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Abstract

Large language models (LLMs) are now routine writing tools across various domains, intensifying
questions about when text should be treated as human-authored, artificial intelligence (Al)-
generated, or collaboratively produced. This rapid review aimed to identify cue families reported in
empirical studies as distinguishing Al from human-authored text and to assess how stable these cues
are across genres/tasks, text lengths, and revision conditions. Following PRISMA guidelines, we
searched four online databases for peer-reviewed English-language empirical articles (1 January
2022-1 January 2026). After deduplication and screening, 40 studies were included. Evidence
converged on five cue families: surface, discourse/pragmatic, epistemic/content,
predictability/probabilistic, and provenance cues. Surface cues dominated the literature and were the
most consistently operationalized. Discourse/pragmatic cues followed, particularly in discipline-
bound academic genres where stance and metadiscourse differentiated Al from human writing.
Predictability/probabilistic cues were central in detector-focused studies, while epistemic/content
cues emerged primarily in tasks where grounding and authenticity were salient. Provenance cues
were concentrated in watermarking research. Across studies, cue stability was consistently
conditional rather than universal. Specifically, surface and discourse cues often remained
discriminative within constrained genres, but shifted with register and discipline; probabilistic cues
were powerful yet fragile under paraphrasing, post-editing, and evasion; and provenance signals
required robustness to editing, mixing, and span localization. Overall, the literature indicates that
Al-human distinction emerges from layered and context-dependent cue profiles rather than from
any single reliable marker. High-stakes decisions, therefore, require condition-aware interpretation,
triangulation across multiple cue families, and human oversight rather than automated classification
in isolation.

Keywords: artificial intelligence; cues; detection; stability; writing

1. Introduction

Large language models (LLMs) have become routine writing tools in education, research,
journalism, and commercial content production [1-4], intensifying practical concerns about when text
should be treated as human-authored, artificial intelligence (Al)-generated, or collaboratively
produced. This matters because authorship is now tied to assessment, accountability, and trust, yet
the empirical evidence suggests that neither humans nor automated systems can rely on a single,
invariant Al signature across contexts. A study by Tengler & Brandhofer [5] found that pre-service
teachers rated Al-generated essays higher on key quality dimensions, while the same texts still
showed systematic, rubric-identifiable linguistic differences (e.g., in sentence-structure complexity,
vocabulary, and text linking, and overall language construction), demonstrating how fluent Al
writing can coexist with measurable cue differences.

At the same time, the detection problem is not only about accuracy but also about validity and
fairness. An evaluation of common GPT detectors reported substantial bias against nonnative English
writing, with detectors disproportionately misclassifying these texts as Al-generated, raising
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concerns about unequal harms if detector outputs are used in educational or publishing decisions [6].
This evidence aligns with broader field syntheses that frame LLM-generated text detection as highly
contingent on domain, language variety, and evaluation design, and caution against treating detector
scores as definitive proof of misconduct [7]. Consistent with these concerns, OpenAl discontinued its
own Al text classifier in 2023, explicitly citing low accuracy and shifting emphasis toward
provenance-oriented approaches [8].

Within this fast-moving landscape, empirical studies describe a range of cue families that can
differentiate Al from human-authored text, but the field lacks a consolidated, condition-aware map
of what those cues are and how robust they remain. Findings from stylometry illustrate the promise
and limits of surface-level distributions. For instance, Ippolito et al. [9] found that humans often
performed near chance at identifying machine-generated passages, while an automated
discriminator (fine-tuned BERT) achieved markedly higher accuracy, reinforcing that
computationally extracted cues can outperform intuitive human-heuristic strategies. However,
results like these also highlight the need to treat cues as probabilistic indicators rather than
deterministic markers, since cue strength may vary with genre conventions, sampling length, and
writer/model characteristics [7].

A second major challenge is maintaining cue stability under transformation, since suspicious
text is often post-edited, paraphrased, translated, or blended with human writing rather than being
a pristine end-to-end LLM output. Robustness studies show that paraphrasing can meaningfully
degrade detector performance and undermine detection signals that look strong in static benchmark
evaluations. Krishna et al. [10] demonstrated that paraphrasing attacks can evade several detector
families and proposed retrieval-based defenses, directly motivating the need to assess cues under
paraphrase and revision conditions rather than only on original generations. Complementary
community evaluations further reinforce that distribution shift is central rather than peripheral; for
example, contemporary evaluation frameworks in Al-text detection increasingly treat the problem as
inherently multidomain, multigenerator, and multilingual, reflecting a field-wide consensus that
stability claims are only meaningful when tested across heterogeneous tasks, domains, and linguistic
contexts. [11].

