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Abstract

A widely cited study found that perplexity-based AI text detectors flag the majority of essays by

non-native English writers as AI-generated while sparing native writers, and the finding has

impacted the debate on AI detection in education. This study measures whether the bias is true for

a transparent stylometric classifier. We score all 5,600 essays of the ICNALE corpus, written under

controlled conditions by college students from ten Asian countries and regions at known

proficiency levels and by English native speakers, with the human-versus-AI classifier of our prior

studies, trained on 50,701 academic texts and rewrites and never on any essay. Every essay

predates modern AI writing tools, so every flag is a false positive. The logistic regression classifier

shows no bias against non-native writers. It flags 2.7 percent of learner essays and 3.3 percent of

native essays at the default threshold, statistically indistinguishable rates, and both far below the

10.3 percent it flags on full-length human academic texts and the 24.3 percent on length-matched

academic excerpts. The proficiency gradient runs opposite to the published bias, as the most

proficient learners are flagged the most, namely, 5.0 percent at B2 against 1.9 percent at A2, since

proficient writing drifts toward the formal register the classifier associates with an AI writing style.

Learner limitations, namely, simple everyday vocabulary, repetitive word choice, and uneven

sentence lengths, are the opposite of the AI signature under a stylometric analysis, while a

perplexity (surprisal) analysis reads the same limitations as machine-like predictability. The

protection is not intrinsic to the feature set, however. A gradient boosting model trained on

identical features and data flags learners at 12.5 percent against 3.8 percent for natives, a threefold

gap with the least proficient flagged most. Whether AI detection discriminates against non-native

writers is a property of the detector itself, not of the human writing style. Per-essay scores and all

analysis code are made publicly available.

1. Introduction

The strongest fairness result in the AI detection literature involves non-native English writers.

Liang et al. showed that seven widely used GPT detectors flagged 61 percent of TOEFL essays by

non-native speakers as AI-generated on average, while the same detectors were nearly perfect on

essays by native-speaking students [1]. The mechanism they proposed is perplexity. Detectors that

score a text by how predictable it is under a language model read the limited vocabulary and

conventional phrasing of second-language writing as machine-like, so the writers with the least

English are flagged the most. The result is cited as evidence that AI detection is structurally unfair



to the largest group of English writers in the world, namely, those who learned it as a second

language.

Our prior studies built a different kind of “stylometric” detector. A logistic regression over

interpretable stylometric features, namely, sentence-length statistics, vocabulary diversity,

punctuation rates, and phrase markers, categorizes fully human from fully AI-rewritten academic

texts with an AUC of 0.936 across 121,092 texts [2]. Its false positives are not random. They

concentrate on formal, technical, edited human writing, the writing that most resembles the AI

register [2], and on short texts [3]. Whether they also concentrate on non-native writers is an open

question, and the direction is not obvious. A perplexity detector punishes predictable word choice.

A stylometric detector punishes polished uniformity. Second-language writing is predictable in its

vocabulary but rarely polished in its form. Hence, our stylometric-based detector correctly avoids

flagging non-native English writing as AI, which is not the case for the perplexity-based detectors

used in earlier studies.

The ICNALE Written Essays corpus contains 5,600 essays produced under controlled conditions

on two fixed prompts by college students from ten Asian countries and regions, each placed in a

proficiency band aligned with the CEFR scale, alongside essays by English native speakers on the

same prompts [4, 5]. The corpus was collected and released years before modern AI writing tools

existed, so every essay is certainly human-written and every flag is a false positive. Since natives

and learners wrote the same prompts under the same conditions, the learner-native comparison is

free of the topic and genre confounds that complicate most fairness evaluations.

We score every essay with the classifier of our prior studies, trained only on academic texts and

their AI rewrites and never on any essay, and measure false positive rates by first language, by

proficiency band, and under professional human editing. We also score the corpus with a gradient

boosting model trained on identical features and data, and the two models answer the fairness

question differently. The sections below quantify both answers.

