
 

 

Next Level Matchmaking
 

Julianto Cristian1,* Fahrian Muhammad Nabiel1 Christ Anderson Wisnu1  

Ajeng Wulandari1 

1 School of Computer Science, Bina Nusantara University, Jakarta, Indonesia 
*Corresponding author. Email: julianto.cristian@binus.ac.id  

ABSTRACT 

Matchmaking is a matching process. In game, those matchmaking is a matching process that functions to find our 

opponents and friends. However it is harder to win the game when there are smurf players who play in matches that 

don't match their abilities. Because of that, we want to propose next level matchmaking. We choose OptMatch as our 

dataset and implement K-Nearest Neighbout to player in real matchmaking. 
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1. INTRODUCTION 

Matchmaking is a matching process. Matchmaking is 

commonly used in dating apps and games, here we will 

discuss about Matchmaking in the game. Matchmaking 

itself, which we mentioned earlier, is a matching process 

that functions to find our opponents and friends. In 

Matchmaking there is an algorithm that can determine 

who our opponents are and who are our teammates based 

on existing data. 

The games that are our focus in implementing this 

matchmaking are MOBA-type games such as Mobile 

Legend, League of Legends, Dota 2 and other MOBA 

games. We chose the MOBA type game because the team 

search system in the MOBA game is more complicated 

than other games because in the MOBA game there are 

many roles that must be fulfilled to be able to win the 

game, while most of the teams that are obtained often use 

the same role so there are roles that are not fulfilled in the 

game. one team in particular when we play with random 

players. 

Not fulfilling all roles in one team makes the game 

difficult to win so that players don't get pleasure in 

playing, especially when there are smurf players who 

play in matches that don't match their abilities, that's why 

we are doing research on next level matchmaking. 

What is next level matchmaking? Next level 

matchmaking is a more advanced matchmaking that 

matches based on many aspects such as how the player 

performs in the game, what roles are often used in 

matches, account creation dates, and in-game statistics, 

so matchmaking is not only based on rank in the game. 

So that you can avoid players from smurf players 

whooften deliberately reduce their rank to get easy 

enemies and avoid players who play with random people 

getting a team with a messy composition. 

2. LITERATURE REVIEW 

Matchmaking is an important issue in online gaming. 

One of the problems that players often experience in 

games is meeting smurf players and random teams that 

don't match us. Playing with random players sometimes 

makes us unable to work together so it makes us 

frustrated. 

Matchmaking now cannot distinguish smurf players 

because the system can only differentiate between ranks 

and also cannot differentiate between teams that are 

suitable for us, so our group aims to study the interactions 

between increased performance between players who 

play throughout the game by looking at developments in 

the game by counting power between players. 

To lure smurf players, we can use the help of the DDA 

method because usually smurf players will definitely use 

a different account so that the DDA method is made to 

adjust the skills read through analysis to balance the 

composition of a team that will play. 

Development can occur according to the existing 

template using HCG balancing in the case of selection 

and sorting. Matchmaking uses the rankings of players to 

perform similarly to other players. Matchmaking must 

also adjust to real time because it is in the same 

matchmaking so when doing it must be fast and precise. 
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Having a good team and not meeting smurf players 

will definitely increase the enjoyment of each player in 

the game, with this it can also balance the differences 

between ranks so that there is no one-sided game. 

 We as developers definitely want all the players to 

play comfortably and not only benefit one player so that 

the games we make are played more and more because 

usually making games requires a relatively large 

investment. With such investments we as developers 

definitely design not only good designs but also good 

rules for all players. With both, our game will be more 

comfortable to use and there will be more players. 

A game must have a profile that is needed for the 

needs of a game. With that the profile must have game 

data on the player. In this matchmaking we can identify 

existing anomalies by cursing this profile. In this profile, 

there will be a credit score that allows us to identify 

whether this player is normal or there is an anomaly 

(smurf). With this profile, we can also see what players 

are doing in playing this game, whether it's normal or an 

anomaly. 

With a profile in a game, of course, it is also very 

helpful in collecting information and data on a player in 

raising the existing level in different ways depending on 

the player. With this, it's hard to tell which players are 

normal and smurfs. To determine this, it must have a 

level such as a credit score that exceeds the limit then he 

is already considered an anomaly player. 

From research by Hao Wang, it shows a new way to 

make matchmaking with more profitable matches to all 

existing players with different criteria from player 

methods, credit scores, and others that make 

matchmaking fairer than the old matchmaking. In this 

research created from a small survey of players who 

enjoy the new matchmaking by revealing that the old 

matchmaking was not good. 

With a successful credit score for Smurf players 

through individual skills, this will cause the 

matchmaking to be used to be better, especially by 

building new knowledge matchmaking models based on 

experts. Some of this research was influential in limiting 

the effect of matchmaking and analyzing all existing 

players through existing profiles in future matchmaking 

experiments. By describing individual abilities and 

feedback from players, Smurf players will be easy to find 

in a pattern. 

Even though the game is fair, it is possible that not all 

players can enjoy the game that we have made, the new 

matchmaking is more fair. It's possible that there are 

players who don't smurf but have really good skills, they 

won't be happy if they are reported by other people which 

causes their credit score to decrease and can't do 

matchmaking. But it would be good if the smurf player 

who actually used the smurf account would be banned, it 

would create a certain satisfaction for the player who 

fought the smurf player, an online game should have fair 

matchmaking that makes the players enjoy the game. 

been made at great expense. Matchmaking will actually 

make a big deviation between players who have good 

skills and those who don't. 

