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Abstract

Large language models (LLMs) demon-
strate remarkable potential across diverse
language-related tasks, yet whether they cap-
ture deeper linguistic properties—such as syn-
tactic structure, phonetic cues, and metrical
patterns—from raw text remains unclear. To
analysis whether LLMs can learn these fea-
tures effectively and apply them to important
nature language related tasks, we introduce a
novel multilingual genre classification dataset
derived from Project Gutenberg, a large-scale
digital library offering free access to thousands
of public domain literary works, comprising
thousands of sentences per binary task (poetry
vs. novel; drama vs. poetry; drama vs. novel)
in six languages (English, French, German,
Italian, Spanish, and Portuguese). We aug-
ment each with three explicit linguistic feature
sets (syntactic tree structures, metaphor counts,
and phonetic metrics) to evaluate their impact
on classification performance. Experiments
demonstrate that although LLM classifiers can
learn latent linguistic structures either from raw
text or from explicitly provided features, differ-
ent features contribute unevenly across tasks,
which underscores the importance of incorpo-
rating more complex linguistic signals during
model training.

1 Introduction

Large Language Models are extensively investi-
gated in text generation, translation, summariza-
tion, and many kinds of language-related tasks
(Chkirbene et al., 2024; Li et al., 2024), along
with widespread adoption across the social sci-
ences and liberal arts (Thapa et al., 2025; Ziems
et al., 2024; Wang et al., 2024). Meanwhile, re-
searchers have begun exploring their intersections
with linguistic science (Mufoz-Ortiz et al., 2024;
Rosenfeld and Lazebnik, 2024). Some studies have
examined whether synthetic texts generated by
LLMs differ fundamentally from human-authored

texts (Mufioz-Ortiz et al., 2024), while others have
sought to uncover novel linguistic patterns emerg-
ing in Al outputs (Kuwanto et al., 2024), which
can be used both for developing robust methods to
detect LLM-generated content (Park et al., 2025)
and for advancing automated language generation.
However, despite the crucial role that linguistic
features play in natural language, relatively little
research has been conducted in this area. The abil-
ity of models to comprehend and leverage these
features for downstream tasks has long been over-
looked, leaving a significant gap in our understand-
ing of how linguistic structures can enhance model
performance. Therefore, a dataset that combines
sufficient scale, linguistic complexity, and multilin-
gual coverage is essential for training and evaluat-
ing models on these fundamental tasks. Moreover,
a rigorous and scientific framework is also needed
to assess how well models understand latent lin-
guistic features.

We argue that genre classification offers the most
effective framework for evaluating a model’s grasp
of linguistic features. Literary scholars have long
recognized that genres are defined by distinctive
linguistic patterns: they vary in syntactic tree struc-
tures (Dell’ Oglio et al., 2018; Brigadoi, 2021), in
the use of metaphor, and in phonetic characteristics
such as metrical patterns. By focusing on these
core differences, genre classification directly tests
a model’s ability to capture the latent structures
that distinguish one form of writing from another.

Therefore, in this paper, we construct a multi-
lingual genre dataset comprising novels, poetry,
and drama from Project Gutenberg, a large-scale
digital library offering free access to thousands of
public domain literary works and always used in
linguistic research, to investigate how latent lin-
guistic structures influence a model’s ability to dis-
tinguish between literary forms. For each language
(English, French, German, Italian, Spanish, and
Portuguese) we extract thousands of sentences for
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Figure 1: Overview of our method. We extract various types of linguistic information from raw text and integrate
them with the original sentences. The model is then trained to embed these enriched inputs uniformly into the latent
space, thereby enhancing performance on genre classification tasks.

three binary classification tasks (poetry vs. novel,
drama vs. poetry, and drama vs. novel). We then
fine-tune models using a naive approach as well as
with three explicit linguistic features: syntactic tree
depth, metaphor frequency, and phonetic regularity.
Results show consistent improvements across most
metrics when incorporating linguistic features. Ex-
periments demonstrate that incorporating phonetic
features into the training process yields consistent
performance improvements across most models.
The result indicate that the classifiers effectively
learn latent linguistic features in the sentences and
that different feature types contribute variably de-
pending on the specific classification task.

In conclusion, this paper makes three key contri-
butions. First, we introduce a novel multilingual
literary genre classification dataset derived from
Project Gutenberg, a large-scale digital library of-
fering free access to thousands of public domain
literary works, spanning six languages and three
binary genre distinctions, which serves as a funda-
mental tool for evaluating LLMs’ sensitivity to la-
tent linguistic features. Second, we systematically
augment this dataset with three types of linguisti-
cally motivated features, providing a framework to
assess how explicit linguistic cues affect model per-
formance. Third, through extensive experiments,
we demonstrate that LLMs can both infer and ben-
efit from these latent structures, showing varied but
consistent performance gains, which underscores
the importance of linguistically enriched signals in
advancing LLM-based literary and language under-

standing.

