
J Econ Managem Res, 2023            Volume 4(5): 1-5

Improving Credit Risk Management with Predictive Analytics

USA

Pranay Mungara

*Corresponding author
Pranay Mungara, USA.

Received: September 03, 2023; Accepted: September 10, 2023; Published: September 18, 2023

Keywords: Credit Card, Risk Management, Predictive Analysis

Introduction 
In recent years, the usage of credit has increased as a result 
of developments in socioeconomic conditions as well as the 
behavioural patterns of individuals and populations towards their 
expenditures. People use credit for a range of needs, which has led 
to an increase in loaning and the money it generates for financial 
institutions.  When handled appropriately, credit has the potential 
to both stimulate the economy and resolve cash-related concerns 
that arise in the market. In spite of this, when they are utilised 
in a negligent manner, they cause injuries and disruptions to the 
economy. The underlying factors that led to the financial crisis that 
occurred in 2008 have not yet been rectified. On the other hand, 
the quantity of unpaid credit around the world has doubled since 
2008, when the lending rate was at its peak, and the number of 
credit decisions is constantly rising.  For the purpose of preventing 
economic and social harms and lowering credit risks, financial 
institutions ought to conduct risk assessments of credit applications 
using scientific methodologies [1].
 
After the 1990s, the subject of default risk was again in the 
spotlight due to the Basel Capital Accords, which greatly altered 
the methods used to manage credit risk. Following the 2004 
introduction of Basel II, financial institutions were obligated to 
measure the risks associated with their borrowers using the ratings 
issued to them through internal rating systems. This meant that, 
similar to banks and non-bank lenders, academics had to put their 
concentrate on assessing default projections. Lenders, including 
governments and banks, were doggedly focused on mitigating 
the effects of the gradual increase in defaulted loans throughout 

the 2008 financial crisis. Basel II had already established some 
traction before this commitment was made [2].

It is possible that the COVID pandemic in the year 2020 had 
a greater impact on e-commerce than any other time period in 
history. In an effort to survive the epidemic, a few of traditional 
brick-and-mortar stores have digitised their business processes. 
Online retail sales grew at a rate of 16.5% worldwide in 2020, 
and experts predict that this trend will only accelerate in the years 
to come [3-4]. 

Banks and other financial organisations have long used antiquated 
risk assessment models that placed an emphasis on hard and fast 
rules. Factors such as income, employment history, and credit 
ratings were incorporated into these models. Although these 
models have achieved their objectives, they often face criticism 
for not being able to handle the ever-changing nature of financial 
markets and the complex interplay of elements that impact credit 
risk. The advent of predictive analytics models that can examine a 
broader range of variables, such as transactional and behavioural 
data, has allowed us to circumvent these limitations. The outcome 
is that these models offer a more complex and all-encompassing 
view of a borrower's creditworthiness.

Empirical research has shown that credit risk management can 
greatly benefit from machine learning and predictive analytics 
when it comes to improving the accuracy of risk assessment 
metrics [5].

To give one example, it has been demonstrated that neural 
networks, which belong to the category of machine learning 
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ABSTRACT
In the context of credit risk management within the banking industry, this in-depth investigation explores the landscape of predictive analytics, which is 
constantly evolving. For the purpose of providing a holistic understanding of the role that predictive analytics plays in modern banking, the study is based 
on a qualitative research approach and combines current literature with case studies from the actual world. Among the key developments highlighted by 
the evaluation are the following: the increasing importance of ethical and regulatory compliance; the democratisation of predictive analytics tools; the 
integration of predictive analytics across diverse banking activities; and the transition to advanced machine learning algorithms. It proves the usefulness 
of predictive analytics by showing that it can facilitate more accurate risk assessments, quicker decision-making, and better overall banking performance. 
Analyses that compare different contexts demonstrate that predictive models perform differently in each of those contexts, highlighting the significance of 
selecting models that are customised to the specific context. Nevertheless, there are considerable obstacles to overcome, including the quality of the data, 
the interpretability of the model, the shortage of personnel, ethical problems, and the fees associated with implementation. Predictive analytics has the 
potential to become a vital instrument for managing credit risk in the banking industry. It will provide more accurate risk assessments, more intelligent 
judgements, and more resilience.
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models, perform better than traditional models when it comes to 
predicting the chance of default. Financial institutions can then 
make better-informed lending decisions as a result of this. Big 
data analytics has also helped smaller financial institutions like 
credit unions increase their profits and gain a competitive edge. 
This shows how these technologies have made financial services 
more accessible to more people [6]. 