Alongside inference-from-text approaches, provenance methods aim to encode origin signals at
generation time. Production-oriented watermarking has advanced rapidly, with a recent paper
describing a scalable text watermarking scheme designed to preserve text quality while enabling
efficient detection [12]. Yet provenance is not a complete solution because even when watermarks
perform well in controlled settings, real-world pipelines (editing, partial copying, translation, and
hybrid authorship) can reduce signal density and complicate detection —again returning attention to
stability under realistic transformations and mixed-authorship scenarios [7].

Given these pressures, a timely synthesis is needed that does two things: (1) identifies which cue
families the empirical literature actually reports as distinguishing Al vs human text, and (2) evaluates
how stable those cues appear across tasks, genres/registers, lengths, and revision conditions.
Accordingly, this rapid review addresses the following research questions:

e RQ1: What cue families are described in the empirical literature as distinguishing Al vs human
text?
. RQ2: How stable are these cues across tasks, genres, lengths, and revision conditions?

By organizing findings around cue families and explicitly foregrounding stability conditions,
the review aims to support decision-relevant interpretation of both human-facing markers and
computational detection signals, while clarifying where current evidence is strong, where it is
conditional, and where it remains insufficient for high-stakes use [13].
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2. Methods

2.1. Protocol and Registration

We reported this rapid review following the Preferred Reporting Items for Systematic Reviews
and Meta-Analysis (PRISMA) 2020, where applicable, and the interim guidance for reporting rapid
reviews. At the time of writing, PRISMA-RR (a PRISMA extension for rapid reviews) is under
development, so we used interim rapid review reporting recommendations to support transparent
reporting [14]. We adopted a rapid review approach because our aim was to provide a timely,
decision-relevant synthesis of empirical evidence on cues used to distinguish Al-generated vs
human-written text, and to map how stable these cues appear across contexts (tasks, genres, length,
and revision/paraphrasing). Rapid reviews are a form of knowledge synthesis that accelerates the
conduct of a traditional systematic review by using abbreviated or streamlined methods, while
retaining a structured and transparent approach to identifying and synthesizing evidence [15,16].
This approach is particularly suitable for the present topic because the empirical literature on LLM-
generated text is fast-moving, methodologically diverse, and directly tied to operational needs in
education, publishing, and research integrity; therefore, an expedited synthesis is needed to support
near-term decisions and to identify the most urgent evidence gaps.

2.2. Eligibility Criteria

We included original empirical manuscripts published in peer-reviewed journals between 1
January 2022 and 1 January 2026. Eligible studies examined differences between Al-generated and
human-written text and reported extractable evidence about cues that distinguish Al from human
writing, including surface, discourse/pragmatic, epistemic/content, predictability/probabilistic, or
provenance cues. Studies were included if they used computational analyses (e.g., feature-based
classifiers, detector evaluations, stylometric/corpus analyses) and/or human judgment designs (e.g.,
reader identification of Al vs human text) as long as they involved a direct Al-human text
comparison. We excluded publications that were non-empirical, did not focus on text, or did not
provide data relevant to distinguishing Al vs human writing. Only manuscripts written in English
were considered.

2.3. Information Sources

Relevant papers were identified from the following databases: Scopus, ERIC, IEEE, and
Academic Search Ultimate.

2.4. Search

The initial search was done by the author on November 5, 2025, while the final search was done
on January 3, 2026. An experienced librarian guided the author regarding the search strategy. We
used key terms that were relevant to the scope of this review to find the appropriate studies. These
key terms covered the following concepts: Al, human, detection, and indicators. The terms associated
with all concept areas were searched against each other. We used the Boolean operators AND and
OR for the combination of different terms. We exported all references to RefWorks (ProQuest) to
remove duplicates and to perform the final screening. The search protocol can be found in
Supplementary File 1.

3. Results

3.1. Selection of Sources of Evidence

After applying all the above criteria, 565 papers were pulled from the database search. Eighty-
six studies were removed as they were duplicates. The number of studies that were screened was
479. Of these, 391 studies were excluded after a comprehensive review of their titles and abstracts
because (a) they did not report empirical evidence relevant to distinguishing Al-generated vs human-
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written text, (b) the papers were not in the English language, and (c) the papers were not published
in peer-reviewed journals. The full texts of 88 studies were assessed for eligibility, and only 40 studies
were included for qualitative analysis. Forty-eight studies were excluded for several reasons; e.g.,
because their full-texts could not be obtained, there was no clear Al-generated text focus, they were
generic papers on detectors, etc. The following studies were included [17-56]. The full list of the
studies can be found in Supplementary File 2. Figure 1 shows the PRISMA flow diagram of article

selection.
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Figure 1. PRISMA flow diagram of article selection.

