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Received: 24 Dec 2024 Predicting loan default is a critical issue in the banking sector, given the financial
risks it entails, which impact banks' performance and stability. This paper proposes
incremental learning-based models for classifying bank loans and estimating their
probability of default, comparing these models with the performance of traditional
one-shot models. A set of machine learning models, including logistic regression,
decision tree, random forest, XGBoost, SVM, and multilayer neural network (MLN),
were tested on data comprising financial and behavioral information on bank
customers. The results showed that the XGBoost model achieved the best
performance in terms of accuracy and stability in the incremental learning model,
reaching 0.9340.
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1. Introduction

Credit risk is defined as the potential loss a bank may incur due to a credit client's failure to comply with
contractual requirements and fulfill their obligations partially or fully on time [1][2][3]. Incorrect
customer selection, contractual deficiencies, the client's insufficient financial strength to meet their
responsibilities, assigning a credit limit that is too high to match their income/debt repayment balance,
insufficient collateral received, and economic factors all contribute to the risk of loan insolvency
[1][4][5]. Credit risk, therefore, is the situation in which a client fails to fully fulfill the obligations they
have undertaken under the contract concluded between the bank and the client within the period
specified in the contract. In other words, it is the situation in which a client is unable to repay the
interest-bearing loan they have obtained from the bank on time (default) [6][7]. Credit risk is the
greatest risk facing banks. As a result of poor credit risk policies that have had serious repercussions on
both the financial and non-financial sectors, the importance of risk measurement has emerged, leading
to an increase in research on banking risk regulations [8][9]. In this context, numerous research and
analytical techniques and machine learning models have been developed to quantify credit default risk.
Many different approaches have been proposed to address this issue. While techniques such as logistic
regression and discriminant analysis are traditionally used to estimate credit default risk, machine
learning algorithms have also emerged as a new approach, and their applications are increasing in the
field of credit risk, in addition to their use in many different areas [10][11][12][13][14]. It will be critical
for financial institutions to effectively manage their credit risk. Although many machine learning
algorithms are used to estimate credit default risk, there is no consensus on which technique provides
the best performance [15][16][17]. Therefore, the classification success of models created using
algorithms is measured using various statistical and machine learning techniques, and the model that
provides the best classification performance is identified as the optimal model. Bank borrowing data
suffers from data imbalance, as most loans are repaid and a small percentage default, which in turn
poses a challenge when training traditional machine learning algorithms [18][19][20]. Different
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methods can be used to address dataset imbalance during the data initialization process. Such methods
are effective when models are trained statically once, and the data is available for training only once
[21][22][23]. However, it is not suitable for the nature of banking data, as it is variable and continuous,
and requires the development of models that can adapt to imbalance without the need for preprocessing
the data in each training batch. This paper proposes the use of incremental xgboost models to model
bank loan risk.

2. Related Work

Several authors have tested the use of machine learning models to predict bank loan risk and developed
modified models. In [24], the authors applied three models—Gradient Boosting, XGBoost, and
AdaBoost—to a dataset comprising banking and demographic information. The results showed that
XGBoost performed better than other models, with an accuracy of 0.95. In [25], the researchers used
auto loan data from the Kaggle platform. They applied Filter-Wrapper to feature selection and Smote-
Tomek link to address data imbalance. They proposed the PSO-XGBoost model, which combines the
XGBoost algorithm and particle swarm optimization. The results showed that the proposed model
outperformed other models. The authors in [26] proposed using XGBoost to predict the size of social
financing. The data included a range of financial indicators, including bonds and credit loans. To
determine the importance of features, they used the SHAP model interpretation. The results showed
that the impact of features on prediction accuracy varied. The authors in [27] proposed using XGBoost
and modifying it to address imbalance in credit scoring data, applying a modified loss function and
using a link function based on the extreme value (GEV) distribution. They used Freddie Mac mortgage
data, which had a lower default rate. These changes led to the detection of rare defaults. In [28], the
authors proposed the IAHE model to address the problems of big data and consumer behavior changes
over time. The model is based on the concept of incremental learning to adapt to data variability. Its
performance was evaluated and compared with nine models, and experiments were conducted on four
datasets. The results demonstrated the model's ability to adapt to data fluctuations while maintaining
good classification performance. In [29], instead of relying on financial indicators, the researchers
developed a scoring system for behavioral and financial indicators to assess credit risk in small
businesses. After feature selection using XGBoost, they used a modified random forest model. The
results demonstrated the superiority of the proposed model when behavioral indicators were added to
the classification. In [30], they proposed a method for finding XGBoost parameters using the particle
swarm algorithm (PSO). They varied the swarm's partitioning into clusters and used different learning
strategies. The model was tested on four credit datasets and seven benchmark datasets. The results
showed that the proposed partitioning method was more effective than traditional methods such as grid
search in finding hyperparameters. Machine learning models have proven effective in bank loan
decision-making. Changing economic and financial conditions of individuals and businesses over time
may affect the reliability of trained machine learning models. Studies conducted have not addressed
model testing in stages rather than batch training.

