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Abstract: A piece of writing can look as if it were produced by Al even when it wasn’t,
and conversely, text generated by Al can still be mistaken for human work. We
investigated this mismatch between the true source of 28 Russian texts (14 written by
humans and 14 generated by Al) and their perceived Al-likeness. The texts were
assessed by professional linguists under three different evaluation setups. For each text,
we extracted 46 embedding-based semantic alignment features and 12 stylometric
measures. In the third evaluation regime (W3), we also used a balanced subset
of 10 texts and collected ratings along 13 perceptual dimensions before participants
made their source judgments.

Across both semantic and stylometric space, human and Al texts showed a clear
separation. Unsupervised components related to origin produced large Human-Al
differences (Hedges’ |g| = 1.4), and nested leave-one-text-out ridge models achieved
AUCs between .832 and .878. However, the objective dimensions that distinguished the
actual origin were not sufficient on their own to explain Al attribution once the origin
was controlled for. The importance of cues also varied across evaluation regimes. In
particular, seven features showed FDR-significant regime x feature interactions
between W2 and W3, all with reversed slopes; mean word length also shifted direction
between W1 and W2. In W3, the perceptual ratings were largely driven by a dimension
that contrasted authorial-experiential presence with schematic generality. Shifting
toward the authorial-experiential end substantially lowered Al-oriented attribution on
the original five-category scale (OR =.228, 95% CI [.145, .359], p <.001).

So, perceived Al-likeness cannot be viewed as a straightforward reflection of either
actual authorship or the linguistic markers tied to origin. In these results, it functioned
more like a perceptual property of the text: it depended on whether readers felt there
was a situated author behind what they read. Meanwhile, the linguistic cues that
supported Al attribution varied depending on the evaluation regime. This distinction is
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important because perceived Al authorship can affect trust, credibility, and later
assessments even when the source judgment turns out to be incorrect.

Keywords: Al-Generated Text; Perceived Al-Likeness; Al Attribution; Human Text
Perception; Authorial Presence; Semantic Features; Stylometry; Source Attribution
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Our study found a Across cohorts of Cue weights depended on In Cohort 3, perceptual Perceived Al-likeness was
measurable Human-Al professional linguists, source the evaluation regime. ratings before attribution associated with trust and
signal. A semantic model attribution did not X Several semantic and R revealed one dominant , Mmay have consequences for
using 46 embedding-derived consistently follow the stylometric features reversed contrast: authorial— credibility and text evaluation
semantic alignment features, semantic and stylometric direction: a property experiential presence versus even when actual origin
complemented by 12 structure that distinguished associated with Al attribution schematic generality. Greater differs. It should therefore be
stylometric features, Human from Al texts. The in one regime could support authorial-experiential studied directly, rather than
separated Human and Al informed cohort showed the Human attribution in another. presence was strongly treated as a proxy for true
texts strongly in both spaces. strongest partial alignment. associated with lower Al origin.

attribution.

Al-likeness should be
studied directly — not as
a proxy for true origin

Higher authorial-experiential
presence — lower odds of Al
attribution
Ordinal OR =.228

Strong Human-Al separation in latent
ungulsm: space
ledges' g =
Out-of- sample orlgln dlscﬂmlnatlon
AUC =

Objective signal #
reliable human attribution

A measurable Human-Al linguistic signal exists, and our model captures it — but professional linguists did not reliably reproduce the same signal in source attribution. Perceived Al-likeness showed a

distinct perceptual organization, while the linguistic cues associated with attribution depended on evaluation conditions.
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Cmamos nocmynuna 24 ascycma 2026 2.; npunsama 15 cenmsaops 2026 2.;
onyonuxosana 30 cenmsops 2026 e.

AHHoTanus: TexkcT MOKET BOCHPHHHMMATBCS KaK CO3JAaHHBIM HCKYCCTBEHHBIM
MHTEJUIEKTOM, JIa)Ke €CIIM Ha CaMOM JieJie €r0 Halucall 4eJOBEK; U HaoOOpOT, TEKCT,
creHepupoBanHblii MM, MOXeT Ka3aTbes «4eI0BEYECKHM». MBI MCCIIEN0BAIN Pa3pbiB
MEXJIYy  peaJbHbIM  IPOUCXOXKIEHHEM TEKCTa U €r0  BOCIHPHUHHUMAEMbIM
NHU-tiporcxoxaeHuEM Ha MaTepuasie 28 TEKCTOB Ha pycCKoM si3blke (14 HamMcaHHBIX
monpMu U 14 HM-creHepupoBaHHBIX), KOTOpBIE OLEHWBAIM TNPO(ecCHOoHaTbHBIE
JIMHTBUCTHI B PaAMKax TPEX pa3HbIX pexuMax oueHKH. Kaxaplil TekcT ObL1 IpeacTaBieH
B IIPU3HAKOBOM IIPOCTPAHCTBE 46 CEMaHTHMYECKMX IIOKa3aTelel, IOJyYeHHBIX Ha
OCHOBE 3MOEAIUHIOB, U 12 CTUIOMETPUYECKUX HMHIEKCOB. B TpeThem skcnepumeHte
TEKCThl JIOTIOJIHUTENBHO OLEHMBAIKNCH 10 13 MepuenTUBHBIM IIKajJaM J0 TOro, Kak
PECIIOHJIEHTBI BEIHOCUIIN CY)KJIEHUE O IIPOUCXOXKICHNUN TEKCTA.

TekcThl, HaNKMCaHHbIE JIOABMU U creHepupoBaHHble MU, xopomo pasgensuiich Kak B
CEMaHTHYECKOM, TaK M B CTUJIOMETPUYECKOM IIPOCTPAHCTBE IIOCTPOCHHON HaMH
Mozeiau. MHOroMepHbIH aHaaM3 [OKa3aJl 3HAUUTEIbHBIE  Pa3IuuMs  MEXIy
yenoBeueckumu u NUU-texcramu (|g| Xemkeca = 1,4), a BinoxeHHsle ridge-moaenu c
npoBepkoi o cxeme leave-one-text-out nocruramu AUC ot 0,832 mo 0,878. Onxnako
O00BEKTHBHbIC JMHIBUCTUYECKHE IIOKA3aTelIM, PA3IMYaBIIME TEKCTbl MO pPEaIbHOMY
IIPOUCXOXKICHNUIO, HE OOBSCHSIM HE3aBHCHUMO BEPOATHOCTb OTHECEHHS JIMHTBUCTOM
tekcra kK MM. Kpome TOro, Bec OTAEIBHBIX NMPU3HAKOB MEHSJICS B 3aBUCUMOCTH OT
sKcrepuMeHTa. s cemu mpu3HakoB Obuld OOHapy:keHbl 3HauuMble nocie FDR-
KOPPEKLIMH B3aMMOJCHCTBUS «PEKUM X IPU3HAK» MEXKIY DKCIIEPUMEHTaMH 2 U 3,
npuuéM BO BCEX CIyyasX HalpaBICHHE CBSA3M MEHSAJIOCh Ha IPOTHUBOIOJIOKHOE.
Cpenssis nnuHa ClloBa JAONOJHUTEIBHO MEHSUIA HAIIPaBJIIEHUE CBA3M MEXIY IEPBBIM U
BTOPBIM SKCIIEPUMEHTOM. B TpeTbeM 3KCIepruMEeHTe CTPYKTypa MEePLUENTUBHBIX OLEHOK
B OCHOBHOM OIIpEEsAiach OJHOM OChbIO, IPOTHUBONOCTABIISIIOIIEH aBTOPCKOE
IPUCYTCTBHE M CXEMaTHYECKYI0 0000IEHHOCTh. CMellleHHne K IOJIIOCY aBTOPCKOIO
IPUCYTCTBUS PE3KO CHUKAJIO BEPOSTHOCTh OTHeceHMs TekcTa Kk UM mo narubamuibHoM
mkane (OR = 0,228; 95% U [0,145; 0,359]; p < 0,001).

Takum  oOpazom, BocnpuHumaemoe  MHM-mpoucxoxiaeHne  TEKCTOB — HENb3s
paccmaTpuBaTh HU KakK OTpPaXEHHME pEaJbHOI0 aBTOPCTBA, HU KaK OTpakKeHHE
O00BEKTHBHOIO JIMHI'BUCTUYECKOTO CHUTHajla TPOMCXOXJIEHUS Tekcrta. B Hammx
HKCIIEPUMEHTAX OHO IMPOSABIISIIOCH KaK MEPLUENTUBHOE CBOMCTBO M OBLIO CBS3aHO C TEM,
BO3HUKAET JIM y YMUTATENs OUIYLIEHHE KOHKPETHOTrO, CTOSALIETO 3a TEKCTOM aBTOpa,
TOrJa Kak JIMHIBUCTHYECKHUE MPHU3HAKHU, OOBEKTUBHO CBS3AHHBIE C MPOUCXO0KIECHUEM
TEKCTa, 3aBUCENIN OT YCJIIOBUN 3KCIepuMeHTa. J[aHHOE pa3nuuue Ba)KHO, MOCKOJIBbKY
npenmnonaraemoe MHM-aBTOpPCTBO MOXKET BIMATH Ha CTENEHb JIOBEpUS YUTATeNs K
TEKCTY, €r0 BOCIPUHUMAEMYIO TOCTOBEPHOCTh U MOCIEAYIOLIYIO OLIEHKY TEKCTa JaKe B
TeX cIyyasiX, Korjaa CyKJeHHe 00 HCTOUHUKE MTPOUCXOXKACHUS TEKCTa OIINOO0YHO.
KimoueBbie caosa: UlU-crenepupoBansbiii  TexeT;  Bocnpunumaemoe — MU-
POUCXOXAEHUE TekcTa; ATpuOyuus Ttekcrta; Bocnpustue tekcra; ABTOpCKOe
npucyrctBue; CeManTHueckue npusHaku; Ctuaomerpusi; ATpuOyLus UCTOUHUKA
Nudopmanus 00 ucrouyHMKax (UHAHCHPOBAHMA WM rpaHTtax: JlaHHas
pEelaKkIMOHHAs cTaThd nocBsmeHa 150-neturo benropoackoro rocyaapcTBEHHOTO
HAI[MOHAJILHOTO HCCIIEJIOBATEIBCKOTO YHMBEPCUTETAa M €ro MHOTOJETHEH Tpaauliun
HAYYHOTO HCCIICIOBAaHMs 53bIKa, YEIOBEUYECKON KOMMYHHMKAIMM M HOBBIX (hopm
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KOrOA ECTECTBEHHbIW TEKCT BbIrMAOUT UICKYCCTBEHHbLIM

