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Abstract

Purpose: In the banking industry, retaining loyal customers is considerably more cost-effective and profitable than
acquiring new ones. Customer churn remains a major challenge for banks, directly reducing profitability, increasing
marketing expenditures, and lowering market share. This study evaluates the performance of machine learning
algorithms for predicting customer churn across branches of a state-owned bank in Iran between 2021 and 2024. By
focusing on customer retention and minimizing the costs of attrition, the study aims to develop an efficient,
interpretable model to identify customers at risk of churn.

Methodology: This descriptive-analytical, retrospective study analyzed data from 2,025 active customers over 4 years.
For each customer, 12 features covering transactional, behavioral, and demographic characteristics were collected.
Following data cleaning, z-score normalization was applied. Several machine learning algorithms (including Decision
Tree, Random Forest, Support Vector Machine, Multilayer Perceptron, Bayesian Network, and XGBoost (were
implemented in R. Their performance was assessed through 10-fold cross-validation based on accuracy, sensitivity, and
specificity.

Findings: Among the 2,025 customers examined, 325 (16%) were identified as churners. Statistical tests revealed no
significant differences between churners and non-churners in age, relationship duration with the bank, or average
deposits over the past six months. Among the models tested, XGBoost demonstrated superior performance with an
accuracy of 96.89%, sensitivity of 87.11%, and specificity of 98.71%. The area under the ROC curve (AUC) for this
model was 0.9907, indicating excellent discriminatory power.

Originality/Value: The conttibution of this study lies in integrating advanced machine learning techniques with
rigorous statistical analysis using real-world banking data. To the best of our knowledge, this is among the few studies
to systematically compare multiple ML algorithms within the Iranian banking context, emphasizing both interpretability
and robust validation. The findings provide practical insights for banking policymakers to design proactive strategies to
improve customer retention.
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* Artificial Neural Networks (ANN)
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Input: Training data X_train, y_train; Test data X_test
Output: Predicted labels y_pred

1. Initialize root node with all training samples

2. For each node:

a. For each feature, compute best split threshold with highest information gain
b. Choose feature & threshold that maximizes impurity reduction
c. Split node into left/right children

d. Repeat the process recursively for each child node until the maximum depth is reached or no further split improves
purity.

3. Assign a class label to each leaf node using the majority class of its samples.

4. Predict labels y_pred for X_test by traversing the tree from root to leaf based on feature values,
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Input: Training data X_train, y_train; Test data X_test
Output: Predicted labels y_pred

For t=1to T (number of trees):

a. Draw a bootstrap sample from X_train .

b. Build a Decision Tree using a random subset of features at each split.
c. Store the trained tree ht(x)

For prediction:

Yy
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I.For each test sample xxx, collect all tree predictions ht(x).
11.Aggregate predictions by majority vote:
I11.Ypred=mode{h1(x), h2(x),..., hT(x)}
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D4
Input: Training data X_train, y_train; Test data X_test

Output: Predicted labels y_pred

1. Define linear kernel function
2. Optimize the following objective:

1
miny, ¢ 5 IWll? + CLié
s. t.

yiwTp(x;) +b) =1—-§,& = 0.

3. Compute support vectors and parameters w,h.
4. Predict each test sample xeXtest:

Ypred = Sign(WT(:b(x) + b).

! Support Vector Machine (SVM)
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Input: Training data X_train, y_train; Test data X_test

Output: Predicted labels y_pred

Initialize network architecture with input, hidden, and output layers.
Randomly initialize weights and biases.
For each epoch:

I Multi Layer Perceptron (MLP)
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a. Perform forward propagation to compute output:

a® = f(W®al-V 4 pO),

b. Compute loss between predicted and true labels.
c. Perform backpropagation to compute gradients of weights.
d. Update weights and biases using gradient descent.

4. Predicty_pred for X_test using forward propagation,

Y

(8355 S wiia) L&) 5el (slresls :X_train

(Gdn olis) ) sel (ssmar » 1y_train

asesl sWeesls :X_test
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MLP ;5 ) &Y bl s 5 bagyss s 5o BT WI

St tls 156 L o peSew RELULSL MLP 5 53ludleb s ()
(Bayesian Network) 5. a8 -Y-0

Sod 308 s oo Srales ail (s sl OIS S L1 L ite Gl (o ol 45 Sl SVl (SC31S e G (65 400
Sl b dlazl glag s Jold it sl oy s Lol e (b2 (5la (Sl odinslts Ladly 5 sl e G adiasolis
Sl s ol adiodaline glaosls 5 Laualyly 5 SIS Jlslu 55l Jolls (6 a0l (3350T isdi o (oS OF (plls 4 S 05 52

.38 oo o3linal Belief Propagation L Variable Elimination .l &Lar:i))il\ 35 le

Wl o a5 )81 3 (S Kb sl Jolpe AS e
Input: Training data X_train, y_train; Test data X_test

Output: Predicted labels y_pred

1.Define network structure G=(V, E), where each node represents a variable.
2.Estimate conditional probability tables (CPTs) P(Xi|Parents (Xi)) from X_train.
3.For each test sample:

a. Compute posterior probability for each class c:

P(c 1 X) «x P(c)[1;P(X; | Parents(X))).
b. Assign class with the highest posterior probability.

4.0utputy_pred for all samples in X_test
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Input: Training data X_train, y_train; Test data X_test
Output: Predicted labels y_pred
1. Initialize model with a constant prediction (e.g., mean of ytrainy_{train}ytrain).

2. Fort=1to T (number of boosting rounds):
a. Compute pseudo-residuals:

OL(y;, 9i)
=

ay;

\+d
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b. Fit a regression tree ft(x) to predict residuals ri
¢. Compute leaf weights to minimize loss with regularization.
d. Update model:

Vi < Vi +nfe(xp).

3. Predicty_pred for X_test using the sum of all trees:

Ypred = Z'I{':l nfe(x),
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Table 1- Customer features.
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Table 3- Turbulence matrix.
Predicted

Positive Negative

Real Positive  True Positives (TP)  False Negatives (FN)
Negative  False Positives (FP) ~ True Negatives (TN)
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Table 4- Calculation of performance metrics used.
Performance criteria Calculation
Accuracy TP + TN
TP + FP + TN + FN
Sensitivity/ Recall TP
TP + FN
Specificity TN
FP + TN
laazsl, -Y
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Table 5- Description of study variables.
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Figure 1- Comparing the performance of machine learning algorithms.
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Figure 2- ROC chart for the Xgboos algorithm.
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