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Abstract The purpose of this study is to compare the predictive power of the Bagging and Boosting
algorithm of ensemble method based on the motion information that occurs in woman handball
matches and to analyze the availability of motion information. To this end, this study analyzed the
predictive power of the result of 15 practice matches based on inertial motion by analyzing the
predictive power of Random Forest and Adaboost algorithms. The results of the study are as follows.
First, the prediction rate of the Random Forest algorithm was 66.9 £ 0.1%, and the prediction rate of
the Adaboost algorithm was 65.6 £ 1.6%. Second, Random Forest predicted all of the winning results,
but none of the losing results. On the other hand, the Adaboost algorithm shows 91.4% prediction of
winning and 10.4% prediction of losing. Third, in the verification of the suitability of the algorithm,
the Random Forest had no overfitting error, but Adaboost showed an overfitting error. Based on the
results of this study, the availability of motion information is high when predicting sports events, and

it was confirmed that the Random Forest algorithm was superior to the Adaboost algorithm.
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Table 1. Subject Information

total height weight career age
(cm) (ko) (vear) (vear)
n=24 173.445.3 73.3#5.3 14.9+3.7 26.2+4.4
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Table 2. Factors classified as multicollinearity
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Factor i
Low Med High
IMA 1 O'Clock 1.89228 1.513499 1.466911
IMA 2 O'Clock 2.55998 1.650441 1.522137
IMA 3 O'Clock 4.149533 1.750158 1.433881
IMA 4 O'Clock 5.700789 1.858046 1.273673
IMA 5 O'Clock 3.709199 1.686021 1.265861
IMA 6 O'Clock 2.166208 1.500203 1.226768
IMA 7 O'Clock 1.951593 1.455561 1.277478
IMA 8 O'Clock 2.535826 1.635877 1.341183
IMA 9 O'Clock 4.933025 1.993429 1.337265
IMA 10 O'Clock 5.516561 2197122 1.386172
IMA 11 O'Clock 3.969266 1.824022 1.478476
IMA 12 O'Clock 2.421854 1.534634 1.421215
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Table 3. hyper parameter tuning

algorithm hyper parameter
Random depth : [1, 2,3, 4,5,6, 7,8, 9, 10
Forost leaf_node : [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]
feature @ [1, 2, 3, 4,5, 6,7, 8,9, 10]
Adaboost n_esimators : [1, 5, 10, 20, 50, 100]

Table 4. hyperparameter value with best prediction

algorithm hyper parameter
Random depth : 3
Forest leaf_node @ 8
feature @ 8
Adaboost n_esimators : 1
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Table 5. Confusion matrix

Positive Negative
Positive TP FP
Negative FN N
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Table 6. Random Forest Prediction Results

precision recall f1-score support
loss 0.00 0.00 0.00 144
win 0.67 1.00 0.80 292
accuracy 0.67 436
macro avg 0.33 0.50 0.40 436
weight 0.45 0,67 0.54 436
avg
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Table 7. Random Forest Confusion Matrix

Predicted label

loss win
True loss 0 144
Label win 0 292
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Table 8. Random Forest K-fold Cross—validation

1 Class Distribution [432 874] accuracy 0.671
2 Class Distribution [432 874] accuracy 0.671
3 Class Distribution [432 875] accuracy 0.669
4 Class Distribution [432 875] accuracy 0.669
5 Class Distribution [432 875] accuracy 0.669
6 Class Distribution [432 875] accuracy 0.669
7 Class Distribution [432 875] accuracy 0.669
8 Class Distribution [432 875] accuracy 0.669
9 Class Distribution [432 875] accuracy 0.669
10 Class Distribution [432 875] accuracy 0.669

fold CV accuracy : 0.669 + 0.001
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Fig. 2. Random Forest algorithm conformity
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Table 9. Adaboost Prediction Results

precision recall f1-score support
loss 0.38 0.10 0.16 144
win 0.67 0.91 0.78 292
accuracy 0.65 436
macro avg 0.52 0.51 0.47 436
weight 0.58 0.65 057 436
avg
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Table 10. Adaboost Confusion Matrix

Predicted label

loss win
True loss 15 129
Label win 25 267
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Table 11. Adaboost2| K-fold K-fold Cross-validation

1 Class Distribution [432 874] accuracy 0.671
2 Class Distribution [432 874] accuracy 0.678
3 Class Distribution [432 875] accuracy 0.669
4 Class Distribution [432 875] accuracy 0.641
5 Class Distribution [432 875] accuracy 0.655
6 Class Distribution [432 875] accuracy 0.621
7 Class Distribution [432 875] accuracy 0.662
8 Class Distribution [432 875] accuracy 0.648
9 Class Distribution [432 875] accuracy 0.662
10 Class Distribution [432 875] accuracy 0.655

fold CV accuracy : 0.656 + 0.016
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Fig. 3. Adaboost algorithm conformity
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