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Abstract

Recent developments in natural language processing, particularly large language models
(LLMs), create new opportunities for literary analysis in underexplored languages like
Romanian. This study investigates stylistic heterogeneity and genre blending in 175 late
19th- and early 20th-century Romanian novels, each classified by literary historians into
one of 17 genres. Our findings reveal that most novels do not adhere to a single genre label
but instead combine elements of multiple (micro)genres, challenging traditional single-
label classification approaches. We employed a dual computational methodology combin-
ing an analysis with Romanian-tailored linguistic features with general-purpose LLMs.
ReaderBench, a Romanian-specific framework, was utilized to extract surface, syntactic,
semantic, and discourse features, capturing fine-grained linguistic patterns. Alternatively,
we prompted two LLMs (Llama3.3 70B and DeepSeek-R1 70B) to predict genres at the
paragraph level, leveraging their ability to detect contextual and thematic coherence across
multiple narrative scales. Statistical analyses using Kruskal-Wallis and Mann-Whitney
tests identified genre-defining features at both novel and chapter levels. The integration
of these complementary approaches enhances microgenre detection beyond traditional
classification capabilities. ReaderBench provides quantifiable linguistic evidence, while
LLMs capture broader contextual patterns; together, they provide a multi-layered perspec-
tive on literary genre that reflects the complex and heterogeneous character of fictional
texts. Our results argue that both language-specific and general-purpose computational
tools can effectively detect stylistic diversity in Romanian fiction, opening new avenues for
computational literary analysis in limited-resourced languages.

Keywords: natural language processing; literary microgenres; large language models

1. Introduction
1.1. Definition of Literary Genres and Microgenres

Literature is most often understood as an artistic practice through which an author, by
representing a given reality, conveys emotions and meanings using a distinctive language,
to elicit a specific reaction from the reader. This definition is broadly accepted within
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literary studies, although different schools of thought have, at various times, emphasized
one or another of its four components: the author, the literary discourse, the represented
world, or the reader [1].

Such variations in the understanding of literature arise not only from philosophical
or ideological disagreements among critics and estheticians, but also from the simple fact
that literature manifests itself in a wide variety of forms, commonly known as “genres.”
While the classification of individual genres has been a concern since Aristotle [2], it was
only in the mid-twentieth century that the very concept of genre became the object of
sustained theoretical debate [3]. Structuralist theorists, such as Tzvetan Todorov [4] and
Gérard Genette [5], sought to reformulate traditional rhetorical taxonomies using the tools
of modern linguistics. Their efforts, however, faced challenges both from Jacques Derrida’s
deconstructionist critiques [6] and from the renewed attention to Mikhail Bakhtin’s writ-
ings on heteroglossia, underscoring how multiple voices within a text destabilize generic
boundaries [7,8]. In response, post-structuralist thinkers, especially those working within
reader-response criticism, such as Hans Robert Jauss [9], Stanley Fish [10], and Alastair
Fowler [11], proposed a new understanding of genre—not as a set of fixed categories, but as
interpretive conventions, continually negotiated (and thereby transformed) with different
communities of readers.

The usefulness of using generic categories has, in recent decades, led to a revival
of genre analysis, carried out not only with regard to “central” or “major” languages
and literatures (English, French, etc.), but also with respect to literatures often described
as “peripheral” or “minor”. Yet, studying a genre such as the novel within a so-called
“minor” or “peripheral” literature, like Romanian, as we set out to do in this article, raises
two conceptual problems from the outset. The first is more general and concerns the
“vertical” order of forms. While it is now broadly acceptable to treat the novel as a “genre”
rather than as a mere “species” (a view reinforced by theorists such as Genette [5]), the
designation of its subdivisions remains problematic. The reason is that the novel is not a
genre like any other but, as Moretti [12] puts it, an “ecosystem” of forms. With respect to the
“species” of the novel, several notions have been proposed, including “subgenres” [13,14]
and “microgenres” [15]. At present, however, there is no international consensus as to
whether, for example, “the graduate student novel” is a “subgenre” (as Walz [16] calls it)
or merely a “microgenre” of the broader “campus/university novel”. For this reason, we
employ the term microgenre to denote any form of the novel, whether broad (e.g., the social
novel) or highly specific (e.g., the outlaw novel).

One reason for this choice is that the concept of microgenre allows us to better artic-
ulate our working hypothesis—namely, that the (micro)generic properties of a text can
be identified not only at the macro-textual level (that of the work as a whole) but also at
the micro-textual level of chapters, paragraphs, or even smaller fragments of text. This
hypothesis, and the corresponding term, although employed not on novelistic microgenres,
but rather non-novelistic microgenres, was also adopted in a project of the Stanford Literary
Lab (“Microgenres"), which was, however, abandoned before its results and underlying
data could be formally published [17]. Accordingly, in this article, we use microgenre in two
connected but distinct senses, which we believe can be easily distinguished in context—first,
as a form/subdivision of the novel genre (=MG1), such as the sentimental novel or the
historical novel; and second, as a novelistic fragment (=MG2) that preserves the generic
properties of one or more microgenres (=MG1).

The second difficulty in studying the Romanian novel involves the “horizontal” con-
ceptualization of its microgenres (=MG1). This issue has recently been taken up in several
discussions, including Borza et al. [18], Terian [19], and Baghiu [20]. The problems stem
largely from the fact that the notions and meanings of microgenres in French or English
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literatures do not necessarily coincide with those in peripheral literatures such as Romanian;
moreover, Romanian literature has produced more or less original forms of its own, such
as the outlaw novel [21-23], which raises questions about the terminological equivalences
across cultural systems. Since a detailed analysis of these issues would exceed the scope of
this article, we will, for present purposes, adopt the taxonomic system (and corresponding
classifications) used in the most recent edition of the Chronological Dictionary of the Romanian
Nowvel [24], which remains the standard reference work in this field.

1.2. Analysis of Literary (Micro)Genres

The study of literary genres has traditionally been rooted in qualitative analy-
sis [11,12,25-30] and has relied on human interpretation to classify works based on over-
arching themes, stylistic features, and ethnic contexts. However, in recent years, literary
scholars have begun to apply quantitative methods to the study of microgenres, treating
chapters, paragraphs, or even fixed-length text chunks as discrete analytical units. Statistical
techniques such as principal component analysis and canonical discriminant analysis have
been employed in research to identify authorial styles and distinguish between authors [31].
Researchers have used psychometrically validated word categories to assess differences in
genres such as mystery, science fiction, and fantasy [32]. Others have attempted to classify
literary microgenres from features such as common words, character networks, and topic
models [33].

The quantification of literary works remains contentious, with scholars debating both
the potential and limitations of such techniques in comparison to traditional qualitative
methods [34]. Taking the quantitative approach one step further, recent studies explore
computational methods for literary analysis, offering new insights into text structure
and meaning. Monte-Serrat et al. [35] applied machine learning techniques to classify
Portuguese literary genres, while Preeti et al. [36] used text mining, natural language
processing (NLP), and network analysis to find linguistic patterns and visualize connections
within texts. This paradigm shift aligns with the concept of distant reading, introduced by
Franco Moretti [37], which advocates a macro-scale, computational literary analysis [38].

