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Abstract 

The electronic sports scene has been running for nearly two decades now; it started with 
small events held by small groups of people mostly in the USA and Europe but it has not 
stopped growing since then, both in viewers and videogames played. One of the arguably 
most important breaking points in the history of e-sports is the launch of League of 
Legends, the most played game in the history of online videogames, 9 years ago.  

League of Legends, has built a huge industry around professional competition during the 
last five years; only it’s North American league, one of the four strongest ones (along with 
Europe, South Korea and China) is predicted to reach values near the billon dollar figures 
this year[1]. It is this investment one of the things that makes the game a worldwide 
phenomenon, reaching around 120 million players in 2018 and almost the same amount 
of unique viewers of it’s world championship competition[2].  

The large amount of money behind the industry and the huge player base make up the 
motive of this project: developing a machine learning algorithm that provides game 
information to professional teams based on the data generated by the millions of games 
played worldwide.  
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Resum 

L’escena dels esports electrònics ha estat en funcionament durant gairebé dues dècades 
ja; Va començar amb petits esdeveniments organitzats per petits grups de gent 
principalment a Europa I els Estats Units però no ha parat de créixer des de llavors, tant 
en seguidors com en videojocs jugats. Segurament un dels esdeveniments més 
importants a la història dels e-sports és el llançament del League of Legends fa 9 anys, 
el joc amb més jugadors de la historia dels videojocs online. 

El League of Legends ha construït una gran industria al voltant de la competició 
professional durant els últims 5 anys; la seva versió Nord Americana, una de les quatre 
més potents (juntament amb Europa, Corea del Sud i Xina) es preveu que arribi a valors 
prop dels mil milions de dòlars aquest any[1]. És aquest nivell de inversió una de les 
coses que fa d’aquest videojoc un fenomen mundial, arribant als 120 milions de jugadors 
el 2018 i gairebé a les mateixes xifres de espectadors a la seva competició mundial[2]. 

La gran quantitat de diners darrere la industria i l’immens nombre de jugadors 
constitueixen els motius principals per desenvolupar aquest projecte: Crear un algoritme 
de machine learning que doni informació del joc a equips professionals basada en les 
dades que generen els milions de partides que es juguen arreu del món. 
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Resumen 

La escena de los deportes electrónicos ha estado en funcionamiento durante casi dos 
décadas ya; Comenzó con pequeños eventos organizados por pequeños grupos de 
gente principalmente en Europa Y Estados Unidos pero no ha parado de crecer desde 
entonces, tanto en seguidores como en videojuegos jugados. Seguramente uno de los 
eventos más importantes en la historia de los e-sports es el lanzamiento del League of 
Legends hace 9 años, el juego con más jugadores de la historia de los videojuegos 
online. 

League of Legends ha construido una gran industria alrededor de la competición 
profesional durante los últimos 5 años; solo su versión Norte Americana, una de las 
cuatro más potentes (junto con Europa, Corea del Sur y China) se prevé que llegue a 
valores cerca de los mil millones de dólares este año[1]. Es este nivel de inversión una de 
las cosas que hace de este videojuego un fenómeno mundial, llegando a los 120 
millones de jugadores en 2018 y casi a las mismas cifras de espectadores en su 
competición mundial[2]. 

La gran cantidad de dinero detrás de la industria y el inmenso número de jugadores 
constituyen los motivos principales para desarrollar este proyecto: Crear un algoritmo de 
machine learning que dé información del juego a equipos profesionales basada en los 
datos que generan los millones de partidas que se juegan todo el mundo.  
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1. Introduction 

1.1. Statement of purpose 
The purpose of this project is to predict the best characters to play in the game in every 
iteration (patch) of itself. Every three weeks approximately the game is actualised and 
character and game stats are modified, thus changing the game strategies and tactics; 
professional teams train and study to find the best way to play the game in each patch, 
this project wants to create a tool to give hints on this task and make it faster so the team 
who uses it can have an advantage over the ones that don’t. 

