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Abstract: Research in Spanish forensic linguistics and natural language processing
(NLP) heavily relies on web-scraped, mono-genre datasets, facing challenges in dis-
tinguishing organic human writing from synthetic text generated by Large Language
Models (LLMs). This paper introduces CREFF (Corpus de Respuestas en Espanol
para Fines Forenses), a resource replicating Chaski’s (2001) framework. The cor-
pus comprises 393 verified human authors across 10 forensic scenarios compiled
between 2019 and 2024, providing a solid pre-Al human baseline. A cross-domain
authorship identification pilot study evaluates traditional machine learning models,
Transformer architectures, and LLMs integrated with psycholinguistic features from
UMUTextStats and LIWC-22. Results show that classic models combined with ex-
plicit stylistic cues significantly outperform deep neural approaches and LLMs in
unseen domains. These findings underscore the need for explainable features and
interpretability in judicial practice while paving the way for a novel forensic taxon-
omy.

Keywords: Forensic Linguistics, Generative AI, Authorship Identification, CR-
EFF.

Resumen: La investigacion en lingiiistica forense y procesamiento del lenguaje nat-
ural (PLN) en espanol depende principalmente de conjuntos de datos mono-género
extraidos de la web, lo que dificulta discernir entre autoria humana y texto sintético
generado por modelos de lenguaje (LLMs). Este articulo presenta CREFF (Corpus
de Respuestas en Espanol para Fines Forenses), un recurso basado en el modelo de
Chaski (2001) que compila textos de 393 autores verificados en 10 escenarios forenses
entre 2019 y 2024, estableciendo una base de referencia pre-IA. Mediante un estudio
piloto de identificacién de autoria cross-domain, evaluamos modelos de aprendizaje
automatico clasicos, Transformers y LLMs, utilizando rasgos psicolingiiisticos de
UMUTextStats y LIWC-22. Los resultados demuestran que los sistemas clasicos
combinados con rasgos lingiifsticos explicitos superan a los enfoques neuronales en
dominios no vistos. Estos hallazgos enfatizan la relevancia de la interpretabilidad,
sentando las bases para una futura taxonomia forense.
Palabras clave: Lingiiistica Forense, IA Generativa, Identificacién de Autoria, CR-
EFF.
1 Introduction ods. Following McEnery’s (2022) words, cor-
pora can serve as “either the raw fuel of NLP,
and/or the testbed on which an NLP appli-
cation is evaluated” (p. 494).

The motivation behind this paper lies in the
need to develop tailored linguistic resources
for Natural Language Processing (NLP) in

Spanish. The creation and subsequent pub-
lication of corpora or curated datasets are
essential to enrich the NLP landscape, offer-
ing a foundation for the development, testing,
and validation of novel computational meth-

Nevertheless, human communication is in-
herently complex as it may encompass as-
pects that are multifaceted and highly con-
text dependent. Thus, covering such variety
within a single corpus becomes extremely dif-



ficult. While current Spanish NLP bench-
marks comprehensively cover social media
tasks such as hate speech or sentiment anal-
ysis,! they heavily rely on uncurated, web-
scraped data.

This reliance poses a fundamental
methodological challenge, as web-scraped
data often results in unstructured inconsis-
tencies (McEnery, 2022) that are further
contaminated by the rise of Generative
Artificial Intelligence (GenAl), threatening
the authenticity of unverified online text
(Moon et al., 2025).

To address these limitations, we introduce
CREFF (Corpus de Respuestas en Espanol
para Fines Forenses), a controlled and care-
fully curated corpus composed exclusively of
authenticated human data. This corpus com-
prises several texts on diverse, relevant, and
forensic topics, written primarily by native
speakers of Castilian Spanish. Our aim is
to provide the computational linguistics com-
munity with a balanced, representative lin-
guistic resource that supports robust experi-
mentation. With a strong linguistic founda-
tion and verified ground-truth data, CREFF
aspires to offer more reliable baselines for ex-
perimental NLP and forensic applications.

To demonstrate CREFF’s potential, we
present a cross-domain authorship identifica-
tion pilot study, a classic forensic task that
greatly benefits from NLP classification tech-
niques. For that matter, we combine tradi-
tional classifiers (e.g., SVMs, Random For-
est) and Transformer-based language mod-
els with psycholinguistic features extracted
through the Spanish dictionary of LIW(C-22
(Pennebaker et al., 2001; Ramirez-Esparza
et al., 2007) and UMUTextStats (Garcia-
Diaz et al., 2022). Our preliminary find-
ings demonstrate that explicit linguistic fea-
tures combined with shallow machine learn-
ing models achieve higher accuracy, showing
promising applications for explainable foren-
sic analysis.

Thus, this paper is organised as follows:
sections 2 and 3 review the principles on
which CREFF is founded, as well as related
work regarding the corpus’ origins, its an-
tecedents, and compilation. Next, section 4
presents the configuration of the study with
their main results and pertinent discussion.
After that, in sections 5 and 6 we provide con-

Tn Amigé et al. (2024) a web portal to track
Spanish NLP datasets is presented.

cluding remarks, detailed limitations, and a
roadmap of future research. Meanwhile, the
paper ends with section 7 which discusses the
ethical principles that guided the compilation
of the corpus.

