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Abstract: Detecting machine-generated Spanish text remains challenging across
domains and generators. Pre-trained models like RoBERTa provide strong contex-
tual embeddings but often underperform on human-authored texts and are sensi-
tive to domain shifts. In this work, we integrate linguistic features from PUCP-
Metrix—covering lexical, syntactic, semantic, psycholinguistic, and cohesion prop-
erties—with pre-trained models. We evaluate feature-based classifiers, fine-tuned
RoBERTa, hybrid models, and ensembles on the AuTexTification dataset. Hy-
brid models improve human-text detection (F1 65.49 vs. 60.74 for RoOBERTa) and
machine-text classification (F1 81.76), while a voting ensemble achieves the highest
macro-F1 (74.75) and strongest robustness. Analyses indicate linguistic features pro-
vide stable, interpretable anchors, reducing overfitting and enhancing generalization
across LLM outputs. Results demonstrate that combining linguistic and pre-trained
models yields a robust solution for Spanish machine-generated text detection.
Keywords: Machine-generated text detection, linguistic features, pre-trained mod-
els.

Resumen: La deteccion de texto generado por mdquinas en espanol sigue
siendo un desafio. Modelos preentrenados como RoBERTa ofrecen representa-
ciones contextuales potentes, pero a menudo tienen un desempeno inferior en
textos humanos y son sensibles a cambios de dominio. En este trabajo, in-
tegramos caracteristicas lingliisticas de PUCP-Metrix—que abarcan propiedades
léxicas, sintdcticas, seménticas, psicolingiiisticas y de cohesién—con modelos preen-
trenados. Evaluamos clasificadores basados en caracteristicas, RoBERTa afinado,
modelos hibridos y ensamblajes en el dataset AuTexTification. Los modelos hibridos
mejoran la deteccién de texto humano (F1 65.49 vs. 60.74 de RoBERTa) y la clasifi-
cacién de texto méquina (F1 81.76), mientras que un ensamblaje por votacién logra
el macro-F1 més alto (74.75) y la mayor robustez. Los andlisis muestran que las
caracteristicas lingiifsticas actiian como anclas estables e interpretables, reduciendo
el sobreajuste y mejorando la generalizacién sobre las salidas de multiples LLMs.
Los resultados demuestran que combinar caracteristicas lingiifsticas con modelos
preentrenados ofrece una soluciéon robusta para la deteccién de texto generado por
maquinas en espanol.

Palabras clave: Deteccién de texto generado por maquina, caracteristicas
linguisticas, modelos pre-entrenados.

1 Introduction styles (Uchendu et al., 2020). This makes dis-
tinguishing human and machine text increas-
ingly difficult and raises concerns across do-
mains such as misinformation, academic in-
tegrity, and copyright (Zhou et al., 2024).

Recent advances in large language models
(LLMs) have significantly improved the flu-
ency and realism of machine-generated text,
enabling models to mimic human writing
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Most research on machine-generated text
detection has focused on English, but shared
tasks such as AuTexTification 2023 (Sar-
vazyan et al., 2023) and IberAuTexTifica-
tion 2024 (Sarvazyan et al., 2024) highlight
challenges in Spanish. While transformer-
based models are strong baselines, results
from these tasks show that combining them
with linguistic features—such as perplexity,
lexical richness, morpho-syntactic cues, or
stylometric patterns (Alonso Simén et al.,
2023; Wu, Huang, and others, 2023; Espin-
Riofrio, Ortiz-Zambrano, and Montejo-Réez,
2024; Valdez-Valenzuela et al., 2024)—often
improves performance by capturing struc-
tural and stylistic regularities that pure neu-
ral embeddings may overlook.

Beyond individual features, comprehen-
sive repositories such as MultiAzterTest
(Bengoetxea and Gonzalez-Dios, 2021) and
PUCP-Metrix (Luis and Cabezudo, 2025)
provide rich linguistic metrics covering syn-
tax, morphology, lexical diversity, and style.
In particular, PUCP-Metrix has already been
applied to machine-generated text detection,
demonstrating its practical value.

Despite this progress, the role of lin-
guistic information within pre-trained model
pipelines remains underexplored. Most
shared-task systems fuse features superfi-
cially without analyzing which properties
drive improvements or how stable they are
across domains. This gap motivates a deeper
evaluation of linguistic feature integration for
Spanish, focusing on how they interact with
pretrained representations, and when they
improve generalization.

To address this gap, we study machine-
generated text detection in Spanish, focusing
on how to combine explicit linguistic knowl-
edge with pre-trained models. We systemat-
ically evaluate hybrid architectures that in-
tegrate linguistic features and analyze their
strengths and limitations. Results show con-
sistent performance gains, especially for iden-
tifying human-authored text.

