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THE IMPACT OF DIFFERENT TEXT  

PREPROCESSING PROCEDURES  
IN TEXT’S SENTIMENT TRAJECTORIES 

 

A.D. Egorova1, N.S. Nazarov1 
 

1 HSE University, St. Petersburg, Russia 
 

Sentiment analysis, a key component of Natural Language Pro-
cessing (NLP), is traditionally used to classify texts or its components 
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based on its emotional tone. However, recent studies have demon-
strated the potential of combining sentiment analysis with complexity 
measures such as entropy and semantic trajectories to gain deeper in-
sights into text structure and meaning. 

This research explores sentiment and semantic trajectories as ef-
fective tools for text analysis, particularly in evaluating literary trans-
lations and ranking books based on the extent to which the text is lively 
and chaotic and how much information is there. By applying entropy-
complexity metrics to sentiment trajectories, we assess the degree of 
unpredictability and information dispersion within texts. In the present 
study probabilistic approach according to Shannon entropy and algo-
rithmic approach of Kolmogorov (Kolmogorov complexity) will be 
onsidered. Sentiment analysis was employed in work to generate time 

series representing the emotional content of the text. These time series 
will subsequently be used to quantify textual complexity and entropy 

One of the key findings of this study is that sentiment trajectories 
exhibit patterns of stochasticity and chaos, which can be quantified 
through mathematical techniques of Shannon entropy and Lyapunov 
exponents. These indicators enable a novel approach to evaluating 
translation quality by comparing the structural complexity of original 
texts and their translations. Our analysis of literary bestsellers, includ-
ing works by Fyodor Dostoevsky and Stephen King, reveals signifi-
cant variations in entropy-complexity measures depending on the 
translation method used - human translation, machine translation, or 
word-by-word automated translation. 

After we carried out sentiment analysis and calculated measures of 
polarity and subjectivity, we found a time series from which we found 
entropy and normalized it. We performed this operation for one of 
Dostoevsky's bestselling books “Crime and Punishment” with and 
without preprocessing. We observed that without preprocessing, the 
entropy measure is lower, most likely due to the fact that stop-words 
that have the most pronounced emotiveness were removed. 
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This research contributes to the growing field of computational lin-
guistics by demonstrating the applicability of mathematical models in 
sentiment analysis. The findings highlight the importance of integrat-
ing linguistic and mathematical approaches in NLP to enhance the ac-
curacy of sentiment analysis. Future research will explore the trans-
ferability of these methods across different text genres and domains. 
 

READING MOTIVATION, READING SKILLS  
AND PROBLEMATIC INTERNET USE IN ADOLESCENTS 

IN GRADES 5–9: EVIDENCE FROM A PILOT STUDY  
IN THREE RUSSIAN REGIONS* 

 

M.S. Vlasov1, O.A. Sychev1 
 

1 Altai State Pedagogical University, Biysk branch  
named after V.M. Shukshin, Biysk, Russia 

 
The desire for online communication, excessive consumption of 

entertainment and information content from the Internet, acquiring a 
dominant position in the system of motives of adolescents, can dis-
place other important motives, such as interest in studying or the desire 
to read literature. Based on the results of previous studies, we hypoth-
esized that problematic Internet use (PIU) in schoolchildren is associ-
ated with reduced autonomous motivation for reading and increased 
controlled motivation and amotivation. 

Autonomous motivation, associated with a sense of autonomous 
regulation, when the reasons for involvement in an activity are expe-
rienced as personal, not related to external control, includes intrinsic 
                                                             

* The study was supported by the Ministry of Education of the Russian Federation 
as part of the implementation of the state assignment for applied research “The rela-
tionship between problematic Internet use, reading motivation and reading skills of 
secondary school students in urban and rural schools” (state assignment No. 073-
00014-24-07, No. PTNI 1023032200007-4-5.1.1; 6.2.6, state registration number of 
research 124120300005-4). 



