ISSN 2788-5518

YAK 004.9:681.3
DOI https://doi.org/10.36994/2788-5518-2025-01-09-16

APPLICATION OF MONTE CARLO METHODS FOR MODELING
AND PREDICTING USER BEHAVIOR ON SOCIAL MEDIA

Mysiuk I. V., PhD student, Ivan Franko National University of Lviv, Lviv, Ukraine. https://orcid.org/
0000-0002-3641-4518, iruna.musyk8a@gmail.com

Mysiuk R. V., Ph.D, Ivan Franko National University of Lviv, Lviv, Ukraine. https://orcid.org/
0000-0002-7843-7646, mysyukr@ukr.net

Abstract. Understanding and predicting user behavior on social media is challenging due to the
dynamic nature of users' online interactions. Monte Carlo methods are one of the methods for modeling
user engagement, content virality, sentiment evolution and personalized recommendations in dynamic
environments.

The article investigates the application of Monte Carlo methods for modeling and predicting user behavior
in social networks. Several variants of this approach are considered, including the quasi-Monte Carlo, the
classical Monte Carlo method, and the Metropolis-Hastings methods, which demonstrated better efficiency
for the selected data set due to more uniform coverage of user behavior scenarios, taking into account the
selected parameters of user activities. Convergences by Monte Carlo methods with a sample of 10000
values are also displayed, and based on the main selected parameters for modeling user behavior, namely
likes, shares and comments, the effectiveness of the selected methods with such a data set with many
parameters is studied.

Based on the data obtained, a basic predictive analytics system was developed, which can be further
developed through integration into recommendation systems to increase content personalization and
improve the analysis of user activities in social networks. In addition, the VADER lexical analyzer was used
fo assess the emotional tone of users and their virality on social networks was investigated. The results
obtained allowed us to display the distribution of likes, comments and expansions in social networks and
to carry out predictive analytics, which can be integrated into recommender systems based on the results
of modeling. The process of modeling virality and expansion of content is also shown and the principle of
operation of the program is schematically presented. The results of the performance evaluation confirm the
feasibility of using a combination of quasi-Monte Carlo methods and show their effectiveness and accuracy
of prediction in the analysis of user activity for a comprehensive study of behavior in social networks. Virality
prediction reflects the spread of viral content.

Key words: Monte Carlo simulation, social media analytics, user behavior modeling, machine learning,
predictive analytics.
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AHomauiss. Po3ymiHHS ma rpoz2Ho3ysaHHS oeediHKU Kopucmysadie y couiaslbHUX Mepexxax € cknao-
HUM 3a80aHHsIM Yepe3 OuHaMiYHUU xapakmep oHnalH-e3aemolill kopucmyesadie. Memodu MoHme-Kaprno
€ 00HUM i3 Memo0ie MOOerTo8aHHs1 3ary4eHOCMi Kopucmyeadis, 8ipyCHOCMIi KOHMeHMYy, e8ornuji Hacmpo-
ie i nepcoHarizosaHux pekomeHoauil y duHamiyHux cepedosuuax.

Y cmammi docnidxeHo 3acmocysaHHs memodie MoHme-Kapio 0ra moderntoeaHHsI ma rpo2HO3y8aHHS
rnosediHKU Kopucmysaudig y coujarbHUX Mepexax. Po3arnsHymo OekKirnlbka eapiaHmie yb020 ridxody, ceped
AKux — keasi-Mornme-Kapno, knacudHuti memod Mornme-Kaprno t Mempononic-Facmu+Hac memodu rpode-
MOHCcmpy8anu Kpauly echekmueHicmb 07151 06paHo20 Habopy OaHuUx 3a80sIKU PIBHOMIPHIUIOMY OXOMEHHIO
cueHapiie nosediHKU Kopucmyeadis, ypaxoasyr4u obpaHi napamempu ixHix akmusHocmelu. Takox gidobpa-
)XeHo 36ixxHocmi memodamu Mornme-Kapro 3 subipkor y 10000 3Ha4eHb | Ha OCHO8i OCHOBHUX 06paHuX
napamempig 0r1s1 Moderto8aHHs1 Mo8ediHKU Kopucmysauie, a came naukie, mowupeHsb i KoMeHmapis, doci-
OXeHo egpekmuesHicmb 0bpaHux memodig npu makomy Habopi OaHux 3 bazambMa rnapamempamu.