2 Background and Related Work

Authorship identification has traditionally
been applied in several fields such as de-
tecting plagiarism, phishing prevention, cy-
bercrime investigation as well as in foren-
sic linguistics —namely providing evidence for
courtroom settings in anglophone countries
or analysing anonymous text samples such
as suicide notes (Juola, 2006; Chaski, 2005;
Brennan et al., 2012). However, forensic
practitioners face significant drawbacks re-
garding the nature of the disputed texts as
they tend to be scarce, brief, and highly vari-
able (Chaski, 2007). This issue is further ex-
acerbated when dealing with digital evidence.
As Li et al. (2006) remarked, there is no
such thing as “digital fingerprints” since peo-
ple hide or are not required to prove their
identity on the Internet, so this hinders the
task of tracing the author of a cybercrime.

Modern forensic linguistics is shifting from
static idiolectal fingerprints towards a dy-
namic theory of linguistic individuality (Nini,
2023). This framework posits that capturing
stylistic signatures requires observing how an
author adapts across different communicative
goals, as not every individual possesses the
same configuration of grammar—rather, it
depends on personal experiences and cultural
backgrounds (Grant y MacLeod, 2020).

In the digital era, this task faces an un-
precedented challenge due to the prolifera-
tion of LLLMs. The daily reliance on GenAl,
heavily optimised via Reinforcement Learn-
ing from Human Feedback (Ouyang et al.,
2022; Bai et al., 2022), drives an algorithmic
monoculture that inherently decreases lexi-
cal diversity (Moon et al., 2025; Padmaku-
mar & He, 2024; Anderson et al., 2024). In
fact, recent studies demonstrate that texts
generated by advanced LLMs are nearly in-
distinguishable from human-written text on
standard metrics (Huang et al., 2025). Con-
sequently, unverified data scraped from the
web cannot ensure genuine human author-
ship. Therefore, this highlights the need
for more resources that cover ground-truth
data featuring verified authors to develop
resilient methodologies for authorship iden-



tification in the era of MGT (Machine-
Generated Text).

3 CREFF

Designed to overcome the constraints and
limitations of web-scraped data, we devel-
oped the Corpus de Respuestas en Espaiiol
para Fines Forenses (CREFF). The struc-
ture and collection of CREFF are directly
replicated from the rigorous framework es-
tablished by Chaski (1997; 2001) and her
Writing Sample Database (WSD), which col-
lects multiple brief texts across diverse com-
municative settings from numerous individu-
als with similar sociolinguistic backgrounds.
Following her validation and ethical guide-
lines, we selected subjects sharing key soci-
olinguistic attributes (dialect, age, and ed-
ucation level) engaged in regular academic
writing in exchange for course incentives.

Note that these procedures mirror the
protocols that were approved (Chaski, 1997,
2001) by the Institutional Review Board of
the Institute for Linguistic Evidence, ensur-
ing the requirements of strict data confiden-
tiality and restricted access.

In the Spanish context, Almela et al.
(2019) developed an antecedent for this type
of controlled compilation based on Chaski’s
WSD. That corpus was compiled with con-
tributions from college students alongside in-
mates that were convicted of gender vio-
lence. The authors based their approach on
the use of LIWC (Pennebaker et al., 2001)
to trace psycholinguistic features combined
with ALIAS? TATTLER (Chaski, 2005) for
the analysis of the collected texts. Their
main contribution demonstrated the possi-
bility to distinguish linguistic signatures of
abusers from non-abusers, statistically. This
emphasised the capacity of controlled multi-
scenario corpora to provide valuable insights
into the psycholinguistic and forensic aspects
of language use.

The compilation of CREFF took place
between 2019 and 2024. Second-year un-
dergraduate students enrolled in an English
Studies degree volunteered to write ten dis-
tinct texts on specific topics. This provided
a highly homogeneous group: participants

2 Automated Linguistic Identification and Assess-
ment System. Developed by Chaski (1997; 2001) as
a programme to analyse texts from databases (e.g.,
lemmatising, n-graph sorting, Part-Of-Speech tag-
ging, lexical frequency ranking. .. ).

were students with similar educational level,
were very close in age, and were native speak-
ers of Castilian Spanish. To encourage gen-
uine engagement, participants were incen-
tivised with an extra credit mark in their
final course grade. Nonetheless, they re-
mained unaware of the final purpose of the
study. Rather, they were “naive writers” as
Baayen et al. (2002) termed it, and their
anonymity was strictly preserved to mitigate
the Hawthorne effect.

Following Chaski’s framework (2007, p.
140), the topics were selected to capture a
wide range of intra-writer variation. Social
context and communicative goals directly in-
fluence textual form as people do not expect
to communicate identically when writing for
personal consumption compared to business
or professional settings. Thus, Chaski (1997;
2005) proposed a series of elicitations de-
signed to “evoke both home and profes-
sional varieties” as well as “emotionally-
charged and formal language across several
text types” (Chaski, 2007, p. 140). Table 1
outlines the list of topics validated by the ref-
erenced author and integrated in Spanish into
CREFF.