The advent of big data and advancements in computer technologies 
have further transformed credit risk management. Banks may 
now learn more about borrower behaviour because to massive 
data sets that include information from non-traditional sources 
such as social media and transactional data. Machine learning 
algorithms and artificial intelligence have enabled the development 
of predictive models capable of analysing this data in real-time. 
A more complex and prospective assessment of credit risk is 
provided by these models.  In addition, these technologies have 
made it possible to automate the processes involved in determining 
credit decisions, which has resulted in increased efficiency and 
precision [7].

Literature Review
Machine Learning for Credit Risk Prediction
Even before the COVID-19 pandemic, digitalization of processes 
and AI were pervasive in many aspects of our life and were 
expanding rapidly throughout that time. This trend persisted with 
the promotion of online loans and sales on the Internet. As a 
result, the economy has undergone significant changes, financial 
institutions are facing more uncertainty, and new models are 
needed to manage this trend. Last but not least, the pandemic 
has had a major impact on the economy when seen as an outside 
force. Given its role in improving people's lives and essentiality 
to economic growth, the banking industry is one of the most 
important economic pillars, according to the World Bank (WB). 
Despite the intense competition in the industry, banks and other 
financial institutions are working hard to set themselves apart, 
increase shareholder value, improve customer service, and 
broaden access to banking services. With the help of information 
technology such as cloud services, the Internet of Things (IoT), 
artificial intelligence (AI), mobile telephony, and big data, they 
face the challenge of adopting data-driven innovation (DDI) 
to manage their appetite for operational, credit, and customer 
risk while also seeking efficiency. The term "fourth industrial 
revolution" describes this current tendency. The following phase, 
the fifth industrial revolution, is defined by a steady shift towards 
more beneficial interactions among people, technology, and the 
natural world [8-10]. 

In the banking industry, DDI and ML still have a long way to go 
before they can handle all of the use cases. There are evaluation 
gaps and uncertain outcomes when processing massive amounts of 
data with machine learning algorithms for real-time applications.  
On the other hand, by employing techniques from machine learning, 
such as association and collaborative filtering, in conjunction with 
information that is recommended and personalised, systems are 
able to detect individual preferences that have the potential to 
enhance risk assessment . Given the capability for analysis that 
BIG DATA tools and technology has, it is possible that they could 
assist in improving projections in markets that are constantly 
shifting. 

The microfinance industry cannot function without the use of 
machine learning in business intelligence to mitigate credit risk, 
which is the unpredictability of payment behaviour. Reason being, 
in the wake of the COVID-19 pandemic and in light of ongoing 

technical advancements, machine learning makes it possible 
to analyse massive amounts of data. Locate limitations in the 
applications and ascertain the optimal attribute and algorithm 
setups for the tasks.  These are the obstacles that need to be 
overcome [11-12]. 

Due to the high demand for online credit, a great deal of data is 
created. Using BIG DATA to analyse this data, new products, 
machine learning models, and credit risk assessment methods 
are built. Credit risks also rise sharply in response to spikes in 
demand because of this reality. This takes into account the degree 
of risk, the interest rate, and the loan terms in a non-linear way. It 
is expected that fraud will increase in the future if the current trend 
continues. Another important factor to examine is the consistency 
of the recorded information at each stage of the process. Data on 
sales, cultural variables, environmental factors, macroeconomics, 
management and development of innovative capacity, evolution 
of currency rates, trends in growth of Gross Domestic Product 
(GDP), economic activity, and experience are all part of this [13]. 