2. Related work

Liang et al. established the non-native bias for perplexity-based detectors, with false positive rates

above 90 percent for some tools on TOEFL essays, and showed that prompting an AI model to

enrich the vocabulary of a flagged essay removed the flag [1]. Perkins et al. tested six commercial

detectors on 805 texts and measured an average accuracy of 39.5 percent, falling to 17.4 percent

once the machine-generated text was modified by simple evasion techniques, and framed those

error rates as a question of inclusive assessment, identifying non-native English speakers as the

group most exposed to false accusation [6]. Weber-Wulff et al. evaluated fourteen detection tools

and found no tool exceeding 80 percent accuracy, with false positives unevenly distributed across

writing styles [7]. The common thread is that an aggregate accuracy number conceals the question

this study asks, namely, which human writers absorb the false positives.



Detection methods differ in what they measure, and the difference determines exactly which

writers they misread. One family scores a text by how predictable it is under a reference language

model. GLTR ranks each token by its probability, its rank, and the entropy of the predicted

distribution, and presents the result to a human reader [8]. DetectGPT tests whether a passage

occupies a region of negative curvature in a model’s log probability function, a property of model-

sampled text that human text lacks [9]. Both treat predictability as evidence of machine

authorship, which is the mechanism Liang et al. identify as the source of the non-native penalty [1].

A second family measures surface style instead, namely, sentence-length statistics, vocabulary

diversity, punctuation rates, and phrase frequencies, and checks whether a text carries the register

of AI writing rather than whether a model would have predicted it [2, 10]. The two families answer

different questions, so there is no reason for their false positives to fall on the same writers. This

study measures where they fall for the second family.

A related line of work shows how easily detector output moves under rewriting. Sadasivan et

al.  showed that a light paraphraser applied on top of a generator breaks watermarking schemes,

neural detectors, and zero-shot classifiers alike, and argued that the best possible detector degrades

toward chance as generators approach human text [11]. Dugan et al.  assembled a benchmark of

more than six million generations across eleven models, eight domains, and eleven adversarial

attacks, and found that detectors reporting accuracies above 99 percent are fooled by it [12]. Our

splicing study found the same sensitivity from the other direction, since a document’s score tracks

the proportion of it that has been AI-rewritten rather than only the presence of AI rewriting [10].

The editing result reported in Section 8 involves this line and indicates that the AI rewriting need

not be machine rewriting for the score to change.

Lu built an automatic system that computes fourteen indices of syntactic complexity for second-

language writing and validated it on college-level learner data [13]. Crossley and McNamara

predicted second-language writing proficiency from linguistic features and found that the more

proficient writers produce texts that are more lexically sophisticated rather than more cohesive

[14]. Both results describe the same direction of travel, namely, that as proficiency rises, learner

writing acquires the longer and more even sentences and the wider vocabulary that a stylometric

classifier reads as the AI register. Second-language research therefore predicts the proficiency

gradient measured in Section 5, including its direction.

The ICNALE corpus family was built by Ishikawa for contrastive interlanguage analysis, with

controlled prompts, conditions, and proficiency banding designed to make learner groups

comparable [4, 5]. The Edited Essays module adds professional native-speaker editing of a subset

of learner essays [15], which we use to test how human editing moves a detector score. To our

knowledge, no prior work has scored a large learner corpus with a detector whose features, training

data, and thresholds are fully known, which is what allows the mechanism behind the “fairness”

result to be read off directly.

3. Data and methods



3.1 The ICNALE essays

The ICNALE Written Essays module (version 2.6) contains 5,600 essays by college students in

China, Hong Kong, Indonesia, Japan, Korea, Pakistan, the Philippines, Singapore, Thailand, and

Taiwan, and by English native speakers [4, 5]. Every participant wrote two argumentative essays on

fixed prompts, one on part-time jobs for students and one on smoking in restaurants, under

controlled conditions with a length guideline of 200 to 300 words. Learners are placed into four

proficiency bands aligned with the CEFR scale, namely, A2, lower B1, upper B1, and B2 or above,

based on standardized test scores. The corpus comprises 5,200 learner essays from 2,600 students

and 400 native-speaker essays from 200 writers. The median essay contains 218 words by our

tokenization.

