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Abstract: This paper uses both logistic regression as well as random forest to analyze which variables are important and 
significant to winning in League of Legends, a popular massively multiplayer online battle arena game. It looks into different 
variables that are seen as the most important from casual players and applies them to professional games. Additionally, this 
paper describes the results from these models and compares them to how professionals or casuals play League of Legends. 
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1. Introduction 
 

Esports is continuing to grow, with games like League of Legends boasting some of the largest viewership. In the 
League of Legends 2019 World Finals, there were over 100 million viewers bringing in fans from different streaming services 
including Twitch and YouTube. In comparison, the Super Bowl had about 100.7 million viewers (Roundhill Team, 2020). 
Additionally, the esports industry has generated revenue that exceeds 1 billion dollars and audiences of more than 443 million 
around the world (Ayles, 2019) 

League of Legends, also referred to as League or LoL, is a multiplayer online battle arena (MOBA). In League, there 
is a nexus, which acts as the final objective killed to win or lose a game. The goal for each summoner, or player, is to destroy 
the nexus to see the victory screen at the end of the game. However, there are eleven turrets that defend three main lanes that 
champions, or in-game characters, travel through. Three of these towers defend inhibitors at the entrance of each base. Figure 
1 below has a top-down view of what the map looks like, showing each side. When inhibitors are destroyed, it gives only the 
allied lane stronger minions. Inhibitors respawn five minutes after being destroyed. In between these lanes is what is known as 
the jungle. In the jungle, there are different types of jungle camps or monsters that champions can kill for extra gold and 
experience. Additionally, the nexus spawns minions in intervals of thirty seconds in which they travel down each lane towards 
the enemy base. These minions also grant gold and experience. Gold is used to increase the combat power of a champion by 
purchasing different items, while experience will level up your champion. A higher-level means that one will be able to use 
more powerful abilities, increasing combat power.  

 

  
 

Figure 1. A Top-Down View of the Map in LoL  
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From a spectator’s perspective, League of Legends is starting to follow suit of what ESPN does with a game's box 
scores. Lolesports.com contains Videos-on-Demand, or VODs, that will give statistics of the different kills, deaths, and assists 
that each player received. Additionally, it gives numbers on different objectives that a team has accomplished in addition to 
other data. 

 
2. Background Research 

 
To further understand League of Legends and what research has been done, Alex Leavitt, Brian C. Keegan, and Joshua 

Clark from USC, Harvard, and USC, respectively, investigated communication methods within League of Legends. This trio 
established three hypotheses that pings (quick pre-set messages) affect team performance. They discovered that pings differed 
based on team role and skill, pings varied based on kills and assists, and pings had a concave relationship with performance. 
(Leavitt, Keegan, & Clark, 2016) Additional research has been conducted regarding a data-driven approach that created 
different combat rules trained from a decision tree. The result from this research identified methods that new players can use 
to better be successful in these types of games. (Yang, Harrison, & Roberts, 2014). This research has dived into the finer 
intricacies of the game, but there has not yet been research on which factors contribute to winning and which factors within a 
game players should focus. In this paper, data from thousands of League of Legends esports games will be analyzed to 
determine which variables in the game help teams win at the highest level.  

 
 

3. Modeling 
4. Methodology 

 
3.1.1 Data Collection 
Data was first collected through oracleselixir.com. CSV files were extracted from their website that contained match 

data from every League of Legend league including regions such as China, Korea, North America, and Europe. Each CSV file 
contained a game ID for each game, the URL in which the match results are from, and the league in which the game was played 
in. Other columns include the different picks and bans (champions that one team can forbid the other from playing for just that 
match) that each game had, the game length, and the result of the game. More specific data is shown in these files, which 
included kills, deaths, assists, team kills per minute, dragons killed, wards placed, vision score, total gold, earned gold, as well 
as individual stats at 10 and 15 minutes into the game. In total, there are about 119 different columns for each player. 