1.2. Requirements and specifications 
The project will be based in a machine learning algorithm which will be fed data from the 
different patches of the game and from the huge amount of games that are played daily. 
The input data will consist of various character and game stats and the output data will be 
a parameter describing the performance of each character for every patch. 

1.3. Methods and procedures 
This project starts from scratch, it intends to gather information from two main places: 
The first one is the Riot Games API, the API that League of Legends offers to players to 
gather information of the game. The second one is an external website, champion.gg, 
which offers data on character performance through the different patches of the game. 

1.4. Work Plan 
The tasks on this project can be classified in three main groups: Data research, Data 
structure and algorithm optimization. 

Data research consists on the study of different online resources that provide information 
on the game in study; as the number of players is so large the information available on 
the game is also very wide, this is ultimately an advantage but also brings the task of 
sorting it out and evaluating its quality.  

Once the information is selected it needs to be sorted out in order to feed it to an 
algorithm, the different origins of the information makes this task one of making different 
parts work together and conditioning its different formats with Python code. 

The final part consists on researching the algorithm that best fits the task and optimizing it, 
also with Python coding. 
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FIGURE 1: Critical review Gantt diagram 

1.5. Deviations 
The main deviation in this project has taken place during the data research; the expected 
low difficulty of finding data was poorly predicted and this fewer data has also not 
achieved the quality expected. Using several resources this difficulties have been solved 
out but at a cost of several more hours than previously planned, leaving less time to do 
research on the algorithm. 
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2. Brief introduction to the game 

2.1. Multiplayer Online Battle Arena (MOBA) 
League of Legends belongs to a videogame genre called MOBA, it stands for Multiplayer 
Online Battle Arena and includes a rather small set of very similar videogames where two 
teams of five people each controlling a character confront each other to gain control of 
the other team’s base.  

2.2. Platform 
The layout of the platform where it is played (the arena) always follows the same patterns, 
with different separated spaces where characters of similar characteristics confront each 
other (that doesn’t mean that players can’t move freely throughout the arena, the 
distribution of characters is somewhat of a convention on how to best play the game). 

 

   
FIGURE 2: Classical MOBA arena layout.       FIGURE 3: League of Legends map layout 

2.3. Characters 

At the beginning of each game every player chooses a character depending on which 
role they will develop throughout the match; the number of characters is currently around 
140.  

The phase where characters are chosen, the drafting phase, is a crucial one for the 
development of the game: if it isn’t optimally carried out by one of the teams (i.e. the 
characters chosen don’t work well together or against the other teams characters) the 
game can be virtually decided before it even begins. That’s why teams spend lots of 
money and time on finding the best strategies to face this phase, and the aim of this 
project is to contribute to these strategies; so, it can be said, that this project is oriented 
on optimizing the character selection of the game. 
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2.4. Game development 

Before the game starts and during it players choose equipment for their characters in 
order for it to perform the best way possible. This equipment, along with the features of 
the different characters, is what defines which characters perform better at every version 
of the game, that’s why the game company actualises them every few weeks in order to 
keep a fair balance between characters. With every actualisation, new characters 
become strong and others become weak, this project intends to predict, just as a new 
version is released, which characters will be stronger than the others.  
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3. State of the art of the technology used or applied in this 
thesis: 

Thorough research on the game began with the competitive scene (around 5 years ago); 
being it a relatively new competition the information even in present day is mostly offered 
by professional players or ex-players, as they tend to be the only ones with enough 
knowledge. Being this the situation, the data analysis experiences that could exist, if they 
actually do, would be kept under quite secrecy as they would offer a relevant advantage 
in terms of knowledge so experiences on it are not properly reported.  

The two main pieces of information on state of the art found during the development of 
the idea of this project are quite distant between them, one is a huge project with really 
high ambitions and the other one is a piece of news on a team betting on a project similar 
to this one but with no relevant information on the specifics. 

