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Abstract

When Large Language Models (LLMs) com-
bined with prompt-based approaches as human
simulacra emerged, they promised revolution-
ary shortcuts. Models trained on vast inter-
net corpora may replicate human behavior and
communication through text-based alignment.
The initial optimism of the NLP community
positioned LLMs as universal human proxies
capable of replacing participants in surveys,
generating authentic social media content, and
simulating diverse cultural perspectives. We
systematically dismantle this "myth of univer-
sal generalization" and document a shift toward
methodological rigor. Our research reveals fun-
damental limitations: LLMs exhibit inhuman
response patterns in psychometric assessments
and produce detectable synthetic content. We
analyze the difference between superficial lin-
guistic fluency and genuine human-like repre-
sentation, and reframe the current paradigm
from asking "can LLMs replace humans?" to
"under what validated conditions might LLMs
serve as useful research components in so-
cial sciences?" Our work shows how intercon-
nected research efforts challenge foundational
assumptions and establishes best practices for
deploying LLMs as human simulacra.

1 Introduction: A Myth and Its Spiral

Science, as Popper (2014) observed, must begin
with myths and with the criticism of myths. The
myth examined in this work is seductive: Large
Language Models (LLMs), trained on the aggre-
gate output of human civilization (Brown et al.,
2020), can serve as reliable proxies for human par-
ticipants in social science research. Model develop-
ers and early adopters promoted this claim (Argyle
et al., 2023; Park et al., 2023; Teubner et al., 2023),
and a steadily growing group of researchers deploy
LLMs as annotators (Pavlovic and Poesio, 2024),
survey respondents (Adilazuarda et al., 2024; Mo-
hammadi et al., 2025), and social media agents

(Törnberg et al., 2023; Chuang et al., 2024; La-
rooij and Törnberg, 2025a), often without validat-
ing whether model outputs genuinely resemble hu-
man behavior beyond surface plausibility (Larooij
and Törnberg, 2025a,b; Wang et al., 2025).

LLMs offer unprecedented scalability (Bisbee
et al., 2024; de Wynter, 2025; Yu et al., 2025), re-
sponses from thousands of “participants” in hours
rather than months (Bisbee et al., 2024). They
eliminate ethical complications of human subject
research and promise perfect experimental control
(Grossmann et al., 2023). It is less well-understood,
though, whether these approaches are valid. A
critical methodological gap (Tjuatja et al., 2024)
separates what LLMs have been demonstrated to
do from what researchers assume they can do and
that gap is most consequential when the assump-
tion concerns human-likeness (Salles et al., 2020).
Benchmark performance and linguistic fluency are
not surrogates for structural alignment with human
behavior (Agnew et al., 2024; Wang et al., 2025; Yu
et al., 2025). Model developers routinely report im-
pressive performance on standardized benchmarks
(Wang et al., 2018, 2019) and sometimes claim “su-
perhuman performance” on specific tasks (Bubeck
et al., 2023), claims that concern task-solving abil-
ity, not human-likeness. By definition, superhuman
performance is no longer human-like. While com-
putational social science is concerned with learning
about human social behavior, all one might be able
to learn when deploying LLMs instead of human
study participants is about how LLMs “behave”
(Shao et al., 2023). Thus, we require not only em-
pirical counter evidence but new metrics capable
of making invisible failures visible: a diagnostic
vocabulary adequate to the depth of the problem.

1.1 Central Hypothesis and Research
Questions

Our work constitutes a systematic falsification. We
test the following specific null hypothesis and op-
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erationalize the core components as follows:

Off-the-shelf LLMs with minimal prompt
engineering show quantitatively indistin-
guishable, human-like performance in
digital behavioral tasks.

1. Off-the-shelf LLMs denotes publicly avail-
able, instruction-tuned open-source models
used without task-specific fine-tuning (Tou-
vron et al., 2023; Dubey et al., 2024; Yang
et al., 2024; Jiang et al., 2023), the most com-
mon deployment mode in social-science ap-
plications (Alizadeh et al., 2025; Møller and
Aiello, 2024).

2. Minimal prompt engineering denotes
researcher-specified language prompts, per-
sona descriptions, task instructions, without
iterative optimization against outcome-
specific test sets (Liu et al., 2023; White et al.,
2023).

3. Quantitatively Indistinguishable Human-
like Performance requires that LLM outputs
align with empirical human baselines at the
level of distributions, internal response struc-
tures, and statistical effect sizes, not only
means and variances (Tjuatja et al., 2024; Shu
et al., 2024).

