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Abstract 

We present a novel quantitative approach for classification of authors' stylistics and gender differences 
based on extraction of word collocation. The proposed algorithm attenuates previously described issues 
of text processing using the vector models. We demonstrate the approach by analyzing a corpus of 
Russian prose. We discuss different approaches for classification and identification of the author's style 
implemented by currently-available software solutions and libraries of morphological analysis, methods 
of parameterization, indexing of texts, artificial intelligence algorithms and knowledge extraction. Our 
results demonstrate the efficiency and relative advantage of regression decision tree methods in 
identifying informative frequency indexes in a way that lends itself to their logical interpretation. We 
develop a toolkit for conducting comparative experiments to assess the effectiveness of classification of 
natural language text data, using vector, set-theoretic and the author's set-theoretic with collocation 
extraction models of text representation. Comparing the ability of different methods to identify the style 
and gender differences of authors of fiction works, we find that the proposed approach incorporating 
collocation information alleviates some of the previously identified deficiencies and yields overall 
improvements in the classification accuracy.  
 
Keywords: Natural language processing, frequency and morphological analysis, text-mining, 
gender linguistics, collocation extraction, set-theoretic model, vector text analysis. 
 

1. Introduction 
Recent studies on the use of deep machine learning in the field of natural language processing 
(NLP) and text-mining (Kang, et al., 2020; Moschitt, 2004) have shown that statistical methods 
can be more effective (Grekhov, 2012) when used in combination with linguistic 
(morphological and parsing) analysis (Khalezova, et al., 2020). This concept has given rise to 
a separate direction in linguistics, which studies language based on statistical regularities, 
including the use of linguistic and semantic analysis, expanding the statistical approach to text 
analysis through the use of latent semantic connections between text elements (Maheshan, et 
al., 2018; McCann et al., 2017; Yang, et al., 2019). Increasing availability of computational 
resources and advanced algorithm implementations has now enabled individual researchers to 
process large volumes of data, and employ sophisticated computational methods for their 
analysis. One of the most promising avenues for improving NLP technologies is through 
incorporation of parsing-based quantitative methods (for example, the relationship of 
compositional construction and word formation, the length of compounds and the length of 
their components). 
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The modern quantitative approach to text analysis arose from the development of many 
different models of text representation that were focused on solving highly specialized 
problems (Devlin, et al., 2018; Belinkov & Bisk, 2018; Belinkov & Glass, 2019; Iyyer et al., 
2018). Modern NLP data analysis and processing packages rely on complex linguistic 
algorithms for text analysis (Piotrowska, 2014). In 2019 Google introduced Bidirectional 
Encoder Representations from Transformers (BERT), which has shown to be highly efficient 
in solving a wide range of tasks (Macro, et al., 2020), and formed the basis of NLP digital 
services. Recent studies, however, have demonstrated that in some settings BERT can pose a 
number of notable disadvantages. 

Microsoft Azure Machine Learning, based on the BERT model, is part of the Cortana 
Intelligence Suite that enables predictive analytics and interaction with data using natural 
language and speech. One of the promising BERT applications is the improvement search 
systems based on the classification and indexing of texts on sites and repositories. 

The paper by T. Macro (Macro, et al., 2020) received an award for identifying critical 
flaws in modern text processing models at the “Association for Computational Linguistics” 
(ACL) in 2020. This critical survey examined performance of advanced applications of BERT 
in "Google AI", "Microsoft Azure Text Analysis", "Amazon Comprehend", "Facebook 
RoBERTa AI", etc. The survey noted shortcomings in the ability to capture the grammatical 
and lexical cohesion structure of the text, its integrity, and incorporation of term collocations 
in texts. These limitations of the modern text representation models suggest that further research 
is needed to improve text representation models, procedures for generating and extracting 
significant digital indicators, as well as in the development of artificial intelligence algorithms. 

The current study aims to evaluate the effectiveness of technology in identifying and 
classifying the author's style and gender differences in literary works using a quantitative 
approach based on collocation algorithms and regression decision trees. 

