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PREDICTIVE MODELING OF THE OUTCOMES OF CYBER SPORT MATCHES 

USING DATA MINING TECHNOLOGIES 
 
The e-sports industry is a highly developed interdisciplinary field in which machine learning and artificial intelligence 

technologies are widely used. The article examines the application of Data Mining technologies in order to predict the results of e-
sports matches. The technique of predictive modeling is considered. Based on the correlation analysis, the input variables for 
predicting the results of the matches of the online game League of Legends are determined. The SAS Enterprise Miner package 
builds predictive models in the form of a decision tree, logistic regression and neural network. Based on the analysis of the quality 
indicators of forecast models, the use of the neural network as a predictor of the results of e-sports matches is substantiated. The 
purpose of this predictor is to give players advice on how to change the strategy of the game in which they are defeated. 
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ПРОГНОЗНЕ МОДЕЛЮВАННЯ РЕЗУЛЬТАТІВ КІБЕРСПОРТИВНИХ МАТЧІВ 

ІЗ ВИКОРИСТАННЯМ ТЕХНОЛОГІЙ DATA MINING 
 
Останнім часом в Україні активно розвивається індустрія кіберспорту. Кіберспорт сприяє розвитку розумових 

здібностей у використанні інформаційних технологій. Кіберспорт – це змагання з комп’ютерних ігор. Вона охоплює велику 
кількість населення та широкий спектр професій. Індустрія кіберспорту включає не лише гравців, а й розробників ігор, 
менеджерів команд, організаторів турнірів, маркетологів, стрімінгових компаній, численних спонсорів та державних установ. 
У багатьох країнах світу кіберспорт має державну підтримку, змагання високого рівня та відповідні освітні програми. У 2020 
році кіберспорт був визнаний офіційним видом спорту в Україні, а в серпні 2021 року Україна вперше прийняла Чемпіонат 
Європи з кіберспорту. Особливо слід відзначити роль штучного інтелекту та технологій машинного навчання у розробці 
комп’ютерних онлайн-ігор. 

Кіберспортивна галузь є високорозвиненою міждисциплінарною сферою, в якій широко використовуються 
технології машинного навчання та штучного інтелекту. В статті досліджено питання застосування технологій Data Mining з 
метою прогнозування результатів кіберспортивних матчів. Розглянута методика прогнозного моделювання. На основі 
кореляційного аналізу визначено вхідні змінні для прогнозування результатів матчів онлайн гри League of Legends. В пакеті 
SAS Enterprise Miner побудовано прогнозні моделі у вигляді дерева рішень, логістичної регресії та нейронної мережі. На 
основі аналізу показників якості прогнозних моделей обгрунтовано використання нейронної мережі в складі предиктора 
результатів кіберспортивних матчів. Метою даного предиктора є надання гравцям порад про те, яким чином змінити 
стратегію гри, в якій вони зазнають поразки. 

Ключові слова: кіберспортивний матч, онлайн гра, прогнозування результатів, дерево рішень, логістична регресія, 
нейронна мережа. 

 

Introduction. Recently, the e-sports industry has been actively developing in Ukraine. E-sports promotes 

the development of mental abilities in the use of information technology. E-sports is a competition in computer 

games. It covers a large population and a wide range of professions. The e-sports industry involves not only players, 

but also game developers, team managers, tournament organizers, marketers, streaming companies, numerous 

sponsors, and government agencies. In many countries around the world, e-sports has government support, high-

level competitions, and relevant educational programs [1]. In 2020, e-sports was recognized as an official sport in 

Ukraine, and in August 2021, Ukraine hosted the European E-Sports Championship for the first time. The role of 

artificial intelligence and machine learning technologies in the development of computer online games should be 

especially noted. 

The purpose of the research is to create a high-quality model for predicting the results of e-sports 

matches using Data Mining technologies. To achieve this goal, it is necessary to solve some tasks: developing a 

predictive modeling methodology, building predictive models based on the most common Data Mining 

technologies: decision trees, logistic regression, a neural network, choosing the best model in terms of quality 

indicators for the purpose of further use as part of the predictor of the results of e-sports matches. 