BOCMPUHUMAEMOE UM-NPOUCXOXAEHMUE KAK CBOUCTBO TEKCTA

2. NPO®ECCUOHANBHBIE
NIMHIBUCTbI HE BOCNPOU3BOAAT
HALEXHO 3TOT CUrHAN

1. PEANBHbIA NUHIBUCTUYECKUA
CWUIHAN UU-TEKCTA CYWECTBYET
0% | 0%

B pasHbIx Koroptax
npoceccuoHanbHbIX

Mb! 0GHapyXunu pasnuuus
MexXay eCTeCTBEHHbIMM 1
CTeHepUpOBaHHLIMU TEKCTAMU. 5
CemaHTuyeckas moaens Ha 46
CEeMaHTUYeCKMUX NpU3HaKax,
OCHOBaHHbIX Ha BEKTOPHOMN
CEeMaHTUKe, A0NoNHeHHasn 12
CTUNEMETPUYECKUMM

NPOVMCXOXKAEHMS TEKCTa HE
6bIno cBA3aHO C npusHakamu,
KOTOpas pasnuyanu TeKCTbl
yenoseka u UW. TouHocTb
pacnoaHaBsaHus Gbina

npU3HaKami, yBepeHHO HEBLICOKOA, NyuLLe — Y KOropTbl
pasziensina TekCTbl Yenoseka 1 nocne nekuvu npuaHakax U-
717 TekcTos

CBOVWICTBO, CBS3aHHOE C
atpubyuvei U B ogHoM
pexume, MOTIO NOAAEPXKMUBATL
BEPCHIO O 4YENOBEYECKOM
NPOMCXOXKAEHWUM TEKCTa - B
Apyrom

3. OIWH ¥ TOT XE NPU3HAK MOXET 4. BOCTMPUATUE TEKCTA BITUSET HA
L L
n Q

Beca NUHrBUCTUYECKUX
NPU3HAKOB 3aBUCENN OT
TMHIBUCTOB OnpeaenexHue »  PexXvma oueHkn. Heckonbko
CeMaHTUYeCcKnX 1
CTUNOMETPUYECKUX NPU3HAKOB
MEHSNN HanpaBnexue:

Bocnpuxumaemoe UA-
NPOUCXOXAEHME TeKCTa
CBA3aHO C AOBEPUEM K HEMY 1
» MOXeT UMeTb NOCNeACTBUS ANA

OLEHKM TeKCTa, Aaxe koraa ero
pearnbHoe NPoUCXOXAEeHME -
ecrectseHHoe. MoaTomy eé
HY)KHO CrieLmansHo
“ccnefoBaTh CaMOCTOSITENbHO,
a He TOMbKO B CBA3M C
YCTaHOBMEHUEM UCTUHHOTO
NPOUCXOXKAEHUS TEKCTa

OnpOCHWK BOCNPUATUA TeKcTa
BbIABUN OAVH MMaBHbIN
KOHTPacT: aBTopcKoe
NpUCYTCTBUE NPOTUB
cxemaTuieckoi
0606weéHHocTH. Yem Bbiwe
TEKCT MO 3TO¥A LWKane — Tem
HIXE BEPOATHOCT, YTO €ro
OLEHAT KaK UCKYCCTBEHHbI

CHnbHOE paanenenue TekcTos
yenosek-MW 8 naTeHTHOM
NMHIBUCTMHECKOM NPOCTPAHCTBE
(Hedges' g = 1.4)
AUC=083-088

HaziéxHas aTpubyums Tekcra
4enosekom

{ OBbeKkTUBHbINA curHan # ’

7 NPU3HAKOB, NPOTUBOMONONOKHBIX
10 BIMAHMIO HA OLEHKY
NPOUCXOKAEHUR TeKcTa

aBTopcKoe MpHcyTCTBME
+ HVDKE WAHChI aTPUBYLMK TeKcTa
Kax UM (OR =.228)

NpouUCXOXAeHMUE TeKCTa —
CaMOCTOATENbHbIA BAXHLIN

Bbilwe BOCNpUHUMaemoe
06BLeKT uccnenoBaHus

‘ Bocnpunumaemoe UA-

ViaMepuMbI TAHIBACTIECKH CHIH Ho npocbecconan

0Crpor |8HO NP OLIGHKE NIPOUCXOXAEHAS TeKCTa. BoCnpHMMaeMoe V-NponCKoXAeHHe

IBHYIO OPraHU3auMIo, a i

1. INTRODUCTION

Whether a text was written by Al and
whether readers believe it was are two
separate questions. Writing done by humans
can still seem artificial, while Al-generated
content can often blend in without raising
suspicion. This distinction is important
because it can affect how a text is judged and
received. Research experiments show that
adding an Al-authorship label can reduce
perceptions of message and source credibility,
as well as judgments about quality and author
competence. It can also make people less
willing to share or use the text, even when the
wording is kept the same — or even if the text
is actually human-written (Altay and Gilardi,
2024; Lermann Henestrosa and Kimmerle,
2024; Proksch et al., 2024). However, when
information on text origin was missing,

BOCPOK:
IPU3HAKH, CBRIAHHBIE C aTPHBYLIMEH, 3aBICENM OT YCTIOBM/ OLIEHKH

humans favored machine-generated text in
over half of the cases, particularly when they
could not recognize which text was written by
a human (Wang et al., 2026). In the context of
news communication, the perceived level of
Al involvement — rather than an explicit label
— has also been linked to lower message and
source credibility (Jia et al., 2024). The
evidence in education points the same way:
when texts were presented as ChatGPT-
generated, they received lower credibility
ratings (Latini et al., 2026). Thus, across the
studies  cited above, a  recurring
anthropocentric bias emerged: texts believed
to be human-authored were evaluated more
favorably than  those  perceived as
Al-generated.

A lot of the existing research frames Al-
generated writing mainly as a detection issue:
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if someone is given a text, can they — or a
computational system — figure out its real
origin? Human success varies a great deal.
For example, in a study with 63 university
lecturers, Al-written academic passages were
correctly recognized only 57% of the time,
and texts produced at a professional level
were particularly hard to spot (Fiedler and
Dopke, 2025). Hungarian readers achieved
66% accuracy (irrespective of self-reported
Al-skills) on narrative texts, and human-
written passages were incorrectly attributed
more often than Al ones (Szabo et al., 2026),
while Czech readers identified whether Al or
human wrote poetry at about chance level
(Marklova et al., 2026). A recent study on
register perception also found that it can be
difficult to detect texts generated by ChatGPT
(Demir, 2026). On the opposite end, a large
multilingual project that looked across 16
datasets, nine languages, and nine domains
reported an average human (19 annotators —
LLM researchers or practitioners) detection
accuracy of 87.6%, using test conditions
meant to push toward the upper limit of
human performance (Wang et al., 2026). In
other words, people’s ability to detect Al
writing isn’t a single fixed skill that stays the
same regardless of language, genre, context,
or method.

Calling every mismatch with the ground
truth a detection error can obscure a
potentially useful effect. A human-authored
text that keeps being labeled as Al-generated
may have characteristics that make a
machine-authorship explanation plausible. On
the other hand, an Al-generated text that
consistently appears human may miss the
cues readers typically associate with machine
writing. These judgments are not purely
random: readers rely on signals such as
writing style, grammatical form, social and
personal content, concreteness, cultural
specificity, warmth, and impersonality.
However, these heuristics can mislead and
can also shift depending on context (Hau et
al., 2026; Jakesch et al., 2023; Liu et al.,
2026; Wang et al., 2026). As a result,

attribution can be systematic without being
correct.

For this, we look at perceived Al-
likeness at the text level. In other words, we
mean how likely a text — under a specific
evaluation setup — is to be judged as Al-
authored. Practically speaking, it’s the share
of Al attributions that a text gets within that
setting. This measure isn’t the same as actual
authorship, and it’s not the same as accuracy.
By framing the goal this way, both false
positives and false negatives become
genuinely useful findings rather than just
leftover errors. A text that’s human-written
but repeatedly comes across as Al-like — or an
Al-written text that repeatedly seems human —
becomes especially interesting, because actual
authorship and what people perceive don’t
match.

At the same time, human and Al writing
can differ in clear, objective ways at the
linguistic level. Corpus and stylometric
research have reported differences in lexical
choices, syntax, discourse organization,
affect, and overall structure of Al-generated
and human texts. For instance, Al-generated
academic writing has been linked to
distinctive word choices, less variation in
syntax, and only partial overlap with the
formulaic patterns humans tend to use
(Tudino and Qin, 2024). Studies of EFL
writing have also found multivariate linguistic
fingerprints that separate human essays from
ChatGPT essays (Mizumoto et al., 2024).
Similar patterns show up in analyses of hotel
reviews, which report systematic differences
in content, style, and structure (Markowitz et
al., 2024). In creative writing, human texts
tend to show more stylistic variety than
outputs from large language models
(O’Sullivan, 2025). A recent study of 4,346
paired essays across 110 subject areas found
the same kind of pattern at scale: Al-
generated writing tends to be stylistically
more uniform than the variability seen in
human writing (Chen et al., 2026). In picture-
description tasks, Al-generated texts were
more homogeneous than human-authored
texts and differed markedly in lexical
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diversity, morphological density and entropy,
syntactic roles and complexity, and indices of
modality engagement (Litvinova et al., 2025).
So, if readers misidentify a text, that doesn’t
necessarily mean there are no measurable
linguistic differences.