Recent advances in this field have explored complex network approaches to literary
classification, utilizing measures such as fractal dimensions and network complexity to dis-
tinguish between different text types, including narratives, essays, and research articles [39].
Other approaches include the application of transfer learning [40] and deep-learning frame-
works [41] for multi-label genre prediction, demonstrating the effectiveness of pretrained
models in classification tasks [42]. Recent shared tasks have highlighted the importance
of tackling genre classification in low-resource and multilingual settings, where systems
had to perform both monolingual and cross-lingual predictions across diverse languages.
Approaches ranged from fine-tuning pretrained multilingual Transformers with limited
annotated data [43], to combining monolingual and multilingual transfer strategies for
improved robustness [44], and leveraging comprehensive ensembles that integrated lexi-
cal, syntactic, and Transformer-based features for better adaptation to underrepresented
languages [45]. More recent studies using zero-shot and prompt-based classifications offer
promising research paths for low-resource languages. For example, Miinker et al. [46]
showed that zero-shot prompt-based classification achieves comparable performance to
fine-tuned BERT models on German tweets, while Philippy et al. [47] proposed a com-
pelling dictionary-based zero-shot topic classification method, applied to Luxembourgish,
which outperforms traditional inference-based approaches.

Applying such computational approaches to late nineteenth- and early twentieth-
century Romanian literature is especially appealing as rapid political and social transforma-
tion coincided with diverse ethnic and aesthetic currents [48]. Observing literary patterns
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through a quantitative lens is especially engaging in this context, as Romanian authors
were actively experimenting with form and content in an effort to position their work
within a broader, more universal literary framework [49]. Among the various computa-
tional approaches that could characterize this period, genre classification offers particularly
promising insights into how Romanian authors navigated between traditional forms and
innovative literary experiments. Recent Romanian scholarship on genre analysis is a mixed
bag, using both qualitative [50,51] and quantitative methods [52].

Genre classification represents one of the most established applications of compu-
tational methods in literary studies, with significant contributions spanning multiple
languages and literary traditions. Pioneering work by Kessler [53] established founda-
tional approaches for automatic genre classification, while subsequent studies have refined
these methods through machine learning and deep learning techniques [54-57]. For ex-
ample, Hettinger [33] used stylometric, topic, and network features to classify different
microgenres in German novels using a linear support vector machine (SVM) model.

Although extensive research has already mapped the dominant genres of Romanian
novels from this era, including social, psychological, historical, sentimental, outlaw (haj-
duk), rural, mystery, and others [18,58-60], the internal diversity of these works remains
inadequately explored. In particular, the blending and coexistence of microgenres within
individual novels have received little attention, despite their potential to reveal deeper
insights into the literary strategies of the time.

The concept of literary microgenres and genre hybridity has gained traction [61], but
a significant gap has appeared in recent computational research specifically focused on
intratextual microgenre classification. The exploration of literary microgenre mixtures can
benefit from computer-assisted techniques because they help identify features in literary
works that would otherwise be overlooked [15]. Recent studies have shown both the
potential and limitations of multilingual models for literature analysis in languages with
limited training data [62-65]. General-purpose models like those used in our study show
promise for capturing subtle stylistic variations, even in Romanian literary texts where
annotated resources are scarce [66,67].

1.3. Current Study Objective

Building on advances in natural language processing, our study aims to extend the use
of computational methods to explore differences in writing styles across different literary
genres in Romanian novels.

Our research is structured around two specific objectives:

1.3.1. Macro-Level Genre Characterization

We employ computational indices to characterize dominant genres and identify clear,
explicable differences between them at a global/macro level. To achieve this, we utilize
ReaderBench [68] (https://github.com/readerbench/Readerbench/wiki/Textual-Comple
xity-Indices, accessed on 9 July 2025), a multi-purpose, multilingual software framework
designed to support learners and educators through automated text analysis. It employs
advanced Natural Language Processing techniques to assess textual complexity across
multiple dimensions, including surface, syntax, semantics, and discourse structure, and it
has demonstrated robust performance across diverse linguistic and literary contexts. The
system is centered on the evaluation based on cohesion, utilizing Cohesion Network Anal-
ysis and a polyphonic model inspired by dialogism. Most notably, ReaderBench is the only
integrated computational framework available for Romanian language analysis, and thus
most suited to our analysis of Romanian literary texts. Its capability to process Romanian
texts has been extensively tested, including language-specific morphological, syntactic,
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and semantic features. ReaderBench has been applied across diverse contexts, including
comparative stylistic analysis of Romanian orators [69], predicting reading comprehension
scores from essay features [70], assessing text difficulty in children’s literature [71], and
diachronic analysis of journalistic writing styles [72]. The framework’s functionality thus
encompasses cohesion-based diagnosis, identification of reading strategies, and textual
complexity analysis, all of which have been validated empirically and, therefore, make it a
viable method in our study.

The linguistic indices selected as features for this analysis are presented in Section 3.

1.3.2. Microgenre Distribution Analysis

We considered large language models (LLMs) to examine the distribution of microgen-
res within individual Romanian novels. We did not employ linguistic indices for subgenre
prediction since we lacked relevant annotations at the subsection or paragraph level, and
global estimation would have been too coarse-grained for meaningful subgenre detection.
From the outset, we held the expectation that literary texts represent a mixture of micro-
genres rather than homogeneous genre categories. Nevertheless, we sought to identify
clear, explicable differences between texts while acknowledging their inherently hybrid
nature. The LLM-based approach enables us to identify the presence of microgenres within
individual works, providing a more nuanced understanding of genre mixing in Romanian
literary traditions.

2. Current Study Contributions

The main contributions of our study are as follows:

*  Werelease a publicly available corpus of 175 Romanian novels written by 106 authors.
The dataset can be accessed at https:/ /huggingface.co/datasets/upb-nlp /lumro_175
_novels/ (accessed on 9 July 2025). The LUMRO corpus also includes and revises the
ELTeC-rom corpus (https:/ /github.com/COST-ELTeC/ELTeC-rom, accessed on 9
July 2025), to which it adds 75 more novels.

*  We present a detailed analysis of the distinctions in literary genres based on the
top discriminative linguistic features, as well as examine the mixtures of literary
microgenres within novels. We present our method for microgenre classification,
and we release our code as open-source on GitHub. The code can be accessed at
https://github.com /upb-nlp/LUMRO (version v1.0.0, accessed on 9 July 2025).

3. Method
3.1. Corpus

The dataset used for this study comprises 175 Romanian novels written between 1845
and 1920, representing a diverse range of literary genres, which were annotated by literary
historians and verified against the Chronological Dictionary of Romanian Novels [24].
Table 1 presents the number of novels associated with each genre, providing information
on its prevalence within the corpus.

The textual content of the novels underwent computational processing, comprising a
sequence of three significant data-cleaning phases. Initially, the text was partitioned into
individual chapters through regular expressions and a few manual adjustments, facilitating
a structured analysis of narrative organization. Subsequently, a character substitution
protocol was implemented using regular expressions according to predetermined guide-
lines. For example, characters such as ‘I’ were replaced with ‘i’, ‘¢’ with ‘a,” and ‘¢’ with 1/
thereby harmonizing the text with established linguistic norms. Third, a thorough docu-
ment filtering was carried out, involving the removal of chapters consisting of either single
or exclusively brief paragraphs. These methodical data refinement steps were essential
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in ensuring data integrity and consistency. This preprocessing approach aligns with re-
cent methodological developments in computational analysis of less-resourced languages,
where maintaining linguistic authenticity while ensuring computational tractability re-
mains a key challenge [73-75]. By dividing the text as described, we analyzed the dynamics
at the paragraph level within each chapter. Our chapter-level analysis assumes that individ-
ual chapters predominantly reflect their novel’s primary genre classification. Although this
does not capture all intratextual variability, it provides a baseline for assessing linguistic
features before introducing LLM-based microgenre detection.

Table 1. Distribution of novels by genre.

