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Abstract

In a within-subject study, students learned via
search and LLMs, then wrote essays without
them. Analyses show no detectable difference
across stylometric and perplexity features; AI
detection probability is tool-dependent; plagia-
rism overlap is higher after search. Results
suggest asymmetric detection signals across
learning pathways, with implications for inter-
preting academic integrity tools.

1 Introduction

While a large concern of educators is that students
increasingly use large language models (LLMs) to
generate text submitted as their own, many students
also use them as learning tools and alternatives
to traditional web search for studying and under-
standing dense and layered topics (Divekar et al.,
2025a). We explore whether the choice of learning
tool (LLM vs. web search) leaves detectable traces
in student-written essays, even when the final text
is human-authored without tool assistance in the
writing stage.

Why differential detectable traces across learn-
ing tools matter becomes apparent when con-
sidering how student submissions are evaluated.
Graders may see a dashboard of all student submis-
sions with the percentage of overlap with existing
sources or AI-generated text probability. It is rea-
sonable to assume that submissions with a higher
probability or overlap percentage receive a closer
or secondary look from the grader thereby increas-
ing their chances of scrutiny. When the chances
of scrutiny for a student increase, the chances of
findings of academic integrity violation may also
similarly increase. However, if detectable traces
are found differently across two sources of learn-
ing, we hypothesize that systemic differences in
violation findings may manifest attributed to the
choice of learning tool. In this paper, we explore
the first step: whether there are detectable traces of

tool source in student-generated work and whether
some popular online detectors vary in finding those
traces.

In an in-person moderated preliminary study, 20
university students learned about topics of general
interest using two tools (conditions): a web search
engine and an LLM, then wrote an essay demon-
strating their understanding. We analyzed the re-
sulting essays using stylometric word and sentence
level features (e.g., length, lexical diversity) and
perplexity-based measures alongside two commer-
cial AI and plagiarism detection tools. We find
that the stylometric and perplexity scores across
both conditions do not show reliable or systematic
differences, the AI detection scores are tool depen-
dent, and the plagiarism scores show statistically
significant differences across both external tools.

These preliminary findings carry implications for
academic integrity practices: In a landscape where
practitioners may be using multiple tools to detect
plagiarism and GenAI-generated text (Balalle and
Pannilage, 2025), students who use web search for
learning may be more likely to produce text flagged
for academic integrity review due to overlap with
online sources, while students who learn via LLMs
may produce fewer overlap-based detection signals,
despite both groups writing their own essays; all
the while AI detection scores remain inconsistent
in detecting the LLM-assisted learning pathway. If
so, the implication to the broad student community
would be that students who use Search to learn
could be at a higher risk of being flagged for re-
view as compared to students who use LLMs, as
overlap-based detection signals appear more con-
sistent across tools than AI-detection signals in this
sample.

2 Background and Literature

Some practitioner educators are understandably
worried about the large-scale availability of Gen-
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erative AI (GenAI) applications such as ChatGPT
and whether students use it to generate essays, an-
swers, and other submitted material to the effect
of students using GenAI as a homework machine
that allows large-scale circumvention of the learn-
ing process (Mamo et al., 2024; Kiryakova and
Angelova, 2023; Divekar et al., 2025c). Other prac-
titioners are seeing GenAI as a positive as it can
easily summarize, explain, expand on topics in a
conversational way that amounts to a personalized
scaffolded learning experience where the student
is given bite-sized information in a conversational
manner by the LLM leading to an arguably better
learning experience (Balalle and Pannilage, 2025;
Divekar et al., 2025c).

In the absence of a general consensus on the
role of GenAI in education (Balalle and Pannilage,
2025), practitioners set the rules for usage of exter-
nal tool help for their classes. Foltynek et al. (2023)
term the violations of these rules as Unauthorized
Content Generation (UCG): students using unau-
thorized tools to produce academic work for credit,
progression, or award.

We discuss two broadly-available technologies
that may enable UCG and their detection: Web
search and LLMs, and AI and Plagiarism detec-
tors (Hao, 2026). In the past few decades, web
search tools have driven plagiarism where students
copy-paste text snippets with little paraphrasing
from online sources accessed via search. Several
practitioner-oriented tools help detect this UCG
source (e.g., Turnitin, Grammarly) by finding tex-
tual overlap between student-submitted text and
online sources including academic publications
among others.

