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Abstract

A significant tool for banks and other financial institutions is
predictive modeling. In order to determine the realistic possibilities for
future outcomes, a method of evaluating the banking data and predicting
specific probabilities must be followed. Predictive modeling is a method
for using the present data to create an appropriate model to forecast the
results of future data.

Examining how successfully machine learning algorithms predict
whether a new customer will have a term deposit or not is the goal of this
study. It can be used to figure out the best strategy to spot banking
company consumers that frequently leave. The primary goal of this thesis
is to create a model with precise forecasting capabilities to improve bank
operations. This goal can be accomplished with the least amount of error
by choosing the most crucial features, along with (Collect a better
understanding of the customer's needs based on analyzing different
banking datasets, perform feature ranking to indicate the features
effectiveness, and indicate the features correlation to show the reduction
possibilities).

The data preparation stage and the prediction stage are the two key
stages of the proposed system. The suggested model's prediction accuracy
is increased by doing data pretreatment utilizing the Data Cleaning
(Missing values), Data Transformation (Nominal to Binary, Nominal to
Numeric), Normalization (Standardization, Smote), and Data Reduction
procedures. The ranking correlation coefficient approach is one of the data
reduction techniques. In order to assure the significance of these features
and the accuracy that can be attained, the suggested system uses the ranking
correlation coefficient approach, which identifies the most advantageous
features at each step before incorporating them into the model.

Moreover. This thesis employs statistical techniques, machine
learning algorithms, and regression analysis to use and evaluate two
datasets (a bank-additional-full and Banking Dataset - Marketing Targets
datasets). Predictive modeling techniques include Naive Base, Decision
Tree, KNN, and Logistic Regression. Accuracy, precision, recall, F-
measure, and error were used as the basis for the evaluation. The outcomes
demonstrated that the performance of the suggested system is efficient, DT
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(0.9336), KNN (0.9285), Logistic (0.9102), and Naive Bays (0.8606) had
the highest prediction accuracy.
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Chapter One General Introduction

Chapter One
General Introduction

1.1 Introduction

Predictive Analytics can be identified as a stream of analytics based
on historical data to predict future behavior, action, and trends. It involves
modeling, data mining, statistics, and machine learning algorithms to
create certain expectations [Kuhn, M., & Johnson, K. (2013)]. Predictive
Analytics can assist in estimating different required real time issues or
report them at the accurate time to develop the suitable correct outcomes.
The availability of the information through the media and interne, increase
the significant desire of how to utilize the information in making
trustworthy decisions. The main concern of predictive modeling is to create
precise predictions, and to understand the model and to interpret how it
operates [Kumar, et, al, (2018)]. An essential measure to develop the
banking operations and also reestablish customers’ satisfaction,
effectiveness and performance analysis in a bank has got an increase
attention [Barga, et, al, (2015].

Predictive Modeling is the essential key to solve all the commercial
problems but it can be utilized appropriately by aligning the technology
with the commercial objectives. It used to prevent frauds in banking
services. Decision Support Systems are based on different statistical and
computational methods to assist management in their strategic and tactical
decisions [Ali, et, al, (2021)]. To make good predictions, investigators
must completely understand the use of the possible techniques when
dealing with banking data.

Banking operations involve a wide range of activities, such as
customer acquisition, credit risk assessment, fraud detection, and customer
retention. In this thesis predict whether a new customer will have a term
deposit or not, With the increasing availability of data and advancements
in predictive modeling techniques, banks can leverage data-driven
approaches to enhance their operations and decision-making processes
[Gavurova, et, al, (2017)].

Predictive modeling refers to the use of statistical and machine
learning techniques to analyze historical data and make predictions about
future outcomes. By employing predictive modeling in banking operations,
banks can gain valuable insights into customer behavior, assess risks more
accurately, and optimize their operations for better efficiency. Predictive
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modeling can help banks identify potential customers who are likely to be
interested in their products or services [Demraoui, et, al, (2022)].
Analyzing customer data may including transaction history and
preferences, predictive modeling can enable banks to offer personalized
recommendations and services, such process can improve customer
satisfaction, loyalty, and retention [Ashraf, et, al, (2019)].

1.2 Problem statement

Predictive modeling represents one of the vital issues for any
financial institution planning and evaluation. It is very challenging to
predict a customer if he/she can be a depositor by analyzing related
information. Some recent studies demonstrated that economic depression
and the continuous decline of the economy negatively impact business
organizations and banking sectors. Due to such economic depression,
banks cannot attract a customer’s attention. Thus, marketing is preferred to
be a handy tool for the banking sector to draw customers’ attention for a
term deposit. for this, machine learning algorithms were used which is a
suitable approach to predict whether a new customer will have a term
deposit or not. The contribution can be used as a depositor prediction
system to provide additional support for bank deposit prediction. The
problem is to indicate the main marketing campaign factor that can increase
the customer’s decision to subscribe to a term deposit? The performance
of a machine learning algorithms which is an approach to predict whether
a new customer will have a term deposit or not. ldentifying the main factor
that can increase the customer’s subscription to a term deposit is the main
concern.

1.3 Aim of Thesis

This Thesis aims to explore the application of predictive modeling in
the banking industry and its potential to improve various aspects of
banking operations. The main aim is to propose a suitable predictive model
to improve the bank operations. This aim can be achieved by the following
objectives:

e Collect a better understanding of the customer’s needs based on
analyzing different banking datasets.
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Perform feature ranking to indicate the features effectiveness.
Indicate the features correlation to show the reduction possibilities.

Perform predictive approaches to show their capabilities and
possibilities.

Evaluate the performance of the used techniques

1.4 Related works

Peter Appiahene, et. al, at, 2020, presented a combined Data
Envelopment Analysis (DEA) with three machine learning
approaches in evaluating bank efficiency and performance using 444
Ghanaian bank branches, Decision Making Units (DMUs). The
results were compared with the corresponding efficiency ratl, ings
obtained from the DEA. Finally, the prediction accuracies of the
three machine learning algorithm models were compared. The
results suggested that the decision tree (DT) provided the best
predictive model [ Appiahene, P.et, al. 2020].

Meilin Widyastuti, et. al, at, 2019 classified the quality of customer
service at Bank BTN Pematangsiantar Branch. Data was obtained
from the results of the customer questionnaire. From the results of
the study, there were 5 rules for classification in determining the
quality of customer service with 3 rules with satisfaction status and
2 rules with dis-satisfied status. The algorithm can be used in the
case of determining customer service quality of the Bank. They
improved the quality of service to customer satisfaction [Widyastulti,
et, al, 2019].

Jing-Ping Li, et. al, 2020, employed the machine learning techniques
in order to predict the credit ratings for the banks in GCC. The
quarterly dataset of the macro and bank specific variables was used
for a period that spanned between the years 2010 to 2018, with an
out of sample prediction, for three years. Their findings suggested
that arbitrary forests demonstrate the highest precision, based on the
F1 score, specificity, and the accuracy scores. Other findings also
revealed that the Artificial Neural Networks are ranked second for
the overall predictions that have been made. However, for the
speculative and default grades. They suggested that the
Classification and Regression Trees (CART) are significantly

3



Chapter One General Introduction

relevant, and although their precision is less than the random forests,
the difference is not significant. They also proposed that, for the
stressed banks, both random forests and the CART should be
employed, for a better and more informed risk assessment [ Li, J. P.,
Mirza et, al, 2020].

