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ABSTRACT 

 

PREDICTION OF LEAGUE OF LEGENDS DRAFT PICKS FOR COMPETITIVE 

MATCHES 

 

 

Alkım Karakurt 

Master of Science, Applied Data Science 

Supervisor: Assist. Prof. Dr. Ceyda Yazıcı 

Choose an item.  

 

July, 2021 

 

 

League of Legends is one of the biggest games in the professional e-sports industry, 

and it has been a data-driven field for a while. The mechanism of hero selections as to 

predict which characters will be selected or not in each selection is an important issue. 

In this study, the mechanism of hero selections in the game has been tried to be 

examined. Since champion selections are more prominent in competitive and 

professional matches, the selection rankings of all professional matches in 2020 were 

obtained by web-scraping methods. After that, the average in-game statistics of all 

champions were obtained from the Oracle Elixir database, and the two data sets were 

combined. Machine Learning models were used to analyze drafts. In this context, 

while the performance of the XGB model was higher for the first three selections, the 

NB model was ahead of the others for the last two selections. In order to increase the 

explanatory power of these models and to comment on the characters, Shapley values 
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were used.  Models were applied to the World Championship Tournament final in 

2020, and the selection probabilities of the champions played in those matches were 

calculated. Depending on this, these models can be applied for different tournaments 

and specific teams in the same year. It can help teams and players better analyze their 

opponents and their own choices.  

 

Keywords: League of Legends, Machine Learning, Classification, Shapley Values 
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ÖZET 

 

PROFESYONEL LEAGUE OF LEGENDS MAÇLARININ ŞAMPİYON 

SEÇİMLERİ TAHMİNİ 

 

 

Alkım Karakurt 

Master of Science, Uygulamalı Veri Bilimi 

Tez Yöneticisi: Dr. Öğr. Üyesi Ceyda Yazıcı 

 

 

Temmuz, 2021 

 

 

League of Legends, profesyonel e-spor endüstrisindeki en büyük oyunlardan biridir ve 

bir süredir veri odaklı bir alandır. LoL için şampiyon seçimleri sırasında hangi 

karakterlerin seçilip seçilmeyeceğini tahmin etme mekanizması önemli bir konudur. 

Bu çalışmada oyundaki kahraman seçimlerinin mekanizması incelenmeye 

çalışılmıştır. Şampiyon seçimleri rekabetçi ve profesyonel maçlarda daha fazla ön 

plana çıktığı için 2020 yılındaki tüm profesyonel maçların seçim sıralamaları web 

kazıma yöntemleri ile elde edilmiştir. Tüm şampiyonların ortalama oyun içi 

istatistikleri Oracle Elixir veri tabanından elde edilmiş ve iki veri seti birleştirilmiştir. 

Draftları analiz etmek için Makine Öğrenimi modelleri kullanılmıştır. Bu kapsamda 

XGB modelinin performansı ilk üç seçimde daha yüksek olurken, son iki seçimde NB 

modeli diğerlerinin önüne geçmiştir. Bu modellerin açıklama gücünü artırmak ve 

karakterler hakkında yorum yapabilmek için SHapley değerleri kullanılmıştır. 2020 
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Dünya Şampiyonası Turnuvası finaline modeller uygulanmış ve bu maçlarda oynanan 

şampiyonların seçim olasılıkları hesaplanmıştır. Buna bağlı olarak, bu modeller aynı 

yıl içinde farklı turnuvalar ve belirli takımlar için uygulanabilir. Takımların ve 

oyuncuların rakiplerini ve kendi seçimlerini daha iyi analiz etmelerine yardımcı 

olabilir. 

 

Anahtar Kelimeler: League of Legends, Makine Öğrenmesi, Sınıflandırma, Shapley 

Değerleri 
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CHAPTER 1 

 

INTRODUCTION 

 

Electronic-sports (e-sports, eSports) can be defined as competitive games in the digital 

area which are played by teams or individuals. These games have become more 

popular, and the sector started to overgrow in the last decade.  The worth of e-sports 

is $0.97 billion worldwide, and it is expected to reach 1.28 billion at the end of 2021 

(“E-Sports Global Market Report 2021: COVID-19 Growth and Change to 2030”, 

2021). In 2016, World's finals played in Staples Center in Los Angeles, and the match 

has more audience than NBA finals. One of the biggest prize pools in e-sports 

tournaments was 34.333 million U.S dollars that was the big final of the DOTA game 

in 2019 in the tournament “The International 2019”. 

The analysis of matches and teams in e-sports games becomes significantly essential 

every day, similar to other traditional sports. With the rapid improvement in this area, 

data and statistical techniques become a current issue, and then different applications 

of e-sports are conducted. The availability of data coming from virtual records of e-

sports matches has gained importance in e-sports analytics (Schubert et al., 2016). 

When the data availability is compared with the traditional sports, it is easier to obtain 

and analyze data in competitive e-sports because the data sources are primarily free 

and open source provided by a company of game or other organizations. 

There are many e-sports games, one of which is League of Legends (LoL), with many 

players. This game is one of the Multiplayer Online Battle Arena (MOBA) video 

games played in eleven different regions around the World by more than 90 

professional teams. LoL is played by two teams represented by blue and red colors in 

a predefined map. Here, the primary purpose of the teams is to destroy rivals' bases. 

Each team has five players, and every player control one character called a hero or 

champion. There are also different roles like a tank, healer, marksman, mage, etc. The 

main purpose of the LoL is to try to construct the best composition from available 
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champions and destroy the rivals. In LoL, there are three different lanes and one jungle 

for both sides of the map which is presented in the Figure 1.1. The lanes are categorized 

as the top lane, mid lane, and jungle which are defined as solo lanes in which there is 

only one player responsible from this lane. On the other hand, in bot lane, two-player 

plays together.  

 

Figure 1.1: Legaue of Legends Map 

1.1. Motivation  

The selection of champions for both red and blue teams is an essential issue in LoL. 

Even though there are more than 150 champions in LoL, most teams do not prefer all 

of them in competitive scenes because of their weaknesses. In the team-built phase, 

which is called a draft, each team has a chance to ban five champions and select five 

champions for them in turn. This selection process is presented in the Figure 1.2. Here, 

the Blue team first selected Graves and then the Red Team selected Ezreal in the first 

pick. Then, in the second pick the blue and red teams selected Ornn and Leona in the 

second pick, respectively. In the next pick, Orianna and Azir are selected by Blue and 

Red Teams, respectively. In the fourth pick, Red and Blue teams selected Ashe and 

Shen for their players. In the last pick, Pantheon and Wukong which cannot be seen in 

Figure 1.2., selected by Blue and Red Teams, respectively. 

When they finish the five picks, the Blue Team selected Graves, Ornn, Orianna, Ashe, 

Pantheon, and the red Team selected Ezreal, Leona, Azir, Shen and Wukong (cannot 
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seen in Figure 1.2) as the selected champions. Since 10 champions are selected, the 

rest of the 140 champions are classified as not-selected champions. Teams select 

champions in an ordered way. For example, Graves which is the first selected 

champion of blue team and selected by Nuguri in draft phase and Pantheon is the 

selected champion in the fifth pick of Blue team and selected by Beryl. Beryl and 

Nuguri are one of the players of these two teams and in this draft phase teams decide 

which champions are played by these players. In addition, third pick of Red Team is 

Azir, and it is selected by the player Angel. Because of those, coaches and analysts 

need to consider many combinations to construct their team composition. They need 

to try out-draft their rivals in this phase by creating better teams. The strong and weak 

champions may change due to updates in games. Thus, coaches need to adapt these 

updates to find better characters for their players. Moreover, players should focus on 

essential champions and improve their skills on these champions to give more 

opportunities to their coaches. 

 
Figure 1.2: Draft Phase of Worlds 2020 Finals 

In addition, in draft phases, a team should be aware of the future actions of their rivals, 

get prepared for them and give a better response because there is a counter pick issue 

in the game, and most characters have an opponent that is strong against them. 

Therefore, teams should be prepared for their rivals' counter picks at the competitive 

level to prevent dangerous champions from their game plan. In most of the biggest 

tournaments, well-prepared teams can win the game before players start to play with 
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their draft phases’ actions because they know their rivals better, and they can choose 

better and stronger champions for their game style and do not give counter pick chance. 

Although skills and a champion pool of players give some flexibility for teams in draft 

phases, better team composition is usually designed by well-prepared teams. If the 

most important factors can be explained for champion selections, teams can be well-

prepared before matches against their rivals' attitude in the draft phase. 

Even some people think that it is only a game, it is a developing sector, and there are 

professional players and teams. Players need to practice and improve themselves 

because they need to have better mechanical skills, equipped with management skills, 

understand the game, communicate with the team, use effective combos, and many 

other things. Even though some of the players do not show the importance of the 

properties of chosen characters in causal games, it is imperative in competitive ones. 

In addition, teams and organizations also need to improve themselves. The practical 

usage of available data can be helpful for them so that they can analyze their players 

and their style of game which help them to prevent making mistakes and improve 

themselves. Because of that, coach and analyst roles are also vital for teams. Although 

they cannot play the game, they can contribute to the teams' strategy before games. 

Besides in-game actions, there is a team–built part before every game.  It means that 

before the game starts, teams choose heroes to play for themselves mutually.  

Due to its popularity, many studies are conducted related to this game. Most of the 

studies, including this game, are predictions of the outcome of LoL matches. In 

addition, there are many applications for causal players to improve their games which 

mainly focus on increasing knowledge of players about the game and their style of 

play. Besides that, teams try to get an insight about matches by using the data that 

helps to fix the mistakes, which may help players improve themselves. 

The draft phase and predicting selected champions are very crucial for teams because 

they pick champions in an ordered way. If teams correctly predict their opponents' next 

picks, they can make more accurate picks during draft time. Because of that 

understanding the differences between pick orders for teams using different Machine 

Learning models can help to examine the draft phase of LoL. If teams predict rival’s 

champion selection, they can be prepared well before the match. Thus, it helps to take 
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an action about draft, and they can ban these champions or pick contra champions. 

With this way, teams might be able to get advantages. These advantages can be very 

useful to win matches, especially in big tournaments.  

The main purpose of this study is to obtain the probabilities of champion selection of 

each pick starting from the first to the fifth pick for individual champions using 

machine learning algorithms and try to understand the important factors for the 

selection of champions.  SHAPLEY values are used to obtain which variables 

contribute more to the selection of individual champions. 

This study includes 5 Chapters. Introduction is presented in the first Chapter and then 

second Chapter includes the Literature Review. Then, the methods used in this study 

is explained in the Chapter 3; while the next Chapter includes the explanation of the 

data and the application. The findings of the study is presented in the Chapter 5 and 

the last Chapter includes the conclusions and the further studies. 
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CHAPTER 2 

 

LITERATURE REVIEW 

 

Recently, the influence of data science on sports and its role in the development of the 

sector became a matter addressed through many approaches. Many studies have 

different perspectives by doing data-based studies in various sports fields, leading to 

many changes and developments in today's sports activities. After 2010, the number 

of sports-related studies, including Machine Learning (ML), increased (Horvat & Job, 

2020). Most of them aim to predict the outcome of matches with applications of neural 

network (NN) algorithms. For instance, Hucaljuk and Rakipović (2011) used several 

ML algorithms to predict the results of the Champions' League group stage games and 

achieved a maximum accuracy of 68.8% using the NN. In addition, Valero (2016) 

developed a model for Major League Baseball games outcome prediction. In this 

study, a 10-fold cross-validation procedure is used for different ML algorithms, 

including k-NN, Artificial NN (ANN), Decision Trees (DT), and Support Vector 

Machines (SVMs), and the best classification accuracies were obtained from SVM 

models.  