 
3.1.2 Data Cleaning 
Creating the data frame started with binding each data frame into one large, total data frame. From there, the data 

frame was filtered into different leagues. This included LCS, LCK, LPL, and LEC, which are the North American, Korean, 
Chinese, and European leagues respectively. These leagues were chosen because they are known as the major regions that 
compete in the game. There are many minor regions that range from Brazil, Malaysia, Thailand, and even Latin America. From 
there, the total data frame was filtered by total game results for each side rather than the specific professional player. 
Additionally, if there were any rows that were incomplete, the entire row was removed. One large change that was made to this 
data frame was that matches were only pulled if they were on patch 10.01 or later. This is because elemental dragons were 
introduced to the game, largely changing both the style and strategy of the game.  

With a new and large data frame, much of the data frame still needed to be cleaned. Columns were renamed for 
consistent syntax, and redundant or unnecessary columns were removed. Many of these observations and columns were filtered 
because they were either incomplete or would not assist in the overall research. This allowed for the data to be processed faster 
and eliminated noise that would have been dealt with otherwise. 

 
3.1.3 Model Building 
The first model involved making a generalized linear model. Logistic modeling was used because the dependent 

variable being analyzed was a categorical variable from 0 to 1 (with 0 being a loss and 1 being a victory). The model investigates 
which independent variables contribute to the result of the game. Logistic Model 1a assessed the variables most players consider 
the most important to winning the game. This first model included gold spent difference (gspd), kills, deaths, towers, dragons 
killed, barons, elders, and first herald. These variables are the most common and popular objectives on which teams typically 
focus. Many games in League will be dependent on who controls these objectives. Typically, control of these objectives leads 
to a win. This model was then modified multiple times to account for insignificant variables and potential confounding 
variables. 
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The second model looked at different aspects of the game that players consider but are not considered as important as the 
variables in the first model. These new variables included damage per minute, damage taken per minute, vision score, and 
creep score (total monsters killed). 

The third and final model examined a random forest model, using the variables from Logistic Model 1a, Logistic Model 
1b, and Logistic Model 1c. These three models were very similar, with just variables taken out each time. Logistic Model 1a 
had every variable listed before. Model 1b took out the gspd as it was an obvious confounding variable. Logistic Model 1c 
narrowed these variables even more only accounting for variables that the game labeled as “objectives” but were not 
monsters.  

 
5. Results 

 
Logistic Model 1a produced surprising results. For example, dragons, barons, elders, and first herald were all 

considered insignificant as shown below in Figure 2. Additionally, a variables’ significance was determined by its z-value or 
easier to understand p-value which is denoted in column “Pr(>|z|)” of Figure 2. Here, if the number is .05 or smaller, it would 
be considered significant to our model. The stars to the right of the number is a quick way to see which variables were 
significant.  

Dragons typically force the game to progress, in which the Elder dragon spawns after one team has slain four dragons. 
This makes sense in the fact that many professional teams do not commit all of their resources in killing dragons and would 
often look for other objectives or plays to make if they do not have control of the area around the dragon.  

The Barons parameter is much more surprising in the fact that Barons give the entire team gold, experience, and a 
temporary power-up to each individual player making them stronger. Additionally, Baron makes nearby allied minions 
stronger, allowing for teams to group and apply immense pressure, or to split and apply pressure in the three lanes.  

The Elder parameter is the most interesting in its insignificance. Most players, coaches, and analysts would argue that 
killing the Elder dragon would mean that the end of the game is soon. Elders grant an individual power buff that allow players 
to ignore both armor and magic resist, as well as an execution that instantly kills a player if their health drops below 20 percent. 
Typically, even if a team is behind, killing the Elder dragon may signal a potential comeback.  

Killing the first herald also is an interesting variable that was deemed insignificant. Typically, the first herald provides 
a strong minion that can be summoned for the team. This herald will crash head-first into turrets, assisting in killing turrets. 
Additionally, killing turrets grant gold and killing the first turret grants even more gold for the team.  

Another interesting thing to note is that the gold spent difference was a negative number. This -16.23 means that if 
the percentage of gspd were to increase by one percent, the log odds of winning decreases by 16.23. This result raises concern, 
as gold is the most direct measurement used in professional play to see the difference in how two teams played. Gold directly 
translates to combat power, and combat power translates to being the stronger team in order to win the game. This raised 
questions as to if any of the variables were collinear or confounding with each other. Upon a variance inflation factor test or 
VIF in R, none of the variables were found to be collinear. To solve for confounding variables, gspd was removed from the 
logistic model to see if it made a large difference in the coefficients. 

