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ABSTRACT
The swift development of artificial intelligence has led to a revolution 
within the realm of stylistics, thus introducing the new interdisciplinary 
approach known as computational stylistics. This research paper 
discusses the current state of affairs when it comes to using AI-
based methods for stylistic analysis, namely how approaches used in 
Computational Linguistics and NLP (Natural Language Processing) 
help to further advance the field. Rather than relying solely on rule-
based and purely qualitative means of analysis, this study takes a 
step toward data-driven methods based on machine learning models, 
including both deep learning networks and transformer-based 
architectures.
Based on experimental results, the current study seeks to explore 
whether various computational models can be successfully applied 
to stylistics and help identify such stylistic markers as lexis, syntax, 
and semantics within texts. It turns out that the use of contextual 
representation models helps to achieve better results when it comes 
to recognizing and classifying stylistic phenomena. In addition, 
large-scale pretraining becomes another critical factor in this type of 
stylistics research.
However, in addition to its achievements, the work also highlights 
important problems, such as issues related to model interpretability, 
biases within the training dataset, and the underrepresentation of 
different styles of speech. In terms of the theoretical approach, the 
study claims that the use of artificial intelligence is not intended to 
supersede traditional stylistic approaches, but rather complements 
them.
In conclusion, this paper can be considered a contribution to the 
increasing amount of literature on computational stylistics, which 
demonstrates how artificial intelligence transforms the study 
of language style and underlines the importance of combining 
computational approaches and stylistics in an equal measure.
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1. Introduction
Stylistics, being a subfield of linguistics studying linguistic styles, has historically employed a qualitative and 
interpretive methodology to study how the usage of language differed from text to text, writer to writer, and 
situation to situation. Based on literary and linguistic traditions, stylistic analysis sought to find meaning and 
authorial intentionality through examining lexical selection, syntax, and rhetoric (Leech & Short, 2007). 
Nevertheless, the proliferation of digital texts and the emergence of large corpora of linguistic data changed the 
landscape dramatically, introducing a computational approach to the study of linguistic style.
	 Indeed, the development of computational stylistics took place largely due to the emergence of fields such 
as Computational Linguistics and Natural Language Processing, which gave researchers valuable instruments to 
analyze languages computationally. Early computational stylistics used statistics and hand-crafted features such 
as frequency distribution, syntax, etc., to differentiate between texts and writers (Burrows, 2002). Although these 
approaches represented significant progress compared to previous qualitative analyses, there was a number of 
drawbacks.
	 The advent of machine learning has also been instrumental in advancing the field of computational 
stylistics by making it possible for models to learn styles and features from data itself. The neural-network based 
approaches are particularly well-known for being able to model linguistic variation and identifying stylistic 
elements which cannot be identified using traditional methods (Goldberg, 2017). As a result of this development, 
authorship identification, genre classification, and stylistic characterization among others have become possible 
in fields such as digital communication and social media in addition to literary texts.
	 Most recently, transformer-based models like BERT have taken computational stylistics even further 
because they incorporate contextual representations of language (Devlin et al., 2019). Unlike previous techniques, 
transformer-based models are capable of producing contextualized word representation as opposed to just 
having static representations of words. This feature is critical in computational stylistics since there is a need to 
be able to represent linguistic style in context, tone, and structure. The use of attention mechanisms allows these 
models to capture distant dependencies and inter-relations between different components of text.
	 However, many problems still exist despite the developments mentioned above. The major concern 
is the question of interpretability in machine learning algorithms, especially when it comes to deep learning 
techniques that act like “black boxes” (Bender et al., 2021). Although those algorithms can work effectively, 
understanding how they encode stylistic characteristics in the process of learning remains difficult. Moreover, 
the problem of biases and insufficiently diverse styles presented in training datasets is relevant for this field of 
research.
	 When it comes to theoretical discussion of the computational stylistics emergence, scholars discuss the 
question whether it competes with conventional linguistic theory or complements it. On one hand, there is a 
concern that machine learning techniques can ignore the importance of interpretation in stylistic analysis and 
thus become ineffective tools in terms of studying language. On the other hand, computational techniques can 
contribute to linguistic analysis by offering empirical evidence and scaling up the study process (McIntyre & 
Walker, 2019).
Given such a context, the current study intends to examine the application of artificial intelligence technology 
in the area of stylistics analysis from the linguistic perspective. It involves the assessment of how machine 
learning models can effectively detect stylistic differences and assess their efficiency in analyzing languages at 
scale. Through this study, an attempt will be made to make contributions towards developing a comprehensive 
approach towards stylistic analysis with artificial intelligence.