The relevant issues have been the subject of multiple research 
articles, the authors of which have relied on different machine 
learning methods for their analyses and conclusions. The models 
that have been used, however, frequently follow the black box 
paradigm, which adds another layer of difficulty. Because of 
this, it's hard to tell, for example, which payers are reliable and 
which aren't. Given that banks prioritise high-yield loans, these 
models have proven problematic, especially during challenging 
economic periods like "the financial crisis of 2008." This is due to 
the fact that banks are more prone to payment defaults since they 
prioritise loans that bring in the greatest money. Consumers who 
pay on time and those who do not may be mistaken by automated 
evaluation models that employ credit data, and the models may 
even penalise legitimate advantages.  However, the introduction 
of advanced non-linear machine learning models is being slowed 
considerably because of their lack explainability [14]. 

A challenge that needs to be overcome is the development of 
Explainable AI (XAI), whose purpose is to equip prediction 
models with built-in transparency, especially in complicated 
situations. To enhance the performance of Logistic Regression 
(LR) and Logistic Regression plus Slack Based Measure (SBM), 
one could employ Shapley Additive explanations (SHAP) or 
the Generalised Shapley Choquet integral (GSCI) to reveal the 
parameter dependency and a model interpretable payment risk 
forecast derived from a penalised logistic tree. The MLIA model 
reveals the contribution of a variable to the expected outcome 
more intuitively when using the logistic regression coefficient 
as a variable [15]. 

The "non-payment" problem is one that should be taken seriously 
because it has the potential to cause huge losses for financial 
institutions. The issue that machine learning faces in this situation 
is to consider the multicollinearity that already exists in the 
input data. This is the situation in which there is a significant 
correlation between variables, and some of them are not beneficial 
for classification. Due to the imbalance in the data that is actually 
being used, as well as the possibility of overfitting, biases could 
be generated in machine learning, which would result in chaotic 
reputation management as well as malicious or illegal deceit. 
For example, when it comes to the end-to-end interaction-based 
training of neural networks (NNs), the challenge is in determining 
which attributes are significant and effective. These additional 
limits have desired, a priori known qualities that aim to reduce 
the number of interactions and promote smoothness. You can 
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find these components in domain, control, and generative feature 
models. They are interesting because they provide explanations 
[16]. 

While some authors stress hive intelligence (HI) for this purpose, 
others promote genetic algorithms (GAs) as a way to guide training 
using ideal data sequences. Adaboost (ADAB), XGBoost (XGB), 
LightGBM (LGMB), and Bagging (BAG) are all examples of 
Boost Category models (BCat). Other models discussed include 
multi-classification (MC) and information fusion (MIFCA), 
which use fuzzy logic (FL) to reduce noise and help identify 
main features. Looking at how borrowers interact with their 
supply chain can help enhance prediction models. Utilising mobile 
technology, interviews, images, text, and social data could lead 
to a comprehensive credit risk assessment with multiple focuses. 
This approach would involve combining accounting data with 
statistical variables such as industry risks, GDP, efficiency, capital 
adequacy, asset quality, liquidity, management indices, and the 
SCORECARD scorecard. The most essential criteria, according 
to some writers, include gender, education level, overall debt, 
number of days past due, microfinance, mortgage credit, and days 
outstanding [17-18].

While some writers argue that demographic factors like age, 
marital status, and gender should not be considered when 
analysing non-payment behaviour, others argue that days of 
default, particularly those over 90 days, are the most important 
characteristics. As a result, checking the features' quality becomes 
a problem. More and more critical variables are being considered 
in risk assessments, and the complexity of linear and non-linear 
time series relationships is on the rise. Cluster Centroid (CC), 
Near Miss (NMISS), Adaptive Synthetic (ADASYN), Synthetic 
Minority Oversampling Technique (SMOTE), Borderline-Smot 
(B-SMOT), and Smotetomek (SMOTE-T) are various clustering 
approaches that can be used to address the imbalance problem.