Genre Number of Percentage (%) Number of Percentage (%)
Novels Chapters
Social 54 30.86 1034 35.05
Sentimental 33 18.86 510 17.26
Historical 23 13.14 527 17.86
Murder 13 743 335 11.35
Mystery 13 7.43 404 13.69
Outlaw 12 6.86 186 6.31
War 11 6.29 158 5.35
Genres below this line were excluded from the document-level analysis
Rural 4 2.29 137 4.64
Psychology 3 1.71 69 2.34
Science Fiction 3 1.71 44 1.49
Sensation 2 1.14 96 3.25
Poetic 2 1.14 17 0.58
Philosophical 1 0.57 14 0.47
Religious 1 0.57 26 0.88
Biographical 1 0.57 3 0.10
Adventure 1 0.57 13 0.44
Exile 1 0.57 10 0.34
Total 175 100.00 2959 100.00

Table 1 shows the distribution of the chapters between the genres analyzed. An
intriguing observation is the relatively high number of chapters within the “sensation”
genre, particularly considering the presence of only two novels from this genre within
the corpus. Both of these novels are written by the same author, who also contributes
three additional works to the corpus within social novels, although the latter exhibits a
distinctively lower chapter count. This raises the possibility that the phenomenon observed
in the “sensation” genre could be attributed to either the genre’s inherent characteristics or
the author’s deliberate choice to employ a more diverse structure at the chapter level within
this particular literary domain. Another observation is that, despite the corpus containing
a slightly larger number of sentimental novels, the historical genre exhibits a higher count
of chapters. The same parallel can be drawn between the mystery and murder genres.

3.2. Genre Classification

Our methodology consists of two phases—using ReaderBench [68] to examine the
differences between literary genres with respect to textual complexity (e.g., usage of certain
morphological or syntactical entities across genres) and using Large Language Models
(LLMs) to generate the literary microgenre of a paragraph in order to discern a potential
mixture of microgenres within a single novel.
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3.2.1. Linguistic Features

ReaderBench extracts textual complexity indices across four primary dimensions.
First, surface-level features include word count, sentence length, paragraph structure, and
syllable patterns. Metrics such as mean words per sentence (M (Wd/Sent)) and maximum
syllables per word (Max (Syllab/Word)) help discriminate between genres.

Second, syntactic features capture grammatical dependencies and sentence structure,
including compound dependencies, clausal complements, numerical modifiers, and vocative
expressions. Indices like compound dependencies per sentence (M (Dep_compound/Sent))
and maximum clausal complements (Max (Dep_ccomp/Sent)) are particularly relevant for
genre differentiation.

Third, morphological features examine part-of-speech distributions and word forms,
with particular attention to pronoun usage across persons and types, reflecting narrative
perspective and discourse style.

Fourth, discourse-level features include connectors and cohesive devices that link
ideas between sentences and paragraphs, such as coordinating connectors, contrast markers,
concession indicators, and reason/purpose connectors.

For this analysis, we employed both document-level and chapter-level approaches
to capture genre characteristics at different granularities. At the document level, we
analyzed linguistic features across entire novels, while chapter-level analysis examined
microgenre variations within individual works. Before statistical testing, we implemented
a rigorous data preprocessing protocol: genres with fewer than 5 novels were excluded
to ensure statistical validity, linguistic features where 80% or more values were identical
were removed to eliminate uninformative features, and highly correlated feature pairs
(Pearson correlation 0.7) were reduced by removing one index from each pair to avoid
multicollinearity.

Statistical significance was assessed using non-parametric tests appropriate for our
data distribution. The Kruskal-Wallis test [76] served as our primary method for identifying
features that significantly differentiate between literary genres, with a significance threshold
of p < 0.05 for document-level analysis. For chapter-level analysis, given the larger number
of samples and classes, we applied false discovery rate (FDR) correction [77-80] with a
threshold of 0.001 to control for multiple testing and ensure robust feature selection.

Post hoc pairwise comparisons were performed using Mann-Whitney U tests [81] to
identify specific genre pairs exhibiting the greatest dissimilarity in significant linguistic
features. This two-step approach allowed us to first identify globally significant features
and then pinpoint which specific genre combinations drive these differences, providing
detailed insights into the linguistic characteristics that distinguish Romanian literary genres.

3.22. LLMs

In our second phase, we employed two large language models comparatively to
detect the literary microgenre of paragraphs: a large-scale general model and a reasoning-
specialized model. This approach was designed to obtain robust, cross-validated micro-
genre predictions by leveraging complementary model paradigms. By operating both
models on the same text passages, we can compare their predictions to establish consensus
labels, flag paragraphs where predictions conflict, and thus more confidently map the
complicated landscape of overlapping microgenres in a single novel.

For model selection, we chose Llama3.3 70B [82] and DeepSeek-R1 70B [83] based
on their demonstrated superior performance in various natural language understanding
tasks and their open-source availability. Llama3.3 70B represents a state-of-the-art general-
purpose model with strong performance across diverse linguistic tasks, while DeepSeek-R1
70B is specifically designed for enhanced reasoning capabilities, making it particularly
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suitable for the nuanced task of literary genre classification. Both models have shown
competitive results on standard benchmarks while being freely accessible for research
purposes, ensuring the reproducibility of our methodology. Critically, both models can be
quantized and run efficiently on a single A100 GPU, ensuring easy replicability without
prohibitive computational costs and making our methodology accessible to researchers
with standard academic computing resources.

The entire pipeline is presented in Figure 1.

( \
{5} MODEL PREDICTION [® OUTPUT GENERATION

S
B [ DATA STRUCTURING @ S Gonre A4 Predictions

plit each Definitions and to Chunk
Dictionary
Word Chapter into Examples

Documents of

Chunks using
Novels

Natural _
Sentence —@ G Au ment
Boundaries Prepare Model Run Model eiCIenIEe h g N
T For Each Chunk B ) ———" Chapter JSO
9 TEXT PROCESSING Input Inference Probabilities with Predictions
# %
Split into JSON Structure
Total Novels: -
o Tovels ——>| Chapters using
175
Regex Rules

Ready

Save Final
JSON Files

-

Add Instructions
and Genre List

Figure 1. Pipeline for literary microgenre prediction.

To address potential input-length limitations, the chapters were divided into chunks
of 2048 tokens, with the split occurring at natural sentence boundaries to ensure that the
partitions retained semantic coherence. Text segmentation was performed using a regular
expression pattern that identifies punctuation at the end of the sentence (periods, excla-
mation marks, and question marks) followed by whitespace. The chunking algorithm
progressively accumulated complete sentences until the cumulative character count ap-
proached the 2048-token threshold. The 2048-token chunk size was selected to balance
sufficient contextual information for accurate genre classification with computational effi-
ciency, supplying sufficient narrative context while fulfilling processing time requirements.
Nonetheless, the computational analysis still required substantial processing time, which
is reflective of both the comprehensiveness of the analysis—processing thousands of text
chunks for 175 novels—and the computational intensity of LLM inference.

The instructions given to the LLM consisted of 4 components: a list of all 17 genres
present in the corpus, each accompanied by a brief definition; a context specifying the
LLM’s role as a literature researcher; the few-shot examples; and the text itself, truncated as
previously mentioned. These brief definitions provided the LLM with a clearer framework
for interpreting and categorizing the text.

The full prompt, along with the complete list of genres and their definitions, as well
as the few-shot examples, is listed in Appendix D. All instructions were provided to
the model in Romanian and translated into English for the purposes of this paper. We
acknowledge that prompt wording may introduce biases in LLM outputs. Romanian
literary terminology and genre conceptualizations may not align perfectly with the models’
training distributions, which could potentially impact classification accuracy. Future work
should investigate cross-linguistic effects of prompts.

