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A Machine Learning-based Popularity Prediction Model
for YouTube Mukbang Content
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ABSTRACT

In this study, models for predicting the popularity of mukbang content on YouTube were proposed, and factors influencing the
popularity of mukbang content were identified through post-analysis. To accomplish this, information on 22,223 pieces of content was
collected from top mukbang channels in terms of subscribers using APIs and Pretty Scale. Machine leaming algorithms such as Random
Forest, XGBoost, and LGBM were used to build models for predicting views and likes. The results of SHAP analysis showed that subscriber
count had the most significant impact on view prediction models, while the attractiveness of a creator emerged as the most important
varidble in the likes prediction model. This confirmed that the precursor factors for content views and likes reactions differ. This study
holds academic significance in analyzing a large amount of online content and conducting empirical analysis. It also has practical
significance as it informs mukbang creatfors about viewer content consumption trends and provides guidance for producing
high-quality, marketable contfent.
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(Figure 1) Research flow
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(Figure 2) Hashtag Frequency Word Cloud

(B 1) Y= 7|=EA2¢
(Table 1) Variable Description Statistics

i N | ¥F |EFUX| Hag | A

=55 20,805| 0.0268 | 0.0773 | 0.000 | 27920
Caay | 85] O . 000 | 2
Folas
_ 20,805| 0.0188 | 0.0101 | 0.000 | 0.1281
(Bsh

Ak Zo] (20805 821.8 | 44829 61 3594

T=AF20,805(3,053,12043,290,325.1 | 439,000 | 12,500,000

E= 20805 7336 8.65 53.00 | 89.00

A 20,805| 049 05 0 1
AL Aol 20805 69.07 | 26.06 1 100
SN BN 4 (20,805| 3647 28.14 1 114

= 120,805| 0.72650 | 0.44576 0 1
&f |mukbang|20,805| 041941 | 049347 | 0 1
A)| ytce=on [20,805| 0.30026 | 0.45838 0 1
Bl| ASMR |20,805| 028469 | 045127 | 0 1
- A SE 20,805| 0.28771 | 045271 0 1
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(Table 2) Performance Comparison among
View Count Prediction Models

=T RF XGBoost LGBM
MAE 0.021 0.021 0.021
MSE 0.005 0.005 0.005
RMSE 0.071 0.070 0.067
MAPE 3.679 8128 7927
R 0.204 0219 0.276
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(Table 3) Performance Comparison among
Like Count Prediction Models

z2d RF XGBoost LGBM

MAE 0.004 0.003 0.004

MSE 0.000 0.000 0.000

RMSE 0.006 0.005 0.006
MAPE 2,005 2311 25540
R 0.671 0.689 0.656
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(Figure 3) SHAP Analysis Results for View

Count Prediction Model
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Prediction Model
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