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Abstract: The loan prediction models are ever-changing due to changes in technology, whereby financial institutions are
adopting various technologies to automate the loan process. The surge of loan applicants with diverse attributes has accelerated
the need for machine learning models which can incorporate different applicant attributes and improve accuracy in determining
loan eligibility. While the use of individual machine learning models was more robust and accurate, these models have some
limitations that may hinder the achievement of optimal results when establishing loan eligibility. Thus, the need to combine
two or more individual models and leverage their strengths to improve accuracy and robustness. This study aimed to develop
an eXtreme Gradient Boosting (XGBoost)-Support Vector Machine (SVM) hybrid model to determine loan eligibility in the
banking sector. This work utilized secondary financial dataset from Google Kaggle. The dataset was preprocessed, transformed
and used to train and test the models. Evaluation metrics, namely accuracy, precision, F1-score, recall and Receiver Operating
Characteristics-Area Under Curve (ROC-AUC), were used to evaluate the performance and reliability of the XGBoost, SVM and
the XGBoost-SVM hybrid model. The XGBoost-SVM hybrid model posted strong performance metrics results with accuracy
of 0.78, precision of 0.27, a balanced recall of 0.49, F1-Score of 0.34 and AUC-ROC curve of 0.74. It was therefore evident that
the hybrid model was able to leverage the standalone model’s strength for better performance in determining loan eligibility.
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1. Introduction
Credit facility plays a fundamental role in individuals, firms

and economies of the countries by bridging the gap between
available financial needs and cash reserves. It facilitates
ownership of homes, expansion of business startups to large
corporations, entrepreneurship, consumption, education and
smooth flow of operational liquidity. As such, banks play a
pivotal intermediary role of allocating investment capital from
savers to loan applicants; hence, the efficiency, profitability
and stability of the entire allocation process is a core function
of the banks [1]. The banks are entitled to carry out credit
assessment to determine the loan eligibility and protect the
lender from loan default, and safeguard the borrower from
over-indebtedness.

Over the period, loan eligibility was a subjective process that
relied on the experience, relationship and intuition between
the lender and the borrower, supported by the quantitative
historical analysis. The loan approval and the amount were
highly reliant on the previous relationship, pledged and
tangible assets and the borrower’s repayment discipline. The
development of the credit scoring engines, such as auto score
and mortgage score, using statistical data, revolutionized the
loan approval process since these models used discriminant
statistical analysis characterizing borrowers on several factors
such as age, default history, marital status, employment
history, income and age of the borrower [2]. These factors
enabled the generation of a numerical credit score, thus
enhancing scalability, efficiency, standardization and reduction
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of human bias when determining loan eligibility.
Recently, the banking industry has experienced a paradigm

shift, which highlights the disadvantages of traditional credit
scoring models. The rise of fin-tech companies, the stiffening
of regulatory scrutiny, the evolution of digital loans, and
the explosion of consumer demographic information have led
to the emergence of a competitive, dynamic, and complex
financial environment. Consequently, this has led to credit
mispricing, making it difficult to approve the loan [3]. As such,
banking sectors need more robust, accurate and stable credit
pricing models to streamline the loan application process to
enhance institution stability and reduce over-indebtedness of
the borrower.

The traditional approach faced significant challenges, such
as a linear relationship, whereby they struggled to capture
non-linear relationships between the variables of different
loan applicants. Models were also unable to analyze an
imbalanced data set, leading to inaccuracies and low recall
when determining the loan eligibility of the borrower. These
models were insensitive to economic fluctuations since they
were not agile enough to adapt to various market changes
and sudden economic impacts. They were also susceptible to
human bias since the loan approval is done manually, which
could lead to discrimination during the loan approval process.

The development and application of machine learning
models set the stage for solving most of the challenges
linked to traditional models. Machine learning techniques
entail classical statistical techniques in the development of
algorithms that are improved sequentially through training
and experience. Machine Learning models can improve the
automation of predictive accuracy and also harness different
data sources, offering the outcome on loan eligibility [4].
However, the use of a single machine learning model poses a
set of limitations when working with big banking data, which
are related to real-world applicability, technical constraints,
and data dependency.

The limitations of the single machine learning models and
data constraints can lead to unreliable predictions due to low-
quality and unrepresentative data. Additionally, generalization
and technical limitations can lead to over-fitting or under-
fitting of the model, thus making the model unable to capture
complex relationships such as an applicant with different
sources of income and with many dependents [5]. They can
also posit narrow expertise, thus performing exceptionally well
on a specific data component while failing to transfer the
expertise to other data components. These limitations can
compromise the loan approval rate in banks, which can end
up affecting both the borrower and the lender.

