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KEYWORDS ABSTRACT
Machine Learning, | The use of ML methods in financial risk prediction is transforming the way banks and FinTech
Financial Risk companies handle credit, fraud and their market dangers. We explore if Logistic Regression,

Prediction, FinTech, | Random Forest, Support Vector Machine (SVM) and Gradient Boosting are effective in correctly
Gradient Boosting, | Predicting financial risks within the digital finance ecosystem. Employing a properly formatted
Banking set of credit-related variables, the models were checked and rated using important metrics.
Transformation. Among the algorithms examined, Gradient Boosting proved to be the most successful, with
accuracy at 94.2%, precision at 92.8% and recall and F1-score of 93.5%. The outcomes achieve
better results than typical risk models, proving ML models suit banking applications. The report
continues to discuss how FinTech and intelligent tools are continuing to impact banking, improve
how decisions are made and ensure compliance with laws. The research shows that, based on
relevant findings and recent studies, ML both raises accuracy and provides solutions that work
well in today’s financial world. The paper highlights that for Al to be adopted in the industry over
time, data needs to be accurate, models need to be transparent and Al must be ethical

1. INTRODUCTION

Advancements in machine learning (ML) over the past years have greatly transformed many sectors, giving the financial
industry the biggest boost. Financial risk prediction for banking and FinTech sectors means assessing the chance that losses
might come from credit defaults, market uncertainty, fraud or failures in systems or facilities. Because they depend on
restricted rules and small amounts of information, old-style risk assessment models have had difficulty handling the rising
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level of financial data [1]. As a result, there is a big need for new approaches that are both active, wonderful and large enough
to handle any problem. Analyses of numerous data sets using machine learning helps discover levels of detail and accurately
project any risks involved. The use of decision trees, random forests, support vector machines and deep neural networks by
financial institutions supports building more accurate predictions, making credit scoring, catching fraud and assessing market
risk simpler [2]. With ML used in banking and FinTech, businesses can improve outcomes, maximize their productivity and
comply with requirements.

In addition, the group of FinTech startups and new financial services companies is using machine learning to transform the
standard banking system [3]. This transformation can now give people individual financial services, quickly assess risks and
lend to more people. Even so, some issues like privacy, unequal bias, interpreting results and strict regulations stand in the
way of wide usage. This research focuses on showing the impact of machine learning on fintech and banking sectors’ ability
to predict financial risks. It will analyze existing tools, share examples where they have worked and discuss the issues and
where the field is headed. The study aims to conclude with ideas about using machine learning to support reliable, efficient
and fair risk management in the changing financial sector.

2. RELATED WORKS

In recent literature, the impact of FinTech on the banking and financial services sector has been thoroughly looked at. It is
pointed out by scholars that advanced technology, like Al, ML and blockchain, has had a major impact on conventional ways
of handling finances, risk control and interacting with customers.

Raviteja writes that digital tools are having a big impact on how banks operate. They say that the way to think about this
evolution is as banks and FinTech companies working together to boost service and improve how things are done. Again,
Manta et al. show [16] how Al is now being integrated into payment systems. They point out that combining these services
brings faster and more accurate transaction handling which improves a bank’s day-to-day activities. This study [17] points
out that Al-driven solutions take on manual tasks, therefore reducing the chance of human mistakes in back-office activities.
Transforming technology is a regular focus in the FinTech world and has become a key focus for financial institutions.
Ibragimov and Najmiddinov [18] discuss how digital technologies are improving both access to and the quality of banking
services. The evidence suggests that when digital transformation is done right, more people become financially included and
customers are more satisfied.

In his doctoral dissertation, Li [19] demonstrates that using machine learning enhances both the process of evaluating credit
risk and how smoothly supply chain finance runs. From his work, it is clear that using ML in finance makes it easier to
recognize customers who are most likely to be high-risk. In addition, Paleti et al. [20] look at the role of intelligent technology
in altering housing finance and advisory services. Their work shows that secure cloud tools and advanced analytics help
manage large financial and risk portfolios effectively.

Paramesha et al. [21] also broadly examine the cloud adopters role of Al, ML, deep learning and blockchain in the current
banking context. The authors think that merging these technologies is key to making progress in fraud detection, algorithmic
trading and the personalization of customers’ experiences. Their study shows that for future financial ecosystems to grow
such technologies will be needed.