 
2. Data analysis models 
Most importantly, a quantitative approach to text analysis requires a formalized representation 
of textual data. There are several notable paradigms of text representation that rely on various 
mathematical models, including the vector model, probability word distribution, and the set-
theoretic model (Wang & Zhu, 2019; Martin & Jurafsky, 2019). 

A specific mathematical model for text representation enables extraction of quantitative 
characteristics from text data (Kashcheyeva, 2013). Specific quantitative representations 
include, frequency-based models (Beel et al., 2017), frequency-morphological (Osochkin, et 
al., 2018), vector (Salton G., Allan J. & Buckley, 1994), topic vector (Devlin et al., 2018; 
Belinkov & Bisk, 2018; Belinkov & Glass, 2019; Iyyer, et al., 2018), and set-theoretic models 
(Allahyari, et al., 2017; Harish, 2012; Marcus, 1967). Despite the large number of approaches 
for text conversion, all models can be divided into two types: vector and set-theoretic. 

A number of advanced computational models are utilized in the computer text processing 
industry. Here we will consider and compare the vector, and the set-theoretic models, together 
with our extension of the set-theoretic model incorporating term collocation. 

 
2.1. Vector model of text representation 
The vector model became popular at the beginning of the 20th century, and nowadays it remains 
relatively unchanged despite the appearance of alternative models (Wang & Zhu, 2019; 
Popescu, et al., 2010). A vector text model represents each word or sentence in a text as a vector 
that captures the underlying meaning (Popescu et al., 2010). The vector model is often referred 
to as a topic vector model, because the basis of text class division is rooted in a semantics of 
the words, which in aggregate represent the subject field. Vector text representation can use 
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different text elements for analysis: words, sentences, paragraphs, particles of speech, etc., 
though sentences are the most commonly used text elements. 

Topic vector text representation supposes that text contains chapters that have a 
common subject and include paragraphs. Paragraphs, in turn, contain sentences. 
 

𝐺𝐺 = {𝐺𝐺1,𝐺𝐺2, … ,𝐺𝐺𝑛𝑛}; 𝑉𝑉𝑔𝑔 = {𝑉𝑉𝑔𝑔1,𝑉𝑉𝑔𝑔2, … ,𝑉𝑉𝑔𝑔𝑛𝑛}, (1) 
where G represent multiple topic chapters in the text, Gi represents an i-th text chapter, 

i = 1…n, Vg –multiple vectors of topic chapters, Vgi topic vector of i-th chapter. 
Therefore: 

𝐴𝐴𝑖𝑖 = {𝐴𝐴𝑖𝑖1,𝐴𝐴𝑖𝑖2, … ,𝐴𝐴ℑ}; 𝑉𝑉𝑎𝑎𝑖𝑖 = {𝑉𝑉𝑎𝑎𝑖𝑖1,𝑉𝑉𝑎𝑎𝑖𝑖2, . . ,𝑉𝑉𝑎𝑎ℑ}, (2) 
where Ai are multiple paragraphs of i-chapter, Aij are paragraphs of i-th chapter, j = 1 … 

m; Vai are multiple vectors of paragraph topics. Vaij are topic vector of the j-paragraphs of the 
i-th chapter. The mathematic model of sentence interpretation is represented as: 

𝑃𝑃𝑖𝑖𝑖𝑖 = �𝑃𝑃𝑖𝑖𝑖𝑖1,𝑃𝑃𝑖𝑖𝑖𝑖2, … ,𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘� ; 𝑉𝑉𝑝𝑝𝑖𝑖𝑖𝑖 = �𝑉𝑉𝑝𝑝𝑖𝑖𝑖𝑖1,𝑉𝑉𝑝𝑝𝑖𝑖𝑖𝑖2, … ,𝑉𝑉𝑝𝑝𝑖𝑖𝑖𝑖𝑘𝑘�, (3) 
where Рij are multiple sentences of i-th chapter of j-th paragraph, Рijh are h-th sentence of 

i-th chapter of j-th paragraph, h = 1 … k; Vрij are multiple vectors of sentences topics of i-th 
chapter of j-th paragraph; Vpijh are the topic vector of h-th sentence of i-th chapter of j-th 
paragraph. 

