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[Abstract]

This study was conducted to theoretically conceptualize the application of the Elo rating system for match prediction using
machine learning algorithms and empirically test its role using machine learning algorithms with K-League match data for 790
games in the 2020-2023 seasons. Python (3.10.9) was used to collect and preprocess match-related data from the K-League
website. Then, the importance of each variable to the prediction of game results was measured using the Feature Importance
function from the Random Forest Classifier in the scikit-learn library for the generated variables. A total of 120 independent
variables, including five Elo rating system related variables, were selected. Finally, among five machine learning algorithms (naive
Bayes, logistic regression, light GBM, elastic net, and decision tree), the decision tree based prediction model scored the highest
prediction accuracy of 0.48. This was then reinforced by our own prediction making process, yielding a prediction accuracy of
0.51 in the K-league prediction task.
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Table 1. Measurement items

Season Data Samples
2020 320 (160 Matches)
2021 456 (228 Matches)
2022 456 (228 Matches)
2023 348 (174 Matches)

2. A7 EE Pt IO AV EAME
Table 2. Number of participating matches and seasons in
the sample clubs

Team Home Away Total Season

Ulsan HD 66 65 132 4
Pohang Steelers 67 65 132 4
Daegu FC 65 67 132 4
FC Seoul 67 65 132 4
Jeonbuk Hyundai M 67 65 132 4
Incheon United 66 66 132 4
Gangwon FC 66 66 132 4
Suwon Samsung BW 67 66 132 4
Gwangju FC 46 48 94 3
Jeju United FC 51 54 105 3
Suwon FC 53 52 105 3
Seongnam FC 52 51 103 3
Gimcheon Sangmu 32 33 65 2
Daejeon Citizen 14 15 29 1
Busan IPark 13 14 27 1
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Table 3. Research variables - On-field variables

On—field Variables

Full Time Team Goal

Rating

Shot

Shot On Target

Blocked Shot

Shot Off Target

Shot inside Penalty Area

Shot outside Penalty Area

Offside Free Kick
Corner Kick Throwing
Dribble Success Dribble Attempt

Pass Success

Pass Attempt

Pass Success in Offense Area

Pass Attempt in Offense Area

Pass Success in Middle Area

Pass Attempt in Middle Area

Pass Success in Defense Area

Pass Attempt in Defense Area

Long—distance Pass Success

Long—distance Pass Attempt

Middle—distance Pass Success

Middle—distance Pass Attempt

Short—distance Pass Success

Short-distance Pass Attempt

Forward Pass Success

Forward Pass Attempt

Side Pass Success

Side Pass Attempt

Back Pass Success

Back Pass Attempt

Cross Success

Cross Attempt

Press—resistance

Key Pass

Duel Success on Ground

Duel Attempt on Ground

Duel Success on Air

Duel Attempt on Air

Tackle Success

Tackle Attempt

Clearance Intercept
Pass Block Ball Gain
Block Ball Miss
Foul Gain Foul
Yellow Card Red Card

Goalie Punching

Goalie Catching

Kick Success by Goalie

Kick Attempt by Goalie

Saved Air-ball by Goalie

Attempt to Save Air—ball
by Goalie

Full Time Team Score (Opp)

Rating (Opp)

Shot (Opp)

Shot On Target (Opp)

Blocked Shot (Opp)

Shot Off Target (Opp)

Shot inside Penalty Area (Opp)

Shot outside Penalty Area (Opp)

Offside (Opp)

Free Kick (Opp)




Corner Kick (Opp) Throwing (Opp)

Dribble Success (Opp) Dribble Attempt (Opp)

Pass Success (Opp) Pass Attempt (Opp)

Pass Success in Offense Area | Pass Attempt in Offense Area

(Opp) (Opp)
Pass Success in Middle Area Pass Attempt in Middle Area
(Opp) (Opp)

Pass Success in Defense Area | Pass Attempt in Defense Area
(Opp) (Opp)
Long—distance Pass Success Long—distance Pass Attempt
(Opp) (Opp)
Middle—distance Pass Success | Middle—distance Pass Attempt
(Opp) (Opp)
Short—distance Pass Success Short—distance Pass Attempt
(Opp) (Opp)

Forward Pass Success (Opp) Forward Pass Attempt (Opp)

Side Pass Success (Opp) Side Pass Attempt (Opp)

Back Pass Success (Opp) Back Pass Attempt (Opp)

Cross Success (Opp) Cross Attempt (Opp)

Press-resistance (Opp) Key Pass (Opp)

Duel Success on Ground (Opp) | Duel Attempt on Ground (Opp)

Duel Success on Air (Opp) Duel Attempt on Air (Opp)

Tackle Success (Opp) Tackle Attempt (Opp)

Clearance (Opp) Intercept (Opp)

Pass Block (Opp) Ball Gain (Opp)

Block (Opp) Ball Miss (Opp)

Foul (Opp) Gain Foul (Opp)

Yellow Card (Opp) Red Card (Opp)

Goalie Punching (Opp) Goalie Catching (Opp)

Kick Success by Goalie (Opp) | Kick Attempt by Goalie (Opp)

Saved Air—ball
by Goalie (Opp)

Attempt to Save Air-ball
by Goalie (Opp)
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Table 4. Research variables - Off-field variables

Off—field Variables

Match Date Home Team
Away Team Match Referee
Is Home Home Win
Away Win Team Coach
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Table 5. Derived variables based on Elo rating system

Variable Name Explanation

Elo Elo rating of the home team
Elo_Away Elo rating of the away team
Elo. WinRate Winning rate of home team

based on its elo rating

Draw rate of both teams

Elo_DrawRate based on their elo ratings

Winning rate of away team

Elo_WinR ! )
o_WinRate_Away based on its elo rating

Standard deviation of

El TD
0-S elo ratings of both teams
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Table 6. Prediction form of the game result based on
machine learning
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Table 9. Distribution of prediction and actual match result
of 2023 K-league (decision-made matches)

Win (A) Draw (A) Loss (A) Total
Win (P) 29 14 8 51
Draw (P) 8 7 2 17
Loss (P) 7 1 16 34
Total 44 32 26 102
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