Related works. The relevance of research in the field of cybergaming with the use of machine learning 

tools, which includes Data Maning technologies, is confirmed by a significant number of publications. So, for the 

query “computer gaming and machine learning” in the Scopus database were found 1802 documents published by 

4766 scientists over the past five years. Watson B., Sput J., Kim J., Listman J., Kim, S., Wimmer R., Lee B., Putrino 

D. [0] described the competitiveness of e-sports compared to traditional sports. Sanauja-Paris G., Camacho M., 

Balado-Albiol M. [7] considered the consolidation of e-sports in a pandemic. Imas Ye., Petrovska T., Hanaha O. [0] 
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who studied it from the point of view of a cultural phenomenon in Ukraine, can be singled out among domestic 

scientists engaged in e-sports research. Zhmai O.V. [4] studied the investment attractiveness of this industry in 

Ukraine. Gorova K.O., Goroviy D.A., Kiporenko O.V. [5] studied the main trends in the e-sports market. Lazneva 

I.O., Tsaranenko D.I. [6] studied the impact of e-sports on changing the structure of the global computer game 

market. Despite the current advances in e-sports, a number of unresolved issues remain regarding the specifics of the 

use of machine learning technologies and artificial intelligence in e-sports, which require further in-depth research. 

Summary. The research was conducted on a dataset describing 7620 professional matches from the online 

computer game League of Legends (LoL), obtained from the analytical resource Kaggle (kaggle.com). League of 

Legends is a multiplayer online battle arena (MOBA) developed by Riot Games and released in 2009. Today, this 

computer online game is one of the most popular in the world both in terms of the number of players and the number 

of views of matches on the Twitch streaming service. In this game, two teams of 5 players each, each controlling a 

champion, compete to destroy the Nexus object inside the enemy base. A typical map of the League of Legends 

game is shown in Figure 1. 

 
Fig. 1. A typical map of the online computer game League of Legends 

 

The map of the game includes three roads on which the minions (servants) of each team move: Top lane, 

Middle lane and Bottom lane. Roads on the map are shown in yellow. The game map also includes the jungle, which 

is depicted in green. They contain powerful monsters that heroes can kill to get gold. Each character has unique 

skills that can be used against other heroes, minions or monsters. The map also contains towers that protect the 

team's territory from enemy attacks. In fig. 1 they are depicted with blue and red dots. 

The minions regularly move in waves from the base of each team in the direction of the enemy and pass on 

all three roads until they find the minions of the other team to confront them. Heroes get gold by killing enemies. 

Gold can be used to buy items that improve the skills of the heroes and give them a competitive advantage. To 

increase the strength of the heroes, you need to defeat certain characters in the game, such as dragon, baron and 

herald. 

The main goal of the game is to destroy the Nexus object inside the base of each team. But in order for this 

to be possible, all the towers and the ingibitor on the way to the enemy base must be destroyed in advance. Towers 

are structures that cause damage to enemies within their range. Inhibitors are structures that, when destroyed by an 

enemy team, make enemy minions more powerful and allow you to destroy a Nexus object. 

When choosing a hero for themselves, players should consider what role he/she will play in the team. 

Different heroes can play one or more roles, but most of them are better at fulfilling exactly the main role for which 

they were created. The player must also be aware of the current metagame [8]. Metagames are dictated by the type 

of heroes, high-quality ones are adequate for each position on the map, as well as the heroes are the most powerful 

in the game. Due to the constant updates of the game, which are performed with patches, the metagame tends to 

change. An example of a metagame is the most common team in the League of Legends: usually two heroes go to 

the Bottom lane, one Support and one Attack Damage Carry (ADC). Mage or Assassin enters the Middle lane. In the 

jungle comes Tank or Fighter. On the upper road, the hero can act as an Initiator, Front-liner or Tank. 

The following performance indicators of blue and red teams were used as input variables of the e-sports 

match of the online game League of Legends, respectively: 

blue_end_gold, red_end_gold. Gold is earned by killing monsters, other players and objects. It can be spent 

on items that strengthen the hero. 

blue_kills, red_kills. Killing players of the opposing team gives extra money and also slows down the 

progress of the opposing team. 

blue_towers, red_towers. Destroying the towers that are placed on each road map, allows your team to 

move forward. 

blue_inhibs, red_inhibs. Destroying the inhibitors that are placed at each team base is necessary for your 

team to capture the inner towers and win the game. 

blue_dragons, red_dragons. Killing a dragon, a powerful monster gives your team gold, which allows you 

to gain a competitive advantage over another team. 
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blue_barons, red_barons. Killing a baron, the most powerful monster gives your team a competitive 

advantage over another team. 

blue_heralds, red_heralds. Killing the Rift Herald is the third most powerful monster gives your team gold, 

which allows you to gain a competitive advantage over another team. 

The resulting binary variable winner contains the number of the team that won the match (1 is blue, 2 is 

red). The results of correlation analysis of input variables using a thermal map are presented in Figure 2. 

 
Fig. 2. The results of correlation analysis of input variables 

 

The correlation between the output variable winner and the input variables blue_towers and red_towers is 

high (0.88). The correlation between the output variable winner and the input variables blue_inhibs and red_ inhibs 

is also high, but lower (0.72). Thus, destroying the towers in the game is extremely important, even more so than 

destroying the inhibitors. A fairly high level of correlation is also observed between the original variable winner and 

variables such as: blue_kills and red_kills (0.66); blue_barons, red_barons (0.61); blue_dragons, red_dragons 

(0.57). 