The vector models of text representation were initially able to overcome key 
disadvantages of frequency and theoretical models of data representation, including the 
homonym problem and the consideration of the semantics of sentences. Further development 
of the vector model of data representation, however, could not solve a number of outstanding 
challenges, including time-consuming vector calculation needed for analysis of large texts. 
Therefore, the vector model is mainly applied to processing of small texts. 

Aside from the computational requirements, the significant disadvantage of vector 
models lies in the lack of consideration for the language specificity of the word order, position 
of the subject and predicate, characteristics of parts of speech, forms and other text features. 

We choose the "Word2Vec" library as the main tool for studying the vector model of text 
representation, because it: 

− supports more than 40 languages, including Russian, 
− makes use of an embedded model of replacing associative words and homonyms 

(Bag of Words), 
− does not require supervised training data. 
 

2.2. Set theoretic model of text representation  
Set-theoretic models assume that a text is composed of distinct terms (words, n-grams, 
sentences), possessing common characteristics and unique traits. The main concept of such 
models is the reflection of different text characteristics in relative indicators, to which 
mathematical methods for identification of common and unique characteristics of each sample 
analyzed text are applied. Set-theoretic models commonly rely on analysis of frequency and 
measures of metric proximity (e.g. Dice, Ochiai, Jaccard, Simpson etc.) (Marcus, 1967; 
Zakharov & Khochlova, 2010; Kolesnikova, 2016; Belyaeva, et al., 2019). 

In our experiments on classification, the Jacquard similarity index was used as a metric 
for evaluating the similarity of words in texts (Jadhao, et al., 2016). This index is the easiest to 
calculate and is widely employed in linguistic analysis. Its values are equivalent in particular 
cases to other similarity measures: Sokal-Sneath and Serensen distance measures. 

The values of the Jacquard coefficient vary from 0 to 1. The Jacquard coefficient 
measures the similarity between the sets of words used by two texts, and is defined as the size 
of the intersection (i.e words used in both texts) divided by the size of the union of the word 
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sets (i.e. total number of unique words used in both texts). To compare the proximity of two 
texts A and B, the Jaccard similarity index can be calculated using the formula: 

𝐾𝐾(𝐴𝐴,𝐵𝐵) = |𝐴𝐴∪𝐵𝐵|
|𝐴𝐴∩𝐵𝐵| =  |𝐴𝐴∩𝐵𝐵|

|𝐴𝐴|+|𝐵𝐵|−|𝐴𝐴∩𝐵𝐵|. (5) 
In addition to words, such similarity indexes can be calculated for n-grams, sentences, 

etc. Detailed information on how indicators are calculated on the basis of Jaccard similarity 
index can be found in Moulton & Jiang (2018). We used the freely-licensed Python library 
"Jaccard-index", which is able to calculate the similarity index between texts to implement 
calculations of the Jaccard similarity index. The library is both fast and is well-supported by 
the text and image analysis communities. Words were used as the main unit of analysis.  

 
2.3. Set-theoretic model with collocation extraction 
The limitations identified in the work of T. Macro (Macro, et al., 2020) suggested that to 
improve the classification accuracy of author's style and gender identification (Mikros, 2013; 
Vincze, 2015), it is important to identify not only the topic aspects of the text, but also the 
morphological features of the words as well as their collocations. 

 In this context, we developed the FaM software, which was described in details in 
(Osochkin, et al. 2018). It uses an algorithm for text representation as a frequency-
morphological set of indicators, considering collocations, and can improve the accuracy of 
classification in NLP applications. 

The mathematical model of text representation with collocation extraction models texts 
as interconnected sequences of terms. It is based on the hypothesis that taking into account 
sustainable links in phrases and the relationship between text elements will create a more 
accurate model of text representation. 