3.2. RQ1: Cue Families Distinguishing Al- vs Human-Authored Text
3.2.1. Overview of cue Families in the Qualified Literature

Across the qualified papers, empirical work consistently describes five cue families used to
distinguish Al-generated from human-authored text: surface cues (lexical, morphosyntactic,
stylometric, readability), discourse/pragmatic cues (metadiscourse, stance, rhetorical organization,
register  alignment), epistemic/content cues (grounding, evidentiality, plausibility,
hallucination/deception markers), predictability/probabilistic cues (likelihood/perplexity/entropy-
style signals and detector scores), and provenance cues (watermarking and related statistical tests).
Studies vary in whether they treat these cues as (i) directly interpretable linguistic properties, (ii)
features inside supervised/unsupervised classifiers, or (iii) signals exploited by deployed detectors.
Within the qualified set, surface and discourse/pragmatic cues dominate linguistically oriented
comparisons, while predictability/probabilistic cues are most visible in detector benchmarking and
adversarial stress-testing; provenance cues are concentrated in watermarking research. Evidence also
shows that cue descriptions often overlap; e.g., stylometry is operationalized as surface cues but is
sometimes interpreted through discourse-level regularities or genre/register alignment. This is
clearest in genre-anchored academic discourse studies and stylometric delta approaches that
explicitly frame style distance as more than token-level counts [17-22].
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3.2.2. Surface Cues

Surface cues appear throughout the qualified literature as measurable differences in lexical
distribution, morphosyntax, and stylistic form. Multiple studies compare Al-generated and human-
written texts in educational and academic contexts using lexical/syntactic profiles, commonly
operationalizing differences through lexical diversity/complexity, part-of-speech (POS) or syntactic-
pattern distributions, and readability/structure indices [23-27]. In EFL and applied linguistics
contexts, surface measurements are frequently paired with genre framing, positioning surface cues
as signals of how successfully outputs pass as disciplinary or learner writing [17,23,24].

A substantial subset of the qualified work is explicitly stylometric: Al/human separation is
modeled via function-word usage, punctuation patterns, n-grams (character/word/POS), and
distance-based authorship methods. Burrows-style delta operationalizes authorship as a distance
over frequent word distributions and related stylistic fingerprints, treating Al-vs-human distinction
as fundamentally authorial style at scale [28]. Related stylometric evidence in Japanese shows strong
separability using stylistic fingerprints, while emphasizing that humans may struggle to identify Al
authorship compared to stylometric systems [29,30]. Complementary stylometry-oriented detection
work emphasizes the utility of short-sample style signals, suggesting that discriminative cues can
persist even when texts are short (and therefore harder for content-based methods) [31]. An
unsupervised and interpretable stylometric delta (trigram-cosine delta) further reinforces the
surface-family emphasis by modeling Al/human differences as systematic distance in stylometric
space rather than as topic- or task-specific content patterns [19]. Additional feature-centric
approaches explicitly extract linguistic features automatically and use them for classification,
reflecting a broad empirical assumption that Al outputs exhibit detectable regularities in surface form
that remain informative even when the downstream classifier is not itself interpretable [25,32].

Finally, several qualified papers embed surface cues in more applied detection evaluations. A
deep learning classifier study treats Al-vs-human distinction as a learnable mapping from text to
label, typically absorbing surface cues (and potentially some discourse/content cues) as part of the
learned representation rather than explicitly enumerating them [32]. Explainability-oriented
attribution work (when applied to Al/human or multi-LLM differentiation) similarly relies on feature
importance or explanatory mechanisms to surface which parts of a learned representation align with
stylometric or structural differences [33,34].

3.2.3. Discourse/Pragmatic Cues

Discourse/pragmatic cues are particularly salient in the academic-writing and applied-
linguistics subset of the qualified studies. A genre-based comparison of Al-generated versus human-
authored applied linguistics abstracts frames differences partly in how rhetorical moves and
metadiscourse resources are deployed to organize claims, guide readers, and position the author,
treating these as systematic discriminators beyond surface form [17]. Related work on academic
discourse in the social sciences similarly conceptualizes Al-vs-human distinction through how
academic discourse conventions are realized, supporting the view that pragmatic packaging and
rhetorical organization are central cue sources in scholarly genres [35]. Disciplinary-variation
research reinforces this by showing that discourse-level resources can vary by field and that Al
outputs may partially approximate disciplinary patterns while still differing in finer-grained
metadiscourse distribution, an observation that effectively treats disciplinary fit as a pragmatic cue
layer [36].

Stance is repeatedly treated as a pragmatic discriminator, especially in academic abstracts and
evaluative genres. A stance-focused abstract study emphasizes differences in stance orientation and
rhetorical positioning, placing stance among the core cue families distinguishing Al-generated and
human-authored academic texts [22]. Extending beyond abstracts, a metadiscourse-based
comparison of academic book reviews explicitly frames the question of whether Al can emulate
human stance; in doing so, it identifies metadiscourse/stance as key discriminators even when surface
cues are held constant or when texts are produced to imitate genre norms [37]. At a more integrative
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level, a comparative linguistic analysis framework explicitly organizes the Al-vs-human distinction
as multi-level, namely surface form plus discourse organization plus pragmatic function, providing
a scaffold that aligns closely with your cue-family taxonomy and supports treating pragmatic
organization as a parallel cue family rather than a derivative of surface style [18]. Results from EFL
academic-writing comparisons also tend to conjoin surface indicators with discourse organization,
indicating that in learner-adjacent settings, authenticity judgments are rarely reducible to surface
cues alone [17,23,24].