4. Digital Behavioral Tasks encompass two
complementary domains central to social sci-
ence applications: psychometric question-
naire responses (Demszky et al., 2023; Ye
et al., 2025) and social media content gen-
eration (Larooij and Törnberg, 2025a; Ng and
Carley, 2025).

We falsify this hypothesis through systematic
counterexamples rather than a single experiment
and formulate the following three research ques-
tions that operationalize our hypothesis.

RQ1 Do LLMs represent the internal structure of
psychological constructs observed in textual ques-
tionnaires in ways that align with the response pat-
terns of human populations?

RQ2 Can LLMs generate realistic social media
content and replicate authentic patterns of human
interaction based on history-based modeling?

RQ3 Can LLMs serve as human simulacra
through prompt-based approaches, or does effec-
tive alignment and ecological validity require data-
driven adaptation?

1.2 Structure of the Research Arc

We address these questions through progressively
more sophisticated methods: from zero-shot text
classification (Münker et al., 2025) to psychometric
fingerprinting (Münker, 2025b), from informal con-
tent ratings to multi-dimensional linguistic authen-
ticity metrics (Münker et al., 2026). Our research
arc is not a single experiment but a spiral (Jones,
1994), each study revealing a failure, each failure
motivating a more precise diagnostic, each diagnos-
tic generating an insight that the prior vocabulary
could not express.

The arc originates from two preliminary fail-
ures (Section 2) that raised questions that required
methodological answers. First, how does one quan-
tify the misalignment between synthetic and hu-
man content? And second, what evaluation frame-
work distinguishes genuine alignment from surface
plausibility? The psychometric strand (Section 3)
pursues the first question through three progres-
sively finer lenses, mean comparisons, variance
analysis, and inter-item correlation fingerprinting,
each revealing limitations invisible to its predeces-
sor. The social-agent strand (Section 4) pursues
the second question by formalizing empirical real-
ism and introducing multi-dimensional linguistic
authenticity metrics. The two strands converge on
RQ3 (Sections 5–6): the evidence across both do-
mains independently demonstrates that prompting
fails for structurally different reasons, and that fine-
tuning, while necessary, is not sufficient. We show
that the absence of a validation culture (Taubenfeld
et al., 2024; Qi et al., 2025), the tendency to deploy
LLMs as human proxies under the assumption of
capability rather than the demonstration of it, is not
a peripheral, but rather a central methodological
flaw.

2 The Research Context and Its Catalyst

Our work emerged from the TWON project (Twin
of an Online Social Network) project, which aimed
to build realistic simulations of social media plat-
forms to study democratic discourse (Gao et al.,
2024; Rossetti et al., 2024; Münker and Rettinger,
2025). The motivating question was practical: can
LLM agents, prompted to behave like real users,
populate a digital twin with ecologically valid be-
havior? This question is within a broader literature
that has moved rapidly to deploy LLMs as social
science instruments (Thapa et al., 2025; Grossmann
et al., 2023), as annotators for complex datasets, as
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automated survey respondents (Argyle et al., 2023;
Bisbee et al., 2024), and as generative agents in so-
cial simulations (Park et al., 2023; Törnberg et al.,
2023), often without validating whether the out-
puts genuinely resemble human behavior beyond
surface plausibility (Larooij and Törnberg, 2025b;
Agnew et al., 2024; Wang et al., 2025). Two prelim-
inary experiments negatively answered the TWON
motivating question, and, crucially, generated the
research questions that structured the section that
follows.

Failure 1: LLMs as Annotators. We applied
zero-shot prompt-based classification to German
political tweets (Münker et al., 2025). The results
were sobering. Models fabricated categories out-
side of provided taxonomies, produced different
classifications for identical inputs across repeti-
tions, and did not show a consistent relationship
between prompt sophistication and performance
(Jang et al., 2023). Detailed annotation guidelines
sometimes improved large models while confus-
ing smaller ones; task-name prompts occasionally
outperformed elaborate handbooks. These failures
were diagnostically important: they demonstrated
not only poor performance but also unstable and
opaque behavior (Ollion et al., 2024; Münker and
Sartori, 2026), properties that disqualify a system
as a scientific instrument, regardless of average
precision. Even when LLMs perform well on aver-
age, performance varies substantially across mod-
els and prompts with no reliable way to anticipate
which combination will succeed, and aggregate
metrics can obscure poor coverage of minority
classes (Stolwijk et al., 2025).