CREFF adopts this multi-genre approach,
not only to ensure topic diversity, but to ef-
fectively elicit intra-writer variation to isolate
linguistic and emotional individuality from
topic-dependent vocabulary.  This multi-
genre framework effectively elicits intra-
writer variation, forcing authors to draw
uniquely from their internal lexicogrammati-
cal repertoires across distinct communicative
goals (Nini, 2023).

Building upon these characteristics, CR-
EFF currently comprises texts from 393 par-
ticipants who met all the inclusion crite-
ria and completed the assigned elicitations.
As a result, the corpus represents a bal-
anced dataset containing 3,930 excerpts, with
each author contributing exactly 10 sam-
ples. To ensure sufficient linguistic density
for the analysis of intra-writer variation, par-
ticipants were required to write a minimum of
300 words per text. No maximum limit was
imposed, thereby preserving natural varia-
tions in text length as an organic manifes-
tation of the writer’s linguistic individuality
(Nini, 2023).

Moreover, its controlled compilation and
collection timespan provide an invaluable ex-
perimental advantage, as there are data gath-
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Topic

Describe a traumatic or terrifying event in your life and how you overcame it.

Describe someone or some people who have influenced you.

What are your career goals and why?

What makes you really angry?

A letter of apology to your best friend.

A letter to your sweetheart expressing your feelings.

A letter to your insurance company.

A letter of complaint about a product or service.
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A threatening letter to someone you know who has hurt you.

—
[an}

or celebrity).

A threatening letter to a public official (president, governor, senator, councilman,

Table 1: Topics validated by Chaski (1997; 2005) on her WSD.

ered between 2019 and 2022 which establishes
guaranteed pre-Al human baseline, free from
any generative tools like ChatGPT. Further-
more, data collected between 2023 and 2024
retains verified human provenance, as every
sample is connected to an authenticated au-
thor who provided explicit demographic, per-
sonal data, and consent. This resource con-
trasts directly with anonymous web-scraped
data. In fact, Huang et al. (2025) recom-
mended to leverage this task to collect hu-
man data created before the popular use of
chatbots or LLMs to guarantee genuine hu-
man authorship. Further, the high emotional
loads and personal narratives elicited by CR-
EFFE’s tasks act as an organic disincentive for
Al reliance,? offering a highly reliable testbed
for computational and forensic linguistics.

Consequently, CREFF stands as a com-
petitive and versatile Spanish NLP resource
suitable not only for foundational tasks such
as sentiment analysis or emotion detection,
but also for forensic and computational lin-
guistic research. This structural versatility is
of particular significance, since in the field of
Spanish forensic linguistics, robust datasets
are notably scarce and often restricted to sin-
gle genre, as seen in Cremades (2016).

To further illustrate CREFF’s unique po-
sitioning in the Spanish forensic landscape,
Table 2 provides an illustrative comparative
overview against the main existing controlled
resources previously mentioned in this sec-
tion.

Additionally, the Spanish NLP commu-
nity is on the trail of computational tech-

3As Huang et al. (2025) and Anderson et al.
(2024) noted, the language generated by LLMs tends
to be less emotional, more formal, and highly struc-
tured.

niques and resources to tackle the challenges
of MGT, as observed in shared tasks like Au-
TexTification (Sarvazyan et al., 2023) and,
for Iberian languages, IberAuTexTification
(Sarvazyan et al., 2024). In this context,
the urgency and necessity of verified human
baselines become paramount. To address this
framework, the following section outlines an
experimental pilot study focusing on a cross-
domain authorship identification task.

4  Experimental Setup

To illustrate CREFF’s capabilities, we con-
ducted an author identification experiment
using three main modelling approaches:
TF-IDF classifiers, Transformer-based en-
coders (e.g., BERT-like architectures), and
instruction-tuned LLMs.

While traditional NLP studies occasion-
ally report results on raw data, forensic lin-
guistics demonstrates that classification per-
formance improves significantly when com-
bining lexical features with explicit syntactic
or psycholinguistic variables (Chaski, 2001;
Stamatatos et al., 2001). For instance,
a robust method for author identification
is ALIAS SynAID (Chaski, 2001), which
is linguistically sophisticated, as it analy-
ses syntactic markedness applying Discrim-
inant Function Analysis (DFA). Similarly,
early statistical approaches established foun-
dational computational baselines for stylistic
differentiation (Baayen et al., 2002; Juola &
Baayen, 2005).