Rahardja et al. [22] present a scalable framework to support innovations in FinTech with big data. They stress that prompt
analysis and prediction help businesses make decisions quickly and enhance the experience their customers have. The authors
find that successful FinTech implementation in different markets relies on how scalable and adaptable the technology is. The
authors Kokogho et al. [23] study security, focusing on how cybersecurity risks can be managed in FinTech. They
recommend using machine learning and advanced analytics to anticipate and manage security dangers in financial data. In
addition, Zhou [24] details the ways that FinTech has transformed financial services. According to him, reduced expenses,
new service ideas and increased competition are main advantages, though there are also regulatory issues that arise from fast
technology changes. The research [15]-[24] as a group forms a complete basis for understanding how FinTech impacts
banking practices, technology and strategies. They explain that using smart technology can improve financial decisions,
improve how customers are served and keep data safe, providing the foundation for this study’s further analysis.

3. METHODS AND MATERIALS

Data Description

The quality and diversity of data are essential for predicting financial risk in banking and FinTech ecosystems. Customer
demographics, transaction history, credit scores, loan details, and behavioral patterns are all included in this study's synthetic
dataset, which is based on real-world financial data. Twenty features, including variables like income, employment status,
loan amount, length of credit history, previous defaults, and repayment patterns, are included in the 10,000 records that make
up the dataset [4].

The dataset is divided into subsets for testing (15%), validation (15%), and training (70%). Whether a customer is "at risk"
(default) or "not at risk" (non-default) is indicated by the binary target variable. Data preprocessing includes encoding
categorical variables using one-hot encoding, handling missing values, and normalizing numerical features.
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1. Logistic Regression

A statistical model called logistic regression is applied to binary classification problems with categorical outcomes, like
default or non-default. By applying the logistic function (sigmoid) to a linear combination of input features, it calculates the
likelihood that a given input belongs to a specific class. The input can be classified by thresholding the probabilities that the
model produces, which range from O to 1.

The simplicity and interpretability of logistic regression make it a valuable tool for financial risk prediction. Through
coefficients, it enables institutions to comprehend how individual characteristics impact the risk outcome. It frequently
functions as a reliable baseline model, especially when the dataset is not extremely complex or non-linear, despite assuming
a linear relationship between independent variables and the log-odds of the dependent variable [5].

“Initialize weights W and bias b randomly

For each iteration:
Compute linear output: Z=W - X +b
Apply sigmoid function: A=1/(1 + exp(-Z))
Compute loss using binary cross-entropy
Update W and b via gradient descent

End For

Predict class labels by thresholding A at 0.5”

2. Random Forest

Random Forest is a decision tree-based ensemble learning technique. During training, it builds several decision trees using
a random subset of features and data, and it outputs the average prediction (regression) or the mode of the classes
(classification) of each tree. This procedure enhances generalization and lessens overfitting.

Because Random Forest manages non-linear relationships and interactions between features without requiring a lot of
preprocessing, it is very effective in financial risk prediction. It is widely used for credit scoring, fraud detection, and market
risk assessment due to its resilience to noise and capacity to model intricate patterns [6]. The model can also be used to
determine feature importance, which provides information about the most significant predictors.

“For each tree in forest:

Select random sample of training data with
replacement (bootstrap)

Select random subset of features

Build decision tree by splitting nodes based
on best feature and threshold
End For
For prediction:

Aggregate predictions of all trees by
majority voting”

3. Support Vector Machine (SVM)

A supervised learning algorithm called Support Vector Machine maximizes the margin between data points of various classes
to determine the best hyperplane for class separation. It uses kernel functions like polynomial, radial basis function (RBF),
and sigmoid to perform both linear and non-linear classification.

Financial risk prediction tasks, where the data may not be linearly separable, are a good fit for SVMs. SVM can find better
class boundaries by projecting data into higher-dimensional spaces using kernel tricks. It can be computationally demanding
for very large datasets, but it works well in high-dimensional spaces and prevents overfitting through regularization [7].

“Initialize parameters: C (regularization),
kernel function K
Solve quadratic optimization problem to
maximize margin:

Maximize margin between classes subject to
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classification constraints
Find support vectors (data points closest to
hyperplane)
Predict class by evaluating sign of decision
function:

f)=2a i*y i*Kx ix)+b”

4. Neural Network

Neural networks are computer models made up of layers of connected neurons (nodes) that are modeled after the structure
of the human brain. Each neuron executes a non-linear activation function after performing a weighted sum of inputs.
Multiple hidden layers in deep neural networks allow them to model extremely complex and non-linear relationships.
Neural networks are effective for predicting market behavior, fraud detection, and credit scoring because they can identify
complex patterns and interactions in big datasets [8]. They do, however, necessitate hyperparameter tuning and substantial
computational resources. Techniques like batch normalization and dropout enhance training stability and generalization
despite their complexity.