Based on the experimental results, we derive the
following insights:

(1) Incorporating latent linguistic structure in-
formation into model training can enhance per-
formance on various language tasks that involve
complex linguistic features. This approach offers
a promising pathway to align model-generated con-
tent more closely with human language, potentially
bridging the subtle gaps that often arise between
Al-generated and human-authored texts.

(2) Different linguistic features contribute un-
evenly to model learning. Grammatical cues such
as syntactic tree structures are relatively easy for
models to learn, whereas phonetic patterns are
more subtle and difficult to capture, as they are
closely tied to sound and thus inherently multi-
modal. Interestingly, these more latent features
tend to yield greater performance improvements,
suggesting that supplying models with deeper, mul-
timodal linguistic signals may significantly boost
their capacity to handle complex language tasks.

2 Related Work

In this section, we review related work on the in-
teraction between linguistic features and large lan-
guage models (LLMs), and discuss how the task of
genre classification fits into this broader research
landscape.

Linguistic Features and LLMs. Interdisci-
plinary research at the intersection of large lan-
guage models (LLMs) and linguistics has only be-



gun to emerge in recent years. Early studies fo-
cused on evaluating whether encoder-only models,
such as BERT (Koroteev, 2021), possess the capac-
ity to understand the construction grammar of sen-
tences (Tayyar Madabushi et al., 2020). Subsequent
work has involved the use of LLMs to annotate sen-
tence and paragraph structures (Yu et al., 2024;
Ljubesi¢ and Kuzman, 2024), as well as comparing
the linguistic characteristics of sentences generated
by decoder-only models, such as LLaMA (Touvron
et al., 2023), Falcon (Harabagiu et al., 2000) and
Mistral (Jung et al., 2010)—with those written by
humans (Mufioz-Ortiz et al., 2024). Researchers
have also begun to investigate whether LLMs are
capable of understanding phonetic (Ballier et al.,
2023; Doshi et al.) and morphological informa-
tion (Anderson et al., 2025; Asgari et al., 2025)
embedded in sentences. However, no study has ex-
clusively focused on how linguistic characteristics
can be measured through genre classification tasks.
Moreover, existing datasets and benchmarks have
primarily concentrated on English texts and often
lack rigorous validation based on linguistic theory.
These gaps highlight the need for a multilingual
and theoretically grounded evaluation pipeline to
assess how effectively models classify genres and
to provide deeper insights into the role of underly-
ing linguistic structures in this fundamental task.

Genre Classification. Genre classification, by
contrast, has long been explored through compu-
tational methods. Early efforts focused on using
statistical learning techniques to automatically clas-
sify genres based on the lexical features of docu-
ments (Lee and Myaeng, 2002). In the era of large
language models (LLMs), most research has cen-
tered on constructing datasets from a functional
perspective (Egbert et al., 2015; Kuzman et al.,
2022; Sharoff, 2018; Kuzman et al., 2023), dis-
tinguishing between genres such as news articles,
speeches, fiction, and song lyrics. Other work
has examined emotional or stylistic dimensions
(Hicke and Mimno, 2025). However, the prevail-
ing methodologies still rely largely on word-level
features (Bhattacharjee et al., 2024), and tend to
focus on monolingual or limited multilingual con-
texts, often overlooking the broader multilingual
dimension (Kuzman et al., 2022).

3 Method

In this section, we introduce the construction of
our dataset, outline our problem formulation, and

explain how linguistic features are incorporated
into the training process.

3.1 Data Creation

Our dataset is derived from Project Gutenberg, a
digital repository of public-domain e-books that
are free from copyright restrictions. We sampled
approximately 1500-3000 sentences for each of
six languages, English (EN), French (FR), German
(DE), Spanish (ES), Italian (IT), and Portuguese
(PT), across three canonical literary genres: drama,
poetry, and the novel. The exact number depends
on the scale of the available raw text.This tripartite
genre classification is well-established in literary
scholarship. In total, the dataset comprises roughly
45,000 sentences. For each language—genre subset,
we split the data into training and testing sets using
an 80/20 ratio.

