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Abstract

Lending institutions and banks are surrounded by a multi-risk business environment,
the most important of which are those related to clients' default and non-fulfillment of their
obligations towards receivables, which leads to their inability to continue their activities and
then failure and bankruptcy. The main challenge is to identify the most important indicators
and variables that lead to the customer's default credit and build a hypothetical forecasting
model that can effectively and accurately predict the probability of default before it occurs
along with the recommendation system (RMSS). This is essential to take the necessary
decisions and measures that prevent customers from defaulting in the future and to have access
to a credit portfolio that is fairly free from defaulted accounts. This study was conducted on
data provided by the Jordan Ahli Bank in Palestine, for 8506 borrowers between regular
customers and defaulting customers. The dataset is for this study exclusively and has been
approved by the Bank's management. In this study, different machine learning algorithms have
been implemented because the probability is an expected value, the accuracy value of the most
used methods exceeds 90%, and SVM is superior to other classification models. we propose
an RMS based on an item-based collaborative filtering technique (which uses the customer
preference data from the algorithm) that works side by side with machine learning algorithms
to provide the necessary recommendation to avoid the client getting default. Our findings
illustrate important techniques for detecting and predicting credit failures before they occur.
Our methodology and results will help regulators, banks, and creditors to meet the challenges
of credit granting and financial catastrophe and maintain a clean credit portfolio, by addressing
various financial risks and credit rating improvements.

Keywords: classification; default prediction; credit risk; machine learning, recommendation

system.



Chapter 1

1Introduction

Financial institutions exist in a business environment surrounded by several risks
[1] [2], the most important of which are those risks related to their failure to fulfill their
obligations to others, which leads them to their inability to continue their activity, and
consequently their failure and even bankruptcy [3] [4] [5] [6]. Therefore, it was very
appropriate to search for methods and models that can predict the possibilities of credit
default before it occurs, address the areas of default, and take the necessary decisions and
actions that prevent customers from defaulting in the future [3] [6].
The current era is witnessing the technical development in electronic banking services and
the increasing awareness of customers about the use of electronic payment tools, mobile
banking applications, and Internet banking, and entering a new customer experience level,
which led banks to increase the demand for high-quality financial engineering, speed of
forecasting and financial analysis in value during the past few years [7].
Machine learning (ML) applications in banking enable businesses to automate regular,
time-consuming processes that provide a simpler and more personalized customer
experience. It also allows working more productively with large data, significantly
improves the quality of asset valuation, and forecasts financial performance [8].
The applications of artificial intelligence (Al) have begun to enter the banking sector and
their enhanced use recently in and rely on them in credit decisions, as ML models in the
credit analysis processes of banks have contributed to the development of several statistical
models that can predict the probability of the customer failing or not obtaining bank credit,

using a set of variables represented in financial ratios in the first place [8] [1]. Several



models have proven their effectiveness in this area, for some time before the failure
occurred [9] [10]. Although the design base of these models is similar, they differ from
each other in the degree of the relative weight of these proportions. The Sherrod model is
one of the most important models that banks rely on in assessing and minimizing the credit
risks of institutions, in addition to predicting the possibilities of their failure, which
increases the confidence in the process of making and taking the decision to grant credit or
not [11].

The study in [8] illustrates the role of ML in FinTech as well as the use cases of deep
learning in banking. Besides, the article focuses on the best effective models for using Al
and ML to improve financial services. Along with applying smart recommendation systems
(RMSS) to develop solutions that can avoid bank customers from defaulting by relying on
the best algorithms of RMSS, machine learning algorithms can predict assumptions
without manual interference. supervised learning has a deep background and practical
value because default prediction can be automated progressively, especially with variables
with multiple characteristics, where it is very difficult to accurately predict hypothetical

risk through manual processing [8].

1.1 Background Analysis of Credit Defaults in Banks

The Concept of Bank Credit Default

Credit default means “those credit facilities of all kinds that the borrower obtained from
the bank and fails to pay them on their due dates, and therefore the debt turns from current
credit facilities to stagnant debit balances (Bad credit). In such an event, serious

repercussions can happen, such as getting a poor credit rating” [12] [13], Credit default in



banks is defined as: “the inability of the borrower to pay the debt on the due dates, and this
is represented in the principal amount in addition to the interest incurred amount” [12]. In
general, the problem of credit default is known as a negative phenomenon that occurs as a
result of a defect in the credit relationship between the bank and the customer [8]. The
essence of this is the inability of the bank to collect the amount of credit and its interest or
the inability of the customer to repay the amount of credit [6] [14].

The Main Concepts of Defaulting the Bank Customer (Corporate or Individual
Customers):

A. Financial Insolvency: In its general sense, financial hardship means the inability of the
project or client to pay and fulfill its obligations towards others. So that the customer
becomes stumbled when it is unable to generate a cash surplus through the activity it
practices in a way that is sufficient to meet the burdens and obligations of this activity, and
then the customer’s intrinsic ability to pay its current obligations decreases [5] [11].

B. Financial Failure: The term financial failure indicates that revenues are unable to cover
expenses including the cost of money, especially the cost of debt represented by interests
and installments or repaying the entire debt on due dates [8].

C. Bankruptcy: This is a legal proceeding involving a person or company that is unable to
pay its outstanding debts, or where the assets are unable to cover the indebtedness as the
bankruptcy process begins with a petition by the debtor, which is most common. “All assets
of the debtor are measured and valued, and the assets can be used to pay off part of the

outstanding debt” [11] [4] [15].



1.2 Reasons for Credit Default Related to the Bank
The recording of shortcomings in the credit analysis process and the various precautionary
measures surrounding the process of granting bank credit would contribute significantly to
creating the problem of credit default [16], and therefore among the most important causes
that must be examined and analyzed, are those causes in which the bank bears a significant
amount of responsibility for the occurrence of the problem of defaulting on the credit that
it grants to its customers. the most important of these reasons can be summarized in the
following elements [16]:

e Inability in estimating the value of the collateral.

e Deficiencies in research and credit follow-up and decision-making.

e Mistakes in estimating credit risks and exaggerating profitability.

e Falling into the credit risk concentration.

e Bad management and low administrative efficiency in banks.

1.3 Background of Recommendation Systems.

RMS are very popular in recent years and are used in all walks of life and are often
used in a variety of decision-making processes. Recommended systems include movies,
music, news, etc. Find out what users are interested in and recommend it to customers with
a large amount of information. An RMS is a branch of an information filtering system that
is used to learn user behavior or to predict their orientation and preference for items based
on the user's experiences, choices, or similar behavior. “There are usually two ways for an
RMS to create a recommendation list: collaborative filtering and content-based

recommendation” [17]. “The collaborative filtering method builds a model based on the



user's historical behavior” [18] (according to items purchased, aggregated, and rated) along
with similar decisions of other users. This model is used to predict the behavior of users
according to the items they are interested in, based on the recommendation of the content
related items and similar characteristics of the user's behavior are recommended.

In this thesis, we consider customer credit and demographic data as primary sources of
information for different classification models, this data was obtained by a specialized team
in the Credit Control Department of Ahli Bank. The data will be used to analyze the

performance of existing and new customers to predict customer credit ratings.

1.4 Objectives

ML is a field of Al, which is one of the computer science branches. ML applications in
banking are very limited, especially in Palestinian Banks, Applying ML techniques in the
banking sector can be used as a decision support system for credit granting applications, as
well as can detect, recognize, and analyze key features or anomalies from a set of data
beyond what the human capabilities can detect.

To the best of my knowledge, the proposed model will improve the use of ML in the
banking field by enabling businesses to automate regular, time-consuming processes that
provide a simpler and more personalized customer experience. It also allows working more
productively with large databases, significantly improving the quality of credit valuation,
and forecasting financial performance, especially in the field of credit risk.

Looking and reviewing the open literature we can state that there are very limited studies
in ML for banking systems that build their prediction based on one type of credit account

without providing any tools related to decision-making supported by submitting the



recommended recommendation to reduce the entry of the customer in the default state. In
this thesis, 1 going to build a novel ML model to predict the probability of a customer
default by analyzing all credit accounts using a Multi-channel prediction of customer
default probability as well as an intelligent RMS based on “item-based collaborative
filtering technique (which uses the customer preference data from the algorithm)” [19],
The automated decision from the model can subsequently be relied on by lending
institutions and banks (the Credit control department) to allow the appropriate and timely
decision to be taken to avoid the client's default before it occurs and to assist in making the
appropriate decision whether to grant credit or not in the event of new lending requests.

In this research, novel datasets collected from the Jordan Ahli Bank credit accounts will be
manipulated and used to learn a system to be able to predict customer default probability
and classify the credit using naive Bayes, decision tree, random forest, KNN, support

vector machine (SVM), and XGBoost classification models.

1.5 Thesis Outline

The rest of this work is coordinated as follows. Chapter 2 is a literature review of the related
work in ML for banking applications and some techniques used to predict and classify
credit default and techniques used in building RMS in multiple environments. In chapter
3, the proposed method will be illustrated for both ML tasks and the intelligent RMS. In
chapter 4, the results for classification and regression using different evaluation metrics

will be presented. Chapter 5 will represent the conclusion and future work.



Chapter 2

2 Literature Review

This chapter provides a summary and analysis of relevant publications on these
thesis topics on default risk in banks, ML in financial institutions and banks, ML in the
financial field and its impact on all categories of financial institutions, and smart RMS

complementing ML.

2.1 Introduction

The use of machine learning (ML) and data analytics in banking institutions is more
than a trend and has become essential to keep pace with market competition and reduce
credit risk. In recent years, the creditworthiness of the customer has become more and more
important for financial institutions. Many of the earlier credit risk models, which are

“statistical tools, are used to infer the future probabilities of customers of becoming default.

2.2 Default Risk in Banks

The exponential increase in the volume, diversity, and speed of data generated by
various banking and commercial transactions, poses a major computational and storage
challenge for data analysis and intelligence tasks” [10], The risks of granting credit
constitute the greatest concern for banking activity, and the risks vary according to the
internal and surrounding circumstances, and also differ according to the different types of
operations practiced by financial institutions. The risks greatly affect lending operations,
and therefore it is necessary to know these risks and devise ways to reduce them [20].

“Many studies have focused on studying the impact of ML, as a sub-field of Artificial



Intelligence (Al)” [20], in helping anticipate the credit default probability before it occurs
and reducing the risks of credit grants. The study in [20] presents an analysis of the
adequacy of credit classification models using the loan database for a bank in Brazil and
explores ML techniques namely: SVM, decision trees, AdaBoost models, and random
forests, The study [20] then “comparing their predictive accuracy with a criterion based on
a logistic regression (LR) model. The comparisons are analyzed based on the usual
classification performance metrics” [20].