The main unresolved issue sits between
these two strands of work. Linguistic-
fingerprint studies ask what, objectively,
distinguishes human writing from Al writing.
Attribution studies ask what makes a reader
decide that a text is human or Al. But those
questions are rarely tested using the same
texts, and even less is known about whether
the explanatory power of a linguistic feature
stays the same when the evaluation context
changes. Because of this, we separate three
concepts that are often mixed together: 1) the
objective structure that reflects the true
source; 2) the linguistic and perceptual factors
that go along with Al attribution; 3)
attribution accuracy itself. We also don’t
assume that the same cue means the same
thing across different evaluation regimes.

That leads to a direct question: are the
properties that distinguish  Al-generated
writing from human-written text also the
properties that make a text look Al-
generated? If the answer is yes, then
perceived Al-likeness may be picking up on
real distributional differences between human
and machine language. If the answer is no,
then attribution has to involve more than just
a reader’s perceptual response to a source
signal. There are good reasons to expect the
latter. Jakesch et al. (2023) showed that some
authorship heuristics don’t line up well with
actual source distributions, while Hau et al.
(2026) found that how useful attribution
strategies are depends heavily on genre and
contextual knowledge. What’s still largely
untested is whether objective origin structure
and perceived Al-likeness can be separated
within the same set of stimuli, whether cue
weights shift across evaluation regimes, and
what readers rely on when objective origin
cues aren’t enough.

We tackle these questions using 28
Russian-language texts with known human or

Al origins and three evaluation regimes
involving professional linguists. The design
places actual source and perceived source in
the same analytical frame. Misclassification
isn’t treated only as an error; instead, we
analyze text-level Al-attribution propensity as
a way of measuring perceived Al-likeness.
The same texts are also represented using 46
embedding-derived  semantic  alignment
measures and a predefined 12-feature
stylometric space. This lets us test whether
the dimensions that separate true origins also
explain attribution. We then use matched
stimuli to examine whether text-level Al-
likeness and cue weighting stay consistent
across regimes. Finally, in one of the three
evaluation regimes, 13 perceptual ratings
collected before source attribution allow us to
study how readers experienced the text - and
the implied author - before deciding who, or
what, wrote it. The Russian-language setting
also adds to a literature where substantial
variation across languages and domains has
already been documented (Marklova et al.,
2026; Szabo et al., 2026; Wang et al., 2026).

These choices boil down to four
questions:

1. Do human- and Al-authored texts
occupy different objective semantic and
stylometric spaces?

2. Do those origin-related dimensions
also explain Al attribution?

3. Does text-level Al-likeness, along
with linguistic cue weighting, remain stable
across evaluation regimes?

4. When detailed reader judgments are
available, what perceptual dimensions
organize Al attribution?

The larger point is that perceived Al-
likeness may deserve to be studied on its own.
As Al-assisted writing becomes more
common, a simple Human/Al label captures
only part of what matters communicatively. A
human-authored text can lose credibility when
it’s presented as Al-generated (Altay and
Gilardi, 2024), and perceived Al involvement
has been linked to lower message and source
credibility, partly through reduced perceptions
of humanness (Jia et al, 2024).
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Understanding why some texts attract Al
attribution is therefore important not just for
Al detection, but also for reader trust,
editorial decisions, textual authenticity, and
how  Al-mediated communication is
ultimately received.

2. MATERIALS AND METHODS

2.1. Study design and evaluation
regimes

We tested how Al-like Russian texts
seemed to professional linguists under three
different evaluation setups. The study design
separated the true origin of each text from
what participants perceived. The main result
we observed was Al attribution, while
"perceived Al-likeness" was defined at the
text level as how likely a text was to be
judged as Al-generated within a given
evaluation regime.

Our materials included 28 Russian-
language texts with known provenance - 14
written by humans and 14 generated by Al.
Since the three experiments we conducted
differed in participant makeup, procedure,
prior information, and which texts were
included, we treated each wave as its own
evaluation regime rather than combining them
into one uniform condition. To keep things
clear, we refer to the participant groups as
Cohort 1, Cohort 2, and Cohort 3, which
correspond to evaluation waves 1 (W1), 2
(W2), and 3 (W3), respectively. We use
cohort labels when talking about who took
part, and W1-W3 when referring to the
evaluation regimes themselves or to
comparisons between them.

In W1 (Cohort 1), experienced linguists
assessed texts together in small groups
outside a controlled laboratory environment,
and they could use any analytical tools they
wanted. They received no background
information about semantic features that
might  distinguish ~ Al-generated  texts.
Different groups reviewed different parts of
the dataset, resulting in 75 group-level
judgments of source across 27 texts. From the
correctness of those judgments and the known

origin of each text, we reconstructed how
often Al attribution occurred at the group
level.

In W2 (Cohort 2), six experienced
linguists evaluated all 28 texts individually on
site. Before starting, they listened to an
informational presentation that described
semantic differences that had already been
identified between human-authored and Al-
generated texts in the corpus. They then gave
a binary source attribution along with a
confidence rating for each text. W2 was
handled as an informed evaluation regime
rather than a training study.

In W3 (Cohort 3), 16 linguists assessed
a fixed subset of 10 texts individually. They
were not given any prior information about
semantic cues related to Al. For each text,
they first completed 13 perceptual ratings, and
then made a source judgment using a five-
point Human-Al scale, followed by a
confidence rating.

Thus, W1 and W2 overlapped on 27
texts, W2 and W3 overlapped on 10 texts, and
W1 and W3 overlapped on nine texts.

In all three evaluation regimes,
participants were instructed to assess each
text independently, without comparing it with
the other stimuli.

2.2. Text stimuli

The stimulus set consisted of 28 short
texts in Russian: 14 written by humans and 14
generated by Al. The human-authored pieces
were taken from a number of earlier text-
production studies involving participants who
did not participate in any of the evaluation
procedures described here. The topics were
chosen to reflect short, believable pieces of
everyday = communication  that  could
reasonably occur in applied text-analysis
settings.  Accordingly, the corpus was
deliberately varied in both topic and
communicative context, rather than being
limited to a single genre.

The Al-generated texts were produced
using  several modern LLM and
straightforward prompts based on specific
topics. Besides the topic, the prompts added
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only a limited number of surface-level
requirements. The texts had to include
between 5 and 10 sentences, be written in a
conversational style, avoid numbered lists,
include emojis, and allow for typographical
and spelling errors. The Al outputs were used
exactly as generated, with no post-generation
editing, correction, or normalization.

For W3, a balanced subset of 10 stimuli
was selected from the full set of 28 texts,
comprising five human-authored and five Al-
generated texts. The subset was chosen to
preserve the range of topics, communicative
contexts, and text types represented in the full
stimulus set.

2.3. Source Attribution and
perceptual measures

For each judgment, we recorded
whether the participant classified the text as
Human or Al-generated. We then calculated,
for each text, the proportion of judgments in
which it was classified as Al-generated. This
proportion served as our measure of perceived
Al-likeness: the more often a text was judged
to be Al-generated, the more Al-like it was
considered to be. Importantly, this measure is
independent of whether the judgment was
correct. A high Al-attribution rate means
correct identification for an Al-generated text,
but false Al attribution for a human-authored
text.

For W1, Al-attribution rates were
derived from group-level accuracy. W2
included binary Human/Al judgments that
were provided directly. In W3, participants
made source judgments using a five-category
ordered scale ranging from definitely Human
to definitely Al. For the binary analyses, the
two Human and two Al categories were
combined, and the three responses in the
undecided category were omitted; the original
five-category response was kept for the
ordinal sensitivity analysis. Confidence was
not included in the primary analyses.

Before performing source attribution,
Cohort 3 participants rated each text along 13
five-point perceptual dimensions related to
experiential, imagistic, authorial, schematic,

affective, and trust-related characteristics.
These ratings were treated as perceptual
responses from readers to texts, rather than as
objective linguistic features. The complete
W3 questionnaire is available in the
Supplementary Materials, both in the original
Russian and in an English translation.

2.4. Linguistic representation of the
texts

Each text was represented in two
predefined linguistic spaces.

The semantic representation  was
obtained using the Semantic Domain Profiling
framework (Litvinova et al., 2024). The
framework represents each text by its degree
of semantic alignment with 46 interpretable
domains covering perceptual, sensorimotor,
emotional, cognitive, spatial, and social
aspects of meaning. The domain system was
developed from  psycholinguistic  and
neurocognitive semantic-feature resources.

Semantic alignment was estimated in a
pretrained  Russian  embedding  space
(ruwikiruscorpora_upos_cbow_300_10 2021
). Each domain was represented by a
prototype  derived  from  semantically
characteristic lexical items; for some features,
opposing lexical sets were used to define a
semantic direction. Text-to-domain alignment
was quantified with Concept Mover’s
Distance (CMD) wusing the text2map
implementation (Taylor and Stoltz, 2021,
Stoltz and Taylor, 2022). CMD measures the
transport distance between the semantic
distribution of a document and a target
concept representation in embedding space.
Scores were oriented so that higher values
indicated stronger alignment with the
corresponding semantic domain or direction.
The resulting 46 values constituted the
semantic profile of each text. These measures
therefore describe a text’s position relative to
semantic prototypes in embedding space and
should not be interpreted as frequencies or
counts of particular lexical categories.