As a result of the limitations of using single machine
learning models, the development of a hybrid machine
learning model is paramount during loan prediction due to
its robustness, interpretability, and stability when working
with big banking data. The hybrid machine learning model
integrates two or more distinct models to leverage their
individual strengths, thus mitigating individual challenges.

These hybrid models showcase a powerful way for loan
prediction by providing the accuracy required for risk
management, ethical lending, and regulatory requirements.
Carrying out research in this area was imperative, focusing
on the development of hybrid models for eXtreme Gradient
Boosting (XGBoost) and Support Vector Machine (SVM)
models and using performance metrics that are robust,
accurate, and ultimate in loan prediction in banking sectors.

2. Literature Review

2.1. Introduction

The banking sector holds various products such as reserves,
treasuries, and loans. Their primary role is to be intermediaries
between depositors and borrowers. loans are the main source
of income for banks [6]. The amount of profit realized
by banks depends on the default rate or the ability of the
customers to repay. This section discusses the conventional
and modern methods used in loan prediction and their
advantages and disadvantages.

2.2. Traditional Models in Loan Prediction

Traditional loan prediction methods employed manual
audits from historical data such as credit history and repayment
period, employment status, and amount of income and
collateral [3]. Employment status represents an essential
factor defining the applicant’s regular income source, while
the income amount reflects the financial strength to repay a
specified loan amount in a given timeline. Credit history
provides valuable insights into the evaluation of the applicant’s
creditworthiness. Collateral, on the other hand, act as
security to mitigate risk in case the borrower defaults on the
loan. Although these parameters help evaluate the borrower’s
eligibility for a loan, it faces several challenges.

Manual loan approval is labour-intensive, involves a lot of
documentation and paperwork, and therefore time-consuming
[7]. During peak seasons, financial institutions may incur
additional costs in hiring more personnel or lead to customer
dissatisfaction due to delays in processing [3]. Decision-
making based on manual evaluation and subjective human
judgment may result in inequalities in loan approvals due
to potential stereotypes, bias, or favouritism. Moreover,
human error is inevitable. According to [8], there are two
main types of errors in loan assessment. The first type
involves categorizing a desirable loan candidate as bad, a
False Negative. This denies the financial institution a low-
risk and profitable opportunity and leads to poor customer
relations. The second type of error occurs when a high-risk
borrower is mistakenly recognized as creditworthy, a False
Positive. Consequently, the loan is approved, leading to high
non-performing loans, financial losses, and inadequate risk
mitigation. These challenges reveal the need for automated
and data-driven systems to predict loan eligibility.
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2.3. Machine Learning in Loan Prediction

Machine learning is a function of artificial intelligence
whose systems classify and predict outcomes automatically
using algorithms and statistical models. It relies on trained
datasets rather than explicit instructions. With technological
advancements, several researchers have developed machine
learning and deep learning models, which have been attributed
to several advantages over conventional methods. Machine
learning models are flexible in adapting to new and big
datasets, learning from them and analyzing trends and patterns
reflecting the customer’s creditworthiness. It has the ability
to handle complex and diverse datasets, leading to fast
loan processing and more accurate and dependable credit
approval outcomes. This reduces the burden to the credit
officers, saves on cost and improves customer relationship and
satisfaction. On the other hand, the accuracy and efficiency of
machine learning depend on the initial data. Incorrect data or
programming leads to unreliable and inaccurate output.

Several studies employed different machine learning
techniques and demonstrated their effectiveness to some
extent. A study on loan default prediction [9] achieved
accuracy and recall of 64%, precision and F1 score of 63% and
62% respectively using decision trees. Logistic regression and
Naı̈ve Bayes attained 63% in precision, recall and accuracy
and an F1 score of 62%. Loan default was predicted
sing XGBoost,Light Gradient Boosting Machine (LightGBM),
Random Forest and Decision Tree [10]. Highest accuracy,
precision and F1 score of 97.64%, 97.47% and 95.03%,
respectively, was achieved by LightGBM. XGBoost exhibited
the highest recall and Receiver Operating Characteristics-
Area Under the Curve (ROC AUC) of 93.07% and 99.17%,
respectively. Decision tree and random forest had an accuracy
of 94.08% and 93.94%, respectively and 86.72% and 89.33%
in precision, respectively. Overall, LightGBM emerged as the
most efficient model in performance, followed by XGBoost.