3. METHODOLOGY 

The methodology that will be used to improve 

matchmaking is getting better, it must have criteria such 

as fairness so that each team that competes has equality 

between the teams and players. 

𝑠(𝑋) = ∑𝑥∈𝑋  𝑠𝑥 

With this smurf, it is possible that a team without 

smurf players will experience a crushing defeat (no 

resistance) because it is different in terms of gameplay 

and player skills. So it is very necessary to identify 

whether a player is a smurf or not when doing 

matchamaking. 

Usually matchmaking uses many methods such as 

Elo, Glicko and True skill to do good matchmaking, but 

this has been since 1978 players are getting smarter to do 

cunning to get the win. But elo is still good to use because 

of its performance to distribute variables randomly by 

looking at the player's skills in real. This is usually used 

to determine the existing rankings of the players, if the 

players win continuously then the players will get higher 

in rank and if they lose the rank will go down. With 

matchamaking, you really need a rank that can make a 

game have good fairness. 

For our analysis we use dataset from OptMatch: 

Optimized Matchmaking via Modeling the High-Order 

Interactions on the Arena (2020). We choose this because 

in online game so many player smurf in Multiplayer 

Online Battle Arena Video Games like Dota, and LOL. 

Dota2, LOL(League of Legends) are datasets of the 

famous 5v5 Multiplayer Online Battle Arena (MOBA) 

games, in which players control heroes of different 

abilities to fight. Dota2 contains 50,000 matches, 113 

heroes and 10,815 players. LOL(League of Legends) 

contains 187,588 matches, 139 heroes and 43,706 

players. We use evaluation matricst know only binary 

result marks(win/loss) available accuracy(Acc) is used to 

measure the models. 

Machine learning start from pattern recognition and 

theory that machine can learn by themselves to do any 

specific task to improve the matchmaking in Dota . 

Example for how to pick the appropriate players to form 

a team from a pool of queuing players. The more data that 

use to feed the model then the machine learning can do 

better then before. We made machine learning for avoid 

smurfing in matchmaking is report from another player 

that play with smurf in same matchmaking. So the model 

can know that is smurf or real player that queue in the 

game. If the player is a smurf, player will be penalized. 
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Not only report from other player, smurf have a different 

graph from other players in the real rank.  

For the profiles of players who follow the existing 

matchmaking from credit scores, each profile must have 

data the players see for example Dota 2, namely there is 

Gold per minute, EXP per minute, Damage to towers, 

Damage to heroes, How many do towers, Kill, Death, 

Assists, and skills of these players reported by other 

players. With this data, the model that has been made will 

be identified to see if this player is normal or anomaly. 

Not only that, the credit score is also very influential in 

seeing whether this player anomaly or not, the players 

who don't smurf will be identified fairly. 2 This method 

is effective for this new matchmaking. 

Using K-Nearest Neighbor is finding a shortest path 

between the data to be evaluated and its K-nearest 

neighbors in the training data to maintain each rank of 

player in real matchmaking. To evaluate how smurf can 

easily know by system we made credit score, that 

maintain another player can report smurf that effect to 

their credit score. 

4. RESULTS 

In this final stage, we will explain some of the results 

that we get from the matchmaking system research. This 

will explained that the stage of realizing of the results of 

the design into an application that can be operated in 

order to achieve results in accordance with the design. 

After collecting variable data and the stage of system 

design and software implementation, then calculations 

using the K-Nearest algorithm, the next action is the 

application of the software results. Here are some of the 

results that have been obtained: 

4.1 Input page 

This page is a page for entering data from players who 

want to see the classification of their account. Here the 

user must enter their account data, including, Nickname, 

Rank, Number of Matches, Win Rate, KDA, Total Match 

Number, Overall Win Rate, Overall KDA, and Credit 

Score. 

4.2 New player 

On this page, the data that has been input on the input 

form will be displayed in the form of a table. 

4.3 Data sample 

In this case, there is sample data that will be used as 

test data for the new data. 

 Matchmaking 

On this page, the data from the user account and also 

the data from the sample data are displayed again. 

However, the data shown is only Nickname, Rank, 

Number of Matches, Win Rate, and Credit Score. 

4.4 Matchmaking result 

On this page, it will be displayed the result of the 

calculation of proximity value between user data and 

sample data. The value shown is a percentage of 

proximity between user data and sample data. The 

calculation method is: 

4.5 KNN Algorithm 

1. Specifies parameter K as the number of 

neighboring closest to the new object. 

2. Calculate the distance between new objects/data 

against all objects/data that have been trained. 

3. Sort the results of the calculation. 

4. Specify the nearest neighbor based on the 

minimum distance to K. 

5. Specify the category of the closest neighbor to the 

object/data. 

6. Use the majority category as the new object/data 

classification. 

 

Figure 1 KNN Flowchart. 

5. CONCLUSION 

Today many people are using the account smurf and 

it makes the game becomes a draw and therefore the 

presence of Next Level Matchmaking we'll make the 

match will be much more balanced by using some test 

data such as how quickly people that produce gold per 

minute, damage to hero per minutes, tower damage per 

minute, average kill, average assist, and average death. 

That will be our data to make Next Level Matchmaking 
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and it will make the game more fair. With all existing 

data we will use K-Nearest Neighbor to find the shortest 

path between the data to be evaluated. 
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