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Abstract
The increasing use of Large Language Models (LLMs) as proxies for human participants in social science research
presents a promising, yet methodologically risky, paradigm shift. While LLMs offer scalability and cost-efficiency, their
"naive" application, where they are prompted to generate content without explicit behavioral constraints, introduces
significant linguistic discrepancies that challenge the validity of research findings. This paper addresses these
limitations by introducing a novel, history-conditioned reply prediction task on authentic X (formerly Twitter) data, to
create a dataset designed to evaluate the linguistic output of LLMs against human-generated content. We analyze
these discrepancies using stylistic and content-based metrics, providing a quantitative framework for researchers
to assess the quality and authenticity of synthetic data. Our findings highlight the need for more sophisticated
prompting techniques and specialized datasets to ensure that LLM-generated content accurately reflects the com-
plex linguistic patterns of human communication, thereby improving the validity of computational social science studies.

Keywords: human simulacra, synthetic content, linguistic authenticity

1. Introduction terns (Crothers et al., 2023). This evolution makes
validation more critical yet paradoxically more chal-

The widespread adoption of Large Language Mod-  lenging: the better LLMs become at generating
els (LLMs) began with the release of ChatGPT and plausible content, the more crucial it becomes to
similar conversational Al systems, fundamentally ~ understand where and how they diverge from au-
transforming how humans interact with artificial in- ~ thentic human behavior.

telligence (Aimeur et al., 2023). This technologi- Our paper addresses a fundamental question
cal advancement initiated a paradigm shift in com-  at the intersection of natural language processing
putational social science research, where LLMs ~ and computational social science: Can current
are increasingly deployed to simulate or substitute ~ LLMs reliably replicate authentic human social
for human participants in behavioral studies (Park ~ media behavior patterns when tasked with user
etal., 2023; Pérez et al., 2023). The appeal isclear: ~ modeling applications? This question becomes
researchers can use LLMs to efficiently generate re- ~ Particularly pressing given the growing reliance on
sponses that would traditionally come from human  Synthetic data in computational social science (Bur-
participants, addressing challenges in scalability, ~ 9ard et al., 2017), where the assumption of au-

cost, recruitment, retention, and ethical considera-  thentic human-like generation underpins the valid-
tions. ity of research findings. We approach this question

through a systematic comparison between genuine
X content and synthetic posts generated through
both prompt-based and fine-tuned approaches, ex-
amining linguistic discrepancies across multiple an-
alytical dimensions.

However, this anthropomorphic perspective intro-
duces significant methodological risks, particularly
when researchers employ naive applications that
rely exclusively on prompt engineering without ade-
quate consideration of underlying model limitations,
training biases, and domain-specific validation re- )
quirements (Larooij and Térnberg, 2025). The 1.1. Research Questions and
quality and representativeness of training datasets Hypotheses
become critically important as grounding mecha-
nisms, especially for socially sensitive tasks where
cultural nuance, contextual understanding, and au-
thentic human judgment remain central to meaning- RQ1 To what extent do LLM-generated social me-

We investigate three primary research questions us-
ing a self-collected German and English X dataset:

ful analysis. While earlier concerns focused on de- dia posts exhibit detectable linguistic patterns
tecting artificial or malicious content, contemporary that distinguish them from authentic human
LLMs produce increasingly sophisticated outputs content across quantitative, morphological,
that superficially mimic human communication pat- and semantic dimensions?
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RQ2 How does fine-tuning on domain-specific so-
cial media data improve the linguistic authentic-
ity of generated content compared to prompt-
based generation approaches?

RQ@3 Can machine learning classifiers reliably dis-
tinguish between human and synthetic social
media content, and what features prove most
discriminative?

Building on empirical evidence from related work
on LLM limitations in social simulation (Liu et al.,
2022; Hershcovich et al., 2022; Minker et al., 2026),
we hypothesize that while LLMs can produce indi-
vidually plausible social media posts, systematic
analysis reveals consistent linguistic signatures that
enable reliable detection of synthetic content. Fur-
thermore, we anticipate that fine-tuned models will
show reduced but still detectable deviation patterns
compared to prompt-based approaches. Related
research confirms that fine-tuned models outper-
form prompt-based approaches in social simula-
tions (Lin, 2024) and text annotation tasks (Alizadeh
et al., 2025) in human-LLM alignment.