Some writers have suggested using KFold and CS-classifiers. 
On the other hand, other writers suggest that imbalance and 
missing data be considered as evaluation criteria. Optimising 
the hyperparameters using approaches such as GA, K-Fold CV, 
random search (RS), grid search (GS), and others is an important 
first step in the experimental model evaluations [19]. 

Credit Risk Application with Computing Algorithms
Predicting the future credit status of a consumer is significant for a 
number of reasons, including credit risk and quantitative analysis. 
In, the authors compare and contrast deep learning methods with 
other machine learning methodologies and highlight their parallels 
and contrasts. In comparison to more traditional machine learning 
techniques like Logistic regression, Support Vector Machines, 
and Random Forest, XGBoost performs far better in these tests. 
Credit risk can be effectively predicted using a hybrid model, 
according to this study's findings. demonstrated that a one-of-a-
kind methodology known as TRUST (Trainable Undersampling 
with SELF Training) was effective in achieving the desired results 
[20-21]. 

In the banking sector, credit card fraud (CCF) is a specific type 
of criminal activity that is becoming an increasingly significant 
problem all over the world. The identification of it contributes to 
the management of the credit risk in the banking security aspect. 
An innovative framework known as DEAL, which stands for 
Deep Ensemble Algorithm, is utilised. When it comes to deep 
learning structures, the Recurrent Neural Network (RNN), Boosted 
Decision Tree, and a deep learning structure with enhanced 

feature engineering all demonstrate satisfactory performance. In 
the article, the authors examine the similarities and differences 
between Deep Learning, Logistic Regression, and Gradient 
Boosted Tree (GBT). The authors of this study made use of LR, 
SVM, k-NN, NB, RF, DT, and MLP algorithms, and discovered 
that all of these techniques were resilient. However, tree-related 
models demonstrated the highest level of performance [22-24]. 

An auto-encoder is utilised by the authors of in order to generate 
features that are based on domain expertise. In terms of predictive 
capacity, it has been demonstrated to be an improvement. In 
the study, Visual Analytics was utilised to assist in lowering the 
number of instances of false positives. It is possible to control the 
financial risk associated with the online supply chain by using 
accurate calculation and assessment. A deep belief network is 
constructed by the authors of using the Restricted Boltzmann 
Machine and the classifier SOFTMAX. The dataset was compiled 
from the yearly financial reports of well-known corporate entities 
in China. This model demonstrates an accuracy that is significantly 
higher than that of SVM and Logistic Regression. When it came 
to the identification of supply chain fraud, SVM and XGBoost 
were found to be more accurate than LR and NB in. As a result of 
the residual effects of the Global Financial Crisis that occurred in 
2008, a significant number of businesses are currently facing the 
possibility of filing for bankruptcy. A person who is in danger can 
use neural networks to assist them in detecting the early warning 
signs of collapsing. For the purpose of predicting corporate 
insolvency, a number of machine learning techniques are utilised. 
In terms of performance, bagging, boosting, and random forest 
are the most effective [25-29]. 

The results show that random forest trees outperform most of 
the other ML models examined in.Here, we use and compare 
machine learning techniques like k-NN and neural networks with 
statistical methods like probit models and CART (Classification 
and Regression Trees) to make predictions in the financial 
intermediary field [30].

During the past few decades, international finance, which includes 
peer-to-peer lending as an essential component, saw a period of 
exceptional growth. In general, it is associated with a higher credit 
risk than the typical financial industry. Several strategies impact 
the risk prediction of the peer-to-peer business. These include 
Restricted Boltzmann Machines (RBMs), Ensemble Learning 
strategies, Neural Networks, Attention Mechanism LSTM, word 
embedding models, and more. Two of the most crucial aspects of 
a borrower's conduct to examine in the real estate financial market 
are their mortgage credit and the risk of prepayment. 