Bankruptcy is one of the biggest potential risks in banking institutions, which is
represented in the bank’s inability to commit to refunding depositors’ money when
requested, One of the important reasons that lead to the bankruptcy of the banking
institution is the inability to collect the borrowed money, in terms of the capital granted
and accrued interest, and therefore the bank has a cash liquidity shortage, and the loss of
depositors’ liabilities such as deposits and savings accounts and inability to pay interest,

from On the other hand, the bank is not able to return the money to its owners if requested,

and as a result bankruptcy occurs, as happened in the global financial crisis in 2008, Several
recent studies have predicted Bankruptcy , and they have achieved a promising direction
in this field using ML to predict bank failures and bankruptcies[21] [4]. The study in [21]
introduces a framework of SVM from the field of ML to build a prediction model for bank
failures, and compares it with Ohlson’s bankruptcy prediction model, [22] proposes a new
form of stress testing that informs interested parties of the necessary actions that a
particular bank must take. This is taken to avoid failure shortly, the model came up with a
prediction accuracy of 99.9%.

Some studies have demonstrated the significant effects of hyperparameters on ML



techniques used to assess credit risk. The study [23] “analyzed the limitations of existing
studies and research trends” [23]. It was found that cluster and hybrid models with neural
networks and SVM are more adopted for credit scoring, Non-Performing Assets (NPA)
prediction, and fraud detection. The study [5] concluded that good prediction requires the
availability of comprehensive data sets related to the risks of granting credit in the region
to which the financial institution is subject. The authors in [14] proposed an LR algorithm
to predict the probability of loan default of actual data of a commercial bank, by combining
with an artificial neural network to improve the predictability of the model, the
experimental results revealed that the proposed combined model outperforms the two basic
models in four evaluation criteria: “accuracy (ACC), and the area within under the curve
(AUC), the Kolmogorov-Smirnov statistic (KS), and Brier score (BS)” [14]. In addition to
hyperparameter tuning, it is also very important to experiment with many ML algorithms,
then the study [6] compares the results of these algorithms to find the most appropriate
models for the data [12]. A group of nonparametric ML algorithms and two conventional
parametric models were compared in the credit default swap study that reflects credit risk.
The company has one of the most widely traded credit derivatives, and artificial neural
networks have proven to perform better than other parametric and nonparametric models.
The results of this study [11] in the proactive assessment of the economic health of financial
institutions to predict bank failures indicate that the random forest (RF) method has high
predictive performance compared to the rest of the models used with the performance of
neural networks also almost equally, Then the study [8] concluded that the measures related
to profit and capital factors of higher importance are a marginal contribution to predicting

bank failure.
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2.3 ML in Financial Institutions and Banks

The importance to achieve a good predictive probability is to evaluate the variables
that should be relied upon. Some studies [12] [24] [25] [8] have looked at the important
aspect of the extent to which the variables are used to influence the performance of the
model. The researchers investigated three potential ML tasks to estimate the risk of default:
“predetermined overdue days cutoff by binary classification, regression of the overdue
days, and learning-to-rank which learns to optimize the risk-related ranking for the full
range of probability” [12] [24], The study was based on the analysis of changing consumer
characteristics, credit scores, and features analysis of customer income, balance using
machine language algorithms. The study [25] found that ML predictions can capture the
dynamics of changing credit cycles as well as default rates [25], They provided an analysis
of the application of ML algorithms to a set “of sixteen financial variables from the
financial statements of listed Taiwanese companies as inputs for the six approaches” [25].
This data was entered for “six classification algorithms, traditional SVM, HACT, GA-
fuzzy hybrid clusters, XG-Boost, DBN classifier, and DBN-SVM hybrid, to predict
financial distress” [25]. “The XG-Boost model produced the most accurate prediction
performance” [8], Fundamental factors for credit decision-making and fair transparency of
grants are credit risk prediction, effective loan processing, model monitoring, and
reliability. In [26] binary classifiers based on deep and ML models were built on real data
in predicting the probability of loan default, The results of the study found that tree-based
models are more stable than models based on multi-layer artificial neural networks. The
authors [2] introduced “four ML methods (random forest (RF), extreme gradient boosting

tree (XGBT), gradient boosting model (GBM), and neural network (NN) to predict
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important factors affecting repayment” [2], among the factors studied were borrowers who
passed video or mobile verification, employment, residence, or education level, as these
factors were most likely to default, the study showed that RF shows outperformance over
other rating models, The study in [27] assess individual information to determine if a
person can meet the criteria for credit financing, the study focused on comparing the
performance of five common “ML classifiers used for credit scoring, Naive Bayesian
Model, LR Analysis, Random Forest, Decision Tree, and K-Nearest Neighbor Classifier.
the results of the experiment indicated that Random Forest performed better than others in
terms of accuracy, recall, and AUC” [27]. The authors in [28] presented various
hypothetical “prediction models based on credit scoring methods and computational
techniques using ML algorithms” [28] for a loan finance database in Brazil, the study
concluded that the accuracy of the models improves with the increase in the number of
days of past due used to determine the default variable. “The best prediction results were
obtained using traditional ensemble techniques bagging (BG) and RF” [28].

For surveys on default probability prediction. In early proposals for statistical
default prediction, the focus was primarily on linear classification models such as LR or
linear regression as linear differentiation analysis (LDA) where covariates pass into the
model as a linear combination, The authors in [4] presented a study on the prediction of
Default Probability Prediction through statistical methods, where the author relied in this
study on the Shumway’s model (¢ = 1) or the pooled proportional hazards model (¢ = 0)
when an accurate hypothetical probability is needed. the types of lending and the products

offered to customers vary from one bank to another.
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2.4 ML in the Financial Field and its Impact on all Categories of Financial
Institutions
Banking institutions often focus on granting loans to individuals because individuals have
a broad base and some of the most important loan products for individuals are mortgage
loans. Credit rating forecasting models typically involve the use of data sets with highly
balanced interest event (default) distributions. LR is often used to estimate predicting
default (PD), and statistical methods have been used to improve the ability to predict trip
probability regardless of sample size [9]. In [29] the authors suggested a model for
predicting Mortgage defaults through ML, a linear logistic regression (Logit), and a GTB.
The variables of loan ratio, amount, and current interest rate were used in the study. The
effects of features were measured by interfering with inputs and estimating shapely values
[9]. this study in [15] presents a standard economic method for “estimating the term
structures of corporate default probabilities over multiple future periods” [15], conditioned
by the firms and macroeconomic covariates. The method allows, according to its
assumptions, to combine the “traditional duration analysis of the dependence of event
severity on time-varying covariates with the traditional time-series analysis of covariates”
[15]. The study [15] found that the estimated structures of default risk rates for individual
firms in this sector are highly dependent, in terms of level and form, “On the current state
of the economy, and especially on the company's current leverage, as recorded by distance
to default” [15], a measure of leverage volatility is common in the banking industry.
Small and Medium Enterprises (SMEs) that mostly rely on bank loans are an
essential role in the economy of many countries, This makes SMEs riskier than their larger

counterparts parts, and this prompts banks to develop hypothetical prediction models that
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specifically address the credit relationship management of SMEs, The study in [30]
adopted an LR model estimated on a credit rating agency database, where the results
showed that among the observed “financial and economic characteristics of companies,
capital structure (in terms of internal and external funds” [30] and terms of external
funding source) and interest expense are “more relevant than economic variables as
determinants of SME's default” [30]. Conventional statistical models cannot predict the
probability of default effectively and accurately. To address this problem, the authors [31]
propose a hypothetical prediction model for a heterogeneous set of high-dimensional data
through a decision tree model for accurate prediction of customer default, “GBDT,
Extreme Gradient Boosting (XGBoost), and Gradient Boosting Machine were used.
LightGBM” [31] as individual classifiers to generate a learning-based hypothetical
prediction model in a heterogeneous population. The learning model-based feature
classification “is applied to the P2P lending credit data, and the individual classifiers are

subject to hyperparameter optimization” [31].

2.5 Smart Recommendation Systems Complementing ML.

During the past few decades, with the emergence of YouTube, Amazon, Netflix, and many
other web services, RMS has occupied an increasing place in our lives and has become
very important in most different areas of life [32]. From various factors, including user
preferences, “these systems predict the most likely product that users are likely to buy and

be interested in” [33].
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These systems work using one of the methods specific to each of them and as needed in a
specific way that may be singular or using more than one type of method of recommending
systems with each other and works automatically without the intervention of the user [34].
“The purpose of a RMS is to suggest relevant elements to users by using one of the different
types of recommender systems” [19].

There is a variety of RMS that have been applied primarily in most areas of life, such as
the “Collaborative Recommender system, the content-based recommender system, the
demographic-based recommender system, a utility-based recommender system, a
knowledge-based recommender system, and a hybrid recommender system” [17], each

with a role and impact according to the field of application [17] [33] [35].

2.5.1 Recommendation Algorithm Based on Collaborative Filtering

Collaborative filtering is a recommended method widely used in recommender systems.
This algorithm is based on the premise that “things are grouped by groups, and people are
divided by groups” [19]. “Users who like the same items are more likely to have the same
interests” [32]. Filter-based collaborative RMS are generally applied to systems with user
ratings, and the results are used to discern users' preferences for items. Collaborative
filtering is a collective wisdom usage model, and “does not require special handling of
items, but establishes the relationship between items through users” [32]. Collaborative

filtering RMS are currently divided into two types: user-based and object-based.
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2.5.1.1 User-Based Recommendations System

“The basic principle of user-based collaborative filtering recommendation is that, based on
all users' preferences (scores) for items or information found to be similar to the current
user's tastes and preferences” [18], the "neighbor" user group in general applications, an
algorithm is used to calculate K-nearest neighbors; Based on the information of the
historical preferences of these K-neighbors, “recommendations are made to the current
user” [36]. This RMS is a feature in that the content of recommended items may be
completely irrelevant, “so you can discover the interests of potential users and generate
personalized recommendation results for each user” [36]. The system is easily throttled.

Therefore, there are few user-based collaborative filtering systems in the industry.

2.5.1.2 Item-Based Recommendation System

“Object-based collaborative filtering is similar to user-based collaborative filtering. It uses
all users' preferences (results) for items or information” [37]. Find out the similarities
between items and items, and then recommend similar items to the user based on the user's
past preference information. Item-based collaborative filtering can be seen as a kind of
deterioration recommended by association rules However, since collaborative filtering
considers the actual ratings of users and only calculates similarity rather than searching for
recursive groups, item-based collaborative filtering can be considered to have higher
accuracy and coverage higher. Compared to user-based recommendations, object-based
recommendations are more widely used, with better algorithm scalability and performance.
Since the growth rate of the project is generally constant, the performance does not change

much. The disadvantage is unable to provide personalized recommendation results.
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2.5.2 Collaborative Filter Algorithm Summary
“The recommendation mechanism based on collaborative filtering is the most widely used”
[32].
Advantages of collaborative filtering over content-based filtering
Collaborative filtering offers many advantages over content-based filtering. The most
important of them are as follows:
“Not required to understand item content: Item content does not necessarily tell the
whole story, like movie genre/genre etc.” [19].
- There is no problem with cold starting an item: even if no information is available
about the item.
- It embodies “the change in user interests over time: focusing only on the content
does not provide any flexibility in the user's perspective and preferences” [19].
- “Captures the inherent subtleties: This is very true for latent factor models. If most
users buy two unrelated” [19].
Among the most popular applications of recommendation, systems are “e-commerce, e-
learning, e-library, e-government and e-business services, films, music, TV shows, books,
documents, websites, conferences, tourism sites, and learning materials” [19] [33] [38].
The RMS can predict the item or service based on the user profile, and it is not limited to
the user only, but it is useful for both service providers and users because of its many
benefits for each of them, for example, It reduces private transaction costs by accessing In
addition to the element of time and its use, RMS also help users “get personalized

recommendations, help users make the right decisions in their online transactions, increase
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sales, redefine the users” web browsing experience, retain customers, and enhance their
shopping experience” [39] [40].