3.2.4. Epistemic/Content Cues

A third cue family in the qualified set concerns epistemic and content properties; how claims are
grounded, how information quality is conveyed, and how plausibility or evidentiality is signaled.
Studies of Al-authored narratives and reviews foreground the role of hallucination-like or
experience-without-experience content. Marketing narrative comparisons explicitly include
evaluations of content authenticity and plausibility, highlighting epistemic reliability as a
differentiator in experiential genres [38]. A hotel-review study contrasts inherently false Al
communication with intentionally false human communication and treats the epistemic status of
claims (and their linguistic correlates) as part of what distinguishes sources, positioning deception-
related content markers as relevant epistemic cues [39]. Work on fake reviews at scale similarly
situates the distinction among Al-generated, human-generated fake, and authentic reviews as partly
a content/intent problem (not only a stylistic one), supporting a view where epistemic and
communicative intent can leave measurable traces [40].

Epistemic/content cues are also visible in scholarly writing and scientific-communication
contexts. A benchmark dataset of machine-generated scientific papers is motivated by the need to
distinguish machine-generated from human-written scientific writing, implicitly centering concerns
about content reliability, scientific plausibility, and signal quality (even when the operationalization
may rely on surface/probabilistic features) [41]. Related educational work on fact-check pedagogy
uses the limitations of generative Al as an instructional object, aligning with the broader epistemic
framing, namely, the fact that Al systems can produce fluent outputs that require verification, and
that verification gap itself becomes part of how Al-authoredness is conceptualized [42]. In adjacent
evaluation studies comparing LLMs with human researchers on complex medical queries—and
comparing summarization performance between LLMs and medical students—the primary outcome
is not detection, but the findings nevertheless reinforce that epistemic/content properties are central
to how human vs Al writing is assessed in high-stakes informational settings [43,44].

3.2.5. Predictability/Probabilistic Cues

Predictability/probabilistic cues appear most clearly in the qualified papers that evaluate
detectors or study evasion. Stress-testing work explicitly targets Al text detectors under multiple
attacks, placing predictability-based signals (and detector score stability) at the center of empirical
detectability claims; this line of evidence treats Al-vs-human discrimination as contingent on
statistical regularities that can be intentionally perturbed [45]. Evasion research complements this by
showing that LLMs can be guided to produce outputs that defeat detector heuristics, reinforcing the
idea that probabilistic cues are not only widely used but also sensitive to adaptive generation
strategies [46]. In applied settings, detector benchmarking across tools and generators (e.g.,
Turnitin/GPTZero-style tools across multiple LLMs) positions detectability as a function of detector
assumptions and generator variety, again implying that probabilistic cue families can shift across
models and conditions even when surface and discourse properties appear human-like [47]. A
fairness-focused evaluation adds that detector accuracy can trade off with bias, underscoring that
probabilistic cues exploited by detectors may interact with writer characteristics or distributional
differences in non-trivial ways [48].

Several qualified studies contribute to this family indirectly by using machine-learning
classifiers (including deep learning) and explainable Al pipelines for attribution. These methods often
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blend surface, discourse, and probabilistic signals; explainability work is relevant here because it
aims to reveal which features (or which textual regions) contribute most to probabilistic decisions,
thereby providing empirical bridges between probability-based detectability and human-
interpretable cue families [32-34].

3.2.6. Provenance Cues

Provenance cues, and especially watermarking, constitute a distinct line of work because they
aim to provide an explicit origin signal rather than inferring authorship from linguistic correlates.
The statistical framework for watermark detection formalizes distinguishability in terms of detection
efficiency and decision rules, treating provenance as a statistically testable property [49].
Complementing this, adaptive testing for segmenting watermarked text addresses the practical
scenario of mixed or partially edited text by seeking to localize watermarked spans, thereby
positioning segmentation/localization as part of the provenance cue family [50]. Importantly,
provenance cues are also implicated in detector stress-testing because adversarial perturbations and
revision conditions can threaten watermark detectability; thus, the watermarking line sits at the
intersection of provenance and robustness concerns, even when the cue is not linguistic style per se
[45,49,50].