Moreover, classification models had better results than regression-based classification 

models. In another study, Lin et. al (2014) developed ML models to predict NBA 

matches' winners for the years 1991-1998. They showed that best results are coming 

from Random Forest (RF). However, when they divided each season between 

quartiles, Logistic Regression (LR) gave better results in the last quartile, showing that 

explaining outcomes for different times or phases can be explained with different ML 

models. In addition, Golden State Warriors matches between 2004 – 2018 were 

analyzed (Migliorati, 2020). In this study, a high-volume dataset that includes game 

statistics and box scores of matches was used.  The main aim of this study was to 

analyze what is the most critical variable to win games by using Classification and 

Regression Trees (CART) and RF. It was concluded that defense is one of the most 
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critical factors for Golden State Warriors and these models were helpful for coaching 

personnel for preparation. In addition, Jensen (2016) tried to detect which players have 

the most impact on the winning condition of their teams by using both box scores and 

player base statistics. This study showed that players do not increase the chance of 

winning for their teams compared to other team members and the difference between 

players can be observed clearly. Gramacy et al. (2013) also did a player base analysis 

for hockey and found that most of the players do not significantly differ from each 

other in case of contribution to scoring. They used LR to use National Hockey League 

data and argued that the difference between the highest-paid players and other players 

is not effectively worth their expenses for teams. Even they earn more than others, the 

difference between their success is not as high as expected. Pradier et al. (2016) studied 

marathon runners' performance based on their age, gender, and the environment with  

Bayesian nonparametric models. They tried to create a better scoring method for 

runners no matter what their age or gender is. , 

The use of data and data-related studies were also common in the e-sports area. For 

example, LoL, which is one of the major games in the e-sports sector, is also one of 

the most popular games that people do research. Most of the studies were related to 

the outcome of matches by using different methods. In addition, there were also some 

studies about the social effects of the game, players' type, and attributes. However, 

even though studies were focused on in-game metrics used in this research, there were 

not enough articles about a champion selection of teams in the literature. 

Victory prediction or outcomes of matches are critical topics for this area, similar to 

other sports. Different researchers are interested in this problem in different 

approaches. Firstly, Ani et al. (2019) tried to predict the outcome of matches by using 

ML algorithms like RF, Extreme Gradient Boosting (XGB), Adaboost, and Gradient 

Boosting. Their results proved that prediction of match results is reliable in LoL. Lin 

(2019) explained that using pre-match statistics like masteries, roles, spells, and 

champions, were not enough to predict the outcome of the matches. In this study, the 

Riot Games API was used to collect data, including many variables about casual 

games. However, models become more powerful when in-game metrics were 

included. Silva et al. (2018) tried to predict an outcome using Recurrent Neural 
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Networks (RNN). This study showed that first 0-5 minutes statistics have lower 

accuracy than 20-25 minutes. It was quite understandable because most of the matches 

take more than 20 minutes and even teams make mistakes in the first minutes. They 

had a chance to recover them in-game.  

Another critical feature of LoL was that the items are considered very complex for 

new players because they were numerous and have various effects. However, choosing 

the actual item for champions was very important for getting more assertive in-game, 

and it could be different in each match. Smit (2019) built an approach for item 

recommendation for players to increase their winning chance for the game. The data 

in this study was again collected from Riot developer API and they used ANN to 

achieve this. The most important part of this study was that their item recommender is 

not stable, changing between situations and suggesting items to teams to increase their 

winning chance.  

Oliveira et al. (2018) investigated whether team composition in LoL affects the game's 

result by using MinMax Tree Models and Linear Regression. This study showed that 

team composition is essential and can affect the game. It was essential because it 

showed why these champions were picked and the most important factors between the 

selection order of champions. There were also similar studies for DotA2, which is the 

same type of game in LoL. For instance, Agarwala (2014) studied how the winning 

rate depends on team draft composition for DotA2. Moreover, this study explained 

that prediction result for successful teams is better because these teams make strong 

and reasonable choices.  Summervile et al. (2016) predicted draft choices in DotA2 

and compared this result with the casters' prediction. In addition, it was showed that 

even champions have similar in-game qualifications, their order of pick selection can 

differ from each other. It could be related to team strategy like preventing contra pick 

situations.    
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CHAPTER 3 

 

METHODS 

 

This chapter summarizes the methods that are used in this study which consists of 

training a data with machine learning algorithms and then comparing the performances 

by using measures proposed for classification models. Six different ML models and 

five different performance measures are used to evaluate and compare the models.  

3.1. Logistic Regression (LR) 

Logistic Regression is a parametric model which is used to classify a categorical 

response. In order to model the categorical dependent variable when it has two classes, 

a binary variable is used to represent it in the modeling frame.  There is no limitation 

about the types of the predictors as categorical or continuous (James et al., 2013).  

The log-odds of probability of class which is represented with "1" to the other class 

(represented with "0") is modeled with an iterative process and the coefficients of the 

predictors are obtained. Similar to most classification models, the LR predicts the 

probabilities for each observation in a range of [0, 1]. With the help of a threshold, the 

observations below this value are assigned as the category "0"; while the others are 

classified as the class "1". The LR is applied in sports and many different areas. For 

example, (Prasetio & Harlili, 2016) tried to predict win or lose of football matches 

from Barclays’ Premier League season with this model. 

3.2.Naive Bayes (NB) 

Naïve Bayes is proposed for classification purposes by using Bayes' Theorem which 

strongly needs uncorrelated predictors. The model is also improved for prediction by 

Frank et al. (2000). This model calculates different probabilities from train data which 

are probability of each class and conditional probability of each class given the values 

of independent variables (Shobha & Rangaswamy, 2018).  
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Each classes' prior probabilities are calculated by the frequentist approach and then the 

conditional probabilities are obtained. Then, the posterior probabilities are predicted 

as an output. NB has a wide range of applications including text classification (Jiang 

et al. (2016), Schneider (2005)). 

3.3. Support Vector Machines (SVM) 

Support Vector Machines (SVMs) are one of the supervised ML models used for both 

classifications and regression analysis. Similar to the previous methods, the continuous 

and categorical predictors can be used. However, when it is used for classification 

purposes, the output is only the distinct classes without obtaining the probabilities. 

(James et al, 2013) 

SVMs construct hyperplanes in the predictor space to detect two separate groups of 

the response. It is also possible to use different kernels like linear, radial or polynomial 

to construct the best hyperplane which has the largest distance between both classes. 

Some of the applications of SVMs are health, energy image, spam filtering, malware 

detection and so on. For instance, (Ahmad et al., 2014) examines the building electrical 

energy estimation method using SVM. 

3.4. Decision Trees (DT)  

Decision Trees (DTs) are a tool that helps to make decisions by using tree structures 

which divides a single predictor into two distinct parts and then constructs a tree 

structure to make a prediction or classification (James et al., 2013). Continuous and 

categorical predictors can be used in this model. Some of the applications of DT are 

used in image classification, risk analysis, stock trading and agricultural. For instance, 

it is mainly studied as a particular classifier used to predict and classify agricultural 

data (Wu et al., 2009). 

Even though it is easy to interpret the tree-based visualization of the DT, the prediction 

accuracy is lower than most of the methods (James et al., 2013). In order to overcome 

this problem, ensemble methods such as Random Forest are proposed.  
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3.5. Random Forest (RF) 

Random Forest (RF) is a tree-based ensemble method used for both classification and 

prediction purposes (Breiman, 2001). First, bootstrap samples are selected from the 

data set and then a DT is constructed for each of the samples. Thus, the idea of RF is 

based on constructing multiple different numbers of DTs.   

However, in order to construct a model with decorrelated trees, not all, but a random 

sample of predictors are selected in each split. By taking an average of the predicted 

values obtained from bootstrap samples, predicted value is calculated. On the other 

hand, classified value is determined by applying majority vote.  Even it is not easy to 

interpret variables, predictive power is stronger than DT (James et al., 2013). RF 

algorithms are used in very different areas like remote sensing, image classifiers, stock 

market, sports, biology, and bioinformatics. For instance, random forest model were 

trained to classify stepping attitudes in their daily life from wrist-worn accelerometers 

(Pavey et al., 2017).  

3.6. Extreme Gradient Boosting (XGB) 

Extreme Gradient Boosting (XGB) is an advanced version of Gradient Boosting which 

is a very powerful algorithm for different types of variables. XGB is very powerful to 

control overfitting by using streamlined model formalization which has a basis on 

updating the weight of misclassified observations.  

One of the strongest properties of XGB is the model performance in which XGB 

proceeds repeatedly. Since it is another tree-based ensemble model, new trees are 

added to predict residuals or errors of prior trees. Then, results are combined with 

current trees to obtain the final prediction result, then it is decreased the error with 

adding new models. The XGB is applied different studies like sport, agriculture, 

banking sector and health. For example, (Shi et al., 2019) use XGB for classification 

of ECG heartbeat and use it for unbalanced dataset with different multiple classes. 

 

 



12 

 

3.7. Variable Importance and Shapley Values 

In order to make an interpretation to understand which variables are important for 

predicting the response, variable importance of predictors is needed. The variable 

importance of models calculated with two different ways one of which is related with 

how much Accuracy decreases if the associated predictor is excluded from the model. 

Secondly, the variable importance measure is focused on the amount of decrease in 

Gini Impurity1 after the related predictor is removed (Timofeev, 2004).  

On the other hand, Shapley values are used the understand that how variables 

contribute to prediction results of specific parts of the dataset. Shapley values were 

introduced by Lloyd Shapley (Shapley, 1953).  It is a game theory concept to 

understand which player has more effect on overall results. In this study SHAP values 

used for understanding which attitudes of champions contribute more to their results. 

Lots of different methods are proposed for helping users to analyze the results of 

complex models. SHAP (SHapley Additive ExPlanations) values separately focus on 

each feature and represent that how they effective to predict results (Lundberg & Lee, 

2017). For example, it is tried to understand the how characteristic of patients effects 

their surviving process from COVID-19. (Smith & Alvarez, 2021)  

The calculation of Shapley value is based on an average marginal contribution of a 

variable with all possible combinations across dataset (Molnar, 2020). For example, 

the contribution of the jungle variable is related to the coalition of other variables. So, 

when the Shapley value of jungle is calculated, we need two different champions; one 

is the jungle, and other is not. Then, it is simulated that their other variables have the 

same attribution, and based on that, marginal effect on being jungle can be calculated 

from difference between prediction of chosen probability. For finding Shapley value 

of jungle, this calculation is made by every different option of data repeatedly and it is 

helps to get better results.  

 

                                                           
1 Gini Impurity is a measure of the probability that a new sample of a random variable will be 

misclassified if a new sample is randomly classified based on the distribution of class labels in the 

dataset. 
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3.8. Performance Measures 

The constructed classification models in this study are evaluated concerning different 

performance measures: Area under Receiver Operating Characteristic Curve (AUC), 

Sensitivity, Specificity, F1 Score, and Accuracy explained in detail below.    

 Area under Receiver Operating Characteristic Curve (AUC) is one of the 

most critical performance measures for classification models, which is 

calculated by using ROC. ROC explains the probability curve of the model, 

and AUC represents the area under this curve. In order to display how the 

model is able to distinguish the distinct classes, AUC is used to show the 

degree or measure of separability. Higher AUC values mean that model is 

better to predict classes correctly. 

 

 Sensitivity represents the True Positive rate for predicted and observed data set. 

It is calculated by the proportion of positives that are correctly predicted. 

Higher sensitivity values imply that the model is powerful for predicting "1" s 

as "1" (positive class of binary variable). 

 Specificity represents the True Negative rate for predicted and observed data, 

which focuses on the proportion of negative values that the model correctly 

predicts. Higher specificity values represent that model can predict the negative 

classes accurately as negative. 

 

 F Score combines the recall and precision of the model. Recall explains that 

the proportion of positive outcomes is truly predicted, and precision means that 

positive identifications are actually correct. A high F1 score means that the 

model has low false negative and false positive costs. Thus, the F1 score can 

better measure the performance in imbalanced data sets. Even the model 

correctly predicts one class of dependent variable. The F1 score also focuses 

on negatively predicted classes. 

 

 Accuracy represents how the model indeed predicts values without concerning 

being negative or positive. Accuracy is determined by the ratio of correctly 
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classified positive and negative classes overall.  However, when the response 

is imbalanced, accuracy scores can cause bias for understanding the model's 

performance.  High accuracy values mean that difference between the 

predicted and actual values is smaller.   