1.2. Our Contributions

Our work makes three primary contributions to the
language resources and evaluation community:

1. We publish a history-conditioned Reply Predic-
tion Dataset for X content (NRP-X dataset),
comprising human posts with correspond-
ing synthetic generations using both prompt-
based and fine-tuned approaches across En-
glish and German languages. (Sec. 3.1)

2. We present a multi-dimensional evaluation
framework combining multiple layers of quan-
titative linguistics analysis to assess human-
machine linguistic alignment. (Sec. 3.2)

3. We conduct a comparison of encoder (tf-idf,
static dense, transformer) and feature (see
above) combinations for detecting the syn-
thetic content. (Sec. 3.3)

2. Background

2.1,

The emergence of Large Language Models has
fundamentally transformed computational social
science research, with contemporary studies in-
creasingly positioning LLMs as human simulacra
(Park et al., 2023) capable of simulating complex
user behaviors through sophisticated text-based
interaction (Larooij and Térnberg, 2025; Mlnker
et al., 2026). This paradigm shift offers compelling
advantages including cost reduction, ethical com-
pliance, and enhanced scalability for large-scale

LLMs as Human Simulacra
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behavioral studies (Pérez et al., 2023; Thapa et al.,
2025).

However, empirical validation reveals significant
limitations in the authenticity of LLM-generated so-
cial behavior. Studies demonstrate systematic bi-
ases in the diversity of political (Liu et al., 2022;
Munker, 2025b) and cultural (Hershcovich et al.,
2022; Munker, 2025a) positions represented in cur-
rent LLMs. These limitations challenge the prevail-
ing assumption that large language models (LLMs)
can function as reliable human proxies, especially
when researchers implement applications that de-
pend solely on prompt engineering without suffi-
cient attention to the model’s inherent limitations,
training biases, and the need for domain-specific
validation.

The anthropomorphic perspective introduces
methodological risks that become especially prob-
lematic in applications requiring nuanced social
understanding. While individual LLM-generated
texts may appear plausible, systematic analysis
often reveals consistent linguistic signatures that
distinguish synthetic from authentic content. This
detectability gap has important implications for the
ecological validity of LLM-based simulations in so-
cial research contexts, where the assumption of
authentic human-like generation underpins the va-
lidity of research findings.

2.2. Synthetic Content Detection in
Social Media

The field of synthetic content detection has evolved
significantly alongside advances in generation ca-
pabilities. Traditional approaches to misinformation
detection on social media platforms target artifi-
cial or malicious content from regular users (Yang
et al., 2019) and develop comprehensive bot detec-
tion systems (Hayawi et al., 2023). However, the
current generation of LLMs produces increasingly
sophisticated outputs that closely mimic human
communication patterns, making detection more
challenging and validation more critical.

Recent advances in Al-generated content detec-
tion (Chong et al., 2023; Abburi et al., 2024) reveal
that even sophisticated generation techniques ex-
hibit systematic linguistic patterns across multiple
dimensions. These patterns manifest in quantita-
tive features (complexity, readability, lexical diver-
sity), morphosyntactic structures (part-of-speech
distributions, syntactic complexity), and semantic
distributions (topic diversity, emotion patterns, sen-
timent biases). The persistence of these linguistic
signatures across different generation approaches
suggests fundamental limitations in current lan-
guage modeling techniques for authentic social
media simulation.

Our work motivates a shift toward multi-



dimensional evaluation frameworks that capture
the full spectrum of linguistic differences between
human and synthetic content. Surface-level plausi-
bility assessments prove insufficient for validating
LLM-generated social media content, necessitat-
ing comprehensive protocols that examine linguis-
tic authenticity across quantitative, morphological,
and semantic dimensions simultaneously. We build
upon these methodological foundations while in-
troducing a novel history-conditioned dataset and
systematic comparison of detection approaches,
addressing the critical gap between generation ca-
pability and authentic behavioral replication.

3. Methods

3.1. Data: Authentic vs. Synthetic

Collection/Preprocessing Our final dataset is
based on two raw data dumps — English and
German — collected from X. The sets are col-
lected around keywords concerning the political
discourses in the US and Germany during the first
half of 2023. The samples contain two types of
content: a) Tweets (posts) and (b) replies from X
users towards these tweets (DE: 3,381,111, EN:
7,790, 741).

First, we group all first-order replies with the
tweets to which they are responding, creating tweet-
reply pairs that preserve conversational context.
We then reorganize these samples by user, result-
ing in subsets containing each user’'s complete re-
ply history along with the original tweets they re-
sponded to.