Failure 2: LLMs as Social Media Users. Paral-
lel experiments compared GPT-3.5-turbo (Achiam
et al., 2023) and Mistral-7B (Jiang et al., 2023) gen-
erating political social-media posts across English,
German, and Dutch for conservative, liberal, and
alt-right personas (Hershcovich et al., 2022). Two
patterns stood out. First, a dramatic language asym-
metry: English content rated much higher in per-
ceived authenticity by native speakers than Dutch
content, despite claims of multilingual capabilities
(Hershcovich et al., 2022). A native Dutch reviewer
found the generated content US-centric, discussing
US political figures in a European context. Sec-
ond, a systematic ideological bias (Münker, 2025c):
liberal personas achieved the highest authenticity
ratings, while conservative-prompted models of-
ten expressed moderate or progressive viewpoints

(Rozado, 2023; Rutinowski et al., 2024). An addi-
tional pattern emerged around content idealization:
the generated posts featured complete sentences,
logical transitions, and grammatical correctness
that far exceeded the typical platform norms of ab-
breviations, typos, and emoji (Duncan, 2024), an
excessive polish that immediately marks content as
synthetic.

These failures were productive because they
were specific. They raised questions that demanded
methodological answers: how does one quantify
the misalignment between synthetic and human
content? What evaluation framework distinguishes
genuine alignment from surface plausibility (La-
rooij and Törnberg, 2025b)? The rest of our work is,
in essence, an attempt to build those frameworks,
and the answer to RQ3 begins here: if prompt-
ing cannot even sustain ideological consistency
or match a language’s informal register, it cannot
serve as the foundation for valid human simula-
tion.

3 Psychometrics: From Means to
Structure

Our first research question (RQ1) asked whether
LLMs represent the internal structure of psycho-
logical constructs in ways that align with human
populations. We investigate this through three pro-
gressively finer lenses, each exposing limitations
the prior level could not detect.

3.1 Mean Comparisons: Necessary but
Insufficient

The first study (Münker, 2025c) used the Moral
Foundations Questionnaire (MFQ) (Graham et al.,
2009, 2011), repeatedly surveying seven open-
source models (7B-176B parameters) prompted to
respond as conservative, moderate or liberal indi-
viduals. The finding was clear: models failed to
reproduce the ideological patterns observed in hu-
man populations (Hatemi et al., 2019; Hutchinson
et al., 2020; Abid et al., 2021; Liu et al., 2022).
Conservative-prompted models did not align with
conservative human baselines; the variance be-
tween repetitions was enormous (0.030–0.425, de-
pending on the model), far exceeding human intra-
individual variability (Tjuatja et al., 2024).

The lesson: Mean comparisons reveal system-
atic bias but hide inconsistency. A model could
average to the correct mean while producing wildly
scattered individual responses, a problem invisible
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to the standard “does the LLM agree with humans
on average?” design (Bisbee et al., 2024; Petrov
et al., 2024; Lee et al., 2025).

3.2 Variance Analysis: Necessary but Still
Insufficient

Extending to the MFQ-2 across 19 cultural con-
texts (Münker, 2025a), we found a deeper prob-
lem: LLMs systematically homogenize moral di-
versity (Anderson et al., 2024; Priyanshu and Vi-
jay, 2024). Average alignment was better for Eu-
ropean contexts (Belgium: mean distance 1.321)
than non-Western ones (Japan: 2.970), reflecting
Western training data biases (Ryan et al., 2024;
Myung et al., 2024). However, to extend our analy-
sis beyond mean-only comparison, we utilized an
ANOVA which revealed that Mistral 7B produced
statistically indistinguishable responses across cul-
tural personas for 34 of 36 questionnaire items,
effectively generating the same output regardless
of specified cultural background.

A surprising finding: model size did not reli-
ably improve performance. Qwen 2.5 7B outper-
formed its 72B counterpart (mean distances 0.817
vs. 1.143), while Mistral showed the opposite pat-
tern. This inconsistency would recur throughout
the following studies and eventually motivated a
structural argument: the limitation is not capacity,
but the training objective (de Wynter, 2025). Mod-
els learn to produce fluent text, not psychologically
valid responses (Bender et al., 2021).

The lesson: Variance analysis catches homog-
enization, but still evaluates output item-by-item.
It cannot detect whether the relationships between
items, the factor structure that defines a psycholog-
ical construct, are preserved (Nunnally, 1975).

3.3 Fingerprinting: The Missing Dimension
The third study (Münker, 2025b) introduced a
novel methodology treating the inter-item corre-
lation matrix of questionnaire responses as a "fin-
gerprint" of how a model internally organizes psy-
chological constructs (Pearson, 1901; Cronbach,
1951). Using the Humor Styles Questionnaire (Mar-
tin et al., 2003) and 1,000 independent response
sets from six LLMs, we constructed these finger-
prints and compared them to human baselines.

