
predicted probabilities above the threshold are classified as
peer explanation, while posts below the threshold are classi-
fied as strategy help.

To refine the threshold, we split the training data into a
stratified 70/30 train-validation set and evaluate predicted
probabilities across multiple candidate thresholds. Predic-
tions within an intermediate range are treated as abstentions
to avoid low-confidence assignments. We select a confidence
threshold that maximizes precision while maintaining suffi-
cient coverage and apply the classifier to ambiguous submis-
sions identified by rule-based heuristics. Posts falling within
the abstention region are discarded. At the end of this step,
we obtained 20,897 strategy posts and 13,476 peer explana-
tion posts.

We further classify the peer explanation posts by SAT
subject area: mathematics, reading, or writing. We use
subject-specific keyword lists to assign posts to each cate-
gory. Because some peer explanation posts are incomplete or
rely on screenshots of questions with minimal accompany-
ing text, certain submissions do not match any subject key-
words based on submission text alone. For these cases, we
examine the associated comment text and apply the same
subject-specific keyword matching. If keywords from multi-
ple subject areas appear within a single post or its comments,
we assign the subject based on the category with the highest
keyword frequency. This stage resulted in 6,308 math posts,
1,141 reading posts, and 1,628 writing posts. Figure 1 illus-
trates the overall data extraction pipeline. Details of the post
identification process, including the keywords, manual la-
bels, inter-rater reliability score, and classifier, are provided
in the supplementary material (https://osf.io/w6kas/).

Interrupted Time Series (ITS)
To estimate the effect of the ChatGPT launch on Novem-
ber 30, 2022, on help-seeking SAT posts, we conducted an
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Strategy Peer explanation
β p β p

Pre-launch trend -0.009 0.099 -0.017 ∗∗∗ < 0.001
Immediate level change -0.028 0.751 -0.075 0.294
Slope change after launch 0.044 ∗∗∗ < 0.001 0.012 0.102

Notes. β denotes coefficient estimates from interrupted time-series models. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

Table 1: ITS estimates by help-seeking type

Math Reading Writing
β p β p β p

Pre-launch trend -0.016 ∗∗0.001 -0.021 ∗∗0.001 -0.016 ∗0.038
Immediate level change -0.149 ∗0.026 0.045 0.785 0.214 0.185
Slope change after launch 0.017 ∗0.021 0.015 0.317 -0.027 ∗0.032

Notes. β denotes coefficient estimates from interrupted time-series models. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

Table 2: ITS estimates by subject

interrupted time series analysis (McDowall, McCleary, and
Bartos 2019). Because the impact was expected to emerge
gradually rather than immediately, we incorporated a ramp
function to model the change in trend over time. We include
month-of-year fixed effects in all models to account for re-
curring academic-year seasonality, as posting activity varies
across months. We aggregate posts at the monthly level to re-
duce day-to-day variability. The model was estimated using
negative binomial regression to account for overdispersion
in the count data. The model specification is as follows:

Yt ∼ NegBin(µt, θ), (1)
log(µt) = β0 + β1t+ β2postt + β3rampt + γmoy(t) (2)

Here, Yt is the count of posts in month t, µt the ex-
pected count, and θ the dispersion parameter. timet indexes
the pre-intervention trend, interventiont equals 0 before and
1 after the ChatGPT release (capturing an immediate level
change), and rampt is 0 pre-release and increases linearly af-
terward (capturing gradual post-intervention trend changes).
β0 is the baseline log count, β1 the pre-intervention slope,
β2 the immediate change, and β3 the post-intervention slope
change. γmoy(t) accounts for recurring seasonal patterns.

A separate control group is not included because Chat-
GPT’s release affected all users simultaneously. Instead, an
interrupted time-series design compares post-intervention
outcomes to counterfactual trends projected from the pre-
intervention period, allowing assessment of deviations from
established temporal patterns (Bernal, Cummins, and Gas-
parrini 2017).

Results
Help-Seeking Type
Table 1 shows distinct temporal patterns for strategy-related
requests and peer explanation requests. Prior to the launch
of ChatGPT, peer explanation requests exhibit a statistically

significant declining trend (β = −0.017, p < 0.001), indi-
cating a gradual decrease in requests for question explana-
tions over time. In contrast, the pre-launch trend for strategy-
related requests is negative but only marginally significant
(β = −0.009, p = 0.099).

We find no statistically significant immediate level change
at the time of ChatGPT’s launch for either help-seeking type.
The estimated immediate change for strategy-related re-
quests is small and not significant (β = −0.028, p = 0.751),
and the corresponding estimate for peer explanation requests
is also not statistically significant (β = −0.075, p = 0.294).

Post-launch slope changes differ across the two types.
Strategy-related requests show a statistically significant pos-
itive change in slope following the launch (β = 0.044,
p < 0.001), indicating a reversal of the pre-launch decline
and a subsequent increase in strategy-related help-seeking
over time. In contrast, the post-launch slope change for peer
explanation requests is positive but not statistically signifi-
cant (β = 0.012, p = 0.102), suggesting no clear departure
from the pre-existing trend.