The Edited Essays module (version 3.1) contains 656 of the learner essays in two forms, the original

and a version corrected and made natural by professional native-speaker editors [15]. We score

both forms and compare them pairwise. As a length-robustness check, we also score each

participant’s two essays concatenated into one document with a median of 441 words, which clears

the 300-word cohort rule of our prior studies [3, 10].

3.2 Classifier and protocol

The classifier and training protocol are those of our mixed-authorship (part AI part human text)

study [10]. Each text is described by 45 stylometric features, and a logistic regression on

standardized features is trained on the pure texts of the series corpora, namely, 25,140

deduplicated human academic texts and 25,561 full AI rewrites of them by eight AI model

configurations, under five-fold cross-validation grouped by human source. A histogram gradient

boosting model is trained under the identical protocol as the non-linear reference. As validation,

the pooled out-of-fold AUC on the pure texts reproduces the prior numbers exactly, 0.950 for the

logistic regression and 0.968 for the gradient boosting model [3, 10].

Every ICNALE essay is out of sample for every fold, and each essay is scored by the mean

probability of the five fold models. Three thresholds are evaluated, following the prior studies,

namely, the default threshold of 0.5, the threshold that identifies 95 percent of AI rewrites (0.20

for the logistic regression), and the strict threshold that flags 1 percent of academic humans (0.91).

For the gradient boosting model the corresponding thresholds are derived from its own scores.

Confidence intervals for flag rates are 95 percent bootstrap intervals clustered by student, so the

two essays of one writer are never treated as independent.

3.3 Baselines

The first baseline is the 25,140 human academic texts themselves, scored out of fold, of which 10.3

percent are flagged at the default threshold [2]. Second, the same academic texts truncated at a

sentence boundary to about 230 words, the ICNALE essay length, and scored by the fold model

that never saw their source. Truncation raises the academic false positive rate to 24.3 percent,



which is consistent with the short-text penalty of our length study [3]. This second baseline is the

“fair” comparison for the essays, since it has both the human origin and the length constant and

varies only the kind of writing.

4. Essays are flagged far less than academic prose

The logistic regression flags 2.7 percent of learner essays (95 percent CI 2.2 to 3.1) and 3.3 percent

of native essays (CI 1.5 to 5.0) at the default threshold. The two rates are statistically

indistinguishable, and the learner point estimate is the lower one. There is no trace of the

published bias. For comparison, the same classifier flags 10.3 percent of full-length human

academic texts and 24.3 percent of academic texts cut to the same length as the essays. At matched

length, an essay is seven to nine times safer than academic text.

Figure 1. Classifier score distributions. Human academic texts at full length and

truncated to essay length, native-speaker essays, and learner essays. Essays of both

groups concentrate near zero.

The strict threshold designed to flag 1 percent of academic humans flags 0.2 percent of learner

essays and no native essay at all. The permissive threshold that catches 95 percent of AI rewrites,

which misflags 28.6 percent of academic humans, still flags only 8.7 percent of learner and 7.0

percent of native essays.

The ten learner groups span a narrow range, from 0.3 percent (Pakistan) and 0.6 percent

(Thailand) to 3.8 percent (China, Japan) and 4.5 percent (Korea). The native speakers, at 3.3

percent, rank seventh of the eleven groups, in the middle of the learner range. The factors that

separate the groups do not separate natives from learners.



The two prompts differ more than the eleven groups. The smoking essays, argued in a public-policy

register, are flagged at 4.7 percent across all groups, while the part-time-job essays, argued from

personal experience, are flagged at 0.7 percent. Register moves the false positive rate by a factor of

more than six within the same writers, another instance of the pattern of our prior study, namely,

that the classifier’s false positives track formality rather than any property of the writer [2].

Figure 2. Share of essays flagged at the default threshold by first-language group, with

95 percent student-clustered bootstrap intervals. Native speakers sit inside the learner

range.