Human response groups showed high "finger-
print" similarity (0.776–0.891; mean 0.823), re-
flecting the robust psychological constructs under-
lying humor preferences. The LLM fingerprints
showed near-zero similarity to with human patterns

(mean 0.026), orthogonal relationships that indicate
fundamentally different organizational principles.
Exploratory Graph Analysis (Golino and Epskamp,
2017) confirmed that no tested model recovered
the theoretically expected four-factor structure of
the HSQ; instead producing 2-8 idiosyncratic com-
munities. Cronbach’s α (Cronbach, 1951) ranged
from 0.008 to 0.617 across models and dimensions,
compared to 0.790–0.841 for humans.

The surprising insight: cross-family model simi-
larities often exceeded within-family similarities,
suggesting that factors beyond architectural lineage
(presumably training data and instruction-tuning
procedures (Sparrenberg et al., 2024)) dominate
the organization of psychological constructs. This
architectural independence challenges the implicit
assumption that model families share psychologi-
cal representations (Sandhan et al., 2025).

The lesson: The failure is not noise around ap-
proximately correct means; it is structural. LLMs
organize psychological constructs according to
qualitatively different principles from human cogni-
tion (Ren et al., 2025). This has direct implications
for RQ3: if the deficit is structural rather than su-
perficial, prompt engineering, which operates at
the surface level, is inherently insufficient.

4 Social Agents: From Static to Dynamic

The second research question (RQ2) shifted from
controlled psychometric settings to open-ended
social media content generation. Two studies
(Münker et al., 2026; Münker et al., 2026) closed
the empirical arc by extending the misalignment
argument from Likert-scale responses to free-text
communication.

4.1 Formalizing Empirical Realism

A foundational contribution (Münker et al., 2026)
was methodological: formalizing what it means for
an LLM agent to behave realistically in a social
network context. Prior simulation work typically
assumed validity based on surface plausibility; we
introduced mathematical definitions for user-level
behavior and platform mechanics, along with quan-
tifiable loss functions to measure empirical realism,
the distance between simulated and observed be-
havior. This formalization made validity claims
falsifiable rather than anecdotal and untestable.

Instantiating the framework on a dataset of Ger-
man and English political discourse from X, we
compared prompt-based and fine-tuned approaches
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on three tasks: generating original posts, generating
replies, and predicting reply likelihood. The lan-
guage asymmetry observed in Section 2 was repli-
cated and quantified. Fine-tuned English reply gen-
eration achieved substantial BLEU scores (0.239)
and strong embedding similarity (distance 1.427),
with TweetEval correlations of 0.377-0.586. Fine-
tuned German models failed dramatically (BLEU:
0.021; embedding distance: 2.891), with high vari-
ance indicating unstable performance. The reply
likelihood task showed an English fine-tuned F1 of
0.978 vs. German 0.703.

The lesson: Benchmark performance in English
does not transfer even to major European languages
with substantial training data. Universal generaliza-
tion claims cannot be taken at face value.

4.2 Multi-Dimensional Authenticity Detection

The final study (Münker et al., 2026) introduced
a multi-dimensional evaluation framework that
combines quantitative linguistic features, mor-
phosyntactic analysis, semantic classification, and
embedding-based clustering to assess where syn-
thetic content diverges from human communica-
tion. Fine-tuned models consistently outperformed
prompt-based approaches in all feature types, con-
firming the superiority of data-driven adaptation.
However, both remained detectably synthetic. The
classifier with the highest performance that com-
bined tf-idf, fastText embeddings, and extracted
features achieved macro F1 of 0.7301 (German)
and 0.6972 (English).

The lesson: Traditional tf-idf representations
proved remarkably effective for detecting prompt-
based content (German: 0.8510; English: 0.8000),
outperforming modern neural embeddings. This
suggests that naively generated content exhibits
surface-level lexical regularities so systematic that
bag-of-words features suffice for detection. The ex-
cessive polish observed in preliminary experiments
(complete sentences, grammatical correctness, for-
mal transitions) (Münker et al., 2026) leaves a lexi-
cal fingerprint as distinctive as the psychometric fin-
gerprint (Münker, 2025b) at the correlation level.

5 Insights: What the Spiral Reveals

Telling this story as a connected arc, rather than as
eight independent papers, surfaces insights difficult
to glean from any individual contribution.

