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[Abstract]

In recent years, YouTube has become the most popular media sharing platform worldwide. The number of views of YouTube
videos is a crucial indicator of content success, and its accurate prediction can significantly help in the development of content
strategies. However, the factors influencing YouTube view predictions are not well understood, making it difficult to predict the
views of new content. To address this, we propose a method to predict the views of new videos using metadata and derived
variables from YouTube videos across all categories. We validated the prediction performance using five tree-based machine
learning models and analyzed the key features influencing view prediction through SHapley Additive exPlanations (SHAP)
analysis. Through the proposed method, we confirmed that several factors, such as the number of likes, video length, and category
ID, have a significant impact on the prediction of YouTube views.
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Table 1. Mean and standard deviation of YouTube video
views by category

Category Name Mean (SD)
Comedy 991,674 (510,324)
Entertainment 635,138 (474,158)
Film and Animation 874,087 (765,968)
Gaming 341,408 (102,391)
Howto and Style 179,161 (36,475)
Music 578,095 (570,275)
News and Politics 899,684 (628,252)
People and Blogs 422,962 (280,770)
Pets and Animals 324,916 (217,342)
Science and Technology 475,680 (313,297)
Sports 758,000 (543,830)
Travel and Events 971,767 (594,254)
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Table 2. Evaluating regression model performance results

Regression Models Data type RMSE MAE SMAPE R2 score
Validation 0.121 0.085 20.516 0.617
Random Forest [11]
Test 0.106 0.080 18.675 0.785
Validation 0.122 0.091 21.574 0.613
Extra Trees [12]
Test 0.106 0.077 18.728 0.784
Validation 0.116 0.083 20.236 0.646
CatBoost [13]
Test 0.093 0.065 17.458 0.833
) Validation 0.136 0.093 26.139 0.519
LightGBM [14]
Test 0.107 0.075 19.372 0.780
Validation 0.118 0.086 22.448 0.634
XGBoost [15]
Test 0.098 0.070 18.879 0.816
Top 15 Feature Importance of CatBoost High
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Fig. 2. Visualizing top 15 feature importances of Fig. 3. Visualizing feature importance of CatBoost model
CatBoost model with Summary plot
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Fig. 4. Visualizing SHAP values of CatBoost model with Force plot
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