Inhibitors was also a negative number, which rose some questions. Inhibitors are utilized by teams in order to bring 
pressure to a certain lane, forcing enemy champions to defend their base. This would allow teams to fight with a numbers 
advantage, giving teams a five-minute window necessary to win. However, recent analysis points out that depending on the 
state of the game, killing inhibitors may assist the enemy team (Sutton, 2021). These empowered minions would give the enemy 
extra gold and experience that would allow for them to shorten the gold gap between two teams. As long as a team can manage 
to avoid fighting while their inhibitor is down, destroying an inhibitor may not contribute towards winning. 
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Figure 2. Coefficient Results for Logistic Model 1a 
 
 

Logistic Model 1b is the same as Logistic Model 1a except the fact that gspd was taken out. There is no difference 
from this model compared to the other in terms of significance. Every variable that was significant before continued to be 
significant, while every variable that was insignificant continued to be insignificant. 

Logistic Model 1c as shown in Figure 4 is the final product of the first logistic model accounting for only significant 
variables as well as confounding variables. This gives more visibility on the true effect that these variables may have, without 
any influence from insignificant variables. Likewise, it recognizes that these variables are still significant. All variables here 
are significant and show that, of the objectives that are laid out in game, towers and kills are the ones that contribute the most 
for winning.  
 
 

 
  Figure 3. Coefficient Results for Logistic Model 1b                 Figure 4. Coefficient Results for Logistic Model 1c 
 
 

In Figure 5, the coefficients of the log odds from Figure 4 were taken out. These are shown in a small list below, 
with log odds accounting for a row and each variable has its own column. Kills is read as follows: for each increase in one 
kill for a team, their log odd of winning the game increased by approximately .467. This can be applied to every coefficient 
after that, with the log odd of winning the game either increasing or decreasing based on the coefficient shown.  
 
 

 
 

Figure 5. Coefficient for each Variable  
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The results from the second set of models are shown below. This first one was with the variables from Logistic Model 
1c, with an added variation each time. Figure 6 below indicates that damage per minute was significant, which would seem 
self-explanatory. The more damage you deal to the enemy team, the enemy would either die or be forced to retreat. This would 
mean that you would be free to grab other objectives on the map as well as pressure the enemy base. Figure 7 displays the same 
model as Figure 6, but with damage taken per minute substituting damage per minute. The reason that the variables from 
Logistic Model 1c are kept the same is that while we hold those initial variables constant, both damage per minute and damage 
taken per minute are still significant. 
 

 
Figure 6. Coefficient Results for Damage per Minute               Figure 7. Coefficient Results for Damage Taken per Minute 
 
 

These next two models investigate variables that are not associated with interacting with the enemy. Essentially, these 
variables are factors in the game that players can focus on their own. Both creep score, which is the amount of monsters you 
kill in a game, and vision score, a score given to you based on how often a player granted or denied vision for their team, are 
scores that theoretically can have zero interactions with the enemy. The results are shown below in Figures 8 and 9. 
 
 

    Figure 8. Coefficient Results for CSPM (Creep Score per Minute)               Figure 9. Coefficient Results for Vision Score 
 
 

The results from these models indicate that both cspm and vision score are significant as indicators for winning games. 
In this, CSPM is the team's creep score per minute and vision score is the aggregate vision score for the entire team. 

The final model utilized Random Forest to perform regression and classification tasks. Random Forests uses a 
technique that combines multiple decision trees in determining the final output. This means that multiple decision trees are run 
parallel to each other in which predictions are made. From there, all the predictions are averaged to make a Random Forest 
Prediction (Bakshi, 2020). 