Consequently, we deliberately withheld 17
unseen authors as a blind, gold-standard
benchmark for a future shared task evalua-
tion. Thus, for the purpose of this pilot study
we focus on 376 verified authors, totalling
3,760 texts to address. To extract explicit



Dimension / Fea-
ture

Cremades (2016)

Almela et al. (2019)

CREFF (Ours)

Social Media & Deep
Web (Anonymous / Un-

Data Provenance

Controlled  Laboratory
(Authenticated Humans)

Controlled Laboratory
(Authenticated Humans)

verified)

Genre Variety Mono-Genre  (Suicidal | Multi-Genre ~ (Chaski’s | Multi-Genre (Chaski’s
& Deep Emotional | WSD) WSD)
Messages)

Sample Size 102 Texts (66 Deep | 106 Verified Authors (13 | 393  Verified  Authors

Web, 36 Social Media)

Inmates, 93 Students,
1,060 Texts)

(3,930 Texts)

Temporality Synchronic

Point, 2016)

(Static

Synchronic (Static Point,
2019)

Diachronic (2019-2024)

Supported Tasks | Psychological Profiling
(Deep Emotion & Suici-

dal Ideation)

Criminal Profiling | Cross-Domain  Author-

(Abuser vs. Non-Abuser | ship Identification, MGT

Differentiation) Detection & Pragmatic-
Emotional Forensic
Analysis

Table 2: Illustrative comparison of CREFF against existing Spanish forensic linguistic resources.

psycholinguistic cues, all selected texts were
processed using the Spanish dictionary of
LIWC-22 (Pennebaker et al., 2001; Ramirez-
Esparza et al., 2007) to capture lexical and
emotional valence features, complemented by
UMUTextStats (Garcia-Diaz et al., 2022) to
account for specialised Spanish morphosyn-
tactic structures and complex verb tenses.
However, these tools rely primarily on simple
term-counting, without considering the con-
text in which words occur. It may, therefore,
overlook grammatical variation that is rele-
vant to linguistic and forensic analyses.

Hence, the LIWC-22 and UMUTextStats
variables used in this study are automatically
extracted computational descriptors. They
should not be interpreted as manually vali-
dated or gold-standard forensic annotations.
The present experiment evaluates their use-
fulness as classification features.

The experiment is formulated as a closed-
set cross-domain authorship identification
task. Given a questioned text, the model
must identify its author from a fixed set of
376 known candidate authors.

All candidate authors are represented in
the training data. However, the two com-
municative scenarios used for final testing
are excluded from both training and vali-
dation. The objective is therefore to deter-
mine whether the models can transfer author-
related linguistic patterns across communica-
tive contexts, rather than merely recognising
scenario-specific topics or vocabulary.

4.1 Data and Splits

We used the complete balanced experimen-
tal subset of 376 authors. Each participant
was assigned an Author ID. To set up a
strict cross-domain evaluation scenario, we
split the 10 available tasks by genre rather
than splitting texts randomly.

For the training set, we selected a sub-
set of 8 tasks including Influence Essay, Goal
Essay, Anger Essay, Complaint Letter, Insur-
ance Letter, Threat Letter to Known Person,
Apology Letter, and Lover Letter (Tasks 2 to
9, totalling 3,008 excerpts).

For the evaluation set, we reserved two
unseen text types (Trauma Narrative and
Threat Letter to Public Unknown Person —
texts from tasks 1 and 10, respectively) to
test the ability of the models to generalise
to new genres from the same authors (752
writing compositions). Additionally, we re-
moved their author IDs to avoid potential
bias, thereby forcing models to generalise in a
fully blind evaluation based solely on linguis-
tic information rather than on ID association.

The data were grouped by author and text
type, and split using a Group Shuffle Split to
ensure that no author’s text types appeared
in both training and validation sets. Specifi-
cally, 80% of data were used for training and
20% for validation.

This internal split prevents the same
author—scenario instance from appearing in
both training and validation. It does not re-
move authors from either stage, since the ex-



periment is a closed-set identification task in
which the same candidate-author inventory
must be learned and evaluated.

Table 3 summarises the experimental
partitions. The final test partitions are bal-
anced because each author contributes ex-
actly one document to each unseen scenario.

Partition Authors Scenarios Texts
Training 376 8 observed 2,406
Validation 376 8 observed 602
Test: Trauma Narrative 376 1 unseen 376
Test: Public Threat Letter 376 1 unseen 376

Table 3: Training, validation, and cross-
domain test partitions. The final test doc-
uments were identical for all models.

4.2 Models

TF-IDF baselines. Traditional classifiers
were trained on TF-IDF representation of
words and character n-grams. We experi-
mented with Linear SVM (Cortes & Vapnik,
1995), and Random Forest (RF; Breiman,
2001). Some variants also included addi-
tional linguistic features extracted by LIWC-
22 (Pennebaker et al., 2001) and UMU-
TextStats (Garcia-Diaz et al., 2022) concate-
nated to the TF-IDF vectors.

The word-level TF-IDF representation in-
cluded unigrams and bigrams, with a min-
imum document frequency of 2, a maxi-
mum document frequency of 0.95, sublin-
ear term-frequency scaling, and a maxi-
mum vocabulary size of 200,000 features.
Word- and character-level representations
were combined to capture lexical, ortho-
graphic, punctuation, and sublexical stylistic
information.

The Linear SVM used balanced class
weights and random seed 42. The Ran-
dom Forest used 500 estimators, square-root
feature sampling, balanced subsample class
weighting, parallel execution, and random
seed 42.