These results indicate that while requests for peer ex-
planations do not show a significant post-launch increase,
strategy-related help-seeking exhibits a sustained upward
shift following the introduction of ChatGPT. Figure 2 illus-
trates these patterns by plotting observed monthly counts
alongside model-estimated trends. Consistent with the re-
gression estimates, strategy-related requests exhibit a clear
upward shift in post-launch slope, whereas peer explanation
requests follow a relatively stable trajectory across the inter-
vention, with no visible discontinuity at the time of launch.

Peer Explanation Requests by Subject
We next examine whether patterns of peer explanation re-
quests vary across SAT subjects. Table 2 reports interrupted
time-series estimates for mathematics, reading, and writing-
related explanation requests.
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Figure 2: Monthly SAT help-seeking submissions with fitted interrupted time-series trends. Points show observed counts; solid
lines indicate model-estimated trends, and dashed lines show counterfactual post-intervention trends assuming no launch. The
vertical dotted line marks ChatGPT’s public release. Strategy-related and peer-explanation help-seeking are shown in the left
and right panels, respectively.

All three subjects exhibit statistically significant negative
pre-launch trends, indicating declining peer explanation re-
quests prior to the launch of ChatGPT (Math: β = −0.016,
p < 0.001; Reading: β = −0.021, p < 0.001; Writing:
β = −0.016, p = 0.038). At the time of launch, we observe
a statistically significant immediate decline in mathematics-
related explanation requests (β = −0.149, p = 0.026),
while immediate changes for reading and writing are not sta-
tistically significant.

Post-launch slope changes vary by subject. Mathematics-
related explanation requests show a statistically significant
positive slope change following the launch (β = 0.017,
p = 0.021), indicating a partial reversal of the pre-launch
decline. Reading-related explanation requests do not exhibit
a statistically significant post-launch slope change (β =
0.015, p = 0.317). Writing-related explanation requests
show a statistically significant negative post-launch slope
change (β = −0.027, p = 0.032), indicating an accelerated
decline after the launch.

These subject-level results suggest heterogeneous re-
sponses across SAT domains. While mathematics-related
peer explanation requests show signs of recovery follow-
ing the launch of ChatGPT, writing-related explanation re-
quests continue to decline, and reading-related requests re-
main largely unchanged relative to prior trends.

Discussion and Conclusion
This study examined how the public release of ChatGPT
coincided with changes in SAT-related help-seeking behav-
ior on Reddit, focusing on requests for peer explanations
of test questions and strategy-related assistance. Our find-
ings suggest that generative AI did not displace peer-based
support in standardized test preparation. While we observe
heterogeneous patterns across help-seeking types and sub-
jects, the overall reliance on peer explanations remains sub-

stantial, and strategy-related requests show evidence of in-
creased growth following ChatGPT’s launch. These results
indicate that, rather than replacing peer interaction, genera-
tive AI may coexist with and potentially reshape how stu-
dents engage with online learning communities.

The observed increase in strategy-related help-seeking
following ChatGPT’s release is consistent with the idea that
generative AI can support higher-level planning and reflec-
tion while leaving room for human input and discussion. At
the same time, the absence of a corresponding increase in
peer explanation requests suggests that students may selec-
tively rely on AI for certain forms of assistance while contin-
uing to turn to peers for others. This pattern aligns with prior
work highlighting both the potential and limitations of Chat-
GPT as an educational tool. Although ChatGPT can func-
tion as a virtual tutor or instructional assistant, challenges
such as generating incorrect or misleading information re-
main salient, reinforcing the value of peer-based verification
and discussion in learning contexts (Lo 2023).

Several limitations should be noted. First, our analy-
sis focuses on what students ask for rather than how re-
quests are linguistically framed; while we distinguish be-
tween strategy-related requests and peer explanations, we
do not examine differences in wording, depth, or specificity.
Generative AI may therefore influence how questions are ar-
ticulated even if aggregate help-seeking patterns remain sta-
ble. Second, we analyze submission posts but not comment-
level responses, leaving open the possibility that changes in
the quality or style of peer replies occur independently of
posting volume. Finally, our findings are limited to Reddit
communities focused on SAT preparation and may not gen-
eralize to other platforms or standardized tests. Future work
could extend this analysis to additional education-focused
subreddits (e.g., r/ACT) or other testing contexts to assess
whether similar patterns emerge across domains and plat-
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forms.
Overall, this study contributes empirical evidence that

generative AI does not necessarily erode peer-based support
in high-stakes educational settings. Instead, online learning
communities appear resilient, continuing to play a central
role in students’ preparation while adapting to the presence
of new AI tools. Understanding this coexistence is critical as
generative AI systems continue to evolve and become fur-
ther embedded in educational practice.
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