In order to take into account collocation, FaM calculates a number of custom indicators 
based on the usage frequency word sequences (n-grams) in the text. It is expected that some of 
the words in the sentence will not have a semantic connection with other members, such as: 
prepositions, parenthesis, etc. To accommodate such cases, FaM incorporates an algorithm 
based on morphological libraries, which identifies and omits the functional words and words 
that were not in a semantic connection with the sentence members when calculating n-gram 
sequences. A normalized text is represented as an array of objects, where each word is described 
as an object with properties: part of speech and morphological characteristics. For each 
sequence of objects and for each combination of their morphological characteristics, a separate 
frequency indicator is then calculated. This indicator is defined as a number of times a given 
object sequence occurrence occurs in a normalized text, divided by the total number of objects. 

Thus, the set of n-gram indicators is determined by the natural language in which the text 
is written and by the length of the sequence (i.e. by n). The total set of indicators of bigrams 
(n=2) extracted for the Russian language can reach more than 200. 

A key factor in improving the efficiency of classification is the conversion of text into a 
set of numerical indicators using frequency-morphological analysis. In FaM, morphological 
analysis is performed by a hybrid algorithm that uses two morphological analysis modules – 
Natural language processing (AOT) 4 and "Solarix Engine"5. 

The morphological module AOT is based on the multi-level representation of data in a 
natural language, and was first used in the French-Russian automated translation system 
(FRAM). The module contains a Russian morphological dictionary: about 161,000 words with 
various forms. It also incorporates syntactic and semantic analysis of the text. 

                                                           
4 Official website of the library “АOТ” URL: http://www.aot.ru. 
5 Website of the “Solarix Engine” library URL: http://www.solarix.ru/for_developers/api/grammar-engine-
api.shtml. 
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Solarix Engine is a morphological analysis module that includes a dictionary of 1,800.000 
words and 218,000 thesaurus articles, containing information about possible subordination and 
associative relationships between words, suitable for machine learning. The main advantage of 
this module is the support of different languages: English, French, German, etc. 

A custom algorithm embedded in FaM enables the use these two libraries simultaneously, 
allowing one to obtain aggregated information about the analyzed word, its semantic 
relationship with other words in the sentence, and carry out morphological, syntactic, and 
frequency analysis. To identify semantic connections, the algorithm carries out syntactic 
analysis which identifies parts of speech and functional words in a sentence, and builds a 
syntactic tree. In the subsequent stages, the algorithm searches for words that are syntactically 
related to the subject or predicate in the sentence, and checks for semantic connections. The 
semantic relationship is evaluated by synthesizing a new sentence without the analyzed word, 
building a new syntactic tree, and analyzing the resulting node changes. If no context changes 
were observed for the tree nodes associated with the deleted word, the word was omitted from 
the normalized text. 

 
2.4. Normalization and relevance of indicators 
Almost all text analysis packages perform pre-processing to normalize the data. Text pre-
processing enables more accurate and reliable extraction of the features present in the text. In 
this regard, the lemmatization procedure is a key pre-processing step that can significantly 
reduce the size of the vector space, by removing inflectional endings and collapsing words into 
their basal forms. This word variant reduction is also beneficial for estimation of the vector 
indexes, as it reduces the dimensionality of the vector space. The NLTK4Russian library was 
used to carry out text lemmatization 6. 

Normalization of the data is carried out using the TF-IDF technology, the Scikit-learn 
library 7. 

TFij indexes are defined as the frequency of word’s use in the analysed text, relative to 
the total number of words in the text: 

  
𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 = 𝑓𝑓𝑖𝑖𝑖𝑖

𝑓𝑓𝑖𝑖1+𝑓𝑓𝑖𝑖2+⋯+𝑓𝑓𝑖𝑖𝑖𝑖
, 𝑖𝑖 = 1,𝑚𝑚´ , (6) 

where TFij is the index for the j-th word in the i-th text, fij is the frequency of use of the 
j-th word in the i-th text. 

The TF-IDF method (Roul, et al. 2017) calculates the value of the j-th term IDFij in the 
i-th text as the product of the frequency of term usage in the TFij document and the normalized 
inverse frequency of term content in the documents. 