Productized LLMs are a more recent enabler
of UCG and present a challenge for the commu-
nity wanting to detect LLM-assisted UCG. Hao
(2026) summarize core paradigms like supervised
learning classifiers trained on textual features, end-
to-end models, watermarking (designing LLMs
that add subtle patterns that can be detected in
downstream tasks to ensure provenance), identi-
fying the writing process through document his-
tory and other metadata, and similarity matching
of texts. Hao (2026) identify that many of these ap-
proaches have been operationalized and marketed
as online AI-detection tools to practitioners (e.g.,
GPTZero1, Originality.ai, Copyleaks 2, Grammarly

1Gptzero.me
2copyleaks.com

3, Turnitin4). Yet, without constrained settings, AI
generated writing is difficult to differentiate from
human writing (Casal and Kessler, 2023; Flecken-
stein et al., 2024; Wu et al., 2023; Pudasaini et al.,
2025; Sadasivan et al., 2023; Tufts et al., 2025;
Weber-Wulff et al., 2023; Lepp and Smith, 2025;
Zu et al., 2025), a challenge significant enough to
spur the creation of a dedicated sub-field of Natural
Language Processing (Alam et al., 2025).

However, the lack of validity and reliability of
off-the-shelf AI-text detection mechanisms has not
stopped some practitioners from using the tools that
claim to detect GenAI-written text (Gaines, 2025).
Given that UCG can stem from AI and search, prac-
titioners draw on the wide availability of plagiarism
and AI-text detectors and often deploy both types
of tools to uphold academic integrity (Balalle and
Pannilage, 2025). While prior published accounts
have found that using GenAI detectors can create
academic harm to students because of the false
positives (Liang et al., 2023; Gaines, 2025), we ex-
tend that body of research by showing that when a
range of tool types are used in conjunction e.g., pla-
giarism checkers and GenAI detectors, a different
issue may arise. The asymmetry in the consistency
between plagiarism detectors and GenAI detectors
can increase the likelihood of flagging potential
UCG for students who used Search for learning as
compared to students who used GenAI for learn-
ing; even when either tool is only used for learning
and not direct writing. This may occur as the stu-
dent produced text is influenced by web sources
from the Search based learning activity leaving
detectable traces of verbatim/near-verbatim over-
lap with indexed online sources that the plagiarism
checkers are likely to find. However, the likelihood
of detecting similar GenAI influences in learning
can be inconsistent. We qualify this asymmetry in
detail in the findings section.

This asymmetry has practical implications for
academic integrity. In current educational practice,
instructors may rely on similar commercial plagia-
rism and AI detectors to flag potential violations in
conjunction as many commercial platforms provide
both features (Balalle and Pannilage, 2025). Our
preliminary findings suggest that the conjunctive
usage of such tools may introduce a risk of asym-
metry: students who use Search, often considered
the more traditional and safer approach, may face

3grammarly.com/ai-detector
4turnitin.com/solutions/topics/ai-writing
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a higher risk of being flagged for UCG because
the tools developed to detect it may be resting on
more mature development (Foltỳnek et al., 2019),
while students who learn using LLMs may produce
text that does not carry a strong detection signal
of either plagiarism or AI generation consistently
across tools, despite both groups writing essays by
themselves.

We present our exploratory findings through this
short paper to the AIME community to discuss
potential implications of deploying a suite of off-
the-shelf detection tools in everyday educational
settings, and to highlight the need for detection
frameworks that account for the increasingly di-
verse ways students access information.

This paper makes three contributions. First,
we introduce the notion of post-learning detec-
tion asymmetry, showing that the choice of learn-
ing tool (search vs LLM) leaves different levels
of detectable traces in academic-integrity signals
observed in human-authored essays. Second, we
highlight that the external academic integrity tools,
especially when it comes to GenAI detection, can
be inconsistent with each other. Third, we show
that while detection tools in some conditions show
differences, stylometric features show no reliable
differences between the two conditions still making
it potentially difficult for practitioners to identify
tool influences by stylistic observation alone. Over-
all, we present an asymmetry in which the conjunc-
tive use of GenAI and plagiarism detection tools, in
the absence of stylometric differences, could lead
to differential flagging risk for student-generated
content.