The stylometric representation included
12 predefined surface and structural measures
covering text length, sentence structure,
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lexical complexity and diversity, the use of
function words and pronouns, noun—verb
balance, and punctuation (Litvinova et al.,
2025). The full set of features is listed in the
Supplementary Materials.

Three coarse content-orientation ratings
— Experience, Opinion, and Emotion — were
manually assigned to each text by one
researcher. Each dimension was scored on a
three-point scale: 0 = not expressed, 1 =
weakly expressed, and 2 = clearly expressed.
Experience captured the presence of
experiential content, Opinion the expression
of personal views or evaluative stance, and
Emotion the presence of explicitly expressed
emotional content. These ratings were not
treated as primary measures and were used
only as covariates in supplementary
robustness analyses examining whether the
origin-related latent dimensions could be
accounted for by broad differences in content
orientation.

2.5. Statistical analysis

2.5.1. Attribution performance and
cross-regime stability

Attribution performance was
reported separately for W1, W2, and W3.
To evaluate whether perceived Al-likeness
was stable across different regimes, we
looked at text-level Al-attribution rates
from matched stimuli and used Spearman
correlations, bootstrap confidence
intervals, and permutation-based
inference. Any comparisons within the
same origin were considered exploratory.

2.5.2. Objective linguistic signal of
actual origin

Individual semantic and stylometric
features were linked to the actual Human/Al
origin using bias-reduced logistic regression,
with Benjamini-Hochberg correction applied
separately within each of the 46 semantic and
12 stylometric feature groups.

To study the underlying structure, we
used unsupervised PCA separately in
semantic and stylometric space. We then
quantified Human-Al separation along the
main components using Hedges’ g and rank-

based associations with the true origin. To
check that the findings were reliable, we used
permutation tests and leave-one-text-out
analyses. We also assessed multivariate
separation using centroid-based tests.

Next, we tested how much predictive
information was available about the actual
origin by running nested leave-one-text-out
ridge logistic regression on semantic,
stylometric, and combined feature sets.
Importantly, all preprocessing and parameter
tuning were confined to the training data.
Predictive discrimination was summarized
using ROC AUC, while the Brier score and
accuracy were reported as complementary
measures of performance. Finally, secondary
models were used to adjust the dominant
origin-related components for Experience,
Opinion, and Emotion.

2.5.3. Objective  origin
versus Al attribution

To check whether the key linguistic
dimensions tied to actual origin also account
for perceived Al-likeness, we examined
relationships  between  semantic  and
stylometric PC1 scores and Al attribution
separately within each evaluation regime.

For the text-level analyses, we relied on
Spearman correlations and origin-adjusted
grouped-binomial models. We also looked at
W?2 at the level of individual responses, using
mixed-effects logistic regression with random
intercepts for both linguists and texts. For the
W2 correlations within each origin group, we
tested whether the observed associations
remained present among texts that shared the
same true source.

2.5.4. Regime-dependent linguistic cue
weighting

We estimated regime-specific links
between each of the 46 semantic features and
12 stylometric features and Al attribution,
while accounting for actual origin. The
features were standardized once across the
entire corpus so that the coefficients could be
compared across evaluation regimes. We then
compared the coefficient patterns from
matched stimuli descriptively, using rank

signatures
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correlations and leave-one-text-out sensitivity
analyses.

We tested whether there were formal
differences across regimes by running
evaluation-regime x feature interaction
models on the matched stimuli. For the W2-
W3 comparisons, we used individual
judgments for the 10 texts that were shared
and fitted mixed-effects logistic models with
linguist and text as random intercepts. For the
W1-W2 and W1-W3 comparisons, we relied
on grouped decision counts from their
respective matched stimulus sets. We applied
the Benjamini-Hochberg correction separately
to the semantic and stylometric interaction
families, and we used leave-one-text-out
analyses to check how robust the interactions
that remained significant under FDR were.

We interpreted all cross-regime effects
as being associated with the regime rather
than causal, since participant makeup,
procedures, and informational conditions
differed at the same time across regimes.

2.5.5. Perceptual structure in Cohort 3
and Al attribution

For W3, each perceptual rating was
initially analyzed in its own mixed-effects
logistic regression model. The model
predicted binary Al attribution while
controlling for the actual origin. It included
crossed random intercepts for both the
linguist and the text, and applied the
Benjamini-Hochberg correction across the 13
predictors.

To separate stable differences across
texts from perceptions that vary by reader, the
ratings were split into between-text means
and within-text deviations. In addition, to
capture the shared structure across the 13
ratings, we ran a PCA using within-linguist
centered responses. Component retention was
determined  through  permutation-based
parallel analysis. Importantly, neither actual
origin nor attribution was included in the
PCA.

We then tested the retained perceptual
component in relation to Al attribution using
crossed mixed-effects logistic models, again
using the between-text and within-text

decomposition. As a sensitivity check, we
also fit a cumulative-link mixed model to the
original five-category attribution responses,
instead of collapsing them into a binary
outcome.

All statistical analyses were
conducted in R (version 4.6.0).

3. RESULTS

3.1. Actual text origin was encoded in
distributed semantic and stylometric
structure

We first checked whether the two
source classes differed in their objective
linguistic  structure, without considering
source-attribution judgments.

3.1.1. Semantic structure

At the level of individual semantic
features, none of the 46 predefined semantic
variables  survived  Benjamini—-Hochberg
correction. Still, eight effects clustered just
above the threshold (g = .0555). Al origin was
positively linked with SomatNociception,
AudLIWC, VisBody, TemporalLIWC,
SocialLIWC, and EmoFear, while EmoAngry
and VisMotion leaned in the opposite
direction. Overall, this looked more like a
distributed origin difference than a contrast
driven by specific markers (Supplementary
Table S1).

The multivariate results were clearer. In
the unsupervised semantic PCA, the first four
components explained 81.3% of the variance,
with PC1 alone accounting for 35.4%. Al-
generated texts scored higher on PC1 than
human-authored texts (mean difference =
4.79, Hedges’ g = 1.42, Spearman’s p = .628,
permutation p = .00095, q = .004). By
contrast, PC2 through PC4 showed no origin
effect of a similar magnitude. Importantly, the
PC1 split stayed strong in leave-one-text-out
analyses (g = 1.35-1.75; Table 1).

At the Al-associated end of semantic
PC1, the strongest pattern was alignment with
several auditory, visual, bodily, motor,
spatial, and temporal dimensions. The
opposite end was more strongly associated
with motion, taste, and several affective
dimensions.  These  variables  reflect
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embedding-based semantic alignments rather
than simple lexical counts. Human and Al
groups were also separated within the four-
dimensional semantic PCA space (squared
distance = 27.4, permutation p = .00050;
Supplementary Table S2).

3.1.2. Stylometric structure

The 12 stylometric measures showed a
closely related multivariate pattern. Again, no

single  stylometric ~ feature  survived
Benjamini-Hochberg correction
(Supplementary ~ Table  S1). However,

stylometric PC1 — explaining 29.2% of the
variance — did strongly distinguish the actual
source (|Hedges’ gl = 143, |p| = .628,
permutation p = .00075, q = .004). The effect
remained substantial in the leave-one-text-out
analysis (|g| = 1.35-1.63; Table 1), while PC2
through PC5 showed no comparable
association with origin  (Supplementary
Table S2).

For interpretation, stylometric PC1 was
oriented so that positive scores represented
the Al-associated pole. This side of the
dimension was mainly characterized by
higher rates of pronouns, first-person terms,
and function words. The human-associated
pole showed greater lexical density, longer
words, higher MATTR, and a higher noun-to-
verb ratio. Sentence length and punctuation-

related variables contributed more weakly.
Figure 1 presents both latent structures.

The two origin-based dimensions were
only moderately connected (Spearman’s p =
338, p = .079), indicating that the semantic
and stylometric spaces reflected somewnhat
different facets of the Human-Al contrast. On
a descriptive level, 17 out of 28 texts fell on
the origin-consistent side of both PC1 axes.
The remaining 11 texts were origin-consistent
on one axis but not the other, and none of the
texts were inconsistent with their true origin
on both axes.

We then tested whether the original
semantic and stylometric feature sets could
discriminate actual text origin out of sample.
Nested leave-one-text-out ridge models were
fitted directly to the 46 semantic features, the
12 stylometric features, and their combined
58-feature representation, rather than to PCA
scores. AUC values were .832 for semantics,
.878 for stylometry, and .862 for the
combined representation. The corresponding
Brier scores were .182, .135, and .172, while
accuracies were .786, .750, and .786.