3. Methodology

This paper proposes the use of incremental learning in modeling bank loans. Initially, a dataset
containing information about bank loans is identified. The dataset is then initialized to compensate for
missing values and convert categorical data to numeric data. The data is then divided into two sets: 80%
for training and 20% for testing. Several machine learning algorithms, such as linear regression (LR),
decision trees (DT), random forests (RF), gradient boosting (XGB), support vector machines (SVM),
and neural networks (MLP), are tested to select the best algorithm. Finally, the performance of the
models is evaluated in batches and as a whole. After selection and evaluation, a prototype is created,
and the model is then gradually trained on small portions of data (batches) repeatedly. After all updates
and refinements are completed, the final model is obtained, ready for use in actual predictions and
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evaluation of bank loan applications. The implementation proceeds as shown in the flowchart in figure
1
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Figure 1: Proposed method for batch training models
3.1. Incremental models
In this paper, models are modified and trained in batches, with batches varying for each model.

Decision Tree: In cumulative training of a decision tree, the warm_start=True parameter is enabled
with the partial_fit function. When new data arrives, the tree recalculates split points based only on the
new data, while preserving the basic structure of the existing tree. The tree is not rebuilt from scratch;
existing branches are gradually modified.

Random Forest: Warm_ start=True is used in the RandomForestClassifier to enable cumulative
training. When new data is added, the number of trees (n_estimators) gradually increases, as new trees
are built on the added data while keeping the old trees unchanged. Each new tree is trained on a random
portion of the updated data.

SVM (Support Vector Machine): To convert an SVM to a cumulative model, the SGDClassifier with
loss="hinge' is used, which is based on the stochastic gradient descent algorithm. The model weights are
updated incrementally with each new batch of data. The gradient is calculated for each sample and the
model is adjusted accordingly, while preserving the most important support vectors.

In cumulative XGBoost, xgb.train() is used with the incremental update feature. New trees (boosting
rounds) can be added to the current model, or existing trees can be modified using
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process_type="update'. Each new batch of data is used to improve the leaf weights or to build additional
trees to compensate for the remaining errors.

For multi-layer neural networks (MLP), the MLPClassifier is used with the partial_ fit function. The data
is passed in batches, with the gradients for each batch calculated and used to adjust the neural network
weights via backpropagation. The weights are updated incrementally without re-initializing the model.

To make logistic regression cumulative, the SGDClassifier is used with loss="log_loss'. This tool uses
stochastic gradient regression to gradually adjust the model parameters with each batch.

Table 1 A parameters that were used to incrementally train the models.

models parameters

Decision Tree Retrain gradually using warm_start=True

Random Forest
SVM
XGBoost

warm_ start=True and add progressive trees
SGDClassifier(loss="hinge")

Update progressively using xgb.train()
MLPClassifier with partial_ fit
SGDClassifier(loss="log_loss")

Neural Network

Logistic Regression

. Dataset

To conduct the experiments, a dataset from the machine learning platform Kaggle [31] was used. The
dataset contains 100,515 bank loans and 19 features describing each loan and its associated customer.
The features used include a range of loan information, including information about the loan itself (such
as loan amount, repayment term, and purpose), customer information (such as annual income, credit
score, and home ownership), credit history (such as the number of open accounts and previous credit
problems), and whether the customer has repaid the loan or defaulted. Table 2 describes the dataset
used.

Table 2: Dataset description

Field Name Description Data Type | Example

Loan ID identifier for the loan Text 14dd8831-6afs-...

Customer ID identifier for the customer Text 981165ec-3274-...