Many studies provided solutions for financial systems through the application of RMS
models, The study [33] presented a system for generating recommendations for the banking
sector to increase the sales of the bank’s products according to customers’ orientation, thus
increasing the market value and enhancing banking services. To improve prediction
accuracy they use a recommendation model based on collaborative filtering and
demographic filtering, the study relied on the customer’s evaluation of the product, which
the author faced two challenges in applying the bank’s cooperative approach: 1- “The lack
of explicit evaluations of products by customers for recommendation” 2 “The starting
problem cold that makes it difficult to recommend products to a potential or new customer
who has no preference at all." The results of the study revealed that the hybrid RMS
achieved the highest accuracy in prediction, as this system combines both the
recommendation model based on cooperative filtering and demographic filtering.

Similar to the previous study, the researcher [35] presented a proposal developed to serve
financial technology specifically in the processes of recommending banking services to the
bank’s customers, relying on predictive systems to improve the bank’s automated and
customer-oriented services and achieve the greatest degree of transparency and accuracy
of decision-making. Models were developed based on collaborative filtering along with
content-based filtering, these models were built to analyze data on loans, mortgages, and
retirement plans. The results of the study help the banking sector in improving its services

and satisfying customers by recommending products that meet their desires and aspirations
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in an automated and intelligent manner and saving material costs to provide a human cadre
to follow up on the tasks of systems recommendation.

The study [41] used the RMS in the field of filtering university students and classifying
them against the student’s academic performance. The RMS provides more appropriate
educational plans and programs for the student, specifically for students with low
performance. The study relied on a cognitive recommendation model. The model analyzes
the student’s information before university until the beginning of university education. The
model categorizes students in terms of academic performance risks from high risk to low
risk, and thus this classification helps to extract the appropriate recommendation to the
university administration about directing the student to the correct academic path and
recommending an academic program more suitable for the student. The study was based
on building classification models using ML models. three types of classifiers, Naive
Bayesian Classifier, Decision Tree Classifier, and Fuzzy Classifier. In the same context
and the field of individual learning, the study [17] provided a personal RMS for distance
learning. The system recommends educational programs and courses according to the
educational path of learners through the Internet, using a set of association rules, content
filtering, and collaborative filtering to improve system performance and independence of
learning and raise student competency.

Collaborative filtering models are considered one of the most highly efficient models in
forecasting based on data analysis from the previous experiences of the data set [39],
However, filtering systems are not free from the problem like a bias through equal
opportunity between elements. One of the most common problems facing the collaborative

filtering algorithm is the popularity bias problem, by filtering the most common element
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with certain attributes at the expense of the least common elements. This type of bias is
considered to confuse recommender systems and leads to negative outcomes in the final
decision-making process. The results of the study [40] showed that bias can arise between
elements in this type of model, and therefore the study suggested bias processing
algorithms by integrating edge processing algorithms in collaborative filtering algorithms
compared to the baselines designed for the traditional fame bias. On the other hand, the
excessive influence of homogeneity with the structure of collaborative filtering is one of
the most important reasons that lead to the inaccuracy of the RMS and the deterioration of
its results [36], as well as the deviation and dispersion of user interactions from the standard
deviation. These challenges are faced in models based on raw and unprocessed data.
Therefore, the treatment of Data by statistical methods may result in clean data and have a
strong impact on the performance of prediction models, the author [36] proposed a
divergent cooperative filtering model to jointly capture deviant cooperative relationships
with a differentiated learning structure to comprehensively capture complex relationships
and influence between the elements, the study [36] was based on enhancing neural
cooperative filtering using a paragraph Self-supervised learning and the results showed a
significant improvement in the performance of the models. In the same context, the study
[32] suggested a new adaptive prediction mechanism called genetics-based prediction. The
model is based on improving the prediction tool on the principle of determining the optimal
predictor for each user based on concept levels rather than the level of representation
through collaborative filtering techniques. The results of the study [32] showed that the
system has reduced the effect of data variance and the scattering of the elements on which

the system is based. The historical behavior data of users is one of the most important



20

elements on which Collaborative Filter RMS are based in favoring items [42], and this is
mainly based on the data source on which the system depends. The lack of historical
behavior data for users affects the ability to prefer items and sometimes the accuracy of the
recommendation is incorrect. The researcher [42] introduced the “Hybrid Collaborative
Filter Recommendation approach with User Items Trust Records (UITR) which is a new
approach that integrates user trust into CF-based methods” [42] in a harmonious way to
complement classification information as study results achieved better accuracy after
following the UITR approach.

The study in [39] used a collaborative filtering model to analyze human emotions through
the information and results of analyzing the user's speech according to the verbal emotion
in the mobile application to provide a recommendation for applications that suit the user's
feeling and purpose and increase the user's satisfaction. The SVM algorithm was used,
where the results showed the model's accuracy with the highest emotion recognition rate
of 86.98%. The results showed that the RBF kernel achieved the best performance with an
accuracy of 94.70% and a recall of 94.77% and an F scale of 94.71%. The study showed
that modern advising systems have the capabilities to analyze facial gestures and speech
and plans for the study to develop an intelligent system that may be used in the fields of Al

to allow robots to understand human emotions and act based on feelings toward the user.
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Table 1: Summary of Related Studies’ Recommendation Methodologies.

Methodologies Classification

Conclusions

Collaborative filtering Memory-Based

(User/Item-Based)
[19] [42] [39] [36]

1. Fast inclusion of up-to-date
information

2. get the best recommendations

3. Poor prediction due to unavailability
of ratings

4. Scalability is a challenge

5. Individual user preferences can be
identified

Model-Based

1. Easy to use and fastest customization
recommendations

2. The data is compacted only at the
stage of creating the form

3. Suitable for systems where user
preferences slowly change to the time

required to build the model

Deep-Learning

1. Capable to process non-linear data.
2. Used in complex or numerous
training situations.

3. Required sufficient data.

Content-Based Hybrid approaches

Filtering [35] [33]

It allows “the system to consider
collaborative data without relying on it
exclusively, so it reduces the sensitivity
of the system to the number of users”

[35] to which a specific item applies.
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2.6 Conclusion

From reviewing the literature models, it can be seen that the focus is on predicting
the default probability. To the best of my knowledge, no studies in the open literature have
addressed the combination of predicting banking credit default with an early intelligent
RMS. Moreover, the lack of studies that pay attention to the possibility of explaining the
Al model in the default prediction process, motivates us to investigate this route of
research. In this study, various prediction techniques have been proposed and compared to
achieve the best accuracy that enables us to predict the probability of the client’s default
before it occurs, as well as the intelligent RMS based on collaborative filtering.

This study aims to construct a novel early warning model based on ML to predict
the probability of a customer default by analyzing all credit accounts in addition to the
ability to classify the credit status to achieve high predictive performance with the
conclusion of the necessary recommendations to enhance customers’ ability to repay debts
and avoid default by applying the best techniques in RMS using a collaborative filtering
algorithm, through customer data analysis (financial and demographic), this approach will
be done on a novel dataset of the Al-Ahli Bank in Palestine. The available data is related
to credit and demographic record information, according to the instructions of the
Palestinian Monetary Authority.

Our methods and conclusions can assist banks in establishing a credit scoring model
for borrowers. My approach can assist in predicting a borrower's credit health and ability
to repay by combining with the evaluation and study of comprehensive borrower
information from credit assets, credit history, the profitability of the existing business,

business growth rate, working capital turnover, industry development prospects, operating
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status of subsidiaries, and audit data from industrial, commercial and collection
departments.

The following models are included in our analysis: Logistic Regression (LogR),
Random forests (RF), AdaBoost, XGBoost, Naive Bayes, Support Vector Machine (SVM),

K-nearest Neighbors (KNN) along with a recommendation system using a collaborative

filtering algorithm.
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Chapter 3

3 The Proposed Method

3.1 Introduction

This chapter illustrates the proposed method, which aims to construct a novel early
warning model based on ML to predict the probability of a customer default with the
conclusion of the necessary recommendations by applying the best techniques in RMS
using a collaborative filtering algorithm. It begins by forming the dataset and describing
the preprocessing steps then the chapter illustrates the deployed supervised ML models that
can combine the prediction of the customer's probability of default and classify the credit
risk, based on the two criteria of customer classification specified in our data set. Default
and Non-Default credit, then it will illustrate the technique of building the intelligent RMS
based on a collaborative filtering algorithm. Finally, it illustrates the metrics used to
measure model performance. The classification and regression were implemented using
Python 3 with Pandas, Seaborn, Sklearn, Matplotlib, and NumPy libraries; we used a
platform of intel core i7 processor 2.6 GHz with 16 GB RAM running Windows 11 Laptop

for applying this approach.

3.2 Dataset

The data set used represents a sample extracted from the banking services system
for credit control this dataset contains 8506 bank customer accounts with 16 different
features. The necessary approvals were taken from the bank’s senior management. The

data set is considered unique and extracted to implement this study. The data set contains



a mixture of good and bad credit account information for individual clients and small and
medium-sized companies. These accounts have been classified by the credit control
department. The data extracted in the dataset covers the period between 2000 and 2022.
Credit accounts consist of a mixture of credit requests between direct and indirect facilities.