 

 Stability compares both performance of train and test dataset for 

measurements. (Altinok, Karagoz, & Batmaz, 2021). The stability values 

closed to 1 is better for stability of model. Stability shows that how model 

stable for different subset of data. 
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CHAPTER 4 

 

DATA AND APPLICATIONS 

 

The data set used in this study, its’ variables and the collection process are introduced 

in this Chapter. Moreover, the applications of the models constructed are also 

explained in detail here. 

4.1. Data Collection 

The data set used in this study comes from competitive League of Legends (LoL) 

matches played with professional teams during league season or pre-season. It also 

includes variables related to global tournaments such as Worlds and Mid-Season 

Invitational. It is hard to analyze solo queue performance because, in solo queues 

representing casual games, choices are mostly independent. After all, players do not 

aim to construct the best team, considering as individuals in casual matches.  

Due to the reasons mentioned, it is needed to study with data from professional 

matches to understand the draft phase efficiently. One of the data sources is Oracle's 

Elixir which includes detailed information about professional league matches at an 

individual level. When this data set is collected, there were 6,500 professional matches 

for the year 2020. Because each e-sports team includes 5 professional players, we have 

10 different player information for each match. Moreover, there is a total of 65,000 

observations in the data set with 70 variables. It is important for this study because it 

shows the champions' in-game statistics in e-sports matches which can be helpful to 

understand the in-game success of champions and its effect. Because of META2 in 

MOBA games, this study does not focus on different years besides 2020. Even though 

there is a banning order of champions, there is no pick order for these matches.  

                                                           
2 META is changed during time by updating game. META represent the strong champions and items in 

the current situation of game. 
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Understanding the draft phase and the order of champions selection is very important 

because players can change champions between each other. It gives them the flexibility 

to choose different roles without structure. The order of champions selection also can 

represent the strategy of teams. Besides, in champions’ selection, teams react to each 

other picks similar to contra-picks. Because of that, they can choose their champions 

with different attitudes between different draft phases. There is no structured data 

source that gives us the order of draft picks in professional matches. However, in the 

LoL section of the Gamepedia website, which is the biggest wiki platform on the 

internet for video games, detailed information of professional LoL matches can be 

obtained. This part of the Gamepedia website is called Leaguepedia, and there is the 

historical and actual data source for professional matches.  

The second data set is created by Leaguepedia with the help of web-scraping tools with 

R (Team, 2013). All professional e-sports matches in 2019, which have ban-pick order 

information, are collected from different 22 leagues, 2 tournaments by using the 

packages xml2 (Wickham, Hester, & Ooms, 2020), rvest (Wickham, 2020), and 

lubridate (Grolemund & Wickham, 2011). In Leaguepedia, each league has its section, 

and it includes different splits and academy leagues. For all of them, some tables 

represent the draft phase of all matches. The second data set is collected by these tables 

separately and then merged with the web-scrapping packages mentioned before. In 

addition, it is thought that champions' base statistics can be vital when they are chosen 

because META can be dependent on them. Again, from Leaguepedia, champion-based 

variables such as Health Point, Movement Speed, Attack Damage, etc., are collected. 

However, the base statistics may change with an update in the game. Because of that, 

it is changed to an average of these statistics from available ones. Some of the 

information about patches are not here because some changes are negligible and may 

not affect every champion's statistic. These changes are mostly related to the balance 

of the game. When some champions or roles are getting more potent than others barely, 

developers try to balance them to increase competitiveness and the opportunities to 

construct the best team composition. Otherwise, there are not good enough options to 

build up different teams. Even though RIOT Games can try to this, it is not easy to 

find a balance for the game. In every season, some champions and roles get more 

critical than others. Because of that, these statistics can be essential to choose 
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champions for teams. That is why champions' base statistics will be used in analysis 

which is important to choose champions in future steps.  

4.2. Pre-Processing          

Oracle's Elixir data set includes many variables and some of them are related to an 

entire team, like getting the first baron, first tower, and some variables nearly represent 

the same things as earned gold per minute, earned gold share, and total earned gold. It 

is also the same with different game metrics like killed minions, assist, vision score, 

etc. Champions' average in-game statistics metrics are collected from this raw data set 

because it aims to understand that there is a difference between picked champions and 

not picked champions on average besides player skills or team skills. All average 

statistics are calculated for all different pick orders. The variables from this data set 

with their descriptions are presented in the Table 4.1. 

Then, how much time champions are picked for different orders are obtained from the 

second data source. Without separating the blue and red teams, it is focused that the 

champion is selected as the first choice of teams or not. Because of the draft structure 

in the LoL matches, teams are choosing two champions simultaneously in some 

phases. Therefore, the raw data set has variables that include two champions, and it is 

separated into two different variables for analysis.  

The missing observations may occur because teams do not prefer to ban champions or 

are not collected from matches. That is why there is some missing information in the 

raw data set, and it is checked from video recordings of games and imputed. Only two 

of the missing observations from the academy league were not eligible and excluded 

from the raw data set. After that, two data sets are merged so that the overall data set 

includes all average statistics for each champion picked in every single match. It is 

realized that one champion in the game is recorded as two different names: “Nunu and 

Nunu” and “Williamp”. Then, it is changed as “Nunu”, and this problem is solved. 

Then, this data set is merged with their base statistics and the data set is completed.  
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Table 4.1: The Variables and Their Explanations 

Variable Explanation 

Champion Champion name 

Average Assists Average assist of champion during all match 

AD Attack damage of champion at the beginning of game 

Armor Armor rate of champion at the beginning of game 

AS Attack speed of champion at the beginning of game 

Average CS diff at 10 
The difference between killed minions between two 

champions in 10 minutes, in average 

Average Damage Average damage of champion during all match 

Average Damage 

Mitigated  

per minute  

The value of decreased opponent damages by 

champion 

Average Damage Share The damage share of champions for its team 

Average Death Average he death of champion during all match 

Average Earned Gold 

Share 

The proportion of earned gold by team at the end of 

the game 

Average Gold Diff at 10 
The average gold difference between champion and 

its opponent at 10 minutes of game 

Average Wards Placed Average number of wards placed by champion 

Average XP Diff at 10 
The average experience difference between 

champion and its opponent at 10 minutes of game 

HP Health of champion at the beginning of game 

MP 
Magic penetration of champion at the beginning of 

game 

MR 
Magic resistance of champion at the beginning of 

game 

MS 
Movement speed of champion at the beginning of 

game 

Range 
Basic attack range of champion at the beginning of 

game 

 

Before the model construction of individual champions' selection probability for 

different phases, 5 different variables are created to represent whether the champion is 

selected at the associated phase or not. These new binary variables are used as an 

output at each stage. For example, the first output represents that the champion is 

selected at a first pick or not. In this case, some of them are not chosen as the first pick, 

but some champions are selected a few times. Because of that, the threshold of 

deciding these champions are rated as chosen ones or not changes between pick order. 

The Table 4.2 shows the thresholds of different output variables. For instance, the 
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champions selected less than 5 are classified as non-champions and the others are 

classified as champions in the first pick. 

Table 4.2: The Threshold Value of Chosen or Not and Percentages of Selected 

Champions 

Pick 

Threshold of Chosen or 

Not 

Percentages 

(Selected) 

1 4 0.5473 

2 10 0.5473 

3 20 0.5676 

4 20 0.6959 

5 15 0.6554 

 

4.3. Applications 

The ML methods explained in Chapter 3 are used in the LoL data set with the R 

programming language (Team, 2013). Firstly, the readr package (Wickham & Hester, 

readr: Read Rectangular Text Data, 2020) is used to import the text data set. In 

addition, the dplyr package (Wickham et al., 2021) is applied for many different data 

processes in this study. In order to split data as train and test, the caTools package 

(Tuszynski, 2020) is used. Moreover, caret (Kuhn, 2020), which is one of the powerful 

packages for classification and regression training in R, is used for the application of 

10-fold cross-validation and to train models. Besides that, confusion matrixes are also 

constructed by using this package. In addition, other performance measures such as 

the ROC curve, AUC, and F Score are calculated by using ROCR (Sing et al., 2005), 

AUC (Ballings & Poel, 2013), and MLmetrics (Yan, 2016) packages. Finally, 

thresholds are defined differently from their default version, and to obtain the best 

threshold, InformationValue (Prabhakaran, 2016) package is used on the predicted 

values.  

As it is mentioned before, six different ML algorithms are used in this study. Firstly, 

LR models are built using the base R. Secondly, DT models are constructed with the 

tree package (Ripley, 2019), and then randomForest (Wiener, 2002) is applied to build 

RF. Moreover, the e1071 package is used (Meyer et al., 2019) to obtain classified 
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values of SVM. Finally, to construct XGB, xgboost (Chen, et al., 2021) is applied and 

naivebayes (Majka, 2019) are used for Naive Bayes.  

Before the model construction, all continuous variables are standardized in train data 

set and, by using the mean and standard deviation values of train data set, test dataset 

is also standardized. Then the models are constructed on train data set and tested with 

test data. When the models are constructed, hyperparameter tuning is used to find 

optimal parameters for the models RF and XGB. In RF, mtry and number of tree 

parameters are optimized. Then, max_depth, eta, nround and colsample_bytree 

parameters of XGB models are decided based on hyperparameter tuning results. 
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CHAPTER 5 

 

                                           FINDINGS 

 

This Chapter includes the comparison of the performances of the models for each of 

the five picks. In the first section, the result of the Clustering is given in order to check 

whether the champions and others are grouped in different clusters or not.  In addition, 

the variable importance metrics of models change between selections. The probability 

of selections for champions differs between picks.  

5.1. Clustering 

Before constructing the models, it should be better to check if there is any more 

straightforward way to explain the data set. In order to understand that data already 

have two different groups in terms of champion selection, k-means clustering method 

is used for each pick. The Table 5.3 represents how k-means clustering divide data into 

2 subgroups. 

Table 5.3: The Confusion Matrix of Clustering in the First Pick 

  Actual 

  

Not-Chosen 

Champions 

Chosen 

Champions 

Clustered 

Not-Chosen 

Champions 37 (25%) 38 (26%) 

Chosen Champions 30 (20%) 43 (29%) 

 

In the Table 5.3 the numbers represent the frequencies, while the values in the 

parentheses represent the percentages. For instance, 37 of the not-chosen champions 

are clustered as the not-chosen champions which is the 25% of the overall players. 

For first pick clustering results, it is not powerful to explain chosen or not chosen 

champions with this method. The numbers as clustered and actual values differ from   

each other, and true prediction rate is very low.  
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Table 5.4: The Confusion Matrix of Clustering in the Second Pick 

  Actual 

  

Not-Chosen 

Champions 

Chosen 

Champions 

Clustered 

Not-Chosen 

Champions 26 (18%) 34 (23%) 

Chosen Champions 41 (28%) 47 (32%) 

 

The results of k-means clustering is presented in the Table 5.4 For the second pick, the 

total percentage of truly clustered values are getting lower compared with the first pick 

results.  The clustering is also not a powerful method in this pick.  

Table 5.5: The Confusion Matrix of Clustering in the Third Pick 

  Actual 

  

Not-Chosen 

Champions 

Chosen 

Champions 

Clustered 

Not-Chosen 

Champions 20 (14%) 32 (22%) 

Chosen Champions 44 (30%) 52 (35%) 

 

In third pick clustering results in the Table 5.5, it is seen that, actual values and the 

clustered values are not consistent.  The k-mean clustering is not useful to analyze 

drafts of the third pick. 

Table 5.6: The Confusion Matrix of Clustering in the Fourth and Fifth Pick 

  Actual 

 

 

Not-Chosen 

Champions 

Chosen 

Champions 

Clustered 

Not-Chosen 

Champions 22 (15%) 50 (34%) 

Chosen Champions 23 (16%) 53 (36%) 

 

Since the 4th and 5th pick clustering results are the same, they are presented in the same 

Table 5.6 Similar to the previous results, the clustering is not able to group the chosen 

and not-chosen champions together. 
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It can be mentioned that k-means clustering is not an efficient way to understand the 

difference between selected champions and others. Then, it is needed to apply 

classification models, which are explained in the Chapter 3. 

