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Logistic Regression Coefficients as Feature Importance Scores

Feature: 0= DEPTH, Score: -0.00158
3 Feature: 1= NPHI, Score: 3.42086

] Feature: 2 = RHOB, Score: -4.35202
Feature: 3 = DTCO, Score: -0.02514
Feature: 4 = DTSM, Score: 0.03778
Feature: 5 = SGR, Score: -0.01804
Feature: 6= CGR, Score: 0.02132
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Decision tree classifier Feature Importance Scores

Feature: 0 = DEPTH, Score: 0.17723
Feature: 1= NPHI, Score: 0.11715
Feature: 2 = RHOB, Score: 0.12716
Feature: 3 = DTCO, Score: 0.08600
Feature: 4 = DTSM, Score: 0.15206
Feature: 5 = SGR, Score: 0.19021
Feature: 6 = CGR, Score: 0.15018
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XGBoost classifier Feature Importance Scores

Feature: 0 = DEPTH, Score: 0.10266
Feature: 1=NPHI, Score:0.18868
Feature:2=RHOB, Score:(.16239
Feature:3=DTCO, Score:0.07942
Feature: 4 =DTSM, Score: 0.14517
Feature:5=5GR, Score:(.18098
Feature:6=CGR,  Score: 0.14071
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" Build Model & Validate
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Row | Model Baseline Hyper-parameters

model model

1 LogR 0.76 0.77

2 Knn 0.971 0.982

3 Dtree 0.962 0.963

4 Rforest 0.983 0.984

5 SVM 0.919 0.974

6 GNB 0.528 0.55

7 GBC 0.938 0.974

8 Etree 0.986 0.986
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Accuracy 0.96 098 0.97 053 _

F1-Score 0.96 0.98 0.97 0.51 _

Precision 0.96 0.98 0.97 0.55

Recall 0.96 0.98 0.97 053 _
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(Decision Tree Classifier) (Logistic Regression classifier)
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