𝐼𝐼𝐼𝐼𝑇𝑇𝑖𝑖𝑖𝑖 = 𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 ∗ 𝑙𝑙𝑙𝑙𝑔𝑔 �
|𝐷𝐷|

|𝐷𝐷𝑓𝑓𝑖𝑖|
� , 𝑖𝑖 = 1,𝑚𝑚´ , 𝑗𝑗 = 1,𝑛𝑛´ , (7) 

where D is the total number of documents in the collection. Dfi is the number of 
documents in which the term fj occurs. If the term is not present in any of the documents Dfi is 
taken to be equal to 1. 

This approach allows one to determine the importance of the term in the entire collection 
of the analyzed documents. Terms with high uniqueness, which are less common in other 
documents, and often occur in the analyzed document, have the highest IDF value. 

 
 
 

                                                           
6 Website of NLTK4 Russian developer: Department of mathematical linguistics SPbSU. URL: 
http://mathling.phil.spbu.ru/node/160. 
7 Official website of the developer “SciKit-learn” URL: https://scikit-learn.org/stable/index.html. 
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2.5. Artificial intelligence algorithms  
For tasks of parametric analysis, regression, classification, identification and knowledge 
extraction, NLP uses an extensive toolkit of artificial intelligence algorithms (neural networks, 
genetic algorithms, metric algorithms, reference vectors, decision trees, etc.). Earlier studies of 
classification methods (Osochkin et al., 2018; Fomin & Osochkin, 2016) have shown that 
regression decision tree algorithms were effective in identifying the style and gender of the 
author of literary works. The advantage was due to their ability to attain higher classification 
accuracy when using small texts (less than 80,000 objects), compared to neural networks and 
the support vector machines. A significant advantage of all decision tree methods is their ability 
to represent the results as a hierarchical set of logical rules "if-then", which allows for 
meaningful identification, interpretation, verification of the classification results, as well as 
quantitative estimation of significance of each indicator. A variety of algorithms for 
constructing decision trees exist (Random Forest, ID3, C4.5, C5.0, CRT, CHAID, etc.), allows 
application of full potential of statistical analysis in the framework of a quantitative approach 
to natural language text processing. 

In this paper, several algorithms were used for building decision trees in the IBM SPSS 
data analysis package. When identifying the author's gender, the CRT algorithm was used, as 
it is most suitable for binary classification. When classifying texts by the author's style, the 
CHAID algorithm was used, as it is the most suitable for classification of a large number of 
clusters. 

 
3. Research materials 
Two sets of texts in Russian were collected and analyzed in this study. The first corpus (Corpus 
1) of texts contains Russian and Soviet literary prose of the 19th-20th centuries. Novels and 
stories were divided into chapters, containing several texts and each author is represented by 
30 texts, as detailed in Table 1. The column “Average quantity of text symbols” shows the 
average number of characters contained in each text (without spaces).  

Table 1. 
Corpus of Russian fiction 

№ Class Number of texts Average quantity of text symbols 

1 V.I. Belov 30 67,024 
2 A.P. Beliaev 30 54,029 
3 M.A. Bulgakov 30 89,525 
4 D.A. Granin 30 48,078 
5 F.M. Dostoyevsky 30 92,031 
6 I.A. Efremov 30 53,089 
7 A.I. Kuprin 30 56,380 
8 A.N. Ostrovsky 30 62,022 
9 Strugatsky brothers 30 72,097 
10 L.N. Tolstoy 30 110,705 
11 A.A. Fadeev 30 55,092 
12 A.P. Chekhov 30 56,092 
13 M.A. Sholokhov 30 105,032 

 
The second corpus (Corpus 2) was compiled to evaluate identification of gender based 

on the author's style. It consists of 120 works of fiction by Russian writers of the XXI century, 
for example, a series of novels and fantasy by O.M. Sergeeva, A. Sergeeva, Surzhevskaya 
Marina Eff IR, K.G. Nazimov, M. Kamensky etc. The literary works included in the corpus of 
texts were taken from various Internet sites dedicated to fiction and scientific literature. Table 
2 shows the characteristics of the Corpus 2. 

https://context.reverso.net/translation/english-russian/Strugatsky+brothers
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Table 2. 