Finally, several qualified papers do not primarily aim to enumerate detection cues but still shape
how cue families are interpreted in applied settings. Work on preserving authorial voice situates Al-
assisted revision within authenticity concerns and implicitly motivates why discourse-level cues
(voice, stance, rhetorical habits) matter for distinguishing Al contribution from human authorship,
particularly in academic contexts [51]. Infrastructure-focused work on Al-assisted academic
authoring further reinforces that authorship may be hybrid (human + AI touch-up), which
complicates cue interpretation and pushes the field toward cues that can handle partial or edited Al
contributions [52,53]. Studies of human evaluation, such as preliminary explorations of human
techniques to separate student-authored from ChatGPT-generated text, underscore that cue families
described in empirical work are not always those used successfully by humans, motivating
triangulation between human judgments and computational cue families [29,54]. More interpretive
work on machine creativity and literary creation is not detection-centric, but it contextualizes why
discourse and epistemic cues (voice, originality, intentionality) become salient when authenticity is
evaluated beyond mere classification accuracy [38,55].

Taken together, the qualified evidence supports a multi-family account of Al-vs-human
distinction: surface cues provide strong discriminative signals in stylometry and feature-based
classification; discourse/pragmatic cues differentiate rhetorical packaging and stance in genre-bound
texts; epistemic/content cues capture grounding, plausibility, and simulated experience;
predictability/probabilistic cues underpin many deployed detectors but are sensitive to attack and
distribution shift; and provenance cues provide an explicit origin signal via watermarking but require
robustness to editing and mixing. The main findings are concentrated in Table 1.

Table 1. Concentration of the main findings of the first research question.

What the qualified studies most ~Representative

Cue family What it includes .
consistently report references

Lexical diversity/complexity,
POS/parse patterns, readability
indices, function words,
Surface cues punctuation,
character/word/POS n-grams,
distance-based stylometry (e.g.,

Most pervasive family; Al-human
separation frequently achievable
via distributional style mgnals; [19-21,03-32]
often framed as stylometric

distance or learnable feature

regularities
Delta), short-sample stylometry &
Discourse/pragm Rhetorical moves, Strong discriminators within [17,18,22,35-
atic cues metadiscourse resources, academic/discipline-bound genres;37]
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stance/engagement markers, Al can approximate genre
reader guidance, disciplinary templates but still differs in
“fit,” register/genre conformity stance/metadiscourse distributions
and rhetorical packaging
Evidentiality/grounding, Salient where
plausibility, content truthfulness/experience claims
Epistemic/conten authenticity, hallucination-like matter (reviews, narratives, [38-44]
t cues ungroundedness, science/health contexts); treated as
deception/intent contrasts (esp. cues but not uniquely diagnostic
reviews) (humans can also err/deceive)
Detector outputs; probability- Central in detector benchmarking;
. . rank regularities; robustness owerful but fragile under
Predictability/pr & . . p & .
. under perturbations; evasion paraphrase/attacks/evasion; [32-34,45-48]
obabilistic cues e . . R, .
sensitivity; ML probability interacts with distribution shift
decisions and fairness/bias concerns
Watermark detectability, Distinct paradigm: explicit origin
. . . . [49,50] (plus
statistical decision rules, signal rather than inference from
. .. . robustness
Provenance cues detection efficiency; style; key issue becomes robust | .
. . . . . - .. intersections in
segmenting/localizing signal in detection under editing/mixing [45))
mixed text and span localization

3.3. RQ2: Cue Stability Across Tasks, Genres, Lengths, and Revision Conditions
3.3.1. Overview of the Qualified Studies Regarding Cue Stability

Across the included studies, stability is not reported as a single, invariant property of Al text,
but as a conditional outcome that depends on (i) task and genre/register constraints, (ii) revision
operations (especially paraphrasing and mixed authorship/Al touch-up), and (iii) the detector threat
model (attacks and deliberate evasion). Genre-based linguistic comparisons indicate that cues can
remain discriminative within constrained academic forms yet shift in distribution as writers (or
models) align with disciplinary conventions and rhetorical templates [17,18,35]. Detector-focused
work shows that predictability-based signals exploited by common detectors can deteriorate under
targeted perturbations and adversarial generation strategies [45,46]. Direct paraphrasing evidence
demonstrates that post-processing can meaningfully disrupt detectable signals, emphasizing that
stability must be evaluated under realistic revision workflows [56]. Provenance research further
reframes stability as robustness of an explicit origin signal under editing and mixing, with adaptive
segmentation proposed for realistic partial provenance settings [50].