2.3.1. XGBoost
XGBoost is a scalable, portable and efficient boosting-

based tree algorithm. It focuses on utilizing decision trees
as base learners. Gradient boosting involves combining
many weak learners to reinforce a single weak learner. The
sequential combination of multiple weak learners minimizes
prediction errors, enhancing the performance of the XGBoost
model. Large data sets are quickly trained by a built-in
parallel processing. It mitigates overfitting by splitting leaves
in the same layer through regularization methods such as
penalizing leaf scores by L1 (Lasso) and L2 (Ridge) [11].
This feature improves the model’s generalization ability. It
implies the capability to choose significant characteristics
over trivial ones by default; hence, the model can efficiently
handle sparse and high-dimensional data [12]. Ensures
high computational efficiency through cache optimization,
which promotes memory data storage, reducing input/output
operations. Technological innovations utilized by the model,
such as frequency, gain and cover metrics, foster practicability
and interpretability of the model [13]. The model’s ability

to optimize newly added trees and minimize loss functions
improves its overall accuracy.

A study [14] in 2023 determined the performance of logistic
regression, decision tree, lightGBM and XGBoost in loan
default prediction. Similar to the [10] study, LightGBM
recorded an accuracy of 81.04%, 72.13% AUC, and 57.51%
precision, which were higher than in other models. XGBoost
ranked second in performance with 80.98% accuracy, 72.06%
AUC and 55.83% precision. The decision tree performed
poorly in accuracy (63.17%) and precision (30.15%), as well
as logistic regression, whose accuracy and precision were
65.55% and 31.10%, respectively.

In a different research, the performance of Gradient
Boosting, XGBoost, Random Forest, and LightGBM in loan
default prediction was investigated [11]. Gradient Boosting
was regarded as the most effective model following its
highest evaluation metrics in 80.84% accuracy, 80.21% recall
and 80.84% F1 -score. Likewise, this model outperformed
other models in accuracy (89.5%) and F1 score (90.5%)
in a similar study by [7]. However, Gradient Boosting is
sequential in nature, thus time-consuming during training
as compared to LightGBM and Random Forest. Moreover,
the model is predisposed to overfitting, hence the need
to employ cross-validation to improve generalization [11].
XGBoost outperformed other models in AUC score (97.14%).
LightGBM and Random Forest showed lower precision and
recall.

2.3.2. Support Vector Machine
The Support Vector Machine (SVM) was created in 1963,

and it is ranked among the best machine learning models[15].
This model focuses on dividing the characteristic space using
hyperplanes. The hyperplanes act as the most suitable
boundaries flanked by classes; thus, several subspaces are
created as labels [16]. Support vectors, extreme vector points
in the SVM algorithm, help to create suitable hyperplanes [15].
Hyperplane optimization contributes to low generalization
errors, hence minimal overfitting chances. [17] postulates the
effectiveness of SVM when working with relatively small and
high-dimensional spaces. SVM is advantageous in terms of
memory as it requires less memory storage [15]. However,
in cases where there is a high amount of noise in the
dataset, the model performs inefficiently. Moreover, SVM
fails to compute the prediction confidence level, increasing the
computation cost when an alternative method, such as k-fold
cross-validation, is utilized [17].

Research on predictions of loan defaults in Kenya utilized
SVM and logistic regression models [18] . Performance
comparison between the two models, SVM with linear kernel,
showed better performance than logistic regression. The
accuracy and precision of SVM (linear kernel) were 88.29%
and 87.85%, respectively, while logistic regression achieved
77.27% accuracy and 84.40% precision. In a separate study,
SVM with sigmoid kernel achieved worst performance (83%)
while polynomial kernel obtained the best performance (97%)
in accuracy [19]. However, the precision and recall were very
low due to the unbalanced datasets. A study on using SVM
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with radial basis function kernel to optimize loan approvals in
the banking sector was conducted in 2024 [20]. Comparison
of SVM with decision trees and logistic regression revealed
outstanding performance of SVM with 87% accuracy, 84%
precision, 89% recall, 86.5% F1 score and 0.92 ROC-AUC
score.

2.4. Hybrid Machine Learning Approach

Hybrid models combine two or more machine learning
models, aiming to enhance interpretability and performance.
It is designed to provide optimal solutions to complex
and diverse data modalities faced by single models.
Several researchers have employed hybrid models in varied
domains. For instance, a hybrid model containing LightGBM,
Categorical Boosting (CatBoost) and XGBoost was utilized
to create a credit risk prediction model [21]. The study
utilized L1, Random Forest, Extra Trees, Analysis of Variance
(ANOVA), Weight of Evidence (WOE) and Feed Forward
feature selection to create hybrid feature selection. Synthetic
Minority Oversampling (SMOTE) was used to balance the
imbalanced datasets. The hybrid model outperformed
standalone models for medium and large data sets, achieving
an AUC of 87% and 96%, respectively. The F1 score and
accuracy were also higher than for the individual models.
However, small datasets led to lower metric values than single
classifiers. Hence, it is difficult to generalize hybrid stacked
models.