Next, we apply two preprocessing steps to en-
sure data quality. First, we remove tweet-reply
pairs containing URLs (images, GlIFs, and links), as
these cannot be properly processed by the LLM and
the classifiers. Second, we remove users with the
highest reply frequencies (DE: 5%, EN: 1%; Quo-
tas result in max DE: 24, EN: 21 samples per user)
and split the remaining users into train and test sets.
This ensures our analysis captures the model’s abil-
ity to learn generalizable linguistic styles across the
user population, rather than memorizing patterns
of individual users.

Transformation We construct a history-
conditioned reply prediction Task (Munker et al.,
2026; Schwager et al., 2026), using the native
instruction-completion format of instruction-LLMs:
three tweet-reply pairs as "history", along with a
fourth tweet for the model to respond to. We add
a system prompt: You are a social media user
responding to conversations. Keep your replies
consistent with your previous writing style and the
perspectives you have expressed earlier. This
conditions the LLM by presenting the tweet-reply
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history as if it had already generated those replies
during prior turns.

This approach offers three advantages: (1) the
model learns from authentic behavioral patterns
without hand-crafted features encoding response
characteristics; (2) It allows synthetic sample gener-
ation without further training only by prompting (3)
during fine-tuning, the withheld fourth reply serves
as the supervised target.

Fine-Tuning We fine-tune Qwen3 8B (Yang et al.,
2025) for each language variant using supervised
learning with loss computed exclusively on the last
assistant responses. Both training datasets are
sub-sampled to 5000 examples. Training uses a
warm-up ratio of 0.1 and single-epoch optimiza-
tion with otherwise default hyperparameters (e.g.,
learning rate of 2e—5). Each model trains for ap-
proximately 100 minutes on an NVIDIA L40S GPU
with 48GB of VRAM.

Generation We generate a single synthetic reply
per test prompt using both the base and fine-tuned
Qwen3 8B models. Generation uses Qwen3’s
default sampling parameters (temperature: 0.6,
top_k: 20, top_p: 0.9) with a maximum output
length of 200 tokens. No post-generation filtering is
applied. All model outputs are retained regardless
of length, coherence, or formatting.

Published NRP-X Dataset The published
dataset (GitHub repository, see Sec. 3.4) serves
as the foundation for all subsequent analyses.
It consists of 1000 samples per language, each
containing: prompt (three historical tweet-reply
pairs plus fourth tweet in chat completion format),
authentic reply (ground truth from test users),
and two generated columns base model reply
and ft model reply produced by applying the
generation procedure described above to the base
and fine-tuned Qwen3 8B models respectively.
As a scientific artifact, the dataset serves three
potential usages: 1) improving the next reply
prediction task given our proposed metrics, 2)
developing additional metrics to analyze the
LLM-human alignment further, and 3) improving
synthetic content detection classifiers.

3.2. Evaluation: Levels of Alignment

Quantitative Features We implement the com-
plete NelLa feature suite (Horne et al.,, 2018)
through a modular extraction pipeline spanning five
linguistic dimensions: complexity, style, bias, af-
fect, and moral reasoning patterns. The system
extracts linguistic profiles including type-token ra-
tios, average sentence length, lexical diversity mea-
sures, readability scores (Flesch-Kincaid (Kincaid



et al., 1975), Gunning Fog (Gunning, 1968)), and
character-level complexity metrics.

Morphosyntactic Extraction Using the spaCy
processing pipeline (Montani et al., 2023), we ex-
tract comprehensive linguistic annotations includ-
ing part-of-speech tag distributions following Uni-
versal Dependencies standards (De Marneffe et al.,
2021), named entity recognition patterns across 18
standard categories (PERSON, ORG, GPE, DATE,
etc.), dependency relation frequencies, and syn-
tactic complexity measures. Our implementation
computes frequency-normalized distributions for
both POS categories and NER labels, incorporat-
ing lexical diversity metrics and average sentence
length measurements.

Semantic Classification We employ the Tweet-
Eval benchmark (Barbieri et al., 2020) through
pre-trained transformer-based classifiers to eval-
uate content across multiple semantic dimensions.
Our pipeline integrates three specialized mod-
els: tweet-topic-21-multi (Antypas et al,
2022) for topic classification, twitter—-RoBERTa-
base-emotion (Camacho-Collados et al., 2022)
for emotion detection, and twitter-RoBERTa-
base-sentiment (Barbieri et al., 2020) for senti-
ment analysis.