basyrouucb Ha ompumaHux 0aHux, po3pobusnu 6a3o8y cucmemMy rnpoeHO3HOI aHamimuKu, sika Moxe om-
pumamu nodanbuull po38UMOK 3ae0siKU iHmeezpauii 8 pekomeHOauitHi cucmemu 015151 MNiO8UUEHHST NMEpPCo-
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Hanizauji KoHmeHmy U rokpaw,eHHs1 aHasisy akmuesHocmel Kopucmyeadig y couianbHux mepexax. Kpim
mozo, 3acmocosaHo fekcuyHul aHanizamop VADER 0ns ouiHro8aHHS eMouyiliHo20 mMOoHYy Kopucmyseadie i
docnidxeHo ix sipycHicmb y couianbHUX Mepexax. OmpumaHi pedyrnbmamu 0anu 3moey gidobpasumu pos-
rodin natkie, KOMeHmapie i NoWuUpeHb y coujanbHUxX Mepexax. Takox aidobpaxkeHo npouec MoOeno8aHHs
8ipycHocmi Ui pO3r08COOKEHHST KOHMEHMY, CXeMamu4HO rnodaHo npuHyUn pobomu rnpozpamu. Pesynbma-
mu oujiHoK eghekmugHocmi nidmeepdxyroms OOUinbHICMb 8UKOpUCMaHHs1 KoMbiHauii keasi-MoHme-Kapiio
memodie i nokasyroms ix egbekmugHicmb, MOYHICMb MPO2HO3y8aHHS Npu aHarisi akmusHocmel Kopuc-
mysauig 05151 KOM11eKCHO20 AoCiOXeHHS NoeediHKU 8 coujanbHUX Mepexax. [TpoeHo3yeaHHs 8ipycHocmi
8i00bparkae rNoWUpPEHHSs 8ipyCHO20 KOHMeHMY.

Knroyoei cnoesa: modentosaHHs memodom MoHme-Kaprio, aHanimuka couiaribHUX Mepex, MoOerto-
8aHHs1 MOBEJIHKU Kopucmysadie, MalwUuHHe Hag4aHHs, rpo2HO3Ha aHaslimuka.

Introduction

Social media platforms have become almost the main method of communication in the development of
digital communication, influencing public opinion, marketing strategies and online interactions, etc. Modeling
user behavior using digital platforms is crucial for businesses, researchers and policymakers looking to
predict engagement trends, optimize content delivery and identify anomalies such as misinformation or bot
activity and match users with better content.

However, user interactions, such as likes, shares, comments, and their changing moods, are inherently
uncertain and depend on various external factors, making it difficult to make more accurate predictions when
analyzing social media or displaying incompatible content on digital platforms. The Monte Carlo method is
widely used in probabilistic modeling and analysis of results and offers a powerful approach to modeling
behavior of social media users. By generating multiple results based on probabilistic distributions, Monte
Carlo modeling allows you to estimate, for example, the probability of different patterns of interaction, the
spread of viral content, and changes in user sentiment over time. This method will help eliminate uncertainty
in the dynamics of social media, making it significant in forecasting and analyzing data, recommendation
systems, and fraud detection. This article explores the application of the method Monte Carlo for modeling
and predicting user behavior in social networks, as well as highlighting the advantages and problems of using
probabilistic modeling in the dynamic environment of social networks. By using the Monte Carlo method,
it is possible to improve decision-making in the platform's content strategy, advertising, and moderation,
ultimately improving user experience and online security. Predictive analytics and modeling allows you to
optimize your posting time for maximum user engagement for social media marketers and analysts.

Social media user behavior modeling research mostly focuses on machine learning, statistical
modeling, and relationship analysis in graph structures. However, a small number of studies have used
probabilistic methods, including Monte Carlo methods, for some cases of predicting patterns of interaction,
dissemination of information, and mood dynamics in social networks. In general, the areas studied in this
area can be divided into the use of probabilistic models for the analysis of social networks, Monte Carlo
methods in predicting social networks, the study of user behavior and network dynamics and application in
recommendation systems and personalization.

The first group of studies from the above used probabilistic approaches to analyze social media data.
For example, Bayesian networks and hidden Markov models (HMM) were used to simulate the evolution
of user sentiments and online discussions, in particular in the papers [1; 2]. Similarly, Monte Carlo Markov
chain techniques (MCMCs) have been used to estimate the probability of specific user behaviors, such as
content distribution and the likelihood of interaction at work [3]. As a result, the methods described allow
us to investigate the stochastic nature of online interactions and improve behavioral predictions, which is
important for general understanding.

The second group is the Monte Carlo methods in social network forecasting, used to estimate uncertainty
in social media analytics. Studies [4] have demonstrated their effectiveness in predicting content virality by
modeling different distribution scenarios based on historical interaction data. The papers [5; 6] integrated
Monte Carlo methods with deep learning to refine trend predictions in social networks, particularly in
dynamic environments where deterministic models face difficulties due to rapid changes in content.

The next group of related works can be attributed to studies of user behavior and network dynamics,
namely how users interact with content on social networks using stochastic and networked approaches.
Agent-based modeling and Monte Carlo simulations were combined to study cascades of information and
the role of influencers in content distribution as implemented in the work [7].