3 Methodology

We present results from a preliminary study where
N=20 participants (sample demographics seen in
Table 1) were given a task to learn about a topic
using Google (search engine) and ChatGPT (LLM
product); leading to 40 essays that we analyze. We
used off-the-shelf products because despite cus-
tom learning applications seen in research, students
widely use these products as their go-to in typical
educational situations (Divekar et al., 2025a). Prod-
uct versions used did not contain GenAI summaries
in search condition or hyperlinked references in
GenAI conditions keeping two core product fea-
tures isolated. In a similar setup to (Kosmyna et al.,
2025; Melumad and Yun, 2025), a counterbalanced
within-subject design was used. We conduct a fo-

cused analysis of texts from data collected in (Di-
vekar et al., 2025b,c) where participants from a
university were asked to learn two topics of general
interest (“how does a powergrid work?” and “how
does the internet work”) in counterbalanced order,
such that half received each topic first. The tool
assigned to the first topic (search or LLM) was ran-
domized, with the alternate tool used for the second
topic. They were allowed to take notes and even-
tually were asked to write an essay to demonstrate
their understanding of the topic without either tool
support. Access to notes was permitted during the
writing phase to approximate academic contexts
like open-note assessments where students are al-
lowed a self-created and limited sheet to refer to
while producing independent work. All stages were
time-boxed sessions separating learning from writ-
ing. In-person moderated conditions allowed us
to tightly control for tool and note usage yielding
valid data. The study was approved by the univer-
sity IRB.

To characterize the essay writing style, we com-
puted features spanning two linguistic dimensions.
Lexical richness was measured using established
measures like Corrected Type-Token Ratio (CTTR)
and long word ratio (fraction of words greater than
6 characters). Similarly, sentence-level structure
was captured through mean sentence length and
mean word length, both established stylometric
features. To assess whether a certain text exhib-
ited statistical properties associated with LLM-
generated text, past research has largely used per-
plexity and burstiness (Gehrmann et al., 2019; Xu
and Sheng, 2024) scores computed using GPT-2
(Hao, 2026). To avoid multi-collinearity, we use
perplexity alone. Additionally, to connect our find-
ings with practitioner-oriented implications, we test
the essays with two popular online tools that claim
to detect plagiarism and AI-generated text: Gram-
marly5 and GPTZero6. Both tools provide a pla-
giarism percentage (overlap with existing online
sources) and AI probability percentage.

We use Wilcoxon signed-rank tests to assess
whether each feature differs between the two con-
ditions. The features fall into five pre-specified
construct families: lexical richness, sentence-level
structure, perplexity, AI-detection scores, and pla-
giarism scores; we apply a Bonferroni correction
within each family and report both raw and adjusted

5grammarly.com
6gptzero.me
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Description Number
Age Range

18-20 10
21-23 7
24-26 3

Gender
Female 11
Male 9

Table 1: Participant Demographics

p-values.

4 Results

Table 2 demonstrates first 50 truncated words of
the essays produced by Participant (P2) to illustrate
the textual features and plagiarism and AI detection
scores received by off-the-shelf tools.

Table 3 shows the results from Wilcoxon signed-
rank tests. Statistically significant differences
across two conditions were observed for AI proba-
bility score by GPTZero and plagiarism scores by
both GPTZero and Grammarly.

In a follow-up test using a two-way mixed, ab-
solute agreement Intraclass Correlation Coefficient
(ICC) showed borderline-poor inter-tool agreement
for AI detection percentages (ICC = .50, p < .001)
and good inter-tool agreement for plagiarism per-
centages (ICC = .758, p < .001) across the two
tools.

5 Discussion

We find plagiarism scores are consistent between
two detectors and tests show a statistically signifi-
cant difference in percent of text identified as pla-
giarized between the two conditions for both de-
tectors. This may reflect that plagiarism detection
based on indexing online sources and finding tex-
tual overlap is a longer-established measurement
paradigm than AI-text detection (Foltỳnek et al.,
2019). The fact that the Search tool and its web
sources were not available during the writing stage
yet overlap in the final essay is found with on-
line sources points to a plausible explanation that
source text is transferred either from memory or
via paraphrased/typed/copied notes into the final
essay. However, neither pathways is uncommon
in learning especially when many scenarios allow
self-created notes during testing.