- Martin Jullum et, al, at 2020, Proposed a machine learning model
for prioritizing which financial transactions should be manually
investigated for potential money laundering. Their model was
applied to a large data set from Norway’s largest bank, DNB. A
supervised machine learning model was trained by using three types
of historic data: “normal” legal transactions; those flagged as
suspicious by the bank’s internal alert system; and potential money
laundering cases reported to the authorities. Their model was used
to predict the probability that a new transaction should be reported,
using information such as background information about the
sender/receiver, their earlier behaviour and their transaction history.
Their developed method outperforms the bank’s current approach in
terms of a fair measure of performance [ Jullum et, al, 2020].

- Premkumar Borugadda et, al, at 2021, investigated the demand for
the adoption of telemarketing practices for promoting long-term
bank deposits to potential bank customers. Explored the demand for
long-term bank deposits by employing various machine learning
algorithms like Random Forest (RF). The dataset related to direct
marketing campaigns (phone calls) of a Portuguese banking
institution was considered for analysis. The results of the study also
provided insightful information to banks for making telemarketing
policy decisions in the success of bank deposits to their existing and
prospective bank customers [Borugadda et, al, 2021].

- Bluwstein et, al, at 2021, developed early warning models for
financial crisis prediction by applying machine learning techniques
to macro financial data for 17 countries over 1870-2016. Most
nonlinear machine learning models outperform logistic regression in
out-of-sample predictions and forecasting. They identified economic
drivers of the developed machine learning models using a nevel
proposed framework based on Shapley values, uncovering nonlinear
relationships between the predictors and crisis risk. Throughout, the
most important predictors are credit growth and the slope of the yield
curve, both domestically and globally. A flat or inverted yield curve
is of most concern when nominal interest rates are low and credit
growth is high [Bluwstein et, al, 2021].
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David Mhlanga et, al, at 2021, discovered that artificial intelligence
and machine learning have a strong impact on credit risk
assessments using alternative data sources such as public data to deal
with the problems of information asymmetry, adverse selection, and
moral hazard. This allows lenders to do serious credit risk analysis,
to assess the behaviour of the customer, and subsequently to verify
the ability of the clients to repay the loans, permitting less privileged
people to access credit. Therefore, this study recommended that
financial institutions such as banks and credit lending institutions
invest more in artificial intelligence and machine learning to ensure
that financially excluded households can obtain credit [Mhlanga et,
al, 2021].

Moscato et, al, at 2020, proposed a benchmarking study of some of
the most used credit risk scoring models to predict if a loan will be
repaid in a P2P platform. They dealt with a class imbalance problem
and leverage several classifiers among the most used in the
literature, which are based on different sampling techniques. A real
social lending platform (Lending Club) data-set, composed by
877,956 samples, has been used to perform the experimental
analysis considering different evaluation metrics (i.e., AUC,
Sensitivity, Specificity), also comparing the obtained outcomes with
respect to the state-of-the-art approaches. Finally, the three best
approaches have also been evaluated in terms of their explainability
by means of different eXplainable Artificial Intelligence (XAl) tools
[Moscato et, al, 2020].

Uthayakumar, et, al, at 2020, presented a cluster-based
classification model, comprises of two stages: improved K-means
clustering and a ftness-scaling chaotic genetic ant colony algorithm
(FSCGACA) based classifcation model. In the frst stage, an
improved K-means algorithm was devised to eliminate the wrongly
clustered data. Then, a rule-based model was selected to design to ft
the given dataset. At the end, FSCGACA was employed for seeking
the optimal parameters of the rule-based model. The proposed
algorithm was employed to a collection of three benchmark dataset
which include qualitative bankruptcy dataset. A detailed statistical
analysis of the dataset was also given. The results analysis ensured
that the presented FCP model was superior to other classification
model based on the different measures and also found to be more
appropriate for diverse dataset [Uthayakumar, et, al, 2020].
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Deepak Kikan, et, al, at 2019, analyzed the critical factors that are
causing Banking and Financial Services sector adoption to be slower
than the other industries and suggest drivers to improve the adoption
thus support it in fighting financial frauds through Predictive
Analytics and safeguarding itself and its customers’ interest. This
paper was also discussed various areas of Predictive Analytics being
used by Banking and Financial Services companies to detect
financial frauds. It helped in setting the base for Banking and
Financial Services institutions to understand their potential and as
well as help them adopt Predictive Analytics [Kikan, et, al, 2019].
Broby et, al, at 2022, presented a method-based focused on the
predictive analytics domain. The study comprehensively covered
classification, regression, clustering, association and time series
models. It expands existing explanatory statistical modelling into the
realm of computational modelling. The methods explored enable the
prediction of the future through the analysis of financial time series
and cross-sectional data that is collected, stored and processed in
Information Systems. The output of such models allows financial
managers and risk oversight professionals to achieve better
outcomes. This review brings the various predictive analytic
methods in finance together under one domain [Broby et, al, 2022].
Journal, I. J. C. S. M. C. 2019, propose a data mining approach to
predict the success of telemarketing. We are applying the algorithms
for the first time on the dataset. The dataset obtained from UCI,
which contain the most common machine learning datasets. The data
is related to direct marketing campaigns of a Portuguese banking
institution. The marketing campaigns were based on phone calls.
Often, more than one contact to the same client was required, in
order to access if the product (bank term deposit) would be (‘yes') or
not ('no') subscribed. The number of the instance is 45212 with 15
input variables and the output variable. Classification is a data
mining technique used to predict group membership for a data
instance. we present the comparison of different classification
techniques in open-source data mining software which consists of a
One-R algorithm methods and Naive-Bayes algorithm The
experiment results show is a bout classification sensitivity,
specificity, accuracy. The results on bank marketing data discovered
that the One-R algorithm is better in classifying the data comparing
with the Naive-Bayes algorithm; where the error rate is lower
[Journal, 1. J. C. S. M. C,, 2019].
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Oni, J. 0. 2020, the resampling technique was used to deal with the
iImbalance dataset and three classifiers were applied; Logistic
regression, Support vector machine, and K-nearest neighbor were
used to achieve the set objective. Comparative analysis was
performed using correlation heatmap to identify the main factors that
can increase customer subscriptions to a term deposit. The outcome
shows that ‘Duration’ is the main factor that can increase customer
subscriptions in the bank. two experiments were performed in this
study. Of all the algorithms used in this work, KNN has the best
performance with the accuracy of 91.8% in the first experiment and
91.7% in the second experiment as compared to the Support vector
machine and Logistic regression [Oni, J. O. 2020].