-29- 

motivation and identified regulation. The latter is considered a pro-
ductive type of extrinsic motivation. Controlled motivation includes 
extrinsic motivation and introjected regulation, reflecting the regula-
tion of activity by introjected goals and values, perceived as somewhat 
alien, not one's own (for example, learned parental demands and ex-
pectations). In addition, along with autonomous and controlled moti-
vation, the updated self-determination theory also distinguishes a state 
of amotivation as the absence of motivation for action, expressed ei-
ther in the absence of actions as such, or in their formal implementa-
tion in the absence of their own motives, when people simply perform 
their duties. 

The consequences of possible effects of PIU on motivation may 
affect a decrease in reading amount and reading skills. 

Thus, our study aimed to analyze the relationship between PIU and 
reading motivation, reading amount and reading skills. The study in-
volved 446 students in grades 5-9 from Biysk, Gorno-Altaysk, Perm, 
and rural areas of the Altai Territory and the Altai Republic. 

 

 
 

Figure 1. The tested structural model (all the coefficients shown  
are statistically significant at p < 0.001, insignificant paths and residuals  

are omitted for parsimony) 
 

The study used the PISA-like reading literacy assessment, General 
Problematic Internet Use Scale-3 (GPIUS3) developed by 
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A.A. Gerasimova and A.B. Kholmogorova, SRQ-Reading Motiva-
tion, Reading amount Scale. The results of the correlation analysis 
showed the expected relationships between the indicators of PIU, 
reading motivation, reading amount, and reading skills. 

Structural linear modeling was performed to test the hypothesis.  
This model showed satisfactory fit to data: 2 = 821.32, df = 381, 

p < 0.001, CFI = 0.912, TLI = 0.899, SRMR = 0.063, RMSEA = 0.051, 
90% CI for RMSEA: 0.046-0.056, PCLOSE = 0.371, N = 446. 

The model demonstrates that the direct effects of motivation and 
PIU on reading skills were not statistically significant. The direct ef-
fect of PIU on reading volume was also not significant. At the same 
time, the analysis of indirect effects showed that the effects of auton-
omous motivation (0.100; p  0.01) and amotivation (-0.079; p  0.01) 
on reading skills were significant. The total indirect negative effect of 
PIU was statistically significant for both reading skills (-0.044;  
p  0.01) and reading amount (-0.198; p  0.001). Thus, the model 
demonstrates that PIU is directly related to all indicators of reading 
motivation and indirectly through them to reading amount and reading 
skills. 
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RuMTEB. 
 
 FINE-TUNING’ :  
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      –    

   . 
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    « »  ruGPT-3 Medium, -
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     -
  (     ,  -

 ,     , -
     ,    json), 

 fine-tuning’a    (   -
 ),      
 (ROUGE, BLEU, chrF,  BERTscore).   

 Python   Kaggle. 
      -

  . 1. 
        1 

 
RuGPT-3 Medium, 350  , 5 900  
 ROGUE BLEU ChrF BERTScore 

 17.6 9.4 33.1 86.6 
 19.9 10 34.9 86.9 
 24.2 12.7 40.5 88.3 

 24.7 13.8 39.4 88.7 
.   24 13.6 37.7 88 

RuGPT-3 Small, 125  , 1 5000  
 ROGUE BLEU ChrF BERTScore 

 23.8 13.3 37.2 87.8 
 32.8 19.8 44.2 89.5 
 22.8 11.8 38.4 87.9 

 22.6 12.4 36.6 88.2 
.   21.4 11.8 36.7 87.5 

 
        

. 2. 
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        2 
 

RuGPT-3 Medium, 350  , 4 800  
 ROGUE BLEU ChrF BERTScore 

 13.6 5.5 29 86 
 15.8 6.9 30 87 

 17.2 8.3 30.6 87.5 
 10.2 3.7 21.5 84.7 

 16.9 7.3 30.6 87.2 
RuGPT-3 Small, 125  , 12 000  

 ROGUE BLEU ChrF BERTScore 
 12.3 4.9 26 85.2 

 14.3 6 29 86.5 
 14.9 7.1 28 86.7 

 8.4 3 19.4 83.9 
 15.3 6.6 28.5 86.6 

 

     3  5  « »  
ruGPT-3 Medium (350  ),    
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