3.1. OpenAI Five 
OpenAI Five is a project based on another MOBA game very similar to League of 
Legends, Dota 2. This is an interesting project to understand the complexity of these 
kinds of games where the interactions between the 10 players and the different elements 
of the map produce an extremely huge number of variables. As stated in their website: 
We use Dota as a testbed for general-purpose AI systems which start to capture 
the messiness and continuous nature of the real world, such as teamwork, long time 
horizons, and hidden information[3]. 
In essence, OpenAI five learns from Dota 2 games in order to end up being able to beat a 
professional team; it has been running for 4 years now and has beaten the top 99.95th 
percentile players.  
Obviously the capacity of OpenAI Five exceed by far the scope of this project. In fact, a 
paper of a similar project can be found describing a similar project[4] 

 

3.2. MAD Lions data analysis 
MAD Lions is a Spanish League of Legends team that started a project on data analysis 
to improve the performance of their team. Their project included from studying 
communications between the players to champion selection optimization[5] (the actual 
scope of this project). Even though their experience could be really useful for this project 
no further information has been given on it (presumably for privacy issues). 

The positive note on this piece of news is that if teams are investing on it there is good 
chance that this project extracts positive conclusions.  



 

 15 

4. Methodology / project development:  

4.1. Data research and update 
This project relies on the amount and quality of the data it can gather, so the 
methodology on how to get it defines the success of it.  

League of legends has more than 140 playable characters, each of them with at least 4 
unique abilities, about 90 items to make combinations of 6 to power up the characters, 
more than 60 pregame attributes to set up in a 5-way combination for characters… Just 
to name the most important features. This huge amount of possibilities makes up for an 
as big amount of data available, the reach of this project isn’t long enough to gather all of 
it for two main reasons: First, some of this data isn’t available online and would have to 
be gathered through a historical research that would need numerous people working on it 
for quite a long time; second, such big amount of data needs for a consequently big 
amount of historical background for an algorithm to be able to learn from it and extract 
conclusions, League of Legends has been offering data for roughly 4 years now and as 
we will later see in the size of the data matrix of this project, it is not enough for the 
algorithm to take so much data on. This situation has led to a need to prioritize which 
data to look for and feed to the algorithm, the following list describes the prioritization and 
tradeoff evaluations this project has done in this field: 

- Character information: 

Data from characters in League of Legends has two main features: Their basic stats, of 
which all characters have the same categories, and their ability stats, of which each 
character has its unique ones. The way to gather information on basic stats is straight 
forward, as every character has the same categories the data matrix has a column for 
each one of them (20 in total). Ability data on the other hand is much more difficult to get 
into the matrix; being abilities unique to each character it makes no sense to put their 
stats mixed in the matrix as done with the basic stats, instead, this project has opted to 
classify characters through general treats that their abilities say of them. For example, 
characters that have attacking abilities are categorized together or characters that have 
healing abilities are also categorized together (the game itself provides this 
categorization). This decision is one of the big tradeoffs this project has in terms of data. 
While categories define well characters and make the algorithm have les confusing data, 
they don’t show the evolution that characters abilities take; should this project go forward 
after this first iteration a more useful solution should be searched for in order to include 
ability evolution, as it is an important feature that makes characters perform better or 
worse. 

During the course of this project an attempt of developing this task was made but 
discarded due to its complexity, not a capacity complexity but time complexity. The 
method consisted on standardizing the most relevant values abilities have and filling them 
with the data available if the character at study had them. This meant coding different 
lines for every character in the game because the origin of the information isn’t properly 
tagged to make it possible for it to be automatic. Existing more than 140 characters this 
task was not viable to complete but can be useful for future attempts on the project. 
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- Item information: 

Item data is one of the things that most affects performance of characters in the game, 
when an item is changed in a new version of the game characters that usually use it see 
their performance significantly affected. Data on items is available since the game started 
to run so this project has gathered this information to feed to the algorithm. As a 
downside of this data it is important to notice that items appear and disappear throughout 
versions and this makes the data matrix grow significantly with empty values. 