3.3.2. Stability Across Tasks, Genres, and Registers

The strongest genre/task support comes from studies that explicitly situate Al-human
differences within genre conventions. A genre-based comparison of applied linguistics abstracts
shows that Al-generated and human-authored abstracts share the same macro-structural constraints
of the abstract genre, while still differing systematically in linguistic and rhetorical realizations,
implying that cue stability is partly genre-bounded and best interpreted relative to genre norms
rather than as a genre-invariant signature [17]. A corpus-driven comparison of academic discourse
in the social sciences similarly frames Al-human differences within disciplinary discourse practices,
suggesting that stability depends on whether cues are tied to general style versus discipline-specific
rhetorical packaging [35]. A comparative linguistic framework reinforces this multi-level view by
treating stability as potentially different for surface, discourse/pragmatic, and epistemic cue families,
which provides an explanatory account for why certain cues appear stable in one genre but weaken
or change in another [18]. Evidence from educational writing converges on the same conclusion.
Comparisons in EFL academic writing highlight variation arising from controlled task ecologies
(prompted writing, classroom norms, learner profiles), suggesting that stability is best interpreted at
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the level of cue families (surface, discourse, epistemic) rather than as fixed Al signatures across
writing contexts. [23]. In narrative-style tasks, stylometric comparisons of short story adaptations also
imply that what remains stable depends on the stylistic latitude and conventions of the genre itself,
making cross-genre generalization non-trivial [24]. Collectively, these studies support the inference
that register- and genre-aware modeling is central to stability, and that stability claims should be
anchored to explicitly comparable writing situations [17,18,23,24,35].

3.3.3. Stability Under Length Constraints and Short Samples

Length interacts with stability because many cues become noisier as text shortens. Empirical
stylometry work indicates that discrimination can remain effective in short samples, suggesting that
at least some surface-style signals persist under length reduction [31]. An unsupervised, interpretable
stylometric delta approach similarly models detection as distance in stylometric space, which is
intended to remain usable without long documents or extensive training regimes [19]. In contrast,
provenance-based approaches show the opposite pressure point because when the relevant signal-
bearing span is small or interleaved with non-signal text, identification becomes a
segmentation/localization problem. Adaptive testing for segmenting watermarked text explicitly
addresses this scenario, indicating that provenance stability is threatened by partial inclusion and
mixing, and must be recovered through statistical localization procedures [50]. Thus, the evidence
suggests relatively stronger short-text resilience for stylometric surface cues than for provenance
cues, which require explicit procedures when signal density is reduced [19,31,50].

3.3.4. Stability Under Revision, Paraphrasing, and Mixed Authorship

Revision conditions emerge as a major destabilizer of cues. The paraphrasing-focused study
provides direct proof that human-written paraphrases of LLM-generated text affect detectability,
demonstrating that revision can attenuate or redistribute the signals detectors rely on [56]. This aligns
with detector robustness work showing that transformations and perturbations—many of which
mimic plausible editing processes—can change detection outcomes [45]. Mixed authorship is
addressed explicitly in work that distinguishes fully Al-generated text from Al touch-up, implying
that stability cannot be evaluated only at the endpoints (pure Al vs pure human); instead, cues may
weaken gradually as humans edit Al drafts, complicating attribution in realistic workflows [53].
Complementing this, infrastructure-focused work on Al-assisted academic authoring normalizes
hybrid production pipelines and thereby strengthens the inference that revision and co-authoring are
not edge cases but likely dominant contexts in which stability should be tested [52].

Overall, the included studies support the convergent conclusion that cue stability is best
described as family-level stability with pattern-level variability, and the most reliable stability claims
are those bound to explicit conditions. Surface stylometric cues can remain informative under short-
text constraints and across some task settings, but their realized patterns vary by genre and register
Discourse/pragmatic cues show partial stability within academic genres yet are strongly conditioned
by disciplinary conventions and rhetorical templates, limiting cross-genre transfer Epistemic/content
cues depend on task demands for grounding and plausibility and are especially sensitive to revision
workflows and hybrid authorship. Predictability/probabilistic cues underpin many deployed
detectors but are among the least stable under paraphrasing, attacks, and evasion; they also exhibit
distributional fragility and fairness-related trade-offs. Provenance cues shift the stability problem
toward robust statistical detection under mixing and partial-span conditions, motivating
segmentation/localization approaches. Finally, cross-lingual/domain work and the broader review
literature underscore that the distribution shift remains a central challenge for stability, supporting
the need for explicit condition-centered evaluation rather than universal claims. The main findings
are presented in Table 2. Figure 2 illustrates a summary of the findings for both research questions.
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Table 2. The main findings of the second research question.
- 1 . Cue families most Representative
Cue stability Concentrated finding on stability .~ . <P v
implicated included refs

Stability is conditional and genre-

/register-bounded: cues can remain

discriminative within constrained  Surface;

contexts (e.g., academic genres), but Discourse/pragmatic; [17,18,22-24,35—
their patterns shift with genre norms,Epistemic/content (task-  37]

disciplinary conventions, and task ~ dependent)

ecologies, limiting cross-genre

Stability across
tasks, genres,
and registers

generalization.

Length affects stability unevenly:

surface/stylometric cues can persist
Stability under in short samples, while provenance
length (and often probability-based
constraints and decisions) becomes more fragile
short samples ~ when signal is sparse, turning

detection into a signal-density and

localization problem.