Cluster-based Similarity Ultilizing the state-of-
the-art instruction-following embedding model
Qwen3 (Zhang et al., 2025), we compute semantic
similarity distributions within and across content
categories. Through cluster analysis using PCA di-
mensionality reduction (Pearson, 1901) and Affinity
Propagation (Frey and Dueck, 2007), we analyze
the proportion of clusters per content category.

Feature-Vector Distance Computation To
quantify linguistic alignment between human and
synthetic content, we implement a distance-based
similarity metric. For each corpus C and linguistic
feature set F, we compute normalized feature
vectors through the following procedure:

1. Extract mean feature scores for each corpus-
feature combination:

> Fi(d)

— 1
Jo= o

€l iz
where d represents sample in corpus C and
F; denotes the i-th feature in F'.

£lF]

2. Construct corpus vectors: ve = [f&, ..., f¢

]

3. Compute pairwise cosine similarity between
two corpus vectors defined as s(v¢,, ve,).
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3.3. Validation: Detecting Synthetics

As a downstream validation task, we implement a
comparison of detection approaches spanning the
spectrum from traditional sparse representations
to modern dense embeddings. We concatenate
the above-described features with the following text
embeddings to investigate if these features improve
the identification of synthetically generated exam-
ples.

Encoding Approaches

TF-IDF Sparse term frequency-inverse document
frequency vectorization (Ramos et al., 2003)
with uni-gram features and lowercase normal-
ization for, baseline, traditional bag-of-words
representation.

FastText Dense 300-dimensional word vec-
tors (Joulin et al.,, 2017) using spaCy’s
en_core_web_1lg and de_core_news_1lg
model, aggregated through mean pooling for
efficient semantic representation.

Qwen3 Embedding : State-of-the-art instruction-
following embeddings using the Qwen/Qwen3-
Embedding-8B model (Zhang et al., 2025) with
a specialized authorship detection prompt: "In-
struct: Find tweets with similar authorship pat-
terns (human vs. Al-generated) based on
writing style, vocabulary choice, and content
structure”. We choose Qwen3 as it shows
benchmark-leading performance in text clas-
sification tasks relative to its parameter count
(Pan et al., 2025; Heseltine, 2025).

Feature Combination Strategy To investigate
the complementary nature of different represen-
tation types, we systematically evaluate all pos-
sible combinations of encoding approaches and
extracted features, creating hybrid representations
that capture multiple linguistic perspectives simul-
taneously.

Classification Model We utilize XGBoost (eX-
treme Gradient Boosting) (Chen and Guestrin,
2016) as our classification algorithm. We select
XGBoost for its promising performance on hetero-
geneous feature combinations, robust handling of
different feature scales, and interpretability through
feature importance analysis.

3.4. Reproducibility and Code
Availability

All experimental procedures, statistical analyses,
and model training protocols are implemented us-
ing open-source tools including scikit-learn (Buit-
inck et al., 2013), spaCy (Montani et al., 2023),



Transformers Reinforcement Learning (TRL) (von
Werra et al., 2020) and Sentence Transformers
(Reimers and Gurevych, 2019). Complete code
implementations, experimental configurations, and
final datasets are available through the following
repository: https://github.com/cl-trier/
TWON-NRP-X-Dataset

4. Results

Our results reveal systematic linguistic differences
between human and synthetic content across all
analytical dimensions, with fine-tuned models con-
sistently showing superior alignment to human
content compared to prompt-based approaches.
These findings address our three research ques-
tions through complementary lenses: similarity
analysis (RQ1 and RQ2) and classification perfor-
mance (RQS3).

4.1. Quantitative Linguistics Analysis

Table 1 presents the calculated similarity scores
between corpus subsets across all feature extrac-
tion approaches. The results show a consistent
hierarchy of alignment, with fine-tuned models (F)
showing highest similarity to human original content
(0), followed by moderate alignment between orig-
inal and prompt-based content (P), while prompt-
based and fine-tuned models exhibit the lowest
mutual similarity.