5.2.Findings 

The evaluation and comparison of the models constructed for each pick is made using 

six performance measures: Accuracy, Sensitivity, Specificity, F Score, AUC, and 

Stability. Here, Sensitivity measures the proportion of correctly identified champions, 

while specificity measures the ratio of non-champions that are correctly identified. 

Accuracy is used to indicate the correctly classified champions and non-champions, 

whereas AUC is a measure used to compare the models' accuracy values by using 

Receiver Operating Characteristic Curve. On the other hand, an F score is preferred in 

imbalanced picks. The last measure, stability, shows the performance of the models in 

train and test sets in comparison with respect to the associated measure.  They are 

calculated for all five picks separately for train, test, and stability. Here, the higher 

values of all measures indicate a better model, and the higher value of stability shows 

a more stable model. In addition to them, the threshold values are also included for the 

LR, RF, XGB, and DT models. The train, test, and stability performances are 

interpreted; however, the last two (test and stability) are considered since they show 

how the model performs on an unseen data set and stability between train and test 

when making a final decision. The comparisons are made with absolute values. 

 

5.2.1. Findings of the First Pick 

The performance measures obtained from train and test sets are presented in Table 5.7 

The columns here present the measures obtained from each ML model with the 

threshold value, while the rows represent the performance measures.  
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Table 5.7: Performance Measures Obtained from the First Pick 

*is an indicator for the best model with respect to the related measure 

In the train data set, 

 Even though the thresholds used are different for all of the models, LR and 

RF have relatively closer values.  

 It is clear that XGB overperforms the other models in which all measures 

are almost equal to one, which implies that XGB is the best in terms of 

detecting champions and not-chosen champions that are correctly 

identified individually and together.  

 When only tree-based models are compared, DT also has better 

performance after XGB unexpectedly, even better than RF.  

In the test set,  

TRAIN 

  LR DT RF XGB SVM NB 

Threshold 0.4162 0.2000 0.4400 0.1397 - - 

Accuracy 0.7563 0.8067 0.6722 0.9916* 0.7311 0.7479 

Sensitivity 0.6111 0.6852 0.6415 1.0000* 0.7037 0.6611 

Spesificity 0.8769 0.9077 0.6969 1.0000* 0.7538 0.8615 

F Score 0.8393 0.8834 0.6355 1.0000* 0.7279 0.8218 

AUC 0.7440 0.7900 1.0000* 0.9900 0.7287 0.7363 

TEST 

  LR DT RF XGB SVM NB 

Threshold 0.4162 0.2400 0.4400 0.1397 - - 

Accuracy 0.7241 0.6897 0.6552 0.7586* 0.7586* 0.6207 

Sensitivity 0.6154 0.6923 0.5385 0.4615 0.7692* 0.6154 

Spesificity 0.8125 0.6875 0.7500 1.0000* 0.7500 0.6250 

F Score 0.7675 0.6644 0.6885 1.0000* 0.7317 0.5970 

AUC 0.7139 0.6899 0.6442 0.7307 0.7597* 0.6201 

STABILITY 

  LR DT RF XGB SVM NB 

Accuracy 0.9574 0.8550 0.9747* 0.7650 0.9637 0.8299 

Sensitivity 0.9930* 0.9897 0.8394 0.4615 0.9148 0.9309 

Spesificity 0.9266 0.7574 0.9292 1.0000* 0.9950 0.7255 

F Score 0.9145 0.7521 0.9230 1.0000* 0.9948 0.7265 

AUC 0.9595* 0.8733 0.6442 0.7381 0.9592 0.8422 
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 SVM and XGB have better performance than others. XGB has lower sensitivity 

measures, while SVM is worse than XGB in terms of F1 and specificity.   

 On the other hand, SVM is also slightly better than XGB in terms of AUC, but 

it is not enough to conclude with SVM because XGB is better in Specificity 

and F1 Score.  

 In the first pick, the response variable is balanced, so the correctly classified 

cases in terms of Accuracy can be interpreted as equal performance for both 

models mentioned. 

In the stability,   

 For stability, LR and RF have better scores in terms of Accuracy and 

Sensitivity, respectively.  

 XGB produces a more stable model in Specificity and F1 score, which are 

same as both train and test sets.  

 On the other hand, SVM and LR are better at AUC in terms of stability.  

In the light of this information, even though the XGB and SVM have similar 

performances, XGB is selected as a final model since it produces the probabilities. 

Thus, understanding the difference between chosen champions at first pick for teams 

should be analyzed using the XGB model.  

5.2.2. Findings of the Second Pick 

The second pick represents champions that are selected in second order by teams. 

The same models, namely LR, DT, RF, XGB, SVM, and NB, are also constructed for 

this pick. The performance measures obtained from these models are presented in 

Table 5.8. 
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Table 5.8: Performance Measures Obtained from the Second Pick 

TRAIN 

  LR DT RF XGB SVM NB 

Threshold 0.4400 0.2100 0.4300 0.1393 - - 

Accuracy 0.7059 0.8908 0.6050 1.0000* 0.9412 0.7647 

Sensitivity 0.5185 0.8333 0.5714 1.0000* 0.9074 0.5926 

Spesificity 0.8662 0.9385 0.6285 1.0000* 0.9692 0.9077 

F Score 0.8057 0.9283 0.5436 1.0000* 0.9650 0.8736 

AUC 0.6900 0.8858 1.0000* 1.0000* 0.9383 0.7500 

TEST 

  LR DT RF XGB SVM NB 

Threshold 0.4400 0.2100 0.4300 0.1393 - - 

Accuracy 0.8966* 0.8276 0.8276 0.7586 0.7586 0.7586 

Sensitivity 0.9231* 0.8462 0.6923 0.5385 0.8462 0.7692 

Spesificity 0.8750 0.8125 0.9375 1.0000* 0.6875 0.7500 

F Score 0.8659 0.7988 0.9183 1.0000* 0.6875 0.7317 

AUC 0.9000* 0.8293 0.8149 0.7692 0.7668 0.7596 

STABILITY 

  LR DT RF XGB SVM NB 

Accuracy 0.7873 0.9291 0.7310 0.7586 0.8060 0.9920* 

Sensitivity 0.5617 0.9848* 0.8254 0.5385 0.9326 0.7704 

Spesificity 0.9899 0.8657 0.6704 1.0000* 0.7093 0.8263 

F Score 0.9305 0.8605 0.5920 1.0000* 0.7124 0.8376 

AUC 0.7667 0.9362 0.8149 0.7692 0.8172 0.9874* 
*is an indicator for the best model with respect to the related measure 

In the train set, 

 XGB overperforms all other models in the second pick with the lowest 

threshold value, while RF has the same AUC. 

 The SVM and DT models improved their performance compared with the first 

pick measures, but the performance of these models is not close to XGB. 

 Obviously, RF and LR have the lowest performance than others. Again, DT 

overperforms RF, which is not usually expected. 

In the test set,  
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 LR has better performance than its train results. In addition, this model 

overperforms others to detect the champions and non-champions that are 

correctly identified, individually and together. 

 XGB has comparable performance for Specificity and F Score with train 

performance values. Moreover, it has better results than others in terms of these 

measurements. 

 RF and DT have almost the same Accuracy and AUC values, which indicate 

that these models have similar performances in terms of true classification 

values. On the other hand, RF overperforms DT in detecting non-selected 

champions, while DT is better in detecting champions. 

In the stability,  

 Although LR has good test performance, its stability performance is not the 

best one. 

 In terms of correct classification, NB produces the most stable models. 

 Because XGB has equal Specificity and F Score values for test and train, it has 

the highest stability performance. 

 When the ability of detecting champions that are correctly identified is 

considered, DT is the most stable model.  

When this information is considered, it can be concluded that LR is not a stable model 

for the second pick. It is not suitable for this study because this study should be used 

for diverse parts of different data sets. For example, teams want to use these models to 

understand the specific time phase for preparing specific tournaments' matches. 

On the other hand, XGB provides more substantial results for Specificity and F Score, 

because of that for the second pick again XGB is selected as the best model. 

5.2.3. Findings of the Third Pick 

In the third pick, the proportions of chosen and not chosen champions are 0.43 and 

0.57, respectively. After an increase in pick order, there is also an increase in the 

proportion of chosen champions. Table 5.9 represents the performance measures of 

models in terms of train, test, and stability. After every pick, the models are constructed 

with more imbalanced data sets. 
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Table 5.9: Performance Measures Obtained from the Third Pick 

TRAIN 

  LR DT RF XGB SVM NB 

Threshold 0.4240 0.2100 0.3900 0.49 - - 

Accuracy 0.7288 0.9153 0.6101 1.0000* 0.7627 0.8814 

Sensitivity 0.4902 0.8627 0.5641 1.0000* 0.6471 0.7451 

Spesificity 0.9104 0.9552 0.6329 1.0000* 0.8507 0.9851 

F Score 0.8553 0.9456 0.4888 1.0000* 0.8069 0.9796 

AUC 0.7003 0.9089 1.0000* 1.0000* 0.7489 0.8650 

TEST 

  LR DT RF XGB SVM NB 

Threshold 0.4240 0.2100 0.3900 0.49 - - 

Accuracy 0.4667 0.7000 0.7333* 0.8* 0.5000 0.7333* 

Sensitivity 0.5385* 0.3846 0.3846 0.5694* 0.5385* 0.3846 

Spesificity 0.4118 0.9412 1.0000* 1.0000* 0.4706 1.0000* 

F Score 0.4117 0.8839 1.0000* 1.0000* 0.4534 1.0000* 

AUC 0.4751 0.6628 0.6923* 0.7692* 0.5045 0.6923* 

STABILITY 

  LR DT RF XGB SVM NB 

Accuracy 0.6404 0.7648 0.8320* 0.8 0.6556 0.8320* 

Sensitivity 0.9103* 0.4458 0.6818 0.5395 0.8322 0.5162 

Spesificity 0.4523 0.9853 0.6329 1.0000* 0.5532 0.9851 

F Score 0.4814 0.9348 0.4888 1.0000* 0.5619 0.9796 

AUC 0.6784 0.7292 0.6923 0.7692 0.6737 0.8003* 
*is an indicator for the best model with respect to the related measure 

In the train data set, 

 Again, XGB has outperformed every other model with the lowest threshold 

value. All performance measures of this model are equal to 1. 

 After XGB, DT has better performance for Accuracy, Sensitivity, and AUC.  

 In addition, NB performance increases with a rise in pick orders, and after XGB 

and DT, NB has better performance. Moreover, the Specificity and F Score 

values are better than DT and very close to XGB.  

In the test data, 

 The Accuracy of XGB in this pick is the highest value until this pick. In 

addition, XGB has have higher performance than other models in all 

measurements. 
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 RF, and NB have the same performance for most of the measures, excluding 

Sensitivity. When the ability to detect champions that are correctly identified 

is investigated, LR and SVM have the second-best performance. 

 Even XGB has a better performance compared to other picks, other models' 

performances are decreased. 

In the stability, 

 RF and NB are the most stable models for the true classification rates of 

champions and non-champions. 

 XGB again has better stability results in Specificity and F score because of 

equal values in test and train data sets. 

 LR is the most stable model in terms of Sensitivity.  

 Lastly, NB can be considered as the most stable model for most of the 

measures. 

For the third pick model selection, XGB and NB have similar values in test and 

stability. Since XGB produces variable importance value while the NB does not, XGB 

is preferred in the third pick selection. 

5.2.4. Findings of the Fourth Pick 

The fourth pick represents the firstly selected champions after the second ban phase. 

The same models, namely LR, DT, RF, XGB, SVM, and NB, are also constructed for 

this pick. The performance measures obtained from these models are presented in 

Table 5.10. 