The authors of find that there is a very nonlinear link between 
borrower behaviour and risk factors. This finding was achieved 
through the utilisation of deep neural networks. Research has 
shown that deep learning works quite well for determining the 
dangers associated with mortgages. Big data technology sparked 
a major transformation in the banking industry. Expert in financial 
matters Denis Ostapchenya has said that big data can be used 
by banks to assess the risks involved in stock trading and in 
determining a borrower's creditworthiness. By optimising Big 
Data analysis, procedures that include auditing, reporting, and 
compliance verification can be made faster and more reliable. The 
integration of machine learning, big data, and specific financial 
approaches into the domain of credit risk has yielded satisfactory 
results. A variety of models, such BP neural networks, genetic 
algorithms, logistic regression with XGBoost and AdaBoost, 
the method for the Synthetic Minority Oversampling Technique, 
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integrated and mixed models, and others, are influential in the 
prediction and classification of credit risk assessment [31-33]. 

Table 1: Model Trends

There is a correlation between the Traditional family and the 
most extensively used machine learning models for evaluating 
credit risk. This could be because of the simpler implementation 
of these models. On the other hand, those individuals who have 
achieved the most effective results in terms of prediction belong 
to the Boosted Category, and this holds true for both the Ass 
and the N-Ass groups. Based on the data presented in Table 1, it 
can be seen that this particular family has received 24 out of 52 
ratings and has been steadily increasing over the course of the 
past few years.

Figure 1: Best Models with Family and Author

Evidence from studies showing an area under the curve (AUC) of 
91.00 for the AdaB + RF model and 91.20 for the XGB + DT model 
indicates that the N-Ass models outperform their counterparts. Our 
team has also seen this trend. These outcomes could be caused by 
aspects of gradient-based optimisation, parallelism, high-volume 
throughput, or missing data, as shown in Table 2 and Figure 
1. Most often used measures are area under the curve (AUC), 
area under the curve (ACC), recall, precision, F1 measure, and 
accuracy. The authors propose more specialised metrics that are 
based on the circumstance that is being examined. The ability 
of AUC and ACC to quantify the capability of various types of 
machine learning models is the primary reason why they are used 
in 16.11% and 14.22% of the research, respectively. For example, 
in the first case, it remains unchanged prior to normalisation, 
allowing for the costly classification of imbalanced data for 
analysis. In contrast, it performs better in the second case when 
presented with balanced data and straightforward explanations. 

Table 2: Metrix Author

Conclusions 
One of the most significant issues that the financial sector faces in 
order to assist individuals with their investments is the prediction 
of credit risk. Banking lending, on the other hand, faces a different 
set of obstacles in comparison to the traditional type of lending. 
This analysis and prediction is carried out by the suggested 
system through the utilisation of a variety of machine learning 
classification algorithms. In order to solve this challenge, multiple 
different machine learning models were utilised, including Neural 
Networks, Logistic Regression, k-Nearest Neighbours, XGBoost, 
and Random Forest. The performance of the models in terms of 
predicting class labels was evaluated using Precision, Recall, 
F1, and Accuracy. According to the findings, random forest is 
the most accurate method for predicting the credit risk of credit 
card consumers, with an accuracy rate of 98%. In contrast, the 
other methods, namely Logistic Regression, k-Nearest Neighbours, 
XGBoost, and Neural Network, have accuracy rates of 80%, 83%, 
95%, and 78%, respectively. is he Under investigation is a family 
of machine learning models known as Boosted Category. Ass and 
N-Ass circumstances are the ones in which they are utilised the most, 
with the XGB model being the one that is most frequently placed in 
the Ass category. The ability of this category to process categorical 
variables—numerical, with noise, missing, and unbalanced data—
and the application of regularisation may prevent overfitting, which 
led to the category achieving better outcomes than other models 
utilised in the tests. They are difficult to read, however, and they 
are not particularly tolerant of applying values that are not typical. 
This is because they are complex models.
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