Next, we constructed three binary classification
tasks—poetry vs. novel, poetry vs. drama, and
novel vs. drama—by pairing each two genres. This
setup enables us to more clearly investigate how
different linguistic features influence genre classifi-
cation across varying levels of structural and stylis-
tic contrast. A detailed breakdown of the dataset
distribution is provided in Table 1.

Table 1: Dataset statistics by genre and language.

Language Drama Poetry Novel
EN 1625 3367 2633
FR 2313 2092 2397
DE 2528 2443 3481
ES 2423 2795 3102
IT 1912 2474 2836
PT 1658 1530 2734

3.2 Embedding Linguistic Features

As mentioned in Introductionl, we hypothesize
that several linguistic features may assist LLMs in
solving the genre classification task. Lyrical genres
such as poetry exhibit distinctive linguistic charac-
teristics compared to more conventional narrative
forms like plays and novels. Novels, in turn, are
inherently more narrative-driven than either drama
or poetry, and thus possess features that further dis-
tinguish them. Our classification approach builds
upon these core linguistic and structural differences.
We focus on three main features to embed during
training.

A syntax tree represents the syntactic structure of
a sentence. Initially introduced by Noam Chomsky
in his seminal work Syntactic Structures (Chomsky,



Contents

Tokenize

Encoder
Syntax
Representation Tree bseiicir
Information #
)
|
Metaphor Metaphor
Count Roberta
|
Metre Poetry
Pattern Tools
y

Figure 2: Detailed process of our method. We extract syntactic tree information and metrical patterns using two
well-established natural language processing tools: spaCy-Benepar and PoetryTools. Metaphor counts are obtained
using Metaphor ROBERTa, a state-of-the-art pretrained model designed to detect word-level metaphor usage. During
training, we integrate the original sentence with the extracted linguistic features to enhance the model’s performance.

2002), it has since become a foundational concept
in modern linguistics (Newmeyer, 2023). We in-
corporate syntactic information by providing both
the syntax tree depth and the depth-to-length ratio
(i.e., tree depth divided by sentence length).

We examine a representative lexical feature:
metaphor count.  This is particularly useful
for capturing stylistic and semantic distinctions.
Metaphors reflect the density of figurative language,
which tends to be more prevalent in expressive gen-
res like poetry. We employ a metaphor detection
model (Wachowiak et al., 2022) to count the num-
ber of metaphors per sentence, thereby gaining in-
sight into the lexical choices that characterize each
genre.

Phonetic features are among the most significant
markers for distinguishing poetry from other lit-
erary genres (Zirmunskij, 2016). These are most
commonly realized through metre—a system by
which poets organize stress patterns, scansion, and
metrical feet. The presence of metre is widely ac-
knowledged as a key factor differentiating poetry,
verse drama, and poetic prose from other genres.
To evaluate whether metre is present in a sentence,
we use Poetry Tools, a well-established Python
library for analyzing metrical patterns.

Our task is defined as follows: for each binary
classification instance, given an input / and an
encoder-only model Ey(-), we aim to predict the
label § € {0, 1} by computing:

9= 1(fa(Ey(I)) > 0.5), (1)

where fp(-) denotes the classification head built
on top of the encoder, which may consist of a lin-
ear layer, a multi-layer perceptron, or any other

parameterized transformation.

Originally, the input is defined as I = S, where
S is the raw sentence. To investigate whether lin-
guistic features can enhance classification perfor-
mance, we construct enriched inputs by appending
additional feature representations to the sentence.
Specifically, we define:

I=Sa&F, 2)

where F' denotes a feature vector encoding one of
the linguistic features, and & represents concate-
nation in the input space. We experiment with the
following features:

* Syntax Tree Information: represented as a
tuple (d, ), where d is the syntax tree depth
andr = %;' is the depth-to-length ratio.

* Metaphor Count: a scalar feature m ex-
tracted by a pre-trained metaphor detection
model, indicating the number of metaphorical
tokens in .S.

* Metre Pattern: To extract phonetic rhythm,
we compute a binary stress pattern vector:

MP(S): [ml,mg,... m; € {0,1},

3)
where m; = 1 indicates a stressed syllable
and m; = 0 indicates an unstressed syllable

for the i-th syllable in sentence S.

7mn]7

Each feature is appended to the sentence embed-
ding before being passed into the encoder. By com-
paring model performance on the baseline input
I = § and enriched versions I = S & F', we aim



to assess whether these linguistic features improve
genre classification performance across different
language-model pairs.

4 Experiments

In this section, we present the details of our ex-
perimental setup, report the results obtained, and
provide a discussion of our findings.