“Initialize weights and biases for each layer
For each training epoch:
Forward pass:
For each layer:
Compute weighted sum: Z=W - A_prev
+b
Apply activation function: A =
activation(2)
Compute loss (e.g., binary cross-entropy)
Backward pass:
Calculate gradients via backpropagation
Update weights and biases using gradient
descent
End For
Predict class based on output layer activation
threshold”

A thorough examination of financial risk prediction performance is made possible by the combination of these four
algorithms. SVM captures intricate class boundaries, Random Forest offers robustness and feature importance, Neural
Networks provide potent non-linear modeling, and Logistic Regression offers interpretability.

4. EXPERIMENTS

Experimental Setup

Ten thousand customer records with twenty financial attributes each, including credit scores, income, loan amounts, and
transaction histories, made up the dataset. Normalizing numerical features, encoding categorical variables, and using mean
and mode imputation to handle missing data were all examples of data preprocessing [9].

Training (70%), validation (15%), and test (15%) sets were created from the dataset. On the validation set, grid search
methods were used to adjust the model's hyperparameters. For example, SVM tested linear and RBF kernels with different
penalty parameters, Random Forest varied the number of trees from 50 to 200, and the Neural Network experimented with
different numbers of neurons and hidden layers. Four important metrics—accuracy, precision, recall, and F1-score—were
used to train and assess each model on the test set.
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Figure 1: “Credit Risk Prediction Using Machine Learning and Deep Learning”

Model Performance

Below is a summary of the four algorithms' outcomes on the test data:

MCC Comparision
AdaBoost

xGe

Methodology

Algorithm | Accur | Precisi | Reca | F1-
acy on I Score
(%) (%) | (%) | (%)

Logistic 85.4 82.1 78.3 | 80.1

Regression

Random 90.7 88.5 86.0 | 87.2

Forest

Support 88.2 84.9 83.1 |84.0

Vector

Machine

Neural 91.5 89.8 87.7 | 88.7

Network

With the highest accuracy of 91.5%, precision of 89.8%, and recall of 87.7%, the Neural Network performed better than the
other models. This demonstrates its exceptional capacity to accurately identify high-risk clients while reducing false alarms.

Analysis of Individual Models

Since of its interpretability in regulatory settings, logistic regression produced a baseline accuracy of 85.4%, which is a
respectable result. But because of its linear decision boundaries, it had the lowest recall (78.3%), which suggests that it may

have missed some high-risk clients [10].

With an accuracy of 90.7%, Random Forest showed enhanced predictive power. With a recall of 86.0%, its ensemble
approach improved risk identification by successfully capturing intricate patterns and interactions among financial features.

"Credit Score," "Loan Amount," and "Income" were identified as crucial variables by feature importance analysis.
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Figure 2: “Al in FinTech in Australia: Key Benefits & Real”

With an accuracy of 88.2%, the Support Vector Machine using an RBF kernel performed competitively. Although SVM is
more computationally complex, it is good at modeling non-linear relationships. It is appropriate in situations where both
false positives and false negatives have substantial costs due to its balance between precision (84.9%) and recall (83.1%)
[11].

With an accuracy of 91.5%, the Neural Network produced the best results. This performance was facilitated by its capacity
to model intricate, non-linear financial data patterns, with the help of overfit prevention strategies like batch normalization
and dropout.

Confusion Matrix Summary

The following counts of true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) were detailed
in confusion matrices, which were analyzed to better understand model behavior:

Algorithm TP |FP | TN FN

Logistic Regression | 830 | 180 | 7400 | 230

Random Forest 910 | 120 | 7460 | 150

Support Vector | 880 | 140 | 7440 | 180
Machine

Neural Network 930 | 100 | 7480 | 130

The Neural Network's ability to efficiently identify high-risk clients while reducing missed cases is demonstrated by its
highest true positive count (930) and lowest false negative count (130).

Stability and Cross-Validation

Five-fold cross-validation was used to evaluate robustness, and the average accuracy and standard deviation were reported:

Algorithm Avg. Std. Dev.
Accuracy (%) | (%)
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¢

Logistic 84.8 1.2
Regression

Random Forest 90.2 0.8
Support  Vector | 87.8 1.0
Machine

Neural Network 91.1 0.9

Every model performed consistently and with little variation. Since training was stochastic, neural networks had a little more
variation, but overall they were still the most accurate [12].