In the fourth pick, the proportions of selected and not selected champions are 0.7 and 

0.3, respectively. The data become more imbalanced as the selection order increases.  
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Table 5.10: Performance Measures Obtained from the Fourth Pick 

TRAIN 

  LR DT RF XGB SVM NB 

Threshold 0.4886 0.2100 0.3600 0.1294 - - 

Accuracy 0.8305 0.8559 0.7881 1.0000* 0.7712 0.8220 

Sensitivity 0.5556 0.6389 0.7391 1.0000* 0.2777 0.4722 

Spesificity 0.9512 0.9512 0.8000 1.0000* 0.9878 0.9756 

F Score 0.8883 0.8987 0.5762 1.0000* 0.9468 0.9334 

AUC 0.7533 0.7950 1.0000 1.0000* 0.6327 0.7239 

TEST 

  LR DT RF XGB SVM NB 

Threshold 0.4886 0.2100 0.3600 0.1294 - - 

Accuracy 0.4667 0.5333 0.7333 0.7667* 0.7333 0.7667* 

Sensitivity 0.5556* 0.2200 0.1111 0.3333 0.4444 0.3330 

Spesificity 0.4286 0.6600 1.0000* 0.9524 0.8571 0.9524 

F Score 0.3488 0.3300 1.0000* 0.8391 0.6857 0.8391 

AUC 0.4920 0.4400 0.5550 0.6428 0.6507* 0.6428 

STABILITY 

  LR DT RF XGB SVM NB 

Accuracy 0.5620 0.6231 0.9305 0.7667 0.9509* 0.9327 

Sensitivity 1.0000* 0.3443 0.1503 0.3333 0.6249 0.7052 

Spesificity 0.4506 0.6939 0.8000 0.9524 0.8677 0.9762* 

F Score 0.3927 0.3672 0.5762 0.8391 0.7242 0.8990* 

AUC 0.6531 0.5535 0.5550 0.6428 0.9723* 0.8880 
*is an indicator for the best model with respect to the related measure 

In the train data set, 

 XGB, which has the lowest threshold value, overperforms the other models in 

all performance measures. 

 NB is the second-best model in terms of specificity and F Score, whereas DT 

is better in Accuracy and AUC scores after XGB.  

In test data, 

 XGB and NB have the same performances for all of the measures.  

 Even though LR has poor scores for all metrics, it has higher performance in 

Sensitivity. For other models, sensitivity performances are deficient. 
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 RF has the best specificity and F Score equal to 1, while XGB has the same 

performance in the previous picks. Moreover, NB and XGB have the same 

performances for all of the measures. 

 

In stability, 

 Even XGB has the same performance as NB in test data there is a difference in 

their stability, especially in Sensitivity.  

 NB has better Specificity and F Score. However, even though SVM has the 

best stability performance for Accuracy and AUC, the difference between NB 

is slight. NB can be considered the second stable model for Accuracy.  

 Lastly, LR is the most stable model in terms of Sensitivity since the values are 

almost the same in train and test. 

In the decision, test results and stability measures are more critical than train values. 

Even XGB has the best results in the train dataset, NB and XGB have equal 

performance for test data. In addition, RF is also a powerful model for the 4th pick 

compared to other models. However, because of lower stability for RF and XGB, the 

NB model should be used to analyze the 4th pick analysis. 

5.2.5.  Findings of the Fifth Pick 

The fifth pick represents the last pick for both teams. The same models, namely LR, 

DT, RF, XGB, SVM, and NB, are also constructed for this pick. The performance 

measures obtained from these models are presented in Table 5.11. 

The selected champion of 5th pick data has a 0.66 proportion overall, and not chosen 

champions have a proportion of 0.34. Even though the data is still imbalanced, the 

difference in proportions between selected and not selected champions is lower than 

the one in the 4th pick.  
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Table 5.11: Performance Measures Obtained from the Fifth Pick 

TRAIN 

  LR DT RF XGB SVM NB 

Threshold 0.5300 0.0833 0.3800 0.1193 - - 

Accuracy 0.8235 0.8235 0.7049 1.0000* 0.7563 0.7983 

Sensitivity 0.6585 0.9872 0.6428 1.0000* 0.4390 0.4146 

Spesificity 0.9103 0.9545 0.7472 1.0000* 0.9231 1.0000* 

F Score 0.8482 0.9705 0.5217 1.0000* 0.8275 1.0000* 

AUC 0.7843 0.7476 1.0000* 1.0000* 0.6810 0.7073 

TEST 

  LR DT RF XGB SVM NB 

Threshold 0.5300 0.0833 0.3800 0.1193 - - 

Accuracy 0.7241 0.6552 0.7241 0.7586 0.6897 0.7931* 

Sensitivity 0.7000* 0.1000 0.3000 0.3000 0.7000* 0.4000 

Spesificity 0.7368 0.9474 0.9474 1.0000* 0.6842 1.0000* 

F Score 0.6511 0.6545 0.8372 1.0000* 0.6026 1.0000* 

AUC 0.7184* 0.5236 0.6236 0.6500 0.6921 0.7000 

STABILITY 

  LR DT RF XGB SVM NB 

Accuracy 0.8793 0.7956 0.9735 0.7586 0.9119 0.9935* 

Sensitivity 0.9407 0.1013 0.4667 0.3000 0.6271 0.9648* 

Spesificity 0.8094 0.9926 0.7887 1.0000* 0.7412 1.0000* 

F Score 0.7676 0.6744 0.6231 1.0000* 0.7282 1.0000* 

AUC 0.9160 0.7004 0.6236 0.6500 0.9840 0.9897* 
*is an indicator for the best model with respect to the related measure 

 For train data set, 

 The difference between performance measures of models is lower in the 5th 

pick. However, XGB has the best values in all performance measures, while 

DT is competitive with XGB. 

 For Accuracy and AUC, LR and DT have the second-best results. In addition 

to that, the performance of DT is improved compared to other picks.  

 In addition, NB has similar values with XGB in terms of Specificity and F 

Score.  

In the test data set, 

 NB has the best performance for Accuracy and AUC, and the first measure has 

the highest value for NB if compared with other picks.  
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 For Sensitivity, LR and SVM have similar performances, and other models are 

not close to these ones.  

 XGB and NB have the highest and equal values for Specificity and F1 Score. 

In stability, 

 For the stability performance of models, NB dominates all other models with 

all performance measures.  

 However, XGB has equal values in Specificity and F1 Score similar to other 

train and test results.  

For 5th pick model selection; LR, NB, and XGB can be considered. Quade test is used 

to investigate whether there is any statistical difference for these predicted pick 

probabilities of the models. Quade test is statistically significant if the p-value is lower 

than 5% significance level. It means that there is a difference between these three 

models' probability outcomes. After that Posthoc Quade test is applied to apply 

pairwise comparisons, Table 5.12 shows the p-values of the Posthoc Quade test results. 

If the p-values are smaller than 0.05, it can be concluded that there is a difference 

between these two models. According to Table 12, it can be understood that NB and 

LR models are significantly different, but the other pairs have similar performances. 

Since NB has better stability and test performances, the NB model can be chosen to 

analyze 5th champion picks. 

Table 5.12: P-Values of the Post Hoc Quade Test Results 

 NB Probabilities XGB Probabilities 

XGB Probabilities 0.501 - 

LR Probabilities 0.0086 0.2742 

 

5.3.Variable Importance of the Models 

In this section, the variable importance of models are explained. It is essential for this 

study to demonstrate which variable contributes more to the selection of champions. 

After understanding the important variables, teams or players can select champions 
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more effectively. On the other hand, if it is applied for specific teams, they can realize 

what are the most influential metrics to choose champions. The best ML model decided 

in the previous section for each pick is used to visualize the variable importance. 

Hence, there will be 5 variable importance graphs to explain all draft mechanisms. 

However, calculating variable importance for the Naïve Bayes model is not possible, 

so the variable importance of 4th and 5th models are visualized by using the second-

best model in these picks. The importance of each variable has a value in [0, 1] which 

shows a more important variable with a higher value. 

The importance of the predictors used in the XGB in the first pick is presented in the 

Figure 5.3. According to it, the "average_csdiffat10", which shows the creep score 

difference between the two-player is the second important variable for this model. It 

is crucial for the first pick selection because the team usually tries to choose one of the 

strongest champions in the game. Increasing creep score difference with rivals is based 

on how far champion gets ahead of its competitors. With a higher creep score, the 

player can have a more elevated experience difference and, in this graph, 

avg_xpdiffat10 is third most important variable. The first important variable is the 

assist of champions. average_assists is important variable in first pick and players can 

Figure 5.3: The Variable Importance of the XGB in the First Pick 
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get assists if they damage the opponents before they are killed. Even it gives 

champions lower gold, it is again very good for players to be stronger. It is also 

showing that how champion get involved in team game and fights. In competitive 

matches, players have lower death ratio than casual games. When their rivals kill 

players, they lose experiences and gold while the enemies get more gold. Because of 

that, lower values for that variable are significant for being selected. If there are weak 

champions, the rival can manipulate this situation and benefit their teams. That is why 

deaths are more important than kills. The difference between death and kill is that if a 

champion kills enemies, there is an increase in kill score, and if the enemy team 

destroys it, there is an increase in death score.  Although players can kill opponents 

and earn gold and experience, if players die when they are stronger than opponents, 

champions give more gold because of the "shutdown" mechanic in the game. 

Shutdown means that if a champion is killed by an enemy team when it is strong, and 

there is a prize on them, it gives extra gold to the opponent. Shutdown means that if a 

player is killed, extra gold is given to the opponent. In this way, the opponents are 

getting stronger immediately. For the first pick, base statistics such as MR, and AP are 

unimportant for selection. It means that teams can choose different positions for the 

first pick. 

Similar to the first pick, XGB is again the best model, and its variable importance is 

presented in the Figure 5.4. For the second pick deaths and ward placement become 

more important. As it is explained at first pick, deaths are significant for competitive 

games. In addition, ward3 placement is crucial for teams because teams try to increase 

their vision on the map from the beginning to the end of the game to raise awareness. 

Secondly, creep score becomes less important than the first pick since it is 4th important 

variable because, after the first pick, teams started to build their composition. Even the 

champion can be weak at the lane, it can be beneficial for their composition. The 

decrease in creep score importance can be explained similar to this. In addition, assist 

                                                           
3 Wards are deployable items that help to show teams unseen areas in the map like brushes, jungle of 

enemy teams. There are two types of wards, pink ward and basic warding totem. Pink totems have 5-

unit health and can show enemy wards, but it can be seen by rivals without using any item. On the other 

hand, basic warding totem have 3-unit health and it can be seen enemy teams, if do not use specific 

items or pink totem. To discover this totem, teams should place pink wards close to them or, walking 

around totems with using Oracle Lens which can be bought from shop.  
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and kills are essential for the second pick because it is vital for teams to get stronger. 

Differently, mitigated damage becomes more critical. Probably, the team prefers tank 

and support champions at second pick because these picks mostly take more severe 

damage from against teams than other champions. Lastly, the base armor of the 

champions becomes essential, and it can be related to tank champion preferences. 

 

Figure 5.4: The Variable Importance of the XGB in the Second Pick 

XGB is determined as the final model in the third pick similar to the first two and its 

variable importance is presented in Figure 5.5. In this third pick, ward placement is the 

most important predictor for the selection of champions. Secondly, experience 

difference takes second place, and it is the first time it contributed higher than the creep 

score. Experience is also significant for champions because gaining experience leads 

to increase in level. Champions can unlock their skills with a rising level. After they 

open skills, they can improve their quality of skills until they reach the maximum level. 

At the that level, champions can use their skills at maximum efficiency. After these 

two, death is the fundamental measure for champions. In addition, in the third pick, 

other difference variables represent the comparison of the champion situation at the 

end of the first 10 minutes. It means that the pick selection is not independent of their 
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rivals. They should consider their rivals' pick and should take action based on it. From 

base statistics, Health and Movement Speed (MS) becomes more important than 

others. Usually, tanks or fighter champions have a higher health bar. In addition, 

movement speed is critical for champions to dodge skills, and higher movement speed 

can be efficient for champions to a pressure of map, because they can move faster on 

the map and help other teammates. Therefore, it can give teams the opportunity to 

decide fighting because their teammates can fight faster than their rivals.  