Patwary et, al, at 2021, performance of the three mostly used
classification algorithms named Support Vector Machine (SVM),
Neural Network (NN), and Naive Bayes (NB) are analyzed. Then
the ability of ensemble methods to improve the efficiency of basic
classification algorithms is investigated and experimentally
demonstrated. Experimental results exhibit that the performance
metrics of Neural Network (Bagging) is higher than other ensemble
methods. Its accuracy, sensitivity, and specificity are 96.62%,
97.14%, and 99.08%, respectively. Although all input attributes are
considered in the classification method, in the end, a descriptive
analysis has shown that some input attributes have more importance
for this classification. Overall, it is shown that ensemble methods
outperformed the traditional algorithms in this domain. We believe
our contribution can be used as a depositor prediction system to
provide additional support for bank deposit prediction [Patwary et,
al, 2021].

Kinga Wtodarczyk & Kingsley Success Ikani, 2020 analyzed data
from the UCI Machine Learning Repository called Bank Marketing
Data Set. The data is related with direct marketing campaigns of a
Portuguese banking institution. The marketing campaigns were
based on phone calls. Often, more than one contact to the same client
was required, in order to access if the product (bank term deposit)
would be (’yes’) or not (’no’) subscribed. There were available four
datasets, we chose bank-full.csv data set, which contains all
examples for older version this data set [Kinga Wlodarczyk &
Kingsley Success Ikani, 2020].

Chol, Y., & Choi, J. 2022, using a machine learning technique on the
dataset of direct marketing campaigns of a Portuguese banking
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institution which is obtained from the UC Irvine Machine Learning
Repository. Based on these results, first, among all variables, age,
balance, loan, day, duration, campaign, pdays, and poutcome
influence the success of bank telemarketing, while job, martial,
education, default, housing, contact, month, and previous have no
significance. Second, for the full model, the accuracy rate is 0.784,
which implies that the error rate is 0.216. Among the patients who
predicted not to have the success of bank telemarketing, the accuracy
that would not have the success of bank telemarketing was 75.63%,
and the accuracy that had the success of bank telemarketing was
82.61% among the patients predicted to have the success of bank

telemarketing [Choi, Y., & Choi, J. 2022].
Table (1.1) presents a summary of the stated related works.

Table (1.1) related works summary

Ref. The used Goal Problem The used Results

No, algorithm Dataset

Year

2022 | Decisiontree | This paper intends | combined impact of | Banking Dataset - | decision tree (DT)
to understand the | the variables on the | Marketing accuracy 0.784
antecedents in the | success of bank | Targets
success of bank | telemarketing
telemarketing modeling
prediction

2021 | NN, SVM, NB | study the | Then the ability of | Banking Dataset - | NN Accuracy 94.8684
performance of | ensemble methods | Marketing SVM Accuracy 89.8031
ensemble learning | to improve the | Targets NB Accuracy 88.3294
algorithms which is | efficiency of basic
a novel approach to | classification
predict whether a | algorithms is
new customer will | investigated  and
have a term deposit | experimentally
or not. demonstrated

2021 | Random Forest | investigate the | long-term bank | UCI direct | The logistic regression

(RF), Support | demand for the | deposits marketing model gave better results
Vector adoption of campaigns (phone | with 92.72 accuracies and
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Machine telemarketing calls) of a|9362 AUROC Score
(SVM), practices for Portuguese among  five models
Gaussian promoting  long- banking compared to other models.
Naive Bayes | term bank deposits institution So, choose a
(GNB), to potential bank logistic regression model
Decision Tree | customers. for deployment in real-time
(DT), and applications.
Logistic
Regression
(LR)
2021 | logistic early warning | the prediction of | macroeconomic Accuracy of 2004 to 2016
regression, models for financial | crises as a | dataset covering | Forecasting period of
SVM, Neural | crisis prediction by | classification 17 countries | logistic is 0.867, SVM is
network applying machine between 1870 and | 0.867, Neural is 0.872
learning techniques 2016
2021 | Machine In  banking and | the UCI repository financial
learning and Al | finance, credit risk | creditworthiness of institutions such as banks
frameworks is among the | the previously and credit lending
important topics excluded institutions invest more in
individuals artificial intelligence and
allowing them to machine learning to ensure
also access credit. that financially excluded
households can obtain
credit.
2021 | Logistic A benchmark of | Credit risk | Lending clubs | Classification results
regression machine learning | assessment dataset (Under-Sampling
Random forest | approaches for approach) of  Logistic
Multi-layer credit score regression 0.65
perceptron prediction Random forest is 0.64
Multi-layer perceptron is
0.73
2020 | KNN, linear | in order to access if | The efficiency of | Banking Dataset - | KNN is Accuracy 0.88

model, logistic

model

the product (bank
term deposit)

would be ("yes’) or
not ("’no’)

subscribed.

banks and the
safety of depositors
in the banking

industry

Marketing
Targets

Linear Accuracy 0.89
Logistic Accuracy 0.89




Chapter One General Introduction

2020 | Logistic The primary | The endpoint of the | A bank- | Logistic Regression
Regression, objective of the | campaign be it in | additional-full Accuracy 0.848
KNN, SVM video content | any form is to meet SVM Accuracy 0.856
campaigns is to | the targeted needs KNN Accuracy 0.917
ensure that the | of the customers
customers thereby satisfying
understand the | the customers
products offered by
the bank
2020 | Classification | predict the credit | unprecedented dataset of the | Classification and
and Regression | ratings  for  the | innovations  and | macro and bank | Regression Trees
Trees (CART) | banksin GCC improvements for | 2010 to 2018 (CART) is accuracy 0.86
the financial
sector
2020 | XGBoost develop, describe | large data sets and | Norway’s largest | Proportion of  positive
and validate a | increase training | bank, DNB predictions (PPP) is 0.8
machine learning | time and true positive rate
model for (TPR) is 0.95
prioritising  which
financial
transactions
2020 | decision tree | Predicting  Bank | The efficiency of | bank branches in | decision tree (DT)
(DT), Random | Operation banks and the | Ghana (DMUs) accuracy is 100% of 30
Forest, Neural safety of depositors samples.
network in the banking , Random forest accuracy
industry is 98.5, Neural network
accuracy is 86.6%.
2019 | NB, One-R Often, more than | The efficiency of | Banking Dataset - | NB Accuracy 88.4541
one contact to . .
the same client was banks and the | Marketing One-R Algorithm 89.3875
required, in order to | safety of depositors | Targets
access if  the in the bankin
product (bank term 9
deposit) would be | industry
(‘yes') or not
('no") subscribe
2019 | C.45 algorithm | classify the quality | Quality of Small dataset C.45 accuracy is 77.78%
. . . from Bank BTN
(decision tree | of customer service | Custumer Service p .
ematangsiantar
DT) at Bank BTN in  Bank BTN Branch
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Pematangsiantar

Pematangsiantar

Branch. Branch
2019 | Classification | Predictive credit scoring risk | Banking services | Channel used for banking
bank operation | Analytics Adoption | analysis, customer | from HDFC | and financial
framework by Banking and retention, Bank, ICICI | services used by the
Financial Services | operational Bank, State Bank | customers
decisions, of India (or other Answer Use services
investment state online / over internet Count
decisions, banks),  Punjab | 69, Percent is 31.65%
operations National Bank, | Use services at a Branch
optimization, and | etc. Count 54, Percent is
fraud 24.77%.
prevention.
2018 | K-means develop an efficient | Financial crisis | qualitative the proposed
clustering and | prediction  model | prediction bankruptcy model attains the
a fitness- | for better dataset, Weislaw | maximum accuracy of
scaling classification dataset and Polish | 97.93.
chaotic genetic | performance dataset.
ant colony | and adaptable to
algorithm diverse dataset.
(FSCGACA)
1.5 Thesis Outline
The thesis is organized into five chapters
¢ In addition to chapter one, Chapter Two: includes a

comprehensive description of the main banking concepts, and
preprocessing techniques that included both the handling of missing
values and normalization process, in addition, this chapter included
the methods used to features selection to reduce data dimensions, the
machine learning algorithms, the proposed prediction model, and the
evaluation methods used.
¢ Chapter Three: This chapter describes the proposed system. In this
chapter, the preprocessing stages are explained, and the following
stages select important features in the dataset (features selection) and
prediction.