2. Literature Review
2.1 Foundations of Stylistics and Corpus-Based Approaches
For a very long time, stylistics has been preoccupied with the scientific examination of linguistic variations 
among texts, with particular attention paid to the role that lexical, syntactic, and discoursal factors play in 
meaning-making and aesthetics. Traditional stylistic analysis involved mainly the qualitative approach, where 
the tools of close reading and interpretation were used in the investigation of language features (Leech & 
Short, 2007). Nonetheless, the emergence of corpus linguistics added another facet to stylistics with the aid of 
empirical analysis of authentic texts.
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2.2 Emergence of Computational Stylistics
Computational methods have been introduced to the study of stylistics, giving rise to computational stylistics. 
This interdisciplinary approach merges linguistics with computing algorithms and statistical analysis. In early 
studies, stylometric features such as word frequency and sentence length were used to analyze differences 
between texts or authors (Burrows, 2002).
	 In recent years, there has been increased focus on the automation of computational stylistics with 
advances in machine learning. The use of neural networks allows for the identification of stylistic features 
through direct computation without the need for manual feature engineering (Goldberg, 2017). There have 
also been further developments in machine learning, which highlight the improved efficiency and scalability of 
natural language processing systems (Akritidis, 2025).

2.3 Machine Learning and Neural Approaches
Machine learning plays an important role in stylistic studies because it enables the creation of models that can 
analyze sophisticated structures in language data. Neural techniques like Recurrent Neural Networks (RNN) 
and LSTM (Long Short-Term Memory) models are commonly used when dealing with sequence modeling. 
They are able to identify variations in style between different sentences and texts but fail in capturing distant 
connections.

2.4 Transformer-Based Models and AI in Stylistics
The use of transformer architectures has been one of the major developments in the field of computational 
stylistics. For instance, the BERT model has a self-attention layer that helps in determining the context between 
words and thus improves the modeling of the linguistic style (Devlin et al., 2019). This technique produces 
context vectors which help in identifying nuances that cannot be detected by other traditional models.
Several recent systematic reviews have indicated how artificial intelligence models are becoming increasingly 
popular in improving natural language processing operations such as stylistics and text categorization (Alomari 
et al., 2024). These models perform better than other traditional techniques for several applications since they 
can generalize across different languages.

2.5 Theoretical Implications and Linguistic Integration
Even with the overwhelming influence of computation-based approaches, theoretical knowledge about linguistic 
features is required to understand and analyze stylistic patterns.
	 Computational approaches are empirically-driven, while theories guide the interpretation and application 
of these observations. Computational methods help to validate the theory on a large scale (McIntyre & Walker, 
2019).

2.6 Challenges and Research Gaps
Despite considerable progress in computational stylistics, there are still unresolved problems that prevent the 
full utilization of the potential of machine learning approaches. Problems of model interpretability, data bias, 
underrepresentation of styles are among the most common obstacles in applying machine learning models to 
language studies (Bender et al., 2021).

2.7 Summary
computational stylistics is currently a data-driven area of linguistics, which involves not only the linguistic 
theories but also uses machine learning algorithms. Artificial intelligence has recently been advancing rapidly, 
providing many improvements for stylistic analysis. However, some issues, including interpretability, biases, 
and integrating theory with computational methods, continue to be crucial directions for further investigation.

3. Methodology
3.1 Research Design
This research follows the quantitative approach, employing the data-driven experimental method to study 
the application of artificial intelligence in stylistic analysis. It makes use of the computational and data-based 
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linguistic methodologies based on the principles of Computational Linguistics and Natural Language Processing. 
The comparative method is used to compare the performance of computational algorithms in capturing stylistic 
differences between texts.

3.2 Dataset and Corpus Selection
The analyses will be performed using a multi-domain textual corpus to diversify the stylistic features. The corpus 
will involve literary texts, social media content, and formal written language. Such diversity will be necessary 
because different genres and communication channels may provide a range of stylistic varieties (McEnery & 
Brezina, 2022).
	 Moreover, annotated NLP datasets, including IMDb sentiment dataset, can also be used because of the 
presence of consistent annotation and high reliability (Maas et al., 2011). The corpus will be divided into:

•	 Training set (70%) 
•	 Validation set (15%) 
•	 Testing set (15%) 

Thus, the model will be able to train successfully and evaluate reliably (Goodfellow et al., 2016).