These findings are summarized in Table
1, and further leave-one-text-out model
information is provided in Supplementary
Table S3.
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Figure 1. Distributed semantic and stylometric structure of actual text origin: A) Scores of the
28 texts on the first two components of the unsupervised semantic PCA; B) The six strongest
loadings at each pole of semantic PC1, oriented so that negative values represent the human-
associated pole and positive values the Al-associated pole; C) Scores on the first two components of
the unsupervised stylometric PCA; (D) Loadings of all 12 stylometric variables on PC1, using the
same orientation

Pucynok 1. PacnpenenéHHas ceMaHTHYeCKas W CTHJIIOMETPUYECKAass CTPYKTypa pPEalbHOTO
npoucxoxaeHuss tekcra: A) IlonoxeHnue 28 TEKCTOB Ha MEPBbIX JBYX KOMIIOHEHTaX
cemantuyeckoro PCA, moctpoerHoro 6e3 yuéra mHpopmanuu o6 ucrounuke tekcra; B) Illects
MPU3HAKOB C HAaUOOJBIIMMHU HArpy3KaMH 10 MOJYJIO Ha KaXIOM IOJIOCE MEPBOH CEeMaHTUYECKON
kommoHeHThl (PC1); oTpumarenbHple 3HAYE€HHs] COOTBETCTBYIOT TOJIIOCY, CBS3aHHOMY C
YEJIOBEUECKMMHU TEKCTaMH, MOJOXKUTeNnbHble — cBsizanHOMY ¢ MMU-tekcramu; C) Ilonoxenue
TEKCTOB Ha IMEpBBIX JABYX KomIoHeHTax cTuiomerpuyeckoro PCA; D) Harpysku Bcex 12
cTuioMeTpuyeckux npusHakoB Ha PC1 B Toif sxe opueHTaIIn
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Table 1. Objective linguistic structure and out-of-sample discrimination of actual text origin
Ta6auna 1. OObeKkTUBHAs JIMHTBUCTUYECKAsI CTPYKTYpa M KadeCTBO KIacCH(UKAIUN pPEabHOTO
IMPOUCXOXKACHUA TEKCTA HA JaHHBIX, HE MCIIOJIb30BAHHBIX ITPU 06y‘IeHI/II/I

F:s;gge vaEiE)%ce |Hedges’ g| perrrITLE:t;tion L?;]?Jelgl lzlg%e Ecroi: Accuracy
Semantic 354 1.42 9.5x10* | 1.35-1.75 | .832 | .182 .7186
Stylometric 29.2 1.43 7.5x10* | 1.35-1.63 | .878 | .135 .750
Combined - - - - 862 | .172 .786

Even after adjusting for the researcher-
coded Experience, Opinion, and Emotion
dimensions, the latent structure tied to origin
was not removed. Semantic PC1 continued to
track actual origin after we made all
adjustments at once (OR = 9.49 per SD, p =
.028), and the same was true for stylometric
PC1 (OR = 5.92, p = .021). Semantic PC1
overlapped only partially with the broader
content  orientation,  especially  with
Experience (p = .600, q = .004) and Opinion
(p = —492, q = .023), but the Human-Al
difference could not be reduced to these
coarse content dimensions (Supplementary
Table S4).

Overall, actual origin was reflected in
two strong distributed configurations — one
semantic and one stylometric — rather than in
isolated diagnostic markers. The PCA results
revealed these latent structures without using
source labels, while the ridge models showed
that the original feature spaces also contained
enough information to discriminate held-out
texts.

3.2. Al attribution varied across
evaluation regimes and perceived Al-
likeness was not stable

The source-attribution results varied
markedly across the three evaluation settings
(Fig. 2). In W1, 41 out of 75 collective

judgments were correct, for an accuracy of
54.7%. Accuracy was noticeably better for
Al-generated texts: 23 out of 37 (62.2%)
correct, compared with human-authored texts,
where 18 out of 38 (47.4%) were correct.
Overall, 43 of the 75 W1 judgments (57.3%)
identified the text as Al, suggesting only a
mild bias toward attributing to Al.

W2 produced the best descriptive
accuracy. Here, 121 of 165 valid individual
judgments were correct (73.3%). Performance
was fairly even across the two true origins: 63
of 83 judgments for Al-generated texts were
correct (75.9%), and 58 of 82 judgments for
human-authored texts were correct (70.7%).
In total, 52.7% of W2 judgments attributed
the text to Al.

In contrast, W3 showed much lower
accuracy and a stronger inclination toward
attributing to Al Only 69 of 157 binary
judgments were correct (43.9%). Accuracy
was 52.5% for Al-generated texts (42/80), but
dropped to 35.1% for human-authored texts
(27/77). Moreover, 58.6% of all valid W3
judgments attributed the text to Al. As a
result, the poor accuracy in W3 appears to be
driven mainly by false-Al attribution of
human-authored texts, rather than by balanced
uncertainty  between the two source
categories.
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Figure 2. Source-attribution patterns across the three evaluation regimes. Proportions of
Human and Al attributions are shown separately for human-authored and Al-generated texts.

PucyHnok 2. Pacnpenesienne aTpuOyuuii MCTOYHMKA TEKCTa B TPEX pexkuMax ouneHku. [lomum
OTBETOB «4eJIoBeKk» U «MI» moka3zaHbl OTACIBbHO JJIA TCKCTOB, HAIIMCAHHBIX JIFOAbMHU, U TCKCTOB,

creHepupoBaHubix .
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These asymmetries are the reason the
analysis now moves away from overall
accuracy and toward perceived Al-likeness at
the text level. Instead of asking only how
often attribution breaks down, the key issue is
whether the same texts are consistently
judged as Al-like under different evaluation
conditions.

Perceived Al-likeness was not stable
across evaluation regimes (Supplementary
Table S5). Of the 27 texts shared by W1 and
W2, text-level Al-attribution rates were
basically unrelated (Spearman’s p = —.07,
bootstrap 95% CI [—.45, .34], permutation p =
.72). The W1-W3 correlation was also weak
across nine shared texts (p = .33, 95% CI
[-.46, 83], p = .38), and the W2-W3
correlation across 10 texts was similarly weak
(p = —.25, 95% CI [-.70, .38], p = .48).
Overall, there was little evidence that texts
kept the same ordering from more human-like

to more Al-like across different evaluation
regimes.

This instability was especially clear in
the W3 subset. For the same 10 texts, the
mean Al-attribution rate in W2 was .700 for
Al-generated texts and .267 for human-
authored texts. In W3, however, the pattern
reversed: the corresponding rates were .525
and .654, respectively. Among the nine
stimuli that were also evaluated in W1, the
mean rates were .585 for Al-generated texts
and .600 for human-authored texts.

Individual ~ texts  highlight  this
dependence even more (Figure 3). The Al-
generated TO3 stayed consistently Al-like
across W1, W2, and W3 (.67, .67, and .88).
By contrast, the human-authored TO02 shifted
from .67 in W1 to 0 in W2 and then to .73 in
W3, and T17 moved from 1.00 to .33 and
then to .88. Meanwhile, the Al-generated T26
moved in the opposite direction, going from
.67 in both W1 and W2 down to .19 in W3,
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Figure 3. Text-level perceived Al-likeness across evaluation regimes. Al-attribution rates are
shown for all 28 stimuli, separately for human-authored and Al-generated texts and ordered by text

identifier within each origin group.
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Perceived Al-likeness, however, wasn’t
consistent across different evaluation setups.
While some texts repeatedly appeared more
Al-like or more human-like, others shifted
their classification considerably depending on
the particular evaluation setting.

3.3. Objective linguistic structure did
not map consistently onto Al attribution

We next checked whether the linguistic
features that distinguished the two true origins
were also the same features that made the
texts seem Al-generated. For the most part,
the answer was no.

Looking at the text level, neither the
semantic dimension nor the stylometric
dimension of PC1 was linked to the Al-
attribution rate in W1 (semantic: p =.190, p =
.342; stylometric: p =.068, p =.736) or in W3
(semantic: p = —.311, p = .382; stylometric: p
= =317, p = .372). W2 seemed different at
first: Al-attribution rates correlated with both
the Al-leaning semantic PC1 (p = 425, p =
.024) and the stylometric PC1 (p = .518, p =
.0048). But once we adjusted for the actual
origin, those links disappeared. In the
grouped, bias-reduced models, neither
semantic PC1 (OR = .935, p = .760) nor
stylometric PC1 (OR = 1.16, p = .516)
independently predicted W2 Al attribution.

The same conclusion showed up at the
individual-response level. In a mixed-effects
logistic model that included both objective
dimensions, actual Al origin strongly
increased the odds of an Al attribution (OR =
6.97, 95% CI [2.55, 19.0], p = .00015). By
contrast, semantic PC1 (OR = .928, 95% CI
[.601, 1.43], p = .737) and stylometric PC1
(OR = 1.17, 95% CI [.750, 1.84], p = .484)
did not add independent predictive power.
Within-origin correlations in W2 were also
weak, and once again, origin-adjusted effects
stayed non-significant in W1 and W3
(Supplementary Table S6).

Overall, the structure of actual origin
and the structure of Al attribution were
clearly separable. The latent dimensions that
most strongly distinguished human-written
texts from Al-generated ones did not reliably

explain differences in perceived Al-likeness
once actual origin was accounted for.

We can see this dissociation in
individual examples. Human-authored T17
landed on the Al-associated side of the
semantic axis and was often attributed to Al.
Meanwhile, TO02 attracted high false-Al
attribution even though it sat on the human-
associated side of that same axis. Conversely,
Al-generated T26 fell on the human-
associated side of the stylometric axis and
was mostly judged as Human in W3. So, at
the level of single texts, an objective position
in the linguistic space tied to origin did not
consistently map onto perceived Al-likeness.

Al generation did leave a measurable
semantic and stylometric signature in this
dataset, but readers did not end up treating
that signature as a stable perceptual cue for
source attribution.

That finding points to a more specific
possibility:  maybe particular  objective
features still carry similar attributional
meaning across different regimes, even if the
main origin dimensions do not. To examine
this, we estimated regime-specific
associations for all 46 semantic and 12
stylometric features, controlling for actual
origin, and then compared matched stimulus
sets using fixed full-corpus standardization.

At the level of complete feature
profiles, cross-regime correspondence was
limited. For semantic features, the matched-
stimulus  coefficient vectors correlated
negatively between W1 and W2 (Spearman’s
p = —.310; 27 shared texts) and between W2
and W3 (p = —.567; 10 shared texts). In
contrast, W1 and W3 showed essentially no
correspondence (p = .070; nine shared texts).
Stylometric profiles showed weaker and less
consistent agreement (p = .042, .266, and
378, respectively). Leave-one-text-out
analyses largely kept the negative semantic
correspondence patterns for W1-W2 and
W2-W3, though the W2-W3 result was
somewhat sensitive to leaving out one
stimulus (Supplementary Table S7). In short,
the cue profile linked to Al attribution did not
carry over across the three regimes.
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The clearest differences appeared in the
direct W2-W3 comparison, using the same 10
stimuli. Seven Wave X Feature interactions
remained significant after FDR correction
(four semantic and three stylometric) and all
seven involved a reversal in the direction of
association  between W2 and W3
(Supplementary Table S8). For stylometric
features, mean word length flipped from a
negative association with Al attribution in W2
(B =-.871) to a positive association in W3 (B
= .631; interaction OR = 4.49, p = .00022).
Lexical density showed the same pattern of
reversal (B =—.987 vs. .261; interaction OR =
3.48, p = .00037), whereas function-word rate
reversed in the opposite direction (B = .416
vs. —.483; interaction OR = .407, p =.0020).

