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The Contribution of Genetic Algorithm in Enhancing the Effectiveness of Loan Approval
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Abstract:
This studyaims to builda classification model using one of the machine learningmodels (Extreme
Gradient Boosting) to create an initial model, thenattempt to improveitusingGeneticAlgorithm
(GA) techniques. The study sample consisted of 140 Algerian companies, divided into 90 healthy
companies and 50 distressed companies, with 16 financial ratios. The model was implemented
using Python programming language on the Google Colab platform.
The study found that the XGBoost model achieved a classification accuracy of 85.41%. After
applying the Genetic Algorithm technique to optimize the hyperparameters for the highest
possible classification accuracy, the XGBoost-GA model achieved a classification accuracy of
96%.

Keywords: Loan granting, Extreme Gradient Boosting Model, Genetic Algorithm.
JEL Classification codes: C45,G21,C61
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Table 4

Model Wise Accuracy Performance.
Model Name Accuracy (%)
Logistic Regression (LR) 70.06
Decision Tree (DT) 78.98
Random Forest (RF) 84.71
Extra Trees (ET) 86.64
Support Vector Machine (SVM) 68.15
K-Nearest Neighbors (KNN) 79.61
Gaussian Naive Bayes (GNB) 68.15
AdaBoost (AdB) 71.33
Gradient Boosting Classifier (GBC) 79.61
Dense Neural Network (DNN) 73.24
Long Short-Term Memory (LSTM) 71.33
Recurrent Neural Network (RNN) 73.24
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3.837477 -0.220470 0.485991 0.890066 1.625987 40.968355
3.849017 0.116148 0.740622 1.342201 1.919668 40.969556
0.967992 0.001488 0.048861 0.131573 0.491068 5.726316
0.278868 0.014707 0.337587 0616657 0.793064 1.000000
0.552229 0.000000 0.102146 0.359590 0.754200 2.766443
1.026034 0.000000 0.260635 0.712935 1.292048 6.227550
40.062881 -361.615552 -0.067277 1.310990 3.084969 295.920261
95.091014 0.000000 2.194041 6.227723 13.703579 1058.541628
0.526464 0.876303 1.000000 1.000000 1.000000 7.226694
0.261997 -0.438227 0.046331 0.183015 0.333262 1.090668
0.490226 -0.438227 0.046331 0.183015 0.333262 5.169095
9.014472 -0.304699 0.146344 0.397927 0.970694 60.097977
25.262989 -173.539965 -0.108622 0.046800 0.139305 15.609702
0.121050 -0.370254 -0.011514 0.024004 0.062624 0.553536
30.938494 -109.260532 -0.017184 0.105900 0.857893 217.615503
0.120600 -0.370254 -0.011514 0.022667 0.062624 0.553536
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model = XGBClassifier(
learning_rate=.5,
max_depth=7,
Nn_estimators=5©0,
min_child_weight=10,
colsample_bytree=0.8,
subsample=©.5,

scale_pos_weight=4,

alpha=e.5,
max_bin=50©,
max__leaves=15,
random_state=42
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E{} Classification Report:

precision recall fl-score support

%} 0.80 0.57 0.67 7

1 0.87 0.95 0.91 21

accuracy 0.86 28
macro avg 0.83 0.76 0.79 28
weighted avg 0.85 0.86 0.85 28
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- - Classification Report:

precision recall fl-score support

=] 1.00 ©.86 ©.92 7

m I ©.95 1.00 ©.98 21

accuracy ©.96 28
macro avg ©.98 ©.93 ©.95 28
weighted avg ©.97 ©.96 ©.96 28
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