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The idea of creating machines that could imitate or repro-
duce human thought has deep historical roots, long predat-
ing the digital computer. In Greek mythology, Hephaestus
forged mechanical servants of gold that could think and
speak, while in Jewish folklore, the Golem was an artificial
being that could be animated by Hebrew letters and mystical
incantations. By the Middle Ages and Renaissance, thinkers
such as Ramon Llull and later Gottfried Wilhelm Leibniz be-
gan to imagine logical machines—devices that might reason
mechanically using symbolic systems. Leibniz's vision of a
calculus ratiocinator was an especially prescient forerunner
of formal logic and, ultimately, computer science (1). The
Enlightenment’s mechanical philosophers, from Descartes
to La Mettrie, further speculated on the human mind as a
machine—a system of parts that might one day be repli-
cated artificially. In the mid-20th century, when advances in
formallogic, mathematics, and electronics finally converged,
Alan Turing proposed an operational definition of intelli-
gence through the imitation game, now known as the Turing
Test (2). This was a turning point in that, rather than asking
what thinking is, Turing asked whether machine behavior
could be indistinguishable from human behavior. The field
of artificial intelligence was formally established thereafter
and the ambition that machines might replicate human
judgment was transformed from philosophical speculation
into an empirical and technological enterprise of today (3).
However, the mechanisms by which artificial intelligence
arrives at judgments—and how these differ from human
reasoning—remain poorly understood. The study by Loru
et al. (4), in the current issue of PNAS, provides a systematic
investigation of how large language models (LLMs) oper-
ationalize key evaluative concepts such as reliability and
bias, and what this reveals about the broader epistemic
transformations introduced by automated judgment.

Namely, the latest versions of LLMs, such as ChatGPT,
Deepseek, Gemini, Llama, and Mistral all pass the Turing
Test, and often more commonly so than humans. Not
surprisingly, research has already claimed that LLMs may
serve as useful surrogates for humans in social science
research (5), market research (6), as well as healthcare (7, 8).
LLMs also enjoy widespread use in everyday tasks, such
as text generation, language translation, summarization,
and support in education (9). Moreover, arguments have
actually been put forth in favor of LLMs over humans, which
range from cost-effectiveness and scalability to the promise
of troves of synthetic data where it would otherwise be
scarce (10, 11). But as these models are rapidly becoming
integral to how societies process and evaluate information,
and as they increasingly participate in evaluative tasks that
were traditionally reserved for humans, the alarm bells
are ringing ever louder (12, 13). How is judgment itself
operationalized in LLMs?—A fundamental question that
Loru et al. (4) now answer.
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Fig. 1. Parallel information pathways in human and artificial judgment. On
the Right hand side, we have a typical information pathway of a human
to reach a certain judgment. On the Left hand side, we have a generic
large language model pathway with steps that very roughly correspond to
human action. Research done by Loru et al. (4) finds consistent differences in
judgments arrived at one way or the other. In fact, they conclude that lexical
associations and statistical priors influence evaluations in ways that differ
from human reasoning and normative criteria. This divergence is termed
epistemia—the illusion of knowledge that emerges when surface plausibility
replaces verification. More to the point, these findings are indicative not only
of systematic performance asymmetries, but they reveal also a deep shift
in the heuristics that underlie evaluative processes and raise fundamental
questions about delegating judgment to LLMs.
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To that effect the authors benchmarked six LLMs against
expert evaluations from NewsGuard and Media Bias/Fact
Check as well as against human participants engaged in a
controlled experimental task. To ensure comparability, they
implemented a structured agentic framework: Both models
and human subjects followed the same stepwise evaluation
process—selecting assessment criteria, retrieving relevant
information, and providing written justifications. Impor-
tantly, the focus was not on the news content itself, but
on how evaluative reasoning unfolds within and across
agents.

