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Abstract

Lexical markers are increasingly used to estimate the prevalence of large language model
(LLM)-assisted writing across large publication corpora. However, longitudinal applications
of this approach rely on an important assumption: that the relationship between these
markers and LLM use remains sufficiently stable over time. Recent research suggests that
once publicly identified, individual markers may lose their diagnostic value due to adaptation
by users and the evolution of language models. Furthermore, lexical markers may reflect not
only LLM use, but also linguistic competence, Al-assisted editing, and broader forms of
stylistic convergence. This paper introduces the Marker Drift Problem to describe a
methodological challenge in which indicators change alongside the phenomenon they are
intended to measure. Marker drift raises questions about temporal comparability, as
observed changes in marker prevalence may reflect changes in LLM use, changes in the
indicators themselves, or both. Without attention to the temporal stability and construct
validity of lexical indicators, increasingly precise estimates of LLM-assisted writing may be
based on unstable measurement instruments.
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The rapid adoption of large language models (LLMs) in academic writing has created a
parallel methodological challenge: how can their use be measured at scale? One increasingly
influential approach relies on lexical markers — words or expressions whose frequency
increased following the widespread adoption of generative Al. Such markers offer a scalable
method for estimating LLM-associated writing across large publication corpora. However,
their use for longitudinal measurement relies on an important assumption: the indicators
themselves must remain sufficiently stable over time.

The problem is particularly important for longitudinal studies. If the diagnostic relationship
between a lexical marker and LLM use changes over time, estimates derived from the same
marker set may not be directly comparable across periods. An observed decline in a marker
may reflect reduced LLM use, but it may equally reflect user adaptation, model evolution, or
the diffusion of previously LLM-associated language into human writing. Conversely, the
emergence of new markers may create the appearance of changing prevalence even when
the underlying level of LLM assistance remains stable. Marker drift therefore raises a
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problem of temporal comparability: the measurement instrument is not necessarily invariant
across the period being measured.

McCreery and Naser (2026) employ the approach proposed by Kobak et al. (2025), according
to which the prevalence of large language models in academic writing can be assessed
through the analysis of characteristic lexical markers. The relationship between marker
density and citation rates in engineering publications, which constitutes the central finding of
the article, is derived from this approach.

However, this approach relies on an important assumption: the markers must remain
sufficiently stable to be used for assessing the prevalence of LLM-associated writing. This
assumption warrants further discussion.

One of the most interesting findings of the article itself is the observation that certain words,
previously regarded as hallmarks of LLM usage, begin to lose popularity once their
diagnostic role becomes the subject of public debate. A similar conclusion was reached by
Geng and Trotta (2025), who demonstrated a decline in the frequency of words such as
delve’, ‘intricate’, ‘pivotal’ and ‘realm’ after they became widely recognised as markers of
ChatGPT-like writing.

This observation is significant not only for Al-text detection. The set of markers changes
under the influence of user reactions and the evolution of the language models themselves.
Longitudinal comparisons of successive ChatGPT versions likewise illustrate how LLM
outputs and capabilities can change substantially over relatively short periods (Nazarovets &
Teixeira da Silva, 2026). As a result, the indicators used for measurement also evolve. Under
such conditions, estimates of LLM prevalence may reflect not only the scale of language
model usage, but also the relevance of a specific set of lexical indicators at a given time.

This development is consistent with the findings of Al detection research. A number of
studies indicate that any successful detection strategy creates incentives for further
adaptation (Kehkashan et al., 2025). As soon as certain linguistic features begin to be used
as markers of LLM texts, users have reason to avoid such constructions, and new
generations of language models gradually move away from patterns that have become
easily recognisable.

In this context, marker drift appears not as a random anomaly, but as a natural consequence
of the interaction between detection tools and the object being detected. As noted by
Majovsky et al. (2024), the development of text generation and detection systems is taking
on the characteristics of a technological race, in which each new generation of detectors
stimulates the emergence of new evasion strategies. At the same time, Liu, Li and Li (2025)
demonstrate that the effectiveness of many indicators depends on the specific model,
domain, and degree of human intervention in the text.

The challenge extends beyond the disappearance of individual markers. The indicator set
itself is continuously evolving, while the boundary between human and LLM-associated
writing is becoming increasingly blurred. Geng and Poibeau (2025) point out that editing,



paraphrasing and other hybrid forms of interaction between the author and the language
model are making the interpretation of linguistic features increasingly difficult.

This leads to a more fundamental question: what exactly do lexical markers measure? Liang
et al. (2023) demonstrated that popular Al text detectors systematically classify texts by
non-English-speaking authors as Al-generated more often, suggesting a possible influence
of linguistic competence on such assessments. A similar argument is put forward by
Hashemi, Shi and Corriveau (2025), who highlight the distinction between fully generated
texts and those that have merely been edited or linguistically enhanced using an LLM. Under
these conditions, identical markers may reflect fundamentally different forms of interaction
between a human and a language model.

Thus, markers may signal not only the use of LLMs, but also the author’s linguistic
competence, editorial intervention, stylistic imitation, or the broader influence of LLMs on
academic writing. This poses a methodological problem for approaches that use lexical
markers as proxies for assessing the prevalence of LLM-associated writing (Kobak et al.,
2025). More broadly, LLMs are increasingly used for specific scholarly tasks beyond text
generation, including research evaluation and post-publication review triage (Nazarovets &
Teixeira da Silva, 2026), further complicating attempts to infer the nature or extent of LLM
involvement from textual features alone.

This methodological challenge is referred to here as the Marker Drift Problem, a situation in
which the measurement tool evolves alongside the phenomenon it is designed to measure.
Under such conditions, estimates of LLM prevalence may reflect not only changes in the use
of language models, but also changes in the properties of the indicators themselves. In this
regard, a promising avenue appears to be the search for more robust indicators, in particular
approaches that rely not on individual words or phrases, but on deeper statistical
characteristics of the text (Wang et al., 2026).

A complementary approach is to reduce reliance on indirect inference by encouraging
transparent, voluntary disclosure of GenAl use. Structured frameworks such as the
Generative Al Delegation Taxonomy (GAIDeT) allow authors to report specific tasks
delegated to GenAl, rather than requiring researchers to infer such use from unstable
linguistic traces (Suchikova et al., 2026). Although self-reported disclosure cannot capture
undisclosed use and therefore does not replace observational methods, it can provide a
valuable complementary source of evidence for studying how GenAl is used in scholarly
work.

McCreery and Naser (2026) convincingly demonstrate the potential of lexical markers for
studying LLM-associated writing. At the same time, their work draws attention to a broader
issue: the indicators used to assess the prevalence of LLM-assisted writing may themselves
change under the influence of the evolution of language models and writing practices.

The Marker Drift Problem describes a situation where a measurement tool evolves alongside
the phenomenon it is designed to measure. Under such conditions, estimates of LLM



prevalence may reflect not only changes in the use of language models, but also changes in
the properties of the indicators themselves.

For the further development of this field, understanding how long these markers remain
informative and exactly what they measure is no less important than the search for new
markers. Without due attention to the temporal stability and construct validity of lexical
indicators, increasingly precise estimates of LLM-assisted writing may be based on unstable
measurement instruments.
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