Figure 5.5: The Variable Importance of the XGB in the Third Pick 

The Figure 5.6 shows the importance of the predictors of XGB as the second-best 

model since NB cannot produce the importance of the variables in the fourth pick. 

According to that, the same variables have higher importance levels as previous picks. 

On the other hand, Range statistics have a higher importance level than other base 

statistics, and it is the first time Range takes place in variable importance. Mostly, 

Attack Damage Carries (ADC) have a higher range than others. It is assumed that 

teams prefer ADC after the second ban phase because it is essential for teams in terms 

of damage. They usually have the most damage in a team and should be protected by 

other team members, especially support. Because of that team want to see more 

opponent pick ADC. However, the damage share of champions is one of the least 
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important variables. In addition, even though their information gain values are very 

low, positions are also crucial for 4th pick compared to others.  

Figure 5.6: The Variable Importance of the XGB in the Fourth Pick 

Similar to the previous pick, again the second-best model, XGB is used for the variable 

importance which is presented in the Figure 5.7. For the last pick, kills are the most 

important predictor for selection. Again, ward placement, death, and experience 

different are vital for the final pick. In addition, damage share has a higher level than 

other picks because players know rivals’ all composition when they pick the last 

champion. In this way, they can choose a champion with more information. Because 

of that, a team can prefer champions that contribute team damage more. Finally, it is 

crucial to select the carries carefully because, as is mentioned before, they are weaker 

in terms of health, and can be killed easily compared to other heroes. In addition, lots 
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of base metrics become essential, and it is the first time Attack Speed has a place in 

variable importance graph. 

Figure 5.7: The Variable Importance of the XGB in the Fifth Pick 

In the light of these information, it can be analyzed that comparison statistics like creep 

score and experience difference are generally the most important variables for overall 

picks. Moreover, death and ward placements are very crucial for teams to choose 

champions. On the other hand, base statistics are less important than in-game metrics. 

In addition, the position of champions does not affect their selection in terms of pick 

order. Therefore, even though some information can tell us some positions can affect 

the champion selection, their role does not affect the draft phase directly. The Table 

5.13 represents the essential variables for different pick orders with their placement. 

Variables are selected based on the most important five variable for each pick. These 

variables are in top 5 at least one variable importance of picks. When they do not 

include at top 5th, this table shows this empty. However, when overall calculation is 

made, their values are considered. For instance, for average_csdiffat10 (Average 

Creep Score Difference at 10) variable do not including fifth pick variable importance 

because it is 16th important variable. When this value is considered their average 

variable importance score is calculated as 5.6. Lower values means that they get higher 

placement in variable importance. 
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Table 5.13: Overall Variable Importance for All Picks 

Variable 1st 2nd 3rd 4th 5th Avg 

Average Assists 1 3 - - 5 4.4 

Average Creep Score 

Difference at 10 

2 4 4 3 - 5.8 

Average Death 5 1 3 1 3 2.6 

Average Experience Diff at 

10 

3 - 2 5 4 4.2 

Average Gold Difference at 

10 

- - 5 - - 7 

Average Kill - 5 - 2 1 5.2 

Average Wards Placement 4 2 1 4 2 2.6 

 

Based on this graph, it is concluded that death and ward placement are the most 

important factor for champion selection.  

5.4.Shapley Values of the Champions 

This section explains champions that have 3 highest and 3 lowest selection probability 

with using SHAP Values. The contribution of variables can differ from each champion 

and pick. These graphs can be very suitable to understand that why these champions 

have been chosen or not.  

5.4.1. First Pick 

The first pick choice is significant for teams, as explained before. Because of that team 

need to be more careful. The SHAP values can show which variables teams care at 

most at the first pick based on their champion selection. According to XGB 

probabilities, Rakan, Sejuani and Ashe have the highest probabilities at the first pick. 

The following Figures (5.8 – 5.10) represent their Shapley values individually. 
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Firstly, Rakan is a support champions who do not have high tank stats, and it has 

excellent defensive and offensive skills for its ADC. The values in the y-axes represent 

the standardized values of the predictors for Rakan. For instance, the standardized 

average_deaths for Rakan is -0.855. The red and green boxes represent the negative 

and positive averages of the contributions, respectively. The blue boxplots visualize 

the distribution of the attributions for each of the predictor across the different random 

orderings. 

According to Shapley values, the most important variables to predict Rakan are the 

average_deaths, average_csdiffat10 and average_xpdiffat10. The comparison 

variables like csdiffat10, xpdiffat10, and golddifat10 has a positive contribution which 

means that situation of Rakan until 10 min affects selection positively.  The only 

negative contribution comes from the average_kill which is sensible for support 

Figure 5.8: Average SHapley Additive exPlanations for Rakan at First Pick 
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players because they do not want to take kills. Even ward placement score is very high, 

the contribution of this wardsplaced variable is small for Rakan.  

 

Figure 5.9: Average SHapley Additive exPlanations for Sejuani at First Pick 

Secondly, Sejuani is a tank character in the jungle role. Although average_kill 

contributes negatively, the average assists of Sejuani more critical for selection, and it 

has a positive effect. Again, Sejuani does not need to take kills to be stronger because 

it has low damage at the end of the game, even with high kill numbers. In addition, the 

csdiffat10 variable is the second most crucial factor, and Sejuani can kill jungle 
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monsters faster. Being fast is very important for the jungle role because they should 

go and help to other lanes. 

Finally, Ashe is an Attack Damage Carry champion that has important ulti skill and 

high slow effect. From Ashe SHAP values, it is analyzed that average_death and 

average_kill are very important or Ashe. In addition, the average_csdiffat10 variable 

thirdly important or Ashe, which is very important for ADC because they usually have 

the highest creep score in the game.  However, the golddiffat10 and earnedgoldshare 

variables do not positively correlate with the selection chance of Ashe.  

Figure 5.10: Average SHapley Additive exPlanations for Ashe at First Pick 
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The lowest probability for the first pick belongs to Katarina and its Shapley value is 

presented in the Figure 5.11. It is an assassin mage played in mid-lane. The only 

positive variable is AD for Katarina because Katarina has a high AD value compared 

to other mid-lane mages. The other variables have negatively contributed the selection 

of Katarina. Since Katarina does not have high range, it is hard to play mid-lane with 

high range champions. In this case, increasing creep score can cause lots of damage 

from the enemy, and it is hazardous for the lane phase. In addition, the average_death 

of Katarina very high. Even it has higher kills, it does not positively contribute for 

Katarina.  

Figure 5.11: Average SHapley Additive exPlanations for Katarina at First Pick 
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The second lowest probability is obtained for Kayn and its Shapley values are 

presented in the Figure 5.12. Kayn is played in jungle lane, and it can be played in two 

ways: tank and assassin. Therefore, there are two positive contributed predictors for 

Kayn, which are AD and average_kill. On the other hand, the average death of Kayn 

has a significant negative contribution on the selection chance. In addition, 

average_wardsplaced and average_xpdiffat10 negatively contribute to the selection 

probability of Kayn. These variables are also essential for jungle role because they 

need to get experience from jungle monsters and help increase vision on the map.  

Figure 5.12: Average SHapley Additive exPlanations for Kayn at First Pick 
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Lastly, Warwick who has one of the lowest selection probabilities for the last pick, is 

a tank and fighter champion played in the jungle. According to the Shapley values in 

the Figure 5.13, base AD and HP of Warwick have positively contribute to the 

selection chance. However, other variables have negatively contributed its’ selection 

chance. Average_deaths and average_csdiffat10 have the highest negative 

contribution while xpdiffat10 is very important for junglers. 

5.4.2. Second Pick 

The second pick represents the selected champions after the first pick. In this phase, 

teams know one champion from against teams. According to the analysis, XGB is 

selected as the best model, here. In this pick, Bard, Lucian, and Miss Fortune have the 

highest probabilities of selection and their Shapley values are presented in the Figures 

5.14, 5.15 and 5.16, respectively 

Figure 5.13: Average SHapley Additive exPlanations for Warwick at First Pick 
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Firstly, Bard is a support champion who has two stun skills and one heal skill for 

teammates. In addition, with one skill, it can move the map quickly. Based on this 

information, the average_damagemitigatedpm variable which is one of the predictors 

with largest positively contributed variables is vital for Bard because it can heal 

teammates. In addition, its movement speed (MS) variable has a positive contribution 

to selection chance because Bard need to move around map to collect some specific 

collectables and the movement speed is very important for it. He excellent wardsplaced 

score in terms. It can be related to the rotation of Bard in the map. Because it needs to 

move around the map, it needs to use many wards to get vision.  

Figure 5.14: Average SHapley Additive exPlanations for Bard at Second Pick 
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Secondly, Lucian can be played as an ADC and mid-lane champion. Unexpectedly, 

the earnedgoldshare variable of Lucian is negatively contributed to its selection 

chance. Lucian has outstanding kill potential because of its burst damage, and with 

this way, it can have lane pressure. Based on this information, the average_kill and 

average_csdiffat10 variables have positively contributed as expected. In addition, 

compared to other ADCs, its Health (HP) variable has a more effective contribution to 

its selection probability.  

Lastly, Miss Fortune (MF) who also has one of the highest selection probabilities in 

the second pick, is another ADC in this pick. MF has perfect movement speed 

compared to other ADCs, and because of that, MS of Miss Fortune have positively 

contributed to its selection probability. Although it is ADC, its base AD is low which 

causes to decrease selection probability of MF. The most crucial positively contributed 

variable for MF is average_kill which is very good for ADC. In addition, when ADCs 

are dead, it is hazardous for teams because they lost the champion who has higher 

Figure 5.15: Average SHapley Additive exPlanations for Lucian at Second Pick 
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damage in a team. Therefore, it has lower average_deaths, and it is the second 

important positively contributed variable.  

 

 

 

 

 

 

 

 

 

 

 

On the other hand, Teemo, Vi and Brand are detected as the ones with the lowest 

probabilities in the second pick. Figures 5.17, 5.18 and 5.19 represent their Shapley 

values, respectively. 

Teemo is one time playing during all season, and it is not preferable for competitive 

plays. However, it is preferred by casual players because of lane pressure. On the other 

hand, the skill set of Teemo, and champion is not good enough for the competitive 

scene. It is played in top-lane, and it is a ranged as champion, which is not common. 

Figure 5.16: Average SHapley Additive exPlanations for Miss Fortune at Second 

Pick 
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Due to this, it can increase csdiffat10 and it has an enormous positive contribution for 

Teemo. 

Figure 5.17: Average SHapley Additive exPlanations for Vi at Second Pick 

Figure 5.18: Average SHapley Additive exPlanations for Teemo at Second Pick 
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As the second lowest probability, Vi who is a jungle champion with fighter 

characteristics is investigated. Vi has three positively contributed variables, which are 

assists, earnedgoldshare, and AD. Assist of junglers are essential for the team. It shows 

that jungle players can help other lanes. However, because of the other worst scores 

for Vi, the chance of selection is not enough for competition. Especially, xpdiffat10 

and csdiffat10 are very important for junglers, and Vi is not well performed for these 

metrics.   

 

Brand is a support mage in-game that has a high damage ratio, and it has lane pressure. 

However, Brand is a squishy champion, and it is not good skills to protect ADC. It is 

unsuitable for competitive plays because when jungler of enemy teams comes to lane, 

Brand has high death potential. Unlike other supports, earnedgoldshare of the Brand 

has positively contribution, and similarly, the wardsplaced variable increases the 

selection chance, but it is not as high as other supports.  

 

Figure 5.19: Average SHapley Additive exPlanations for Brand at Second Pick 
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5.4.3. Third Pick 

The third picks are the last picks before the second ban phase. 

In this pick, XGB is again the best model and Fizz, Rakan and Jhin have the highest 

probabilities. The Figures 5.20, 5.21 and 5.22 represent their Shapley values, 

respectively.  

Fizz is played in mid-lane as an assassin mage. It has excellent potential because of its 

high burst damage chance. If Fizz takes an early lead in the game, it can be hazardous 

in-game for enemies. Because of severe damage, it can also have kill potential for other 

lanes. For Fizz, wardsplaced variable has the highest contribution, and even it is not 

high. However, because of rotation on the other lanes, wards can be essential for Fizz. 