Even if the text transfers from the source to the
final essay when the source is not directly available,

Wilcoxon signed-rank tests do not show differences
in the style of writing after learning with either tool
in paired tests. That is, despite potentially bor-
rowed language, on the surface, the two essays
seem stylometrically similar. The absence of a sty-
lometric difference is unsurprising: the overlapping
text is a small fraction of each essay, so aggregate
style possibly remains dominated by the partici-
pant’s own prose even when localized overlap may
differ across conditions. Future work could exam-
ine in depth how and what content transfers from
source to essay, which might reveal the influence
of a source even in its absence and how students
integrate it into their conceptual framework with-
out altering their writing style. Another avenue
of future research is to more deeply examine writ-
ing beyond surface stylometrics used in this paper
including automatic and human evaluations.

While essays seem similar and plagiarism scores
differ between conditions, AI generated scores
show inconsistency between tools: GPTZero’s AI
probability shows a statistically significant differ-
ence in the percent of text it would flag as AI gen-
erated whereas Grammarly’s AI probability score
does not show it. Combined with a low inter-tool
agreement, results indicate that the two tools differ
in their sensitivity to this signal. Prior research by
(Choi and Zu, 2025) shows that AI detectors are
largely opaque with their output often presenting
a probability of the text being AI generated and
nothing more. Further, their reliability may depend
on whether the model used for generating text is
the same as the model used to detect AI-generated
text among other factors. However, practitioners
who are not linguists or GenAI experts are not ex-
pected to have this level of technical information
to discern how to interpret this opaque output or
which tool to choose or trust. Therefore, the two
tools diverging from each other may cause confu-
sion, additional load for practitioners, or unequal
outcomes for students.

We contextualize the magnitude of the observed
differences. Plagiarism detection tools typically
report some degree of textual overlap in most stu-
dent writing. In the present sample, mean plagia-
rism scores in the search condition ranged from
12.65% to 22.20% across tools, whereas the LLM
condition ranged from 1.90% to 8.80%. Whether
either range would prompt closer review depends
on institutional policy, as there is no standardized
threshold for acceptable overlap across higher ed-
ucation. However, the separation between these
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LLM-assisted learning Search-assisted learning
Essay Text Title: Understanding the Power

Grid: Structure and Functional-
ity Introduction A power grid,
techinically known as a electri-
cal grid, is a interconnected net-
work to deliver electricity from
the source to the consumer. First,
the electricity is generated, at the
stations, which produce electric-
ity, and then high-voltage lines
are used to carry...

What is the internet? When we
talk about the internet, we are
basically talking about how two
or more devices are connected.
These devices are connected to-
gether by a device called router,
which is the central hub. A
router is just a specialized com-
puter whose job is to manage the
connectivity..

Grammarly Plagiarism Score 6% 39%
GPTZero Plagiarism Score 24% 49%
Grammarly AI Detection score 17% 0%
GPTZero AI Detection score 1% 0%

Table 2: Excerpt: Truncated verbatim first 50 words of essay produced by participant-2 across two conditions along
with plagiarism and AI detection scores.

Measure LLM Mean Search Mean Z p Adjusted p
CTTR 6.49 6.14 -1.120a .263 .526
Long-word Ratio 0.31 0.30 -1.568a .117 .234
Mean Sentence Length 20.95 18.79 -1.811a .070 .140
Mean Word Length 5.27 5.11 -1.755a .079 .158
Document Perplexity 28.56 28.85 -0.187a .852 .852
GPTZero AI Probability 29.60 8.65 -2.341a .019 .038*
Grammarly AI Score 16.35 3.25 -1.859a .063 .126
GPTZero Plagiarism Score 8.80 22.20 -2.294b .022 .044*
Grammarly Plagiarism Score 1.90 12.65 -2.748b .006 .012*

Table 3: Within-participant comparisons between LLM- and Search-assisted learning conditions using Wilcoxon
signed-rank tests. aBased on positive ranks. bBased on negative ranks. *Adjusted p significant at <0.05

ranges suggests that essays produced under the two
learning conditions could plausibly fall on opposite
sides of a review threshold, depending on the pol-
icy. AI probability scores showed lower inter-tool
agreement and more tool-dependent behavior, with
ranges of 16.35–29.60% for the LLM condition
and 3.25–8.65% for the search condition. Com-
pared to plagiarism detection, AI detection appears
less standardized, and it remains unclear whether
widely adopted thresholds or interpretive norms
exist for these scores in practice.