11
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¢ Chapter Four: The fourth chapter explains and discusses the
implementation the proposed system on the dataset, and illustrates
of the experimental results obtained after applying the proposed
model.

¢ Chapter Five: The fifth chapter represents the most important
conclusions this study reached based on the results of the thesis. In
addition to that, this chapter highlights possible future works.
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Chapter Two
Theoretical Background

2.1 Introduction

This chapter displays some definition of the predictive modeling
approaches for banking operations. It also states the background for the
applications, some banking operations and models.

2.2 Predictive Modeling

Predictive Modeling is a machine learning technique that would
work best to predict the future outcomes. It represents a statistical method
to analyze the patterns of the data to estimate future outcomes or events.
Predictive Modeling can be considered as an essential feature of predictive
analytics [Niemann, et, al, 2008]. Selecting the greatest predictive analytics
tools in creating informed decisions needs choosing which predictive data
modeling methods are perfect for banking.

Predictive modeling techniques are utilizing the available data to
form a model that can be used in predicting consequences for new
generated data. Applying such procedures enables banking managers in
optimizing their decision-making and in making new understandings for
more actual and effective commercial actions [Kumar, V., & Garg, M. L.
2018].

Predictive modeling comprises generating a model that yields the
probability of the resulted outcomes based on the input parameters as a
current state value. Predicting customer behavior is one of the most
important contexts in banking operations. Availability of the past customer
activity data can be used to build a suitable predictive model to capture the
greatest influence features on next future client activity [Ashraf, et, al,
2019].

2.2.1 Predictive Modeling Advantages

Predictive models having various advantages in banking operations
[lan H. Witten, et, al, 2017]:

. Offer a technique to gain a reasonable advantage.
« Get an enriched understanding of the customer demands.
« Evaluate and moderate the financial threats.
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« Improve the current products to increase its revenue.

« Reduce the time required to predict the consequences.

« Expect most of the outside components that may have an influence
on the service efficiency.

Most of these predictive models are working rapidly and may perform their
operations in real time. This is the reason behind using it in calculating the
danger of an online mortgage or credit card application in banks and
retailers. Banks are utilizing these prediction models to appraisal
borrowers’ credit scores to confirm reliability, previous defaults and
background. It can benefit in predicting the probabilities of
misrepresentation, fraud, and dangers involved with a specific customer
[Pang-Ning Tan, et, al, 2021].

2.2.2 Predictive Modeling Steps
Predictive modeling process concerning many steps. These steps are [
lan H. Witten, et, al, 2017]:
Recognizing the bank process aims.
Describe the Modeling process goals.
Collect the suitable Data.
Arrange and analyze the collected Data.
Examine and Convert Variables and perform Sampling.
Select suitable Models.
Confirm Models (Testing process), Optimize.
Implementation, Monitoring and Performance measures.

NGOk

2.2.3 Predictive analytics

Predictive analytics means Predictive modeling. Predictive
modeling is preferred in academic sites, while “predictive analytics™ is the
favored word for banking applications. It can support financial
organizations for recognizing unexpected prospects, optimizing their
commercial methods, knowing consumer behavior, and helps in stopping
problem before its happened [Martens, et, al, 2016].

“Predictive analytics” is a traditional case of business intelligence
(B1) technologies that exposes associations and shapes within data that can
be used to forecast performance and actions. Figure (2.1) represents a
description for the process of predictive analytics. Traditional Bl represents
a descriptive model to achieve data analytics process taking place by data
collection, organizing report, execution a data analysis step and observing
commercial activity. Predictive analytics is performed by looking forward
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with the previous actions to expect the upcoming [lan H. Witten, et, al,
2017]. Predictive analytics approaches can reply what is expecting to occur
in future?

TIME
m

tappenicgy | | * Vet el
* Business ‘ Wapposing happen in
now?
problem and future?
opportunities \
_—

Figure (2.1) Predictive analytic method [lan H. Witten, et, al, 2017]

Figure (2.2) represents a situation for predictive analytics in data science.
Scientists recognize commercial objectives based on consideration of data
from numerous bases. Predictors make data preparation desirable and
constructing predictive analytics. Further state is to assess the model until
receiving the suitable model to be formed [Kuhn, M., & Johnson, K. 2013].

o Understandin, X
Identifying | Dt fn g \V
business goals |« R

Figure (2.2) Predictive analytics in data science [Kuhn, M., & Johnson,
K. 2013]
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Models can be proposed to determine relations between various
performance issues. Figure (2.3). Presents these Predictive Modeling
possibilities. Following are some algorithms concerning the predictive
modeling process [Pang-Ning Tan, et, al, 2021]:

1) Classification: algorithms of Classification is one task of the data
mining to predict the value variable (categorical) by constructing a
model.

2) Regression: another task of the data mining is a Regression. It can
be used in predicting the value of a numerical variable by
constructing a model based on numerical or categorical variables.
Regression models is suitable for expecting the outcome which may
be continuous.

3) Clustering: A similar data can be collected in a set called cluster.
Clustering is the method of isolating a dataset into sets.

4) Association rules: A machine learning approach to find certain
relations between variables is known as association Rules. It is
selected to identify robust rules exposed in databases using some
special methods.

An expression X1 — Y1 is an association rule, where X1 and Y1 are sets
of objects. The intuitive sense of such a rule is that relations of the database
which comprise X1 tend to enclose Y1 [Pang-Ning Tan, et, al, 2021].

‘ Predictive Modeling J

— ! ! l
' Classification ’ ‘ Regression ‘ [ Clustering ’ ‘ DO
. J 1 5 Rules
S T
; ~ ; 3 ; ~
/ * Frequency Table \ [/ * Frequency Table [+ Hirarchical
v ZeroR v" Decision Tree v' Agglomerative
v OneR * Covariance Matrix v Divisive
v Naive Bayesian v Multiple Linier * Partitive
v Decision Tree Regression v' K-Means
Covariance Matrix * Similarity Functions v" Self Organizing
V" Linier Discriminant v" K Nearest \ Map k -
Analysis Neighbors N
v Logistic * Others
Regression v' Attificial Neural
Similarity Functions Network
v K Nearest v Support Vector
Neighbors \ Machine /
Others N -
v' Attificial Neural
Network
v Support Vector
Machine

Figure (2.3) Predictive Modeling possibilities [Pang-Ning Tan, et, al, 2021]
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2.2.4 Predictive Modeling Limitations

The most indicated limitations in the predictive modeling process are
[Pang-Ning Tan, et, al, 2021]:

1. Data Labeling Errors: To overcome the data labeling errors,
generative adversarial networks or reinforcement learning can be
used.