For the hybrid models, missing or non-
finite linguistic values were replaced with
zero. The linguistic features were aligned by
author and text type and concatenated with
the sparse TF-IDF vectors before classifica-
tion.

Transformer-based encoder models.
We fine-tuned different monolingual Trans-
former models pretrained on Spanish: BETO
(Canete et al., 2023), BERTIN (De la Rosa
et al.,, 2022), ALBETO, and DistilBETO

(Canete et al., 2022), for sequence classifi-
cation. In addition, a Longformer (Beltagy
et al., 2020) variant was included to handle
longer inputs. All models used cross-entropy
loss with class weighting to compensate for
author imbalance.

BETO, BERTIN, ALBETO, and Distil-
BETO used a maximum sequence length of
512 tokens. Longformer used a maximum se-
quence length of 4,096 tokens and assigned
global attention to the initial classification
token.

LLMs. We also trained different medium-
sized LLMs for author prediction, includ-
ing Gemma-3-1B (Gemma Team et al.,
2025), LLaMA-3.2-1B, and LLaMA-3.2-3B
(Grattafiori et al., 2024). Each author was
represented by a special token USR;, and
the models were fine-tuned using supervised
instruction-style prompts. Evaluation was
performed by selecting the most probable
USR; token as the predicted author. The
prompt structure followed an instruction—
input-response format (see Annex A).

This setup allowed the models to leverage
their instruction-following capabilities while
remaining constrained to a discrete output
space representing the set of known authors.
During fine-tuning, all USR; tokens were
added to the tokeniser and model vocabulary
to ensure direct mapping between predicted
tokens and author identities.

During inference, the response label was
omitted. The logits of the next token were
then restricted to the 376 registered author
tokens, and the token with the highest prob-
ability was selected as the predicted author.

Although these systems are generative
language models, the evaluation is therefore
more precisely described as constrained next-
token classification over a closed inventory of
author labels, rather than unrestricted text
generation. This setup allows the models to
produce an explicit author label and provides
token-level scores over the complete set of
candidate authors.

4.3 Training Details

For the traditional TF-IDF classifiers, models
were trained on the corresponding training
subset. Word- and character-level features
were combined to capture lexical and stylistic
information. The SVM and Random Forest
configurations described in Section 4.2 were
applied consistently across the baseline and



linguistic-feature variants.

For the Transformer-based encoders,
BETO, BERTIN, ALBETO, and Distil-
BETO were trained for 20 epochs using a
learning rate of 1x 107°, a training batch size
of 4, an evaluation batch size of 8, a weight
decay of 0.01, and a warm-up ratio of 0.06.
The maximum sequence length was 512 to-
kens.

Longformer was trained using a maximum
sequence length of 4,096 tokens. Its definitive
number of epochs, batch sizes, and learning
rate are reported in Annex C according to
the final run configuration.

Transformer models were evaluated after
each epoch. The checkpoint obtaining the
highest validation macro-F1 was retained.
Dynamic padding was applied within each
batch, and mixed-precision training was used
when supported by the available hardware.

For the instruction-tuned LLMs, training
was conducted using supervised fine-tuning.
The models were trained for one epoch with
a per-device training batch size of 2, an
evaluation batch size of 2, two gradient-
accumulation steps, a learning rate of 2 x
107°, a weight decay of 0.05, 100 warm-up
steps, and a maximum sequence length of
4,092 tokens. Gradient checkpointing and
bfloat16 precision were enabled (see Annex C
which illustrates all the principal hyperpa-
rameters).

4.4 Evaluation Protocol and
Metrics

Evaluation was performed exclusively on the
Trauma Narrative and Threat Letter to Pub-
lic Unknown Person domains, which were un-
seen during training. Their inclusion allows
for a fully blind author identification setting,
and testing how well models generalise to eth-
ically and stylistically challenging material
independently of topic or genre. We report
top-1 accuracy and macro-averaged F) score
for every architecture (see Annex B for for-
mal definitions). Both test sets are perfectly
balanced, containing exactly 376 instances
matching the candidate author inventory.

A prediction was considered correct when
the author assigned by the model matched
the anonymised author identifier of the test
document. Since each test domain contains
one document from each of the 376 candidate
authors, both test sets are balanced and con-
tain 376 instances.

The same test documents and author-
label mapping were used for all models, al-
lowing a direct comparison between tradi-
tional classifiers, Transformer encoders, and
instruction-tuned language models.

4.5 Results and Discussion

Table 4 presents the performance of all eval-
uated models on the CREFF test set, which
includes the two unseen text types. The re-
ported metric is accuracy (%), computed sep-
arately for each column.

4.5.1 Overall Performance

Results show a clear performance gap be-
tween traditional TF-IDF models and deep
learning approaches when evaluated in a
completely unseen domain.

The highest accuracy for Trauma Narra-
tive was obtained by the TF-IDF + SVM
model, with 15.16%. The hybrid TF-IDF
+ UMUTextStats + SVM model produced
a similar result of 14.36%. In the Threat
Letter to a Public Unknown Person domain,
the best-performing system was TF-IDF
+ UMUTextStats + SVM, which achieved
27.39%, followed by the standard TF-IDF +
SVM model with 23.40%.