At the surface level, LLMs often appeared to align
closely with expert classifications, especially in flagging
unreliable or low-credibility outlets. However, this apparent
convergence masked fundamental differences in how the
judgments were produced. Human participants drew on
contextual understanding, content comprehension, and
pragmatic reasoning to assess credibility (14). LLMs, by
contrast, relied heavily on lexical associations, statisti-
cal priors, and surface-level linguistic cues embedded in
their training data. The models thus operated through
pattern-based approximation rather than deliberative or
normative reasoning, thus motivating the term “coun-
terfeit judgments.” These differences are summarized in
Fig. 1.

The study by Loru et al. (4), in the current issue of PNAS,
provides a systematic investigation of how large
language models (LLMs) operationalize key evaluative
concepts such as reliability and bias, and what this
reveals about the broader epistemic transformations

introduced by automated judgment.

This reliance on form over substance generated a dis-
tinctive dynamic that the authors term epistemia—the illu-
sion of knowledge that emerges when linguistic plausibility
substitutes for verification (4). In this mode, coherent and
well-structured language can appear truthful regardless of
factual grounding. Such epistemia poses epistemic risks
when automated systems are used to evaluate information
in environments already characterized by misinformation
and cognitive overload (15, 16).

The study also uncovered systematic asymmetries in
LLM evaluations. Right-leaning outlets were more likely
to be classified as unreliable, reflecting how the models’
training distributions and linguistic priors may encode and
reproduce sociopolitical biases. In addition, models tended
to exhibit what the authors describe as a “skepticism bias"—
a tendency to overreject accurate information—mirroring
patterns previously observed in human psychology (17).
Yet, despite these superficial similarities, the underlying
mechanisms diverged sharply: LLMs mimic certain behav-
ioral regularities of human judgment without replicating the
cognitive processes that generate them.

When examining the evaluative criteria, both LLMs and
human participants rated “factual accuracy” as the most
important dimension. However, their interpretations of
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accuracy differed profoundly. Human evaluators tended
to assess accuracy through comprehension and contextual
reasoning, while LLMs inferred it statistically from textual
regularities and correlations learned during training. Sec-
ondary criteria further highlighted this divide: LLMs empha-
sized "ownership transparency” and institutional markers
consistent with fact-checking protocols, while humans fo-
cused on rhetorical features such as tone, clarity, and emo-
tional neutrality. These tendencies echo cognitive heuristics
like processing fluency, whereby ease of reading enhances
perceived truthfulness—but in LLMs, such effects emerge
through structural rather than psychological mechanisms.

The implications of the performed research extend far
beyond news classification. As LLMs are increasingly em-
bedded into decision-making infrastructures—from social
media moderation and information filtering to policy anal-
ysis, law, and scientific evaluation—we warn that society
may be witnessing a structural shift in how evaluation
itself is defined and operationalized. Automated systems
transform evaluative reasoning from a deliberative, context-
aware process into one driven by pattern recognition and
probabilisticapproximation. This shiftintroduces new forms
of epistemic opacity, where judgments appear authoritative
but are underpinned by mechanisms opaque to human
scrutiny.

We also argue that such a transformation marks a new
phase in the evolution of the informa-
tion ecosystem. Whereas early research
on social media focused on the prob-
lems of volume and velocity—the sheer
overload of information (18)—the current
challenge concerns the nature of judg-
ment itself. When plausibility replaces
verification and pattern matching substi-
tutes for reasoning, the architecture of
collective knowledge becomes suscepti-
ble to distortions that arise not from misinformation
alone (15, 16), but from the epistemic procedures used to
assess it.

To mitigate these risks, we call, together with many
other researchers (4, 12, 13, 19), for greater transparency
in model reasoning, sustained human oversight, and the
development of hybrid approaches that integrate statistical
models with retrieval-based evidence and explicit reason-
ing and moral criteria (20). Such frameworks could help
disentangle factual reliability from ideological or stylistic
cues, allowing LLMs to support rather than supplant human
judgment.

Last, we wish to underscore an ever more apparent
paradox of the Al era: LLMs can replicate the appear-
ance of human evaluation without reproducing its sub-
stance. Their judgments may seem accurate, but they
are built upon fundamentally different epistemic foun-
dations. Recognizing and addressing this divergence is
essential if automated systems are to enhance—rather
than erode—the integrity of human knowledge and
deliberation.
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