2. Train the machine learning tool by a shortage of massive
datasets: there is a possibility to repair a small dataset to train the
model rather than a massive dataset.

3. The inability to explain the processes: computers are not like
humans, cannot “learn”, or “think”. Computations are also being
complex that humans cannot follow logically. Valid model is
essential.

4. Learning Generalizability: Computers have trouble carrying what
they’ve educated forward. They have concern in using what they’ve
learned to a new set of situations.

5. Data and algorithms Bias: outcomes can be skewed and lead to
human’s mistreatment. Biases may tend to self-perpetuate.

2.2.5 Predictive Model Selection

Predictive modeling is the method of getting known outcomes and creating
a model that can expect values for new events. It uses past data to forecast
future actions. There are many dissimilar forms of predictive modeling
methods containing linear regression (ordinary least squares), Analysis of
Variance (ANOVA), logistic or ridge regression, neural networks, time
series, decision trees, and so on [Kuhn, M., & Johnson, K. 2013]. Choosing
the accurate predictive modeling method at the beginning of a task can save
time. Selecting the improper modeling technique can end in imprecise
predictions and residual plots that knowledge non-constant adjustment.
After defining the variables, several types of models can be formed. The
greatest common ones for predicting consumer performance are: decision
trees and logistic regression. Decision trees utilizes graph or typical
decisions to define the conditional probability of a consequence [lan H.
Witten, et, al, 2017].

Logistic regression model can be created to predict the probability of
occurrence of an event. Commonly used metrics are Cumulative Gains
Chart, Lift Chart, and Receiver Operating Characteristics (ROC) curve. All
of these provide metrics by trading off desirable outcomes. These metrics
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can be obtained by implementing the model on the training data set [Pang-
Ning Tan, et, al, 2021].

2.2.6 Predictive model Creation

To create or improve a predictive model, experts or analysts create
standard predictive algorithms with statistical models, train them using
subsets of the data, and implement them against the entire data set. To
create a suitable predictive model [Kuhn, M., & Johnson, K. 2013]:

. Data Collection process

. Data preprocessing (cleaning)

« Perform an Exploratory Data Analysis (EDA)
« Predictive Model Development

« Model Evaluation

« Predictive Model Implementation

« Model Tracking (Check its performance)

2.2.7 Business requirements.

The essential general steps to perform any business requirements are [
Gavurova, et, al, 2017]:

¢ Identify and explore data relevant to the analysis.

e Clean the data and remove any unwanted or redundant data.

e Perform EDA on clean data and build a suitable predictive model
using statistical data modeling techniques.

e Validate your model's accuracy and deploy it once the validation is
successful.

e Monitor your model regularly to optimize its performance.
Figure (2.4) Collects more of these steps.
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Monitoring
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Figure (2.4) Business requirements steps [Kuhn, M., & Johnson, K. 2013]

2.3 Data preprocessing
Data preprocessing methods are important to prepare the dataset. In

general, all of these methods fall into two categories: selecting data objects
and attributes for the analysis or creating/changing the attributes [P. Tang,
M. Steinbach, and V. Kumar.,2006]. These methods include several
strategies for handling dataset issues such as noise, missing values, and
inconsistent data.
In all cases, the goals of preprocessing are [A. Jovi¢, et, al, 2015]:

v Reducing the dataset size to achieve a more efficient

analysis concerning time, cost, and quality.
v Adapting the dataset to best suit the selected analysis

method.
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Today's real-world databases are highly vulnerable to missing and
cluttered data because of their huge volume and the origin of this data is
likely to be from multiple heterogeneous sources. Low quality data will
lead to lower quality mining results. Data preprocessing helps improve data
quality and thus improves the efficiency and ease of the mining process.
Data preprocessing is an important step in the data mining process and data
collection methods are often controlled loosely, resulting in out-of-band
values, or missing values. Analyzing data that has not been carefully
examined to address these problems can lead to illogical and misleading
results [M. Toloo, et, al, 2008]:

There are many data pre-processing techniques, including data
cleaning which can be applied to remove inconsistencies in the data and
remove noise. Data integration is where data from multiple sources are
combined into a cohesive data store. Data reduction can reduce data size
through aggregation and deletion of redundant features. Normalization can
be applied where data is scaled to fall within a smaller range (0.0 and 1.0).
Thus, the accuracy and efficiency of mining can be improved, and the
missing values can be estimated [M. Toloo, et, al, 2008]:

After applying the pre-processing of the data and obtaining the
appropriate results, the final obtained data set can be considered as a
reliable source and can be used in any algorithm that is applied to extract
the features [ M. Toloo, et, al, 2008]: Table (2.1) shows the different stages
of data pre-processing.

Table (2.1) Methods for Pre-processing the Data [ M. Toloo, et, al, 2008]:

Data Cleaning Data Transformation =~ Data Reduction
1-Missing Data 1- Normalization 1-Data Cube Aggregation
a- Ignore the tuple  2- Attribute selection  2- Attribute subset
b- Fill the missing  3- Discretization selection
value 4- Concept hierarchy  3- Numerosity Reduction
2- Noisy Data Generation 4-Dimensionality
a- Regression Reduction

b- Clustering
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2.3.1 Handling Missing Values

Usually, some objects missing one or more attribute values. These
missing values can adversely affect the performance of prediction models.
In [P. Tang, et, al, 2006], several strategies for handling missing values are
discussed such as:

e Ignoring missing values during analysis.

e Eliminating data objects.

e Estimating missing values.
If the attribute contains small and widely scattered missing values, then the
estimation method can be used. The missing values can be evaluated by
using the residual values. If the predictor is categorical, the most occurring
predictor value can be taken [Martens, et, al, 2016]. On the other side, if
the predictor is continuous, the average predictor value of the closest
neighbors is used [S. Wang and W. Shi 2012].

2.3.2 Data Normalization

The unit of measure used may affect the analysis of the data and in
many cases this data is in a format that is not suitable for use by data mining
techniques. So, the data is normalized by converting the raw data values
into another form with properties that fit the model used. Normalization
aims to ensure that all features are in the same unit of measurement [L. Al
Shalabi and Z. Shaaban 2006], i.e., between [0 ,1] or between [1, -1].
Therefore, it is used to avoid the difference between the influence of small
values and large values that dominate the results. In general, normalization
methods are applied to the data to reduce the error and increase the
accuracy of the model used. Many methods are found for data
normalization such as min-max, and z-score normalization [P. Tang, M.