For predictive modeling of e-sports results using Data Mining technologies, the SAS Enterprise Miner 

package was chosen, which is an integrated component of the SAS data mining system, designed to detect in large 

data sets the information needed for decision-making. To build models, we used the tools of decision trees, 

regression analysis and neural networks (Figure 3). 

 
Fig. 3. ETL-diagram of the process of modeling the results of e-sports matches using Data-Mining technologies in the SAS Enterprize 

Miner package 

 

The Input Data node of the ETL process diagram contains a set of input data consisting of 14 interval input 

variables and 1 binary output variable. The number of observations is 7620. The Data Partition node of the ETL 

process diagram uses the tool Data Partition, with which the entire input data set (100% - 7620 matches) is randomly 

divided into two parts while maintaining the proportion of response distribution of the target variable (winner): 60% 

(4571) is the training data on which the model is based; 40% (3049) is the validation data, which checks the quality 

of possible variants of the model specification and selects the best of them. The distribution of data as a percentage 

is presented in Table 1. 
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Table 1. 

Partitioning the input data set using the Data Partition tool in the SAS Enterprise Minner package 
Data 

 

Number of observations with team winning 1 (blue) Number of observations with team winning 2 (red) 

units % units % 

Primary 4146 54,41 % 3474 45,59 % 

Training 2487 54,41 % 2084 45,59 % 

Validation 1659 54,41 % 1390 45,59 % 

 

Thus, the models were built and tested on equivalent data sets. 

In the second stage, a Decision Tree node, Regression node and AutoNeural node were built. In the third 

stage, using the Model Comparison tool, a comparative analysis of the constructed models was performed and the 

best one was selected. The constructed decision tree with 6 leaves is presented in Figure 4. 

 
Fig. 4. Screenshot with the results of predictive modeling of the results of e-sports matches using the decision tree in the SAS Enterprize 

Miner package 

 

The use of input variables in the process of constructing branches corresponds to the degree of their 

correlation with the output variable (see Figure 2) and is confirmed by the results of assessing their significance in 

the SAS Enterprise Miner package, presented in Figure 5. 

 
Fig. 5. Screenshot with the results of assessing the significance of input variables in building a decision tree in the SAS Enterprize Miner 

package 

To optimize the model of logistic regression, the method of stepwise exclusion of insignificant factors 

(Stepwise) was chosen, the significance of which was determined by the statistical criterion of Chi-Square. Figure 6 

shows the calculated values of the Chi-Square criterion for the selected factors (Score Chi-Square column). 
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Fig. 6. Screenshot with the results of assessing the significance of input variables in the construction of logistic regression in the package 

SAS Enterprize Miner 

 

Following the Score Chi-Square column, the Pr> Chi-Square column demonstrates how significant the 

selected factor is, namely, the smaller the value in it, the more significant the factor in the model. Variables with a 

calculated value less than 0.0001 have a high statistical significance (in this case, the factors blue_towers and 

red_towers, blue kills and red_kills). The factors blue_inhibs and red_inhibs, blue_heralds and red_heralds are also 

statistically significant (the corresponding calculated value is less than 0.05). Estimates of the odds ratio, showing 

how the selected variables of the logit model affect the target variable, are presented in Figure 7. 

 
Fig. 7. Screenshot with the odds ratio estimates in the construction of logistic regression in the SAS Enterprize Miner package 

 

When constructing the neural network, the activation function was chosen as the hyperbolic tangent, and 

the type of architecture with one hidden layer. 

The best model was selected on the basis of the Misclassification Rate, the Average Squared Error and the 

Gini Coefficient. The lowest values of the Misclassification Rate, the Average Squared Error and the highest values 

of the Gini Coefficient are characterized by the neural network (Figure 8). In second place is the logistic regression. 

The last place is occupied by the decision tree. 

 
Fig. 8. Screenshot with the results of quality assessment of decision tree models, logistic regression and neural network in the SAS 

Enterprize Miner package 
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Conclusions. This research paper demonstrates the practical implementation of the most common Data 

Mining technologies predict the results of e-sports matches, namely: decision trees, logistic regression, and neural 

network. According to the results of the study, it can be conclude that the best Data Mining technology that can be 

recommended for the practical implementation of the predictor of the results of e-sports matches is the technology 

of neural networks. The second in terms of forecasting quality is logistic regression. Based on the obtained models, 

real-time predictors can be built, which are able to provide players with information about what priorities should be 

during the game, for example, to change the strategy of the game in which they are defeated. 
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