In summary, the main contributions of
this work are:

e Fxploratory analysis of linguistic fea-
tures in combination with pre-trained
models: We systematically investigate
how to best combine linguistic knowl-
edge with pre-trained models, assess the
contribution of these features to model
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robustness and performance, and iden-
tify the limitations of the linguistic fea-
tures.

e Hybrid and ensemble architectures for
Spanish text detection: We pro-
pose and evaluate models that inte-
grate explicit linguistic features with
pre-trained language model representa-
tions, demonstrating consistent perfor-
mance gains, particularly for identifying
human-authored text.

2 Related Work

Research on machine-generated text detec-
tion in Spanish has grown rapidly, with
the AuTexTification Shared Task (Sarvazyan
et al., 2023) showcasing diverse approaches.
While fine-tuned transformers dominated,
several works showed that linguistic features
remain valuable complements. For instance,
Alonso Simén et al. (2023) integrated lin-
guistic knowledge into transformers, Mikros
et al. (2023) combined stylometric features
with ensembles, and others explored syntax-
aware learning (Wu, Huang, and others,
2023) or surprisal-based signals (Przybyla,
Duran-Silva, and Egea-Gémez, 2023), high-
lighting the role of structural cues.

The IberAuTexTification 2024 shared task
(Sarvazyan et al., 2024) extended this line of
work to a multilingual Iberian setting. Sev-
eral teams combined morpho-syntactic, syn-
tactic, and stylometric features with mul-
tilingual transformers (Espin-Riofrio, Ortiz-
Zambrano, and Montejo-Réez, 2024; Guo et
al., 2024; Valdez-Valenzuela et al., 2024),
analyzing signals such as sentence length,
punctuation, lexical richness, and perplex-
ity. As in AuTexTification, results confirmed
that hybrid approaches improve robustness
in multilingual and cross-domain scenarios.

Beyond Spanish, recent multilingual and
English benchmarks have explored hybrid
detection approaches, including the GenAl
Content Detection Task (Wang et al., 2025),
which evaluates detectors across multiple lan-
guages and generators. These studies sim-
ilarly report improvements when combining
linguistic and neural signals, reinforcing the
cross-lingual relevance of hybrid strategies.

Overall, machine-generated text detection
methods fall into three groups: (i) neural
detectors based on transformer embeddings,
(ii) stylometric and linguistic feature models,
and (iii) hybrid approaches. We contribute



Exploring the Impact of Linguistic Features on Pre-trained Models for Machine-generated Text Detection in Spanish

to the third by systematically evaluating lin-
guistic feature integration and robustness to
domain shift in Spanish.

3 Ezxperimental Setup

3.1 Dataset

We used the dataset from the AuTexTifi-
cation challenge (Sarvazyan et al., 2023),
designed to encourage models that general-
ize well by including human- and machine-
generated texts across diverse domains and
styles. The texts cover domains such as news,
tutorials, and tweets; Detailed statistics are
provided in Table 1.

Domain | Generated Human Total
Legal 4,846 4,358 9,204
News 5,514 5,223 10,737

Reviews 5,695 3,697 9,392

Tweets 5,739 5,634 11,373

How-to 5,690 5,795 11,485

Table 1: Number of texts per domain for the
AuTezxTification dataset.

Our experiments focused on the Machine-
generated Text Detection task, which in-
volves identifying whether a text was written
by a human or generated by a machine. The
dataset includes 24,707 human-generated and
27,484 machine-generated instances, totaling
52,191 examples.

Human texts were collected from publicly
available datasets, including MultiEURLEX
(Chalkidis, Fergadiotis, and Androutsopou-
los, 2021) (legal), XLSUM/MLSUM (Hasan
et al., 2021; Scialom et al., 2020) (news),
COAR/COAH (Molina-Gonzalez et al.,
2014) (reviews), XLM-Tweets (Barbieri, Es-
pinosa Anke, and Camacho-Collados, 2022)
and TSD (Leis et al., 2019) (tweets), and
WikiLingua (Ladhak et al., 2020) (how-to
articles). Machine-generated texts were pro-
duced using six large language models: three
from the BLOOM family (BLOOM-1BT7!,
BLOOM-3B2, BLOOM-7B13) and three
from the GPT-3 family (babbage, curie,
text-davinci-003).

Another key aspect of this task is its em-
phasis on cross-domain generalization. Mod-

! Available at
bigscience/bloom-1b7
2 Available at

bigscience/bloom-3b
3 Available at
bigscience/bloom-7bl

https://huggingface.co/
https://huggingface.co/

https://huggingface.co/

els are trained on texts from the Legal,
Tweets, and How-to domains, but they are
evaluated on two domains they never see dur-
ing training—News and Reviews. This setup
introduces a clear distribution shift and al-
lows to assess how robust systems are when
faced with new writing styles and contexts.