Below in Figure 10, are the results from the random forest model. It is important to note that the Mean Decrease 
Accuracy is what matters for importance. The Mean Decrease Accuracy is how much the accuracy of the model decreases if 
that variable is dropped from the model. Mean Decrease Gini is a measure of the variable importance based on the Gini impurity 
index used for the calculation of splits in trees (Bhalla, 2014). 
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     Figure 10. Mean Decrease Accuracy and                Figure 11. Graph of Variables by the Mean Decrease Accuracy  
 Mean Decrease GINI for random forest Model  

 
 

This random forest regression used all the variables that were deemed significant in Logistic Model 1c, as well as all the 
added variables in Logistic Model 2. It is important to note that random forest would not have run unless there was absolutely 
no NAs in the dataset, causing for these models to be ran on about three thousand observations rather than four thousand. 
Looking at both Figure 10 and 11, the results provide a new insight. This new model put inhibitors and towers at the forefront 
of what gave the model the most importance. Specifically, it means that if inhibitors were to be taken out of the random forest 
model, it would drop the model accuracy by 35.79. Figure 11 is an easy way to visualize which ones are the most important 
variables from top to bottom. 

 
 

6. Discussion 
 
This research has confirmed what most players of the popular video game, League of Legends, already know. However, 

this information is still valuable and still worth noting in order to confirm that these variables do matter when trying to win. 
New players can use this information to better understand the game and to lessen the learning curve when playing this game. 
For example, the objectives that are in game that players can most easily grasp (inhibitors, towers, deaths, kills), are 
confirmed to be the most important. This may allow newer players to focus on these four objectives when first playing the 
game before focusing on more minor parts of the game such as damage per minute, damage taken per minute, creep score per 
minute, and vision score. These later variables are much more difficult to master in-game, and many professionals tend to 
focus on these variables in order to give them the winning edge. The data that has come from these professional games give 
good insight into how the game should be played at the highest level.  

Many League of Legends professional teams have dedicated coaches and analysts that dive into these numbers, 
examining what the best possible strategy is. This research informs casual players that even if the professional scene focuses 
on certain objectives, it may not be what immediately should be focused on. For example, Logistic Model 1b consisted of 
every objective that are considered major objectives in the game. However, it indicates that dragons, barons, elders, and first 
herald are not significant to winning the game. This grants insight for casual players that focusing on maximizing kills and 
minimizing deaths is something more important to consider. If a player is contesting dragon control with the enemy and is 
risking a fight they are going to lose, it might be better for that team to back off and focus on other objectives such as creep 
score per minute or even vision score. This same logic can be applied to barons, elders, and first herald. Often, professionals 
completely give up dragon, baron, or herald control because it simply is not worth dying. This research is a reflection on pro-
players' play style and confirms why the professionals do what they do. Instead, professionals opt to apply pressure on other 
sides of the map. 
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7. Limitation

There were many limitations when performing this research. For example, what started as a data frame with about 
12,000 observations, the data frame got reduced to about 4,000 observations after filtering for incomplete data. Even if there 
were still about 4,000 observations to look at, much of the data that could have been useful in calculating the overall 
significance and importance of variables have been overlooked. Many of these variables had small typos, and the format in 
which these variables were recorded were inconsistent. Additionally, many of the columns that could have been important 
such as heralds in total had to be deleted due to improper calculations. Other data such as creep score per minute also had 
many observations filtered out from the model because of incomplete data. One other variable that would have been useful 
would have been team quality. The quality of the team going into many of these matches would have been useful to use, as it 
could have been another independent variable to consider. For example, if a team was on a win-streak or recently signed a 
very good player, the team quality of that team could have gone up while the team quality of another could have gone down.  

8. Conclusion

This research is just the start of more research that can be done in the esports field. As esports continues to rise, many 
people are starting to see this industry as a career opportunity. The amount of analysis that can be done in just a couple of 
years of professional gaming leads to a wider array of possibilities in which analysts and enthusiasts alike can utilize their 
expertise to quantify how to win. As more research continues to come out, it will be much easier for players and coaches to 
justify why the game should be played differently and make strategies accordingly. League of Legends is a game that is 
developing rapidly and there already is a difference in play style from when the game first started. 

9. Further Research

Further research may include diving into many of the other variables that were not considered in this research. There 
were variables such as damage mitigated, monsters killed in own jungle/enemy jungle, and even champion picks that were 
not used. One can even investigate the same data this paper focused on and compare it to the skill of the player. Would these 
same strategies work for casual players or are these strategies easier to accomplish after having a base knowledge of the 
game? It would be effective to see how investigating different levels of expertise influence one team’s approach to winning. 
Other research may include looking at specific parts of the game including the time and noting the impact it has on winning 
and losing.  
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