4.1 Experiment Settings

Baseline We fine-tune several pre-trained BERT-
based models for genre classification tasks. As
baseline models, we selected BERT (Devlin
et al.,, 2019), DistilBERT (Sanh et al., 2019),
RoBERTa (Liu et al, 2019), and Metaphor-
RoBERTa (Wachowiak et al., 2022). BERT and
RoBERTa are widely recognized as robust encoder-
only architectures and serve as standard baselines
across numerous NLP tasks. DistilBERT, a lighter
and faster variant of BERT, retains most of its lan-
guage understanding capabilities, making it espe-
cially suitable for assessing how efficiently smaller
models can learn linguistic features. Additionally,
we incorporate Metaphor-RoBERTa, a model pre-
trained specifically to detect metaphor usage, to
investigate whether metaphor-aware pre-training
enhances genre classification performance and im-
pacts the effectiveness of our feature-enriched fine-
tuning approach.

Dataset and Training We trained each model
on the dataset described in Data Creation3.1, us-
ing a traditional supervised fine-tuning paradigm.
For every binary genre classification task (e.g., po-
etry vs. novel), we input each sentence—or feature-
augmented sentence—into the model, and optimize
the classification loss based on the ground truth la-
bels. We repeated this process for each of the three
binary classification tasks across six languages and
four models, both with and without additional lin-
guistic features (syntax tree depth, metaphor count,
and metre pattern).

Evaluation Finally, we compute the F1 scores for
both genres in each binary classification task, yield-
ing an F1 score pair (F'1,, F'1,) for every combi-
nation (¢,l,m), where t € T = {t1,to,...,tn}
represents the task set, [ € L = {l1,la,...,0p}
denotes the language set, and m € M =
{m1,ma, ..., my} is the model set. The F1 score
for each class is calculated as:

Precision - Recall

F1=2 “)

" Precision + Recall’

where Precision and Recall are defined in the
standard way based on true positives, false posi-
tives, and false negatives.

To estimate the overall effectiveness of each
method across languages, we compute the macro-
average of the F1 scores for each task—model pair
across all languages:

1 Flgct,l,m) + Flz(f,l,m)

L] 2
leL

&)

ﬁt,m =

This metric provides a balanced view of model
performance by averaging scores for both genres
and smoothing across language variations.

4.2 Results

Table 2 presents the F1 score pairs obtained for
each binary classification task across six languages
(EN, FR, DE, ES, IT, PT) and four baseline mod-
els (BERT, DistilBERT, RoBERTa, and Metaphor-
RoBERT?2). Each cell reports the F1 scores for the
two genres involved in a task.

Table 3 summarizes the changes in F1 scores
when incorporating three distinct linguistic features
into the baseline models across the three genre
classification tasks and across the languages. The
detailed results are in Appendix A.

Results Across Languages. Across all lan-
guages, English and Portuguese consistently yield
the highest performance across tasks and models,
whereas French shows the greatest variability and
relatively lower scores—especially with BERT and
DistilBERT. We believe several factors contribute
to this pattern:

(1) Pretraining bias: Most models are pretrained
predominantly on English corpora, giving them
stronger genre discrimination ability in English.
They likely encounter frequent syntactic and lexi-
cal patterns in English during pretraining, making
classification tasks especially easier.

(2) Linguistic proximity between genres: In
French, poetry and novels exhibit syntactic and
stylistic structures that are more similar than in En-
glish. As shown in Figure 3, French poetry and
novel texts are less separable based on syntactic
tree depth and depth-to-length ratio compared to
English, making differentiation more challenging.



Table 2: F1 score statistics by genre, model and language (Percentage). We also compute the average result across

all languages.

Note: P-Poetry, N-Novel, D-Drama.