5. The proficiency gradient runs backwards

If the perplexity mechanism applied here, the least proficient writers would be flagged the most.

The opposite occurs. Flag rates increase monotonically with proficiency, from 1.9 percent at A2 (CI

1.0 to 2.8) through 2.4 and 2.8 percent in the two B1 bands to 5.0 percent at B2 and above (CI 3.0

to 7.1). The most proficient learners are flagged two and a half times as often as the least proficient,

and more often than the natives.

As learners gain proficiency, their sentences lengthen and even out, their vocabulary diversifies,

and their writing style changes toward the polished formal register that the classifier, trained on

academic writing and its AI rewrites, associates with an AI-ish writing style. Detection risk grows

with mastery of formal English. The gradient survives the length-robustness check. On the

concatenated 441-word documents all rates drop sharply, to 0.2 percent for learners pooled and

zero for natives, and the B2 band remains the highest learner band.

6. Why learner essays look human to a stylometric perspective



Figure 3. Share of essays flagged by proficiency band, at the default threshold (left) and

at the strict threshold designed to flag 1 percent of academic humans (right). The

dashed line on the left marks the length-matched academic human baseline.

The logistic regression is linear, so the score gap between any two groups decomposes exactly into

per-feature contributions. Decomposing the small learner-native gap shows two opposing forces.

The single largest term pushes learners toward an AI verdict, namely, their shorter sentences (0.92

log-odds). Everything else of consequence pushes them toward human. Their lower vocabulary

diversity contributes 0.41 log-odds toward human, the two sentence-length dispersion features a

further 0.71, led by the learners’ higher relative sentence-length variation, and their scarcity of -ly

adverbs 0.22. The forces nearly cancel, leaving learners 0.21 log-odds more human-looking than

natives on net.

Figure 4. Per-feature contributions to the learner minus native score gap, in log-odds.

Positive bars push learner essays toward an AI verdict, negative bars toward human.



The comparison with academic text is more skewed. Both essay groups are farther on the human

side of academic writing, impacted by everyday vocabulary, as the scarcity of long words alone

contributes 2.1 log-odds toward human and the shorter words 1.4 more, with further contributions

from the near-absence of passive voice and the lighter punctuation. The offsetting terms, namely,

the essays’ more uniform sentence lengths and the high type-token ratio that short texts contain,

are smaller in total, which the mean scores confirm.

Under a perplexity perspective, repetitive vocabulary and conventional phrasing read as machine-

like predictability, so learner limitations are penalized [1]. Under a stylometric perspective trained

on real AI output, the AI signature is diverse vocabulary, uniform sentence rhythm, and polished

formality [2, 16], so the same limitations read as human. The features that a non-native writer uses

are the features AI models do not produce.

7. The same data, another classifier, the opposite answer

The gradient boosting model, trained on the identical 45 features, the identical texts, and the

identical folds, flags 12.5 percent of learner essays (CI 11.6 to 13.5) against 3.8 percent of native

essays (CI 1.8 to 6.3), a threefold gap with no overlap in the intervals. Its gradient also points the

other way, with the A2 band flagged the most (15.1 percent) and upper B1 the least (10.6 percent).

On the same essays where the linear model is fair, the boosted model reproduces the bias of Liang

et al.  in both direction and structure, though at a lower level than the commercial detectors they

tested.

A linear model scores each feature by a global weight, and the learner essays’ human-like features

outweigh their AI-like ones. A boosted ensemble carves the feature space into regions, and learner

essays, which combine short sentences with low diversity in a configuration rare among the

academic humans it trained on, are in regions where the training data offers little evidence of

humanness. The out-of-distribution writer is penalized not for resembling AI but for resembling

nothing in the training data. Its higher in-domain accuracy (AUC 0.968 against 0.950) is of no

benefit here. The model that is better on the training distribution is three times more

discriminatory off it.

