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Abstract. The rapid spread of generative artificial intelligence has complicated
the interpretation of authorship in educational writing and increased the need
for transparent methods that distinguish machine-generated from human-written
text without treating automated detection as conclusive evidence of misconduct.
This study compares lexical and content-independent stylometric approaches to
detecting Al-generated educational essays. The experiments used 44,868 English-
language texts from the DAIGT V2 multi-source corpus, including 27,371 human-
written and 17,497 Al-generated essays. The lexical representation used TF-IDF
unigrams and bigrams with a Linear Support Vector Machine, while the content-
independent representation consisted of fourteen structural and stylometric
features classified with Logistic Regression. Human and Al texts were additionally
compared using the Mann—Whitney U test and effect-size estimates. The TF-IDF
model achieved 99.69% accuracy, 99.60% F1-score and 99.98% ROC-AUC on
a stratified held-out test set. The stylometry-only model achieved 87.90 = 0.40%
accuracy, 84.34 + 0.48% F1-score and 95.08 + 0.17% ROC-AUC under five-fold
stratified cross-validation. Average word length showed the strongest selected
stylometric separation, while differences were also observed in text length,
lexical diversity and punctuation use. The findings show that lexical information
provides highly discriminative signals in the analyzed corpus, but substantial
predictive information remains even when direct vocabulary is removed. The
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results support the use of stylometric indicators as an interpretable supplementary
signal for educational text analysis, while also emphasizing that detector outputs
should not be treated as definitive proof of Al use in individual student work.
Robustness checks showed 99.75% accuracy after near-duplicate filtering, 96.46%
accuracy for unseen prompts, and 95.39% accuracy when Llama-70B was held
out, indicating measurable distribution sensitivity. The contribution is therefore a
robustness-oriented comparison of established lexical and interpretable stylometric
representations rather than a new classifier.

Keywords: Al-generated text, educational writing, machine learning,
stylometry, TF-IDF, text classification
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Anparna. ['eHepaTuBTi KacaHAbl MHTEIUICKT KYpajlapbIHbIH KEH Tapaiysbl
OimiM Oepy callachIHIAFBl jka30ama >KYMBICTApAbIH aBTOPJBIFBIH Oaraayibl
KYpIEJICHIIPIM, MalTHHAIIBIK JKOJIMEH JKacaJlFaH MOTIH/II ajjaM jKa3FaH MOTiHHEH
QXbBIpaTyFa MYMKIHIIK OEpeTiH aIllblK >KOHE TEKCEpiIeTiH ojicTepre aereH