The dataset was extracted and stored for bank customers using a CSV file with 8506
rows and 21 features as shown in Table 3.1, feature No. 18 represents the credit status, the
value that will be relied upon to predict the credit status of good or bad credit. This area
represents the credit status decision made by the bank credit control team as they are

experts in evaluating loan applications and making the appropriate decision to grant or not.
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Table 3.1 Data Set Features Description

Feature Name Feature Description Feature
Type
BRA_CODE Represent Customer geographic location Number
FAC_TYPE Represent the credit category Number
BALANCE Represent Customer Balance Number
ACCOUNT_OPEN_DATE Represent Credit Account Open Date Date
DUE_AMT Customer due amounts Number
SUSP_AMT If the customer has any outstanding interest Number
LOAN_AMOUNT Requested credit amount Number
TYPE_OF _DEP Customer type of depositor classification. Number
CUST_MGR Represent Customer category classification. Number
INSTALLMENT_AMOUNT  Requested installment amount. Number
INSTALLMENT_PER Required credit term. Number
MIN_INT_RATE Credit Interest rate. Number
RET_CHQ Represents the number of customer rejected or returned Number
checks.
DUE_INSTALLMENT The number of installments owed by the customer. Number
DUE_DAYS The date of the first unpaid due. Number
AGE Customer Age by years. Number
DATE_OVDN The date on which the customer stopped paying any Date
dues.
MONTHLY_SAL It represents the customer’s monthly salary amount in ~ Number
uUsD
DUE_CLASS Credit classification (Default, Good) Character
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3.2.1 Data Exploration and Visualization

Exploratory data analysis is used to better understand the data set and uncover
insights from the start or identify areas and patterns to dig deeper. Data exploration helps
in analyzing the data and identifying general trends, anomalies, patterns, and relationships
within the data, the goal of this stage is to explore the information contained in the Jordan
Ahli Bank (JAB) credit account data that can play an important role in guiding our choices
when building learning models.

To help explore the distribution of data by a classifier from which to predict a
customer's credit status, a bar chart was used to compare the distribution of data according
to a customer's credit rating status, which helps to show the distribution of data points or

create a comparison of metric values across different subsets of the data set.
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Figure 3.1: Bar Chart for Distribution of the Customer’s Credit Status.

Figure 3.1 shows the distribution of data points in terms of the customer’s credit status
rating. We also note that the number of customers with a good credit rating is close to 800
customers out of the total data set, as well as customers with a bad rating of close to 1200
out of the total data set.

To explore the relationship between the features of the data set, a heat map matrix was used
for all the elements of the data sets. The heat map helps to know the correlation between
the features to know whether there is a sufficient correlation that adequately predicts
customer default, Figure 3.2 shows the correlation matrix for the features of JAB

customer’s credit portfolio dataset.
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Figure 3.2 shows that there is a real correlation between the dataset features. By looking at
the heat map, we conclude that there is a relationship between the amount of credit granted
and the payments owed by the customer that causes the customer to fail to pay his due

installments. On the other hand, we note that there is a strong relationship between the first
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date of stopping paying and the total suspense interest resulting from the non-payment of
the customer’s due, which in turn also affects the classification of the customer.

To further study the relationships between the dataset features, Figure 3.3 a
horizontal bar plot was used to study how each feature was related to the credit rating
classifier. Through this, we determine how each variable affects the credit rating of the
customer. In this figure, the type of effect is shown if it is positive or negative, where the
bar in the positive influence is headed to the right and the bar in the negative influence is

headed to the left.

Correlation between Credit status and other Features
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Figure 3.3: Correlation Between Credit Status and Other Features.
Through Figure No. 3.3, it is clear that the increase in the interest rate owed by the client
and the higher due date is an important factor in classifying the client as a defaulter. The
figure also shows that the fewer due days, the less incidence of customer default, the

figure shows that there is a relationship between a customer's credit rating and the
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customer's age, to dig deeper we used a Histogram to consider the nature of this
relationship.

Compare the credit classification by customer Age
Histogram to identify the mid value of customer Age by credit classification
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Figure 3.4: Histogram for Customer Credit Classification by Customer Age.

In Figure 3.4 Histogram is used to show frequency distributions between age versus credit
rating, as it turns out that the rate of defaults decreases for customers aged between 40 to
60 years. This conclusion indicates the extent to which the client’s age affects his financial
stability and ability to repay the debt.

Figure number 3.5 the bar plot showing how a customer's annual income affects his
credit rating, the figure shows that the higher customer's income (transferred salaries)
positively affects the customer's ability to pay his debt, as the graph shows that the
probability of default is high for customers with an annual income of less than $30,000,
while the probability of default is lower for customers with the total annual income is more

than $30,000, and we note that there is good stability in the credit status of this category of

clients.
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Bar plot representing credit status V5. customer anual salary
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Figure 3.5: Bar Plot Credit Status Vs Customer Annual Salary.

3.3 Data Preprocessing

Data pre-processing is an important step for building data prediction models and
increasing their efficiency. “Data collection methods are often loosely controlled, resulting
in out-of-range or missing values. Analyzing data that has not been carefully examined to
counter these problems can lead to misleading and illogical results” [43]. Oftentimes, data
pre-processing is the most important stage in ML and thus, data representation and quality
precedes everything before analysis is performed.
If there is a lot of correlational or redundant information or garbled and unreliable data,
discovering knowledge during the training phase becomes more difficult. “Data
preparation and filtering steps can take a significant amount of processing time. Data pre-
processing includes data normalization” [43], Data Standardization, feature selection,
optimization, transformation, feature selection, etc. the last result of data processing is the

final training set. The following section will describe data preprocessing steps in detail.
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3.3.1 Data Normalization

Data normalization is the process of transforming data shapes, which are usually
complex, overlapping, repetitive, and random, into a solid, integrated, and interconnected
fabric of data, i.e., transforming the complex structure of the data into a simple data matrix
that represents all the elements and variables of the data.
Currently, “there are many data standardization methods, which can be divided into
straight-line methods such as the min-max value method and the standard deviation
method, broken line methods” [44] (such as the trifold line method), and curvilinear
methods (such as the quasi-normal distribution). Different calibration methods will have
different effects on the evaluation results of the system, and unfortunately, there is no
universal rule to follow in selecting methods for data standardization [44].
In this work, the range of all features normalized to be between [0-1], the max-min
normalization method was used to perform a linear transformation on the data, max-min

normalization method was calculated using the equation

X—Xmin

Xmax—Xmin
While x' is the normalized value, x is the original feature value, xmin is the minimum

value of the feature and xmax is the maximum value of the feature.

3.3.2 Data Standardization

Standardization of the data set positively affects the performance improvement of many
algorithms in ML (including gradient descent). If the data is not uniform (for example,
when the features of the data set differ by an order of magnitude), then many algorithms

perform poorly.
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The used dataset contains categorical features such as gender and ethnicity, and some
used algorithms such as the SVM that cannot work directly with categorical data, require
all input variables and all output variables to be numeric. We converted the categorical

data into numeric discrete data by using the integer-encoding technique.

3.3.3 Optimization and Feature Selection

Optimization and Feature selection “is very important for data scientists and ML
practitioners” [21]. A good choice of features can improve the performance of the model
and help us understand the basic properties and structure of the data. This has an important
role in further improving the model and algorithm [21]. “Feature selection can eliminate
irrelevant or redundant features, reduce the number of features, improve model accuracy,
and reduce runtime. On the other hand, identifying truly relevant features simplifies the
model and makes it easier for researchers to understand the data generation process” [45].
The feature selection phase begins after data pre-processing is completed, at which point
meaningful features and input ML algorithms and models are selected for training.

In the actual application of ML, the number of features is often large, there may be
unrelated features, and there may also be correlations between features, which easily leads
to the following results:

- Analyzing the features and training the models took longer.

- Increased probability of causing a "Dimensional Disaster".

- The complexity of the model increased.

- The predictability of the model is reduced.
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3.3.3.1 Significance Level and P-Value

we will choose the features based on the backward elimination method, this method is used
to preserve the important features in the data set that are significant, and the insignificant
features will be removed through the P-Value criterion, “The level of significance is the
amount of change that the feature will affect towards the final output” [17] as the choice of
these features greatly affects the dependent variable on the model and so on to reach
features with a level of significance less or equal to 0.05 of the significance level. Figure

number 5 shows how the backward elimination algorithm works [46].

Repeat
reducing

features {ill P-
Value <=
significant leve|

Select Significant

level

Figure 3.6. Backward Elimination Algorithm
3.3.3.2 VIF (Factor Inflation Variance) Calculates Correlation and Multicollinearity
The value of the variance inflation factor when it is greater than 5 indicates the existence
of collinearity between the independent variables under the data set “the minimum possible
value is 1 which indicates no collinearity” [47]. The variance inflation factor is calculated

as follows:

[Fj =
J=1-Rj?

R? = coefficient of determination of the variable X extracted from the regression of Y on

the independent variables where j=1,2,....... k It is used to measure the degree of variance

as an indicator of the accuracy of increasing or decreasing the variance. If the strength of

the correlation between the set of independent variables increases, then R rises Thus, the
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denominator decreases, the variance inflation factor increases, the variance increases, and
thus the measurement accuracy decreases. the variables that showed a high correlation were

eliminated by calculating VIF.

3.3.3.3 Cross Validation

Cross Validation method mainly aims to use all the data for training to ensure that
the model works efficiently on all the data of the data set, to increase the model's accuracy
during deployment and dealing with real data, instead of splitting the data into training data
and test data which reduces the data we can use for training, we use cross-validation with
a fixed number of K-Folds.
The training data is divided into K number of containers and then we iterate the following
K times: each time we train the model with the data of K-1 container (all containers except
container i) and then evaluate it with the data of container i. Finally, the final performance

measure is the average rating scale for all iterations (i:1..K).

o - Total Number of Dataset - >
Experiment | ] | | |

Experiment 2 | | | | |

|
| Training
[ | Validation

Experiment 4 | | | | | |

Experiment 3 | | | | |

Experiment 5 | | | | | |

Figure 3.7. 5-Fold Cross Validation

3.3.3.4 Grid Search

In the proposed models, Grid Search will be used to reach the optimal models in terms of

accuracy of prediction of customer default cases, and to build models with the best
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efficiency. Through this technique, a set of different values of hyperparameters are
determined, so that they are entered periodically during the training process, and their
values are calculated based on training accuracy each time to determine the best
hyperparameter values. This method takes a long time to train ML models due to the large
number of hyperparameters involved.

My goal to use this method is the automatic tuning of the parameters, and since the data
set used is rather small, which allowed the use of Grid Search for all ML models used in

this thesis.

Hyperparameter
tuning

O

O Best hyperparameters

Model training

O Model parameters

Figure 3.8. Hyperparameters Tuning
3.3.3.5 Outlier Removing
The outliers are any data point with an abnormal distance from other data points, data
outliers removing can improve the result’s accuracy [48], so we removed the outlier’s

values, which are bigger than 97% of the dataset; also, we removed the outlier’s values,
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which are less than 97% of remaining dataset, As we can see by the following boxplot
figures 3.9, 3.10 which shows outliers for customer interest rate and customer age, these

were the outliers that needed to be removed.
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Figure 3.9. Boxplot Interest Rate Distribution.
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Figure 3.10. Boxplot Customer Age Distribution.
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3.4 Model Development Phase

In this research, several models for forecasting and early warning of credit default
cases were built through several axes. The first axis is the classification to predict the credit
status in terms of good or defaultable credit through analyzing the demographic and
financial data of the bank's customers, the second axis is the construction of a RMS based
on the principle of early warning and the indication of the criteria that the bank should take
to avoid the bank’s customer entering into default situations, based on the literature and
previous cases and the important default variables resulting from ML models built to
predict other customers who are within the default field, we used the following ML
algorithms to build our model and comparing the efficiency of each model to reach the
adoption of the best one with high efficiency and accuracy in predicting and classify
customers in terms of credit quality: LogR, RF, AdaBoost, XGBoost, Naive Bayes, SVM
and KNN along with a RMS based on item-based collaborative filtering technique. Figure

3.11 shows the proposed method for default prediction model workflow.