8. Professional human editing increases the linear score

The Edited Essays module pairs 656 learner essays with versions corrected by professional native-

speaker editors [15]. Editing moves the logistic regression score up in 61 percent of pairs, with a

mean increase of 0.014, and the flag rate at the default threshold nearly doubles, from 2.1 to 4.0

percent. The strict-threshold rate stays near zero in both forms. Grammatical correction and

naturalization are movement toward exactly the polished register the linear classifier reads as AI-

like.



Figure 5. Original learner essays against their professionally edited versions. Left,

score distributions. Right, share flagged at the default and strict thresholds.

The gradient boosting model moves in the other direction. Editing lowers its mean score and its

flag rate decreases from 12.8 to 9.3 percent, since editing removes the learner-typical irregularities

the boosted model penalizes. The same red pen makes an essay more suspicious to one detector

and less suspicious to another, a compact illustration that the two models read different things as

evidence of AI.

9. Discussion

The question posed by Liang et al. was whether AI detectors are biased against non-native English

writers. This study’s answer is that the question is underspecified, since the bias is not a property of

AI detection as a task. It is a property of the detector. On 5,600 essays where a perplexity

mechanism predicts heavy bias against learners, a linear stylometric classifier flags learners no

more often than natives, flags the least proficient learners the least, and flags both groups far below

its own rate on native-authored academic prose. A boosted model on the same features and data

recreates a threefold learner-native gap with the least proficient flagged most.

For deployment, three practical points are worth noting. First, evaluating a detector’s fairness

requires testing that detector, since neither the feature set nor the training data determines the

answer. Second, the fairest configuration here is also the simplest one, and detector builders

weighing a few points of in-domain AUC against a threefold difference in group false positive rates

should know that trade exists. Third, the writing that this stylometric family of classifiers does

over-flag is a formal, polished, native-like writing style, so its fairness problem is a reflection of the

published one, involving the strong formal writer rather than the second-language learner, at every

proficiency level and in both the native and learner groups.

The proficiency gradient carries a further implication. As second-language writers improve, or as

their text is professionally edited, their linear-model detection risk rises toward the formal-writing



baseline. Any process that polishes prose, human or algorithmic, moves text toward the register

that stylometric detection reads as AI-ish. The finding of our mixed-authorship (AI + human mixed

text) study, that detectors read a document’s position on a human-to-AI continuum [10], extends

here to a continuum of formality that entirely human writing also traverses.

10. Limitations and conclusion

Four main limitations must be taken into account. First, the essays are short, with a median of 218

words, below the 300-word floor of our prior cohorts, and short inputs both raise false positive

rates and widen score dispersion [3]. The length-matched academic baseline addresses the

comparison, and the concatenation check shows every conclusion surviving at 441 words, but

absolute rates at essay length should be read with the length caveat attached. Second, the corpus

covers college students in ten Asian countries and regions writing two argumentative prompts, and

other first languages, ages, genres, and registers may place writers differently relative to the

training distribution. Third, our classifiers are two members of one transparent stylometric family

trained on academic rewriting corpora, and commercial detectors blend other signals, so our rates

do not transfer to any specific commercial tool. The structural finding, that the fairness answer

flips between two models sharing all inputs, is the transferable part. Fourth, all essays predate

modern AI tools, which makes every flag a false positive but leaves detection of actual AI use by

learners unmeasured.

A transparent stylometric classifier shows no bias against non-native English writers, flags

proficient formal writing the most, and treats learner essays as what they are, namely, strongly

human. The published bias against non-native writers is explicit for the AI detectors it was

measured on, but it is a consequence of specific detector designs, not a general law of AI detection.

Data availability

The per-essay classifier scores for all 5,600 ICNALE essays, the 656 edited pairs, and the length-

matched academic controls (corpus identifiers and scores only, no essay text), the per-group

metrics, and all extraction, analysis, and figure code are openly available at

https://doi.org/10.5281/zenodo.22061223. The ICNALE corpus itself is distributed by its authors

and was used under its terms, which prohibit redistribution of the texts, so it is not included [4, 5].

The training corpora and their feature tables are those of the prior studies [2, 10].
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