EN FR DE
Ldla g
P/N P/D N/D P/N P/D N/D P/N P/D N/D
BERT 0.97/0.97 097/089 0.90/0.67 050/040 075/0.71 0.76/0.67 0.73/0.78 0.72/0.70 0.78/0.75
DistilBERT 0.97/0.97 097/089 0.89/0.68 0.76/0.59 0.75/0.71 0.75/0.71 0.74/0.72 0.75/0.68 0.77/0.72
ROBERTa 0.94/0.92 093/073 090/0.68 0.78/0.82 0.76/0.71 0.76/0.71 0.60/0.70 0.66/0.63 0.78/0.76
Metaphor ROBERTa  0.94/0.92 0.92/0.69 0.89/0.67 0.77/0.82 0.75/0.75 0.79/0.68 0.78/0.82 0.79/0.75 0.80/0.79
ES IT PT
Language
P/N P/D N/D P/N P/D N/D P/N P/D N/D
BERT 0.77/0.78 0.74/0.70 0.77/0.70 0.78/0.81 0.81/0.75 0.80/0.69 0.80/0.84 0.75/0.64 0.75/0.67
DistilBERT 0.77/0.78 0.75/0.70 0.75/0.69 0.76/0.81 0.82/0.76 0.80/0.70 0.79/0.83 0.73/0.63 0.76/0.67
RoBERTa 0.81/0.83 0.71/063 0.79/0.69 0.83/0.86 0.82/0.79 0.82/0.71 0.87/0.89 0.75/0.67 0.81/0.73
Metaphor ROBERTa  0.80/0.82 0.78/0.77 0.82/0.71 0.82/0.85 0.80/0.78 0.82/0.72 0.86/0.89 0.77/0.68 0.81/0.72
. Average
o P/N P/D N/D
BERT 0767076 0797073 079/0.69 Drama tasks, often outperforming other features by
DistilBERT 0.80/0.78 0.79/0.73  0.79/0.69 a margin of 2-7%. These results underscore the
RoBERTa 0.81/0.84 0.77/0.69 0.81/0.71 . P . hvthmi £
Metaphor RoBERTa 0.83/0.85 0.80/0.74 0.82/0.71 importance of prosodic and rhythmic cues as fun-
damental signals of genre—particularly in poetry,
. oo where metrical structure is deeply embedded in the
Baseline Results Across Tasks. Genre pair dif- form

ferences are also notable. The Poetry vs. Novel
task is consistently the easiest across all models
and languages, with average F1 scores generally
exceeding 0.80. Poetry tends to employ distinctive
linguistic features that are less common in prose
forms. By contrast, both novels and dramas be-
long broadly to prose traditions: novels typically
feature extended narrative, descriptive exposition,
and inner monologue, whereas drama is conveyed
primarily through dialogue and stage directions,
but both share similar syntactic and lexical patterns.
Consequently, it’s easier for models to distinguish
poetry from prose, while novel and drama are more
linguistically proximate and thus harder to differ-
entiate computationally.

For the Novel vs. Drama task, all training meth-
ods fail to outperform the baseline, which is under-
standable given that these two genres often share
similar narrative structures and linguistic features,
making them inherently more difficult to distin-
guish. Beyond this, we observe varying degrees of
improvement on the other two tasks across the four
models.

Overall, syntax tree information and metaphor
count do not appear to significantly enhance the
models’ ability to differentiate between genres. A
more detailed analysis will be provided in Sec-
tion 4.3.In contrast, the metre pattern feature proves
to be the most robust and consistently beneficial
across tasks and models. It delivers steady F1 score
gains in both the Poetry vs. Novel and Poetry vs.

Baseline Results Across Models. Across all lan-
guages and tasks, Metaphor-RoBERTa consistently
demonstrates strong performance. It achieves the
highest average F1 scores in both the Poetry vs.
Novel (0.83, 0.85) and Poetry vs. Drama (0.80,
0.74) settings, and ties for the best result in Novel vs.
Drama (0.82, 0.71). This suggests that metaphor-
aware pretraining may help capture stylistic distinc-
tions between literary genres, particularly in tasks
involving poetry.

RoBERTa also performs robustly, particularly on
Poetry vs. Novel tasks (0.81, 0.84), slightly trailing
Metaphor-RoBERTa. Its advantage is especially
pronounced in Romance languages such as Italian
and Portuguese. DistilBERT, despite its smaller
size, maintains competitive performance through-
out. Notably, it outperforms BERT in many cases,
including the French Poetry vs. Novel task (0.76,
0.59 vs. 0.50, 0.40), demonstrating that reduced
model capacity does not significantly compromise
genre classification when fine-tuned properly.

Model-wise, BERT benefits the most across all
three linguistic features, likely due to its larger
capacity to leverage explicit signals. DistilBERT
shows improvements primarily with metre pat-
terns, possibly compensating for its reduced model
size with clearer prosodic cues. RoBERTa and
Metaphor-RoBERTa demonstrate mixed results,
with metaphor-based fine-tuning occasionally less-
ening the positive impact of added linguistic fea-
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Figure 3: Syntactic tree analysis. The x-axis represents log(depth_ratio), while the y-axis represents log(tree_depth+
1). Green dots indicate novels, blue denote poetry, and red represent drama. Subfigure (a) shows the plot for Poetry
vs. Novel in English, which is clearly linearly separable. Subfigure (b) presents the Poetry vs. Novel contrast in
French, revealing a more complex distribution. Subfigure (c) displays the Novel vs. Drama set in English, which
also exhibits significant overlap and is difficult to separate.
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Figure 4: Metre pattern analysis. We extract metre patterns from the raw texts and represent them as binary feature
vectors, where each bit corresponds to a rhythmic unit. These vectors are padded to a uniform length and projected
into a two-dimensional latent space using Principal Component Analysis (PCA).

tures, possibly due to feature redundancy or over-  raw sentences, which may explain the modest gains
fitting. observed when these syntactic features are added
through our fine-tuning method. Additionally, we
use the same metric to evaluate the French dataset.
4.3 Results Analysis The results reveal that French poetry and novels
are not easily separable based on syntactic tree
information, which may also explain the limited
improvement observed on the French data.