Prepare for Train Evaluate
:> m— 1 achine Learning Models - Results
Aggregate Identify Train / test split Cross-validation Precision,
data uninterestin accuracy, recall
features e Resample for Model and ROCccyurve
meaningful variable selection & AUC
Lezdl bz Cleanse representation
Outliers+ Hyperparameter Compare
Explore tuning Alternatives

Feature
engineering/
extraction

(6)

Figure 3.11: Supervised DP Model Workflow.

Several stages were passed to build a prediction model for DP.
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Stage 1 Data preparation:

According to the data, determine the type of problem to which the modeling analysis in
ML belongs, then data loading and exploring.

Stage 2 data Preprocessing

The quality of data processing directly determines the performance of the subsequent
model. Including data cleaning, feature extraction, missing value, and data transformation.
Stage 3 & 4. Model selection

After data is processed an appropriate algorithm should be selected to train the data. The
preprocessed dataset was split into 70% for training and 30% for testing, the training data
set was used as data input for one of the used

Stage 5: Training Model

The process of training a ML model, feeding the algorithm with training data, enabling it
to learn from them according to the division that took place in the data preparation stage.
The training process provides the ability of models to process large amounts of data
quickly, identify patterns, and find deviations or test correlations that are difficult for a
human to do out without help.

Stage 6: Evaluate the model

Evaluation of ML models is fundamental in ML issues, it helps determine how and why
ML models behave the way they do. These techniques are used to improve the performance
of the model, at this stage a set of performance evaluation measures is calculated to
demonstrate that the learned model has reached a good degree of learning so that it can be

relied upon and used in a problem (generalized).
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These metrics ultimately allow comparison of the various possible learning models (each
generated using a particular algorithm), allowing the selection of the most appropriate ones.
Stage 6: Deploy the model

Deploying a ML model is the process of applying and using the model in a live work
environment to use it within its intended purpose and to make practical business decisions
based on the real-world impact of the data. This stage lies in its importance in the life cycle

of the ML model and is considered one of the last stages of adopting the model.

3.4.1 Supervised Prediction Models

Supervised learning algorithms are the types of ML in which machines are trained
using well-labeled data. The data is known as training data, and it consists of a set of
training examples. Each training example contains one or more required inputs and outputs,
also known as a supervisory signal. In supervised ML models, “each training example is
represented by a vector, sometimes called the feature vector, and the training data is
represented by a matrix. Through iterative and equivalent optimization of an objective
function, supervised learning algorithms learn a function that can be used to predict the
output associated with new inputs” [8]. Supervised learning is the most popular way to
train ML models. This technique relies heavily on the information provided by a pre-
determined classification system.
In this chapter seven individual classifier models will apply to predict the probability of
bank customers’ credit default, Individual classifiers for heterogeneous ensemble learning

Logistic regression, Tree-based algorithms, AdaBoost, XGBoost, KNN, and SVM.
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3.4.1.1 Logistic Regression (LR)

The logistic model is one of the most important statistical models for modeling the
“probability of a particular category or event such as success/failure” [49]. Whereas LR
uses several predicted variables which can be numeric or categorical. This can be extended
to model several classes of events. It will be assigned a probability between 0 and 1 for a
feature detected during learning so that the total equals one [50]. LR is also known by other
names as the Logit model or the general classifier of entropy. LR is one of the supervised
ML algorithms for classification tasks, as a function of explanatory variables, the
probability log changes linearly in the following equation:

Log(odds):lg(lf;p):Bo+31*X1+BZ*X2+---+Bn*xn

The pre-filtering variable was used by calculating the information value (IV) for each
feature to filter them before entering them into the model, IV was used to reduce the variant
and To determine the predictive ability of an independent continuous variable x in
convergence with the dependent variable Y, it is usually used to reduce the number of
variables in the LR if there are a large number of variables to reach the best results and
with the least errors of predictability.
LR Advantages: -

e LRiseasier to implement, and interpret and is highly effective training.

e |t can be easily expanded into multiple classes (polynomial regression) and a

normalized probabilistic view of predictors of frequencies.
e Very fast in classifying unknown records.
e ltis very efficient in dealing with simple data and it also works well when the data

set is linearly separable.
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e |t can interpret the parameters of the model as indicators of the importance of the
feature.

e LR does not tend to overfit, but it may increase fitness in multidimensional datasets.

LR Disadvantages:-

e LR leads to overfitting If the number of observations is less than the number of
features.

e It builds linear boundaries.

e Assuming linearity between the dependent variable and the independent variables.

e Non-linear problems cannot be solved using LR because there is a linear decision

surface.

3.4.1.2 Decision Tree

“Decision tree learning is used to start from observations about a particular element
and to conclude about the value of that element represented by the leaves of the tree, while
the element itself is represented by the branches of the tree” [51]. The decision tree
algorithm falls into the category of supervised learning algorithms. Unlike other supervised
learning algorithms, the decision tree algorithm can be used to solve regression and
classification problems as well.
The general motivation for using a decision tree is to create a training model that can be
used to predict the category.
The level of understanding of the DT algorithm is very easy compared to other
classification algorithms. DT algorithm attempts to solve the problem using a tree

representation. “Each inner node of the tree corresponds to an attribute, and each leaf node
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corresponds to a class label” [52], Figure 3.10 represents the general structure of the DT

algorithm

Decision Node _—)-Root Node

(T # _____ > Vl'

| Sub-Tree
I

y |

Decision Node
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Decision Node

e — — e — o— — —

Leaf Node Leaf Node Leaf Node Decision Node
N e e e e - |
Leaf Node Leaf Node
Figure 3.12 Decision Tree Architecture
DT Advantages:-

e Decision tree algorithm is easy to explain. This results in a set of rules.
e |t follows the same approach that humans generally take while making decisions.
e The interpretation of a complex decision tree model can be simplified by its
visualization.
e The number of hyper-parameters to set is almost null.
DT Disadvantages:-

e There is a high probability of overfitting problems in the decision tree algorithm.
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e Decision tree algorithm in general, gives lower prediction accuracy for a data set
compared to other ML algorithms.

e “Information gain in a decision tree with categorical variables gives a biased
response for traits with the largest number of categories” [52].

e Calculations can get complicated when there are many class labels.

3.4.1.3 Random Forest
A random forest algorithm, as its name suggests, consists of a large number of

individual decision trees that act as a set. Each individual tree in the random forest emerges
from the class prediction and the class that gets the most votes becomes the prediction of
our model as seen in figure 4.3.
The reason why the random forest model is so successful in data science fields is that a
“large number of relatively uncorrelated (trees) models that act as a committee will
outperform any of the single component models” [53].
“The low correlation coefficient between the models is key” [53]. Not all trees often err in
the same direction, which results in higher accuracy in model performance, as the trees
protect each other from individual errors, where the accuracy is greater for uncorrelated
tree models, “While some trees may be wrong, many others will be right, so that the trees
as a group can move in the right direction” [53]. So, the basic requirements for a random
forest to perform well are that:

e There should be some actual cues in the features so that models built using these

features perform better than random guessing.
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e Predictions (and thus errors) made by individual trees must have a low correlation

coefficient with each other.

DP dataset
N, features N, features N, features N, features
KA KA P A
TREE #1 TREE #2 TREE #3 TREE #4

| | | |
| | 1 |

Figure 3.13: Random Forrest Architecture.
RF Advantages:-
e Improve accuracy by Reducing the overfitting.
e The algorithm is flexible for both classification and regression problems.
e “It works well with both categorical and continuous values” [53].
e |t automates the missing values in the data.
e Normalizing the data is not required in this algorithm because it uses a rule-based
approach.
RF Disadvantages:-
e It requires a huge amount of computational power as well as resources because it
builds many trees to combine its output.
e Takes a long time to train because it combines a lot of decision trees to define a

class.
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3.4.1.4 AdaBoost

In ML, a boosting algorithm is a descriptive group algorithm whose main function
is to reduce bias, as well as variance in supervised learning. It is also considered as a group
of ML algorithms that transform weak learners into strong ones. A weak learner is defined
as a classifier that is only slightly related to the true classification. In contrast, a strong
learner is a classifier that is closely related to the true classification.
While boosting is not computationally restricted, most boosting algorithms consist of
iteratively learning weak classifiers concerning distribution and adding them to a final
strong classifier. When added, they are weighted in a way related to learners' poor accuracy.
After a weak learner is added, the data weights are reset, known as "re-weighting". Wrong
input data gain more weight and properly categorized examples lose weight; Thus, “future
weak learners focus more on the examples that previous weak learners have misclassified”
[53].

sample weights calculated by this equation:
1
w(x;, y;) = LT 1,2,..n

Where N is the total number of data points.

3.4.1.5 XGBoost

The XGBoost algorithm “is an efficient implementation of the Gradient Boosting
algorithm” [2]. Due to its excellent effect and efficiency in application practice, it is widely
respected by the industry, "In the XGBoost model, k number of regression trees are
generated to ensure that the prediction of the tree cluster is as close to the actual value

(accuracy) as possible and that the generalization power is as high as possible” [54][55].
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XGBoost is like GBDT optimization. It is based on the CART tree. It consists of several
weak classifiers through a negative gradient optimization framework, an integrated
learning method for learning strategies, it is expressed by the following mathematical
equation:
N =sigmoid(f1(x1) + f2(x2) + -+ frn(xm))

XGBoost passes all the feature split points and uses the above objective function value as
the evaluation function [55]. “The specific method is that the value of the objective function
after splitting is greater than the gain of the objective function of the single leaf node”.
Meanwhile, to limit the growth of the tree too deeply, a threshold is added, and division is
performed only when the gain is greater than the minimum,

"A benefit of using ensembles of decision tree methods like gradient boosting is that they
can automatically provide estimates of feature importance from a trained predictive model”

[54] This is shown in Figure number 3.14.

Features importance (XGBoost)
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Figure 3.14 XGBoost Features Importance.
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3.4.1.6 Nive Bayes

The Naive Bayes algorithm is a classification technique based on Bayes' theorem
with the imposition of independence among predictors. “The Naive Bayes classifier
assumes that the presence of a particular feature in a class is unrelated to the existence of
any other feature” [56].
The Naive Bayes algorithm is easy to create and is especially useful for very large data
sets. Besides simplicity, Naive Bayes is known to outperform even other very complex
classification methods.
Bayes theorem provides a method for calculating the posterior probability P(c | x) from
P(c), P(x), and P(x | c).
posterior probability equation:-

P(x|c)P(c)  P(cnx)

P =20 = e

Where P(c|x)is the posterior probability (likelihood) of class (target) for the given
predictor (attribute).