In 2025, a hybrid approach was used to predict credit
risk in financial institutions [22]. The study combined
LightGBM and CatBoost to create the hybrid model. This
model outperformed single models with 88.04% accuracy,
91.77% precision, 94.54% AUC score, and 87.51% F1-score.
The hybrid model combining the two models brings out a
synergistic relationship, improving computational efficiency,
accuracy and high generalization ability of varied tasks and
datasets [23].

Apart from financial institutions, hybrid machine learning
has been recommended in other industries. For instance,
combined reinforcement and supervised learning algorithms
was employed to increase precision and accuracy in predicting
a machine?s remaining useful life [24]. The hybrid integrated
Q-learning and multi-layer perception algorithms achieved a
15% increase in accuracy over single models. Hybrid models
promote early predictions of machine downtime, leading to
low maintenance costs, enhanced reliability, and time saving
[24]. Conclusively, hybrid models show greater potential than
single models in varied applications. The synergistic relation
helps to solve one model’s weakness while complementing the
other model(s) with its strength, hence high performance.

3. Materials and Methods

3.1. Introduction

This section entails reviewing the research designs and their
justifications, data sources and their relevance to the problem,

data collection and analysis methods, and their justification in
relevance to the problem statement.

3.2. Data Source and Data Attributes

This study used a secondary data set consisting of loan
application records of the year 2023 taken from a banking
institution that is publicly available on the Google Kaggle
repository. The loan dataset comprised the following
attributes: age, loan amount, income, credit score, months
employed, interest rate, loan period, education, marital status,
employment type, has dependents, has a cosigner and loan
purpose. These attributes are significant in determining the
applicant’s eligibility for a loan.

3.3. Data Preprocessing

3.3.1. Data Cleaning
The dataset was explored by checking the missing values

and duplicates.

3.3.2. Feature Transformation and Splitting
Categorical encoding was carried out, which entailed one-

hot encoding for nominal variables such as loan purpose and
label encoding for ordinal variables such as account status in
XGBoost. Additionally, numerical minimum and maximum
scaling was carried out for the SVM model to ensure that all
the variables had a mean of 0 and a variance of 1, respectively.
Scaling enhanced consistency in hybridization. Data was
split into training and testing data, that is, 80% and 20%,
respectively.

3.3.3. Imbalance Testing
The data was tested for class imbalance and mitigated using

SMOTE, which generated the synthetic samples for the default
class.

3.4. Model Development and Hybridization

3.4.1. XGBoost Model
This model was used due to its ability to handle the missing

data type, highly effective in detecting outliers and providing
feature importance by quantifying how much each feature
contributed to the prediction model through the calculation of
metrics such as frequency, gain, and cover.

Let define loan eligibility dataset as;

M = (Xi, Y )Ni = 1 (1)

Where: Xi ∈ Rd represents the feature vector for
the i(th) loan applicant such as Income, loan amount,
employment history, and credit score. The feature matrix will
be represented as Xi ∈ Rm x n

yi ∈ (0, 1) represent the loan eligibility outcome which is
binary outcome.
N represent the number of samples
The model objective function will be:

LXGB = i =
∑︂∑︂n

i=1
[l(yi, y

i(t)) + ϕ(ft)] (2)
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Where: l(yi, yi(t)) is the loss function, yi(t) =∑︁t
k=1fk(xi) represents prediction in t and fk represents

decision tree. ϕ(ft) represents the regularization. Logistic
loss:

l(y, ŷ) = y log(ŷ) + (1− y) log(1− ŷ) (3)

The regularization term was directly included in the
XGBoost to avoid overfitting. This is given by;

ϕ(f) = γT +
1

2
λ

T∑︂
j=1

w2
j (4)

Where T is the leaves number in the tree, wj is the
prediction value/ weight of the jth leaf.

The generation of leaf output was:

zi = [leafi1, leafi2, . . . , leafiK ] (5)

Where leafik is the leaf index for tree k and K is the number
of trees

The feature transformation was:

fXGB(xi) = [yiXGB , leaf(xi)1, leaf(xi)2, . . . , leaf(xi)K ] (6)

Where f iXGB represents the predicted probability

3.4.2. Support Vector Machines (SVM)
This model was used for its ability to handle complex data;

it was also effective in giving clear margin separation as well
as being sensitive to kernel choice and noise.

X ′ = [ϕXGB(X), Xoriginal] (7)

Where: X ′ ∈ Rn×(m+K+1)

The SVM primal problem was for minimal solution

1

2
||w||2+C

n∑︂
i=1

nξi (8)

yi(W
TϕSVM (x′) + b) ≥ 1− ξi (9)

Where: ϕSVM represents the SVM kernel mapping.
C represent the regularization parameter
ξi represent slack variables
The maximum solution is given by:

n∑︂
i=1

αi −
1

2

n∑︂
i=1

n∑︂
j=1

αiαjyiyjK(x′
ix

′
j) (10)

Where 0 ≤ αi ≤ c

n∑︂
i=1

αiyi = 0 (11)

The decision function for SVM is given by:

fsvmx = sign(
∑︂

i∈SVM

αiyiK(x′
ix

′ + b) (12)

The study employed linear kernel whose equations are per
equations (13) and (14).