Figure 5.20: Average SHapley Additive exPlanations for Fizz at Third Pick 
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Rakan is again an essential champion for the third pick, similar to the first one. 

However, the importance of the third pick is different from the first. For example, the 

average_kill of Rakan more negatively contributes to selection chance. As it can be 

noticed that, for other pick orders, champions can show different attribution. It is good 

to use SHAP values to understand why champions important for different pick orders. 

Lastly, Jhin is an ADC with more burst damage, and other ADCs have higher damage 

over time. However, although the damage share of Jhin negatively contributes with 

selection chance, the average_dpm variable has positive one. Finally, the most crucial 

variable for Jhin is xpdiffat10. It is vital in the early game because of burst damage, 

and with this way, it can pressure on the lane. Therefore, it has positive average_kill 

contribution but the even earnedgoldshare is high, negatively contributing Jhin. 

Figure 5.21: Average SHapley Additive exPlanations for Rakan at Third Pick 
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For this pick, Amumu, Tryndamere and Nunu have the lowest selection probabilities, 

that is why their Shapley values are investigated in the Figures 5.23, 5.24 and 5.25, 

respectively. 

Firstly, Amumu is a tank jungler that has two stun skills. Stun skills are very important 

for junglers to help other lanes. However, even though Amumu can be seen as suitable 

for the jungle role but, because of low in-game metrics is not preferable by the 

competitive team. In addition, the contributions of xpdiffat10 and csdiffat10 variables 

are again low, and they are contributed negatively. Finally, even if it is a tank character, 

the average_death of Amumu is very high, which is unacceptable.   

 

 

Figure 5.22: Average SHapley Additive exPlanations for Jhin at Third Pick 
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Secondly, Tryndamere is a top lane champion that is not preferred competitive scene 

because it is not effective in team play. It has higher damage and csdiffat10 because 

of lane pressure, but it is not practical for team fights and is not helpful. In this way, it 

can be seen that wardsplaced and assists variables have low scores. Thus, they have a 

negative contribution to selection chance. Therefore, even though it has high base 

statistics, these are not positively contributed for Tryndamere. 

 

Figure 5.23: Average SHapley Additive exPlanations for Amumu at Third Pick 
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Figure 5.24: Average SHapley Additive exPlanations for Tryndamere at Third Pick 

Figure 5.25: Average SHapley Additive exPlanations for Nunu at Third Pick 
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Nunu is a tank jungle that can kill jungle monsters faster. Thus, it is expected that Nunu 

should have higher xpdiffat10, but it is not. The xpdiffat10 variable has a negative 

score, and it has the highest negative contribution. Secondly, the wardsplaced variable 

is very low, which should be higher for junglers and negatively contribute the chance 

of selection. In addition, one of the skills of Nunu is to get health from enemies or 

monsters. Because of that damagemitigatedpm variable have a positive score. 

However, it is not adequate for the selection of Nunu. 

5.4.4. Fourth Pick 

These are first picks after the second ban phase. Before these picks team can 

ban two extra champions and get shape their composition better. Here, Braum, Leona 

and Nami have the highest selection probabilities. Their Shapley values are presented 

in the Figures 5.26, 5.27, 5.28, respectively.  

Braum is tank support that has good engage and defensive skills. It is a very used 

champion for competitive games because of its skillset. As it can be seen that, there is 

no negative contribution to Braum from most contributed variables. Because of the 

support role, again, it wards placement score is higher and positively affected. In 

Figure 5.26: Average SHapley Additive exPlanations for Braum at Fourth Pick 
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addition, as a tank role, it needs to be higher Armor values. Therefore, Braum has a 

high base Armor and negative death metrics. 

 

Secondly, Leona has the same characteristic as Braum. It is tank support, and even it 

has lower defensive skill than Braum, it has better engage options. Similar to Braum, 

ward placement and armor variables are very crucial for Leona. In addition to that, 

Leona has positive HP values. Although some stats have negative values, compared to 

other support roles, Leona has a better option for teams, which increases the selection 

chance of Leona. 

Ryze is one of the most vigorous late-game champions that is played in mid-lane. It is 

perfect for both team fight and split push. Because it is played in mid lane, Magic 

Resistance is very important and Ryze base MR stats are very high, and contribution 

to champion selection is highly positive. In addition, csdiffat10 is positive, and based 

on strong of Ryze at the late game, it is crucial to take creeps in the early game 

 

Figure 5.27: Average SHapley Additive exPlanations for Leona at Fourth Pick 
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.  

Apart from the highest probabilities, Nami, Illaoi and Garen have the lowest 

probabilities. The Figures 5.29, 5.30 and 5.31 present their Shapley values, 

respectively.  

Figure 5.28: Average SHapley Additive exPlanations for Ryze at Fourth Pick 

Figure 5.29: Average SHapley Additive exPlanations for Nami at Fourth Pick 



60 

 

Nami is a utility support champion mainly based on healing skills. It is accepted that 

csdiffat10 is low because this type of supports do not earn gold with killing creeps. 

However, the golddiffat10 is also very low, and it is dangerous. That is why these two 

variables have the highest negative contribution. It is very squishy, and the HP level 

of Nami is deficient. However, even it is a wardsplaced variable that has a positive 

score, it is not enough to support players. 

Secondly, Illaoi is a top-lane fighter champion. However, the Attack Speed (AS) of 

Illaoi is very low, and it decreases its selection chance. Attack Speed is important for 

damage trades in top lane especially for fighter champions. However, damage of Illaoi 

mostly coming from its skills. Therefore, the damage share of Illaoi is high and 

positively contribute. Although it has pressure on the lane because of high damage 

ratios, it is not enough for a competitive scene because it can be easily countered with 

professional teams. The high death ratios are results of this situation.   Therefore, the 

winning lane is essential but, it is not always a win condition for professional teams. 

Lastly, Garen is similar to Illaoi, with higher tank characteristics. Garen is a good kill 

potential in a lane, so average_kill has a positive contribution. However, even though 

Figure 5.30: Average SHapley Additive exPlanations for Illaoi at Fourth Pick 
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it has high base statistics like MS and HP, it does not positively affect the selection of 

Garen. In addition, even with high kill potential, Garen does not have a good 

xpdiffat10 level, and it shows that Garen usually loses its lane against its rivals. 

5.4.5. Fifth Pick 

Alistar, Orianna, and Ashe have the highest selection probabilities at the 5th  pick, who 

are very different champions in terms of their roles and skills. Their Shapley values 

are presented in the Figures  5.32, 5.33 and 5.34, respectively. 

Alistar is tank support and has excellent engaging skills. It is instrumental in fights and 

protecting carry in the game. Average_wardsplaced score of Alistar have the highest 

contribution and is very important for supports because they have a responsibility to 

increase their teams' visions. Difference measures like xpdiffat10 and csdiffat10 show 

that Alistar wins their lane in 10 minutes against other bot lanes. Otherwise, these 

variables should not have a positive contribution. 

Figure 5.31: Average SHapley Additive exPlanations for Garen at Fourth Pick 
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Secondly, Orianna is a control mage, which is played at mid-lane. For Orianna, some 

basic statistics are vital, like Magic Resistance (MR). Usually, mage heroes with 

Figure 5.32: Average SHapley Additive exPlanations for Orianna at Fifth Pick 

Figure 5.33: Average SHapley Additive exPlanations for Alistar at Fifth Pick 
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higher ability power are played mid-lane, and their magic damage is higher. Therefore, 

the high MR values help to decrease the death chance for Oriana because it can tank 

more magic damage than others.  

Thirdly, Thresh is another support for the 5th pick. The important variables for Thresh 

are nearly identical to Alistar because both have similar playing styles. Besides that, 

the pressure of Thresh in the lane is higher than Alistar, because of that difference 

metrics of Thresh are better than Alistar. In addition, they have nearly equal ward 

placement contributions. Moreover, the base Armor of Thresh is not crucial like Alistar 

because Alistar is tankier than Thresh.  

On the other hand, Annie, Senna and Talon have the lowest selection probabilities in 

the last pick. Their Shapley values are presented in the Figures  5.35, 5.36 and 5.37, 

respectively. 

Figure 5.34: Average SHapley Additive exPlanations for Thresh at Fifth Pick 



64 

 

Annie is one of the least preferred champions for competitive teams. It can be played 

as a support or mid-lane. Only ADC and middle positions positively contribute to 

Annie's selection slightly. It shows that being mid-lane positively affects final pick 

selection. In addition, death and gold difference values are shallow and have the most 

negative contribution.  

Secondly, Senna can be played as support or ADC because of it is skillset. Creep Score 

difference can cause to misleading although Senna can be played in ADC, it does not 

kill creep because of its passive situation. This way, the support of Senna can have a 

higher lead, and it can be beneficial for teams. In this case, because Senna is mostly 

preffered as ADC by teams, the Creep Score has so much negative contribution. If it 

is ignored, Senna may have a higher probability because it has a positive average kill. 

In addition, Senna may increase its range during a game, reaching the highest range. 

However, because the Range variable is considered only in the beginning of the game, 

it does not represent a high range of Senna. The negative contribution of the Range 

variable can be related to this issue.  

Figure 5.35: Average SHapley Additive exPlanations for Annie at Fifth Pick 
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Lastly, Talon is another champion who has one of the lowest selecion probabilities in 

the fifth pick selection. It is mentioned before most of the mid-lane champions have 

magic damage, and the magic resistance of Talon is meager. Because of that, it is hard 

Figure 5.36: Average SHapley Additive exPlanations for Senna at Fifth Pick 

Figure 5.37: Average SHapley Additive exPlanations for Talon at Fifth Pick 
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to play against mages in the mid-lane with Talon. In addition, it is average experience 

level at 10 and wards placement is not suitable for team compared to others. Even 

though it is Assasins and can take lots of kills, the average kill variable does not 

positively affect Talon's selection chance.  

 

5.5.2020 Worlds Championship Final 

Worlds Championship is the most important tournament for the League of Legends 

team. Every team wants to play there and obtain the World Championship title. In the 

Worlds, teams coming from different regions and play against each other. Therefore, 

different game style and champion selection preferences may occur because some of 

the regions like Tencent League of Legends Pro League (LPL) which is the League in 

China have some specific attributes. In 2020, Worlds finals played between 

DAMWON Gaming (DWG) and Sunning (SUN). DWG is a champion team of Korea 

(LCK) and Sunning is coming from China. Finals is played in best of 5 format and 

DWG won Worlds at 4th match.  

In order to test the models constructed, the World Championships’ final match is used. 

Table 5.14 represent the probability of selected champions based on models of this 

study. Here, the probabilities of the selected champions in the Final is calculated by 

the methods discussed in this study. Note that the best model in the first three pick is 

XGB; while NB is the best one in the last two. The values in parenthesis represent the 

threshold of XGB models and S indicates that these champions considered as a selected 

champions by models in this study. Because of last two of them NB models, threshold 

is taken as a default value which is 0.5. 