Surface/stylometric;
Provenance; [19,31,50]
Predictability/probabilistic

Revision is a major destabilizer:
paraphrasing/post-editing and

Stability under hybrid Al touch-up workflows Predictability/probabilistic;

revision, attenuate or redistribute cues, and Surface:
paraphrasing,  detector-relevant probabilistic Discoulfse Jpragmatic; [45,46,50,52,53,56]
and mixed signals are especially vulnerable Provenance ’
authorship under perturbation/evasion; stability
therefore must be evaluated under
realistic editing/mixing assumptions.
[ Cue families identified ]

Discourse/ Epistemic Predictability
Provenance

Surfac . -
HEEEE pragmatics /content /probabilistic

[ Cue stability ]

Cue stability is conditional

— not universal

Figure 2. An overall summary of the findings.

4. Discussion

This rapid review set out to identify which cue families are used to distinguish Al-generated from
human-authored text and assess how stable those cues appear across genres/tasks, text length, and
revision/paraphrasing. The findings indicate convergent use of five cue families (surface;
discourse/pragmatic; epistemic/content; predictability/probabilistic; provenance) and, crucially, that
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stability is conditional rather than universal. Below, we interpret these findings in relation to the
broader detection literature and show how external evidence helps explain the patterns observed in
our included studies.

4.1. Cue Families Distinguishing Al- vs Human-Authored Text

Our results show surface cues to be the most pervasive family across the qualified literature,
spanning direct linguistic comparisons and feature-based classification. This prominence is
consistent with foundational stylometry and authorship-attribution research, as frequent-word
distributions, function words, and character/word n-grams capture relatively topic-robust
regularities that support discrimination in controlled settings. Foundational stylometry work
emphasizes that such representations often generalize well when sampling and genre are controlled
[57,58]. Interpreting our findings through this lens clarifies why many studies in our sample treat AI-
human separation as a stylometric problem, since even when modern classifiers are used, they often
exploit the same distributional regularities that stylometry has long documented.

We found that discourse/pragmatic cues are especially salient in academic and applied-
linguistics contexts, where texts are shaped by strong genre norms and disciplinary expectations.
Discourse scholarship predicts that academic writing is not only fluent propositional content, but also
interpersonal and rhetorical positioning (stance, engagement, and reader guidance) that encodes
community membership and epistemic caution. Hyland’s stance-and-engagement model provides a
well-established account of these interactional resources in academic argumentation, while register
research (e.g., university registers) shows systematic variation in stance marking across
spoken/written academic contexts [59,60]. These frameworks help explain why our included
academic-genre studies repeatedly identify stance and metadiscourse differences even when surface
fluency is high: pragmatic packaging is a plausible second layer of discriminability beyond
lexical/syntactic form. Furthermore, epistemic/content cues are positioned as a distinct family that
becomes salient where truthfulness, grounding, and experience matter. This aligns with a large body
of work on hallucination in neural generation, which documents systematic tendencies for fluent but
ungrounded or fabricated content across natural language generation tasks [61]. At the same time,
further evidence also supports the caution implied by our synthesis, since epistemic unreliability is
not a unique marker of Al authorship (humans can err or deceive), but it becomes practically
important as a cue family because it links attribution concerns to verification and risk (e.g., academic
integrity, health/science communication) [62].

Moreover, predictability/probabilistic cues are concentrated in detector benchmarking and
robustness studies. The broader technical literature makes clear why. Some approaches
operationalize Al-ness via statistical regularities in token-choice patterns. GLTR provides an
interpretable, human-facing instantiation (token probability ranks) and DetectGPT proposes a zero-
shot criterion based on probability curvature under perturbations [63,64]. These lines of work
illuminate that probabilistic cues can be powerful, but they often sit at a distance from human-
interpretable linguistics, which partly explains why our included studies treat them as detector
signals rather than as stable descriptive properties of text. Finally, our results identify provenance
cues as a distinct cluster, largely watermarking-focused. External provenance research frames this as
an alternative paradigm; rather than inferring authorship from correlates (style/probability),
watermarking encodes an origin signal at generation time and detects it statistically. The green-list
watermark proposal and subsequent production-oriented watermarking schemes (e.g., SynthID-
Text) formalize provenance as a detectable statistical pattern with an explicit detection procedure.
[12,65]. This helps interpret why provenance studies in our corpus emphasize
localization/segmentation and robustness: the key question is not what does Al text look like?, but does
the origin signal survive realistic reuse and editing?.
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4.2. Stability of Cues Across Contexts, Length, and Revision/Paraphrasing

Across our included studies, stability was not treated as an invariant Al signature, but as
conditional on genre/task constraints, revision operations, and the detector threat model. The results
highlight paraphrasing and post-editing as major sources of cue instability. Previous findings
corroborate this directly, as paraphrasing has been shown to evade a range of Al-text detectors, with
retrieval-based approaches proposed as a partial defense [10]. Stress-testing work further
demonstrates that recursive paraphrasing can degrade detection performance across detector
families, emphasizing that detector success in static test sets can fail under realistic editing workflows
[66]. These findings align closely with our reviewed work that stability claims must be tethered to
explicit assumptions about revision depth and adversarial intent.