Feat/Lang. | s(O,P) | s(O,F) | s(P,F)
Quantitative Features (NelLa)

German 0.7908 | 0.8048 | 0.6995
English 0.8408 | 0.8957 | 0.8410
Morphosyntactic Extraction (SpaCy)
German 0.9498 | 0.9748 | 0.9437
English 0.9423 | 0.9816 | 0.9357
Semantic Classification (TweetEval)
German 0.9695 | 0.9874 | 0.9832
English 0.9745 | 0.9819 | 0.9786
Cluster-based Similarity
German 0.8016 | 0.9713 | 0.7435
English 0.8977 | 0.9620 | 0.8323
Table 1: Comparison of the calculated similar-

ity s between the corpora subsets human original
(0), synthetic only prompted (P) and synthetic fine-
tuned (F) across German and English on all fea-
tures described in section 3.2. A higher value indi-
cates a more aligned model behavior.
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Quantitative Features The Nela features reveal
substantial differences in linguistic complexity and
style patterns. For German, similarity between orig-
inal and fine-tuned content reaches 0.8048, signif-
icantly higher than the 0.6995 similarity between
prompt-based & fine-tuned approaches. English
demonstrates even stronger alignment patterns,
with original & fine-tuned similarity achieving 0.8957,
while original-prompt similarity reaches 0.8408.

Morphosyntactic Extraction The Morphosyn-
tactic analysis reveals the highest overall similarity
scores across all approaches. German shows a
high alignment between original & fine-tuned con-
tent (0.9748), with prompt-based models achieving
0.9498 similarity to original content. However, de-
tailed examination reveals that prompt-based mod-
els exhibit distinctive usage patterns, particularly in
coordinating (CCONJ) and subordinating conjunc-
tions (SCONJ) (Figure 1).

ADJ
ADV |
INT) A

NOUN A

PROPN -

VERB
ADP -
AUX 1

CCONJ A
DET A
NUM A
PART -

PRON 1

SCON] 4

PUNCTA &
SYM -

N

corpus
I original

[ synthetic (prompt-only)
B synthetic (fine-tuned)

0?4 0?6 018 1?0
Figure 1: Locality, spread and skewness (x-axes)
of each POS category (y-axes) for the English cor-

pus split into subsets.

Semantic Classification Semantic classification
shows the most consistent alignment across all
model types, with similarity scores exceeding 0.97
in all comparisons. German achieves the highest
alignment between prompt and fine-tuned models
(0.9832), while English shows marginally lower but
still substantial similarity (0.9786). Despite these
high similarity scores, qualitative analysis reveals
that prompt-based models generate more topically
diverse content and exhibit significantly higher pro-
portions of positive emotion classifications com-
pared to human content (Figure 2).

Cluster-based Similarity Embedding-based
cluster analysis reveals the most pronounced
differences between generation approaches. Fine-
tuned models achieve high alignment with original
content (German: 0.9713, English: 0.9620), while
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Figure 2: Locality, spread and skewness (y-axes) of the TweetEval topic and emotion classifier (x-axes)

for the English corpus split into subsets.

prompt-based models show notably lower similarity
to both original content and fine-tuned variants.
The substantial gap between original & prompt
similarity (German: 0.8016, English: 0.8977) and
original & fine-tuned similarity demonstrates that
semantic distributional properties are particularly
sensitive.

4.2. Validation Task

Table 2 presents the classification results for dis-
tinguishing between human original (O), synthetic
fine-tuned (F)), and synthetic prompted (P) content
across various feature combinations and encoding
approaches. The results consistently demonstrate
that prompt-based synthetic content (P) achieves
the highest detection accuracy, while fine-tuned
content (F) proves most challenging to distinguish
from human original content (O).

Feature Combination Performance The most
effective approach combines tf-idf, fastText embed-
dings, and one or more extracted features (Tweet-
Eval, SpaCy, NelLa), achieving macro F'1 scores
of 0.7301 for German and 0.6972 for English. No-
tably, prompt-based content consistently achieves
the highest individual F'1 scores across all feature
combinations (German: 0.8297 — 0.8510, English:
0.6725 — 0.8163).

Encoding Approach Analysis Modern embed-
ding approaches show competitive but not superior
performance compared to traditional methods. The
Qwen embedding model alone achieves moder-
ate performance (German F'1: 0.6365, English F'1:
0.6549), while fastText embeddings demonstrate
strong baseline performance (German F'1: 0.7007,
English F1: 0.6240). Surprisingly, simple tf-idf rep-
resentations prove remarkably effective, particu-
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Feat/Lang. | F1(O) | F1(F) | F1(P) | avg

ti—idf + fastText + {TweetEval, SpaCy, NeLa}

German 0.6666 | 0.6938 | 0.8297 | 0.7301
English 0.6534 | 0.6382 | 0.8000 | 0.6972
tf—idf + fastText + Qwen
German 0.6336 | 0.6476 | 0.8510 | 0.7107
English 0.5531 | 0.6136 | 0.6725 | 0.6240
Qwen
German 0.5800 | 0.5849 | 0.7446 | 0.6365
English 0.5544 | 0.5940 | 0.8163 | 0.6549
fastText
German 0.6734 | 0.6407 | 0.7878 | 0.7007
English 0.5858 | 0.6136 | 0.6725 | 0.6240
tf—idf
German 0.6400 | 0.5961 | 0.8333 | 0.6898
English 0.5200 | 0.5000 | 0.7800 | 0.6000