3.2 Extracted Linguistic Features

We extracted the full set of linguistic fea-
tures available in PUCP-Metrix (Luis and
Cabezudo, 2025) (182 features), a tool de-
signed to compute a wide range of linguistic
metrics for Spanish text analysis.* The ex-
tracted features are grouped into the follow-

ing categories®:

e Descriptives (27): general text statis-
tics, e.g., word, sentence, and paragraph
counts, and sentence lengths.

e Lexical Diversity (22): vocabulary
variety measures, e.g., type-token ra-
tios, noun/verb/adjective/adverb den-
sity, MLTD, vocd (McCarthy Philip M,
2010).

e Readability (7): difficulty metrics, e.g.,
Flesch Grade, Brunet Index, Gunning
Fog, SMOG, Szigriszt-Pazos.

e Syntactic Complexity (12): struc-
tural measures, e.g., sentence clause
counts, minimal edit distances.

e Psycholinguistics (30): word-level hu-
man processing properties, e.g., con-
creteness, imageability, familiarity, age
of acquisition, valence, arousal (Duchon
et al., 2013; Stadthagen-Gonzalez et al.,
2017).

e Word Information (24): counts of
nouns, verbs, adjectives, adverbs, and
content words.

e Referential Cohesion (12):
text interconnections, e.g.,
noun/argument /stem/content
word /anaphor overlap.

e Textual Simplicity (4): sentence
length ratios (short/medium/long/very
long).

“The list of metrics and their definitions can be
found at https://github.com/iapucp/pucp-metrix.

SFor brevity, we list only representative metrics
per category rather than the full set.
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e Semantic Cohesion (8): semantic re-
latedness, e.g., LSA overlaps between

sentences/paragraphs.

e Word Frequency (16): Zipft-
based measures, e.g., counts of rare
nouns/verbs/adverbs/content  words,
mean frequency.

e Syntactic Pattern Density (14):
density of syntactic elements, e.g.,

noun/verb phrases, negative expres-

sions, conjunctions.

e Connectives (6): incidence of logical,
temporal, causal, adversative, and addi-
tive connectives.

3.3 Single Approaches

3.3.1 Feature-based models

In experiments reported by Luis and
Cabezudo (2025), the usefulness of the col-
lected features to detect machine-generated
text was evaluated using several machine
learning algorithms. Linguistic features
were computed for both the training and
test splits of the dataset, and applied
directly to the raw texts without any
preprocessing.  The classifiers tested in-
cluded Support Vector Machines (SVM),
Logistic Regression, Random Forest, and
XGBoost. Model training was performed us-
ing 5-fold cross-validation to determine opti-
mal hyperparameters, with 20 % of the train-
ing data reserved for validation. We use the
performance reported in the work for evalu-
ation purposes.

3.3.2 Transformer-based model

In addition to feature-based models, we also
report the transformer approach by fine-
tuning a pre-trained RoBERTa model (Liu
et al., 2019) on the AuTexTification dataset

More specifically, the RoBERTa model used
was pre-trained on data extracted from the
National Library of Spain, the largest Span-
ish corpus known to date (Fandino et al.,
2022)%. This pre-trained model was also a
baseline in the AuTexTification shared-task
(named FT-RoBERTa-BNE in experiments)
and the authors of PUCP-Metrix replicated
the same idea with some slightly differences.
The authors used the [CLS] token’s final hid-
den state output from the RoBERTa model

6 Available at https://huggingface.co/
PlanTL-GOB-ES/roberta-base-bne
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as the input to a subsequent fully connected
neural network. Figure 1 shows the com-
plete architecture of this model. To enhance
regularization and prevent overfitting during
training, a dropout layer was incorporated
before the hidden layer.

Text
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Human or Generated?

Figure 1: FT-RoBERTa-BNE architecture:
RoBERTa followed by a fully connected neu-
ral network.

Hyperparameter optimization was per-
formed wusing a cross-validation strategy
leveraged by the Optuna library”. The model
was then trained for 3 epochs using the Adam
optimizer (Kingma and Ba, 2014), with 20%
of the training dataset reserved for valida-
tion. Table 2 shows the optimal hyperparam-
eters used to fine-tune the model.

Parameter FT-RoBERTa-BNE | FT
Features +
RoBERTa-BNE
Batch size 32 16
Epochs 3 )
Optimizer Adam Adam
Learning rate | 0.00002474 | 0.00002767
Dropout 0.3 0.1
Dense sizes 768 16/64/64

Table 2: Hyperparameters used in the fine-
tuning of the FT-RoBERTa-BNE model and FT
Features + RoBERTa-BNE.