K(x, y) = xT y (13)

K(x, y) = exp (−γ||x− y||2 (14)

Where γ controls the spread of the kernel.

3.4.3. Hybrid Model Development
The foundation of the hybrid system involved training the

individual models. In the XGBoost model, loan data was split
into training and validation sets. Using the XGBoost classifier,
the model was initialized and trained using the binary objective
function. Similarly in SVM model, data was divided into
training and testing tests. Using linear kernel, the model was
initialized and trained using training data. The performance
of both models was then optimized separately using random
search with cross validation.

The construction of the hybrid model involved integrating
XGBoost and SVM through a stacking ensemble learning
strategy. During stacking, SVM and XGBoost predictions
were used as input variables for a meta-classifier, and the
model optimally combined the base models’ predictions.
The SVM and XGBoost models were trained independently,
and then the hyper-parameters were optimized using cross-
validation.

The hybrid XGBoost-SVM were transformed xi from the
original input to a new feature:

zi = Ψ(xi) = [f1(xi), f2(xi), . . . , fT (xi)] (15)

The customized model was as follows:

P (loan approval/x) = σ(β1fXGB(x) + β2fSVM(x′)) (16)

The final loan eligibility decision was given by;

Ŷ = {1, fhybrid(x) ≥ 0 (Approved)
0, otherwise (Rejected)

(17)
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Figure 1. XGBoost+SVM Hybrid model.

3.5. Model Evaluation Metrics

The Area Under the Receiver Operating Characteristic
Curve (AUC-ROC) was used to measure the ability of the
model to discriminate between classes across all thresholds.

The F1-score which is the harmonic mean of the recall
and precision, was significant when the probability of false
positives (rejecting a good client) and false negatives (missing
a default) was high.

F1− score = 2× (Precision × Recall)

(Precision+Recall)
(18)

Accuracy was used to establish the overall correct prediction
rate.

Accuracy =

True
Positives + True

Negatives

True
Positives + True

Negatives + False
Positives + False

Negatives

(19)

Precision was imperative in measuring predicted defaults against the actual defaults in loan prediction.

Precision =
True Positives

(True Postives+ False Positives)
(20)

Recall assisted in measuring proportion of actual default that are accurately identified

Recall =
(True Positives)

(True Positives+ False Negatives)
(21)

Specificity measured the proportion of actual non-defaults that are correctly identified.

Specificity =
True Negatives

True Negatives+ False Negatives
(22)

A confusion matrix was used to visualize and give a
performance summary in a tabular representation as shown in
Table 1 [14].

Table 1. Confusion Matrix.

Confusion Matrix Positive (Actual) Negative (Actual)

Positive (Predicted) True Positive (TP) False Positive (FP)

Negative (Predicted) False Negative (FN) True Negative (TN)

For model comparison the statistical test, for instance, the t-
test was carried out on cross-validation to check the existence

of significant performance difference.

4. Results and Discussion

4.1. Data Preprocessing and Splitting

Raw dataset was converted into a dataset that machine
learning models could comprehend. The loan default dataset
was loaded in Jupyter notebook in Google Colab and various
python libraries such as pandas, matplotlib, numpy, sklearn
and seaborn were imported (Figure 2).
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Figure 2. Python Libraries.

Figure 3. The dataset information.

The dataset comprised 255,347 rows and 18 columns
(Figure 3). It had 2 float features, 8 integer features and
8 object features. It had no missing values and duplicates
(Figure 4).

Figure 4. Check for missing values.

Figure 5 shows a clear description of how the features
in the dataset were aligned. All variables had equal counts
supporting the evidence of the absence of missing values.
It also indicates the mean, standard deviation, minimum,
maximum and quartiles of every feature.
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Figure 5. Descriptive Statistics Summary.

There was a class imbalance between the number of defaults
and non-defaults as indicated in the histogram below (Figure
6). SMOTE technique was employed during class modeling to
mitigate this imbalance.

Figure 6. Imbalance between number of defaults and non-defaults.

Figure 7. Training and Testing Dataset.