The Prompting Insufficiency, Formally. Each
phase of the research provides independent ev-

idence that prompting LLMs cannot overcome
training-induced limitations. In psychometrics:
prompting fails to produce stable, culturally dis-
tinct, or structurally valid responses. In con-
tent generation: prompting produces easily de-
tectable lexical signatures and ideological homog-
enization. The convergence across domains and
methods, from Cronbach’s α (Cronbach, 1951) to
BLEU scores (Papineni et al., 2002) to tf-idf clas-
sifiers (Ramos et al., 2003), constitutes stronger
evidence than any single experiment. Crucially,
each study reveals a different mechanism: instabil-
ity (high inter-repetition variance), homogenization
(ANOVA indistinguishability across cultural per-
sonas), structural misalignment (fingerprinting or-
thogonality), and lexical regularities (tf-idf superi-
ority over neural embeddings). Together, they sug-
gest that prompting fails for multiple, compounding
reasons that are unlikely to be resolved by further
prompt engineering alone (Liu et al., 2023; Møller
and Aiello, 2024).

Scale as a Red Herring. The most consistent
cross-study finding is that model size does not re-
liably improve performance on socially-grounded
tasks. Qwen 2.5 7B outperformed its 72B counter-
part in cultural diversity representation; no tested
model, regardless of size, recovered the expected
structure of the HSQ factor; size-performance cor-
relations were inconsistent between tasks and lan-
guages. The implication goes deeper than a neg-
ative result: current scaling approaches (Brown
et al., 2020) optimize for benchmark performance
and linguistic fluency, not for psychological valid-
ity or cultural fidelity (Adilazuarda et al., 2024).
The failure mode is not an insufficient capacity
but a misspecified training objective (de Wynter,
2025).

Fine-Tuning: Necessary but Not Sufficient.
Data-driven adaptation through supervised fine-
tuning consistently outperforms prompting and
should be treated as the minimum viable approach
for deployment (Alizadeh et al., 2025; Møller and
Aiello, 2024). But fine-tuned models remain de-
tectably synthetic through multi-dimensional analy-
sis. Fine-tuning reduces the most visible symptoms
of misalignment without addressing the underlying
cause (Lin, 2024). This distinction matters for how
researchers frame validity claims: competitive task
metrics and genuine behavioral fidelity are not the
same thing, and treating them as equivalent is pre-
cisely the conflation that produced the myth this
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work dismantles (Larooij and Törnberg, 2025b).

Not all Languages are Equal. The English-
German-Dutch performance hierarchy, observed in
preliminary experiments and quantified in multiple
studies, reveals that the claims of LLM capability
are implicitly English-centric (Hershcovich et al.,
2022; Ryan et al., 2024). Researchers who deploy
LLMs validated on English data in other languages
conduct invalid experiments without knowing it
(Heseltine, 2025). This is not a peripheral concern
for multilingual NLP; it is a fundamental threat
to the validity of any computational social science
research using LLMs in non-English contexts, that
is to say, most of the world.

The Absence of a Validation Culture. Across
the literature that this arc responds to, the dominant
pattern is deployment without calibration. LLMs
are used as human proxies under the assumption
of capability rather than the demonstration of it
(Taubenfeld et al., 2024; Qi et al., 2025; Balluff
et al., 2026). Our most practically consequential
contribution is not any single metric or finding, but
the argument that this assumption is unjustified and
that the field requires a norm of mandatory domain-
specific validation before each new deployment
(Larooij and Törnberg, 2025b). As with any scien-
tific instrument (Popper, 2014), the question is not
whether the tool is impressive, but whether it has
been calibrated for the task at hand (Grimmer and
Stewart, 2013).

6 Lessons Learned & Future Work

Start with the metric. The methodological arc
moved from surface comparisons (means) toward
structural ones (fingerprinting, multi-dimensional
detection). In retrospect, beginning with the de-
tailed metrics would have been more efficient, but
the superficial metrics were necessary to establish
that means and variances were insufficient (Nor-
ris and Lecavalier, 2010). The lesson for future
researchers: define what “valid alignment” means
before collecting data. Without a pre-specified
structural criterion, apparent success may reflect
statistical coincidence or implicit prompt optimiza-
tion against an undeclared test set (Miller et al.,
2021).

Report negative results explicitly. Several find-
ings here are null results or failures that carry scien-
tific value: the absence of size-performance correla-
tion; the failure of cultural persona prompting; the

inability of any tested model to recover factor struc-
tures. These are as informative as positive findings
(de Wynter, 2025), but face publication pressures
that reward only the latter. The research arc format
is precisely the venue where such results can be
foregrounded rather than buried in appendices.