KaXKETTUTKTI apTThipasl. COHBIMEH Karap aBTOMATTaHIBIPBUIFaH aHBIKTAY
HOTH)KETIEPIH aKaJIeMHUsUTBIK ~ OY3YIIBUIBIKTBIH — TYNKUTIKTI  Joneii  peTiHue
KapacTelpyfra OosnMaiinbl. 3epTTeyaid MakcaTtel — OiniM Oepy moTingepinzeri Al
apKbUIBI JKacaJlFaH KOHTEHTTI aHBIKTAy/la JIEKCUKAJBIK KOHE Ma3MyHFa TOyelci3
CTHJIOMETPHUSUIBIK TOCUIACPIIH MYMKIHIIKTEpPiH CalbICTBIPY. DKCIEPUMEHTKE
DAIGT V2 xemnumepekkesni kopmycbiHaH 44 868 arbUIIIBIH TUTIHIETT MOTiH
eHrizinmi, ouby 27 371-i agam >xasraH, an 17 497-ci reHepaTHBTI MOJAETbAED
apkpuibl kacanraH. Jlexkcukanbik ycbiHy TF-IDF  yHurpammanapel MeH
ourpammanapsiHa Herizmenin, Linear SVM  kiaccuukaTtopsl KOJNJIAHBUIIBI.
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Ma3sMyHFa ToyeIci3 CTUIOMETPHSITBIK YChIHY MOTIHHIH CO3JIIK Ma3MYHBIH TiKeJeh
nmalmananOainTeiH 14 KYPBUTBIMIBIK KOHE CTHIOMETPHUSIIBIK OCNTiIeH KYPBUIBI,
Logistic Regression aiciMeH xikTeni. Aiam xas3raH xxoHe Al apKbUIbl JKacajaFaH
moTinaep Mann—Whitney U kpurtepuiii xxoHe acep KoaeMi KOpCeTKIITepi apKbLIbl
KocbMIia canbIcThIphlabl. TF-IDF Momeni crparudukanusiianFad TECTLTIK
KUBIHTBIKTA 99,69% Accuracy, 99,60% Fl-score xome 99,98% ROC-AUC
KkoepceTTi. Tek CTHIOMETPUSUIBIK OeNrijiepre HEeri3/eNreH MoJieNb Oec KaTmapiibl
cTpatuduKanusuianFal Kpocc-Banupanus kesinge 87,90 + 0,40% Accuracy,
84,34 + 0,48% F1-score xone 95,08 + 0,17% ROC-AUC HOTHXECIHE KETTI.
TanganraH CTHIIOMETPHSUIIBIK OCITIiIep iITiHAe opTama co3 Y3bIHABIFEI ¢H alKbIH
alBIPMAIIBUTBIKTEl KopceTTi. COHBIMEH KaTap MOTIH Y3BIHJIBIFBI, JICKCUKAIBIK
OPTYPILTIK »OHE TBHIHBIC OENriNepiH KojJaHyaa >KyHenl aiblpMallbUIBIKTap
aHBIKTAIIBL. HOTHKeNep TeKCUKaIBIK aKIapaTThIH 3€PTTEITeH KOPITyCTa KOFaphl
QXBIPATYITBUIBIK KaOlIeTKe e eKeHiH, ajlaiija TikeJaeH Co3IiK aKmapar aJbIHBIIT
TacTaJFaH >Karjaijia Ja CTUIOMETPHSUIBIK KYpBUIBIMIA elieylli OOMKaMIbIK
CUTHAJI CaKTaJaThIHBIH KepceTTi. COHIBIKTaH CTHIOMETPHUSUIBIK KOPCETKIIITEep
OlTiM anmyIbLIapABIH jKa30ala KYMBICTapbIH Tajaayla UHTepIpeTalnsiIaHaThIH
KOCBIMIIIa KypaJ peTiHAe KONAAHBUTYRl MYMKiH. JlereHMeH aBTOMaTTHI
JETEKTOPJIbIH HOTHIKECI HAKTHI O1TIM anyniblHbIH Al KOJITaHFaHBIHBIH TYKITIKTI
JoTeNi peTiHAe KapacThIpbliMaybl THic. TypaKTBUIBIKTBI TEKCepy OapbIChIHIA
YKaKbIH KaliTallaHAThIH MOTIH/IEP aJIBIHBII TacTaJFaHHaH KeiiH Accuracy 99,75%,
OypBIH KepinmMmereH TaksIpeimTapaa 96,46%, am Llama-70B reHeparopbl OKBITY
JKUBIHBIHAH TOJBIK IIBIFAPBUIFaH Karmaiima 95,39% Oonmel. byn nHoTmkenep
MOJIeJb CallachIHBIH JAEPEKTep ylecTipiMine Oenrini 6ip nopexene Toyen i eKeHiH
kepcereni. COHIBIKTaH KYMBICTBIH HET13I1 yieci )kaHa Kiaccu(uKaTop yChIHya
eMec, KalTbITacCKaH JIEKCHKAJIBIK )KOHE HHTEPIPETAIMSIIaHATBIH CTUIIOMETPHSITBIK
TOCUTZIEPAl TYPAKTBIIBIK TYPFBICBIHAH CABICTHIPY/IA JKATBID.