Steinbach, and V. Kumar.,2006]. standardization, also known as z-score
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normalization, is an algorithm used to standardize or normalize a dataset
by transforming it into a standard normal distribution. The z-score
normalization algorithm calculates the z-score for each data point,
representing the number of standard deviations away from the mean. The
formula to calculate the z-score for a data point, given a dataset with mean

u and standard deviation o, is as follows [Giordana, et, al, 2017]:

Where:

X is the data point

u is the mean of the dataset

o 1s the standard deviation of the dataset

The resulting z-score indicates how many standard deviations a particular
data point is away from the mean. If the z-score is positive, the data point
Is above the mean, while a negative z-score indicates it is below the mean
[Alcalde, et, al, 2022].

2.3.3 Handling Imbalanced Data

In banking operations, it is common to have imbalanced datasets,
where the occurrence of certain events or classes is significantly higher or
lower than others. Techniques such as oversampling (e.g., SMOTE) or
under sampling (e.g., Random Under Sampler) can be used to address class
imbalance issues and improve the predictive performance. SMOTE
(Synthetic Minority Over-sampling Technique) is an algorithm used for
imbalanced learning in machine learning. It is specifically designed to
address the problem of imbalanced class distribution, where one class has
significantly fewer instances compared to the other(s).

In imbalanced datasets, traditional machine learning algorithms may
struggle to effectively learn the minority class, resulting in biased
predictions and poor performance. SMOTE helps to alleviate this issue by
generating synthetic examples of the minority class, effectively
oversampling it and balancing the dataset [lan H. Witten, et, al, 2017].

Here are the steps to implement the SMOTE algorithm:
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Identify the minority class: Determine which class in your dataset
Is the minority class that you want to oversample.

Calculate the imbalance ratio: Compute the ratio of the number
of majority class samples to the number of minority class
samples. This will help determine the amount of oversampling
required.

Determine the number of synthetic samples to generate: Decide
on the number of synthetic samples you want to generate to
balance the dataset. This can be based on a fixed ratio or a
specific number of samples.

Identify the k nearest neighbors: For each minority class instance,
find its k nearest neighbors from the minority class instances.
Typically, Euclidean distance is used as the distance metric, but
other metrics can also be used.

Generate synthetic samples: For each minority class instance,
select k nearest neighbors randomly, and create synthetic samples
by interpolating between the minority instance and its neighbors.
This is done by randomly selecting a value between 0 and 1 and
multiplying it by the difference between the feature values of the
instance and its neighbor. Add this difference to the minority
instance to create a synthetic sample.

Repeat the previous step until the desired number of synthetic
samples is generated.

Combine the original and synthetic samples: Combine the
original minority class instances with the synthetic samples to
create a balanced dataset.

Here's a simplified example to illustrate the SMOTE algorithm:

Let's say we have a binary classification problem with two classes: Class
A (minority) and Class B (majority). We have 100 instances in Class A and
1000 instances in Class B, resulting in an imbalance ratio of 10:1.

To balance the dataset, we decide to generate synthetic samples for Class
A until it matches the size of Class B (1000 instances).

>
>

>

Identify the minority class: Class A is the minority class.
Calculate the imbalance ratio: 10:1 (Class B instances: Class A
instances).

Determine the number of synthetic samples to generate: We need
to generate 900 synthetic samples for Class A to match the size
of Class B.
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>

>

Identify the k nearest neighbors: Let's set k = 5. For each instance
in Class A, find its 5 nearest neighbors from Class A.

Generate synthetic samples: For each instance in Class A,
randomly select 5 nearest neighbors and create synthetic samples
by interpolating between the instance and its neighbors.

Repeat step 5 until 900 synthetic samples are generated.
Combine the original and synthetic samples: Combine the
original 100 instances of Class A with the 900 synthetic samples
to create a balanced dataset with 1000 instances of each class.
This is a simplified explanation of the SMOTE algorithm. There
are variations and improvements to SMOTE, such as Borderline-
SMOTE and SMOTE-ENN, which address specific challenges in
Imbalanced datasets.

2.3.4 Handling Categorical Variables

Banking data often contains categorical variables such as account types,
transaction types, or customer segments. These variables need to be

encoded

into numerical values for modeling purposes. Common

techniques include one-hot encoding, label encoding, or target encoding,
depending on the nature and cardinality of the categorical variables [Pang-
Ning Tan, et, al, 2021]. In this thesis will be use his method Nominal to
(Numeric or Binary).

+» Nominal to Binary: The proposed system used this method to
convert nominal attribute values into binary state. In this
methodology, the used system is based on converting nominal
(string values) in attribute big dataset into binary data as (0, 1) as it
is optimal to use in the proposed machine learning algorithm to
increase accuracy of prediction [Pang-Ning Tan, et, al, 2021].

«* Nominal to Numeric: It used to convert nominal values in dataset
into numeric values [Pang-Ning Tan, et, al, 2021].

2.4 Data Reduction.

Data reduction in banking refers to the process of reducing the size

and complexity of large datasets while preserving essential information.

This is often done to improve data processing efficiency, reduce storage
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requirements, and enhance data analysis capabilities. Therefore, two
processes will be used of reducing features in banking operations for this

thesis.
2.4.1 Ranking Correlation

Ranking correlation algorithms are statistical techniques used to
measure the similarity or agreement between two rankings or orders of
items. These algorithms assess how well the relative ordering of items in
one ranking match or correlates with the relative ordering in another
ranking. Ranking correlation coefficients provide a measure of the strength
and direction of this agreement [M. Toloo, et, al, 2008]. The correlation
algorithm, also known as correlation analysis, 1s a statistical technique used
to measure the strength and direction of the relationship between two or
more variables. It assesses how changes in one variable are associated with
changes in another variable. The correlation coefficient is the main output
of this algorithm, which quantifies the degree of association between
variables. The most commonly used correlation coefficient is the Pearson
correlation coefficient (r), which measures the linear relationship between
two continuous variables. It ranges from -1 to +1, where [Pang-Ning Tan,

et, al, 2021]:

« A correlation coefficient of +1 indicates a perfect positive linear
relationship, meaning that as one variable increases, the other

variable also increases proportionally.

« A correlation coefficient of -1 indicates a perfect negative linear
relationship, meaning that as one variable increases, the other

variable decreases proportionally.

o A correlation coefficient of 0 indicates no linear relationship

between the variables.
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The correlation coefficient is calculated using the following formula:

, _Cx-—n*0-¥)
(n*ox * ay)

Where:

x and y are the individual data points of the two variables being

analyzed.
o X and y are the means of the x and y variables, respectively.

« ox and oy are the standard deviations of the x and y variables,

respectively.
« nis the number of data points.

