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Accuracy of logistic regression classifier on test set: 0.81
precision recall fl-score support

0 0.85 0.90 0.87 1038
1 0.66 0.55 0.60 369

accuracy 0.81 1407
macro avg 0.75 0.72 0.74 1407
weighted avg 0.80 081  0.80 1407
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Accuracy of Random Forest classifier on test set: 0.79
precision recall fl-score support

0 0.83 090 0.86 1038
1 0.63 043 0.4 369

accuracy 0.79 1407
macro avg 0.73 0.69 0.70 1407
weighted avg 078 079 078 1407
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Accuracy of XGBoost classifier on test set: 0.79
precision recall fl-score support

0 0.84  0.88 0.86 1038
1 0.61 0.53 0.57 369

accuracy 0.79 1407
macro avg 0.73 0.70 0.71 1407
weighted avg 078 079 078 1407
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Class 0 (Non-Churn) | Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.81 0.85 0.90 0.87
Random Forest 0.79 0.83 0.90 0.86
XGBoost 0.79 0.84 0.88 0.86
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Class 1 (Churn) Accuracy | Precision | Recall | F1-Score
Logistic Regression 0.81 0.66 0.55 0.60
Random Forest 0.79 0.63 0.48 0.54
XGBoost 0.79 0.61 0.53 0.57
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Accuracy of logistic regression classifier on test sef: 0.75
precision recall fl-score support

0 0.91 0.73 0.81 1038
1 0.51 0.81 0.63 369

accuracy 0.75 1407
macro avg 0.71 077 072 1407
weighted avg 0.81 0.75 076 1407
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Wa4aInM1 Class Weight

Accuracy of Random Forest classifier on test set: 0.79
precision recall fl-score support

| 0.83 090 0.86 1038
1 0.62 047 0.53 369

accuracy 0.79 1407
macro avg 0.72 0.68 0.70 1407
weighted avg 077 079 078 1407
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Na4aINN1 Class Weight

Logistic Regression
Class 1 (Churn) Accuracy | Precision | Recall | F1-Score
faunn Class Weight 0.81 0.66 0.55 0.60
RN Class Weight | 0.75 0.51 0.81 0.63
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Random Forest
Class 1 (Churn) Accuracy | Precision | Recall | F1-Score
fiaun1 Class Weight 0.79 0.63 0.48 0.54
NAINT Class Weight 0.79 0.62 0.47 0.53
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Model Accuracy(%u)

0 Logistic Regression 80.739161
1 Malve Bayes 75.692564
2 KMNM 77.540867
3 Decision Tree 71.357498
4 Random Forest 78.820185
5 AGBoost 78.8971258
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Logistic Regression 1% Feature Importance 1A U BATINLILAN DY
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