Tyiiin ce3mep: >xacaHIbl MHTEIUIEKT apKbUIBI jKacalfaH MOTiH; Oinmim Oepy
MOTiHI; MaIIMHAIBIK OKBITY; cTiiioMetpust; TF-IDF; Motinmi xikTey
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AHHOTAIHASA. Pacripoctpanenue TeHEPaTHBHOTO HCKYCCTBEHHOTO
WHTEJJIEKTa YCIOKHUJIO OIEHKY aBTOPCTBAa MHCHMEHHBIX pabOT B 00pa3oBaHUU
U TIOBBICUJIO MOTPEOHOCTH B NMPO3PAYHBIX M MPOBEPSEMBIX METOAAX Pa3InYCHUs
MalIMHHO-CTEHEPUPOBAHHOTO ¥ HAIMCAaHHOTO dYelIOBEKOM Tekcra. llpm stom
pe3ynbTaThl aBTOMaTU3UPOBAHHOTO OOHAPY)KEHUS HE JTOJDKHBI paccMaTpUBaThCS
KaK OKOHYATEIhbHOE J0Ka3aTelbCTBO aKaJeMudecKkoro HapymeHus. lLlens
WCCIIEIOBAHMS 3aKJIIOYAaeTCs B CPAaBHEHUH JIGKCHYECKOTO M HE3aBHCHMOIO OT
COJIEpKaHUsI CTUIIOMETPUUYECKOTO MOAXOJ0B K BbIABIEHHIO Al-KOHTEHTa B
00pazoBaTeIbHBIX dCCe. DKCIIEPUMEHT BBHITIONHEH Ha 44 868 aHTIOS3BIYHBIX
TeKCcTax M3 MHOrokoMmnoHeHTHoro kopnyca DAIGT V2, skirouas 27 371 tekcr,
HallMCAHHBIA 4YeloBekoM, U 17 497 TeKCTOB, CO3aHHBIX T'€HEPATUBHBIMU
MonesIMH. J[JIs1 JIEKCHYeCcKOro IpeiCTaBIeHHs] HCIONb30BAINCH YHUTPAMMBI
n oOurpammel TF-IDF ¢ knaccudukatopom Linear SVM. HeszaBucumoe ot
COJIepKaHMUs CTUIIOMETPHUYECKOE TMPEICTaBIeHNe BKIOYaNo 14 CTPyKTypHBIX U
CTHJIOMETPUYECKUX ITPU3HAKOB, HE MCTIOJIb3YIOLUX HEMOCPEACTBEHHO CIIOBapHOE
coliepkaHMe TekcTa, W Kiaccudummponamock mertomoMm Logistic Regression.
JIOTIONIHUTENBHO pa3iuyuns MEXJIy TEeKCTaMH, HalUCaHHBIMH YEJIOBEKOM U
co3nanHbiME VU, onleHnBaIiCh ¢ TOMOIIBIO KpuTepust MaHHa— YUTHU ¥ BETUYHHBI
s¢pexra. Monens TF-IDF nocturia Accuracy 99,69%, Fl-score 99,60% u ROC-
AUC 99,98% Ha cTpaTtuuupoBaHHON! OTI0KEHHON TeCTOBOU BEIOOPKE. Mojiensb,
OCHOBaHHAs TOJIbKO Ha CTHJIOMETPHYECKHX TpHU3HAKaX, MPH MATHKPATHOMN
CTpaTu(UIUPOBaHHOW Kpocc-Banmuuanuu mnokazamna Accuracy 87,90 + 0,40%,
F1-score 84,34 + 0,48% u ROC-AUC 95,08 + 0,17%. HanGonee BeIpaxxeHHOE
pasnuyue cpeny BHIOPaHHBIX CTHIOMETPUYECKHX MPU3HAKOB HAOIIONATIOCH ISt
CpeaHel JIMHBI CIIOBA; CUCTEMATHYECKHE DPa3IMuhsl TakKKe OBLTU BBHISBICHBI
B JUIMHE TEKCTa, JIEKCHYECKOM Pa3HOOOpa3sWu W MCIONB30BAHUM TYHKTYallHH.
[lony4yeHHble pe3yabTaThl IOKAa3bIBAIOT, YTO JIEKCHYecKas HH(pOpManus
oOmamaeT BBICOKOW TUCKPUMHUHHPYIOIMIEH CIMOCOOHOCTHIO B HCCIIEOBAHHOM
KOpITyCe, OJIHAKO CYIIECTBEHHBIH MPOTHO3HBIN CHTHAJ COXpaHSETCs U Iocie
WCKITIOYeHUS TIPSMOTO CIIOBAPHOTO conepkaHus. CTHIOMETpUYeCKUe MpHU3HAKU
MOTYT MCIIOJIB30BaThCs KaK MHTEPIPETUPYEMBIN JTOTOTHUTEIbHBI HHCTPYMEHT
aHanu3a o0pa3oBaTeNIbHBIX TEKCTOB. BMecTe ¢ TeM pe3ysbTaT aBTOMaTHYECKOTO
NETeKTOpa HE MOJDKeH pacCMaTpUBaThCs KaK OKOHYATEIHHOE JI0KA3aTeNbCTBO
ucrnonb3oBaHust Al KoHKpeTHBIM oOydatommmcs. [IpoBepku ycroitumBocTH
nokazanu Accuracy 99,75% mnocne ynanenus Onn3kux AyOnaukaros, 96,46% Ha
paHee He BcTpedaBmuxcs temax u 95,39% npu nonaom uckiroueHuu Llama-70B
13 oOyuaromieil BBIOOPKH. DTO yKa3blBaeT HAa HM3MEPUMYI0 UyBCTBUTEIBHOCTH
MOJIeM K pacIpe/le]IeHUI0 JaHHBIX. TakuMm o0pa3oM, OCHOBHOM BKI1aJ paboTHI
COCTOHUT HE B pa3pabOTKe HOBOT'O KJIACCH(HUKATOPA, @ B CPABHEHUH CYILIECTBYIOLIHX
JIEKCUIECKUX ¥ HHTEPIIPETUPYEMBIX CTHIIOMETPHUYECKHUX MTPEICTABICHHUH C yIETOM
UX YCTOHYUBOCTH.