3.4 Hybrid models

3.4.1 Linguistic features + RoBERTa
classifier

Combining linguistic features with contex-
tualized word embeddings from transformer
language models is a prevalent approach to
tackling challenges of this nature (Tyo, Dhin-
gra, and Lipton, 2022). Adopting this strat-
egy, we combined the linguistic features ex-
tracted in the Section 3.2 with a pre-trained
RoBERTa model to improve its classification
performance.

TAvailable  at
optuna.

https://github.com/optuna/
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To achieve this integration, both the lin-
guistic features and the RoBERTa embeddings
were first projected into a lower-dimensional
space using dense layers. The resulting trans-
formed representations were then concate-
nated into a single vector. This combined
vector served as input to a classification net-
work consisting of two dense layers. In ad-
dition, dropout was applied to this inter-
mediate vector to mitigate overfitting dur-
ing training. The architecture of the hybrid
model is shown in Figure 2.

tokenizer

RoBERTa

l CLs

| dense_2 (ReLU) |

Text

Linguistic Features

Extractor

| dense_1 (ReLU) |

| o |
%

dropout

dense_3 (ReLU)

dense_4 (Sigmoid)

!

Human or Generated?

Figure 2: Proposed hybrid model using a
pre-trained RoBERTa model and linguistic fea-
tures.

The model was trained using the Adam
optimizer and the hyperparameters listed
in Table 2 and all the parameters, in-
cluding RoBERTa parameters, were fine-
tuned (the model is named FT Features +
RoBERTa-BNE in experiments). These param-
eters were also tuned using Optuna’s cross-
validation.

3.4.2 Linguistic Features +
RoBERTa logits

In this approach (named Features +
RoBERTa logits), we leverage the prob-
abilistic output of the FT-RoBERTa-BNE.
This output is concatenated with the set
of linguistic features previously developed
into a single vector. This combined vector is
then used as input to an XGBoost classifier.
Similarly to the training process of previous
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feature-based models, cross-validation is
used to optimize the hyperparameters of the
XGBoost model.

3.5 Ensemble models

Ensemble models leverage the collective
knowledge of individual models to achieve
improved classification performance and ro-
bustness compared to using a single model.
For this reason, we explored the combination
of our feature-based classifiers with the fine-
tuned RoBERTa model (FT-RoBERTa-BNE)
from the previous section. To accomplish
this, we employed two popular ensemble
methods:

3.5.1 Stacking Classifier

The Stacking Classifier involves concate-
nating the feature representations derived
from our feature-based classifiers with the
output of FT-RoBERTa-BNE’s final layer. This
combined feature vector serves as input to
an additional classifier, which learns to make
the final prediction based on the combined
information. In our case, a simple Logistic
Regression model was employed as this final
classifier. The models used for this classi-
fier were Logistic Regression, Random For-
est, XGBoost and the fine-tuned RoBERTa.
We did not include SVM in the voting classi-
fier because it had the lowest cross-validation
performance.

3.5.2 Voting Classifier

The Voting Classifier combines the pre-
dictions of multiple base classifiers. We uti-
lized a Hard Voting strategy, where the final
prediction is determined by the class that re-
ceives the majority of votes from the individ-
ual base models. the models used for this
classifier were the same as the ones used for
the Stacking Classifier.

4 Results and Discussion

Table 3 presents the performance of the pre-
viously described models on the Machine-
generated text detection task. More specif-
ically, we report the Precision, Recall and
F1 for each category (Human and Machine)
and Macro F1. In addition, we report the
performance of the FT-RoBERTa-BNE baseline
that was used in the AuTexTification shared-
task (FT-RoBERTa-BNE-AuTexTification in
the Table) and the best model reported in the
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Human Machine
Model P R F1 P R F1 |
Single Feature-based Models
Logistic Regression 71.09 55.93 62.61 | 70.02 81.90 75.49 | 69.05
XGBoost 71.34 61.36 65.97 | 72.33 80.38 76.14 | 71.06
Support Vector Machines 71.04 56.05 62.66 | 70.06 &81.82 75.48 | 69.07
Random Forest 63.57 58.24 60.79 | 68.85 73.44 71.07 | 65.93
Pre-trained Models
FT-RoBERTa-BNE 86.28 46.87 60.74 | 68.99 94.07 79.60 | 70.17
FT-RoBERTa-BNE-AuTexTification* - - - - - - 68.52
Best model* - - - - - - 70.77
Feature + Pre-trained Models
FT Features + RoBERTa-BNE 91.14 51.11 6549 | 71.17 96.05 81.76 | 73.63
Features + RoBERTa logits 91.99 44.56 60.04 | 68.72 96.91 80.42 | 70.23
Stacking Classifier 70.02 5896 64.01 | 70.99 79.91 75.18 | 69.60
Voting Classifier 74.54 6743 70.81 | 75.91 81.68 78.69 | 74.75