Table 2: Results of the detection task for the indi-
vidual F'1 scores per class, human original (O), syn-
thetic only prompted (P) and synthetic fine-tuned
(F), and the macro average across German and
English on a selected range of feature combina-
tions with XGBoost as classifier.

larly for prompt-based content detection (German:
0.8333, English: 0.7800).

5. Discussion

5.1. Implications for Computational

Social Science

Our findings reveal fundamental challenges for
the ecological validity of LLM-based simulations



in social research contexts. While current genera-
tion techniques can produce individually plausible
social media posts, systematic analysis reveals
consistent patterns that distinguish synthetic from
authentic content across multiple linguistic dimen-
sions. The detection accuracies achieved in our
validation task, particularly for prompt-based con-
tent, indicate persistent linguistic signatures that
compromise the authenticity of LLM-generated so-
cial media discourse.

This detectability gap has important implications
for applications in computational social science,
where researchers increasingly rely on LLMs as
human proxies for behavioral studies. The system-
atic differences we observe in quantitative features,
morphosyntactic patterns, and semantic distribu-
tions suggest that naive deployment of LLMs for
social simulation may introduce systematic biases
that compromise research validity. The observa-
tion that even fine-tuned models, while substantially
improved, still exhibit detectable patterns in classi-
fication tasks suggests that the challenge extends
beyond simple technical optimization to fundamen-
tal questions about the nature of human-like gener-
ation.

These findings align with broader concerns about
the anthropomorphism of Al systems (Salles et al.,
2020) and highlight the necessity for validation pro-
tocols when deploying LLMs in social research con-
texts (Maller and Aiello, 2024). The consistent per-
formance hierarchy observed across all feature ex-
traction approaches, with fine-tuned models show-
ing highest alignment to human content, followed by
prompt-based models, while the two synthetic ap-
proaches exhibit lowest mutual similarity, provides
empirical evidence for the complexity of achieving
authentic human simulation.

5.2. Linguistic Authenticity and Model
Limitations

The systematic differences we observe across
quantitative linguistics, morphosyntactic patterns,
and semantic distributions point to inherent limi-
tations in current language modeling approaches.
Our analysis reveals that prompt-based models
exhibit distinctive linguistic signatures, including
more complex sentence structures (evidenced by
coordinating and subordinating conjunction usage
patterns), more topically diverse content, and sig-
nificantly higher proportions of positive emotion
classifications compared to human content.
Particularly concerning is the cluster-based simi-
larity analysis, which shows the most pronounced
differences between generation approaches. The
substantial gaps between original & prompt similar-
ity and original & fine-tuned similarity demonstrate
that semantic distributional properties are particu-
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larly sensitive to generation method. These find-
ings suggest that LLMs may be systematically bi-
ased toward producing "ideal" rather than authentic
communication, potentially missing the natural vari-
ation, errors, and stylistic inconsistencies that char-
acterize genuine human social media discourse
(Thapa et al., 2025).

The cross-linguistic consistency of these patterns
across English and German corpora strengthens
the generalizability of our findings, indicating that
the observed limitations are not language-specific
artifacts but reflect fundamental characteristics of
current language modeling approaches.

5.3. Methodological Considerations for
LLM Deployment

The superior performance of fine-tuned models
compared to prompt-based approaches across all
similarity metrics provides strong evidence for the
importance of domain adaptation in social media
generation tasks. Fine-tuned models consistently
achieve higher similarity scores with human content
compared to prompt-based models. However, the
persistence of detectable patterns even after fine-
tuning, suggests that current adaptation techniques
may be insufficient for achieving true linguistic au-
thenticity (MUnker et al., 2026).

The effectiveness of different encoding ap-
proaches in our validation task reveals important
insights about the nature of synthetic content detec-
tion. The surprising performance of traditional tf-idf
representations, particularly for prompt-based con-
tent detection, suggests that surface-level lexical
patterns remain highly discriminative despite the
sophistication of modern language models. The
superior performance of hybrid approaches com-
bining tf-idf, fastText embeddings, and extracted
linguistic features demonstrates that multiple repre-
sentational perspectives are necessary to capture
the full spectrum of linguistic differences between
human and synthetic content.