The evaluation protocol problem compounds
over time. Iterative prompt refinement without
independent evaluation is methodologically equiv-
alent to tuning hyperparameters on the test set (Ol-
lion et al., 2024). Every study here was designed
with pre-specified evaluation criteria and human
baselines collected independently of the prompting
process. This design discipline was costly but es-
sential: without it, any observed alignment could
reflect prompt optimization rather than model ca-
pability (Koh et al., 2021).

6.1 The Road Ahead: EVAS

We propose the Ecological Validation of Artificial
Simulacra (EVAS) agenda as a framework for ad-
vancing empirically grounded evaluation of LLMs
as behavioral agents. The psychometric finger-
printing methodology (Münker, 2025b) is modular:
any Likert-scale instrument can be fingerprinted
and compared across models and human popula-
tions. The multi-dimensional authenticity frame-
work (Münker et al., 2026) provides a toolkit for
moving beyond single-metric content evaluation.
These are not endpoints but scaffolding for a vali-
dation culture the field currently lacks. Three ex-
tensions are most urgent.

Multi-Turn and Longitudinal Protocols: All
psychometric studies here use single administra-
tions; authentic human behavior is dynamic and
context-sensitive (Park et al., 2023). Human behav-
ioral consistency, or inconsistency, evolves across
exchanges. Turn-based correlation analysis, analo-
gous to fingerprinting but applied across conversa-
tion history, could track behavioral consistency in
ways static questionnaires cannot, directly extend-
ing RQ1 into dynamic interaction contexts (Sand-
han et al., 2025).

Mechanistic Interpretability: Fingerprinting re-
veals that LLMs organize psychological constructs
differently from humans; it does not reveal why.
Circuit-level analysis (Dunefsky et al., 2024) may
locate the architectural origins of structural mis-
alignment, a prerequisite for designing training
procedures that reduce it rather than masking it
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through surface-level adaptation. Understanding
the mechanism is necessary to know whether the
fix lies in training data, instruction tuning, or archi-
tecture (Shen et al., 2024).

Expanded Linguistic and Cultural Coverage:
This work covers 19 cultural contexts and two
languages. The gaps, non-Latin script languages,
Indigenous language communities, and cultural
contexts underrepresented in digital text corpora
(Myung et al., 2024; Adilazuarda et al., 2024), are
precisely those where failures are most likely to be
severe and least likely to be detected by researchers
working in high-resource language contexts. Any
universal claim about LLM human-simulacrum ca-
pability should be treated as unwarranted until cov-
erage of these blind spots exists.

7 Conclusion

Box’s dictum, all models are wrong, but some are
useful, applies here, but only if applied with care.
The myth of universal generalization is empirically
falsified across multiple independent lines of evi-
dence. LLMs cannot reliably serve as human sim-
ulacra through minimal prompt engineering; this
claim fails across representation of political ide-
ology, cross-cultural moral diversity, psychologi-
cal factor structure, and social media communica-
tion. Each failure is documented not as a single
anomaly, but through systematic, quantified evalu-
ation against pre-specified human baselines. Each
research question receives a negative answer on the
null hypothesis:

RQ1 LLMs do not represent the internal struc-
ture of psychological constructs in ways that align
with human response patterns. The failure is struc-
tural rather than superficial, not noise around ap-
proximately correct means, but qualitatively differ-
ent organizational principles revealed by inter-item
correlation fingerprinting (Münker, 2025b) and Ex-
ploratory Graph Analysis (Golino and Epskamp,
2017). No tested model, regardless of architecture
or parameter count, recovered the established factor
structure of either the Moral Foundations Question-
naire (Graham et al., 2009) or the Humor Styles
Questionnaire (Martin et al., 2003).

RQ2 LLMs cannot reliably generate realistic so-
cial media content across languages (Münker et al.,
2026). Fine-tuned English models approach human
performance on specific metrics, but German mod-
els fail dramatically even after fine-tuning, and even

the best-performing models remain distinguishable
through multi-dimensional linguistic classification
(Münker et al., 2026). The persistent detectability
emerges from systematic signatures, morphosyn-
tactic patterns, semantic distributions, lexical regu-
larities (Ramos et al., 2003), that characterize gen-
erated text across all tested approaches.