KuaroueBnlie cioBa: Al-creHepupOBaHHBIN TEKCT; 00pa30BaTEIbLHOE MHUCHMO;
MammHHOe o0y4denue; cruomerpust; TF-IDF; knaccudukanms Texcra
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Introduction. Generative artificial intelligence has rapidly changed the
conditions under which written assignments are produced and assessed. Large
language models can generate coherent essays, explanations and argumentative
responses within seconds, and their outputs may be difficult to distinguish from
student writing by visual inspection alone. In controlled experiments, teachers
were unable to reliably identify ChatGPT-generated essays among student-written
texts and tended to be overconfident in their judgments (Fleckenstein et al., 2024).
In higher education, this creates a practical problem for assessment: instructors
need to evaluate the quality of submitted work while also recognizing that the
apparent linguistic fluency of a text no longer provides reliable information about
how it was produced.

Automated Al-generated text detection has therefore become an active research
area. Existing approaches include statistical measures, supervised classifiers, neural
detectors, watermarking, probability-based zero-shot methods and combinations
of human and automated judgment (Crothers et al., 2023; Mitchell et al., 2023;
Wu et al., 2025). At the same time, evidence from educational settings shows
that detector outputs must be interpreted cautiously. Evaluations of commercial
and open tools have reported substantial error rates, sensitivity to paraphrasing
and obfuscation, and fairness concerns for non-native English writers (Weber-
Waulff et al., 2023; Liang et al., 2023; Perkins et al., 2024b). Thus, the central
research problem is not merely whether machine-generated text can be classified
accurately on a fixed benchmark, but which textual signals support classification
and how interpretable those signals are. A further methodological issue is that
very high benchmark accuracy may reflect dataset-specific lexical patterns rather
than general properties of machine-generated writing. Recent multi-generator
benchmarks demonstrate that detectors often perform worse when the generator
or domain at test time differs from the training distribution (Wang et al., 2024a;
Li et al., 2024; Dugan et al., 2024). This limitation is especially important in
education, where students may use rapidly changing generative systems, revise
generated text manually, or combine human and machine writing. A detector that
depends strongly on generator-specific vocabulary may therefore appear highly
accurate under a random train-test split while remaining less informative in real
educational practice. Stylometry offers a complementary perspective. Rather than
relying directly on the words used in a document, stylometric analysis represents
writing through measurable structural characteristics such as sentence length,
word length, lexical diversity, punctuation and character patterns. Such features
have a long history in authorship and style analysis and can provide interpretable
evidence about differences between text populations (Potthast et al., 2018). In
the context of LLM-generated writing, a stylometric model can help determine
whether a detectable signal remains after direct lexical content is removed.

The aim of this study is therefore to compare lexical and content-independent
stylometric representations for detecting Al-generated educational writing. Two
research questions are addressed: (RQ1) How accurately can a classical TF-IDF-
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based machine-learning model distinguish human-written from Al-generated
educational essays within a multi-source corpus? (RQ2) To what extent can the same
distinction be made using only interpretable stylometric characteristics without
direct lexical representation? The contribution of the study lies in evaluating these
two complementary representations on a large educational-writing corpus and in
interpreting high detection performance in light of current concerns regarding
robustness, fairness and responsible use in assessment.

The methodological contribution is deliberately positioned as a robustness-
oriented comparison rather than as a proposal of a new classifier. TF-IDF with
Linear SVM and compact stylometry are established techniques; their role here
is to provide two transparent reference representations whose behaviour can
be audited. The revised analysis therefore focuses on whether the near-perfect
random-split score survives controls for topic, generator source and near-duplicate
contamination, and on how much discriminative information remains in a compact
interpretable representation. This framing shifts the contribution from algorithmic
novelty to an empirical assessment of dataset sensitivity and responsible
interpretation in educational use.

Literary review. Research on machine-generated text detection has expanded
from early statistical and neural classification approaches to large multi-generator
benchmarks and zero-shot methods. Crothers et al. (2023) organized the field around
threat models and detection strategies, emphasizing that reliability, robustness and
accountability are essential properties of practical detectors. DetectGPT introduced
a different paradigm by using the curvature of a language model's probability
function rather than training a separate binary classifier; the method demonstrated
that model-internal statistical properties can provide useful evidence of machine
generation (Mitchell et al., 2023). More recent surveys classify current approaches
into statistical, neural, watermarking and human-assisted families and identify
out-of-distribution evaluation, adversarial manipulation and real-world data as
unresolved challenges (Wu et al., 2025).

The educational context makes these challenges particularly consequential.
Weber-Wulffetal. (2023) evaluated abroad set of publicly available and commercial
detectors and concluded that the tested tools were not sufficiently reliable for high-
stakes academic decisions. Perkins et al. (2024a) investigated GPT-4-generated
assessment texts in higher education and showed the value, but also the limitations,
of combining academic judgment with software-based indicators. Fleckenstein et
al. (2024) demonstrated that both novice and experienced teachers had difficulty
identifying Al-generated student essays, confirming that unaided human judgment
cannot be assumed to solve the problem. At the same time, Liang et al. (2023)
showed that several GPT detectors disproportionately misclassified writing by
non-native English authors, highlighting the fairness risks of using automated
detection as evidence of misconduct.

Robustness studies further challenge the interpretation of near-perfect in-
distribution scores. The M4 benchmark was designed specifically as a multi-
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generator, multi-domain and multilingual testbed and showed that detectors tend
to misclassify machine-generated text as human when confronted with unseen
domains or LLMs (Wang et al., 2024a). MAGE similarly evaluated machine-
generated text detection 'in the wild' and reported substantial difficulty in out-of-
distribution scenarios, even though useful detection remained possible (Li et al.,
2024). RAID expanded this line of research by testing detectors across multiple
generators, domains, decoding strategies and adversarial attacks; its results
showed that detector performance can deteriorate under unseen generators and
relatively simple transformations (Dugan et al., 2024). The SemEval-2024 Task 8
benchmark also formalized binary, multi-source and mixed-authorship detection
tasks, reflecting the increasing need for evaluation beyond a single generator and
a single domain (Wang et al., 2024Db).

Adversarial and post-editing effects are especially relevant to academic writing.
Perkins et al. (2024b) demonstrated that relatively simple modifications can reduce
the effectiveness of widely used GenAl detectors. Sadasivan et al. (2025) likewise
showed that paraphrasing can substantially weaken multiple detection schemes,
including neural, zero-shot and watermark-based approaches. These findings
indicate that detector accuracy obtained from unedited benchmark texts should
not be interpreted as a universal probability that any future student submission can
be correctly attributed.