Although these values are modest in ab-
solute terms, they are significantly higher
than those obtained by any Transformer-
based encoder or LLM, so it shows that
shallow lexical-stylistic representations retain
limited but consistent authorial information
even across domains.

Ultimately, these empirical limitations un-
derscore that the modest baseline perfor-
mance is not due to model limitations,
but a reflection of the inherent complexity
of testing stylistic generalisation across un-
seen forensic domains. Additionally, the di-
achronic nature of CREFF (compiled be-
tween 2019 and 2024 with a different student
pool for each year) introduces a key valuable
challenge for testing the robustness of NLP
benchmarks against shifting linguistic trends
and generational slang across different sub-
ject groups over time. This dynamic tem-
poral layer establishes a more realistic and
demanding testing ground than the static,
synchronous setups characteristic of previous
Spanish forensic resources.

4.6 Classic vs. Neural Encoders

The Transformer-based encoders (BETO,
BERTIN, ALBETO, DistilBETO, and Long-



Model Trauma Narrative Ac- | Threat Letter Accu-
curacy (%) racy (%)
TF-IDF SVM 15.16 23.40
TF-IDF RF 3.46 12.50
TF-IDF SVM + linguistic fea- | 14.36 27.39
tures (UMUTextStats)
TF-IDF RF + linguistic fea- | 1.60 2.66
tures (UMUTextStats)
TF-IDF SVM + linguistic fea- | 11.97 23.14
tures (LIWC-22)
TF-IDF RF + linguistic fea- | 5.59 11.17
tures (LIWC-22)
BETO 4.52 8.24
BERTIN 5.05 10.90
ALBETO 0.53 1.06
DistilBETO 2.39 5.58
Longformer 4.26 10.64
Gemma-3-1B 0.27 0.27
Llama-3.2-1B 0.27 0.27
Llama-3.2-3B 0.00 0.27

Table 4: Performance of all models on the CREFF test set using unseen text types (Trauma
Narrative and Threat Letter to Public Unknown Person). The table reports accuracy (%) for
each column, showing the difficulty of cross-domain author identification when the test texts
come from sensitive and stylistically distinct domains.

former) showed low cross-domain generali-
sation, with accuracies between 0.5% and
10.9%. Their performance was considerably
below that of the TF-IDF models, indicat-
ing that while contextual embeddings cap-
ture richer semantics, they are less robust to
domain and topic shifts in author identifica-
tion.

Among them, BERTIN and Longformer
performed best, reaching 5.05% on Trauma
Narrative and 10.90% on Threat Letter
to Public Unknown Person. Longformer
obtained similar results, with 4.26% and
10.64%, respectively. BETO reached 4.52%
and 8.24%, whereas DistilBETO and AL-
BETO obtained lower accuracies. These re-
sults suggest that, under the present config-
uration, contextual representations were less
robust than sparse lexical and stylistic repre-
sentations when transferred to unseen com-
municative domains. Transformer encoders
are primarily designed to capture contextual
and semantic information, which may facil-
itate topic modelling and text classification
but does not necessarily provide an optimal
representation of stable author-specific stylis-
tic variation.

The relatively small number of training

documents per author may also have lim-
ited the neural models. Each encoder had to
learn a 376-class classification problem from
only a few examples for each author. As a
result, the models may have learned seman-
tic or scenario-related patterns that did not
transfer reliably to Trauma Narratives and
public Threat Letters.

Longformer was included to determine
whether a longer context window could im-
prove author identification by retaining more
information from each document. How-
ever, its results were comparable to those of
BERTIN. This indicates that sequence trun-
cation alone does not explain the lower per-
formance of the neural models.

4.7 Effect of Linguistic Features

The inclusion of both LIWC-22 and UMU-
TextStats (lexical and syntactic metrics such
as word length, vocabulary richness, and sen-
tence complexity) enhanced classification ac-
curacy. Especially evident for the SVM clas-
sifier in the Threat Letter domain, where ac-
curacy rose from 23.4% (TF-IDF alone) to
27.4% when augmented with UMUTextStats.

For Trauma Narrative, however, TF-IDF
SVM achieved 15.16%, while the addition of
UMUTextStats resulted in a slightly lower



accuracy of 14.36%. Therefore, the contri-
bution of explicit linguistic features was not
uniform across the two domains.

The TF-IDF SVM model combined with
LIWC-22 reached 11.97% on Trauma Narra-
tive and 23.14% on Threat Letter to Pub-
lic Unknown Person. Although this con-
figuration outperformed the neural encoders
and LLMs, it did not surpass the standard
TF-IDF SVM model or the UMUTextStats-
enhanced configuration.

One possible explanation is that UMU-
TextStats includes a broader set of Spanish-
specific grammatical, lexical, syntactic, and
readability variables. These features may
capture aspects of linguistic variation not
represented explicitly by TF-IDF, particu-
larly verb-tense usage, sentence structure,
punctuation, and vocabulary richness.