The Figure 7 above indicates the target label and feature
matrix with x and y values showing default or not. Also,
20% of the data was used for testing, while the use of
stratify=y ensures both test and training sets maintain the
same proportion of non-default and default from the original
dataset. The training set had 204277 features with 24 rows,
with a default rate of 0.116, while the test set contained
51070 features with 24 rows and a default rate of 0.116. The
test and training set had the same default rate to confirm
that the stratification worked correctly. The stratification was
significant in imbalance classification, and without it, the test
set could have a lower or higher default rate, leading to a
wrong result during model evaluation. The same percentages
in default rate show that the test set indicates a representative
sample, hence performance metrics should work well on new
data.

Figure 8. Feature Scalin.
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Feature scaling using a standard scaler was initialized to
train the numerical columns, as shown in Fig.8. Also, the mean
and standard deviation of each column were computed and
standardized to a mean of 0 and a variance of 1. Additionally,
scaler transforms the test set to ensure the test data is well
scaled by the training set parameters to prevent leakage of data.

The class imbalance was handled using SMOTE (Synthetic
Minority Over-sampling Technique) by generating synthetic
samples in the minority class, leading to a balanced dataset.
Applying a scaler before SMOTE was crucial since SMOTE
operates in feature space, and it performed well on well-scaled
features.

4.2. Modeling

This step involved developing models and forecasting the
outcomes of the models. Support Vector Machine (SVM)
and XGBoost models were developed as shown in Figure 9.
The calibrated classifier was used in SVM to increase the
probability calibration on the decision function values that are
not well calibrated. Class weight was crucial in adjusting
weights that were inversely proportional to class frequencies,
thus handling class imbalance. The XGBoost model had
200 estimators, which were the number of boosting rounds
(trees), with a 0.05 learning rate that shrinks the contribution
of every tree, helping in generalization. Additionally, the
scaling weight was vital in handling imbalance during loss
calculation by weighing the positive class. Therefore, both
models account for imbalance in the dataset.

Figure 9. Modeling.

The SVM and XGBoost machine learning models were
trained, and the trained models were stored in the dictionary,
as shown in Figure 10. It started by creating an empty
dictionary to hold the trained models. Then, looping through
the dictionary and training the model using the trained data that
was resampled to handle class imbalance.

Figure 10. Training XGBoost and SVM Models.

Models’ performance was compared according to Figure
11. It entailed evaluating the trained XGBoost and SVM
models that were stored in the dictionary. Then, prediction
probabilities were made by computing the classification report

through precision, accuracy, recall, F1 and ROC-AUC and
stored for the positive class labeled 1.

From the output table, XGBoost had a high recall of 0.90
but low precision of 0.15, thus predicting nearly everything as
positive, hence producing many false positives, while catching
most actual positives.

SVM (Linear) showed high accuracy of 0.73 and low
precision of 0.22, hence many false positives. It also had a
lower recall of 0.52, so the model was more conservative in
predicting positives. Therefore, although XGBoost had low
accuracy, it had a ROC-AUC of 0.74, which was relatively
higher than SVM, whose ROC-AUC was 0.70, indicating
better ability to separate various classes.

Figure 11. Performance Metrics.

4.3. XGBoost and SVM Model Evaluation

4.3.1. Confusion Matrices-Test Set

Figure 12. Confusion Matrices.

The above confusion matrices (Figure 12) provide a side-by-
side comparison of XGBoost and SVM (Linear), visualizing
how well they can predict the probability of a borrower
defaulting or not defaulting on the loan.

The SVM(Linear) model shows 34140 as actual non-
default, 2,843 as actual default from the true label, while the
model predicted 10999 as non-default and 3088 as default.
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Therefore, this model has a low probability of identifying
loan defaulters and can predict no-default even in cases which
might default, resulting in false negatives, which is dangerous
during the loan approval process.

The XGBoost shows 15317 as non-default and 568 as actual
default from the true label, while the model predicted 30000
cases as non-default and 5363 as default cases. Therefore,
the model is more aggressive in predicting default cases in
comparison to SVM and catching more true positives, hence
XGBoost turns out to be a better model in reducing false
negatives, where an actual default is incorrectly categorized
as no default.

4.3.2. ROC-AUC Curves

Figure 13. Receiver Operating Characteristics (ROC) Curves.

The Figure 13 above shows the ROC curves for SVM Linear
and XGBoost models in comparison to a random classifier.

The x-axis represents the false positive rate used in
measuring the proportion of actual negative values incorrectly
predicted as positives. The y-axis represents the true positive
rate, which measures the proportion of actual positive values
correctly identified. The diagonal dashed line was a random
classifier, and for any useful model, its ROC curve should be
above the random classifier.

The SVM Linear model was represented with a blue line,
with an AUC of 0.6964, with its curve starting above the
random classifier, indicating that it is better than random.
However, the AUC of 0.7 was moderate, suggesting the
existence of overlap between negative and positive classes.