Taken together, these patterns point to an asym-
metry in how detection tools may respond to essays
produced after different learning tools, even when
the essays themselves are stylometrically similar
and written without direct tool assistance. Plagia-
rism detectors, which rest on a more mature founda-
tion (Foltỳnek et al., 2019), show stronger inter-tool

agreement and appear more likely to consistently
flag essays written after search-assisted learning.
AI detectors, which are newer and show weaker
inter-tool agreement, appear more likely to flag es-
says written after learning with LLMs with poorer
consistency. If practitioners rely on a combination
of both types of detectors, as is now a common
practice (Balalle and Pannilage, 2025), these pat-
terns suggest that the combination of the choice
of learning tool and academic integrity tool, rather
than any direct tool usage during the writing stage,
could influence which students are flagged for fur-
ther review; a hypothesis for further investigation.

The findings suggest implications for assessment
design, delivery, and scoring. The use of student-
written artifacts as evidence of knowledge is under-
going fundamental change as educators determine
whether and how GenAI should be incorporated
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into learning and evaluated work. When indepen-
dent authorship is essential, educators should con-
sider moderated or otherwise process-observed as-
sessments that establish how the submitted work
was produced rather than relying on post hoc pla-
giarism or AI-detection scores. When such assess-
ment conditions are not feasible, detector outputs
should not determine which students receive ad-
ditional scrutiny, because even preliminary or un-
certain flags may reproduce the learning-pathway
asymmetry identified in this study. Further, user
interfaces of assessment dashboards that display
textual-overlap or AI-probability scores could com-
municate the uncertainty associated with these mea-
sures, discourage ranking submissions by detector
scores, or entirely remove aggregate scores and in-
stead support the examination of individual submis-
sions. The continuous emergence of new GenAI
tools for learning or producing learning artifacts
presents an evolving challenge that requires co-
ordinated attention to both the accuracy of detec-
tion algorithms, the interfaces through which their
outputs are interpreted, and increasing awareness
within the community that uses these tools.

6 Conclusion

While prior findings have determined that LLM-
generated text cannot be reliably distinguished
from human-generated text, our analysis extends
this finding to show that human-written text after
learning with different tools (LLMs vs. Search)
also cannot be reliably distinguished stylometri-
cally. AI detection scores showed mixed and tool-
dependent results and did not consistently distin-
guish the conditions. However, both tested plagia-
rism detection tools showed statistically significant
differences, with higher overlap for essays written
after search-assisted learning.

The two types of tools (AI and plagiarism detec-
tion) differ in their maturity stage. However, practi-
tioners may use these tools concurrently to uphold
academic integrity in everyday settings. In this
larger landscape, where plagiarism detectors are
arguably more reliable than AI detectors (Foltỳnek
et al., 2019; Weber-Wulff et al., 2023), our prelim-
inary findings highlight an emerging asymmetry:
the mixed usage of these tools may increase in-
tegrity flagging risk for search-assisted learning,
rather than LLMs, even when neither is directly
used for writing. These findings highlight the need
to examine potential unintended effects in tool

ecosystems, in addition to isolated tool evaluations.

Limitations

The in-person moderated data collection allows for
more experimental control yet reduces the sample
size due to logistical challenges and costs asso-
ciated with in-person research. The null results
for stylometric analysis are therefore with caveats.
Further, given the lack of literature on detector
popularity, our selection of commercial tools was
limited and based on search prominence. There-
fore, future research should conduct analysis of the
scope and popularity of tools and replicate with
larger samples and additional tools and topics.

Differential note-taking or memorization behav-
ior across conditions could explain lexical overlap
in the Search condition. Furthermore, the task did
not instruct students to cite sources. Even if sources
are cited, many tools still calculate and display the
absolute overlap and leave the process of matching
it to cited or found sources to human judgment.
The overlap detected in the search condition there-
fore does not by itself indicate a rule violation —
only a higher chance of being flagged for closer
review. In many settings, this flag could prompt a
follow-up human review in which the overlapping
passages and citations are evaluated. Our research
finds that essays written after learning with one tool
may be at a higher chance of being flagged while
leaving subsequent academic integrity adjudication
up to policy interpretation.

Conditions tested in this experiment approxi-
mate some academic contexts such as open-note
assessments; future research should examine other
learning pathways, assessment formats, and note-
use conditions.

This research is not meant to compare detector
performance, as the ground truth for plagiarism
and AI-generated text is not compared with the
detector output; this paper should not be considered
as a criticism or endorsement of the commercial
detectors investigated.
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