Furthermore, the results suggest that cue patterns may remain discriminative within constrained
academic genres, yet vary with discipline/register. External benchmarks reinforce the broader point
since generalization across domains and languages remains a central challenge. MULTITuDE
provides large-scale multilingual evaluation and demonstrates performance variability across
languages and model conditions, supporting our conclusion that stability is best asserted under
explicitly = delimited  contexts  [67].  Shared-task  evidence similarly  underscores
multidomain/multimodel variability. For example, SemEval-2024 Task 8 was explicitly designed
around multigenerator, multidomain, and multilingual detection, reflecting field consensus that
distribution shift is a core, not peripheral, evaluation condition [11]. Surface stylometric cues can
remain informative under short-text constraints, whereas provenance detection becomes more
difficult under partial-span/mixing conditions. Stylometry leverages high-frequency distributional
signals that can sometimes persist in shorter samples (though reliability typically improves with
longer text), while watermarking and likelihood-based signals often require sufficient token mass for
stable statistical testing [64]. We can therefore infer that stability is not uniform even within a cue
family since it depends on signal density and the statistical regime required by the method.

In addition, our findings note fairness trade-offs in detector work, indicating the seriousness of
this stability constraint. A study shows that GPT detectors can misclassify nonnative English writing
as Al-generated at substantially higher rates than native writing, implying that detector cues are
entangled with population-level variation in language use [6]. This is a decisive form of instability; a
cue that behaves differently across writer groups is not stable in deployment, even if aggregate
accuracy appears acceptable. Finally, our conditional-stability synthesis is consistent with prominent
reports that general-purpose detection remains difficult in practice. OpenAl discontinued its Al text
classifier, citing low accuracy, and recent surveys consolidate a similar conclusion that detector
performance is highly contingent on model, domain, language, and post-processing, with out-of-
distribution and attack robustness as persistent gaps [7].

4.3. Limitations and Future Work

This review has several limitations that should be considered when interpreting its conclusions.
First, as a rapid review, we used streamlined procedures that may increase the likelihood of missing
relevant studies compared with a full systematic review, even though an experienced librarian
supported the strategy. Second, eligibility was restricted to peer-reviewed journal articles published
in English between 1 January 2022 and 1 January 2026; this decision likely excluded relevant evidence
from non-English contexts and from fast-moving publication channels (e.g., conference proceedings
and preprints), which are influential in Al-text detection research. Third, the included studies were
methodologically heterogeneous (corpus-linguistic comparisons, feature-based models, detector
benchmarks, stress tests, watermarking), which supports mapping cue families but limits
comparability across studies and precludes quantitative synthesis or pooled effect estimates. Fourth,
cue stability was not operationalized consistently, as studies differed in genres, tasks,
generators/models, prompting/decoding settings, text lengths, and the nature and intensity of
revision/paraphrasing, constraining the strength of cross-study generalizations. Finally, because
many included papers reported detector performance or composite feature models without fully
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specifying feature sets, preprocessing, or model settings, the review’s ability to attribute findings to
particular cue mechanisms (rather than to dataset or pipeline choices) was sometimes limited.

Future research should prioritize standardized, condition-explicit evaluation of cue families.
This includes (a) reporting cue definitions and extraction pipelines in sufficient detail to support
replication and cross-study comparison; (b) systematically testing cue behavior under realistic
workflows, including graded post-editing and paraphrasing, mixed-authorship (Al touch-up), and
length-controlled conditions; and (c) documenting generation settings (model/version, prompting
strategy, decoding parameters) alongside any downstream editing. Progress would also benefit from
shared benchmarks and protocols that evaluate linguistic cue families, detector outputs, and
provenance methods on the same datasets, enabling direct comparison of interpretability, robustness,
and failure modes under distribution shift. Finally, because stability and error patterns can vary
across contexts and writer populations, future studies should routinely include subgroup analyses
and context-sensitive validation so that claims about cue robustness translate more safely to
educational, publishing, and research-integrity settings.

5. Conclusions

In sum, the included studies and the broader literature converge on a pragmatic takeaway: there
is no single, stable Al signature. Detectability arises from layered cue families whose usefulness
depends on genre constraints, revision workflows, and adversarial conditions. Surface and
discourse/pragmatic cues often discriminate well within controlled genre contexts; probabilistic cues
underpin many detectors but are fragile under paraphrase and evasion; provenance cues are
conceptually attractive but must be engineered for robustness under real-world editing and mixing.
At the policy level, fairness findings and stakeholder guidance collectively argue for detection as
decision support within transparent, human-accountable integrity systems, not as an automated
substitute for them.

Supplementary Materials: The following supporting information can be downloaded at the website of this
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