Table 3: Results on AuTexTification test set. *The authors of the shared-task only provide
F1 in the report. McNemar’s test on paired predictions using FT-RoBERTa-BNE as the baseline.
Underlined values indicate statistically significant improvements (p < 0.01).

shared-task.®

The best overall performance is achieved
by the Voting Classifier, with a macro
F1 score of 74.75. This model demon-
strates balanced effectiveness across both hu-
man and machine categories, obtaining the
highest F1 for human-generated texts (70.81)
and a strong F1 for machine-generated ones
(78.69). This robust performance highlights
the potential of hybrid strategies that com-
bine diverse model outputs rather than rely-
ing on a single architecture.

Although our study focuses on Spanish,
it is useful to compare it with multilingual
research. Recent benchmarks such as the
GenAl Content Detection Task (Wang et
al., 2025) report macro-F1 scores of 75-85
for hybrid detectors. Our result (macro-F1
74.75) is comparable despite resource and
cross-domain challenges, which may suggest
that hybrid approaches generalize across lan-
guages, although linguistic features remain
language-dependent.

When comparing machine learning ap-
proaches using linguistic features (Logistic
Regression, XGBoost, SVM, and Random
Forest) to single RoBERTa-based mod-
els, we may see that XGBoost achieves

8Comparisons with prior systems are constrained
by the reporting format of the shared-task overview,
where only aggregate metrics (e.g., macro-F1) are
available for the top-performing system. This lim-
its fine-grained comparisons but ensures consistency
with the standard benchmark evaluation.
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a competitive F1 score of 71.06, even
surpassing both FT-RoBERTa-BNE and
FT-RoBERTa-BNE-AuTexTification and

the best model, showing the relevance
of linguistic features for this task. Be-
sides, the general trend shows that the
RoBERTa models tend to perform better on
machine-generated texts (79.60 F1) than
on human-generated ones (60.74 F1). Even

more, FT-RoBERTa-BNE presents the
lowest recall, on Human-authored texts
(46.87). In contrast, feature-based models

exhibit less instability between performance
on both human and machine texts.

How do linguistic features contribute
to performance improvement? Some
hybrid systems that combine linguistic fea-
tures with RoBERTa representations outper-
form models that rely on a single fam-
ily of signals. While fine-tuned RoBERTa
(FT-RoBERTa-BNE) achieves a strong Machine
F1 of 79.60, it suffers from a low Human Re-
call of 46.87, resulting in a modest Human
F1 of 60.74. This imbalance indicates a bias
toward predicting the machine class. How-
ever, incorporating linguistic features effec-
tively mitigates this issue: the FT Features
+ RoBERTa-BNE model increases Human F1
to 65.49 (44.75 over FT-RoBERTa-BNE) while
simultaneously improving Machine F1 from
79.60 to 81.76. These improvements demon-
strate that handcrafted stylistic cues help re-
cover human texts that RoBERTa alone mis-
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classifies, while still preserving—and even en-
hancing—RoBERTa’s strong ability to detect
machine-generated content.

Beyond correcting class-specific weak-
nesses, hybrid approaches may also yield
more stable performance. Ensemble-based
hybrids such as the Voting Classifier
achieve the strongest overall results, reach-
ing 74.75 F1, outperforming both the best
feature-only system (XGBoost, 71.06 F1) and
the FT-RoBERTa-BNE baseline (70.17 F1).
This gain of +4.58 F1 over FT-RoBERTa-BNE
suggests that hybridization acts as a form
of regularization: linguistic features anchor
the model in interpretable stylistic patterns,
while RoBERTa embeddings capture richer se-
mantic and contextual signals. As a re-
sult, hybrid models avoid the tendencies ob-
served in RoBERTa only systems and achieve
more balanced, reliable discrimination across
human and machine classes—an essential
property for authorship verification scenarios
where asymmetric errors can lead to system-
atic biases.

It is worth noting that, while the inclu-
sion of linguistic features improves human-
text detection, the absolute performance re-
mains moderate. This reflects a broader pat-
tern observed in prior detection benchmarks
(Sarvazyan et al., 2023), where models of-
ten exhibit a bias toward predicting machine-
generated text. Our findings suggest that
linguistic features partially mitigate this ten-
dency, improving class balance without sac-
rificing machine-text detection performance.