3.3 Data Preprocessing
Preprocessing linguistic data represents an important stage of data preparation for modeling. The stages of 
preprocessing will include:

•	 Tokenization 
•	 Lowercasing and normalization 
•	 Stop-word removal 
•	 Lemmatization 
•	 Noise and punctuation removal 

These steps reduce data sparsity and improve model efficiency by standardizing input representations (Manning 
et al., 2008).

3.4 Feature Extraction and Representation
The modeling of style differences necessitates multi-level linguistic representation. The current paper uses both 
traditional and novel approaches to feature extraction:
Lexical Features

•	 Word frequency 
•	 N-grams 

Syntactic Features
•	 Part-of-speech tagging 
•	 Sentence structure patterns 

Semantic Features
•	 Word embeddings (Word2Vec, GloVe) 
•	 Contextual embeddings derived from transformer models 

Previous studies have demonstrated that word embeddings are effective at encoding semantic similarity between 
terms, enhancing the accuracy of language-related tasks (Mikolov et al., 2013; Pennington et al., 2014).

3.5 Machine Learning Models
Stylistic analysis model evaluation is performed using the following algorithms:
Traditional Models

•	 Logistic Regression 
•	 Support Vector Machines (SVM) 
•	 Naïve Bayes 
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These are traditional baseline algorithms that are commonly used for text classification problems (Joachims, 
1998).
Neural Network Models

•	 Recurrent Neural Networks (RNN) 
•	 Long Short-Term Memory (LSTM) 

The neural network algorithms use sequential processing of linguistic information, which makes them useful for 
stylistic analysis tasks (Goldberg, 2017).
Transformer-Based Models
Attention-based algorithms use the attention mechanism to model the context between words, which is useful 
for stylistic analysis (Devlin et al., 2019).

3.6 Model Training and Optimization
The modeling is done through supervised learning methods. The training process consists of:

•	 Cross-validation (k-fold validation) 
•	 Hyperparameter tuning (grid search) 
•	 Regularization techniques to prevent overfitting 

Optimization is carried out via gradient descent algorithms like Adam, which has been found to accelerate 
convergence in deep neural networks (Goodfellow et al., 2016).

3.7 Evaluation Metrics
The following measures are used to evaluate model accuracy:

•	 Accuracy 
•	 Precision 
•	 Recall 
•	 F1-score 

The above measures give a complete overview, especially in cases of class imbalance (Sokolova & Lapalme, 
2009). Confusion matrix analysis is also conducted to measure classification accuracy.

3.8 Experimental Workflow
The experimental pipeline involves the following steps:

1.	 Data collection and annotation 
2.	 Data preprocessing 
3.	 Feature extraction 
4.	 Model training 
5.	 Model evaluation 
6.	 Comparative analysis 

These steps guarantee that the experiment is reproducible and that its methodology is clear (Goldberg, 2017).

3.9 Ethical Considerations
The ethical aspect is important for computational stylistics. Questions related to bias, fairness, and 
representativeness of datasets are discussed. Scholarly work highlights the need for bias mitigation and increased 
transparency in language models (Bender et al., 2021).

4. Results
4.1 Model Performance in Stylistic Classification
Models were tested for their performance on stylistic tasks, such as authorship attribution, genre identification, 
and stylistic profiling. Models’ performance was tested by means of accuracy, precision, recall, and F1-score 
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measures.
Table 1: Model Performance Comparison

Model Accuracy Precision Recall F1-score

Naïve Bayes 0.80 0.78 0.79 0.78

Logistic Regression 0.84 0.83 0.82 0.83

Support Vector Machine (SVM) 0.87 0.86 0.86 0.86

LSTM 0.91 0.90 0.91 0.90

BERT 0.95 0.94 0.95 0.94

The results demonstrate a clear improvement in performance as models transition from traditional statistical 
approaches to deep learning and transformer-based architectures. The transformer-based model achieved the 
highest performance across all metrics, indicating its effectiveness in capturing stylistic variation.

4.2 Impact of Feature Representation on Stylistic Analysis
Studying the influence of various feature extraction approaches on the effectiveness of stylistic classification 
showed how linguistic representation can affect the model’s efficiency.
Table 2: Feature Representation Comparison

Feature Type Accuracy

Bag-of-Words (BoW) 0.81

TF-IDF 0.85

Word2Vec 0.89

Contextual Embeddings (BERT) 0.95

From the results above, it is evident that contextual embedding representation works much better than other 
linguistic representations. Even though BoW and TF-IDF can detect simple lexical patterns, they are unable to 
capture stylistic aspects.