The XGBoost model was represented by a yellow line that
sits above the SVM curve with an AUC of 0.7404, indicating
better separability between different classes. The model
captured the nonlinear relationship better in comparison to
the SVM model.

4.3.3. Precision- Recall Curves

Figure 14. Precision Recall Curves for XGBoost and SVM Models.

The Precision-Recall Curves above (Figure 14) compare
the performance of Linear SVM and XGBoost on a binary
classification dataset. The XGBoost had an Average Precision
of 0.2979, indicating that it performs better in comparison
to SVM, and its curve is relatively higher at every recall
level, achieving higher precision. The SVM model had an
average precision of 0.2521, better than the random average
precision. The curve starts with a low recall, with decent
precision dropping quickly as recall increases.

The x-axis represents the recall, which is the true positive
rate, measuring all actual positive cases, while the y-axis
represents the precision, which is a positive predictive value
measuring all positive cases in the model. The precision-recall
curve is more informative for an imbalanced dataset, focusing
on the positive class, which is the non-default class during the
loan prediction.

4.3.4. Classification Model Evaluation
This report was generated from the trained model with the

best performance based on the prior metrics. The Figure 15
below is the XGBoost classification report, which showed
better performance in comparison to SVM.

Figure 15. Evaluation of XGBoost.

The precision of 0.96 indicates that the model predicts no
default of 96%, therefore, causes an alarm for default when
determining loan eligibility. From the recall of 0.34, the model
finds only 0.34 of actual non-defaulters. An F1-score of 0.50
was low as a result of low recall.
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The default precision of 0.15 indicates that the model had
0.15 correctness when predicting default rate, while the recall
of 0.90 indicates that the model was very sensitive to actual

defaulters. The low F1 score of 0.26 was a result of poor
precision.

4.4. Hyperparameter Tuning Process

Figure 16. Hyperparameter Tuning Process.

The Figure 16 above shows the hyperparameter tuning
process using randomized search cross-validation. For
the linear SVM model tuned only for the regularization
parameters, while XGBoost model tuning was done for the
number of boosting rounds, maximum tree depth to control
overfitting, step size shrinkage and the fraction of sample per
tree used. The tuning setup was done using a randomized
search.

The maximum depth of 7, which was moderate, allowed
for the learning of the models’ complex patterns moderately,
while the learning of 0.1 indicates faster learning, though is not
conservative. The subsample of 0.85 indicates the percentage
of data each tree used.

Figure 17. XGBoost Model Tuning.
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The XGBoost model was tuned (Figure 17) to predict the
probability of loan default, with class 0 representing no default
and class 1 representing default. The no-default class had a
precision of 0.94, indicating the percentage of the correctly
predicted values in the model, while the recall of 0.60 indicates
the percentage of the model’s catches of the actual non-default
classes.

The default class had a precision of 0.19, which was very
low, showing the percentage of defaults predicted is indeed
actual defaults. The recall of 0.73 showed the percentage of
actual defaults the model identifies. The AUC of 0.73 indicates
that the model was able to rank non-default lower than default.
Therefore, since the objective was to minimize the default, the
recall of 0.73 shows that the model works reasonably better.

4.5. Model Performance Comparison

This involved comparing the performances of the three
models: XGBoost, tuned XGBoost and Linear SVM. Their
accuracy, precision, recall, F1, AUC-ROC and average
precision are given in Figure 18. The XGBoost model
improved the recall and F1, hence the tuning minimized the
false positives. Also, all models showcase low precision,
thus struggling to avoid false negatives during loan prediction.
From the ROC-AUC curves, all the models possess moderate
ability to separate classes.

Figure 18. Final Model Comparison.

4.6. Hybrid Models

Figure 19. Number of Arrays in XGBoost and SVM Models.

The number of arrays in the models is as per Figure 19 Both
had 361110 arrays, which was essential for carrying out fold
prediction for both models. Every array contained positive
class predicted probabilities between 0 and 1. The out of fold
probabilities were crucial in blending and training the final
classifier to develop the hybrid model.

Figure 20. Meta Feature Construction.

The construction of the meta-feature matrix was important
for training a stacking ensemble machine learning model. It
involved taking out-of-fold predictions from the trained SVM
and XGBoost base models and stacking them side by side as
input variables for higher-level prediction. From the output,
361110 training samples were used per row as per the original
training data and two columns, one column per SVM and
XGBoost base models. Therefore, the meta feature aimed to
determine the more reliable feature of either of the base models
and use it for the final prediction.