Different from FT Features +
RoBERTa-BNE and Voting Classifier,
the model Features + RoBERTa logits

performs less strongly (70.23 F1), nearly
matching the RoBERTa baseline. This
suggests that shallow fusion of logits may
underutilize the complementary information
provided by features, whereas approaches
that allow deeper interaction—either during
fine-tuning or through ensemble aggrega-
tion—unlock more robust improvements.
The Stacking Classifier shows the lowest
performance (69.60 F1), indicating potential
overfitting in the meta-learner and highlight-
ing that hybrid architectures must carefully
balance model complexity with the stability
of feature-representation interactions.

How do pre-trained models contribute
to hybrid models? Given that Voting
Classifier gets the highest score and it
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combines machine learning models and the
fine-tuned RoBERTa model, we try to estimate
the contribution of the RoBERTa model in the
voting schema. More specifically, we esti-
mate its relevance by removing the RoBERTa
model from the ensemble. Table 4 shows the
performance on the validation set and also
on the test set. Overall, the full Voting
Classifier achieves the highest validation
and test F1 score (85.67 and 74.75, respec-
tively) and outperforms the machine learning
model ensemble variant (83.43 and 71.33 F1).

In particular, removing FT-RoBERTa-BNE
induces opposite shifts in human—machine
precision/recall.  Human recall decreases
from 90.34 to 83.97 (-6.37), while machine
precision also drops from 90.02 to 84.73
(=5.29). At the same time, the metrics on the
opposite axes—human precision and machine
recall—change minimally (Human Precision:
from 81.85 to 82.12, +0.27; Machine Recall:
from 81.31 to 82.94, +1.63).

This pattern may  suggest that
FT-RoBERTa-BNE  contributes  primarily
to capturing harder positive signals: it helps
the ensemble recover more true human texts
(high human recall) and avoid mislabeling
machine-generated content as human (high
machine precision). When this component
is removed, the classifier compensates by
slightly improving the complementary axes
(human precision and machine recall), but
these gains are small and insufficient to offset
the substantial recall/precision losses on the
dominant axes.

Another aspect that we analyzed was
the effect of keeping RoBERTa-BNE frozen in
the FT Features + RoBERTa-BNE pipeline to
understand how pre-trained representations
influence cross-domain generalization. To do
this, we kept the fine-tuned weights of the
FT-RoBERTa-BNE model frozen.

Table 5 shows the results on both valida-
tion and test sets. Results in the validation
set show that freezing RoBERTa slightly im-
proves F1 scores for both human (93.95 vs.
92.30) and machine (94.22 vs. 92.69), lead-
ing to a modest increase in overall macro-
F1 (94.09 vs. 92.49). This indicates that
frozen FT-RoBERTa-BNE helps stabilize in-
domain performance.

On the test set, however, freezing RoBERTa
significantly harms performance on human-
authored texts. Human recall drops from
51.11 to 33.24, and F1 falls from 65.49 to
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Validation Test
Human Machine
P F1 P R F1 Fl Fl
Voting Classifier 81.85 90.34 85.89 90.02 81.31 &85.45 &5.67 | 74.75
Voting Classifier - FT-RoBERTa-BNE | 82.12 83.97 83.04 84.73 8294 83.83 83.43 | 71.33

Table 4: Results for Voting Classifier with/without FT-RoBERTa-BNE on the validation and

test sets.

49.19, showing that the model struggles to
generalize to unseen writing styles. Machine
text detection sees a small increase in recall
(from 96.05 to 98.48) but a decrease in preci-
sion (from 71.17 to 64.96), resulting in a lower
overall macro-F1 (78.28 vs. 81.76). These
results suggest that while freezing RoBERTa
can preserve in-domain stability, it increases
sensitivity to domain-specific patterns and
reduces robustness to unseen domains.

How robust are hybrid models under
domain shift between validation and
test? As discussed earlier, the Machine-
generated Text detection task introduces
a deliberately challenging cross-domain sce-
nario, making it an effective test for over-
fitting. Because validation and test data
come from different domains, models trained
on AuTexTification are forced to rely on
domain-invariant signals rather than super-
ficial patterns tied to specific writing styles.
Figure 3 shows the validation-test perfor-
mance gaps for both human- and machine-
generated text classes.

FT RoBERTa-BNE exhibits the largest dete-
rioration under domain shift, with the great-
est performance drops observed for human-
authored texts (A = 47.67 for Human Recall
and 32.18 for Human F1) and substantial re-
ductions in overall macro-F1 (A = 22.87).
This pattern reflects a systematic miscali-
bration: the model becomes overly confi-
dent in predicting machine-generated texts
and fails to generalize to unseen human-
writing styles. Interestingly, Recall perfor-
mance for machine-generated texts slightly
improves under the shift (A = -2.42), high-
lighting that fine-tuning pushes RoBERTa to-
wards a machine-biased decision boundary
that does not transfer to new domains.

