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[Abstract]

This study developed and analyzed ensemble learning-based prediction models for forecasting attendance
in the KBO League. Using KBO League data from 2022 to 2024, we collected variables such as team rankings,
winning rates, consecutive wins/losses, search volume, stadiums, and home/away games, with the attendance
ratio compared to stadium capacity set as the target variable. In the data preprocessing phase, Monday games
were excluded, and the home/away attendance ratio was set to 7:3 to enhance model realism. Among various
ensemble models compared, including Linear Regression, Random Forest, XGBoost, and LightGBM, the LightGBM
model showed the best performance with an RMSE of 8.39 and R* Score of 0.783. Feature importance analysis
revealed that online search volume (28.17%) and winning rate (25.17%) had the most significant impact on
attendance, while team (10.57%) and day of the week (9.73%) also showed meaningful influence. Additionally,
SHAP (SHapley Additive exPlanations) analysis provided insights into the directional impact of each variable
on predictions, particularly revealing that the home/away factor had a stronger influence than expected through
interactions with other variables. This study is significant in providing a practical prediction model that can

assist KBO teams in establishing attendance strategies and making marketing decisions.
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I. Introduction
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II. Literature Review

2.1 Research Trends in Sports Attendance
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2.2 Predictive Models and Explainability Tools
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2.3 Contribution and Distinctiveness of This
Study
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III. Methodology

1. Data Collection and Preprocessing
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Table 1. Data Collection Results

Category Data
Date, Rank, Team,
Performance

Win Rate, Streak

Date, Team,
PC/Mobile Search Value

Date, Day, Home/Away, Stadium,
Attendance

Search Volume

Attendance

3% 155 dolgAle & 4.895719] 381} 11719 &
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e glolg & LA(stadium), &/¥%(home_or_away)
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Table 2. Dataset Variable Composition

Variable Name Type Example
date string 2024.08.21
day string Tue,Wed...
rank integer 12..
team string KIA,SSG..

win_rate float 0.613
streak string 2W,1L...
search_value integer 122637
stadium string Jamsil
home_away string home
attendance float 16000
att_ratio float 100.0
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ZofAgt ,ﬁ‘jﬂ% £730] Qlo] HlolEo] s ¢s
wAOA RQlstct. oz Qls & 4,895719] oY &
4,8477119] H|o]Ej7t EAof] AREE| ATt
A5/Al(streak) Wre FAIE FE (of:'257, 1))
2 Eojglof Be sha5 Yl APz WEtshe AR
2 32 AN Eh 2% (day). Blteam),
(stadium) 52} P33 Hps2 22 52 #dl 2o
2 9l3Y(Label Encoding)g A8sfo] 1.95F Aazko
2 Q3.
2 A319] gloJe] Aeg] W 2d 552 Google Colab
bAoA Pandas, Scikit-learn, XGBoost, LightGBM,
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2. Exploratory Data Analysis
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Correlation: 0.415
p-value: 3.839e-90
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Fig. 2. Correlation between
Search value And Attendance Ratio
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Fig. 3. Distribution of audience ratio and online
search volume by KBO team

IV. The Proposed Scheme

1. Basic Model: Attendance Ratio Prediction
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Table 3. Performance of Basic Models

Algorithm RMSE R? Score
Linear Regression 23.23 0.207
Decision Tree 22.48 0.257
XGBoost 17.45 0.552
Random Forest 16.99 0.576
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2. Improved Model Development
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2.1 Preprocessing of the Improved Dataset
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2.2 Algorithm Performance Analysis
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Table 4. Performance of Improved Models
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2.3 Interpretation of Feature Importance Analysis
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Table 5. Feature Importance of LightGBM Model

Algorithm RMSE R? Score MAE
LightGBM 8.39 0.783 6.18
XGBoost 8.84 0.760 6.43
Random 8.86 0.759 6.46
Forest
Gradient 9.08 0.746 681
Boosting
AdaBoost 12.17 0.545 9.67
SVR 12.27 0.538 9.21
Linear 12.79 0.497 9.98
Regression
Ridge 12.79 0.497 9.98
Lasso 13.02 0.479 10.17
ElasticNet 13.65 0.427 10.68
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Feature Importance (%)
search_value 28.17
win_rate 25.17
team_encoded 10.57
day_encoded 9.73
streak_value 8.60
stadium_encoded 7.93
rank 6.73
is_home 3.10

2.4 Interpretation of SHAP Analysis
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Fig. 5. SHAP Summary Plot
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3. Ensemble Model Evaluation
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V. Conclusions
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