These  stylometric  reversals are
especially striking when viewed alongside the
actual-origin structure described in Section
3.1. In the full corpus, greater use of function
words characterized the  Al-associated
stylometric pole, whereas longer words and
higher lexical density characterized the
human-associated pole. The W2 slopes for all
three features followed the same direction as
that objective contrast, but the W3 slopes
went in the opposite direction. This alignment
is descriptive and does not mean that W2
participants consciously adopted the objective
origin signature.

Four semantic alignment dimensions
displayed similar reversals. EmoPleasant
moved from B =—1.08 in W2 to B = 1.34 in
W3 (interaction OR = 11.2, p = .00042);
EmoSentiment shifted from = 1.14 to —.781
(OR = .147, p = .00072); EmoSurprised went
from B = —.675 to .440 (OR = 3.05, p =
.0017); and SpatialNumber changed from p =
1.06 to —.641 (OR = .183, p = .0019). Since
these  predictors are embedding-based

measures of semantic alignment, the reversals
reflect changes in the attributional relevance
of semantic positioning toward these
domains, rather than straightforward effects
of lexical frequency.

These interaction patterns also proved
highly stable when stimuli were deleted.
Across all seven W2-W3 features, the sign of
the Wave X Feature coefficient stayed the
same in all 10 leave-one-text-out analyses. In
six of the seven features, the wave-specific
slopes reversed in every iteration, and mean
word length did so in 9 out of 10 cases
(Supplementary Table S8).

The W1-W2 comparison was different
in scope. Of the 27 shared texts, no semantic
interactions remained after FDR correction,
and only one stylometric variable emerged:
mean word length. Longer  words
corresponded to higher Al attribution in W1
(B = .533) but lower AI attribution in W2
(B = —.448), producing an interaction OR of
.375. This reversal held the same direction
even after removing each individual stimulus.
For W1-W3, no FDR-significant interactions
were found, although this analysis involved
only nine shared texts (Supplementary
Table S9). The main regime-dependent
reversals are summarized The language
signals linked to Al attribution thus differed
depending on the evaluation setup. The
biggest contrast showed up between W2 and
W3, where seven semantic or stylometric cues
shifted in the opposite direction; in
comparison, W1 and W2 diverged in a more
limited way. That means a feature like lexical
density, average word length, or the rate of
function words could be tied to Al attribution
under one regime and to Human attribution
under another.in Figure 4.
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Figure 4. Regime-dependent differences in linguistic cue associations with Al attribution:
A) Regime-specific standardized coefficients for the seven semantic and stylometric features
showing FDR-significant W2-W3 Wave x Feature interactions; all seven reversed direction
between regimes; B) Mean word length, the single feature showing an FDR-significant W1-W2
interaction; C) No semantic or stylometric Wave x Feature interaction survived FDR correction in
the W1-W3 comparison, which was based on nine shared texts.

Pucynok 4. Pazimumsi Mexay peXKHMaMH OLEHKH B CBSI3M SI3bIKOBBIX INPH3HAKOB €
arpudyumeii MM: A) CranpaptuzoBaHHble KOI(PQUIMEHTHl JUII CEMH CEMAaHTHUYECKUX U
CTUJIOMETPUUYECKUX MPU3HAKOB, Y KOTOPHIX BO cpaBHeHUH W2-W3 B3auMoOACHCTBHE pedcum X
NpU3HAaK OCTAIOCh 3Ha4YMMbIM Mocie FDR-koppekunu; BO BCEX CEMH ClIy4asix HaIlpaBJICHUE CBS3U
MEXIy peKMMaMHU MEHSUIOCh Ha MpoTHBOMNonoxkHoe; B) Cpeanss qiuHa clioBa — €IMHCTBEHHBIH
IIpU3HaK, uid Kortoporo B3aumopeiicteue W1-W2 ocranocs 3HaunmbiM nocine FDR-koppekuuy;
C) B cpaBaennn W1-W3, ocHOBaHHOM Ha JIeBATH OOIINX TEKCTaX, HU I OJHOTO CEMAaHTHUECKOTO
WM CTUJIOMETPUYECKOI0 IPU3HAKA B3aUMOAECHCTBUE pedrcum X npusHAaKk HE COXPaHWIIO 3HAUUMOCTb
nocie FDR-koppekiuu.
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3.4. Perceived Al-likeness in Cohort 3
was organized by authorial-experiential
presence versus schematic generality

The W3 ratings gave a different
perspective on what readers were reacting to.
Out of the 13 perceptual dimensions, 11 were
linked to Al attribution after Benjamini-
Hochberg correction, using separate crossed
mixed-effects models that controlled for the
texts’ actual origin. Al attribution became
more likely with greater generality, template-
likeness, and obviousness. In contrast,
stronger signals of authorial belief and
emotion, along with personal and physical
experience, author imaginability, vividness,
pleasantness, and trust all lowered the odds of
attributing the text to Al. Auditory and scene
imagery, however, did not hold up after
correction (see Supplementary Table S10).

The pattern showed up at two different
levels. At the between-text level, seven
dimensions kept FDR-significant differences,
while at the within-text level, 12 out of 13
displayed significant effects. On average,
texts that readers perceived as more general or
template-like drew more Al attributions. In
contrast, texts that were seen as more

personally grounded, imaginable, emotionally
situated, and trustworthy led to fewer Al
attributions.  Similar  relationships  also
appeared across different readers evaluating
the same stimulus, which suggests the finding
wasn’t just a side effect of consistent
differences  among the 10  texts
(Supplementary Table S11).

A principal component analysis (PCA)
on the within-linguist centered ratings
captured this coordination using a single
retained component. PC1 had an eigenvalue
of 5.90, accounted for 45.4% of the variance,
and was larger than the 95th-percentile null
eigenvalue of 1.74 in permutation-based
parallel analysis. Variables such as personal
experience, authorial  belief,  physical
experience, trust, author imaginability, scene
imagery, authorial emotion, and vividness
loaded positively. Meanwhile, generality,
template-likeness, and obviousness loaded
negatively. We interpret this component as
reflecting a trade-off between authorial—
experiential  presence and  schematic
generality (Supplementary Table S12). Figure
5 summarizes the individual effects and the
latent structure.

Figure 5. Perceptual organization of Al attribution in Cohort 3: A) Effect estimates for the 11
perceptual dimensions significantly associated with binary Al attribution after Benjamini—Hochberg
correction. Odds ratios below 1 indicate lower odds of Al attribution and values above 1 higher
odds; B) Loadings of all 13 perceptual ratings on the retained unsupervised component, oriented
from schematic generality at the negative pole to authorial-experiential presence at the positive
pole; C) Associations of the retained component with Al attribution in the primary binary model, its
between-text and within-text decomposition, and the ordinal sensitivity analysis.

Pucynok 5. IlepuentuBHas opranuzanus atpudyuuun UM B xoropre 3: A) Ouenku 3¢ppexTos
s 11 mepuenTUBHBIX IIKaJ, KOTOPbIE COXPAHWIM 3HAYUMYIO CBA3b ¢ OuHapHOW atpubyuueit N1
nocie kKoppekiuu benmkamuan-Xoxoepra. OTHOIICHHS IIAHCOB MeEHbIIE | COOTBETCTBYIOT
CHIDKEHHIO BeposTHocTH arpuOyuuu MU, 3Haduenus Oonbmie 1 — e€ yBenuyenuto; B) Harpysku
BceX 13 meprenTUBHBIX OIIEHOK Ha €IWHCTBEHHYIO COXPAaHEHHYIO KOMIIOHEHTY, MOJy4eHHYI0 0e3
yuéta aTpuOylMii, OTPHUIATENBHBIA TOJIOC COOTBETCTBYET CXEMaTHYECKOH 0000MmEHHOCTH,
MOJIOKUTEIBHBINA — aBTOPCKOMY MpUCYTCTBUIO; C) CBsA3b COXpaHEHHOW KOMIIOHEHTHI C aTpulynuen
NN B ocHOBHOW OWHapHOW Mojenu, MNpH pa3liokeHuH d¢p@dekra Ha MEKTEKCTOBYIO U
BHYTPUTCKCTOBYIO COCTaBJIAIOMIME, a TaKXKC B IOOIOJHUTCIBHOM aHAJIN3C yCTOfI‘—IPIBOCTH C
HMCXOIHOM NOPSAKOBOM IIKATIOM.
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Within W3, shifting toward the
authorial-experiential end of the spectrum was
closely linked to fewer Al attributions. In the
main crossed mixed-effects model, a one-
standard-deviation increase in PC1 lowered

the likelihood of being assigned an Al
attribution (OR = .129, 95% CI [.054, .307],
p = 3.80 x 107°). By contrast, actual origin
was not significant (OR = .849, p = .863).
This relationship held both across the 10
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different stimuli (OR = .280, 95% CI
[.101, .777], p = .0145) and within individual
texts across different readers (OR = .195,
95% CI[.094, .405], p=1.10 x 107%).

The same overall pattern emerged when
the original five-category attribution response
was kept. In a cumulative-link mixed model
that used all 160 evaluations, higher PC1
again reduced the odds of making a more Al-
oriented attribution (OR = .228, 95% ClI
[.145, .359], p = 1.76 x 107'°), while actual
origin stayed non-significant (OR = .712,
95% CI [.262, 1.94], p = .507; Supplementary
Table S12).