- Pregame attributes information: 

The way in which players select pregame attributes is different than the way in which they 
select in-game items: While in-game items can be selected in any order or manner, 
pregame attributes only have a limited way of combining themselves. This fewer 
combinations make pregame attributes less unique when it comes to prepare the game 
and they end up being very similar in characters that fall in similar categories (i.e. there 
are 5 main ways to combine pregame attributes and 6 main character categories). This is 
why the same categories used in champion abilities classification are useful to describe 
these attributes. Nevertheless selecting these categories to describe pregame attributes 
carries the same problem of not being able to study their evolution. Future iterations 
should study the benefits that including pregame attributes can have on the algorithm. 

 

Once the categories are evaluated and selected recollection of data comes next. The 
algorithm of this project runs on two main kinds of data, one for the input data and one for 
the output: The input data is the official game data (character statistics, item values…), 
which is given by the company that distributes it, the output data is based on the game 
performance of its millions of players, and can be given by a large amount of external 
websites which have been gathering it for years. 

 

4.1.1. Input data: Riot API 
As already stated, the input data is provided by the company that develops the game, it is 
provided by a public API (Riot API[6]) so players can gather information on their played 
games. As well as player information the API also gives information on the state of the 
game for every version (patch) of it; this information is the input data needed for the 
project as it gives context on how things are set throughout the different updates and lets 
the algorithm learn on how they affect performance of game characters in every patch. 

There are two main kinds of information that power the input data of the algorithm, 
information on the different characters in the game[7] (Champions) and information on the 
items they can use during a match[8]. Both sets of information are given via JSON which 
the algorithm gets and reads using Python and then dumps in a matrix.  

The two JSONS used offer different information on all characters and items of the game, 
obviously the algorithm doesn’t use all of it so specific categories have to be selected. For 
the character’s JSON the only features required are the basic stats category (‘stats’) and 
the one that classifies the character (‘tags’). For the items JSON there is a pre-selection 
needed that consists on getting only the items that matter (some items just serve the 
purpose of building bigger items and these ones are not relevant); once this is done the 
categories chosen are the price of the item (‘gold’) the attributes that it has (‘stats’) and 
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the ability (if it has any) it provides to the character that owns it (‘effect’). The figures 
below show the structure of the JSON. 

 

 

 
FIGURE 4: Character JSON data structure for each version of the game 

 

 
FIGURE 5: Item JSON data structure for each version of the game 

 

Champion and item information changes every patch, but while information on champions 
change in every row of the input data matrix (they are the feature of which the algorithm 
studies performance) the information on items changes only every time a new version of 
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the game is introduced; this configures the input data matrix in a dual way, leaving the 
first spots of a row to champion data (singular data) and the other spots to the items data 
(context data); context data remains unchanged for all the rows that represent a patch. 
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FIGURE 6: Matrix design layout 

 

It is important to notice that the part of the riot API that provides this information is not 
always properly taken care of, it sometimes changes the structure of information or 
leaves blank spaces where relevant information was in previous versions. For the sake of 
a well-fed algorithm the recollection of information from the JSONs must be periodically 
checked and contrasted. 

4.1.2. Output data: External websites 
The output data of the algorithm, the value that it attempts to predict, needs to be some 
kind of a performance indicator for every character (champion) in every version of the 
game (patch). The official game information just provides context data on the game and 
performance data for individual players, so this information has to be collected 
somewhere else. Luckily, since the game became such a popular icon, lots of websites 
have used the individual player information provided by the Riot API to study thousands 
of matches during each different patch and extract performance conclusions to give the 
players information on how to play on the current version.  

The value that the algorithm uses to weigh champion performance is a simple one 
provided by most of the websites: Win rate. The win rate is a percentage that divides the 
number of matches won per matches played for every champion. 

