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[Abstract]

The popularity of musical actors and ticket sales are closely related. However, owing to the increase in production costs caused
by star casting, a vicious cycle of ticket price increases and decreased accessibility to musicals continues. To prevent this, we
identify the major factors affecting ticket sales and propose a factor analysis method via a machine learning-based musical
remaining seat prediction framework. The proposed framework analyzes the factors that have a significant impact on the prediction
of remaining musical seats. To verify this, we conducted an experiment using nine machine learning models along with statistical
analytical techniques. We analyzed the prediction results of the models using Shapley Additive exPlanations for factor analysis.
The Gradient Boosting Regressor model showed the best prediction performance. We confirmed that the discount rate was the
most important factor in ticket sales. Through the proposed framework, we efficiently predicted remaining seats and confirmed the

most important factors in predicting remaining seats.
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Table 1. Parameters of the model used in the experiment

RandomForestRegressor[20] AdaBoostRegressor[21]

n_estimators [50, 100] n_estimators [50, 100]
max_depth [5, 10, None] | learning_rate [1.0,0.1]
BaggingRegressor[22] ExtraTreesRegressor[23]
n_estimators [50, 100] n_estimators [50, 100]
max_samples [0.8, 1.0] max_depth [5, 10, None]
max_features [0.8,1.0] m|n,sarrjp|es, [2,5]
split
GradientBoostingRegressor[24] MLPRegressor[25]
. hidden_layer_ | [(50,), (100,)
1 ), s
n_estimators [50, 100] cizes (50, 50)]
learning_rate [0.1, 0.01] activation ['tanh', 'relu']
[0.0001,
max_depth [3, 5] alpha 0.001]

CatBoostRegressor[26] LGBMRegressor[27]

['squared_erro
r', 'huber’,

loss Lo . C [0.1,1,10]
epsilon_insens
itive']
['2', ', " gt

penalty ‘elasticnet'] kernel ['linear', 'rbf']

) ['scale’,
max_iter [1000, 2000] gamma ‘auto']

XGBRegressor[28]
n_estimators [50, 100]
learning_rate [0.01,0.1]
max_depth [3, 5]
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Table 2. Analysis of correlation coefficients between
independent and dependent variables

Pearson Spearman Kendall

Feature name correlation correlation correlation
(r , p-value) (r, p—value) (r, p—value)
cast1 (0.036,0.463) | (0.018,0.704) | (0.014,0.710)
cast2 (0.152,0.002) | (0.157,0.001) | (0.124,0.001)
cast3 (0.008,0.857) | (0.019,0.694) | (0.17,0.670)
cast4 (0.052,0.287) | (0.049,0.316) | (0.041,0.316)
weekend (0.152,0.002) | (0.158,0.001) | (0.116,0.002)
day (0.070,0.158) | (0.076,0.124) | (0.066,0.124)
dc (0.358,0.000) | (0.422,0.000) | (0.340,0.000)
evt (0.220,0.000) | (0.259,0.000) | (0.223,0.000)
Month (0.105,0.034) | (0.098,0.046) | (0.077,0.08)
Day (0.089,0.070) | (0.072,0.142) | (0.051,0.152)
night (0.070,0.154) | (0.069,0.160) | (0.060,0.160)
musical bare (0.081,0.100) | (0.062,0.211) | (0.053,0.211)
g”e“nst'l‘e’i'] an (0.276,0.000) | (0.272,0.000) | (0.235,0.000)
musical hades | (0.211,0.000) | (0.198,0.000) | (0.172,0.000)
musical salieri (0.271,0.000) | (0.311,0.000) | (0.265,0.000)
\Talrjssgfl?és (0.310,0.000) | (0.326,0.000) | (0.282,0.000)

CCA Scatter Plot between dc and seat
r = 0.36, g = 0.000 = =
2.0
@ (-] @ @ @
1.5
(] e @ [ ] a (5]
104 @ e @ @ @

(=] @ [ -] @ @
_ID i
2] ] [ ] [ ]
—1I .0 —Clh 5 0.‘0 D.IS l.IO 1.‘5
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Fig. 2. CCA analysis for variables seat and dc
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Table 3. Basic statistics and analysis of datasets based on whether they're stratified or not

Train Internal validation External validation
u(o) ©(o) u(o)
data Non-stratified Stratified Non-stratified Stratified Non-stratified Stratified
castl 1.100 1.000 1.000 1.300 1.200 1.100
(1.000) (0.900) (1.000) (0.900) (0.900) (1.000)
cast2 1.400 1.400 1.400 1.400 1.300 1.300
(1.100) (1.100) (1.100) (1.100) (1.100) (1.000)
cast3 0.700 0.700 0.600 0.700 0.600 0.500
(0.700) (0.700) (0.600) (0.700) (0.700) (0.600)
castd 0.700 0.700 1.300 0.700 0.800 0.700
(0.700) (0.700) (0.600) (0.700) (0.700) (0.800)
weskend 4.800 4.800 6.000 4.900 4.600 4.800
(1.700) (1.700) (1.000) (1.800) (1.600) (1.600)
da 0.300 0.300 0.000 0.300 0.300 0.300
y (0.500) (0.500) (0.000) (0.400) (0.400) (0.400)
& 16.800 16.800 22.500 16.900 17.000 18.100
(14.900) (14.800) (13.000) (14.800) (13.900) (14.700)
evt 0.300 0.200 0.000 0.300 0.200 0.300
(0.500) (0.400) (0.000) (0.500) (0.400) (0.500)
Month 7.700 7.700 8.300 7.700 7.700 7.700
(1.000) (1.000) (0.600) (1.000) (1.000) (1.100)
Da 15.800 16.400 16.000 15.700 17.800 16.100
Y (8.400) (8.200) (6.600) (9.100) (8.800) (9.200)
niaht 0.300 0.300 0.700 0.400 0.300 0.400
¢ (0.500) (0.500) (0.600) (0.500) (0.400) (0.500)
musical bare 0.200 0.200 0.700 0.200 0.300 0.300
(0.400) (0.400) (0.600) (0.400) (0.400) (0.400)
muscial gentleran 0.200 0.200 0.000 0.200 0.200 0.200
¢ (0.400) (0.400) (0.000) (0.400) (0.400) (0.400)
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Table 4. Comparison of machine learning performance by
sampling technique

Model Name R Score MSE MAE
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Fig. 3. R score comparison chart for non-stratified vs.
stratified sampling techniques
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QQ Plot for Regression Model
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Fig. 5. Q-Q Plot for Gradient Regressor
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