To ensure the output was the expected JSON format, we used a structured output
schema, as exposed in Appendix C—Listing Al. The schema reinforces exactly three
genre—probability pairs (using minItems and maxItems), where each genre is selected from
a predefined list (enum), and each probability is a number between 0 and 1. It performs
strict validation (strict:true, additionalProperties:false), ensuring uniform, type-
safe outputs.
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Both models were used with identical settings, as listed in Table 2. We preferred to use
a deterministic configuration with ‘‘temperature’’: 0 and ‘“top_p’’: 1, which ensured that all
tokens with a cumulative probability of up to 1 were included. The option ‘‘stream’’:False
was selected to return the complete response in a single call. Additionally, no penalties
were applied for repeating previously generated tokens or for reintroducing tokens that
had already appeared in the prompt.

Table 2. Model settings.

Parameter Value

Model Llama3.3:70B

Stream False

Temperature 0

Top-p 1

Frequency penalty 0.0

Presence penalty 0.0

Messages System: system_message, User: user_input
Response format response_schema

As a result, the output consisted of three predicted genres, along with their respective
probabilities per paragraph, for each of the 175 novels. Each probability reflects the model’s
confidence that a given paragraph belongs to a specific genre.

We evaluated the task by comparing the resulting top five model-predicted genres
for each novel with the single linguist-assigned genre label, and verified if the linguist’s
assigned genre fell within the model’s top predictions.

The weighted score for a genre g across an entire novel was computed as follows:

Scoreg = ) | i(%‘mg)

chapters i=1

where

* g aspecific genre

*  w;: number of words in paragraph i

* W=}, w; total number of words in the chapter
*  pig: probability assigned to genre g in paragraph i
¢ n: number of paragraphs in the chapter

The top five genres were selected based on the highest values of Score,.

The weighted score for genre g over an entire novel addresses the inherent issue
of aggregating paragraph-level predictions with coherent document-level classifications.
Our approach draws inspiration from time-tested methods in information retrieval and
text classification, where longer units of text tend to be assigned higher weights due to
their increased statistical reliability and representativeness [84]. The equation accounts
for the non-proportional allocation of paragraph length across chapters, whereby longer
narrative sections carry proportionally more weight in deciding genre classification than
shorter transitional or dialogue passages. This approach aligns with established practices in
computational stylistics, where feature importance is weighted by text segment length [85].
We evaluated the performance of the two models based on their ability to predict the
annotated genre among the top-K predicted genres.
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4. Results
4.1. ReaderBench Linguistic Features

Our initial trials involved applying linguistic features to the Romanian novels, covering
both document-level and chapter-level analyses.

4.1.1. Document Level Analysis

We analyzed linguistic features throughout each novel and employed statistical tests,
such as the Kruskal-Wallis [76] and Mann-Whitney [81] tests, to determine the indices that
exhibited the greatest significance in distinguishing between various literary genres. Before
performing these tests, we removed the following: genres with fewer than five novels
in our dataset, features for which at least 80% of the values were the same, and a series
of indices that were not relevant for the task. We also calculated the Pearson correlation
between all possible pairs of the remaining indices and removed one textual index from
each highly correlated pair (correlation value greater than or equal to 0.7). The list of genres
used in this analysis was the following: historical, social, outlaw, sentimental, murder, war,
and mystery.

We first implemented a Kruskal-Wallis test, using a significance threshold of p < 0.05,
which resulted in 19 significant linguistic features, presented in Table 3. The H-value
represents the test statistic from the Kruskal-Wallis test, with higher values indicating
greater differences between the rank distributions of genre groups, meaning that the feature
is more discriminative for distinguishing between literary genres.

Table 3. Significant linguistic features—document analysis.

Feature Description H-Value  p-Value
Features related to Syntax
M (Dep_compound/Sent) Mean of compound dependencies per sentence 44.436 <0.001
Max (Dep_nummod/Par) Maximum of numerical modifiers per paragraph 36.393 0.003
Max (Dep_nummod /Sent) Maximum of numerical modifiers per sentence 32.464 0.009
Max (Dep_expl/Sent) Maximum of expletive dependencies per sentence 29.817 0.019
M (Dep_goeswith/Sent) Mean of goes-with dependencies per sentence 29.446 0.021
Max (Dep_ccomp /Sent) Maximum of clausal complements per sentence 29.231 0.022
Max (Dep_goeswith/Sent) Maximum of goes-with dependencies per sentence 29.156 0.022
Max (Dep_vocative/Sent) Maximum of vocative dependencies per sentence 28.241 0.029
Max (Dep_dep/Sent) Maximum of dependency relations per sentence 28.215 0.029
M (Dep_vocative/Sent) Mean of vocative dependencies per sentence 27.497 0.036
Max (Dep_orphan/Sent) Maximum of orphan dependencies per sentence 27.317 0.038
Morphology/POS tags
M (Pron_fst/Sent) Mean number of first-person pronouns per sentence 31.079 0.013
Max (Pron_snd/Sent) Maximum number of second-person pronouns  29.634 0.020
per sentence
Features related to Word Difficulty
M (LemmaDiff/Word) Mean of the difference between the word form and its  40.649 <0.001
lemma per word
Max (Syllab/Word) Maximum number of syllables per word 28.647 0.026
Sentence Length
M (Wd/Sent) Mean number of words per sentence 27.774 0.033

Key Takeaway: The most significant features are compound dependencies (syntax) and lemma-wordform differences
(morphology), both with highly significant p-values (< 0.001). First-person pronouns also show notable significance

(p =0.013).
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Compound dependencies ranked first, with x? = 44.43 for M (Dep_compound/Sent),
reflecting fundamental differences in how Romanian authors construct narrative complexity
across genres. Other types of dependencies, such as vocatives, numeral modifiers, and
expletives, were among the statistically significant indices. Regarding morphological
features, the category of pronouns was notable, having scored two different textual indices:
M (Pron_fst/Sent) (x> = 31.07) and Max (Pron_snd/Sent) (x> = 29.63). High first-person
pronoun usage likely indicates autobiographical elements or confessional modes common
in social novels, where authors explore individual psychology against societal backdrops.
This aligns with the Romanian literary tradition of using personal experience to critique
social conditions.

Furthermore, we conducted Mann-Whitney U tests for each significant index with a
p value < 0.01 and for each pair of genres. Thus, we computed the top three pairs of genres
that presented the highest dissimilarity in relation to each of the indices. Higher scores
typically indicate a greater difference between the two groups compared. The findings
imply that the pairs social-sentimental, social-historical, and social-murder showcase the
highest dissimilarity in linguistic characteristics, and also that the social genre stands out as
significantly distinct from other genres.

4.1.2. Chapter-Level Analysis

In alignment with the procedure used for document-level analysis, a similar approach
was adopted for chapter-level analysis. However, no genres were excluded from the
analysis this time; instead, all 17 literary genres were retained for examination. We followed
the same cleaning process and removed an index from each pair of features that had a
high Pearson correlation of 0.7 or greater, and the features where the most common value
appears with a frequency of 80% or more.

Following this data refinement process, a Kruskal-Wallis test was performed, which
revealed significant statistical associations for a substantial proportion of the indices under
investigation. Therefore, to obtain more specific results, we used the FDR (false discov-
ery rate) [77-80], thereby dynamically adjusting the threshold of the p-value. The FDR
algorithm works by selecting the features that have a false discovery rate lower than the
specified threshold [80], which we chose to be 0.001 due to the large number of samples and
classes. Overall, 46 linguistic features emerged as significant and are grouped in Table 4
from the highest H-value to the lowest.

We also plotted the values of the significant features across all genres. One example is
shown in Figure 2, where the distribution of average words per sentence across different
literary genres reveals that mystery and war genres exhibit the highest sentence complexity
with the widest range of values (extending up to 90 words per sentence), while most
other genres cluster around 15-25 words per sentence with relatively tighter distributions.
Further examples are presented in Appendix A, Figure A2.