By contrast, LIWC-22 is primarily based
on dictionary-category frequencies. While
these variables can represent emotional, cog-
nitive, and thematic dimensions, their re-
liance on term counting may provide less de-
tailed information about grammatical struc-
ture and language-specific stylistic variation.

However, the results do not demonstrate
that UMUTextStats features are universally
more effective than LIWC-22. Their advan-
tage was mainly observed with the linear
SVM in the public Threat Letter domain. In
addition, the corresponding Random Forest
models obtained considerably lower results.
TF-IDF RF combined with UMUTextStats
reached only 1.60% and 2.66%, whereas TF-
IDF RF combined with LIWC-22 obtained
5.59% and 11.17%.

4.8 Large Language Models
(LLMs)

The instruction-tuned language models ob-
tained the lowest accuracies among all eval-
uated systems. Gemma-3-1B and Llama-
3.2-1B achieved 0.27% in both test do-
mains, while Llama-3.2-3B obtained 0.00%
on Trauma Narrative and 0.27% on Threat
Letter to Public Unknown Person. These
values resemble random baseline for a closed
candidate set of 376 authors, demonstrating
that generative ”black-box” architectures in
this configuration failed to map stable stylis-
tic signatures across domains, reinforcing the
need for Explainable AI (XAI) for legal sce-
narios (Rudin, 2019; Billah, 2025).

As formalised in Annex B, this near-

chance performance is primarily attributed
to three interrelated factors within our con-
strained decoding framework: (1) severe data
scarcity (mapping a massive 376-class prob-
lem from limited documents per candidate);
(2) the absence of prior semantic features in
the arbitrary special tokens (<USR_i>) used
as author labels; and (3) the restrictive na-
ture of next-token optimisation, which forces
the models to select a single token from a
fixed inventory rather than leveraging free-
form instruction following or abstracting id-
iosyncratic stylistic cues.

To examine this performance collapse, an
analysis of the predicted label distributions
revealed severe mode collapse (see Annex D).
Gemma-3-1B clustered its predictions into
just 5 distinct labels for the Trauma Narra-
tive, while LLaMA-3.2-1B collapsed entirely
onto a single label (100% frequency), ac-
counting for 376 of the predictions. Rather
than distributing decisions across the com-
plete author inventory, optimisation con-
verged towards a limited subset of labels that
received disproportionately high next-token
scores across many unrelated inputs. This
behaviour demonstrates that constrained to-
ken spaces cause generative models to resort
to majority-class or arbitrary label collapses
when exposed to highly emotional, out-of-
domain forensic writing.

The analysis does not establish whether
this collapse was caused by model size, label-
token initialisation, the amount of super-
vision, optimisation dynamics, prompt de-
sign, or the constrained next-token formu-
lation. Isolating these factors would require
controlled ablation experiments.

5 Conclusions

This paper has presented CREFF, a versa-
tile, high-quality linguistic resource designed
to overcome the limitations of web-scraped
and unverified text datasets in Spanish NLP.
By providing a strictly controlled and bal-
anced human-authored baseline, CREFF es-
tablishes a reliable foundation for forensic
and computational linguistics.

To demonstrate its capabilities, we con-
ducted a pilot study of cross-domain author-
ship identification. We combined classic ma-
chine learning, transformer-based encoders,
and LLMs along with psycholinguistic fea-
tures extracted from the Spanish version of
LIWC and UMUTextStats. This hybrid ap-



proach shows that classic models combined
with explicit linguistic features not only en-
hance classification accuracy in unseen gen-
res but also offer the explainability required
in judicial proceedings.

Following Open Science principles, the
public portion of the CREFF corpus (376 au-
thors, comprising approximately 95% of the
total dataset) will be made available upon
publication in open repositories such as Zen-
odo and OSF under a Creative Commons
Attribution-NonCommercial-ShareAlike 4.0
International license (CC BY-NC-SA 4.0). A
subset of 17 authors (5%) has been deliber-
ately withheld to serve as a restricted, blind
gold-standard benchmark for a future shared
task evaluation.?

6 Limaitations and Future Work

A current limitation of this pilot study is that
CREFF is largely unannotated at a granu-
lar level. Forensic research requires compre-
hensive tracking of specific language patterns
across disputed authors. While the current
baseline relies on automated tool extraction,
the lack of deeply layered manual annotation
may constrain the performance.

Additionally, the rigorous control applied
to sociolinguistic variables may limit the gen-
eralisation of our results, as noted by Moon et
al. (2025). This control ended in a homoge-
neous participant pool, which could limit im-
mediate generalisation to broader, more di-
verse demographic groups. Finally, as Huang
et al. (2024) warned, the scalability re-
mains a great limitation in forensic practice.
The vast number of disputed authors in real-
world scenarios may significantly hinder the
effectiveness of the closed-set classification
method.