Importantly, the component was derived
without using source labels or attribution
outcomes, yet it was strongly associated with
subsequent Al attribution both across texts
and among readers evaluating the same text.

4. DISCUSSION

The study started with a basic
inconsistency: a text can be measurably Al-
like in its linguistic structure while still not
appearing Al-generated to readers, and a
human-written text can still draw Al
judgments. The findings refine this mismatch.
Human- and Al-produced texts differed
clearly in how semantic information and
stylistic features were distributed, but these
origin-related  aspects didn’t  translate
straightforwardly into attribution. Moreover,
the influence readers seemed to place on
individual cues shifted across different
conditions, and in some cases even reversed
direction. In Cohort 3 specifically, however,
Al attribution seemed to follow a perceptual
dimension that ran from schematic generality
toward a stronger sense of the author’s
presence and lived experience.

By placing objective indicators of origin
alongside readers’ perceived Al-likeness on
the same texts, the difference becomes clear.
Previous research has already shown that
human and Al writing can diverge
linguistically and that readers rely on
systematic cues when forming judgments.
Here, those two patterns could be compared
directly. They did not simply align, and the

relationship between any given linguistic cue
and Al attribution was not consistent across
the different evaluation regimes.

4.1. Actual Al generation leaves a
distributed linguistic signature, but readers
do not simply perceive that signature

The objective-origin results align with a
growing body of computational-linguistics
research suggesting that human and LLM
writing can still be told apart by how their
language is organized at scale. Recent work
finds differences in stylistic organization,
information  density, stance, functional
appropriateness, and multivariate stylometric
patterns (Mizumoto et al., 2024; Litvinova et
al., 2025; O’Sullivan, 2025; Chen et al., 2026;
Demir, 2026).

In our corpus, we saw this separation
across two only partly overlapping spaces. On
the semantic side, the main dimension
reflected broad differences in alignment with
bodily, sensory, spatial, temporal, and
affective domains. On the stylometric side,
the contrast was between function-word and
pronominal orientation versus lexical density,
word length, lexical diversity, and the noun-
to-verb relationship. These semantic variables
should be wunderstood as coordinates in
embedding space, not as simple counts of
particular word types.

After correction for multiple testing,
individual semantic and stylometric predictors
were weak. At the multivariate level,
however, the pattern was much stronger.
Unsupervised latent dimensions showed large
Human-Al differences that remained stable in
leave-one-text-out analyses, and nested leave-
one-text-out ridge models fitted to the original
feature sets discriminated held-out texts with
AUCs of .832 for semantics, .878 for
stylometry, and .862 for the combined
representation. Thus, in this corpus,
information about source origin was
distributed across combinations of features
rather than concentrated in a single diagnostic
marker.

HAYYHBIW PE3YJ/IBTAT. BOITPOCHI TEOPETUYECKOH Y MPUKJIAZTHOW JIMHTBUCTUKH
RESEARCH RESULT. THEORETICAL AND APPLIED LINGUISTICS



/&@é”ﬁrv

Litvinova T. A., Dekhnich O. V. When human writing looks artificial: perceived Al-likeness...
Jlumeunosa T. A., exnuu O. B. Koeoa ecmecmegennbviii mexcm 6bl2fisiounm UcKyCCmeeHHbIM...

24

The more revealing finding came when
we compared these dimensions with human
source judgments. Once actual origin was
accounted for, neither the semantic nor the
stylometric axis on its own could explain Al
attribution. Even the apparent match in W2
vanished in origin-adjusted and within-origin
analyses. In other words, a computationally
detectable Human-Al signal exists, but
readers do not seem to reproduce it directly in
their judgments.

This gap fits with research showing that
people use systematic but imperfect heuristics
for authorship. Jakesch et al. (2023) showed
that cues people treat as diagnostic of Al
authorship may not reflect their true
underlying distribution, and more recent
studies suggest that judgments rely on
combinations of writing style, personal
experience, genre  expectations, and
communicative context rather than a fixed
checklist of formal indicators (Hau et al.,
2026; Liu et al., 2026).

The takeaway isn’t just that people
sometimes misclassify Al. This distinction
was also visible at the level of individual
texts. A human-written text could appear Al-
like without necessarily falling on the Al-
associated side of objective linguistic space,
while an Al-generated text could occupy a
more Human-associated region and be judged
accordingly. Objective origin discrimination
and perceived Al-likeness should therefore be
treated as distinct analytical tasks.

4.2. Linguistic cue weighting
depended on the evaluation regime

Cross-regime comparison revealed a
second kind of instability: the same linguistic
cue did not consistently map onto the same
attributional value across all settings. In the
matched W2-W3 group, seven objective
features produced FDR-significant Wave x
Feature interactions, and each one flipped
direction. Six of those reversals held up under
every leave-one-text-out deletion, while the
seventh held up in 9 out of 10. Mean word
length also reversed between W1 and W2 and
then stayed reversed across all 27 stimulus

deletions. No W1-W3 interaction survived
FDR correction, though with a nine-text
overlap there’s limited statistical power to
treat that null result as evidence of similarity.

This goes beyond a simple difference in
overall detection accuracy. The attributional
meaning of a feature itself shifted. In W2,
using more function words went with Al
attribution, whereas higher lexical density and
longer words went with Human attribution —
matching the same directional pattern
observed in the objective stylometric origin
contrast. In W3, all three of these
relationships reversed. The texts hadn’t
changed; what changed was the link between
their properties and the judgments.

This pattern aligns with accounts of
authorship attribution that treat it as
contextually framed rather than driven by a
fixed set of diagnostic markers. Hau et al.
(2026) argue that readers integrate textual
cues  with  expectations about the
communicative domain, the sender, and the
broader context, and that surface cues can
become misleading when they’re used outside
the conditions where they’re diagnostic.
Wang et al. (2026) similarly found large
variation in Human—Al discrimination across
languages and domains, and showed that
knowledge about relevant Human-machine
differences can shift detection performance.

W2 also deserves caution because it
followed an informational presentation about
semantic differences in the corpus. One
plausible interpretation is that the presentation
"corrected” participants’ perceptual template
and adjusted cue weighting so it better
matched the objective origin signature.
However, the design cannot confirm that
conclusion. W2 and W3 also used different
participant cohorts and different procedures,
and W3 included perceptual ratings before
source attribution. What the data support is a
narrower claim: cue weighting differed across
regimes, with the most prominent feature-
level divergence occurring between W2 and
W3.

Earlier studies already show that
source-attribution performance varies across
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genre, language, and informational context.
Our results extend that context dependence to
individual features. A measurable property of
the text can change not only the strength of its
association with Al attribution, but also the
direction of that association.

This matters for how we understand
perceived Al-likeness. A  detector-like
account would predict that features contribute
with fairly stable weights to an underlying Al
score. Our findings don’t match that idea. The
same property took on different attributional
value under different evaluation conditions,
which fits better with context-sensitive use of
cues than with a single regime-invariant
profile.

4.3. Perceived Al-likeness may reflect
the perceived presence of a situated author

The perceptual ratings from Cohort 3
point to what readers may have been reacting
to instead. In this set of 10 texts, Al
attribution went up when the writing felt more
general, more like a template, and more
obviously constructed. It went down when
readers thought it reflected personal and
physical experience, authorial belief and
emotion, a believable imagined author,
vividness, and trust. These ratings all seemed
to align along a main dimension we labeled
Authorial-experiential presence  Versus
schematic generality.

Importantly, this component wasn’t
built directly from the source labels or the
attribution outcomes. Still, it was able to
predict later attribution across the 10 stimuli,
including among different readers who
evaluated the same text. And the relationship
held even when the original five-category
response was examined. So, the effect can’t
simply be explained by the actual Human/Al
origin, or by stable differences between the
texts by themselves.

This view also fits with a growing body
of work on authorship heuristics. Jakesch et
al. (2023) found that readers treat personal
and social content, among other cues, as
evidence of Human authorship — even when
those heuristics aren’t reliable. Liu et al.

(2026) similarly identify references to
personal experience as a recurring cue in
judgments about perceived Al authorship.
And Hau et al. (2026) argue that source
attribution reflects a combination of textual
evidence and expectations about the sender,
genre, and communicative context, rather than
relying on a fixed checklist.

One way to interpret our W3 pattern is
that Human-likeness depends in part on
whether a text supports the sense that it comes
from a particular, situated source of
experience and evaluation. Generality and
template-likeness don’t have to be direct "Al
markers". Instead, they may reduce the
impression that the discourse is coming from
a specific communicator who is experiencing,
believing, and emotionally situated. By
contrast, personal experience, belief, emotion,
vividness, and how imaginable the author
feels may strengthen that impression.

This is a relational interpretation rather
than an essentialist one. The data don’t show
that Al-generated writing inherently lacks
authorial presence, or that human writing
necessarily includes it. In our corpus, there
are Al-like human texts and Human-like Al
texts, which runs against the idea that
authorial presence is intrinsically determined.
Here, authorial presence is something readers
perceive. A text written by a human may fail
to evoke a plausible situated author, while an
Al-generated text may succeed.

This distinction also helps explain why
human attribution and computational origin
classification can sometimes diverge. A
classifier may take advantage of distributed
statistical differences between the source
populations without actually representing an
“author.” Readers may instead be implicitly
asking whether the discourse feels like it was
produced by a situated Human communicator.
In that sense, perceived Al-likeness may
involve an inference about communicative
authorship rather than a direct readout of the
statistical signature of Al generation.
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4.4. From Al detection to attribution
risk: why perceived Al-likeness matters

Actual origin and perceived Al-likeness
are important for different reasons. Detecting
origin focuses on whether Al produced the
text. Perceived Al-likeness, in contrast,
focuses on why, for a given readership and
under specific conditions, people are more
likely to attribute the text to Al.

