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Abstract This study uses box office data collected by the Korean Film Council (KOFIC) to develop and
compare predictive models for cinema attendance and revenue. Data preprocessing removed irrelevant
variables and handled missing values separately for categorical and numerical data to ensure
consistency. Exploratory data analysis identified key variables, including Seoul audience size, revenue,
total number of screens, film genre, rating, and month of release, which revealed a strong correlation
between Seoul audience size and revenue with box office performance. Based on this analysis,
predictive models were developed using CatBoost and PyCaret AutoML. CatBoost was chosen for its
effectiveness in handling categorical variables such as director name, production company, and genre,
while PyCaret AutoML was chosen for its ability to automate the modeling process, making it easy for
non-experts to compare different models. The performance of the models was evaluated using mean
absolute error (MAE), root mean squared error (RMSE), and R-squared (R?, with CatBoost demonstrating
superior accuracy. In addition, the SHAP technique was used to interpret the models, identifying Seoul's
audience size and revenue as the most significant predictors. This research presents reliable box office
prediction models that will improve decision-making in the film industry and support the development
of data-driven strategies.

Key Words : Box Office Prediction; Exploratory Data Analysis; Machine Learning; Categorical Boosting;
Automated Machine Learning; SHapley Additive exPlanations
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(Table 1> KOBIS (Korean Box Office Information System) box office movie information: Column definitions

No Column Name Column Definition Data Type Length
1 NO Unique identifier for the movie DECIMAL 30,0
2 MOVIE_NM Name of the movie VARCHAR 200
3 DRCTR_NM Name of the director VARCHAR 200
4 MAKR_NM Name of the production company VARCHAR 200
5 INCME_CMPNY_NM Name of the importing company VARCHAR 200
6 DISTB_CMPNY_NM Name of the distributing company VARCHAR 200
7 OPN_DE Release date of the movie (YYYYMMDD) VARCHAR 8
8 MOVIE_TY_NM Type of the movie (e.g., feature film) VARCHAR 200
9 MOVIE_STLE_NM Format of the movie (e.g., short, feature) VARCHAR 200
10 NLTY_NM Nationality of the movie VARCHAR 200
11 TOT_SCRN_CO Total number of screens DECIMAL 28, b
12 SALES_PRICE Total box office revenue DECIMAL 28, 5
13 VIEWNG_NMPR_CO Total number of viewers DECIMAL 28, 5
14 SEOUL_SALES_PRICE Box office revenue in Seoul DECIMAL 28, 5
15 SEOUL_VIEWNG_NMPR_CO Number of viewers in Seoul DECIMAL 28, 5
16 GENRE_NM Genre of the movie VARCHAR 200
17 GRAD_NM Rating of the movie VARCHAR 200
18 MOVIE_SDIV_NM Classification of the movie (e.g., general, animation) VARCHAR 30
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[Fig. 1] Average box office revenue by release month
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(Table 2) Average box office revenue by release

month
Release Month Average Box Office Revenue (KRW)

January 504,680,519
February 233,802,074
March 87,496,571
April 72,989,572
May 119,235,062
June 264,763,718
July 302,735,906
August 472,866,986
September 229,594,976
October 192,549,478
November 799,482,182
December 555,255,069
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(Table 3) Average number of viewers by genre

Genre Average Number of Viewers
SF 4,246
Family 4,241
Performance 8,385
Horror 21,972
Others 259
Documentary 5,846
Drama 65,948
Melo/Romance 1,205
Musical 7,012
Mystery 94,714
Crime 175,917
Historical 1,004,170
Western 46
Erotic 14
Thriller 33,154
Animation 88,370
Action 85,725
Adventure 200,842
War 16,700
Comedy 107,891
Fantasy 112,084
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[Fig. 3] Visualization of the correlation between box
office revenue and number of viewers
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352 Table 49} At}

(Table 4) CatBoost model performance evaluation

results
Metric Number of Viewers Box Office Revenue
MAE 2,637.42 21,480,344.63
RMSE 14,666.76 166,802,524.21
R? 0.97 0.95

Sk dlolE] AlojlA] PyCaretS 2-8-5}0] thakst 3]
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{Table 5) Performance comparison of PyCaret algorithms
(prediction of number of viewers)

Algorithm MAE RMSE R?

Huber Regressor 3,369.40 | 22,329.53 | 0.97
K-Neighbors Regressor 5177.85 | 54,116.26 | 0.91
Linear Regression 12,202.29 | 63,905.53 | 0.82
Lasso Least Angle Regression 12,199.44 | 63,912.45 | 0.82
Ridge Regression 12,195.18 | 63,931.19 | 0.82

Extra Trees Regressor 6,678.73 | 64,262.72 | 0.87
Lasso Regression 12,267.70 | 64,468.35 | 0.82
Bayesian Ridge 12,122.07 | 64,623.63 | 0.82

Elastic Net 12,204.53 | 65,080.97 | 0.82
Orthogonal Matching Pursuit 12,463.42 | 71,868.73 | 0.78
Random Forest Regressor 7,912.06 | 78,198.57 | 0.79
Extreme Gradient Boosting 9,606.25 | 84,708.50 | 0.79
AdaBoost Regressor 12,401.04 | 88,010.19 | 0.77
Gradient Boosting Regressor 9,679.17 | 88,394.25 | 0.72
Decision Tree Regressor 9,678.96 | 92,077.37 | 0.51
Passive Aggressive Regressor 11,456.82 | 109,394.13 | 0.50
Light Gradient Boosting Machine | 20,475.92 | 123,882.55 | 0.40
Least Angle Regression 85,702.53 | 162,878.36 |-14.91
Dummy Regressor 33,835.57 | 171,840.87 | -0.01
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(Table 6) Performance comparison of PyCaret algorithms (prediction of box office revenue)

Algorithm MAE RMSE R?
Huber Regressor 25,380,496.91 168,493,814.13 0.98
Passive Aggressive Regressor 59,445,143.20 367,288,276.04 0.95
Decision Tree Regressor 51,858,847.05 516,030,723.21 0.62
Linear Regression 100,093,721.79 519,927,084.95 0.85
Lasso Least Angle Regression 100,093,719.52 519,927,090.75 0.85
Ridge Regression 100,021,613.49 520,131,811.69 0.85
Lasso Regression 100,093,725.65 520,373,067.22 0.85
Elastic Net 99,383,171.38 525,310,677.99 0.84
Bayesian Ridge 94,090,900.75 535,812,778.28 0.84
Orthogonal Matching Pursuit 94,581,719.24 536,416,382.85 0.84
Extra Trees Regressor 54,007,726.18 546,018,515.40 0.88
Random Forest Regressor 61,542,037.25 623,334,938.39 0.82
Gradient Boosting Regressor 71,735,333.96 650,469,300.67 0.79
Extreme Gradient Boosting 71,045,466.40 665,989,884.80 0.82
K-Neighbors Regressor 75,842,223.20 716,213,561.60 0.80
AdaBoost Regressor 95,790,024.89 769,584,692.62 0.77
Light Gradient Boosting Machine 168,666,774.84 1,071,906,784.02 0.40
Dummy Regressor 295,427,363.20 1,496,258,240.00 -0.01

Least Angle Regression 583,131,082,775.22 1,310,818,230,414.92 -1,257,146.66
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(Table 7> Performance comparison of classification

models for movie release month
prediction
Algorithm Accuracy F1 Score
Categorical Boosting 0.20 0.18
K Neighbors Classifier 0.15 0.13
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