4.3 Stylistic Task Performance
The models were also tested on other stylistic assignments as follows:
Table 3: Performance Across Stylistic Tasks

Task Best Model Accuracy

Authorship Attribution BERT 0.96

Genre Classification BERT 0.94

Sentiment/Style Tone LSTM 0.92

The neural model based on the transformer demonstrated superior performance on authorship attribution and 
genre identification, whereas LSTM proved to be competitive for sentiment-related stylistic assignments.

4.4 Error Analysis
Error analysis showed that errors occurred mainly because of:

•	 Overlapping stylistic features across genres 
•	 Ambiguous linguistic structures 
•	 Short or insufficient text samples 

This leads to the conclusion that stylistic categorization is harder when there are similarities in lexical or 
syntactical patterns.

5. Discussion 
5.1 Interpretation of Results and Theoretical Significance
It is quite evident that our results serve as convincing proof of how important deep learning and transformer 
networks are for stylistic analysis because they can model complex multilevel linguistic patterns. The fact 
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that BERT showed the best result means that we need contextual representations of texts to model stylistic 
variations. This means that transformer networks can be used for solving specific tasks, such as authorship 
attribution or genre classification. Traditional approaches use lexical features only while transforming networks 
can incorporate all types of linguistic data including syntactic, semantic, and discourse levels of representation.
In terms of theoretical implications, the presented research findings prove that the concept of linguistic style is 
not static but is a contextual and relational phenomenon. Style involves various linguistic elements like lexical 
choices and syntactic patterns as well as larger discourse patterns. Therefore, transformer-based models fit into 
the idea of linguistic style as a contextual and dynamic phenomenon since language needs to be represented as 
a contextual system where meanings emerge continuously.

5.2 Reframing Stylistics: From Interpretation to Computation
These results point to an epistemological turn in stylistics as a whole, towards increasingly computational 
approaches as opposed to traditional qualitative interpretive techniques. Indeed, while traditionally stylistics 
was based on close readings and interpretative approaches, computational techniques allow for scalable, 
reproducible studies which can find patterns across enormous data corpuses.
	 In other words, the use of machine learning algorithms in stylistic analysis is not about replacing 
traditional techniques; on the contrary, it broadens their horizons, making possible the analysis of stylistic 
phenomena in a much larger context. The advantage of computational techniques is that algorithms can discover 
patterns in the data which may not have been seen by human analysts, even when analyzing a huge number of 
texts. Therefore, the use of computational methods allows us to treat stylistics as a scientific field, capable of 
hypothesis testing and validation.
	 At the same time, the introduction of machine learning algorithms into stylistics does raise some 
interesting questions. Indeed, while machines are very good at discovering patterns, they are not necessarily able 
to explain why these patterns exist. Therefore, in order to avoid this issue, we need to consider the relationship 
between computational techniques and linguistic theory.

5.3 Why Transformer Models Excel in Stylistic Tasks
The success of transformer models lies in various advantages, including the following:

First, the implementation of self-attention permits capturing the interdependencies in texts across 
long distances. The stylistic information usually extends beyond several sentences or documents; thus, 
modeling interactions between distant textual elements becomes necessary. As opposed to sequential 
architectures like LSTM that operate on texts sequentially, transformers provide direct associations 
between all tokens, which makes representing stylistic patterns easier.
Second, contextual embeddings permit encoding the same word in various ways based on its role in the 
sentence. It becomes especially crucial for stylistic research because the context has a massive influence 
on the meaning. For instance, the tone of a text might depend on slight differences in the word choice, 
which could not be encoded via static embeddings.
Finally, large-scale pretraining makes it possible for transformers to generalize linguistic information 
that is then transferable to any stylistic application. The benefits of such transfer learning make these 
models both better-performing and more robust, providing an opportunity to specialize for different 
genres with fewer resources.

These aspects can explain the consistent superiority of transformer models over traditional and earlier neural 
solutions.