The main problem with these websites is that they don’t give information on previous 
versions of the game rather than only the current one and are also not willing to share 
their archive as its not information easy to get. The method used by this project to bypass 
the issue of getting historical data was accessing older versions of the websites using an 
online application[9] and manually copying it to its own archive on an excel sheet. 



 

 19 

Data on different websites has very little variance as all of them are capable to use large 
amounts of information for every patch, consequently the choice made in this project to 
use one of them is not based on the precision of the data they give (from which there is 
also no ground truth to check) but on the way to give this data. The website this project 
uses[10] has a key differential value over the other ones, it not only gives information on 
every champion but also specifies the role they develop in each game; this lets the 
algorithm have more data and also more accurate information. 

For further information on websites they are given in the bibliography. It can be easily 
perceived that the ones that don’t discern on the various roles that some champions can 
develop fail to give proper information of them. 

4.2. Data collection 
Once the data is selected and sorted the task becomes reading it, all the algorithm runs 
in Python code so the collection of data is done with it too.  

As stated before, there are two different sources from which the algorithm gathers 
information, and they have also different formats that require different approaches: The 
input data is stored online in a JSON format and the output data is stored in excel sheets 
created by the project based on external website information. 

The method to read the online JSONs is through a Python integrated library called urllib 
and the json library is used to dump its information on a Python list 

 
FIGURE 7: Screenshot of the orders that collect and read the JSON 

 

The excel sheets on the other hand are read with an external library called xlrd that 
provides methods to navigate through the different sheets and cells on an excel 
document. 

 
FIGURE 8: Screenshot of the orders that read and collect the Excel sheets data 

 

The data on the excel sheets is periodically saved in an online environment in order to 
have a proper security backup, the online data however is a little bit more dangerous as 
there is no guarantee that it will stay forever online. That is why additional code has been 
created to periodically save the data that the algorithm collects in a csv file. 
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FIGURE 9: Screenshot of the orders that transform all the gathered data into a file with 
csv format 

4.3. Algorithm 
Choosing an algorithm for the data gathered is highly influenced by the nature of the 
data: As stated before, the output data that the project uses links it not only to the 
character played but also to its role in a match; due to the nature of the game and data 
this role and the definition of the characters between some few categories are crucial to 
understand its success in a match, that’s why an algorithm that works well with 
categorical features has been chosen to fulfill this project’s goals. 

The algorithm used is the Catboost regressor[11][12][13], it has been compared with some 
other  regressors  (which have been thoroughly beaten) in mean squared error 
performance and optimized using the same criteria for its iterations, depth and number of 
estimators. 

The input data of the project has a large number of features (columns) for a not too large 
number of collected data (rows), this makes it easy for the algorithm to learn only for the 
data available and not being able to do a good job predicting over new data, in other 
words, overfitting is the main danger that the algorithm has to overcome. Catboost has 
features that automatically test the predictions with a validation set in order to avoid 
overfitting, and as shown later on this document, the code uses them following the criteria 
of getting the best RMSE possible without overfitting.  

RMSE stands for Root Mean Squared Error and is a standard performance metric for 
machine learning algorithms. It is useful because it uses the square of the difference 
between the expected value and the predicted value, thus penalizing more large errors. 

 

𝑅𝑀𝑆𝐸 = M∑ (𝑦PQRP 	− 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)WX
Y

𝑛  

To evaluate the performance of the predictions RMSE is also going to be used. 

 

The data set has at the time of writing this document has information on 88 versions of 
the game which give the data matrix more than 17.000 rows of data; These rows need to 
be split into the train, validation and test set for the algorithm to learn. If we take into 
account that the game has an evolution throughout time and that the objective of the 
algorithm is to predict future patches, the test set needs to be the data on the latest 
version of the game, to simulate a future prediction; following the same logic the 
validation test is the data on the second to last version of the game available. It is done 
like this not only because of the need to predict full versions of the characters 



 

 21 

performance (which includes the interaction between them inside each patch) but also to 
avoid randomizing the datasets resulting in a problem of predicting past data with future 
information, that would unfairly alter the results of the prediction. 