The second phase of the draft, including the 4th and 5th is explained better than the 

first phase for both teams. Firstly, the NB models in the 4th and 5th pick have very 

high probabilities to predict which champion can be selected. Only the 4th pick of 

SUN at the first game has a lower probability than 0.75. All other values are close to 

one except the 5th pick of the Second Game even it has a probability of 0.75. 
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Table 5.14: Probability of Selected Champions in Worlds 2020 

DAMWON GAMING 

  

First Pick 

(0.129) 

Second Pick 

(0.178) 

Third 

Pick 

(0.49) 

Fourth 

Pick Fifth Pick 

First Game 0.3648(S) 0.3641(S) 0.1096 0.9643(S) 0.9890(S) 

Second Game 0.0362 0.6854(S) 0.7956(S) 0.9825(S) 1.0000(S) 

Third Game 0.8965(S) 0.8148(S) 0.3840 0.9825(S) 1.0000(S) 

Fourth Game 0.7521(S) 0.9552(S) 0.2238 0.9627(S) 0.9886(S) 

SUNNING 

  

First Pick 

(0.129) 

Second Pick 

(0.178) 

Third 

Pick 

(0.49) 

Fourth 

Pick Fifth Pick 

First Game 0.2671(S) 0.9448(S) 0.5822(S) 0.6232(S) 0.9875(S) 

Second Game 0.4997(S) 0.2133(S) 0.5678(S) 0.9985(S) 0.7668(S) 

Third Game 0.9730(S) 0.0391 0.0835 1.0000(S) 0.9139(S) 

Fourth Game 0.4202(S) 0.9448(S) 0.0994 0.9372(S) 0.9958(S) 

 

On the other hand, at the first phase of the draft, which includes the first three picks, 

the probability values vary. For example, the first pick of DWG in the second game 

has a low probability value. However, the other three first pick predictions have higher 

probability values. The probability of the first pick is lower because the likelihood of 

1st pick in the first game is higher than the threshold value. Thus, it is defined as a 

chosen champion by model. For the 2nd pick of DWG, all of them have higher 

probabilities than the threshold value. However, the probability of first game should 

be higher to obtain a better prediction power. On the other hand, second and third game 

picks of SUN is not high enough to be defined as a selected champion by model, even 

second game probability is higher than threshold. However, for other games prediction 

of the 2nd picks have acceptable probability score. Finally, 3rd pick of both teams have 

worst results than others. The 3rd pick of the first, second and fourth game of DWG is 

lower than the threshold. The XGB model of 3rd pick only predict second match truly. 

In addition, the 3rd pick of third and fourth game of SUN is deficient probability rates 

which are very close to 0. On the other hand, first and second game probabilities are 

higher than threshold but again, the probability of being selected is not high enough.  

 

 



68 

 

CHAPTER 6 

 

CONCLUSION AND FURTHER RESEARCH 

League of Legends (LoL) is one of the biggest competitive e-sports games in 

nowadays. There are different data-based studies about LoL related with the prediction 

of matches. Besides, the draft prediction is not studied before. The drafts phase is 

essential for professional teams and understanding the mechanism under the champion 

selection can be very effective for teams and players. 

The aim of this research classify selected, and non-selected champions in professional 

matches. For this purpose, data about drafts of professional matches are collected by 

using web-scraping methods. In addition, the average base statistics of champions are 

collected with the same method.  Then, it is merged with the champions' overall 

statistics taken by Oracle Elixir during the 2020 professional leagues.  

Machine Learning models are used to predict selected champions because k-means 

clustering is not powerful enough to classify champions. Five different ML models are 

used: LR, DT, RF, XGB, SVM, and NB. The hyperparameter tuning process has 

applied to all models to increase their explanatory power. The comparison of model 

performance is constructed by focusing on Accuracy, Sensitivity, Specificity, F1 

Score, AUC, and Stability. Therefore, better models are built for different pick orders. 

For the first three picks, the XGB model has better performance than the others. In 

addition, the proportion of data is more balanced in the first three picks. The data 

becomes imbalanced in the fourth and fifth pick, and NB models have better results 

than other ML algorithms.  

For the purpose of explaining the critical measurement for pick orders, variable 

importance and Shapley values are used. Firstly, the variable importance is excellent 

to understand how the importance of variables changes between pick order. Every pick 

has a different order of importance. Comparison variables, which are 

average_xpdiffat10, average_csdiffat10, represent the differences between selected 

champion and its rival. In this study, it is seen that these variables are essential for 
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champion selection. In addition, average of deaths is the most crucial variable in 

general. On the other hand, base statistics and positions of champions are not crucial 

as in-game metrics overall. Secondly, Shapley values are very effective in order to 

determine how the variables contribute to selection of different champions. Each 

champion has different characteristics and, Shapley values show which variable has 

the most effect on the selection of champions. By using SHAP values, data can be 

analyzed partially, and it helps to understand the differences between champions. In 

this study, the best and worst three champions are analyzed using Shapley values in all 

of the five picks, and it is examined that most contributed variables change for every 

champion. The contribution of variables also changes for different pick orders even 

for the same champion.  It is showed that teams focus on different qualifications of 

champions when the order of pick changes. 

Worlds 2020 Final matches that were played between DWG and SUN are also 

analyzed in this study, and most of the selected champions are indeed predicted by 

models. For the first phase of the draft, including the first three picks, models truly 

predict 67% for the first team. Then, 9 out of 12 champions (75%) are classified as 

selected champions for the second team considering threshold values. Although some 

champions have a lower probability rate for selection. In addition, the selection 

probability of champions change between two teams. Therefore, even though some 

champions have a higher probability rate in the DWG team, they are not predicted as 

a chosen champions for the SUN team. The fourth and fifth pick is the second phase 

of the draft, and all champions are predicted as selected champions by models. Because 

the information after the first phase is high, the models can improve their performance 

for the last picks. In addition to that, teams also increase their preferred champions' 

frequency in the second phase. 

For further research, this study can be extended the including the selected champions 

from before picks in models. All picks are analyzed independently in this research, 

and if before picks are considered, the draft mechanism can be analyzed better. In 

addition to that, SHAP values can be used for different teams and players to understand 

the most critical metrics for teams. In this study, Shapley values only focus on 

champions. In the Worlds final analysis, all the stats are coming from the average of 
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teams. With focusing on different teams, game style and champion selection of teams 

can understand better. In addition, Stochastic models will be used in the future on our 

dataset which can be suitable for these types of models, and it can help to increase 

performance of this study.  

In conclusion, it can be seen that draft prediction analysis can be very effective for 

teams and players to understand the selection of the champion in League of Legends, 

and this study can help teams and players to understand the underlying effects of 

champion selection. 

 

 

 

 

 

 

 



71 

 

REFERENCES 

 
Agarwala, A., & Pierce, M. (2014). Learning Dota 2 Team Compositions. SI: sn. 

Ahmad, A. S., Hassan, M. Y., Abdullah, M. P., Rahman, H. A., Hussin, F., Abdullah, H., & 

Saidur, R. (2014). A review on applications of ANN and SVM for building electrical 

energy consumption forecasting. Renewable and Sustainable Energy Reviews, 102-

109. 

Altinok, G., Karagoz, P., & Batmaz, I. (2021). Learning to rank by using multivariate 

adaptive regression splines and conic multivariate adaptive regression splines. 

Computational Intelligence, 37(1), 371-408. 

Ani, R., Harikumar, V., Devan, A. K., & Deepa, O. (2019). Victory prediction in League of 

Legends using Feature Selection and Ensemble methods. 2019 International 

Conference on Intelligent Computing and Control Systems, 74-77. 

Breiman, L. (2001). Random Forests. Machine learning 45(1), 5-32. 

Deshpande, S. K., & Jensen, S. T. (2016). Estimating an NBA player's impact on his team's 

chances of winning. Journal of Quantitative Analysis in Sports, 12(2), 51-72. 

Gramacy, R. B., Jensen, S. T., & Taddy, M. (2013). Estimating Player Contribution in 

Hockey with Regularized Logistic Regression. Journal of Quantitative Analysis in 

Sports, 9(1), 97-111. 

Grolemund, G., & Wickham, H. (2011). Dates and Times Made Easy with {lubridate}. 

Journal of Statistical Software, 40(3), 1-25. 

Hastie, T., Tibshirani, R., & Friedman, J. (2009). The Elements of Statistical Learning: Data 

Mining, Inference, and Prediction. Springer Science & Business Media. 

Horvat, T., & Job, J. (2020). The use of machine learning in sport outcome prediction: A 

review. Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 

10(5), e1380. 

Hucalijuk, J., & Rakipovic, A. (2011). Predicting football scores using machine learning 

techniques. In 2011 Proceedings of the 34th International Convention MIPRO, 

1623-1627. 

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2013). An Introduction to Statistical 

Learning (Vol. 112). New York: springer, 18. 

Jiang, L., Li, C., Wang, S., & Zhang, L. (2016). Deep feature weighting for naive Bayes and 

its application to text classification. Elsevier, 26-39. 

Lundberg, S. M., & Lee, S.-I. (2017). A Unified Approach to Interpreting Model Predictions. 

In Proceedings of the 31st international conference on neural information 

processing systems , 4768-4777. 



72 

 

Migliorati, M. (2020). Detecting drivers of basketball successful games: an exploratory study 

with machine learning algorithms. Electronic Journal of Applied Statistical Analysis, 

13(2), 454-473. 

Molnar, C. (2020). Interpretable machine learning. Lulu.com. 

Oliveira, V. d., Placides, B. J., Baffa, M. d., & Machado, A. F. (2018). A Hybrid Approach 

To Build Automatic Team Composition In League of Legends. Proceedings of 

SBGames. 

Pavey, T. G., Gilson, N. D., Gomersall, S. R., Clark, B., & Trost, S. G. (2017). Field 

evaluation of a random forest activity classifier for wrist-worn accelerometer data. 

Journal of Science and Medicine in Sport, 20(1), 75-80. 

Pradier, M. F., Ruiz, F. J., & Perez-Cruz, F. (2016). Prior Design for Dependent Dirichlet 

Processes: An Application to Marathon Modeling. PloS one, 11(1), e0147402. 

Prasetio, D., & Harlili, D. (2016). Predicting football match results with logistic regression. 

2016 International Conference On Advanced Informatics: Concepts, Theory And 

Application (pp. 1-5). IEEE. 

ResearchAndMarkets.com. (2021). E-Sports Global Market Report 2021: COVID 19 

Growth And Change To 2030. The Business Research Company. 

Schneider, K.-M. (2005). "Techniques for improving the performance of naive bayes for text 

classification. In International Conference on Intelligent Text Processing and 

Computational Linguistics (pp. 682-693). Berling: Springer. 

Shapley, L. S. (1953). A value for n-person games. Contributions to the Theory of Games, 

307-317. 

Shi, H., Wang, H., Huang, Y., Zhao, L., Qin, C., & Liu, C. (2019). A hierarchical method 

based on weighted extreme gradient boosting in ECG heartbeat classification,. 

Computer Methods and Programs in Biomedicine (171), 1-10. 

Shobha, G., & Rangaswamy, S. (2018). Chapter 8 - Machine Learning. In V. N. Gudivada, 

& C. Rao, Handbook of Statistics (pp. 197-228). Elsevier. 

Silva, A. L., Pappa, G. L., & Chaimowicz, L. (2018). Continuous Outcome Prediction of 

League of Legends Competitive Matches Using. In SBC-Proceedings of SBCGames, 

2179-2259. 

Smit, R. (2019). A machine learning approach for recommending items in League of 

Legends. 

Smith, M., & Alvarez, F. (2021). Identifying mortality factors from Machine Learning using 

Shapley values–a case of COVID19. Expert Systems With Applications, 176. 

Summerville, A., Cook, M., & Steenhuisen, B. (2016). Draft-Analysis of the Ancients: 

Predicting Draft Picks in DotA 2 Using Machine Learning. In Twelfth Artificial 

Intelligence and Interactive Digital Entertainment Conference. 

Timofeev, R. (2004). Classification and regression trees (CART) theory and applications. 

(pp. 1-40). Berlin: Humboldt University. 



73 

 

Wang, W. (2016). Predicting Multiplayer Online Battle Arena (MOBA) Game Outcome 

Based on Hero Draft Data. 

Wickham, H. (2020). Retrieved from rvest: Easily Harvest (Scrape) Web Pages: 

https://CRAN.R-project.org/package=rvest 

Wickham, H. (2020). rvest: Easily Harvest (Scrape) Web Pages. Retrieved from 

https://CRAN.R-project.org/package=rvest 

Wickham, H., Hester, J., & Ooms, J. (2020). Retrieved from xml2: Parse XML: 

https://CRAN.R-project.org/package=xml2 

Wu, J., Olesnikova, A., Song, C. H., & Lee, W. D. (2009). The Development and 

Application of Decision Tree for Agriculture Data. Second International Symposium 

on Intelligent Information Technology and Security Informatics (pp. 16-20). IEEE. 

 

 

  



74 

 

 