P(c) is the class prior probability.

P(x|c) is the probability which is the probability of expecting a given class.

P(x) is the previous probability of the prediction.

3.4.1.7 KNN

The Nearest Neighbor algorithm is considered one of the most important and
simplest directed ML algorithms - which works with a supervisor. The Nearest Neighbor
algorithm is one of the “descriptive and predictive classification algorithms” [1]. It can deal
with anomalous data [1]. The principle of work of this algorithm is based on calculating

the Euclidean distance between points, where the less the distance between two points, the
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greater the probability of the point belonging to each other, hence the name of the algorithm
[57]. If we assume that k = 1, the algorithm will measure the distance between the target
point and the nearest three points to it. If the two nearest points belong to group A and the
third point alone belongs to group B, the target point will be classified on the basis that it
belongs to group A.

We used the Minkowski distance to calculate the distance between each data point and the

kneighbors; equation 4.2 shows the Minkowski distance

n
1
the (Zm—ym’) &
i=1

While D is Minkowski distance, n is the number of dimensions, x; ,
yi are the kth attributes respectively.
The output of the KNN classification algorithm is a class membership, good or

default credit,with k =1.

Advantages of KNN

e Does not involve a training process KNN algorithm does not have a training process for
the data, the data itself is a model that will be a reference for future prediction and for
this reason it is very time efficient in terms of improvisation for stochastic modeling on
the available data.

e Easy to implement KNN algorithm is very easy to implement as the only thing to
calculate is the distance between different points based on different feature data and this
distance can easily be calculated using either Euclidean or Manhattan distance function.

e New data can be added at any time as it will not affect the model.
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Disadvantages of KNN

e This algorithm is computationally expensive.

e Variables must be normalized; otherwise, higher range variables can be biased to a class.

e It does not work well with a large data set because calculating the distances between
each instance of the data would be very expensive.

e It does not work well with high dimensionality because this will complicate the
calculation of the distance for each dimension.

e Sensitive to anomalies and missing data.

3.4.1.8 Support Vector Machine (SVM)

The SVM algorithm is a supervised ML algorithm that can be used in Classification
or Regression problems. However, they are mostly used in matters of classification. In the
SVM algorithm, “we plot each data element as a point in n dimension space (where n is
the number of Features) with the value of each attribute being a given coordinate value”
[8]. Then, we perform the classification by finding the hyper-plane that distinguishes the
two classes well. Look at the figure below to understand what was indicated [8].

A kernel method is a tool that works on converting low-dimensional spaces and
transforming them into more-dimensional spaces - converting two-dimensional levels into
three- or four-dimensional levels - that is, it transforms the questions that cannot be
separated into separable problems [58]. This method is mostly useful for non-linear
classification problems. Simply put, it does some very complex data transformation, and
then detects the process of classifying the data based on the labels or output you specified.

There are many types of SVM kernels such as linear, polynomial, and Gaussian [58].
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In this study, we used the linear kernel to find a function that gives the optimal results for
the regression challenge as an equation.
f(x)=w.0(x)+b
Advantages for SMV:
e Works well with a clear separation margin.
e Effective in high-dimensional spaces.
e Effective in a multi-dimensional data.
e It uses a subset of the training points in the decision function (called support
vectors), so it is also memory efficient.
Disadvantages for SMV:
e It does not work well when we have a large data set because it takes a lot of training
time.
e It does not work very well when the data set has many errors and impurities, that
is, the target groups are overlapping.
e SVM does not provide probability estimates directly, rather they are computed
“using expensive cross-validation. It is included in the related SVC method in the

Python Scikit-Learn library” [8].

3.4.2 Collaborative Filtering Recommender Systems Item Based

Collaborative filtering is one of the most effective RMS techniques similarities
between different items in a data set are calculated using one of the similarity metrics, and
these similarity values are used to predict the ratings of pairs of user items that are not in

the data set, This algorithm is based on the principle of searching in the set of items {i,,
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iy, i3, ....,10} allocated in the prepared matrix (collect user information) that have been
built and labeled according to the historical record of defaulted customer recommendations
produced by the bank and select k most similar items, calculating their similarity {s;;,
Si2, Si3, -+, Siky With the other item by computing the cosine similarity between these
vectors. and choosing the most similar one, Once the most similar item is deduced, the
prediction is calculated by taking a weighted average of the target customer's on these
similar items, to calculate the similarity and predict the most accurate recommendation for

the customer [57].

ltemn-item similarty is computed by
looking into co-rated items only. In

case of items J and j the similanity 5 is
i R S t computed by looking into them. Note:

- each of these co-rated pairs are
obtained from different users

A
A
5

m-1

m R -

Figure 3.15 Item-Based Similarity Calculation.

In this thesis, we use item-based collaborative filtering based on the advantages we have
found according to the previous literature. The collaborative filtering process is divided
into two steps: first, analyze the user-item matrix to calculate the similarity, and make high-

reliability recommendations.
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3.4.2.1 User-ltem Matrix
To build the recommendation model, we relied on the recommendation resulting

from the credit decision of the bank’s defaulting customer database and calculated the
similarity by comparing it with this data.
The recommendations were divided as follows:

e Credit score is too low

e Debt-to-income Ratio was too high

e The income is insufficient or unstable

e Insufficient collateral

e Age does not match the type of loan

e Unpaid Dues

e Other Debts

e Address on Defaulter List

e Previously Defaulted

e Didn’t meet the basic requirements

3.4.2.2 Cosine Similarity Measure

We selected cosine similarity measure item-based collaborative recommendation
algorithms to produce predictions of the recommendation needed for a customer to avoid
credit default.
“The cosine similarity uses cos(0) to measure the distance between two vectors. As 0

increases, cos(0) decreases (cos(0) = 1 when 6 =0 and cos(0) = 0 when 6 = 90). Therefore,
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as the value of 0 is smaller, the two vectors are considered closer (the similarity gets
greater)” [59] as shown in the above equation.

YueU(Ry ;~Ru) LueU(Ry i~Ry)

Sim (i, j) =
\/ UEU(Ry, —Ru)* JZuEU(Ru‘i—Ru)Z

The above figure illustrates the collaborative filtering workflow:
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Figure 3.16 Collaborative Filtering Iltem-Based Workflow.

3.5 Model Evaluation

Metrics are used to measure the quality of ML model. The evaluation of ML
models is essential to measure the performance ability of models to predict state. To
choose the appropriate model, these models must be subjected to a test of evaluation
metrics, which require testing the classification accuracy, confusion matrix, logarithmic

loss, and other various evaluation metrics.
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Classification accuracy is considered as the proportion of correct predictions out of the
total number of classified probabilities or samples. Logarithmic loss is based on the
principle of penalizing wrong classifications which is called log loss. Confusion matrix is
known as probability model or error matrix. It is a specific matrix to provide a visual impact
of the algorithm's performance, usually supervising the learning of the model which in turn
gives us a complete description of the model's performance. [58].

It is very important to use multiple metrics to evaluate the model. This is because a model
may perform well using certain metrics but may perform poorly using another of the other
metrics [60].

In this thesis we will focus on the following metrics for classification: confusion matrix,
true positive (TP), false positive (FP), false negative (FN), true negative (TN), accuracy,
sensitivity (recall), specificity, and precision. For regression, the following were used:
mean absolute error, accuracy (score coefficient), root mean squared error and mean
squared error.

TP: the samples number was correctly classified as good credit.

FP: the samples number was incorrectly classified as good credit.

TN: the samples number was correctly classified as default credit.

FN: the samples number was incorrectly classified as default credit.

3.6 Accuracy
The accuracy of a classification algorithm in ML is one way to measure how often
the algorithm correctly classifies a data point. Precision is “the number of correctly

predicted data points out of all data points” [61]. The following is the precision equation.
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TP+TN

Accuracy = TP+FP+TN+FN

The above accuracy equation represents the number of samples that the model classified
as positive (Default) which is positive in addition to the number of samples that the model
classified as negative (non-default) which is negative divided by the number of samples
that are true positive and true negative in addition to the false positive samples and the false
negative samples as shown above. Correct negative samples or correct positive samples are
a data point that the algorithm correctly categorized as true or false, respectively. On the
other hand, a false positive or negative result is “a data point that the algorithm incorrectly
classified” [62]. For example, if the algorithm classifies a false data point as true, it will be
a false positive. Often, accuracy is used in conjunction with Precision and Recall, which
are other metrics that use different ratios of true/false positives/negatives. “Together, these

metrics provide a detailed look at how the algorithm ranks data points” [44].

3.7 Confusion Matrix

This matrix is called an error matrix or (Confusion Matrix): It is a well-known
“matrix in the field of ML, used to test the performance of algorithms™ [63]. It is a table
containing information and details about the actual classes (classified by humans) and the
predictive classes predicted by the classifier. Each column in the array represents the
predicted class and each row represents the actual class. “The performance of the classifier
is usually evaluated using the data contained in the matrix, and the size of the matrix is
according to the number of categories” [63]. The following table shows the shape of the

matrix and the meaning of each column and each cell in the matrix.
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Table 3.2: Confusion matrix description for credit status classification
Predicted Classes

Default Non-
Default
Actual Default TP FP
Classes Non- N =
Default

Sensitivity or Recall: It forms the correct expectation ratio of all expected features. It is

calculated using the following equation:

TP
TP+FN

Recall (Sensitivity or TRP) =

F-measuring (F1 Score): it measures the balance between precision and sensitivity

(recall). The F-measure is calculated using the equation:

2*Precision*Recall
Precision+Recall

f1 score =

Precision: The percentage of records correctly predicted as default to all records predicted

in the class, and it can be described as shown in the equation

Precision =

TP+FP

Mean Absolute Error (MAE): “It is a measure of the errors between paired observations
that express the same phenomenon” and it’s used in regression models. “MAE is calculated
as the sum of absolute errors divided by the sample size”

Yi=1|yi-xi| _ Y'=1|e]
n

MAE=

Mean Squared Error (MSE): is the mean of the squared errors that tells how the set of

points closed from regression lines which is defined intexdn

1 .
MSE =1 S, (vi = )
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Root Mean Squared Error (RMSSE): is the square root of the mean of the squared errors,
which is defined in the following equation where O; are the observations, S;i predicted
values of a variable, and n the number of observations available for analysis

n

RMSE = \/%E(Si ~0)

i=1

3.8 Conclusion
This chapter summarizes the methodology of credit default prediction along with a

RMS based on collaborative filtering algorithm; the first step of the methodology is data
preparation and exploration, the second step is data preprocessing for ML; the third step is
to used different ML algorithms for predicting default accounts and then to give the
recommendation to avoid default occur, These models were chosen as a result of the good
performance they achieved along with the primary data processing methods that will help
in the ability of these models to achieve the required with high to very high accuracy as
will be described in detail in the next chapter. and finally use different performance metrics

to compare between different ML algorithms performance and select the best approach.
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Chapter 4
4 Results

4.1 Introduction

After the classification and regression models were deployed, we used the
mentioned metrics to evaluate the efficiency of the models with different classification and
regression algorithms. In this chapter, we will adjust the model variables used and compare
the results in each tuning stage. | will illustrate the classification results using accuracy,
confusion matrix, accuracy, recall, F1-score, for each prediction of the probability of a
bank customer default, i will plot the performance of each step of hyperparameter tuning
to show the best performance for each algorithm, also we will illustrate the accuracy for
RMS.
The issue of evaluating ML models, calculating a set of performance evaluation measures
that demonstrate that the learned model has reached a good degree of learning so that it can
be relied upon and used in a problem. Ultimately, these metrics allow a comparison of the
various possible learning models (each generated using a particular algorithm), allowing

us to select the most appropriate one.