 
FIGURE 10: Catboost regressor and parameter optimization code lines 

  

Parameters in figure 6: 

- Catboost regressor 
o Iterations: The number of iterations that the gradient does, in catboost this 

number also sets the number of estimators used for the model. This 
parameter is set to its maximum value in order to offer the overfitting 
detector all the possibilities available. It will be described later which 
parameter defines the real number of iterators 

o Learning_rate: This parameter directly affects de velocity at which the 
algorithm works and also affects the number of iterations (the lower the 
learning rate, the higher the iterations). As time is not a problem due to a 
rather small dataset (>20.000 rows) this parameter is set to provide a 
reasonable number of iterations (from 50 to 200 aprox. Depending on the 
patch at study) 

o Depth: The depth of the tree of decision, the algorithm recommends 
values from 6 to 10, the value selected is 7 because it is usually the best 
performing of this range for the algorithm. 

o Od_type: Categorical value that defines the overfitting detection. It is 
defined to ‘Iter’ because it is the value that optimizes the algorithm to not 
overfit based on the number of iterations. 

o Use_best_model: This parameter is the one that makes the algorithm try 
different iterations based on the od_type category. 

o Eval_metric: Parameter that defines the criteria in which the optimization 
evaluation is carried out. RMSE is the metric that the project uses to 
evaluate the algorithm and so it is also the criteria given to its own 
optimization. 
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- Fit 

o Cat_features: As stated before, catboost accepts categorical features in its 
data set; this parameter states the columns in the data matrix where 
categorical values are placed. 

o Use_best_model: It has the same purpose as in the regressor. 
o Eval_set: Parameter where the validation set is defined; as stated before 

in this project the validation set is the second to last version of the game 
parameters. 

o Plot: This parameter extracts plot information from the process that the 
algorithm goes through. Unfortunately catboost’s current version has an 
issue with the plotting system but the information can still be used in future 
versions. 

4.4. Final notes 

The complexity of the game makes it difficult to feed all the potentially useful information 
to the algorithm. The input data has two main parts, as stated, consisting on character 
features and item features. Other features exist like character abilities or pre-game items 
of which there isn’t enough information easily accessible; it can be anticipated though that 
this extra information would likely improve the performance of the algorithm[14][15][16][17].  
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5. Results 

Project results are based on three things: Algorithm performance, Algorithm performance 
against other algorithms and stronger characters prediction. 

The algorithm performance has been tested by RMSE, which is based on the difference 
between the predicted values and the real values of the test data. As there is no 
information available on any other similar algorithm, the evaluation of its performance has 
been done by comparing the RMSE of the predicted results against the RMSE gotten of 
subtracting the mean of the test data set to the actual test data.  

M∑ (𝑦PQRP 	− 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)WX
Y

𝑛 	𝑣𝑠.
]∑ ^𝑦PQRP 	− _

∑ 𝑦PQRPX
Y
𝑛 `a

W
X
Y

𝑛  

 

This process has led to the numerical conclusion that the RMSE of the predictions 
outperforms the one from the mean value of the test data by approximately 20%, leading 
to the conclusion that the algorithm is learning the tendencies of the characters with the 
information given. It is necessary noting that although this result is good in terms of the 
stated conclusion is not good enough to say that the product is finished, in other words: 
The algorithm learns from the data available but not enough for it to guarantee 
trustworthy information. 

 

The Algorithm performance against other algorithms has been tested against a basic 
linear regression and against XGBoost[18][19], another well known python algorithm with 
good results in several applications. As stated in previous points of the document, 
categories are key in the data of the game, that is why Catboost has been always the 
main choice; comparing it to this others hasn’t been a priority of this project as the 
outcome was predictable beforehand, so even though it has been done and successfully 
proven that Catboost works better it is important to stress out that it has not been done 
with the optimised versions of the three algorithms for the sake of time economy. 