Regarding the use in recommendation systems and personalization, the paper [8; 9] shows that Monte
Carlo-based reinforcement methods can improve adaptive recommendation systems by predicting how
users will react to different types of content.

Presentation of the main material and discussion of the results

To collect potential data for the study, publicly available social media datasets were selected, including
user interaction (likes, shares, comments) and content functions (text, images, and metadata), and the
time of publication was performed based on [10]. The main purpose of the data collected is to display
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user engagement metrics across different types of publications, including news articles, user-generated
entertainment content.

The collected data has been pre-processed to remove irrelevant information, such as spam or duplicate
posts. Also, emotions or empty comments appear on social networks most often. Data preprocessing
provides a clean and representative set of real-world data that is well standardized for display and modeling.
For example, the collected dataset on the social network Instagram mostly contains collections of photos
and comments, likes and shares, that is, engagement indicators that are associated with popular hashtags.
The data obtained from the social network Facebook contains publications from public pages and groups
that are not combined with each other by type of content, but are active in user interaction with publications.

The Monte Carlo method was used to model user behavior under different conditions and aspects of
user behavior. The Monte Carlo method involves the use of not only based simulations of user activities
in social networks, but also improved approaches of this method using Markov chains. Basic Monte Carlo
simulations estimate engagement levels by generating random samples using probability distributions.
When simulating more advanced methods. For example, using the Monte Carlo method with Markov chains
(MCMC). This method is used to simulate complex user behavior and check the virality of content.

In Fig. 1 it is shown that the data collected by likes, shares on comments from the social network
Instagram and Facebook, as the main parameters of engagement when modeling user behavior. This
parameter allows you to simulate user interactions for posts with different content characteristics and time
of publication dependence, which shows the amount of potentially engaged for this type of content based
on a random sample of engagement distributions of previous historical data.

Data Preparation Monte Carlo Methods:
(post length, hour, content type) MC, MH, QMC
A4
Engagement Generation
(likes, comments, shares)

Generate x and Compute "Likes" Function
Train Random Forest Regressor

Model Evaluation (MSE)

Visualization:
- Actual vs Predicted
- Feature Importance
- Best Posting Time

A

Estimate Expected Value

Plot Convergence Graph

Fig. 1. Scheme of the program

The paper uses popular Python libraries, including NumPy and Pandas for generating and processing
synthetic data, as well as Matplotlib for visualizing the results. Scikit-learn was used to build and evaluate
the machine learning model, including the Random Forest Regressor algorithm and the standard error
(MSE) metric.

In the first step, a dataset [10] is created that simulates social posts with three characteristics: length,
time of publication, and type of content. Based on these parameters, interaction values are formed — likes,
comments, and shares — with the addition of random noise. The built Random Forest Regressor model
learns to predict the number of likes using these parameters. The accuracy of the prediction is estimated
using the standard error. Additionally, graphs are created that visualize the correspondence between actual
and predicted likes, the importance of signs and the optimal time to publish a post. The second stage
analyzes three methods for estimating the expected number of likes: classic Monte Carlo, Metropolis-
Hastings and Quasi-Monte Carlo. The classic Monte Carlo is simple and fast, but less accurate. Metropolis-
Hastings is more accurate, but slower due to the use of Markov chains. Quasi-Monte Carlo provides the
best balance between accuracy and efficiency through the use of Sobol sequences.

The number of values for research was chosen to be 10000. Organic user engagement and focused
importance sampling, the basic Monte Carlo method, the improved Monte Carlo method using Markov
chains, the Metropolis-Hastings and Quasi-Monte Carlo method are also displayed.

Atthe same time, the value of the error in each of the methods was significantly correlated. The estimation
results show the values obtained by three different methods: the conventional Monte Carlo method (MC), the
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Metropolis-Hastings method (MH), and the quasi-Monte Carlo (QMC) method. In this case, the convergence
of methods is shown in Fig. 2. The MC method gave a score of 0.4064 and worked very quickly (0.0017
seconds). This shows that it is effective in simple tasks, although its accuracy depends on the number of
simulations. The Metropolis-Hastings method, although it belongs to the improved stochastic methods,
showed a significantly higher score (0.7124) and worked the longest (0.0888 seconds). This may indicate
an insufficient number of iterations or an imperfect setting of the probabilistic transition, resulting in a less
accurate result. This method requires careful adjustment to ensure stability and convergence to the correct
solution. The quasi-Monte Carlo (QMC) method showed a score of 0.3929, which is close to the result of
a conventional MC, but at the same time shows slightly higher stability. Although it took longer to complete
(0.017 seconds), it often provides a lower variance in estimates, especially with fewer simulations.