Once the correlation coefficient is calculated, it can be interpreted to
determine the strength and direction of the relationship between the
variables. Other correlation coefficients, such as Spearman's rank
correlation coefficient and Kendall's rank correlation coefficient, can be
used for variables that are not normally distributed or are measured on an
ordinal scale. Correlation analysis is commonly used in various fields,
including finance, social sciences, marketing, and data analysis, to
understand the relationships between variables, identify patterns, and make
predictions. It is important to note that correlation does not imply
causation, and additional analysis and domain knowledge are often
required to establish causal relationships between variables [Pang-Ning

Tan, et, al, 2021].
2.4.2 Feature selection

Feature selection is an important step in predictive modeling that
involves choosing the most relevant and informative features from a

dataset to build an accurate and efficient model. In the context of improving
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banking operations through predictive modeling, feature selection can help
identify the key variables that have the most significant impact on the
desired outcomes or performance measures. Here is an approach for feature
selection in the context of banking operations. Select feature selection
methods: There are various feature selection techniques you can use,
depending on the nature of your data and the objective. Some common
methods include [Pang-Ning Tan, 2021]:

+ Univariate feature selection: This method involves evaluating each
feature independently based on statistical measures such as ranking
correlation, chi-squared test, ANOVA, or mutual information.
Features with the highest scores are selected. In this thesis | will use
his method ranking correlation.

% Recursive feature elimination: This method uses an iterative process

L)

to recursively eliminate less important features based on the model's
performance. It starts with all features and progressively removes
the least significant ones until a desired number of features remains.

L)

% Tree-based feature importance: Tree-based algorithms (e.g.,

D)

Decision Tree) can provide feature importance scores based on the
number of times a feature is used to split the data across multiple

trees. Features with higher importance are considered more relevant.

L)

% Domain knowledge: Consider expert knowledge in the banking
domain to identify features that are likely to have a significant
impact on the desired outcome.

2.5 Predictive modeling Algorithms

Banks play a critical role in the financial sector, providing various
services to individuals and businesses. As technology continues to
advance, banks are increasingly leveraging predictive modeling
approaches to enhance their operations and improve overall efficiency.
Predictive modeling involves using historical data and statistical
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techniques to make predictions or forecast future outcomes [Pang-Ning
Tan, 2021]. By applying predictive modeling techniques to banking
operations, banks can gain valuable insights, optimize processes, and
deliver better services to their customers. To perform a predictive modeling
approach, four prediction models are utilized in this thesis (Naive bayes,
Decision tree, KNN and Logistic).

2.5.1 Naive Bayes

Naive Bayes [S. Jiang, 2014] is a direct and powerful classifier that
uses the Bayes theorem. It predicts the probability that a given record or
data point belongs to a particular class. The class with the highest
probability is considered to be the most likely class. This algorithm
assumes that all features are independent and unrelated. The Naive Bayes
model is simple and easy to build and particularly useful for large data sets.
This model is known to outperform even highly sophisticated classification
methods.

Naive Bayes (NB) [A. Jovi¢, 2015] is one of the most popular
classifiers that is used in the banking sector for classification. Naive Bayes
is a classifier that performs probabilistic prediction and predicts
probabilities of class membership. Naive Bayes classifier, also known as a
statistical classifier, is based on Bayes Theorem with independent
assumptions between the predictors [Junqué de Fortuny, 2013].

The Bayes Theorem is:

h)*p(h
p(h\x) = % ............ 2.3)

Were,

P(x) = Prior probability of x.

P(h) = Prior probability of h.

P (h\ x) = Posterior probability of h condition on x.
P(x\h) = Posterior probability of x condition on h.

Naive Bayes used for classification tasks, including banking applications.
Here are the steps involved in the Naive Bayes algorithm:

Step 1: Data Preparation

28



Chapter Two Theoretical Background

« Collect a dataset that includes labeled examples of banking
transactions or customer data.

« Preprocess the data by cleaning, normalizing, and transforming it
into a suitable format for the algorithm.

. Split the dataset into a training set and a test set.

Step 2: Calculate Class Priors

« Calculate the prior probability of each class in the training set.

« The prior probability of a class is the proportion of instances in the
training set that belong to that class.

Step 3: Calculate Likelihoods

« Foreach feature and each class, calculate the likelihood of observing
a particular value of the feature given the class.

« Depending on the type of feature, different techniques can be used.
For categorical features, you can calculate the probabilities directly.
For continuous features, you can assume a probability distribution
(e.g., Gaussian) and estimate the parameters (mean and variance)
from the training data.

Step 4: Make Predictions

. Given a new instance (e.g., a new banking transaction or customer
data), calculate the posterior probability of each class using Bayes'
theorem.

« The posterior probability of a class given an instance is proportional
to the product of the prior probability of the class and the likelihood
of the instance given the class.

« The class with the highest posterior probability is predicted as the
output for the new instance.

Step 5: Evaluate Model Performance

« Use the test set to evaluate the performance of the Naive Bayes
model.

« Calculate metrics such as accuracy, precision, recall, and F1 score
to assess the model's effectiveness in classifying banking instances.
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Finally, you would evaluate the model's performance using the test set,
comparing the predicted labels with the true labels. This evaluation would
help you understand how well the Naive Bayes algorithm is performing for
the specific banking application.

Remember that Naive Bayes is a simple and fast algorithm but assumes
independence between features, which may not always hold in real-world
scenarios. Nonetheless, it can still be effective for many classification
tasks, including banking applications.

2.5.2 Decision Tree

DT is commonly classification technique, which depends on
creation a structure as tree with each branch representing an association
between the values of feature and a class label [lan H. Witten, 2017]. The
results are very interpretable because DT generates rules, which easy to
understand, but the outcomes have been represented in categorical data.
Hence, DT is less efficient for prediction when the features are numerical
[Kuhn, M., & Johnson, K. 2013].

The most famous typical amongst DTs is the C4.5 tree [Pang-Ning

Tan, 2021]. The mechanism of C4.5 tree is done by recursively partitioning
the training dataset according to tests on the possible feature values in
separating the classes. The most important question is how can select the
most important features first? Entropy or IG is used to select the most
important features, which is automatically considered feature of the lowest
entropy or of the highest IG.

Decision tree is a common and popular data mining technique that
uses the tree hierarchy for data classification and rule inductions. The
internal nodes of the tree represent the attributes’ tests, the branches hold
the resulted tests’ values, and the leaf nodes represent the class labels for
the decision attributes. For new object classification, a path for the attribute
values of that object is examined according to the decision tree nodes and
branches, starting from the root node till reach to the leaf node that holds
the class label, such class label is considered as the class prediction for the
new object [Sravani, K., & Mahaveerakannan, R. 2023].

Despite the decision tree classification is widely used, and many
decision algorithms are developed in order to obtain the minimal set of
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attributes that are needed to build a more certain decision tree, the problem
of finding the best tree representation for specific information space is still
NP-hard problem. The tree building is mainly depending on the divide-
and-conquer algorithm [P. Tang, 2006] and all current decision tree
building algorithms are heuristic; the heuristic is to select and split the
attribute with maximum gain ratio based on the associated information.
Decision trees are widely used in banking for various applications. Here
are the general steps to create a decision tree algorithm for banking:

Step 1: Gather and preprocess data

« Collect a dataset containing relevant banking information, such as
customer demographics, credit history, income, loan amount,
repayment history, etc.

« Preprocess the data by handling missing values, encoding
categorical variables, and normalizing numerical variables.

Step 2: Define the target variable

. Determine the target variable you want to predict using the decision
tree algorithm. In the case of credit scoring, the target variable could
be a binary variable indicating whether a customer is likely to default
on a loan or not.