Author’s gender text corpus 

 
4. Results and Discussion 
4.1 Author's style classification experiment 
The experiment was conducted to identify the author's style based on fiction prose in order to 
evaluate the accuracy of the proposed data extraction method. The objective was to classify the 
corpus of texts presented in Table 1 according to authors' style identification. 

The classification is based on the data extracted using the text data processing models 
described in the previous sections. The "exhaustive CHAID" algorithm using the Gini 
coefficient was chosen as the main algorithm for building the decision tree. This algorithm was 
chosen due to its ability to handle large number of classes (more than 10 clusters at the same 
time), high accuracy (Osochkin et al., 2020; Piotrowska, 2012), and a lower complexity of the 
resulting decision tree due to its use of non-binary tree-splitting algorithm. 

The ratio of the training and test samples was taken to be 50%. The maximum tree depth 
was limited to 10, to avoid internal nodes with low number of texts. The Pierson Chi-square 
test was used to check the hypothesis of finding common characteristics. Since all indicators 
are relative, the node split significance criteria was set to 0.005. 

The results of the experiments8 on the author's style identification based on the text 
Сorpus 1 using different mathematical models are shown in Figure 1.  

 

 
Figure 1. Chart of the author's style identification accuracy.  

(x-axis shows the number of clusters and y-axis shows the average classification 
accuracy) 

 
Figure 1 shows the dependence of the classification accuracy on the number of clusters used. It 
is seen that the trend of classification accuracy increases when related authors (authors who had 
similar stylistic features) are removed from the classification, as the use of similar stylistic 
forms led to misclassification of texts among such authors. 

 
 
 

                                                           
8 Classification was performed using the IBM SPSS software package. 
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Table 3. 
Author's style identification accuracy 

Number of 
clusters 

Vector model of 
text representation 

Set-theoretic 
model 

Set-theoretic model 
with collocation 

extraction 
13 58.46% 52.82% 69.23% 
12 56.67% 51.67% 79.65% 
11 68.48% 48.48% 78.18% 
10 70.67% 52.67% 87.72% 
9 71.11% 60.00% 95.74% 
8 75.83% 72.50% 95.00% 
7 83.81% 80.00% 97.14% 
6 90.00% 82.22% 98.88% 

 
The data of Table 3 shows the identification accuracy of the author's style based on the 
parameters of the mathematical models and the number of utilized clusters. The results show 
that when classifying texts using 13 classes, the largest number of errors in the classification 
was encountered in the works of V.I. Belov and A.A. Fadeev. The total share of correctly 
identified works of A.A. Fadeev was 38.89%, when using the collocation method. An erroneous 
attribution of V.I. Belov is observed, since when classifying indicators extracted from a text 
using vector and set-theoretical text representation, the greatest percentage of false 
identifications of the author's style is seen in the works of V.I. Belov. 

To increase the accuracy of classification, Fadeev's texts were removed from the corpus, 
since they were often identified as the works of V.I. Belov. The results of the removal of these 
texts slightly increased the overall accuracy of classification with the collocation method, but 
in other text representation methods the accuracy decreased. Furthermore, V.I. Belov has 
remained as the most mis-identified author. 

Also, removing of Belov's texts from the text corpus had a positive effect on the general 
accuracy of the set-theoretic model with collocation extraction and vector representation 
methods. As the general accuracy of the set-theoretic method decreased, the largest proportion 
of errors in the classification with 12 clusters was made in the identification of V.I. Belov and 
A.R. Belyaev. Therefore, their works were removed from the subsequent classification based 
on the 11 and 10 clusters.  

In the subsequent experiments, the authors' works classified with the least accuracy were 
removed from the corpus. The general accuracy reached 95.74% by using the set-theoretic text 
method with collocation extraction, when classifying by 9 clusters. That is 22.5% more accurate 
than in the set-theoretic text representation model and 19.17% more accurate than in the vector 
model. 