Syntactic complexity and structural elements, such as clausal complements and numer-
ical modifiers, emerge as important factors in distinguishing genres. Pronoun usage also
varies notably across genres, alongside differences in sentence and paragraph length and
structure, which may indicate variations in pacing, information density, or narrative tech-
niques. Furthermore, the use of connectors linking ideas and clauses varies by genre; for
instance, certain genres may rely more heavily on explanatory or contrasting conjunctions,
thereby highlighting unique styles of argumentation or storytelling.
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Table 4. Significant linguistic features—chapter analysis.
Feature Description F-Value
Syntactical Features
Max (Dep_fixed /Sent) Maximum of fixed expressions per sentence 20.36
Max (Dep_ccomp /Sent) Maximum of clausal complements per sentence 19.99
Max (Dep_dep/Sent) Maximum of dependency relations per sentence 19.97
Max (Dep_cop/Sent) Maximum of copula dependencies per sentence 18.36
Max (Dep_nummod /Sent) Maximum of numerical modifiers per sentence 16.46
Max (Dep_expl/Sent) Maximum of expletive dependencies per sentence 15.50
Max (Dep_xcomp/Sent) Maximum of open clausal complements per sentence 12.98
Max (Dep_iobj/Sent) Maximum of indirect object dependencies per sentence 12.77
Max (Dep_csubj/Sent) Maximum of clausal subject dependencies per sentence 11.14
Max (Dep_compound/Sent) Maximum of compound dependencies per sentence 9.77
M (Dep_obl/Par) Mean of oblique dependencies per paragraph 3.09
M (Dep_iobj/Par) Mean of indirect object dependencies per paragraph 2.75
Morphological Features
Max (Pron_fst/Sent) Maximum of first-person pronouns per sentence 15.26
Max (Pron_thrd/Sent) Maximum of third-person pronouns per sentence 15.16
Max (Pron_int/Sent) Maximum of interrogative pronouns per sentence 13.68
Max (Pron_snd/Sent) Maximum of second-person pronouns per sentence 12.76
Max (POS_pron/Sent) Maximum of pronouns per sentence 12.41
Max (Pron_fst/Par) Maximum of first-person pronouns per paragraph 8.72
M (Pron_fst/Par) Mean of first-person pronouns per paragraph 2.73
Word Complexity
M (Wd/Sent) Mean number of words per sentence 40.58
M (Sent/Par) Mean number of sentences per paragraph 26.27
Max (Syllab/Word) Maximum number of syllables per word 24.31
Max (Wd/Sent) Maximum number of words per sentence 23.93
M (NgramEntr_2/Word) Mean bigram entropy per word 21.93
Max (Connector_reasonandpurpose/Sent) Maximum connectors of reason/purpose per sentence 16.91
Max (Wd/Par) Maximum number of words per paragraph 15.77
Max (NgramEntr_2/Word) Maximum bigram entropy per word 14.60
Max (LemmaDiff/Word) Maximum lemma difference per word 311
Connectors
Max (Connector_concc/Sent) Maximum connectors of concession per sentence 15.10
Max (Connector_contrast/Sent) Maximum connectors of contrast per sentence 15.02
Max (Connector_coord /Sent) Maximum coordinating connectors per sentence 13.59
M (Connector_link/Sent) Mean linking connectors per sentence 3.59
Punctuation and commas

M (Punct/Par) Mean punctuation per paragraph 2.99
M (Commas/Par) Mean commas per paragraph 271

Key Takeaway: Sentence length features (F = 40.58) and syntactic complexity (max F = 20.36 for fixed expressions)
show the strongest effects. First-person pronouns (F = 15.26) and discourse connectors (max F = 15.10) are particularly
significant in chapter-level analysis, suggesting these features play important roles in distinguishing between genres.
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Figure 2. Plotted significant surface-level textual indices across genres.

Similar to the document-level analysis, we also performed a Mann-Whitney test to
gain insights into which genres are the most disparate for the significant features calculated
in the previous step. According to the results in Appendix B, Figures A3 and A4, the
same three pairs as in the previous step were the most dissimilar: historical versus social,
sentimental versus social, and murder versus social.

We also aggregated the values of linguistic features by time period and split our corpus
into three main ones: 1845-1877, 1878-1900, and 1901-1920. This chronological division
reflects two pivotal moments in Romanian history: the War of Independence (1877-1878),
which marked Romania’s emergence as a sovereign state, and the turn of the 20th century,
a period of significant cultural and literary transformation.

Comparing the corpus’s two dominant genres (social and sentimental), we examined
their developmental trajectories across our three historical periods using the ReaderBench
metric for average sentence length. The reason for choosing this particular index is that it
emerged as the most statistically significant discriminator in our Kruskal-Wallis test of all
17 genres, exhibiting the highest H-value. Figures 3 and 4 show an almost imperceptible
change for the social genre and a significant decline for the sentimental, considering also that
n represents the number of chapters, and it is the highest in the third period of time.

4.2. Microgenre Prediction with LLMs

As Figure 5 shows, DeepSeek-R1 consistently outperforms Llama3.3 across all top-K
levels. For example, DeepSeek-R1 achieves a top-1 accuracy of 49.14% compared to 48.57%
for Llama3.3 and a top-5 accuracy of 89.71% compared to 80.57%.

We also analyzed cases where the predictions from Llama3.3 differed from those of
DeepSeek-R1 and compiled a list of the top genre pairs that were assigned differently by
the two models, as shown in Table 5. Most of these cases can be explained by overlapping
thematic content or stylistic similarity. Both sentimental and poetic texts can be focused on ex-
pressing emotions. In our corpus, novels like Traian Demetrescu’s Intim (1892) demonstrate
how sentimental narratives employ lyrical passages that blur the boundaries with poetic
expression. Both sentimental and psychological can convey feelings and internal turmoil.
Works like Elena Bacaloglu’s Inn lupti (1906) blend sentimental discourse with psychological
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interiority, exploring the mental states underlying emotional experience. War, historical,
and outlaw do not exclude each other, similar to historical and social, and psychological and
social. The most intriguing finding concerns the arguably not-so-frequent misalignment
between sentimental and social, which our statistical analysis using ReaderBench indices
confirmed as the most textually dissimilar pair in terms of complexity measures.

Social Genre: Average Words per Sentence by Time Period

35

25

Index Value

15

10

1845-1877 1878-1900 1901-1920
(n=249) (n=201) (n=584)

Figure 3. Plotted values of average words per sentence for the social genre, by time period.

Sentimental Genre: Average Words per Sentence by Time Period

Index Value
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1845-1877 1878-1900 1901-1920
(n=57) (n=78) (n=365)

Figure 4. Plotted values of average words per sentence for the sentimental genre, by time period.
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Figure 5. Top-K genre prediction accuracy for DeepSeek-R1 and Llama3.3 models.

Table 5. Top 10 most frequently mismatched genre pairs between DeepSeek and Llama predictions.

DeepSeek Genre Llama Genre Frequency
Sentimental Poetic 150
Sentimental Psychological 100
Psychological Poetic 71
Sentimental Social 61
Psychological Sentimental 43
War Historical 30
Historical Social 24
Psychological Social 22
Social Sentimental 21
Historical Outlaw 21

Further examples are discussed in the Section 5.

5. Discussion

Our research indicates that the textual complexity indices provided by ReaderBench
offer valuable insights into the differences in writing styles across various literary genres in
Romanian novels. At the document level, the results from the Kruskal-Wallis test revealed
several linguistic features that significantly differentiate between genres, particularly with
compound dependencies and pronoun usage. The Mann-Whitney U tests further revealed
that pairs social-sentimental and social-murder show the highest dissimilarity in terms of
linguistic features.