6. Conclusion

Our paper has examined a fundamental question
about the viability of LLMs as human simulacra
in computational social science: can current gen-
eration techniques produce social media content
that reliably replicates authentic human linguistic
behavior? Through systematic analysis of a novel
history-conditioned dataset spanning English and
German X content, we provide evidence-based an-
swers to three interconnected research questions.

6.1.

RQ1: Linguistic Pattern Detection Our results
demonstrate that LLM-generated social media

Research Questions



posts exhibit systematic and detectable linguistic
patterns across quantitative, morphological, and se-
mantic dimensions. The similarity analysis reveals
that, while individual synthetic posts may appear
plausible, aggregate patterns consistently deviate
from human norms. Most notably, prompt-based
models show distinctive signatures in morphosyn-
tactic complexity, with systematic differences in
conjunction usage patterns indicating artificially
complex sentence structures compared to human
originals. Semantic analysis reveals systematic bi-
ases toward positive emotion classifications and
increased topical diversity compared to authentic
human content.

RQ2: Fine-tuning versus Prompt-based Ap-
proaches Fine-tuned models consistently out-
perform prompt-based approaches across all simi-
larity metrics, achieving substantially higher align-
ment with human content. However, even fine-
tuned models remain distinguishable from human
content in classification tasks, particularly through
cluster-based similarity analysis where the most
pronounced differences emerge. This finding con-
firms that training models with human data for con-
crete, well-defined tasks consistently outperforms
general prompt-based usage approaches, align-
ing with findings from concurrent work demonstrat-
ing the limitations of generic prompting strategies
(MUnker et al., 2026).

RQ3: Machine Learning Detection Capability
Our validation task demonstrates reliable classifi-
cation performance across multiple encoding ap-
proaches and feature combinations. The high-
est performing hybrid approach (if-idf + fastText
+ extracted features) achieves macro F'1 scores
of 0.7301 (German) and 0.6972 (English), with par-
ticularly strong detection rates for prompt-based
content (F'1 > 0.8 across multiple configurations).
Surprisingly, traditional tf-idf representations prove
remarkably effective, suggesting that surface-level
lexical patterns remain highly discriminative despite
advances in generation sophistication.

6.2. Recommendations for Responsible
LLM Deployment

Based on our findings, we propose specific guide-
lines for the responsible deployment of LLMs in
social applications:

Mandatory Validation Protocols Researchers
employing LLMs for social simulation must imple-
ment comprehensive validation protocols that as-
sess linguistic authenticity across multiple dimen-
sions rather than relying on surface-level plausi-
bility assessments. Our multi-dimensional evalua-
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tion framework provides a template for such vali-
dation, combining quantitative linguistics analysis,
morphosyntactic profiling, semantic classification,
and distributional similarity measures.

Domain-Specific Fine-tuning Requirements
Our results confirm that fine-tuned models con-
sistently outperform prompt-based approaches for
social media generation tasks across all similarity
metrics. However, fine-tuning alone proves insuf-
ficient to achieve complete linguistic authenticity,
as evidenced by persistent detectability in classi-
fication tasks. This suggests that domain adapta-
tion should be considered a minimum requirement
rather than a sufficient solution.

Multi-dimensional Evaluation Standards The
complementary nature of different linguistic anal-
ysis approaches in our study demonstrates that
single-metric evaluation is insufficient for assess-
ing generation quality. Researchers should adopt
multi-layered evaluation frameworks that capture
quantitative features, morphosyntactic patterns, se-
mantic distributions, and embedding-based similar-
ity measures simultaneously.

6.3. Future Directions

Our findings open several relevant directions for
future research. First, investigating the temporal
stability of linguistic signatures as generation tech-
niques continue to evolve will be essential to under-
stand the longevity of current detection methods
and to develop robust evaluation frameworks. Sec-
ond, examining domain transfer across different
social media platforms beyond X will help establish
the generalizability of these linguistic signature pat-
terns across diverse communication contexts with
varying discourse norms and constraints.

Third, exploring adversarial training approaches
specifically designed to reduce detectability while
maintaining content quality and authenticity repre-
sents a promising direction for improving genera-
tion fidelity. Such approaches could inform the de-
velopment of more sophisticated LLMs that better
capture the natural variation, errors, and stylistic in-
consistencies characteristic of genuine human dis-
course on social media. Finally, developing more
nuanced evaluation metrics that capture subtle as-
pects of human communication patterns beyond
current similarity measures could provide deeper in-
sights into the fundamental challenges of achieving
truly human-like text generation.