4.2 Classification Results

4.2.1 Confusion Matrix

The confusion matrix gives us an output matrix and describes the full performance of the
model as it shows a summary of the test data for samples that were correctly and incorrectly
predicted which constitutes 30% of the data set as per the controls developed in the model

building step., the following figures shows the optimal confusion matrix for each model,
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these results have been reached by adjusting the models' variables to achieve optimal

performance.

Logistic Regression:-
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Figure 4.1 Logistic Regression Confusion Matrix
In figure 4.1 a confusion matrix for LR performance shows that 128 customers from the
testing dataset of bank credit sample were correctly classified as good credit (TP) whereas
364 customers were correctly classified as default credit (TN), we also note that 99 credit
customers were incorrectly classified as good credit (FP), also 14 credit customers were

incorrectly classified as default credit (FN).
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Decision Tree:-
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Figure 4.2 Decision Tree Confusion Matrix

Figure 4.2 a confusion matrix for DT performance shows that 241 customers from the
testing dataset of bank credit sample were correctly classified as good credit (TP) whereas
350 customers were correctly classified as default credit (TN), we also note that 1 credit
customers were incorrectly classified as good credit (FP), also 13 credit customers were

incorrectly classified as default credit (FN).
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Random Forest :-
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Figure 4.3 Random Forest Confusion Matrix

Figure 4.3 a confusion matrix for RF performance shows that 239 customers from the
testing dataset of bank credit sample were correctly classified as good credit (TP) whereas
352 customers were correctly classified as default credit (TN), we also note that 3 credit

customers were incorrectly classified as good credit (FP), also 11 credit customers were

incorrectly classified as default credit (FN).
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Adaptive Boosting (AdaBoost) :-
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Figure 4.4 AdaBoost Confusion Matrix

Figure 4.4 a confusion matrix for AdaBoost performance shows that 241 customers from
the testing dataset of bank credit sample were correctly classified as good credit (TP)
whereas 344 customers were correctly classified as default credit (TN), we also note that 1
credit customer was incorrectly classified as good credit (FP), also 19 credit customers

were incorrectly classified as default credit (FN).
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eXtreme Gradient Boosting (XGBoost):-
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Figure 4.5 XGBoost Confusion Matrix
Figure 4.5 a confusion matrix for AdaBoost performance shows that 242 customers from
the testing dataset of bank credit sample were correctly classified as good credit (TP)
whereas 351 customers were correctly classified as default credit (TN), we also note that
no credit customers were incorrectly classified as good credit (FP), where 12 credit

customers were incorrectly classified as default credit (FN).
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K-nearest neighbors (KNN):-
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Figure 4.6 KNN Confusion Matrix

Figure 4.6 a confusion matrix for AdaBoost performance shows that 177 customers from
the testing dataset of bank credit sample were correctly classified as good credit (TP)
whereas 269 customers were correctly classified as default credit (TN), we also note that
65 credit customers were incorrectly classified as good credit (FP), also 94 credit customers

were incorrectly classified as default credit (FN).



66

Support Vector Machine (SVM):-

350

300
Default

250

200

Tue label

- 150

Mon-Default - 100

1
Default Mon-Default
Predicted label

Figure 4.7 SVM Confusion Matrix

Figure 4.7 a confusion matrix for SVM performance shows that 224 customers from the
testing dataset of bank credit sample were correctly classified as good credit (TP) whereas
379 customers were correctly classified as default credit (TN), we also note that 1 credit
customer was incorrectly classified as good credit (FP), also 1 credit customers were

incorrectly classified as default credit (FN).

4.2.2 Accuracy

In this part of the study, we will review the calculation of accuracy measures for
each model (ratio of correct prediction from the correct number of the testing set) by
evaluating learning models using the Cross Validation method along with a grid search
method which was discussed in methodology.
The accuracy for the Decision Tree Classifier was tested using a grid search to optimize

model parameters to reach the best accuracy, best accuracy was reached by using the
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entropy attribute measure to measure the impurity or uncertainty in a group of observations,

also the maximum depth of tree was set to be equal 5.

4.2.2.1 Decision Tree Classifier

The accuracy for the Decision Tree Classifier was tested using a grid search method
to optimize model parameters to reach the best model performance, best accuracy was
reached by using the entropy attribute criterion to measure the impurity or uncertainty in a
group of observations, also the maximum depth of tree was set to be equal 5.

DT model has been trained using 5 cross-validations, along with the grid search
method, the accuracy for each classification algorithm with different parameters was tested
by total fittings of 450 fits to reach the optimal algorithm parameters.

DT Optimal algorithm parameter by Grid Search method:-

ccp_alpa = 0.1, criterion = entropy, max_depth = 5, min_samples_split = 2, min_samples_leaf=1,

random_state=42.
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Figure 4.8 Decision Tree Cross-validation Accuracy Score.
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Figure number 4.8 show the decision tree learning curve, during the training and testing process,

each point represents the accuracy of the evaluation stage.

4.2.2.2 Random Forest

The techniques used for optimizing Random Forest include, hyperparameter
tuning, cross validations, and averaging multiple classifiers to get better accuracy, the best
performance of RF is reached with a number of trees = 300.

RF model has been trained using 5 cross-validations, along with the hyperparameter
tuning (grid search method), the accuracy for each classification algorithm with different
parameters was tested by total fittings of 1080 fits to reach the optimal algorithm
parameters.

RF Optimal algorithm Parameter by Grid Search Method:-

bootstrap=False, max_features=3, n_estimators=300.
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Figure 4.9 Random Forrest Cross Validation Accuracy Score
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Figure number 4.9 show the RF learning curve, during training and testing process, each point

represents the accuracy of the evaluation stage.

4.2.2.3 AdaBoost Classifier

AdaBoost is a type of decision tree, distinguished by the learning rate that controls
the contribution of each model to the ensemble prediction. AdaBoost Accuracy was tested
by tuning the hyperparameter, the best accuracy was gained using learning rate of 0.0001,
tree max depth = 5, and entropy base estimator.

AdaBoost model has been trained using 10 cross-validations, along with the
hyperparameter tuning (grid search method), the accuracy for each classification algorithm
with different parameters was tested by total fittings of 1120 fits to reach the optimal

algorithm parameters.

AdaBoost learning curves
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Figure 4.10 AdaBoost Cross-Validation Accuracy Score

Figure number 4.10 show the decision tree learning curve, during the training and testing process,

each point represents the accuracy of the evaluation stage.
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4.2.2.4 XGBoost Classifier
XGBoost Accuracy was tested by grid search method to fit the model with the most
optimal parameter that gained the highest accuracy, by using hyperparameter optimization
we reach to use deviance loss function, gradient descent optimization algorithm, learning
rate = 0.1, maximum depth = 2, min sample leaf = 100 and n_estimatores = 100.
XGBBoost model has been trained using 10 cross-validations, along with the
hyperparameter tuning (grid search method), the accuracy for each classification algorithm
with different parameters was tested by total fittings of 1080 fits to reach the optimal
algorithm parameters.
Figure number 4.11 show the decision tree learning curve, during the training and testing

process, each point represents the accuracy of the evaluation stage.
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Figure 4.11 XGBoost Cross-Validation Accuracy Score

Figure number 4.11 show the XGBoost learning curve, during the training and testing process,

each point represents the accuracy of the evaluation stage.
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4.2.2.5 KNN Classifier

KNN model has been trained using 5 cross-validations, by using the grid search the

accuracy for each classification algorithm with different parameters was tested by total

fittings of 128 fits to reach the optimal algorithm parameters, the highest accuracy has been

reached by setting n_neighbors = 8, p = 1, Distance metric = 'Minkowski’, leaf_size = 1.

Score

0.89

0.88

0.87

0.83

(.84

KNN leaming curves

_,—'—__'-'_'__‘
/_______-‘-_f
Training score
#— Cross-validation score
1000 2000 3000 4000 2000

Training size

Figure 4.12 KNN Cross-Validation Accuracy Score

Figure number 4.12 show the KNN learning curve, during the training and testing

process, each point represents the accuracy of the evaluation stage.
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Figure 4.13: Accuracy Measures Using Different K Numbers and Different Distance Metrics
Algorithms

Figure 4.13 show the results for the KNN algorithm while using four different distance
metrics algorithms which are Euclidean, Manhattan, and Minkowski, the results also show
the accuracy using a different number of K neighbors. The best accuracy results were

gained using the Minkowski algorithm and while using 7 K.

4.2.2.6 SVM Classifier

SVM Accuracy was tested thought using 10 cross-validations, along with the
hyperparameter tuning (grid search method), the accuracy for each classification algorithm
with different parameters was tested by total fittings of 1080 fits to reach the optimal
algorithm parameters.

Hyperparameter tuning helped to improve the performance of the model, as the
most influential variables on the prediction accuracy were adjusted by setting

regularization parameter (C) to be = 300, gamma = 0.10, and kernel = ‘RBF.
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Figure 4.14 SVM Cross-Validation Accuracy Score

Gamma is a parameter that comes with the RBF kernel. It implicitly defines how
far the influence of a single training example reaches. The larger gamma value, the fewer
support vectors, and the smaller the gamma value, the higher the support vectors. The
number of support vectors affects training speed and prediction. The specific effect is
shown in figure 4.15 where the figure shows that the best accuracy of the model's
performance in predicting the probability of the client's default is when the gamma value
is equal to 0.10, where we notice a decrease in the accuracy of the model at a low gamma

coefficient.
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Figure 4.15 Accuracy Measures Using Different Gamma Values For SVM.

4.2.2.6 Logistic Regression

LR is one of the algorithms that rely heavily on the quality of the data entered by
the learner, to ensure that the model reaches the greatest ability to predict the probability
of the customer default, we calculated information value (1V) that’s it is very useful in the
preliminary filtering of variables before including them in LR model. The efficiency of the
LR model is affected by the initial processing of the data, and an important step before the
model is installed is to reduce the variables through the use of 1V, IV used to extract the
best information value and to exclude the variables that have little effect on the
performance of ML model in terms of prediction. Table 4.1 list the information value that
has been calculated for all features of the DP dataset and added together to measure the
predictive power for each feature. We got the top IV values for due amount as 2.88, and
due installment as 0.97 meaning it is a suspicious or too good predictor, it was also found

that some variables have no effect and are considered as weak predictors to classify events



75

like customer classification (CUST_MGR), Credit Balance (Balance), credit open date

(OPEN_DATE) where IV < 0.5.