In this section, we analyze how three linguistic fea-
tures contribute to improving model performance
on the classification task.

Syntax Tree Information. As shown in Table 3, Metaphor Count. Meanwhile, we calculated the
Metre Pattern achieved the most substantial per- average number of metaphorical words per sen-
formance improvement among the three linguistic ~ tence in English texts across three genres: drama
features. The other two features yielded only slight  (1.38), novel (2.50), and poetry (1.39). The results
gains, primarily on the Poetry vs. Novel classifi- show that drama and poetry share similar levels
cation task, and showed limited effectiveness on  of metaphor usage, while novels tend to contain
the other two genre pairs. This can be explained  significantly more metaphorical expressions on av-
from a linguistic perspective. Taking English as an ~ erage. However, since the overall differences are
example, Figure 3 reveal that syntax tree depth and  relatively subtle, this variation does not appear to
depth ratio exhibit clear linear separability between  strongly influence the model’s ability to distinguish
poetry and novel, whereas the distinction between  between genres. Although it does not directly con-
drama and novel is far less apparent. Given the tribute to performance, this method plays a key role
relatively distinct boundary between poetry and  in controlling for the potential impact of increased
novel, it is likely that the model is already capa-  token length on our tasks. The results suggest that
ble of capturing syntactic information directly from  linguistic features such as metre patterns contribute



Table 3: Comparative Analysis of Feature Optimization Methods (F1 Score Changes)

o Metaphor
Feature Set BERT DistilBERT RoBERTa RoBERTa
Syntax Tree Depth
0.77 0.81 0.77

Poetry+Novel
+1% +5%

Poetry+Drama

1%

Novel+Drama

-1%

0.79 0.72 0.78

0.79 0.68 0.78

0.80 0.82 0.85 0.83 0.86
+2% +1% +1% - +1%
0.72 0.77 0.72 0.79 0.66
-1% - +3% -1% -8%
0.69 0.81 0.71 0.80 0.67
- - - 2% -4%

Metaphor Count

Poetry+Novel
+2% +4%

Poetry+Drama

Novel+Drama

-1%

0.78 0.80 0.78
0.79 0.73 0.78

0.78 0.69 0.79

0.80 0.82 0.85 0.84 0.86
+2% +1% +1% +1% +1%
0.73 0.77 0.71 0.80 0.76
N N +2% 2% +2%
0.69 0.81 0.69 0.81 0.70

2% -1% -1%

Metre Pattern

Poetry+Novel
+4% +71%

Poetry+Drama
+1% -1%

Novel+Drama 0‘_79 0‘_69

0.80 0.83 0.79

0.80 0.72 0.79

0.81 0.79 0.84 0.83 0.87
+3% 2% - - +2%
0.74 0.78 0.73 0.81 0.76
+1% +1% +4% +1% +2%
0.69 0.79 0.66 0.77 0.66
- 2% 5% 5% 5%

Color of notation: 1 Improvement | Decline

to performance improvements that go beyond the
effects of token length, highlighting the intrinsic
value of the features themselves.

Metre Pattern. Most importantly, the average
F1 score has increased significantly when metre
patterns are taken into consideration. This sug-
gests that metre patterns encode subtle but meaning-
ful information that improves genre classification
performance, even if such patterns are not easily
separable in low-dimensional space. As shown in
Figure 4, the PCA projection of the binary metre
vectors doesn’t clearly clustered by class, indicat-
ing that the informative features may be distributed
across multiple dimensions and not linearly sepa-
rable. This reinforces the idea that metre patterns
contribute in a complex, high-dimensional man-
ner that benefits classification models, even if they
are not directly interpretable via 2D visualization.
The improved F1 scores highlight that models can
detect and leverage these latent rhythmic signals ef-
fectively, even when they are not visually obvious.