At the chapter level, a broader range of genres was included, which revealed
46 significant features after applying the false discovery rate (FDR) correction. This in-
creased sensitivity enabled more granular insights into the linguistic distinctions between
genres. In particular, sentence structure and word difficulty (e.g., M (LemmaDiff/Word))
also play a significant role in genre differentiation at the chapter level. In both analyses,
we found that different pronoun usage can discriminate between genres, which echoes
Bakhtin’s concept of heteroglossia—the coexistence of multiple voices and discourse types
within a single work.
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However, a significant limitation of the chapter-level analysis is that we assumed
all chapters within a novel belong to the same dominant genre as the novel’s overall
classification. This assumption likely oversimplifies the complex reality of genre mixing
within individual works, as our LLM analysis later revealed substantial microgenre variation
across passages within the same novel. This limitation motivated our subsequent exploratory
analysis using large language models to examine genre hybridity at a more granular level.

In the second phase of our study, we analyzed the prevalence of literary microgenre
hybrids within individual novels, where large language models (LLMs) proved to be highly
effective. DeepSeek-R1 70B outperformed Llama3.3 70B in terms of overall performance.

Figure 6 represents the distribution of different genres that appear in the corpus
according to the predictions made by DeepSeek-R1. For each passage, the model assigned
the top three genres. These genre probabilities were first aggregated at the chapter level
and then averaged across all chapters within each novel. Finally, the percentages were
calculated by averaging these values across all novels in the corpus.

Comparing Figure 6 and Table 1, the major difference that emerges is the discrepancy
between the prevalence of certain genres. For example, although the corpus included just
one novel strictly classified as psychological, the model often attributed a psychological
dimension to many passages (around 22%). We can deduce from this that because many
passages exhibited internal thoughts, emotional turmoil, and introspective reflections of the
characters, it led the model to identify a solid psychological aspect even in those pieces that
were not formally within that genre. It is also interesting to see the increased prevalence
of sentimental along with the decline of historical. The two phenomena may or may not be
correlated; however, a recent compelling study [86] reveals that Romanian historical novels
often incorporate Romantic elements and tend to romanticize historical episodes by adding
what is described as a melodramatic twist.

Total Microgenre Presence Across Novels (Deepseek-R1)
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Figure 6. Genre distribution in the Corpus—DeepSeek-R1.

Another notable contrast is between the prevalence of passages predicted as poetic and
the presence of only two novels formally classified as such. A potential reason for this could
be the challenge in defining what constitutes a poetic novel. The two poetic novels in the
corpus were Thalassa by Alexandru Macedonski and Apus in flicdri by Mikael Dan. Thalassa,
according to [24], illustrates, with philosophical and poetic overtones, Macedonski’s vision
of art. Figure 7 is a representation of the top five predicted genres in Thalassa, and indeed,
the first two microgenres are philosophical and poetic.
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100 Genre Distribution Across Chapters in Alexandru Macedonski - Thalassa (1892)
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Figure 7. Top 5 predicted genres in Thalassa (Alexandru Macedonski, 1892).

Apus in fliciri is also a sensual novel, according to [24], which presents erotic neurosis
elements, symbolic synesthetic impressions, and lavish imagination. Figure 8 demonstrates
the sentimental dimension of the novel.

Genre Distribution Across Chapters in Mikael Dan - Apus in flacari (1907)
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Figure 8. Top 5 predicted genres in Apus in fliciri (Mikael Dan, 1907).

Additional figures are displayed in Appendix E and illustrate the presence of a mixture
of literary genres within the same novel. Figure A5 depicts a sentimental novel with added
layers of psychological, mystery, social, and adventure nuance. Figure A6 represents
a canonical social novel that advances sentimental, psychological, rural, and religious
elements as well. Figure A7 represents a historical novel, while Figure A8 is canonically
classified as a novel about hajduks (i.e., outlaws).

Another key aspect of our research was to analyze cases where the LLMs gave different
predictions as the first genre among the top three predicted for each text. The following is
an example of genre classification disagreement between sentimental and social.

Romanian text: “El remase apoi schilod in toatd viata lui. Dar infine el era acuma
scdpat si’si redobdndise libertatea. Ca o pasdre scdpatd din cuscd alergd acasd cu speranta
de a’si gisi sotia si copiii. Usa era inchisd, obloanele lisate in jos, ca in zdua cind plecase;
niciun vecin nu vizuse pe nevasta lui, pe copiii sei si nici nu stia ce s’au fiicut. Sloime
Haies, cdlit la durere, scoase un oftat si tirdndu’si piciorul, chemd un licitus, deschise
usa, isi scoase banii, si cu durere in piept, cu o nedumerire ingrozitoare in suflet, pleci
spre Tiarqu-Ocna in ciutarea familiei sale.”

— Gangavul, Elias Schwarzfeld, 1895
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English translation: “He remained lame for the rest of his life. But finally, he was now
free and had regained his liberty. Like a bird escaped from its cage, he ran home hoping to
find his wife and children. The door was closed, the shutters lowered, as on the day he had
left; no neighbor had seen his wife or his children, nor did anyone know what had become
of them. Sloime Haies, hardened by suffering, let out a sigh and, dragging his foot, called
a locksmith, opened the door, took out his money, and with pain in his chest and terrible
bewilderment in his soul, set off for Targu-Ocna in search of his family.”

The genres detected by the models for this paragraph are mentioned in Table 6.

Table 6. Model genre classification comparison.

Model 1st Genre 2nd Genre 3rd Genre
DeepSeek social (0.5) psychological (0.3)  biographical (0.2)
Llama sentimental (0.5) historical (0.3) exile (0.2)

DeepSeek’s classification prioritizes the social dimension, responding to themes of soci-
etal displacement and community disruption, with secondary classifications of psychological
and biographical, emphasizing individual psychological experience and life narrative.

In contrast, Llama identifies the passage as primarily sentimental, focusing on the
emotional resonance of loss and despair. Its secondary predictions: historical and exile,
suggest recognition of historical context and displacement themes within the Romanian
literary tradition.

The novel itself presents a history of Jews in Romania, particularly in Neamt and
Bacdu counties, and intriguingly, it has a strong autobiographical component. At the same
time, he was exiled in Paris in April 1894 [24]. It can be debated whether the author’s
own exile influenced his writing style, but considering that the way we defined the genre
exile in the prompt inclines towards the state of being far from one’s homeland rather
than the narrative style having certain features, the hypothesis remains speculative. The
novel is canonically categorized as social and, therefore, this example showcases again the
outperformance of DeepSeek.

This divergence between models highlights a deeper theoretical point: the instability
of genre itself. As Derrida [6] argues in The Law of Genre,

Every text participates in one or several genres, there is no genreless text; there is
always a genre and genres, yet such participation never amounts to belonging.

At the same time, he stresses that this participation is never pure and that genres are
always in tension, overlapping and destabilizing their own boundaries.

6. Conclusions and Future Work

Our study challenges the concept of categorizing a novel within a single literary
genre, demonstrating that these literary works possess a hybrid composition. Our multi-
level analysis also reveals key linguistic features in discriminating between the literary
genres. Both methods, ReaderBench’s linguistic features and LLMs’ genre prediction, offer
a scalable approach for large-scale literary analysis.