RQ3 Prompt-based approaches are insufficient;
data-driven adaptation is necessary but not suffi-
cient. Fine-tuning outperforms prompting on every
evaluated task and language (Alizadeh et al., 2025;
Møller and Aiello, 2024), establishing it as the
minimum viable approach for deployment. But
fine-tuning ameliorates rather than eliminates mis-
alignment, and the residual gap is not a matter of
insufficient training data or architecture, it reflects
the fundamental representational distance between
statistical text approximation and embodied, cultur-
ally situated human cognition (Shanahan, 2024)

7.1 The Constructive Conclusion

The more constructive conclusion is not that LLMs
are useless for social science. It is that the field
has lacked a validation culture adequate to distin-
guish genuine alignment from superficial mimicry
(Larooij and Törnberg, 2025b). Individual studies
documented failures in annotation stability, ideo-
logical bias in content generation, cultural homog-
enization in moral questionnaires, and detectable
linguistic signatures in synthetic text. Read as a
connected narrative, these converge on a unified
theoretical argument: current LLMs are sophisti-
cated pattern-completion systems whose outputs
reflect the statistical regularities of training text, not
the embodied, culturally situated, psychologically
structured experience of human cognition (Bender
et al., 2021; Ren et al., 2025).

Prompting fails for different reasons across do-
mains, instability, homogenization, structural mis-
alignment, lexical regularity, which together indi-
cate that the limitation is not a single fixable bug but
a feature of how these systems represent meaning
(Dziri et al., 2024). Scaling does not resolve it; fine-
tuning ameliorates but does not eliminate it (Lin,
2024). This has direct implications for research
design. Because the deficit is structural rather than
superficial, interventions that operate only at the
surface level, longer prompts, richer persona de-
scriptions, more elaborate few-shot examples (Min
et al., 2022), are inherently insufficient. The ques-
tion is not whether to engineer the prompt more
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carefully but whether the validation framework can
detect the remaining misalignment.

7.2 Practical Recommendations

Do not trust English benchmarks. Validation
on English data does not transfer to other languages
or cultural contexts; every deployment context
requires its own validation study. The English-
German-Dutch performance hierarchy documented
in our studies is not an edge case, but a predictable
consequence of the imbalance of training data (Her-
shcovich et al., 2022; Ryan et al., 2024). Re-
searchers who deploy LLMs for non-English social
science tasks on the basis of English benchmark
scores are conducting invalid experiments without
adequate grounds to know it (Heseltine, 2025).

Evaluate with independent, domain-matched
test sets. Iterative prompt refinement without in-
dependent evaluation is methodologically equiva-
lent to tuning hyperparameters on the test set (Ol-
lion et al., 2024); prompts must be fixed before
consulting evaluation data. Evaluation data must
be drawn from the same domain, register, and lan-
guage as the intended deployment setting: a clas-
sifier that achieves high precision in formal news
text tells us little about behavior in informal social
media discourse (Koh et al., 2021). Human base-
line data should be collected under conditions that
are truly independent of the prompt development
process.

Do not trust surface-level output as evidence
of deep alignment. High BLEU scores (Pap-
ineni et al., 2002) and plausible survey responses
are compatible with deep structural misalignment;
validation must incorporate structural measures
along with surface-level metrics (Ye et al., 2025).
As the results of the psychometric fingerprinting
demonstrate, a model can produce questionnaire
responses that match human means and fall within
human variance ranges while organizing the under-
lying construct according to principles orthogonal
to human psychology (Münker, 2025b).

Fine-tune, but validate independently. Fine-
tuning should be treated as the minimum viable
approach (Møller and Aiello, 2024; Alizadeh et al.,
2025), but a fine-tuned model is a new system
requiring its own validation pipeline (Koh et al.,
2021). Fine-tuning domain-specific data consis-
tently reduced visible symptoms of misalignment
in our studies, but did not eliminate them: fine-

tuned models remained detectably synthetic in mul-
tiple types of features and continued to show struc-
tural divergence from human baselines (Lin, 2024).

Acknowledge theoretical humility. Fundamen-
tal limitations arising from the lack of embodiment
and cultural grounding (Shanahan, 2024) are not
engineering problems that can be solved by larger
models or better instructions. Our cross-study find-
ing that model size does not reliably improve per-
formance on socially-grounded tasks is not merely
a negative empirical result but a signal about the
nature of the deficit (de Wynter, 2025): the gap
between statistical text approximation and embod-
ied, culturally situated human cognition is unlikely
to close through scaling procedures optimized for
benchmark fluency (Bender et al., 2021).

Validate individually; there is no universal
rule. Human-likeness is context-, language-, and
domain-dependent (Adilazuarda et al., 2024); in
each new application context, the degree of align-
ment must be empirically demonstrated, not as-
sumed. A model validated for English survey sim-
ulation cannot be assumed to generalize to German
social media content generation, and a model vali-
dated for political ideology representation cannot
be assumed to generalize to humor style or moral
foundations (Münker, 2025b,a).