4.7. Train the Meta-classifier

Figure 21. Training Meta-Classifier.
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The meta-classifier was used to learn the best way to
combine the predictions of the base models to make the
final decision (Figure 21). The meta-model executes the
weighted combination of the outputs of the base models. The
coefficients of the meta classifier for the SVM and XGBoost
were -1,0392 and 14.6468, respectively. These were the
learned weights before the sigmoid function application. The
XGBoost model had a very large positive weight, thus making
it increase the positive class, increasing the final probability,
hence dominating the final decision. The negative weight of
the SVM model decreased the final positive outcome, thus
acting as a negative regulator. Therefore, the SVM was used
to improve the workability of the XGBoost, which acted as the
primary driver.

4.8. Evaluation of Hybrid Model

Figure 22. Hybrid Model Evaluation.

Figure 22 gives an evaluation of a hybrid machine learning
model in predicting the loan default. It had SVM and XGBoost
models, which were the base models. Logistic regression was
used as the meta-classifier, where the predictions from the
models were fed into the meta-classifier to learn and combine
them in the best way possible.

The no-default class had a high precision of 0.93, showing
few positives among the no-default predicted, while the recall
was 0.83, indicating the percentage of actual non-defaulters
the model was able to catch. The F1-score of 0.87 showed a
good balance for most of the class.

For the default class, the precision was 0.27, showing
the percentage of correct predictions the model was able to
make, and a recall of 0.49, revealing the percentage of actual
defaulters the model was able to find. The F1-score of 0.35
indicated relatively low performance for most of the class,
mostly due to low precision.

4.9. Comparing Hybrid Versus Individual Models

Figure 23. Models Comparison Table.

Figure 24. Models Comparison Graph.
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The above Figure 23 and 24 gave a clear reflection of the
performance of the three models. The hybrid model was
overall the best with the highest accuracy of 0.78, the highest
precision of 0.27, the highest ROC-AUC of 0.74, the highest
average precision of 0.29, and a balanced recall of 0.49; hence,
the model was able to combine the strengths of SVM and
XGBoost. The precision of 0.27 was significant because it
showed fewer false alarms, thus minimizing rejecting good
customers in the lending business. Also, the balanced recall
of 0.49 was crucial since the hybrid model was able to
capture nearly half of the actual defaulters, thus minimizing
the losses among the defaults and reducing the provision
for bad loans. The hybrid model was able to balance F1-
score and ROC-AUC curve, 0.35 and 0.74, respectively, thus
maximizing the profitability while reducing credit risk for loan
default. Therefore, the hybrid (XGBoost-SVM) was the most
preferred model in predicting loan default since it achieved the
best balances across all performance metrics, which directly
impacts customer satisfaction, lenders’ profitability, and thus
reduces financial losses.

5. Conclusions

The accuracy in assessing loan eligibility is a strategic
function and critical operation in the banking sector
in determining the financial aptness. While traditional
underwriting systems were interpretable, they could not
capture non-linear relationships, and complex data from
an increased number of loan applicants, leading to wrong
credit decisions, potential customer attrition and increased
non-performing credit facilities. This research was set out
to address these limitations through the development and
evaluation of a hybrid machine learning model that leveraged
the strengths of Support Vector Machine (SVM) and Extreme
Gradient Boosting (XGBoost) models.

During the data preprocessing phase, which comprised
handling missing values, handling class imbalance and feature
encoding, the research involved training and validating three
distinct machine learning models. The comprehensive
assessment of performance metrics was carried out to evaluate
accuracy, precision, recall, F1-score, and Area Under the
Receiver Operating Characteristic Curve (AUC-ROC). In all
these performance metrics, the hybrid model unequivocally
demonstrated greater results with an accuracy of 0.78,
precision of 0.27, the highest ROC-AUC of 0.74, the highest
average precision of 0.29, and a balanced recall of 0.49. The
superior predictive accuracy indicated that the model was
accurately able to identify the proportion of both ineligible
and eligible loan applicants, thus lowering misclassifications
of defaults during loan eligibility determination.

Notably, balanced recall and precision of 0.49 indicated
the ability of the hybrid model to successfully harmonize
precision and recall metrics, leading to the highest FI-score
of 0.34, giving robust performance and reducing the default
rate during the loan approval process. Additionally, hybrid
models achieved the greatest AUC-ROC of 0.74, enhancing

their capability to distinguish between eligible and ineligible
loan applicants, making it a reliable decision tool during the
loan approval process. The greater performance of the SVM-
XGBoost hybrid model was attributed to its ability to leverage
the strengths of the standalone SVM and XGBoost models,
where the model compensated for the individual models’
weaknesses, leading to more resilient loan predictive results.
Therefore, application of the XGBoost-SVM hybrid model
would significantly reduce the loan default rate, enhance
financial inclusion, as well as accelerating turnaround time
for loan approval, thus improving customer satisfaction and
reducing financial losses in the banking sector.
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XGBoost eXtreme Gradient Boosting
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