Further research could expand this methodology to investigate the temporal evolution
of genre characteristics and microgenre hybrids across the 1845-1920 period covered by our
corpus, as well as extend the analysis to a broader historical time frame. Such a diachronic
investigation would potentially reveal how genres of literature transformed during this
crucial period of Romanian literary development, potentially identifying patterns of genre
creation, consolidation, and synthesis over time. The establishment of more sophisticated
genre taxonomies specifically designed for Romanian literature would further enhance the
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accuracy of such research. The literary microgenre detection could also benefit from expert
annotations at the paragraph level, which can be used in the training process of machine
learning models or for better validating the LLM predictions.
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Appendix A. Plots of Significant Linguistic Feature Values Across Genres

Distribution of Average Bigram Entropy per Word

Average Bigram Entropy per Word Analysis
12

11 - e

10 [
@
=2

09
g =
; - 4 =¥
° i | P 25
£ 08 - e

07 at 3

06

05 4

"y Y o & 'Y S "y "y A2 N & N N ()
&7 o\ > $ e N (s) & N v v &
& N 9 3 N o ) 3 S O
. 68‘ ,@‘ (00 0& > \\"‘-’ X Qo gq d’ Q\c’ <& \%\ 6“ Q’{\ ZQ
N %) <« P o o o 2 N
& < S & g &
F il ~\o & S 30
<® & < %

Figure A1. Plotted significant linguistic features across genres—Bigram Entropy:.


https://huggingface.co/datasets/upb-nlp/lumro_175_novels/
https://huggingface.co/datasets/upb-nlp/lumro_175_novels/
https://github.com/upb-nlp/LUMRO.git

Future Internet 2025, 17, 397 20 of 28
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Figure A2. Plotted significant linguistic features across genres—Indirect Objects.

Appendix B. Mann-Whitney U Test Results

This appendix presents the complete Mann-Whitney U test results for pairwise com-
parisons across different linguistic features and semantic categories.

M(NgramEntr_2 / Word) M(Wd / Sent) M(Dep_obl / Par)

Pair 1: Historical vs. Social Pair 1: Historical vs Social Pair 1: Historical vs. Social
» U-stat 377,805.0 + U-stat: 31,9916.0 » U-stat: 298,129.0
+ Historical: + Historical: » Historical:
= Mean=0.9 o Mean =193 o Mean= 2.7
s SD=01 o SD=65 s SD=15
* Social: + Social: * Social:
o Mean=0.8 o Mean=17.3 o Mean=34
o SD=01 o SD=55 o SD=272
Pair 2: Sentimental vs. Social Pair 2: Social vs Murder Pair 2: Sentimental vs. Social
» U-stat: 254,819.0 + U-stat: 234,080.5 « U-stat: 192.840.0
« Sentimental: « Social: . Senliment:al‘ ’
= Mean=0.8 o Mean=173 SiMean =5‘8
o SD=01 o SD=5.5 o 8§D = 541'
* Social: + Murder: « Social: ’
o Mean=0.8 o Mean = 14.8 o Mean=3.4
o 8D=0.1 °Sb=77 o SD=272
Pair 3: Social vs. Murder Pair 3: Sentimental vs Social Pair 3: Social vs. Murder
s U-stat 163,047.0 + U-stat: 182,184.0 « U-stat 185.361.0
« Social: « Sentimental: . Social:
= Mean=0.8 = Mean = 14.6
o M =34
o §D=0.1 o D=5 S
* Murder: * Social: « Murder: ’
2 Mean=0.8 o Mean=17.3 o MBE-H =25
2 SD=01 ° SD=55 »SD=20

Figure A3. Cont.
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M(Pron_fst / Par)

Pair 1: Sentimental vs. Social

Max(Dep_compound / Sent) Max(Pron_thrd / Sent)

Pair 1: Historical vs Social Pair 1: Historical vs. Social

« U-stat: 280,670.5
* Sentimental:

s Mean=823

= 5SD=644
* Social:

o Mean=7.2

o SD=59.4

Pair 2: Historical vs. Social

* U-stat 198,176.5
* Historical:

o Mean=7.4

o SD=505
= Social:

o Mean=7.2

o SD=594

Pair 3: Social vs. Murder

» U-stat 185,412.0
* Social:

o Mean=7.2

= SD=59.4
* Murder:

o Mean=5.8

o SD=317

+ U-stat: 276,548.5
* Historical:

o Mean=04

o SD=07
+ Social:

o Mean=04

o SD=0.7

Pair 2: Sentimental vs. Social

* U-stat: 211,890.0
» Sentimental:

o Mean =01

o SD=04
= Social:

o Mean=04

e SD=07

Pair 3: Social vs. Murder
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Pair 2: Social vs. Murder
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* Social:

o Mean = 8.0
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Figure A3. Mann—-Whitney U test results for N-gram entropy, word dependency, and dependency
object features. Statistical comparisons.

Max(LemmaDiff / Word) Max(NgramEntr_2 / Word) Max(POS_pron / Sent)

Pair 1: Historical vs. Social

« U-stat: 273,61.56
« Historical:

° Mean=59

o SD =31
+ Social:

o Mean=6.0

o SD=34

Pair 2: Social vs. Murder

* U-stat: 233,553.0
+ Social:

o Mean =6.0

o SD=34
« Murder:

o Mean =52

o SD=31

Pair 3: Sentimental vs. Social

« U-stat: 203,633.0
+ Sentimental:

o Mean=51

o SD=2.0
* Social:

o Mean=6.0

o SD=34

Pair 1: Historical vs. Social

« U-stat: 273,115.0
« Historical:

° Mean =286

o 8D=01
+ Social:

o Mean =26

o SD=02

Pair 2: Social vs. Murder

+ U-stat: 244,456.0
+ Social:

o Mean =26

o SD=02
+ Murder:

o Mean=25

o SD=02

Pair 3: Sentimental vs. Social

+ U-stat 189,696.5
+ Sentimental:

o Mean =26

o SD=02
* Social:

o Mean =26

o SD=02

Pair 1: Historical vs. Social

+ U-stat 272,014 5
+ Historical:

o Mean=4.6

o SD=17
+ Social:

o Mean=4.7

o 8D=19

Pair 2: Social vs. Murder

* U-stat 227 553.5
+ Social:

o Mean =47

o SD=19
+ Murder:

° Mean=3.7

o SD=16

Pair 3: Sentimental vs. Social

+ U-stat 207,483.0
« Sentimental:

o Mean=40

o SD=21
+ Social:

o Mean=47

o SD=19

Figure A4. Mann-Whitney U test results for lemma difference, N-gram entropy, and pronoun features.

Statistical comparisons.
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Appendix C. Structured Output Schema

Listing A1: Output schema for genre probabilities.
1
{

"genres_with_probabilities": {
"type": "array",
4 "items": {
5 "minItems": 3,
6 "maxItems": 3,
7 "properties": {
8 "genre": {"type": "string"},
9 "probability": {"type": "number"}
},

1 "required": ["genre", "probability"]

Appendix D. Full System Prompt used in Genre Prediction by LLM

Table Al. System Prompt used for Literary Genre Prediction.

System Prompt

You are a literature researcher and you need to specify the literary genre of a fragment from a Romanian novel. These are the possibilities:

1.

2.

3.

10.

11.

12.

13.

14.

15.

16.