Dataset design is therefore central to the validity of detection research. The
human-written component used in the present study is largely connected to the
PERSUADE family of educational writing resources. PERSUADE 2.0 contains
more than 25,000 argumentative essays written by students in grades 6—12 across
15 prompts and provides a large-scale basis for computational analysis of writing
(Crossley et al., 2024). This provenance is important because it anchors the human
class in authentic educational writing rather than generic web text. The Al class
in DAIGT V2, by contrast, aggregates outputs from several generative systems,
providing greater heterogeneity than a single-ChatGPT dataset.

From a feature perspective, lexical and stylometric representations answer
different questions. TF-IDF is highly effective for sparse text classification
because it captures words and short phrases that differ between classes. However,
its strength can also become a limitation when lexical regularities are generator-,
prompt- or dataset-specific. Stylometric analysis instead focuses on measurable
writing behaviour. Earlier work in computational stylometry demonstrated that
structural and functional characteristics can discriminate between text categories
even when topic is not the intended target (Potthast et al., 2018). For Al-generated
text, this motivates a direct comparison: if a stylometry-only model remains
predictive after vocabulary is removed, then the corpus contains structural signals
in addition to lexical ones.

The reviewed literature therefore reveals a clear methodological need.
High-performing lexical detection is useful as a benchmark, but educational
applications also require interpretable evidence about the characteristics on which
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classification depends. Moreover, detector outputs must be situated within known
limitations involving distribution shift, adversarial editing and demographic bias.
The present study addresses this need by comparing a high-dimensional lexical
representation with a compact, interpretable stylometric representation on the
same large educational-writing corpus. The objective is not to claim definitive
authorship attribution, but to quantify how much discriminative information is
available from each representation and to identify structural differences that may
support transparent analysis.

Materials and methods. Dataset and preprocessing. The experimental study
used the DAIGT V2 multi-source corpus for Al-generated text detection. The
analysed file contained 44,868 English-language educational essays and five
variables: text, binary label, prompt name, source, and an auxiliary dataset indicator.
The target label distinguished human-written texts (0) from Al-generated texts (1).
The final corpus included 27,371 human-written texts (61.0%) and 17,497 Al-
generated texts (39.0%). No missing values were detected in the analysed variables,
and exact duplicate texts were checked before modelling. The human component
was primarily associated with the PERSUADE educational essay corpus, while
the Al component contained outputs from multiple generative systems, including
ChatGPT, Llama-family models, Mistral, PaLM, Falcon, Claude, GPT-4 and
Cohere sources. The original binary labels were retained as ground truth. The
dataset was used for research analysis only; no personal identifiers were required
for the experiments.

Duplicate and source-sensitivity audit. In addition to exact-string duplicate
checking, the revised analysis normalized case, whitespace and punctuation and
screened for near-duplicate essays using five-word shingles. Candidate pairs were
identified with locality-sensitive hashing and verified with Jaccard similarity; a
threshold of 0.90 was used for the sensitivity analysis. To test whether the 99.69%
random-split result was driven by prompt or generator-specific source signals,
three additional evaluations were performed. First, a prompt-group holdout split
placed three complete prompts in the test set so that their topics were absent from
training. Second, leave-one-generator-out tests removed all outputs of a selected
LLM from training and evaluated them against human controls matched by prompt.
Third, the lexical baseline was rerun after removing one member of every detected
near-duplicate pair at Jaccard similarity >= 0.90. These analyses were treated as
robustness checks rather than as estimates of universal detector accuracy.

Experimental design and lexical representation. Two complementary feature
representations were evaluated. The first experiment used lexical information.
Essay texts were transformed with term frequency-inverse document frequency
(TF-IDF), including unigrams and bigrams and limiting the sparse feature space to
60,000 dimensions. The dataset was divided into training and test subsets using a
stratified 80:20 split with random_state = 42, preserving the Human/Al class ratio.
A Linear Support Vector Machine was selected for the principal lexical classifier
because linear margin-based methods are effective and computationally efficient
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for high-dimensional sparse text representations. Performance on the held-out
test set was evaluated with accuracy, precision, recall, F1-score, ROC-AUC and a
confusion matrix. The positive class for precision, recall and F1 calculations was
Al-generated text.

Stylometric representation and statistical analysis. The second experiment
intentionally removed direct lexical representation and described each essay
through fourteen automatically calculated stylometric characteristics. These
included word count, sentence count, average sentence length, average word
length, lexical diversity, frequencies of commas, semicolons, colons, question
marks and exclamation marks, digit ratio, uppercase-character ratio, paragraph-
related structure and overall punctuation-related characteristics. The features
were standardized because they were measured on different numerical scales,
and Logistic Regression was used as an interpretable classifier. Robustness of
the stylometry-only model was assessed with five-fold stratified cross-validation.
Mean and standard deviation were calculated for accuracy, precision, recall, F1-
score and ROC-AUC. In addition, selected stylometric variables were compared
between human and Al groups using the Mann-Whitney U test. Because the large
sample size can make very small differences statistically significant, rank-biserial
effect sizes were considered together with p-values. All numerical results reported
in the article were derived programmatically from the experimental dataset.
Generative Al was used only as an auxiliary tool for language support, literature
organization and manuscript preparation; numerical experimental results were
computed from the source data and remained subject to author verification.