Blending these two questions is
especially risky in high-stakes judgments of
authorship. Even in professional or academic
settings, human evaluators can make
significant mistakes in how they attribute
authorship (Fiedler and Dopke, 2025), and
having high confidence doesn’t necessarily
prevent people from leaning on misleading
signals (Hau et al., 2026). At the same time,
stylometric differences observed at the level
of whole corpora cannot, on their own, justify
conclusions about the origin of any single text
(O’Sullivan, 2025).

Our results point to an additional,
complementary concern: false Al attribution
can be systematic within a particular
evaluation setup, not just an accidental error.
Human-authored texts differed in how often
they were judged to be Al-written, and some
looked strongly Al-like under certain
conditions. As a result, perceived Al-likeness
can still matter even when the true source is
known to be Human.

This asymmetry is not unique to our
data. Recent studies have likewise found that
human-authored texts can be misclassified as
Al-generated more often than Al texts are
mistaken for Human authorship (e.g., Szabo
et al., 2026). Viewed from the perspective of
perceived Al-likeness, such errors may be
informative rather than merely residual: some
human texts may systematically evoke an Al
interpretation.

There are also real-world reasons to
worry about this mismatch. When a text is
labeled as Al-authored, it can reduce message
and source credibility, the perceived
competence of the author, the judged quality
of the work, and people’s willingness to use
or share it (Lermann Henestrosa and

Kimmerle, 2024; Proksch et al., 2024).
Perceived Al contribution has likewise been
linked to lower message and source
credibility (Jia et al., 2024), and readers tend
to evaluate narratives and poetry less
favorably when they believe the texts were
generated by Al (Marklova et al., 2026; Szab6
et al., 2026).

Altay and Gilardi (2024) offer a
particularly clear example of the downside of
false Al attribution: human-written headlines
were seen as less accurate and people were
less willing to share them when the headlines
were labeled as Al-generated. So the cost of
an Al attribution doesn’t require the text to be
actually produced by Al. A human author may
be penalized simply because the text is
believed to be Al-produced.

This means Al-attribution risk is a
different practical issue than detector
accuracy. The real question isn’t only whether
a source classifier gives the correct answer,
but whether a text is vulnerable to Al
attribution within a particular evaluation
context — and what results from that
attribution judgment.

The link to trust in W3 is suggestive,
but it should not be taken too far. Trust, which
loaded on the authorial-experiential end of the
scale, was negatively associated with later Al
attribution. Since trust was measured before
source attribution and perceived source
wasn’t experimentally manipulated, we can’t
claim that perceiving Al authorship actually
lowered trust. What we can support is
narrower: lower trust and stronger Al
attribution appeared together in the same
perceptual pattern in W3.

A logical next step is not simply to
establish whether perceptual impressions
precede source attribution: W3 already
showed that the perceptual ratings were made
before the source judgment and were strongly
associated with it. What remains unresolved is
what happens after an Al attribution has been
formed. An experiment separating actual
origin, presented origin, and spontaneously
emerging perceived Al-likeness could test
whether false-Al attribution itself changes
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credibility or trust. By holding the text
constant while manipulating the presented
source — and including a blind condition — it
would be possible to distinguish effects of
linguistic form from the downstream effects
of source belief.

If it does, then the practical challenge
goes beyond detection alone. It would become
useful to identify unwanted Al-likeness in
cases where source perception affects
credibility,  trust, or  communicative
effectiveness. Our findings across different
regimes also argue against relying on a single
Al-likeness score that works independently of
context. Any practical assessment would need
to be calibrated for a specific audience and a
specific evaluative setting.

4.5. Limitations and future directions

The study has clear limitations. The
objective linguistic analyses were based on 28
texts, while the detailed W3 perceptual
analysis relied on only 10. The repeated W3
evaluations enabled within-text analyses, but
the Authorial-experiential presence versus
schematic generality dimension now requires
replication using a larger, more varied set of
stimuli.

The corpus also varied in terms of topic
and communicative context. The Experience,
Opinion, and Emotion variables offered only
broad control over content differences, so the
semantic and stylometric origin signatures
should be viewed as characteristics of this
particular corpus, not as universal indicators
of Al-generated language.

In addition, the participants were
professional linguists. Their focus on textual
form and their expectations regarding Al-
generated writing may differ from those of
other reader groups, so the perceptual patterns
reported here should not be assumed to
generalize unchanged to broader populations.

Lastly, the three regimes differed at the
same time in participant cohort, procedure,
informational ~ context, and  judgment
sequence. They were not randomized levels of
a single manipulation. As a result, the cross-
regime findings document cue reweighting

linked to the different regimes, but they do
not show which specific element caused it. A
more rigorous causal test would keep the
stimuli and participant population constant
while manipulating the evaluative frame or
source information.

CONCLUSION

Perceived Al-likeness couldn’t be
traced back in a simple way to the actual
source of the text, or to any fixed set of
linguistic markers. Human-written and Al-
generated texts showed strong differences in
the way meaning was distributed and in their
stylometric profiles, which means that real
authorship did leave a measurable linguistic
imprint in this corpus. However, the key
dimensions that most clearly distinguished the
two source categories didn’t, by themselves,
fully account for Al attribution.

Individual cues also didn’t carry a stable
attributional meaning  across  different
evaluation settings. Several semantic and
stylometric indicators even flipped their
direction: the same measurable feature could
be linked to Al attribution in one regime and
to Human attribution in another. So, an
objective signal distinguishing Human from
Al doesn’t automatically translate into a fixed
perceptual “code” that people use when
judging the source.

Cohort 3 suggests a different organizing
principle. Here, Al attribution seemed to
follow a latent contrast between an author’s
lived, experiential presence and more
schematic, generalized writing. Readers were
less likely to label a text as Al-generated
when they could picture an author who
believes in what they’re saying — someone
emotionally engaged and grounded in real
experience. They were more likely to label it
as Al-generated when the writing felt
generalized, obvious, and template-like.
Importantly, this sense of authorial presence
IS a perception, not a guarantee about the
text’s true origin.

As a result, perceived Al-likeness is
best understood in this study as a property of
the text as it is perceived, not as a
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straightforward proxy for machine authorship.
The study separates that perceptual property
empirically from actual origin and identifies
one way in which it was organized in readers’
experience. Future work should therefore
move beyond linguistic markers of actual Al
origin and examine the linguistic signature of
perceived Al-likeness itself: which textual
features make writing seem Al-generated,
how these cues vary across genres,
communicative settings, and characteristics of
authors and readers, and how they relate to
trust, credibility, and later evaluation. An
especially important question is what happens
when a text is believed to be Al-generated,
whether that belief is correct or not.

Statement on the Use of Generative Al:
During the preparation of this manuscript, the
authors used Wordvice Al (Wordvice,
model/version not specified by the provider)
for English-language proofreading, including
spelling, grammar, and stylistic editing. The
tool was used in relation to the English-
language text of the manuscript and did not
perform data analysis or make methodological
or interpretive decisions. All Al-assisted edits
were critically reviewed and, where
necessary, revised by the authors. The authors
verified the accuracy of factual information,
references, and other relevant content and
take full responsibility for the final version of
the manuscript.

Supplementary materials: Supplementary
Tables S1-S12, together with the original
Russian W3 text-perception questionnaire and
its English translation, are publicly available
at:  https://github.com/Litvinoval984/when-
human-writing-looks-artificial-
supplement/releases/tag/v1.0

3asiByieHue 00 HMCIOJIb30BAHUM
renepatusHoro HWMU: Ilpu mnoaroroske
HaCTO}II_I_Ieﬁ PYKOIIUCH aBTOPBI HUCIIOJIb30BaJIA
Wordvice Al (Wordvice; Monens/Bepcus
pa3paboTUMKOM HE yKa3aHa) Jis S3BIKOBOM
BBIYUTKH QaHIJIOA3BIYHOI'O TCEKCTA, BKJIHOYasa
ucnpasieHue opdorpapuu, rpaMMaTUKd |
CTHJINCTUKH. NHCTpyMEHT  mpuUMeEHsIICA
TOJIBKO ITPU PCAAKTUPOBAHUN AHTTIOA3BIYHOT'O

TEKCTa PYKOIIMCHU U HE HCIOJb30BAJICA JIA

aHaJli3a JaHHBbIX, MMPUHATHA
METOI0JIOTUYECKHUX peleHui WIN
UHTEpIpeTaluu pE3yabTaToB. Bce

W3MEHEHMS, BHECEHHBIE C HCIIOJIb30BAaHUEM
CUCTEMBI, OBUIM KPUTUYECKU TPOBEPEHBI H
pd  HEOOXOMUMOCTH  OTPEIaKTHPOBAHBI
aBTOpaMH. ABTOpBI MIPOBEPUITU
JIOCTOBEPHOCTh (DaKTHYECKOW HWH(OPMAIIHH,
CCBUIOK M HHBIX DJIEMEHTOB COJEPXKAHUS U
HECYT  IOJIHYIO OTBETCTBEHHOCTh  3a
OKOHYATEJIbHYIO BEPCUIO PYKOITHUCH.
JlonmosiHUTEIbHBIE MaTepHuaJibl:
Jononuutenapubie Tadauipl S1-S12, a Takxke
OpUTMHAIIBHBIA pycckuil onpocHuk W3 1o
BOCIIPUSITHIO TEKCTa MW €ro aHMIMHACKUN
MepeBoJl  JOCTYHHBI  JUIsI  IyOJIMYHOTO
MpOCMOTpa o azpecy:
https://github.com/Litvinoval984/when-
human-writing-looks-artificial-
supplement/releases/tag/v1.0
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