Loan Status Status of the loan Text Fully Paid

Current Loan Amount Current loan amount Numeric 445,412

Term Loan term Text Short Term

Credit Score Customer’s credit score Numeric 709

Annual Income Customer’s yearly income Numeric 1,167,493

Years in Current Job Number of years in current job Text 8 years

Home Ownership Homeownership status Text Home Mortgage

Purpose Purpose of the loan Text Home
Improvements

Monthly Debt Customer’s monthly debt payments Numeric 5,214.74
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Years of Credit History | Length of credit history Numeric 17.2
Months Since Last | Months since last payment delinquency | Numeric 8
Delinquent

Number of Open | Total open credit accounts Numeric 6
Accounts

Number of  Credit | Past credit issues Numeric 1
Problems

Current Credit Balance | Current outstanding credit balance Numeric 228,190
Maximum Open Credit | Total available credit limit Numeric 416,746
Bankruptcies Number of past bankruptcies Numeric 1

Tax Liens Number of tax liens on record Numeric 0

4. Results

To determine the effectiveness of incremental learning and compare it to static learning, we compared
the models used in classifying bank loans, and conducted two different training experiments: batch
training and incremental learning. The performance of each model was evaluated using four metrics:
accuracy, precision, recall, and the F1 measure. The models were gradually trained on successive
batches of data, and their performance was tracked during the training period. Figure 2 shows the

results across batches.
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Figure 2 the performance across batches
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Two performance tables from different testing phases are presented to measure the overall efficiency of
the classifiers. Table 3 presents the results of incremental learning; the overall performance values of
the models were generally higher, especially in terms of stability across scales. Table 4 shows the
performance of the models when they were trained on the entire dataset at once.

Table 3. the performance of incremental learning

Model Accuracy | Precision | Recall | F1-Score
Logistic Regression | 0.8631 0.8563 0.8631 | 0.8540
Decision Tree 0.8909 0.8921 0.8909 | 0.8914
Random Forest 0.9310 0.9332 0.9310 | 0.9273
XGBoost 0.9340 0.9357 0.9340 | 0.9307
SVM 0.8645 0.8579 0.8645 | 0.8558
MLP 0.8547 0.7589 0.5167 | 0.6148

Table 4. the performance of the models based one batch.

Model Accuracy | Precision | Recall | F1-Score
Logistic Regression | 0.8539 0.7004 0.6093 | 0.6517
Decision Tree 0.8015 0.5920 0.3704 | 0.4557
Random Forest 0.8525 0.8860 0.3930 | 0.5445
SVM 0.8422 0.6570 0.6202 | 0.6381
XGBoost 0.8345 0.6728 0.5105 | 0.5805
MLP 0.8547 0.7589 0.5167 | 0.6148

5. Discussion

The outcomes show how machine learning models, whether trained in one batch or incrementally
learning, behave when classifying bank loans.

A comparison of the two tables showed that there was a difference in the models' performance between
the two training approaches. The accuracy and recall of many models decreased when trained on batch
data, the incrementally trained models produced consistent and better results across the majority of
metrics. This suggests that incremental learning enhances the model's capacity to adjust to evolving
data, which makes it more appropriate for banking data, which frequently undergoes changes over time.

Models such as XGBoost and Random Forest performed better than the other models in both cases, but
were more stable in the incremental learning case. This reflects the effectiveness of ensemble-based
models in handling complex and variable data.

The decision tree model showed fluctuating performance in the batch training scenario, with recall
declining, suggesting it may be sensitive to data distribution and unable to generalize well when trained
on a large dataset at once.

The logistic regression and SVM models were relatively stable, maintaining acceptable levels of
performance in both cases. The performance of the multilayer neural network (MLN) was uneven,
gradually improving during incremental learning but not reaching high levels of recall, indicating the
need for a larger number of iterations or additional parameter tuning.
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One indicator that revealed clear differences between the training methods was the recall index, which
reflects the model's ability to recognize positive cases (such as loan defaults). In the batch training
scenario, recall declined significantly in most models, potentially leading to the omission of important
defaults. However, in the incremental learning scenario, this value improved, indicating that the models
were able to gradually capture patterns and better recognize these cases.

6. Conclusions

Incremental learning has been proposed for use in banking loan classification. Experimental results
demonstrate that incremental learning is more efficient when dealing with variable data such as bank
customer data. Unlike batch training, it helped improve model accuracy over time, especially in metrics
such as recall, which is important for detecting positive cases such as non-performing loans. On the
other hand, ensemble models such as XGBoost and Random Forest demonstrated more stable
performance, both in terms of accuracy and balance across the four metrics, indicating their adaptability
to new data batches. Other models, such as decision trees and logistic regression, performed less
consistently, especially when trained in batches. Furthermore, the MLP neural network required more
batches to begin improving, indicating that some models require more time and fine-tuning to improve
performance, especially in variable data scenarios. Future work could improve the handling of data
imbalance within incremental learning, and model testing could be done on live data to monitor its
performance in real time. Automatic parameter tuning techniques could also be used to improve model
accuracy.
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