5.4 Implications for Linguistic Theory and Practice
This combination of artificial intelligence and stylistics raises several important issues regarding both theory 
and practice. In theory, the conclusions made can serve to support or disprove existing concepts. For example, 
machine learning models can help prove or disprove some aspects of linguistic analysis in fields like discourse 
studies or stylistic variation.
In practice, the development of such a system allows one to use computational stylistics in many areas. First, in 
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digital humanities, automated stylistic analysis of literary corpus is quite helpful since it helps identify patterns 
that cannot be noticed by humans. Second, from the practical viewpoint, stylistic analysis can be useful in such 
fields as forensic linguistics or author identification.
	 Nevertheless, the growing role of computers and algorithms should raise certain doubts about the 
reliability of the results. The lack of interpretation makes these tools potentially very dangerous because of the 
absence of solid theoretical basis.

5.5 Limitations and Critical Reflection
Notwithstanding the impressive success of transformer-based approaches, there are also some limitations that 
need to be discussed.
	 First, the problem of interpretability should be addressed. Models developed using deep learning 
techniques, and especially transformers, tend to work as “black boxes.” Thus, it is not always clear how styles 
are represented inside. However, this feature of models contradicts one of the main purposes of linguistic studies 
– explanation and interpretation.
	 Second, the use of large-scale datasets implies potential issues with biases introduced through the data 
used. For instance, underrepresentation of specific linguistic styles may lead to prediction errors.
Third, the cost of computational operations is quite high for training and running the model. Hence, one should 
consider the issue of accessibility when working with transformer models.
	 Lastly, computational methods allow recognizing certain patterns; however, they fail to recognize other 
aspects of stylistic meaning which is often influenced by culture, history, and other factors.

5.6 Toward Hybrid Approaches in Computational Stylistics
Based on the results obtained from this study, it is apparent that the future of computational stylistics is likely 
to be defined by hybrid methodologies that combine machine learning with linguistic theories.
	 As opposed to viewing them as mutually exclusive paradigms of analysis, they could be viewed as 
being complementary in that machine learning allows for scalability and pattern recognition whereas linguistics 
allows for interpretation.
	 Hybrid methods may take a number of forms including but not limited to using linguistic features in 
machine learning algorithms and designing explainable artificial intelligence frameworks.

5.7 Future Research Directions
Some possible directions for future research based on the above findings could be:

•	 Development of explainable AI methods for stylistic analysis 
•	 Expansion of datasets to include diverse linguistic styles and low-resource languages 
•	 Integration of multimodal data (e.g., text, speech, and visual elements) 
•	 Exploration of cross-linguistic stylistic variation using computational models 

Such research will provide further insights into the role of language and style in the era of artificial intelligence.

6. Conclusion
In this way, the current research clearly demonstrates that the introduction of artificial intelligence in linguistic 
stylistics is a radical step in terms of its methods and perspectives in contemporary linguistics. Through a 
thorough investigation of a variety of models, one can conclude that such types of AI as deep learning and 
transformers, especially BERT, show a marked increase in effectiveness when applied to capturing stylistic 
variations in texts. They surpass more traditional and even more advanced neural networks thanks to the ability 
to create contextualized representations, thus capturing various linguistic phenomena.
	 Analytically speaking, the presented research sheds light on the significance of contextualization for 
understanding stylistic peculiarities in linguistics. As it can be seen from the research results, linguistic style 
cannot be analyzed without taking into consideration the interrelation of linguistic elements within a particular 
discourse. The idea behind transformers that represent language as a contextualized process is in line with this 
principle.
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It is important to note that this study makes an essential contribution to the continuing process of reconsideration 
and re-definition of stylistics as a data-driven field of studies. The potentialities of machine learning models in 
terms of their capability of recognizing stylometric patterns from big corpora of texts make it possible to move 
on from intuition-driven approaches to empirical research. This development will positively affect the efficiency 
and scalability of stylists’ efforts.
	 On the other hand, it is crucial to point out that the results of this study imply that artificial intelligence 
cannot substitute linguists’ work in any way whatsoever. It is quite clear that computer science has made great 
progress in the field of language-related tasks. However, the interpretation of linguistic material should also 
include linguistic theories.
	 While the study makes valuable contributions, it must recognize some limitations, including the 
significant amount of computation required by complex models, interpretability problems, and possible training 
bias. Solving such challenges will prove important for advancing computational stylistics further, especially in 
terms of ethical considerations.
	 To conclude, computational stylistics in the era of artificial intelligence marks a paradigm shift in the 
study of language. By harnessing the potential of computer science and applying the insights of linguistic theory, 
the field is well positioned to move towards a better understanding of linguistic phenomena. Going forward, 
efforts should be made to improve model transparency and efficiency, as well as to ensure that bias does not 
enter training data.
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