17.

sentimental: focuses on romantic relationships, it talks about love, emotions, sentiments; the characters declare their love; two people fall in love and make efforts to
build a relationship; romantic story that celebrates love and usually has a happy ending

historical: describes events and historical times, contains dates and real events, describes people who existed in time; it’s narrated in past tense, presents a social or
political event; kings, rulers, or other important political people may be mentioned; it’s written in the style of a chronicle.

social: examines the structures and problems of a society; it presents social problems such as poverty, difficult working conditions in factories or mines, child labor,
violence against women, difficult living conditions; presents industrial life, work, societal change, industry revolution, corruption.

outlaw: focuses on the adventures of hajduks (outlaws). Hajduks are seen as heroes, noble bandits who fight against Turks, Phanariots, or corrupt lords and help the
poor and common people. Hajduks challenge those who hold political authority at the time.

murder: involves investigations related to crimes. A case is conducted using specific forensic methods, led by a police officer or private detective. A character is
murdered, and the action revolves around the investigation. Potential suspects are questioned, and the culprit is found.

mysteries: involves solving a mystery, full of suspense, and consists of investigating and discovering an apparently impossible solution. There may also be
descriptions of clothing and other significant details that help solve the mystery.

war: describes military conflicts. In a war novel, the main action takes place on the battlefield or near the front line, encompassing the story of civilians and soldiers
concerned with preparing for war or recovering from it. It describes weapons, battle strategies, soldiers fighting and dying on the front, and conflicts between two
peoples, countries, or groups.

psychological: explores the mind and human behaviors, emphasizing the analysis of characters’” emotional states; focuses on inner experiences, character
transformation throughout the text, internal conflicts, changes in relationships between characters, individual inner change, exposing characters’ thoughts,
pathological evocations, and mental-level conflicts.

poetic: uses artistic language to express feelings and ideas; presents emotional states, experiences in and for nature, and the passionate turmoil of love; contains
lyricism, metaphors, contemplations, and poetic reflections on life.

philosophical: addresses philosophical and existential questions. Describes analytical processes of consciousness, philosophical speculations, introspections, and
ideologies. Tackles philosophical-existential themes-freedom, responsibility, relationship with divinity, lies vs. truth, authentic identity vs. mask, and dissimulation.
sensation: the narrative is written in an entirely new and unusual way, with many twists and surprising elements, full of diverse action. Contains unexpected turns,
intrigues, betrayals, duels, murders, kidnappings, and bandits. Combines local and foreign, improbable characters. It may feature fantastical actions based on a
real event.

exile: describes the experiences of those in exile. A character is condemned to live in exile, far from their homeland, where they cannot return.

science-fiction: explores speculative, technological, and scientific concepts. Describes futuristic themes, with the action taking place in a distant future, on another
planet, or in an alternative reality.

rural: describes life in the countryside, people working in agriculture, shepherds, peasants, tenant farmers, schoolteachers in villages, or innkeepers. Depicts village
life, rustic living, customs and celebrations, as well as the hardships faced by peasants.

religious: explores themes and beliefs from Orthodox Christianity. Talks about God, the beginnings of Christianity, biblical themes, and retold stories from the Bible.
Provides a lesson in Christian morality.

biographical: relates the life of a real person, containing their memories, documenting events from their life. Offers a fictional account of the life of a contemporary or
historical figure. This genre focuses on the experiences a person had during their lifetime, the people they knew, and the events that took place.

adventure: presents adventure stories with lots of action and events in unfamiliar territories, acts of courage, imminent dangers, and physical challenges.
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Table Al. Cont.

System Prompt

Examples of correct classification:
Example 1:

In the heart of the impenetrable woods, the outlaw Iancu gathered his men to take revenge on the cruel nobleman. With his rifle in hand and eyes burning
with the desire for justice, he set off, traversing hidden paths and passing through villages plundered by the tax collectors.

Correctly generated genres and probabilities:

{‘‘genres_with_probabilities’: [ ‘‘genre’’: ‘‘outlaw’’, ‘‘probability’’: ¢‘0.6’’, ‘‘genre’’: ‘‘adventure’’, ‘‘probability’’: 0.3, ‘‘genre’’:
“historical’’, ‘‘probability’’: “0.1°71}
Example 2:

In a secret laboratory, researchers were analyzing a new type of material capable of withstanding extreme temperatures. The prototype of the spacecraft was
nearly completed, and in a few months it was scheduled to be tested on a distant orbit.

Correctly generated genres and probabilities:

{‘‘genres_with_probabilities’: [ ‘‘genre’’: ‘‘science fiction’’, ‘‘probability’’: 0.7, ‘‘genre’’: ‘‘adventure’’, ‘‘probability’’: 0.2, ‘‘genre’’:
“historical’’, ‘‘probability’’: 0.1]}
Example 3:

Dumitru stepped down from the cart and took off his hat, wiping his forehead with the sleeve of his worn coat. The wheat field stretched all the way to the
edge of the village, where a few barefoot children were running down the dirt road, laughing and shouting after the sheep.

Correctly generated genres and probabilities:
{‘‘genres_with_probabilities’: [ ‘‘genre’’: ‘‘rural’”’, ‘‘probability’’: 0.8, ‘‘genre’’: ‘‘social’’, ‘‘probability’’: 0.15, ‘‘genre’’: ‘‘poetic’’,
‘‘probability’’: 0.05]}

Appendix E. Examples of Genre Distribution

Elvira sau amorul fird sfarsit (Figure A5) is a novel canonically classified as sentimental,
considered to be one of the first Romanian modern novels. The story takes place in Spain,
where the beauty and misfortune of Elvira, oppressed by a tyrannical husband, attracts the
sincere interest of a new lover. Their love is considered sinful and condemned by society,
leading to a tragic ending. Elvira commits suicide, her husband remains inconsolable, and
her lover disappears into the world. This romantic case of “unhappy love” establishes a
typology in Romanian popular literature [24].

Genre Distribution Across Chapters in - Elvira sau amorul fara sfarsit (1845)

100 1
Genres
Sentimental
Psychological
Mystery
Social
Adventure

80 1

60 1

Percentage

204

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5
Chapter

Figure A5. Top 5 Predicted Genres in Elvira sau amorul fiird sfirsit (D.F.B., 1845).

Mara (Figure A6) is regarded as a social novel following the struggles of a widow,
Mara, as she navigates the difficulties of single motherhood while raising her two children,
depicting their transition from childhood into adulthood. As Mara becomes wealthier, her
children encounter serious conflicts: her daughter secretly marries a German butcher’s son
despite social prejudices, while her son enlists in the Austrian army against his master’s
wishes. According to G. Calinescu [24], an acclaimed Romanian literature critic and author:
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half of the novel slowly and patiently chronicles the awakening, development,
and eruption of love in a girl conscious of her beauty and charms, first provocative
and undecided, then mastered by passion and capable of any sacrifice.

Genre Distribution Across Chapters in loan Slavici - Mara (1906)

100 7
Genres
Sentimental
Psychological
social

Rural
Religious

80 1

60 1

Percentage

204

10.0
Chapter

Figure A6. Top 5 predicted genres in Mara (Ioan Slavici, 1906).

Bucur istoria fundarii Bucurestilor (Figure A7) is a historical novel [24]. The story depicts
Prince Bucur’s marriage to Ileana of Moldavia after rescuing her from Tatar captivity,
leading to the founding of Bucharest and serving as an allegory for Romanian unification.

Genre Distribution Across Chapters in Pelimon - Bucur istoria fundarii Bucurestilor (1858)

100 1
Genres
Historical
Sentimental
‘War

Social
Adventure

80 1

60 1

Percentage

204

2 4 6 8 10 12 14 16
Chapter

Figure A7. Top 5 predicted genres in Bucur istoria fundarii Bucurestilor (Al Pelimon, 1858).

Boierii haiduci (Figure A8) is an outlaw novel [24], a hajduk tale featuring extraordinary
adventures, abductions, and dramatic chases.
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Genre Distribution Across Chapters in Popescu - Boierii haiduci (1892)

100 7

Genres
Outlaw
Historical
Adventure
Social

Mystery

80

60 1

Percentage

20 4

2 4 6 8 10
Chapter

Figure A8. Top 5 predicted genres in Boierii haiduci (N.D. Popescu, 1892).
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