In order to improve further classification accuracy, such authors as A.I. Kuprin, M.A. 
Bulgakov, Strugatsky Brothers, A.N. Ostrovsky, were removed. Each author's removal 
increased the accuracy of the general classification. 

Table 4 shows detailed classification results using a mathematical model of text 
representation based on a set-theoretic text representation with collocation extraction. 
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Table 4. 
Classification of Russian prose by 13 authors 

  

B
el

ov
 

B
el

ia
ev

 

B
ul

ga
ko

v 

G
ra

ni
n 

D
os

to
ye

vs
ky

 

E
fr

em
ov

 

K
up

ri
n 

O
st

ro
vs

ky
 

St
ru

ga
ts

ky
 

T
ol

st
oy

 

Fa
de

ev
 

C
he

kh
ov

 

Sh
ol

ok
ho

v 

A
cc

ur
ac

y 
(%

) 

Belov 15 4 2 0 0 1 0 0 0 0 1 0 0 65.22 
Beliaev 2 7 0 0 0 0 0 0 0 0 0 0 0 77.78 
Bulgakov 1 0 19 0 2 0 0 0 0 0 3 0 1 73.08 
Granin 3 1 0 18 0 0 0 0 0 0 0 0 0 81.82 
Dostoyevsky 1 1 0 1 9 0 1 0 0 0 0 0 2 60.00 
Efremov 5 0 0 0 0 6 0 0 0 0 0 0 0 54.55 
Kuprin 0 3 0 0 0 0 13 0 0 0 2 0 0 72.22 
Ostrovsky 1 0 0 0 0 0 1 8 0 0 1 0 0 72.73 
Strugatsky 0 0 0 0 0 4 0 0 10 0 0 0 0 71.43 
Tolstoy 0 0 0 0 0 0 0 0 0 10 0 1 2 76.92 
Fadeev 4 5 0 0 0 2 0 0 0 0 7 0 0 38.89 
Chekhov 0 0 0 0 0 0 2 0 0 0 0 7 0 77.78 
Sholokhov 0 0 0 0 0 0 0 0 0 0 0 0 6 100.00 
Share of 
author's 
material in the 
test sample (%) 

16.41 10.77 10.77 9.74 5.64 6.67 8.72 4.10 5.13 5.13 7.18 4.10 5.64 69.23 

 
Our results (Table 3-4) show that the data classification using the set-theoretic model, with 
collocation increased the accuracy of author identification by 24.63%, and the average increase 
was 15.81%, which indicates the effectiveness of the method. The vector text representation 
model showed on average 25.15% lower accuracy compared to the set-theoretic text 
representation with collocation extraction. 

Table 5 shows the indicators and their values that were used by the exhaustive CHIAD 
decision tree construction method. 

Table 5. 
The most important nine indicators of the author’s identification 

№ Indicator Weight(%) 

1 Noun in accusative form + verb 1-st person 6.26 
2 Noun in accusative form + verb 2-nd person 5.58 
3 The use of Latin symbols 5.53 
4 Adjective + Adjective 4.99 
5 Adverb + Adverb 4.87 
6 Numerals per sentence 4.87 
7 Personal pronouns per sentence 4.51 
8 Adjective + unanimated noun 4.21 
9 Punctuation marks per sentence 4.09 
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The main attributes used to identify the author were related not only to the frequency of 
individual parts of speech, but to their sequences. For example,  

−  the frequency of using a pair of nouns in the accusative form with the verb in the 1-st 
and the 2-nd personal; 

−  the use of Latin symbols allows one to distinguish most of the authors by their time 
periods at the first levels of decision trees;  

−  the authors of the Soviet period do not use Latin characters, which makes it possible to 
uniquely identify the works of Strugatsky, Belyaev, etc. 

 
4.2 Author’s gender identification experiment 
It was shown in (Macro, et al., 2020) that different digital services based on the Bert language 
model9 made mistakes when identifying the author’s work by gender. 

We conducted an experiment to identify the author's gender. Specifically, we classified 
the Corpus 2 according to the author's gender. A binary algorithm for building a CRT decision 
tree was chosen, due to its efficiency in carrying out binary classifications. The results are 
presented in the Table 6. 