Limitations

While our study introduces a linguistically en-
riched, multilingual dataset and provides novel in-
sights into literary genre classification with LLMs,
several limitations remain. First, the dataset is still
constrained by the availability and biases of Project
Gutenberg texts. These works tend to overrepresent
canonical literature from specific historical periods
and underrepresent contemporary, non-Western, or

Color of cell: Improvement > 0.02 | Decline > 0.02 (non-negligible changes)

marginalized voices, which may limit the gener-
alizability of our findings. Second, the extraction
of linguistic features such as metaphor and pho-
netic regularity relies on heuristic or proxy-based
methods, which may miss nuanced or culturally
specific expressions. Future work should explore
the inclusion of more diverse corpora and refine
feature extraction with neural or hybrid methods to
support interpretability across typologically diverse
languages.

Conclusion

This study presents a novel multilingual dataset for
literary genre classification, enhanced with linguis-
tically informed features such as syntactic depth,
metaphor frequency, and metrical patterns. By
integrating these cues into large language model
pipelines, we show that genre distinctions can be
computationally captured through measurable lin-
guistic signals. Our results indicate that these
features improve genre discrimination across lan-
guages, offering both performance gains and in-
terpretability. This work lays the groundwork for
future research at the intersection of linguistics, lit-
erary analysis, and Al, supporting cross-cultural
stylistic inquiry and deeper engagement with the
structural and figurative dimensions of text. The
future direction of this research involves expanding
the dataset to cover more languages and literary
traditions, enabling broader cross-cultural compar-
isons, and applying the method to broader and more
complex tasks.



Ethical Considerations

This work relies exclusively on publicly available,
public-domain texts from Project Gutenberg, ensur-
ing that no copyrighted or private data are used. As
a result, the study does not raise concerns related
to personal privacy, consent, or data ownership.
However, we acknowledge that Project Gutenberg
predominantly represents canonical literary works
from specific historical periods and cultural tradi-
tions, which may introduce biases toward West-
ern, Eurocentric, and historically privileged literary
forms. In addition, some linguistic features used
in this study—such as metaphor detection and met-
rical analysis—are derived from automated tools
and pretrained models, which may encode their
own biases or inaccuracies. Finally, we emphasize
that our findings are intended to support linguistic
and literary analysis, rather than to make normative
judgments about literary value or cultural signifi-
cance.
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Table 4: F1 scores by genre and language with syntax tree depth considered.

Language Set BERT DistilBERT RoBERTa Metaphor RoBERTa
Poetry + Novel  0.9740.96  0.96+0.95  0.97+0.96 0.97+0.96
EN Poetry + Drama 0.97+0.88  0.96+0.86  0.97+0.89 0.96+0.87
Novel + Drama  0.90+0.68  0.90+0.67  0.90+0.64 0.89+0.62
Poetry + Novel  0.64+0.74  0.66+0.71  0.78+0.82 0.75+0.81
FR Poetry + Drama 0.724+0.72  0.774+0.73  0.69+0.69 0.73+0.70
Novel + Drama  0.724+0.70  0.7140.65  0.75+0.74 0.76+0.70
Poetry + Novel  0.73+0.77  0.72+0.77  0.74+0.76 0.80+0.83
DE Poetry + Drama 0.764+0.67  0.7440.69  0.75+0.70 0.76+0.74
Novel + Drama  0.7840.75  0.7840.72  0.81+0.74 0.80+0.74
Poetry + Novel  0.75+0.77  0.7740.76 ~ 0.79+0.81 0.78+0.81
ES Poetry + Drama 0.76+0.69  0.70+0.69  0.72+0.71 0.69+0.22
Novel + Drama  0.74+0.69  0.74+0.71  0.76+0.67 0.79+0.64
Poetry + Novel  0.76+0.79  0.744+0.80  0.77+0.84 0.82+0.85
IT Poetry + Drama 0.78+0.72  0.79+0.73  0.75+0.71 0.80+0.77
Novel + Drama  0.794+0.69  0.80+0.72  0.83+0.74 0.81+0.71
Poetry + Novel 0.76+0.81  0.76+0.81  0.86+0.89 0.86+0.89
PT Poetry + Drama 0.7340.62  0.74+0.65  0.71+0.64 0.77+0.67
Novel + Drama  0.7840.60  0.764+0.68  0.80+0.70 0.73+0.62
Poetry + Novel  0.77+0.81  0.77+0.80  0.82+0.85 0.83+0.86
Average Poetry + Drama 0.794+0.72  0.78+0.72  0.77+0.72 0.79+0.66
Novel + Drama 0.79+0.68  0.78+0.69  0.81+0.71 0.80+0.67
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Table 5: F1 scores by genre and language with metaphor count considered.