Results.

DAIGT V2 . TF-IDF - Evaluation
44,868 essays —> |Linear SVM | —72uracy, F1, ROC-AUC

14 stylometric Logistic
features Regression

Figure 1 — Experimental workflow for Al-generated text detection

The final dataset contained 44,868 educational essays. Human-written texts
accounted for 27,371 records (61.0%), while 17,497 texts (39.0%) were Al-
generated. The Al class contained texts from several LLM sources rather than a
single generator.

Table 1 — Composition of the experimental dataset

Authorship class Number of texts Proportion, %
Human-written 27,371 61.0
Al-generated 17,497 39.0

Total 44,868 100.0

Note: Compiled by the authors based on the experimental dataset.
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Exploratory stylometric analysis showed systematic differences between the
two authorship groups. Human-written essays were longer on average, whereas
Al-generated texts had greater average word length, lexical diversity and comma
frequency. Average word length produced the largest selected effect size (rank-
biserial correlation approximately 0.630). Because of the large sample size,
p-values were interpreted together with effect magnitude.

Table 2 — Selected stylometric characteristics of human-written and Al-generated texts

Characteristic Human Al-generated |p-value Effect size
Word count 417.15 330.21 <0.001 -0.243
Sentence count 21.43 18.40 <0.001 -0.161
Average sentence length 21.33 18.78 <0.001 -0.110
Average word length 4.43 4.93 <0.001 0.630
Lexical diversity 0.440 0.474 <0.001 0.187
Comma frequency 14.36 19.91 <0.001 0.367
Semicolon frequency 0.217 0.033 <0.001 -0.103
Question-mark frequency 0.746 0.397 <0.001 -0.185
Digit ratio 0.0020 0.0008 <0.001 -0.236
Uppercase ratio 0.0211 0.0177 <0.001 -0.163

Note: Compiled by the authors based on the experimental dataset.

Stylometric differences between Al and human texts

Avg word length A
Comma frequency -
Word count 4

Digit ratio

Lexical diversity o
Question marks -
Uppercase ratio
Sentence count

Avg sentence length -

Semicolons -

-0.2 0.0 0.2 0.4 0.6
Rank-biserial correlation

Figure 2 — Effect sizes of selected stylometric differences between human-written and Al-
generated texts

The TF-IDF representation combined with Linear SVM achieved 99.69%
accuracy on the held-out test subset. Precision for the Al-generated class was
99.97%, recall was 99.23%, F1-score was 99.60%, and ROC-AUC was 99.98%.
Of 8,974 test texts, 28 were misclassified: 27 Al-generated texts were predicted as
human-written and one human-written text was predicted as Al-generated.

Robustness checks reduced the likelihood that the near-perfect random-
split result was explained only by trivial overlap. After normalization, 16 exact
normalized duplicate rows were identified. The near-duplicate audit detected
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393 pairs with five-word-shingle Jaccard similarity >= 0.90; none crossed the
Human/Al label boundary. Removing 389 redundant rows and repeating the
lexical experiment yielded 99.75% accuracy, 99.68% Fl-score and 99.97%
ROC-AUC. A stricter prompt-group holdout, in which three complete prompts
were absent from training, reduced accuracy to 96.46% and F1-score to 92.87%
(ROC-AUC 99.26%). Generator holdout produced heterogeneous results: when
all ChatGPT-source texts were excluded from training, prompt-matched testing
achieved 99.52% accuracy and 99.52% F1-score; when Llama-70B was held out,
accuracy decreased to 95.39% and Al recall to 90.78% (F1-score 95.17%). Thus,
the original 99.69% score is not attributable to exact/near duplicates alone, but the
performance drop under unseen prompts and one unseen generator confirms that
source and distribution effects contribute to the benchmark result.

Table 3 — Performance of the TF-IDF-based detector

Metric Value, %
Accuracy 99.69
Precision 99.97
Recall 99.23
F1-score 99.60
ROC-AUC 99.98

Note: Compiled by the authors based on the experimental dataset.

Table 4 — Robustness checks for the TF-IDF + Linear SVM detector

Evaluation Test condition Accuracy, % | Precision, % |Recall, % |F1, %

Random split Original 80:20 split 99.69 99.97 99.23 99.60

Near-duplicate filtered | 389 redundant rows 99.75 99.91 99.46 99.68
removed

Prompt holdout 3 unseen prompts 96.46 95.63 90.27 92.87

Generator holdout ChatGPT unseen 99.52 99.88 99.17 99.52

Generator holdout Llama-70B unseen 95.39 100.00 90.78 95.17

Note: Generator-holdout human controls were matched by prompt. The checks assess sensitivity to
overlap, topic and generator distribution; they do not eliminate the broader provenance difference
between the human and Al classes.

TF-IDF + Linear SVM confusion matrix

Human

Actual class

Al

Human Al
Predicted class

Figure 3 — Confusion matrix of the TF-IDF + Linear SVM model
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The stylometry-only model retained substantial discriminative performance
despite excluding direct lexical content. Across five stratified folds, mean accuracy
was 87.90% with a standard deviation of 0.40 percentage points. Mean F1-score
was 84.34%, and mean ROC-AUC was 95.08%. Fold accuracies were 88.67%,
87.86%, 87.70%, 87.56%, and 87.70%, indicating relatively stable performance
across partitions.