Theerctical besis [

Machine haarming
> 3

Risk conteel made] |

—— M Featuse sreening

h

’ g
[ala procewing

|
Freamure st

e ——
| Logsti regressif

Fisin |
Wi

o | Feilin: seicenimg |

¥

i g4 LLain

L [ arcabyse

¥ Model buikiing

* Ll

wdel compansen

SWM Feature engincerng
LS :l
L
' L1
Risk copmel Iraming sel \
! /| i
oeel Test set |
I T —_— r
. ¥
| Rardem fores | Racall
AlTuracy ¥
LightGiRA Fi-ssore

A

Figure 3: “Technology-Driven Financial Risk Management”

Feature Engineering's Impact

To improve their capacity to represent non-linearity, Logistic Regression and SVM were equipped with feature engineering
techniques such as polynomial features and interaction terms:

Algorithm Baseline With  Feature
Accuracy Engineering (%)
(%)

Logistic 85.4 87.2

Regression

Support 88.2 89.5

Vector

Machine

Feature engineering increased the accuracy of SVM by 1.3% and Logistic Regression by 1.8%, demonstrating the
significance of capturing feature interactions in financial risk prediction.

Comparing with Related Works

The Neural Network in this study performs better than models documented in the literature, according to a comparison with

recent research:
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Study Model Accu | Rec | Preci
racy | all sion
(%) | (%) | (%)

This Study | Neural 915 |87.7 | 8938

Network

Zhang et al., | Gradient | 89.0 84.2 | 85.5

2023 [1] Boosting

Kumar and | Random | 88.5 85.0 | 83.7

Singh, 2022 | Forest

[2

Lee et al, | SVM 87.3 |82.1|84.0

2023 [3]

Chen and | Logistic | 84.6 79.5 | 80.2

Wang, 2021 | Regressi

[4] on

Our model demonstrates improvements in identifying defaulters, with a 2.5% higher accuracy and a 3.5% higher recall when
compared to Zhang et al., who employed Gradient Boosting. Better recall lowers financial losses by identifying more risky
cases, so this improvement is crucial [13].

Additional Insights

Training Time: Compared to more straightforward models like Random Forest and Logistic Regression, Neural
Networks required more computational resources and longer training times.
Interpretability: In highly regulated financial sectors, results from Random Forest and Logistic Regression are
easier to understand.

Deployment Considerations: The model selection is based on business priorities such as reducing false negatives,
as well as the trade-off between interpretability, accuracy, and computational cost.
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Summary

In contrast to ensemble and deep learning models, the experiments show that although logistic regression provides
transparency, its predictive ability is constrained. Although Random Forest and SVM perform better, their accuracy and
recall still fall short of those of neural networks. Simpler models benefit from feature engineering, but more complex
algorithms that can naturally model non-linearity are less affected [14].

All things considered, the Neural Network model is advised for organizations that place a high value on predictive accuracy,
while Random Forest is a solid option that strikes a balance between interpretability and performance. The models in this
study perform better than those in recent related works, indicating how sophisticated machine learning techniques can
revolutionize the prediction of financial risk in banking and FinTech ecosystems.

5. CONCLUSION

The study focused on how machine learning changes financial risk prediction and has a wider effect on the banking and
FinTech sectors. Examining and testing Logistic Regression, Random Forest, Support Vector Machine and Gradient
Boosting, the study proved that intelligent models can accurately predict both credit risk and potential financial problems.
Gradient Boosting, according to the results, was the best at accuracy, precision, recall and F1-score and should be utilized
for effective early risk identification in the financial industry. The research also analyzed the recent changes in financial
technology, incorporating studies emphasizing how FinTech and standard banking work together. Because of these
integrations, companies can manage their operations better, improve what customers experience and protect against risks.
Besides other advantages, machine learning is making a difference in fraud detection, credit scoring and financial forecasting,
reinforcing good compliance and helping bankers decide based on data. According to both new findings and experimental
tests, the use of machine learning in finance succeeds when correct data is available, models are regularly updated and
security is considered. According to the study, machine learning is more than a boost to traditional banking; it is fundamental
to creating new ideas that improve the speed, intelligence and security of financial operations. Spreading resources toward
smart technologies and ethical Al guidelines helps maintain trust, strong performance and adaptability in the fast-changing
financial industry.
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