VAR_NAME IV
INSTALLMENT_PER 0.221444
BRA_CODE 0.224593
FAC_TYPE 0.133231
BALANCE 0.002998
IACCOUNT_OPEN_DATE 0.000443
DUE_AMT 2.888973
LOAN_AMOUNT 0.055914
TYPE_OF DEP 0.083917
CUST_MGR 0.000611
INSTALLMENT _AMOUN 0.00859
MIN_INT_RATE 0.210799
DUE_INSTALLMENT 0.970706
DUE_DAYS 0.157156
DATE_OVDN 0.005357
SUSP_AMT 0.13795
IAGE 0.161506
MONTHLY_SALARY 0.032893
RET_CHQ 0.242746

Table 4.1 DP features Information Value.

An insignificant feature has been eliminated to reach features with a level of significance
less or equal to 0.05 of the significance level by calculating the P-value for each feature
where the following features have been removed 'SUSP_AMT', ' DUE_DAYS,,
'DATE_OVDN'.

RF model has been trained using 5 cross-validations, along with the hyperparameter
tuning (grid search method), the accuracy for each classification algorithm with different
parameters was tested by total fittings of 4800 fits to reach the optimal algorithm

parameters.
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Figure 4.16 Logistic Regression Cross-Validation Accuracy Score.

Hyperparameter tuning helped to improve the performance of the model, as the
most influential variables on the prediction accuracy were adjusted by setting
regularization parameter (C) to be = 1.4, Figure number 4.17 shows the best score of grid

search evaluation accuracy for training and testing LR model.
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GridSearchCV evaluating using multiple scorers simultaneously
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Figure 4.17 LR Grid Search Evaluation Using Multiple Scores Simultaneously.

4.2.3 Models Comparison and Overall Performance

The AUC-ROC curve is a performance measure for classification problems under
different threshold settings. ROC is a probability curve, and AUC represents the degree or
measure of separability. It tells us how many models can be categorized. The higher the
AUC value, the better the model, as well as the ability of the model to distinguish customers

with high default risk from good customers., A good model has an AUC value close to 1,
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which means that it has good separability. The AUC of a bad model is close to 0, which
means it has the worst measure of separation. When the AUC is 0.5, it means that the model
has no ability to separate bad credit from good for customers.

Based on the above analysis, the AUC score is used as an evaluation criterion for the
prediction PD model in this study. In addition, to accurately assess the probability of credit
default, some assessment metrics of the ML algorithm such as SPE, TRN, SEN, ROC, and
AUC are included to calculate the final prediction result as it’s shown in Figure number

4.18.
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SVM (area = 99.90)
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Figure 4.18 ROC Curve Evaluation
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Table No. 4.2 Summarizes the Performance Results of the ML Models Used in this Thesis in
Terms of Each Model Performance Results, The Results are Shown in Terms of AUC, Precision,

Recall, and F1 Score.

Model AUC Precision Recall F1 Score
LR 89.4% 84.50% 88% 87%
DT 96.0% 97% 98% 97%
RF 99.6% 97% 98% 98%
Bagging 98.1% 96% 97% 97%
IAdaBoost 99.5% 97% 98% 97%
Gradient Boost 99.4% 97% 98% 97%
XGBoost 99.4% 97% 98% 98%
KNN 87.4% 87% 88% 87%
SVM 99.9% 99% 99% 99%

Table 4.2 Default Prediction Model Performance Evaluation.

4.3 General Discussion

By digging deeper into the previous literature, many studies [2] [1] [64] [14] [31]
[10] dealt directly with the research of credit risks and the provision of automated solutions
that would maintain a credit portfolio free from default, by predicting default cases before
they occur using ML, Some studies were confined to a limited type of credit accounts or to
a specific segment of customers such as individuals, corporate, and SME’s, which raised
caution by finding solutions to provide a prediction for various types of credit accounts in
one solution. Likewise, | concluded by reviewing the literature that there is an urgent need
to provide a guiding recommendation to improve the credit status of the customer with
positive indicators that predict the possibility of customer default. This goal was achieved
by building an early recommendation system which enhances the ability of this study to
complement previous studies and fill this gap.

In this section, I will reflect on the overall results and evaluation results for the ML

algorithm, several ML algorithms have been applied to predict the probability of customer
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default, and the results of these models were examined, as the preliminary results were
somewhat satisfactory, but the challenges we faced were how to improve the performance
of ML models and choose the most appropriate ones. Several methods were discussed in
the field of data science, which we learned within the course plan at the Arab American
University. One of the most important of these methods is data pre-processing, which
greatly affected the results of ML models in terms of performance and accuracy in
predicting customer default, and the results were amazing in greatly increasing the
accuracy of prediction. Among the most important stages of data pre-processing that were
used for processing are data normalization, data scaling, and feature selection.

We did not stop at this point. We also implemented parameter adjustment processes by in-
depth and studying the extent to which each parameter affects the performance of the
models by using data visualization to display a graph of the best set of parameters that have
obtained the highest prediction accuracy. This was done using Grid Search technology. We
conclude through this chapter that the algorithms of ML have a great ability to predict, but
relying on it alone is not enough. Enhancing the efficiency of model performance requires
strengthening data pre-processing processes, especially if there is a lot of irrelevant or
redundant information or distorted and unreliable data. This helps in discovering
knowledge during the training phase and raises the efficiency and performance of the
models in predicting with high accuracy, In addition, the features that were used for this
study had a great ability to indicate and predict the probability of customer default with
high accuracy, the most important of these features are the amounts owed by the customer,
the number of rejected checks, monthly income, installments amount and the granted credit

amount.
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The ML models used performed well in terms of prediction accuracy, and the overall
prediction accuracy of SVM is 99.90%, which indicates that the SVM model is superior to
other models in terms of accuracy of prediction of the probability of customer default as
well as achieving the best performance in terms of error. This indicates that all the methods
used show the potential for accurately predicting the default risk of borrowers. To go
deeper into testing the performance of different ML models, the accuracy, recall, and F1
values of the five models were calculated and summarized. Most of the models achieved
over 94% performance for each metric. This also shows that all models reported in this
thesis have good capabilities for customer default prediction. The SVM model has the best
performance, which corresponds to the highest accuracy over all other models that helps
the banking sector to rely on machine learning models to maintain a clean credit portfolio
free from default.

at the end, this study presented a comprehensive solution for predicting the customer's
failure to pay his indebtedness and early detection of default cases, in addition to an
automated recommendation system that allows the credit-control departments to correct
the customer's credit status to maintain good credit.

This study contributes to strengthening the previous literature in terms of researching a
unique data set, achieving high prediction accuracy, and providing an integrated system for

predicting and recommending immediate treatment of the customer's credit situation.
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Chapter 5

5 Conclusion and Future Work

Financial regulatory institutions and banks must be able to make reliable
predictions about borrowers’ default to control credit risks and protect their customers, as
lending institutions and banks in Palestine suffered from a widespread bad economic
situation in the past three years, which led to an increase in the inability of customers to
pay their debts. In addition, ML approaches are powerful in improving the ability to predict
risks and mitigate information asymmetries. To facilitate our research, payment delays or
payment failures are arbitrarily re-encoded as “1”” and “0” for good credit within the study
datasets, as the classification variable was labeled by credit control experts at Jordan Ahli
Bank, many algorithms were used to predict the probability of customer default including
Logistic regression, KNN, SVM, Random Forest and decision trees of all kinds. The study
proved that decision trees have a lower average error than other algorithms, and the SVM
model proved more efficient in terms of accuracy and outperformed other models with an
accuracy rate of 99.9% and the lowest rate of classification error obtained by the rest of
other models.
| did not stop at this point. I also carried out this research by establishing an automatic
RMS based on the prediction results extracts to provide an automatic recommendation to
the credit experts at the bank, aiming to correct the customer’s situation in terms of the
reasons that have been achieved or that may be achieved and that affect the customer’s
default on payment. The RMS presents the reasons that prevent the customer from being

able to repay and the need to adhere to them, which would calculate the customer's credit
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position in terms of the degree of credit risk and maintain a clean credit portfolio free of
default cases.

As future work, we see building Graphical User Interface (GUI) applications and
linking them with ML models and the RMS to provide an actual reality and real experience
to predict the possibility of client default, by extracting the necessary periodic reports for
decision makers and credit experts in banks, for early warning to discover the possibility
of default and provide the necessary guardianship A preventive measure to avoid credit

default accounts.

5.1 Knowledge Contributions and Implications for Practice.

Recently, the sector of financial institutions and banks is witnessing an upward
growth in the use of Al applications, as it has become a natural evolution for banks, as
digital banking services pave the way for more advanced technologies related to ML, data
mining, and analytics that can identify patterns and irregularities in an attempt to bring
about the necessary improvements in terms of all banking fields, especially credit risk
analysis and detection of customer default cases before they occur.

In this regard, the field of scientific research is developing in finding appropriate banking
solutions for leadership and enhancing the status of digital development and the use of Al
as a major reliable part of banking services. Through a deep review of the literature, this
study complements the previous literature in the field of predicting cases of bank customers
defaulting using ML algorithms that are unique to an exclusive data set for this thesis, This
study fills the silent gap centered in the shortcomings of the previous literature by providing

early banking solutions to avoid default cases before they occur through the smart
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recommendation system that provides automated solutions centered on giving the ideal
recommendation to correct the customer’s credit status on which to rely on in the field of

credit review and maintaining a clean credit portfolio free of default cases .

5.2 Limitation

The main objective of this study is to predict bank customer defaults before they
occur and provide the necessary automatic recommendations to correct the customer's
credit situation to reduce dependence on human resources to a minimum and rely on
artificial intelligence capabilities in data analysis and predicting with high accuracy and
reliability. However, the scope of this research faces some limitations, the most important
of which is obtaining a sufficient amount of data within the datasets to enhance the ability
of machine learning models to train sufficiently to ensure that the models are able to predict
all credit situations. The dataset belongs to the credit control system of Jordan Ahli Bank,
which is managed manually by the credit team of the bank which causes nullable and
misleading data. This affected the quality of the data and the efficiency of the machine
learning models in making predictions in the initial stages of model building. Many stages
of preliminary data processing have been implemented to overcome this problem and
increase the efficiency of machine learning models. Some challenges were represented in
selecting the most appropriate machine learning models for the extracted data set. The
supervised machine learning models were selected due to the presence of a labeled dataset
to ensure the best accuracy and efficiency for model performance, hyperparameter tuning

technique was used.
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