The cross-linguistic consistency of our findings
across English and German corpora suggests that
these challenges transcend language-specific arti-
facts and reflect fundamental limitations in current
language modeling approaches.



Limitations

Our analysis focuses on X data collected during
the first half of 2023, which may not generalize
to other social media platforms or communication
contexts with different discourse norms and con-
straints. The temporal dimension of our dataset
may not capture evolving generation capabilities as
LLM technology continues to advance rapidly. Addi-
tionally, our current framework focuses on English
and German languages, and expanding the anal-
ysis to include morphologically richer languages,
tonal languages, and non-European linguistic fam-
ilies would strengthen the cross-linguistic validity
of these findings. Beyond these core limitations,
we acknowledge several methodological consider-
ations.

Analysis Framework Our linguistic analysis
framework, while comprehensive across quantita-
tive, morphosyntactic, and semantic dimensions,
does not capture complex discourse quality metrics
such as argumentation coherence, irony detection,
or cultural nuance recognition. The focus on indi-
vidual post generation rather than multi-turn con-
versational dynamics limits our understanding of
how synthetic content would perform in sustained
social interactions and community discussions.

Validation Experiments Our detection validation
experiments, while demonstrating reliable classifi-
cation performance, are limited to the specific LLM
architectures and fine-tuning approaches employed
in this study. The rapid evolution of language mod-
els means that newer generation techniques may
exhibit different linguistic signatures than those cap-
tured in our analysis. Additionally, our evaluation
framework relies primarily on automated feature ex-
traction and classification metrics, which may not
capture subtle qualitative differences that human
evaluators would detect.

Single Model Architecture Our results are
based exclusively on Qwen3 8B, which represents
only a single model architecture and size configu-
ration. The observed linguistic patterns and detec-
tion accuracies may vary considerably across dif-
ferent model families, model sizes, quantization ap-
proaches within the same base model, and model
versions. This architectural specificity limits the
generalizability of our findings to the broader land-
scape of available LLMs.

Reply Prediction Task The history-conditioned
reply prediction task relies on only three prior tweet-
reply pairs as context, which may provide sparse
predictive signal for capturing individual user behav-
jor patterns and writing styles. This limited historical
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context may not fully represent the complexity and
variation present in users’ broader communication
patterns, potentially affecting both the fine-tuning
quality and the authenticity of generated content.

German vs. English The German and English
datasets differ substantially in their collection con-
texts, temporal distribution, and underlying dis-
course characteristics. These systematic differ-
ences make direct cross-linguistic performance
comparisons not recommended, as observed varia-
tions may reflect dataset-specific properties rather
than fundamental linguistic or modeling differences.
Each language corpus should be interpreted within
its own context rather than as directly comparable
benchmarks.

Ethical Considerations

As is typical for Al methods, the modeling approach
presented in this paper is a dual-use technology.
While behavior-based user modeling and synthetic
content generation are primarily intended for com-
putational social science research and platform
safety applications, the findings can also be used
to develop more sophisticated manipulation tech-
niques or improve the convincingness of synthetic
social media content for malicious purposes.

Privacy and Consent Considerations A signifi-
cant ethical concern in our study involves the use of
real user data from X to train models that replicate
individual behavior patterns. While our dataset
consists of publicly available posts from political
discourse and replies from regular users, the indi-
viduals whose data we used did not provide explicit
informed consent for their communication patterns
to be learned and replicated by generative models.
This raises important questions about digital pri-
vacy rights, even when dealing with publicly posted
content.

Potential for Misuse The detection methodolo-
gies developed in this work, while intended to im-
prove synthetic content identification, could poten-
tially be used adversarially to develop more sophis-
ticated generation techniques that evade detection.
The detailed analysis of linguistic signatures across
quantitative, morphosyntactic, and semantic dimen-
sions provides a road-map for improving synthetic
content quality, which could enhance both legiti-
mate applications and malicious use cases.

Broader Implications The development of in-
creasingly sophisticated user modeling and syn-
thetic content generation capabilities raises broader
questions about the boundaries of acceptable re-
search practices in computational social science.



As these technologies advance, the research com-
munity must carefully balance the scientific value of
realistic behavioral simulation against the privacy
rights and dignity of individuals whose data enables
such research, while considering the potential so-
cietal impacts of increasingly convincing synthetic
social media content.
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