Language Set BERT  DistilBERT RoBERTa Metaphor RoOBERTa
Poetry + Novel  0.9740.96  0.97+0.97  0.97+0.96 0.96+0.96
EN Poetry + Drama 0.97+0.89  0.97+0.90  0.97+0.88 0.97+0.89
Novel + Drama 0.91+0.69  0.91+0.68  0.89+0.59 0.90+0.64
Poetry + Novel  0.66+0.73  0.70+0.67  0.74+0.82 0.79+0.81
FR Poetry + Drama 0.75+0.73  0.71+0.73  0.69+0.70 0.64+0.72
Novel + Drama  0.714+0.72  0.7240.68  0.76+0.70 0.74+0.68
Poetry + Novel  0.73+0.75  0.73+0.78  0.80+0.84 0.80+0.84
DE Poetry + Drama 0.764+0.69  0.7240.71  0.73+0.70 0.76+0.73
Novel + Drama 0.784+0.73  0.78+0.73  0.81+0.76 0.79+0.76
Poetry + Novel 0.76+0.74  0.79+0.77  0.79+0.76 0.81+0.82
ES Poetry + Drama 0.74+0.73  0.73+0.72  0.74+0.71 0.77+0.75
Novel + Drama 0.71+0.68  0.77+0.67  0.80+0.70 0.81+0.68
Poetry + Novel  0.77+0.79  0.76+0.81  0.75+0.83 0.79+0.85
IT Poetry + Drama 0.78+0.73  0.79+0.73  0.75+0.70 0.80+0.79
Novel + Drama  0.79+0.69  0.81+0.69  0.83+0.73 0.81+0.72
Poetry + Novel  0.79+0.82  0.75+0.80  0.86+0.89 0.87+0.89
PT Poetry + Drama 0.73+0.63  0.73+0.60  0.75+0.57 0.75+0.67
Novel + Drama  0.79+0.66  0.774+0.67  0.78+0.64 0.82+0.71
Poetry + Novel  0.78+0.80  0.78+0.80  0.82+0.85 0.84+0.86
Average Poetry + Drama 0.79+0.73  0.78+0.73  0.77+0.71 0.78+0.76
Novel + Drama  0.7840.69  0.79+0.69  0.81+0.69 0.81+0.70
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Table 6: F1 scores by genre and language with metre pattern considered.

Language Set BERT  DistilBERT RoBERTa Metaphor RoOBERTa
Poetry + Novel  0.98+0.97  0.98+0.97  0.97+0.97 0.97+0.97
EN Poetry + Drama 0.97+0.90  0.97+0.91  0.97+0.89 0.97+0.90
Novel + Drama  0.91+0.68  0.89+0.68  0.90+0.58 0.87+0.58
Poetry + Novel  0.71+0.74  0.75+0.69  0.78+0.83 0.76+0.82
FR Poetry + Drama  0.74+0.70  0.77+0.73  0.73+0.67 0.7740.73
Novel + Drama  0.74+0.69  0.72+0.70  0.75+0.73 0.74+0.73
Poetry + Novel  0.734+0.79  0.74+0.77  0.79+0.83 0.80+0.85
DE Poetry + Drama 0.7540.70  0.74+0.70  0.73+0.72 0.76+0.73
Novel + Drama 0.784+0.73  0.76+0.73  0.80+0.76 0.70+0.66
Poetry + Novel  0.7940.81  0.7840.77  0.80+0.82 0.80+0.82
ES Poetry + Drama 0.774+0.70  0.75+0.71  0.72+0.69 0.75+0.74
Novel + Drama 0.7640.68  0.7640.66  0.66+0.54 0.80+0.70
Poetry + Novel  0.80+0.83  0.72+0.80  0.75+0.83 0.81+0.85
IT Poetry + Drama 0.79+0.75  0.79+0.75  0.80+0.79 0.82+0.78
Novel + Drama  0.79+0.71  0.80+0.74  0.82+0.67 0.81+0.69
Poetry + Novel  0.81+0.85  0.80+0.84  0.62+0.78 0.86+0.89
PT Poetry + Drama 0.76+0.60  0.7340.63  0.73+0.62 0.76+0.70
Novel + Drama  0.78+0.62  0.77+0.63  0.78+0.68 0.70+0.63
Poetry + Novel 0.804+0.83  0.7940.81  0.79+0.84 0.83+0.87
Average Poetry + Drama  0.804+0.72  0.79+0.74  0.78+0.73 0.81+0.76
Novel + Drama  0.79+0.69  0.78+0.69  0.79+0.66 0.77+0.66
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