Convergence of Different Monte Carlo Methods

—— Monte Carlo
Metropolis-Hastings

1.0+ —— Quasi-Monte Carlo (Sobaol)
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Fig. 2. Display of convergence by Monte Carlo methods (10000 values)

The next parameter that helps assess the likelihood of viral content due to active distribution and user
engagement at the initial levels is the virality of the content.

Another parameter that allows you to check the dependence of sentiments on a certain topic or post are
popularized over time, taking into account the activities of users, is the evolution of sentiments.

The simulation was carried out using the Monte Carlo method in the Python programming language. In
addition, several basic NumPys were used to randomly sample the data and SciPy to statistically analyze
the data obtained. And directly for data visualization, the most popular library matplotlib was used, which
provides and provides an integrated approach to modeling uncertainty and predicting social media trends.

Data for modeling user behavior was obtained over 10,000 iterations to account for a wide range of
possible outcomes and provide reliable statistical reliability. The user behavior model was built on the
basis of a probabilistic structure that took into account user interaction and the engagement model from
the distribution with the parameters evaluated from the dataset. The process of modeling content diffusion
is used to investigate branching in the distribution of a publication and is determined by the level of
engagement and its impact on the social network. Sentiment tracking simulation is also carried out. When
tracking changes in user sentiment over time, sentiment analysis is applied on pre-trained models such as
VADER (Valence Aware Dictionary and sEntiment Reasoner) to analyze the textual content of posts and
comments. At the same time, the sentiment score is updated at each step of the simulation based on user
activities (likes and comments, shares) to reflect the emotional tone of user interactions in social networks.

Modeling virality and content distribution (Fig. 3) is carried out by changing the initial number of
interactions and the number of users and determining the factors that are responsible for the spread of
viral content on social networks. Also, from the collected data, you can determine the dynamics of user
sentiment among the provided post texts. Then the resulting parameter shows the evolution of sentiment
regarding a certain trend (negative area of the Sentiment Score is negative, positive area is positive) or
topics in social networks, taking into account external influences. For example, how holidays in Ukraine
or marketing campaigns or news affect sentiment and how they fluctuate depending on user behavior and
engagement.
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User Engagement and Sentiment Over Time
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Fig. 3. Displaying the distribution of content: likes, comments and shares

Modeling virality and content distribution is done by changing the initial number of interactions and
the number of users and determining the factors that are responsible for the spread of viral content on
social networks. Also, from the collected data, you can determine the dynamics of user sentiment. Then
the resulting parameter will show the evolution of sentiment regarding a particular trend or topic in social
networks, taking into account external influences. For example, how holidays in Ukraine or marketing
campaigns or news affect sentiment and how they fluctuate depending on user behavior and engagement.
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Fig. 4. Display of the Monte Carlo Efficiency Assessment

To evaluate the effectiveness of Monte Carlo modeling in predicting user behavior, as can be seen in
Fig. 4, several performance indicators were used, such as: prediction accuracy, virality prediction, and
exposure threshold. Prediction accuracy reflects the model's ability to predict actual engagement levels
(e.g., the number of likes, shares, or comments) compared to real data, and virality prediction shows the
accuracy of propagation modeling viral content, measured by the percentage of content that exceeded a
predetermined engagement level. First, a dataset of 10.000 entries from prepared publications [10] and
their interaction metrics such as likes, comments, and shares are presented. Next, this data is broken
down into training and test samples to train the model. The Random Forest Regressor algorithm is used
as a model, which learns to predict the number of likes. After training, the quality of the model is evaluated
using the standard error (MSE), which shows the accuracy of the predictions. To better understand the
results, three graphs are constructed: a comparison of actual and predicted likes, the importance of traits
in the model, and recommendations for the best time to publish a post. The recommendation of the time
of publication is based on the model's forecasts for different hours of the day, taking into account the fixed
length of the post.

Conclusion

As part of the study, several variants of the Monte Carlo method were applied to model and predict user
behavior in social networks. In particular, quasi-Monte Carlo methods turned out to be quasi-optimal for the
selected dataset — they provided higher accuracy and stability of the results due to the reduction of sample
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variance and more uniform coverage of the space of possible scenarios. Basic predictive analytics was
developed, which, based on the results of simulations, can be integrated into recommendation systems.
Such a system is potentially able to adapt the content delivery according to the intended level of user
engagement, which opens up opportunities for personalizing marketing, optimizing news delivery and
improving interaction with the audience. To analyze the emotional tone and identify the potential virality of
the content, the lexical tool VADER (Valence Aware Dictionary and sEntiment Reasoner) was used, which
made it possible to effectively classify the sentiments of messages in a large sample. This made it possible
to better model the evolution of community sentiment and its impact on the dissemination of information. In
general, the results of the study confirm the feasibility of using Monte Carlo methods, especially their quasi-
deterministic variants, for a comprehensive analysis of user behavior in social networks.
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