 

Finally, the strong character prediction, the end goal of this project and its future versions, 
has only confirmed what the RMSE seemed to indicate: The algorithm learns but not 
enough to call it a finished product yet. The methodology of this test is simple: The ten 
best performing characters on the test data set are taken and checked on their 
performance on the predicted data. The comparison shows that usually 9 or 10 
characters on the set are over the mean and even some of them are amongst the 
predicted best performers, which is clearly a positive sign, but most of them are not 
amongst the predicted best. This, as said before, is a sign of good direction but not a 
100% positive conclusion. 
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FIGURE 11: Code lines to calculate validation parameters  
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Category Value 

Game features  

Patch studied 9.6 

Date of patch release 20/03/2019 

Number patches available in the data 88 

Number of characters available in current patch 143 

Number of items available in current patch 81 

Data matrix  

Number of rows in the matrix 17257 

Number of columns in the matrix 953 

Number of rows used for train set 16846 

Number of rows used for validation set 205 

Number of rows used for test set 206 

Algorithm optimized features  

Iterations 101 

Depth 7 

Numerical performance results  

Test RMSE against predictions 1.811 

Test RMSE against test mean 2.267 

Validation set RMSE 1.736 

Test 10 strongest champions predicted over mean performance value 9/10 

Test 10 strongest champions predicted top 10 performing champions 3/10 

 

TABLE 1: Table of numbers for the latest game version tested 
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6. Budget 

This project is a software investigation with no cost on any hardware or physical 
components but the computer it is designed on. 
The working hours have been spent only by one student during the two semesters and 
have been approximately 8 to 10 per week, resulting in somewhere near 330 hours. If we 
consider a salary of 10€/h we can state that the cost from the hours spent is 3300€.  
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7. Conclusions and future development:  

In summary we can state that the project has succeeded to find some patterns that help 
predict character performance for new versions of the game. Although the results need to 
be more accurate for the algorithm to serve its purpose of being useful to professional 
teams there are signs that it can potentially reach this point. The main sign is the proven 
capacity of learning that the algorithm has shown with the information gathered until now 
(which, with more resources, could be larger); the second sign can be seen in the 
capacity to find some of the best performing characters in the test version of the game 
(the newer one). 

Future development on this project should focus on two main things: Data ampliation and 
front end for teams to be able to easily read conclusions. 

The data available online is enough to make the algorithm work but not enough to give a 
desirable accuracy for a professional team, future iterations of the project should focus on 
getting information from other sources (probably from the teams themselves) to make the 
algorithm a more useful product. 

The other main point is designing a front end for teams to understand the conclusions 
that the algorithm gets to, a simple user interface capable to give clear information on 
good and bad champions for each role should suffice. 

Finally, on a more ambitious tone, a really useful thing that could be done is aiming 
towards giving information not only on good characters but also on good full five member 
teams. Team synergy is one of the most important features in competitive League of 
Legends and it would provide teams even more valuable information than simply which 
characters are strong. To do this the input information should somehow include 
information on full parties performance during the game; this would require some Riot API 
access that is currently restricted but may be accessible if asked from teams with 
research purposes. 

 

As a closing statement, a general reflection on the state of the industry and the possible 
inclusion of this project in it seem appropriate.  Big investments are made daily on e-
sports and League of Legends, this project has started a way with just the work hours of 
an undergraduate engineer with no background on the field. Should this idea and its first 
steps make it into a proper e-sports organization with investing capacity and the correct 
knowledge and employees, it could develop into a useful tool for a professional team. 
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Glossary 

Champion: Word used for the characters in the game, in league of legends there are 
more than 140 characters and they are the item at study in this project. 

Patch: the name given to every version of the game. 

 