Despite these constraints, this pilot study
lays the foundation for an ongoing project.
Our immediate future work focuses on vali-
dating a methodology based on an integra-
tive taxonomy that entails both the prag-
matic dimensions of the Speech Act Theory
(Austin, 1962; Searle, 1979) and emotional
categories derived from constructivist psy-
chology (Barrett, 2017). Based on Huang
et al. (2025) suggestions, we intend to inte-
grate a multidisciplinary benchmark method-
ology (i.e., uniting linguistics, computer sci-

4The CREFF corpus splits used for this study for
replicability are available at: https://doi.org/10.
5281/zenodo.20584621

ence, forensic science, and psychology) that
reflects real-world scenarios through a broad
range of written human-authored data.

Currently, we are automating corpus seg-
mentation by leveraging Al for initial pars-
ing, followed by a rigorous human-in-the-loop
revision. This is intended to capture the
granularity of linguistic and lexical choices
people use in different communicative con-
texts and how they construct their linguistic,
cognitive, and emotional identities. We aim
to validate our methodology by testing it on
established datasets, such as the MEACorpus
from the EmoSPeech shared task at IberLEF
(Pan et al., 2024), shifting our features from
authorship identification toward emotion de-
tection and sentiment analysis tasks.

Additionally, taking advantage of the tem-
poral compilation process of CREFF (2019-
2024), we propose a diachronic compara-
tive study to analyse potential shifts in hu-
man writing style between the pre-Al and
post-Al collected texts. Specifically, we aim
to adapt the empirical framework of Moon
et al. (2025) regarding the potential ho-
mogenising effects of LLMs on writing di-
versity within our own human-authored cor-
pus. While Moon et al. (2025) focused on
general lexical and creative variance, our fu-
ture work will utilise our custom pragmatic-
emotional taxonomy to quantify style flatten-
ing. By tracking shifts in speech act den-
sity and emotional granularity across the pre-
and post-Al approaches, we seek to investi-
gate how widespread public exposure to gen-
erative writing tools affects individual human
stylistic variance.

7 FEthical Considerations

The protocols guiding CREFF compilation
strictly adhere to the ethical standards of
Chaski’s Writing Sample Database (Chaski,
2001), which received institutional approval
from an independent interdisciplinary board.
For the Spanish repository, compliance was
fully verified and approved by the equivalent
institutional ethics committee (Almela et al.,
2019). All data collection prioritised absolute
participant anonymity, confidentiality, legal
data governance, and restricted access, mit-
igating any risks of privacy violation while
preserving the structural integrity required
for forensic research replication.
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A LLM Prompt Structure

The instruction-tuned models (Gemma and
LLaMA) were evaluated using a standard-
ised supervised instruction-style template.
The prompt structure followed a strict
instruction—input-response format as de-
tailed below:

### Question:

Identify the author of the following text.

Answer ONLY with their tag.

### Input:
Reference text:
[DOCUMENT]

### Response:
<USR_i>

B  FEwvaluation Metrics
Formalisation

To ensure mathematical replicability, the
top-1 classification performance for the
closed-set cross-domain authorship identifi-
cation task is formalised using standard Ac-
curacy, defined as:

N of correctly identified texts
total N of test texts

Accuracy =

C Model Hyperparameters
Configuration

To ensure exact training replicability, Table 5
details the primary hyperparameters utilised

during the fine-tuning of both the Trans-
former encoders and the instruction-tuned
Large Language Models.

Model Epochs Batch Size LR Max. Len
BETO 20 4 (Train) / 8 (Bval) 1x10° 512
BERTIN 20 4 (Train) / 8 (Eval) 1x 1077 512
ALBETO 20 4 (Train) / 8 (Eval) 1x 1077 512
DistilBETO 20 4 (Train) /8 (Eval) 1x 1073 512
Longformer 30 4 (Train) / 8 (Eval) 1x 107 4,096
Gemma-3-1B 1 2 (Train) / 2 (Eval) 2x 107 4,092
Llama-3.2-1B 1 2 (Train) / 2 (Eval) 2x107° 4,092
Llama-3.2-3B 1 2 (Train) / 2 (Eval) 2x107° 4,092
Table 5: Main hyperparameters used to

fine-tune the Transformer encoders and
instruction-tuned language models. Train BS
denotes the per-device training batch size,
Eval BS the per-device evaluation batch size,
LR the learning rate, and Max. length
the maximum input sequence length. The
instruction-tuned models used two gradient-
accumulation steps, resulting in an effective
training batch size of 4.

D Distributional Error Analysis

This table provides the empirical distribution
of the author labels predicted by the genera-
tive models, illustrating the label concentra-
tion effect discussed in Section 4.8.

97.61
97.34
100.00
98.40
53.72

Model Test Domain Dist. Freq. Freq. (%)
Gemma-3-1B Trauma Narrative 5 367
Gemma-3-1B  Public Threat Letter 6 366
Llama-3.2-1B Trauma Narrative 1 376
Llama-3.2-1B Public Threat Letter 4 370
Llama-3.2-3B Trauma Narrative 7 202
Llama-3.2-3B Public Threat Letter 8 272

72.34

Table 6: Distributional analysis of predicted au-
thor labels across the 376 test documents.