7.3 Closing
The shift our work calls for is ultimately sim-
ple to state: from asking "can LLMs replace hu-
mans?" to asking "under what validated conditions
might LLMs serve as useful research components?"
That second question is harder to answer, requires
domain-specific work, and does not generate uni-
versal rules. However, it is a scientifically defen-
sible question, and every deployment of LLMs as
human proxies should be treated as requiring the
same standards applied to any other scientific in-
strument: calibration, validation, and explicit ac-
knowledgment of limitations. The building block
for this validation is where our work in this arc
began. It is unfinished, but the direction is clear:
validate before deploying, report failures alongside
successes, and resist the conflation of impressive
benchmark numbers with the far more demanding
standard of genuine behavioral fidelity. Thus, in
line with Box’s observation, we argue that LLMs
can be made useful for digital behavioral tasks,
even though they remain fundamentally different
from the humans they approximate.

38



Limitations

Our research arc covers eight studies conducted
between 2023 and 2026 with numerous secondary
literature, and quantitative findings reflect the ca-
pability of models from those development cycles.
The specific performance gaps documented, be-
tween English and German, between prompted and
fine-tuned approaches, between LLM and human
factor structures, should be interpreted as snapshots
rather than permanent verdicts. Future architec-
tures or training procedures may narrow specific
gaps, though the theoretical argument, that disem-
bodied statistical text approximation is structurally
distinct from embodied human cognition, is un-
likely to be resolved by scale alone.

The psychometric strand of our work relies on
established instruments (MFQ, MFQ-2, HSQ) with
existing human baselines. While this grounding en-
ables principled comparison, it also means our find-
ings are specific to the constructs these instruments
measure. Generalizability to other psychological
dimensions or questionnaire formats requires sep-
arate validation. Similarly, the human baselines
for MFQ and MFQ-2 were collected under spe-
cific sampling conditions; cross-study comparisons
carry the usual caveats about population represen-
tativeness.

The social agent strand is limited to two lan-
guages (English and German) and one platform
type (micro-blogging discourse on X). The dra-
matic English-German performance asymmetry
suggests that findings from high-resource lan-
guage evaluations should not be extrapolated to
other language contexts without independent vali-
dation. Non-Latin script languages, low-resource
languages, and communities underrepresented in
digital text corpora remain unexamined, and these
are precisely the contexts where failures are likely
to be most severe.

Our detection framework demonstrates that syn-
thetic content is classifiable, but the specific feature
combinations and thresholds are calibrated to the
dataset collected in 2023. As generation techniques
advance, classifiers require retraining to remain
valid. Detection performance should therefore be
treated as a lower bound on the distinguishability
of future synthetic content, not an upper bound.

Finally, our research exclusively examines
open-source instruction-tuned models, a deliber-
ate methodological choice ensuring reproducibil-
ity. Findings may not transfer directly to propri-

etary systems with different alignment procedures,
though the theoretical and structural arguments we
advance do not depend on specific implementa-
tions.

Ethical Considerations

Our work investigates the use of LLMs as sub-
stitutes for human participants in social science
research, a practice with direct consequences for
the validity of scientific claims and for the popula-
tions those claims are meant to represent. Our pri-
mary ethical concern is the harm caused by unvali-
dated deployment: when LLMs are used as human
proxies without calibration, the resulting research
may systematically misrepresent the populations
it claims to study, particularly non-Western, non-
English-speaking, and politically minority commu-
nities whose perspectives are demonstrably under-
represented in model outputs.

All human baseline data used in our psychome-
tric studies was drawn from previously published
datasets collected under their respective ethical re-
view protocols. No new human subjects data was
collected as part of this research arc.

The guardrail vulnerability work documented in
our broader research program revealed that open-
source models can be prompted to generate ex-
tremist and antisemitic content. We followed re-
sponsible disclosure norms and do not provide spe-
cific jailbreaking prompts in any publication. The
findings are reported to motivate stricter validation
standards rather than to enable misuse.

We are aware of a tension in this work: by docu-
menting that LLM-generated content remains de-
tectable, we simultaneously provide a benchmark
against which evasion can be measured. We con-
sider this tension unavoidable; the detection meth-
ods we describe are necessary for scientific valida-
tion, and concealing detection capabilities would
not meaningfully impede determined adversarial
actors while it would harm the research commu-
nity’s ability to assess authenticity.

The EVAS agenda we propose is intended to
raise, not lower, the bar for deploying LLMs in
sensitive social contexts. Practitioners who use our
frameworks to establish domain-specific validation
protocols advance a more responsible research prac-
tice; those who use benchmark performance as a
substitute for validation do not.
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