This behavior may also suggest that
FT-RoBERTa-BNE struggles to capture stylis-
tic and content variations inherent in differ-
ent human-written domains. However, when
texts are partially converted into machine-
generated content—as in AuTexTification,
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where segments of human text are com-
pleted by a Large Language Models—they in-
herit consistent generation patterns. In these
cases, FT-RoBERTa-BNE is able to generalize
effectively, successfully detecting machine-
generated style even in domains it has never
seen before.

In the case of hybrid models, we can see
that they mitigate these overfitting effects to
varying degrees. Adding features during fine-
tuning (FT Features + RoBERTa-BNE) re-
duces the macro-F1 gap (A = 18.86), im-
proving by nearly 4 over FT-RoBERTa-BNE,
and yields a smaller Human F1 drop (A =
26.81). This indicates that linguistic features
act as domain-stable anchors, helping the
model avoid over-specializing to the train-
ing domain. However, simply concatenat-
ing features with RoBERTa logits and training
XGBoost (Features + RoBERTa logits) on
top amplifies instability: this configuration
shows the largest Human recall loss (A =
50.53) and the worst macro-F1 delta (24.18),
suggesting that tree models can overfit to
already-biased logits and thus exacerbate do-
main mismatch.

By contrast, ensemble-based hybrids mod-
els offer the strongest robustness under do-
main shift. The Stacking Classifier re-
duces the macro-F1 delta to 14.18, while
the Voting Classifier achieves the small-
est observed degradation (A = 10.92) and
the lowest Human F1 drop (A = 15.08).
These ensembles work because they ag-
gregate diverse inductive biases and re-
duce variance: when facing unseen tex-
tual styles, individual model overfitting does
not dominate the final decision.  Over-
all, hybrid approaches—particularly ensem-
bling—meaningfully alleviate overfitting and
provide substantially more robust generaliza-
tion to out-of-domain, unseen classes.

To what extent are linguistic fea-
tures beneficial for models of varying
sizes/capabilities? We evaluate the recall
of different strategies for detecting machine-
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Human
P R F1
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Machine

P

Test
Human Machine
R F1 F1 P R F1 P R F1 F1

FT Features + RoBERTa-BNE
FT Features + RoBERTa-BNE (frozen RoBERTa)

91.52 93.09 92.30 93.45 91.95 92.69 92.49
92.79 9515 93.95 95.37 93.10 94.22 94.09

91.14 51.11 6549 71.17 96.05 81.76 73.63
94.58 33.24 49.19 64.96 98.48 78.28 63.74

Table 5: Effect of keeping RoBERTa-BNE frozen in FT Features + RoBERTa-BNE.
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Figure 3: Difference between validation and test sets for FT-RoBERTa-BNE, hybrid and ensemble

models.

generated text across several Large Language
Models (LLMs) used in the task, includ-
ing Bloom variants (1B7, 3B, 7B1), Ope-
nAl Babbage, Curie, and text-davinci-003.
The strategies considered include XGBoost
on the linguistic features (XGBoost), fine-
tuned RoBERTa (FT-RoBERTa-BNE), and hy-
brid combinations of RoBERTa and linguis-
tic features (FT Features + RoBERTa-BNE
and FT Features + RoBERTa logits), and
ensemble methods (Stacking and Voting
classifiers). Results are shown in Fig-
ure 4.

The XGBoost model achieves high recall
for smaller models such as Bloom-1B7 (96.22)
and Babbage (85.76), but performance drops
significantly on larger LLMs like Bloom-7B1
(75.54) and text-davinci-003 (66.86), indi-
cating that linguistic feature-based models
are effective for smaller or mid-sized mod-
els but struggle to generalize to outputs from
larger LLMs. FT-RoBERTa-BNE improves gen-
eralization, yielding consistently high recall
across most models, from 88.55 (Bloom-1B7)
to 97.10 (text-davinci-003), and outperform-
ing feature-only models on larger or more
complex LLMs.

Hybrid models such as FT features +
RoBERTa-BNE and FT Features + RoBERTa
logits further improve both recall and
stability. In particular, FT Features +
RoBERTa logits achieves recalls between
96.45 and 97.95, with the highest value on
Bloom-3B. These results suggest that in-
tegrating complementary information from
pre-trained embeddings and linguistic fea-
tures produces robust detection across all
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LLMs. In contrast, Stacking and Voting
classifiers show high recall on some
smaller models, such as Bloom-1B7 and Bab-
bage, but suffer on larger or more com-
plex models, with recalls dropping to 65.15
(Stacking) and 67.89 (Voting), suggesting
that naive ensembles may fail to capture
model-specific patterns.