Table 5 — Five-fold cross-validation using stylometric features

Metric Mean, % SD, %
Accuracy 87.90 0.40
Precision 85.15 0.68
Recall 83.55 0.40
F1-score 84.34 0.48
ROC-AUC 95.08 0.17

Note: Compiled by the authors based on the experimental dataset.

Detection performance by feature representation
100 4 99.69 99.60 99798

95 4

90 A

85 A

Performance (%)

80 1

75 -

Accuracy Fl-score ROC-AUC

Figure 4 — Performance of lexical and stylometric detection approaches (evaluation protocols
differ)

The two results should not be interpreted as a direct statistical ranking of
the classifiers because different evaluation procedures were used. Rather, they
demonstrate that lexical information provides extremely strong discrimination in
this corpus, while substantial predictive information remains when direct lexical
content is excluded.

Discussion. The experiments demonstrate a pronounced difference between
lexical and content-independent representations of Al-generated educational
writing. The TF-IDF and Linear SVM model achieved 99.69% accuracy and
99.98% ROC-AUC on the held-out test set, showing that the analysed corpus
contains extremely strong lexical signals separating the two classes. By contrast,
the model based on only fourteen stylometric characteristics achieved 87.90
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+ 0.40% mean accuracy and 95.08 + 0.17% ROC-AUC under five-fold cross-
validation. The reduction in accuracy is expected because direct word and phrase
information was removed. Nevertheless, the stylometry result is substantively
important: structural characteristics alone retained considerable discriminatory
information.

The high TF-IDF performance should be interpreted as an in-corpus
classification result rather than a universal detector accuracy. Multi-generator
studies have repeatedly shown that performance obtained when training and
test data share distributions can overestimate robustness to unseen generators
and domains. M4 reported that detectors often classify machine-generated texts
as human when confronted with unseen LLMs or domains (Wang et al., 2024a).
MAGE reached a similar conclusion in a broad testbed and reported that even
its strongest detector achieved substantially lower performance in out-of-domain
settings than typical in-distribution results (Li et al., 2024). RAID further showed
that changes in generation strategy, adversarial attacks and unseen generators can
substantially reduce detector reliability (Dugan et al., 2024). Consequently, the
near-perfect lexical result obtained here is evidence of separability within DAIGT
V2, not evidence that arbitrary future LLM output can be identified with 99.69%
accuracy.

The stylometric findings help explain why classification remains possible
when direct lexical content is removed. Human-written essays in the corpus
were longer on average, whereas Al-generated essays showed greater average
word length and lexical diversity and used commas more frequently. Among the
selected variables, average word length produced the largest effect size (rank-
biserial correlation approximately 0.630), followed by comma frequency. These
patterns indicate that the two text populations differ in measurable aspects of
construction and surface style. Importantly, such group-level patterns should not
be converted into deterministic rules for individual documents. A human writer
may naturally produce long words, high lexical diversity or dense punctuation,
and an Al-generated passage may be edited until these characteristics resemble
human writing. Stylometric indicators are therefore probabilistic features rather
than authorship proofs.

The difference between 99.69% lexical accuracy and 87.90% stylometric
cross-validated accuracy also illustrates a trade-off between predictive power and
interpretability. TF-IDF provides tens of thousands of lexical dimensions and can
exploit highly specific words and bigrams. This is useful for classification but makes
it difficult to determine whether performance arises from general machine-writing
characteristics, prompt effects or source-specific expressions. The fourteen-feature
stylometric model is weaker but substantially easier to interpret. Its ROC-AUC
above 95% suggests that content-independent structure carries a strong signal in
the analysed corpus. For educational analytics, such a model can therefore serve
as a transparent supplementary layer alongside other evidence rather than as a
replacement for pedagogical judgment.
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The educational implications require particular caution. Fleckenstein et al.
(2024) found that teachers could not reliably distinguish ChatGPT-generated
essays from student writing, while Perkins et al. (2024a) showed that Al-generated
assessment texts can resemble authentic submissions closely enough to complicate
academic judgment. Automated methods can assist in screening large volumes of
work, but the consequences of false accusations are substantial. Weber-Wulff et al.
(2023) concluded that tested Al detectors were not reliable enough to serve as sole
evidence, and Liang et al. (2023) identified a strong bias against non-native English
writers in several detectors. These findings are directly relevant to the present
work because the analysed texts are English-language essays and the stylometric
variables include characteristics that may also vary with language proficiency. A
future educational implementation would therefore require validation on the actual
student population, language context and assignment type before operational use.

Adversarial robustness is another limitation. Students or other users may revise
Al-generated text, paraphrase passages, combine generated and human-written
sections, or use humanization tools. Perkins et al. (2024b) showed that simple
techniques can bypass several GenAl detectors, while Sadasivan et al. (2025)
demonstrated that recursive paraphrasing can reduce the performance of multiple
detection paradigms. The present experiments use corpus texts in their available
form and do not simulate extensive post-editing. Accordingly, the reported results
represent detection under the analysed benchmark conditions and should not be
extrapolated to heavily edited or mixed-authorship submissions.