Table 6. 
Classification by author's gender 

Vector model 

Books quantity Gender F М Accuracy 

37 F 25 11 69.44% 

23 М 12 12 50.00% 

Total 60 Share (%) 61.67 38.33 61.67% 

Set-theoretic 
model 

Books quantity Gender F М Accuracy 

36 F 19 12 61.29% 

24 М 17 12 41.38% 

Total 60 Share (%) 60.00 40.00 51.67% 

Set-theoretic 
model with 
collocation 
extraction 

Books quantity Gender F М Accuracy 

31 F 29 2 93.50% 

29 М 2 27 93.10% 

Total 60 Share (%) 51.70 48.30 93.30% 
 

As can be seen from the classification results, the best accuracy was shown by the 
collocation method, with the total accuracy of 93.3%. The main characteristics that were used 
to identify the text were: the frequency of particles usages, the frequency of constructions such 
as “a noun + verb in the 2-nd person”, the average length of wordd, adverbs and punctuation 
marks per sentence, etc.  

The main features for identifying the author's gender were the number of adjectives used, 
the frequency of adverbial verbs, and the number of n-grams: “a noun in accusative + verb in 
the 1-st person, a noun in accusative + verb in the 2-nd person”. 

At the first level of binary classification, it was possible to divide the samples almost in 
half, thanks to the feature of particles from the total number of words. It was found that the 
female writers used particles in their works much more often than the male writers. In cases 
where particles did not accurately identify the cluster, it was found that the authors could be 
identified using the average word length in the text, with the male writers using on average 
longer words. A distinctive feature of the female authors was a more frequent use of the n-gram 
                                                           
9 It is mentioned modifications of the Bert language model such as Google BERT and Facebook RoBERTa AI.  
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“nouns in the instrumental case + verbs in the 1-st person”. At the last level of the classification 
tree, punctuation marks were used; the male writers employed fewer figures of speech, direct 
speech, and other constructs where punctuation marks are used. 

 
Table 7. 

Indicators value 
№ Indicator Weight(%) 
1 Percentage of the total number of particles 27.67 
2 Nouns in the instrumental case + verb in the 1 - st person 20.63 
3 Average words length 20.27 
4 Percentage of participles 11.79 
5 Punctuation marks per sentence 11.32 
6 Vowel letters per word 8.28 

 
As it can be seen from the Table 7, the extraction of indicators related to the use of parts 

of speech and their features from the text has significantly increased the accuracy of 
classification when identifying the author's style in different literary works. The second most 
important indicator identified by the regression trees was the template “nouns in the creative 
case + a verb in the 1-st person”, as this sequence was more often used by the female authors. 

When identifying the author's gender, the template that took into account the 
morphological form of the bigram: “nouns in the instrumental case + verb in the 1-st person”, 
which had an indicator value of 20.633 and was often used in the algorithm of regression 
decision trees to determine the author's gender. 

The conclusions, which are based the author’s gender identification evaluations, confirm 
that the text representation model based on the set-theoretic model with collocation is more 
effective compared to other models. 

 
6. Conclusion 
The use of a quantitative approach with collocation extraction allows one to increase the 
accuracy of the authorial style identification. The experimental results of the style and gender 
identification accuracy confirmed the effectiveness of the proposed modification of the set-
theoretic model of text processing of Russian prose. Algorithms for frequency-morphological 
extraction of numerical indicators and the formation of text indexes that reflect the frequency 
of individual parts of speech and n-gram parts of speech use, can be successfully used to identify 
the style. Our experiments have confirmed an increase in the total classification accuracy using 
collocation compared to the vector model of text representation. 

Using the set-theoretic model with collocation extraction allows one to eliminate some of 
the disadvantages of the BERT data representation model that were pointed out earlier, and in 
conjunction with the methods of regression decision trees, the potential of text mining can be 
expanded. We also plan to conduct further experiments to analyze the accuracy of identifying 
the emotional colors of messages. 
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