Finally, to illustrate the difficulty of
the task, Figure 5 presents examples
from the AuTexTification dataset.  The
top two instances were correctly classified
by both FT-RoBERTa-BNE and the voting
classifier, while the bottom two were mis-
classified. These cases highlight how chal-
lenging it can be to distinguish between
human-written and machine-generated text,
as both often exhibit similar fluency and
stylistic patterns.

5 Conclusion

We investigated the integration of linguistic
features from PUCP-Metrix with pre-trained
models for Spanish machine-generated text
detection. Our experiments show that hy-
brid models consistently outperform feature-
only and RoBERTa-only approaches, improv-
ing both human-text and machine-text clas-
sification, while voting classifier achieves the
highest macro-F1 and robustness under do-
main shifts. Analyses indicate that linguistic
features serve as stable, interpretable anchors
that reduce overfitting and enhance general-
ization across outputs from multiple LLMs.
Future work will extend the analysis to
more Spanish LLMs and text genres, explore
feature selection methods, and better char-
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Il FT Features + RoBERTa logits
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mm XGBoost
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Recall Score
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bloom-1b7 bloom-3b bloom-7b1l babbage curie

Large Language Models

Figure 4: Recall scores for FT-RoBERTa-BNE, hybrid, and ensemble models across evaluations on
different large language models.

H Buscabamos tranquilidad y la encontramos. Me temia encontrar un hotel frio, desangelado y un poco fantasmagérico ya que es hotel de verano y

*_*' playa y nosotros fuimos totalmente fuera de temporada. Me llevé una sorpresa super positiva. Es un hotel relativamente pequefio y recoleto.

Estabamos los poco huéspedes concentrados en una

Horrach pidié al juez que requiera al Ministerio de Hacienda y a la Agencia Tributaria que aclaren si hay indicios de que la infanta cometié un delito
fiscal al no presentar sus declaraciones de la renta en dos ejercicios fiscales, entre 2002 y 2006. El Ministerio de Hacienda debera informar al juez

& Castro si la infanta Cristina presenté o no sus declaraciones de la renta en los afios citados, asi como si presenté alguna rectificaciéon o
impugnacién.

Ante esta situacion, la entidad presidida por Gregorio Villalabeitia ha planteado a los sindicatos un ajuste de plantilla que incluiria 276
prejubilaciones, ademas de un plan de bajas incentivadas voluntarias. También ha propuesto suspensiones de contrato y reducciones de jornada

< de caracter voluntario, todo ello dentro de las medidas que ha disefiado la entidad para mejorar su eficiencia. Segun fuentes consultadas, entre
todas las medidas, la reduccién de la plantilla podria llegar a unos 600 empleados, que podrian ser mas, en

Flynn fue promovido en una ronda de reclutamiento para el puesto, que seguramente le proporcionaria acceso al Departamento de Justicia. De
acuerdo con una declaracion jurada que Flynn hizo a los agentes federales en diciembre, cuando era director de la agencia, dijo que no pudo haber

& leido un memorandum de la Casa Blanca en el que el gobierno de Estados Unidos amenazé con intervenir la campafia del régimen sirio. El FBI
descubrié que era mentira. De acuerdo

Figure 5: Examples from the AuTexTification dataset. The top two were correctly classified by
both FT-RoBERTa-BNE and the voting classifier, while the bottom two were misclassified.

resources, making cross-lingual transfer
non-trivial; multilingual extensions re-
main an open direction.

acterize the role of individual linguistic fea-
tures. We also plan to investigate multilin-
gual extensions, study how linguistic features
can be integrated into LLM-based systems,

and conduct error analyses to identify com- e Our setup follows the AuTexTification
mon failure modes and potential improve- protocol, which evaluates systems by
ments. model rather than text length. While

L length may affect difficulty, a system-
Limatations

atic length-based analysis is beyond the

Despite the contributions of this work, sev- scope of this study.

eral limitations remain:

e Feature-level importance was analyzed
in prior work (Luis and Cabezudo,
2025).  Here, we study how aggre-
gated linguistic signals interact with pre-
trained models in hybrid settings. Fre-
quency, readability, and cohesion appear
most influential, while fine-grained hy-

e As large language models become more
human-like, the discriminative value of
explicit linguistic features may decrease.
We evaluate their current utility and de-
fer longitudinal analyses to future work.

e This work focuses on Spanish, where re-

sources remain limited. Many linguis-
tic metrics depend on language-specific
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brid analysis warrants deeper investiga-
tion.
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