The study has several additional limitations. First, the human essays are
educational texts written by school students rather than a representative
sample of university coursework; therefore, the article uses the broader terms
educational writing and student-written essays rather than claiming a university-
only population. Second, the corpus is English-language, and both lexical and
stylometric signals may differ in Kazakh, Russian or other languages. Third, the
lexical and stylometric experiments use different evaluation designs: the TF-IDF
model is reported on a fixed 80:20 held-out split, while stylometry is summarized
with five-fold cross-validation. Their numerical values therefore illustrate the
discriminative information available from each representation but should not be
treated as a controlled head-to-head statistical test of classifier superiority. Fourth,
the current analysis does not establish generalization to entirely new LLM families.

These limitations suggest several directions for further research. A particularly
important extension is leave-one-generator-out evaluation in which all texts from
one LLM are excluded from training and used only for testing. Prompt-controlled
evaluation could further separate generator-specific style from topic effects.
Another direction is multilingual validation using authentic student writing in
Kazakh and Russian. Finally, Al-text indicators could be integrated into broader
intelligent assessment systems as one contextual signal alongside rubric-based
quality assessment, provenance information and teacher review. Such integration
would better reflect the educational objective: supporting fair and evidence-based
assessment rather than automatically assigning misconduct labels.
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Overall, the results support a layered interpretation of Al-generated text
detection. Lexical models can provide very high discrimination on a known corpus,
while compact stylometric models reveal interpretable structural differences that
persist without direct vocabulary. At the same time, current evidence from the
wider literature makes clear that detector reliability depends on generator, domain,
editing and writer characteristics. The practical value of the proposed approach
therefore lies in analytical support and research on writing characteristics, not in
automatic disciplinary decision-making.

The robustness checks sharpen this interpretation. The decrease from 99.69%
under a random split to 96.46% under unseen prompts and 95.39% for the held-out
Llama-70B source demonstrates measurable distribution sensitivity. At the same
time, the DAIGT V2 design still does not permit complete separation of authorship
from provenance: most human texts originate from PERSUADE, whereas Al texts
were assembled from generated sources. Consequently, the revised manuscript
does not claim that the classifier has learned a source-invariant property of machine
writing. A definitive test would require paired human and Al texts collected under
the same prompts, population, genre and acquisition pipeline.

Kazakhstan-specific language transfer deserves separate validation. During
revision, a newly available Kazakh benchmark (KazAlI-Detect) was identified; it
contains balanced human and Al-generated Kazakh texts and an out-of-distribution
test set, but its principal domains are consumer reviews, news and encyclopedic
text rather than student essays (Anekesh & Ualiyeva, 2026). Because a small
cross-domain pilot on that corpus would simultaneously change language, genre,
human-text provenance and generator, its score would not isolate a language effect
and could be misleading. We therefore do not merge such a pilot with the present
educational-essay results. Instead, we now state this limitation explicitly and
define matched Kazakh/Russian educational writing - with human and Al texts
produced for the same prompts and assignments - as the required next validation
step. This is preferable to translating the English corpus or generating an ad hoc
local sample, both of which would introduce new provenance artefacts.

Conclusion. This study compared lexical and content-independent stylometric
approaches for detecting Al-generated educational writing in a multi-source corpus
0f 44,868 essays. The TF-IDF representation combined with Linear SVM achieved
99.69% accuracy, 99.60% F1-score and 99.98% ROC-AUC on a stratified held-
out test set. When direct lexical information was removed, a Logistic Regression
model based on fourteen stylometric characteristics still achieved 87.90 = 0.40%
accuracy, 84.34 + 0.48% F1-score and 95.08 + 0.17% ROC-AUC under five-fold
cross-validation. The statistical analysis also identified systematic group-level
differences in text length, average word length, lexical diversity and punctuation
patterns, with average word length showing the strongest selected effect.

The findings demonstrate that Al-generated and human-written educational
essays in the analysed corpus differ at both lexical and structural levels. Lexical
features provide the strongest discrimination, whereas stylometric features offer a
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more compact and interpretable representation that remains informative without
access to specific vocabulary. However, the reported performance is corpus-
dependent and does not establish definitive authorship attribution for individual
student submissions. Evidence from current detection research indicates that
unseen generators, paraphrasing, domain shifts and writer characteristics can
reduce reliability and create fairness risks. For this reason, automated Al-text
detection should be used as a supplementary analytical signal rather than as
standalone proof of academic misconduct. Future work should evaluate cross-
generator generalization, multilingual educational writing and the integration of
interpretable Al-content indicators with broader intelligent assessment models.
Additional robustness checks showed that near-duplicate removal did not
explain the high lexical score, whereas unseen-prompt and unseen-generator
evaluations reduced performance, confirming that the benchmark result is partly
distribution-sensitive. The main contribution is therefore not a new detection
algorithm but a controlled comparison of lexical and interpretable stylometric
representations together with an explicit audit of overlap and source sensitivity.
Conflict of interest. The authors declare no conflict of interest.
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