Step 3: Split the dataset

« Split the dataset into a training set and a test set. The training set will
be used to build the decision tree, while the test set will be used to
evaluate its performance.

Step 4: Build the decision tree

« Use the training set to build the decision tree. The algorithm will
automatically select the best features and split points based on
certain criteria (e.g., Gini impurity or information gain).

Step 5: Evaluate the decision tree

. Evaluate the performance of the decision tree using the test set.
Common evaluation metrics include accuracy, precision, recall, and
F1-score.
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Step 6: Fine-tune the decision tree

« If the decision tree's performance is not satisfactory, you can fine-
tune it by adjusting hyperparameters (e.g., maximum depth,
minimum sample split) or using techniques like pruning to prevent
overfitting.

Step 7: Predict and deploy

e Once you are satisfied with the decision tree's performance, you can
deploy it to make predictions on new, unseen data.

2.5.3 KNN

KNN can be used for statistical problems both in classification and
regression. Nevertheless, it's used more broadly in business classification
issues. This is also applied for solving problems of classification as well as
regression. KNN is simpler to use, has quick execution time as the data
quality determines the accuracy of the model, and the k value (nearest
neighbor) must be adequate. The KNN learning algorithm is a simple
classification algorithm that works on the basis of the smallest distance
from the query instance to the training sample [P. Tang, 2006] to determine
the simple majority of KNN as a prediction of the query. KNN is used due
to its predictive power and low calculation time, and it usually produces
highly competitive results.

This method is introduced in the early 1950s. It is applied in the most
common application named pattern recognition. There are many machine
learning methods in DM, nevertheless lazy learning algorithm is the
simplest one because it does not need for any model in training. The model
is built in classification or prediction is required [Pang-Ning Tan, 2021].
Therefore, KNN is one of lazy learning type, which predicts classes of
entity based on the K nearest training instances in the feature space. The
K-NN classifiers is based learning work by calculating the similarity
between the training objects and a specific test object. The training objects
consist of N features. Each object defines a point in n-dimensions space.
To classify an unidentified object, a KNN classifier observes for the K
training objects that are nearest to that object in the n-dimensions space.
This K training objects represent the KNNs of the unidentified example
[Kuhn, M., & Johnson, K. 2013].
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The classification of KNN entity can be done by collect the majority
votes for its neighbors. How to determine the correct value of K in this
method is considered a problem. Figure (2.5) explains the nearest-neighbor
classification. Here are the steps involved in implementing the KNN
algorithm for a banking example:

Step 1:

Step 2:

Step 3:

Step 4:

Step 5:

Step ©:

Collect and preprocess the data Gather a dataset that includes
information about bank customers, such as age, income, credit
score, loan history, etc. Preprocess the data by cleaning it, handling
missing values, and normalizing or standardizing the features if
necessary.

Choose the value of K Decide on the number of nearest neighbors
(K) to consider when making predictions. The selection of K
depends on the dataset and problem at hand. A higher value of K
provides a smoother decision boundary but may lead to
misclassification of data from different classes. Conversely, a
lower value of K may be more prone to overfitting.

Define a distance metric Select an appropriate distance metric to
measure the similarity between data points. Common distance
metrics used in KNN include Euclidean distance, Manhattan
distance, and cosine similarity. The choice of distance metric
depends on the data and the problem domain.

Calculate the distances for each data point in the dataset, calculate
its distance to all other data points based on the chosen distance
metric. This step helps identify the K nearest neighbors for each
data point.

Find the K nearest neighbors Sort the calculated distances in
ascending order and select the K nearest neighbors based on the
sorted distances.

Make predictions for classification tasks, determine the class of the
new data point by majority voting among its K nearest neighbors.
The class with the highest frequency among the neighbors is
assigned to the new data point. For regression tasks, the predicted
value is usually the mean or median value of the K nearest
neighbors.
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Step 7: Evaluate the model Split the dataset into training and testing sets.
Use the training set to train the KNN model and the testing set to
evaluate its performance. Common evaluation metrics for
classification tasks include accuracy, precision, recall, and F1 score

Unkrrossemm rocoera
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Figure (2.5) nearest-neighbor classification

2.5.4 Logistic Regression

This algorithm is frequently used for analytical function.
Empirically, this method increases the probability of logging to allow the
data required to perform well (Kuhn, M., & Johnson, K. (2013). It also
indicates that it functions much like the linear regression only because it
deals with variables that are categorical like Yes or No, 1 and 0, and others.

Logistic Regression is a supervised learning algorithm used for
binary classification tasks, where the goal is to predict whether an input
belongs to one of two classes. It's called "logistic” because it uses the
logistic function (also known as the sigmoid function) to model the
relationship between the input features and the binary output. Logistic
regression is a popular machine learning algorithm used for binary
classification tasks, which can be applied to various domains, including
banking [Pang-Ning Tan, 2021].

Here are the steps to perform logistic regression in banking:
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Step 1: Data Collection Collect relevant data from the banking domain.
This can include features such as customer demographics (age, gender,
income), credit history, transaction patterns, loan default status, etc. The
data should consist of labeled examples, where each example is associated
with a binary outcome (e.g., whether a customer defaulted on a loan or
not).

Step 2: Data Preprocessing Clean and preprocess the data to ensure it is in
a suitable format for logistic regression. This may involve handling missing
values, encoding categorical variables, scaling numerical features, and
splitting the data into training and testing sets.

Step 3: Feature Selection Analyze the collected data and select relevant
features that are likely to have a significant impact on the binary outcome.
This step involves exploratory data analysis (EDA) techniques, such as
correlation analysis, feature importance ranking, and domain expertise.

Step 4: Model Training Train a logistic regression model using the training
data. In logistic regression, the goal is to learn a set of coefficients that
define a linear boundary between the two classes. The model estimates the
probability of an instance belonging to the positive class (e.g., loan default)
based on the given features.

Step 5: Model Evaluation Evaluate the performance of the trained model
using the testing data. Common evaluation metrics for logistic regression
include accuracy, precision, recall, and F1-score. These metrics provide
insights into the model's ability to correctly classify positive and negative
instances.

Step 6: Model Optimization If the model's performance is not satisfactory,
you can optimize it by fine-tuning hyperparameters, applying feature
engineering techniques, or trying different algorithms. This step aims to
improve the model's predictive accuracy and generalization capabilities.

2.6 Evaluation Metric

The performance metrics are used to evaluate the generalization
power of the trained model and its quality when it is examined with unseen
data. In the classification models, different metrics can be used to evaluate
the efficiency of a particular classification algorithm. This encompasses

accuracy, F1-measure, precision, and recall.
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One of the most common metrics to evaluate the generalization
power of models is the accuracy [Pang-Ning Tan, 2021]. Through
accuracy, the trained model is evaluated based on the total instances that
are correctly predicted by the trained model when it is tested with the
unseen data. The recall, precision, and F1-measure metrics are used to deal
with imbalanced class problems for optimizing the accuracy performance
[Pang-Ning Tan, 2021]. The calculation of these measures is based on
computing the confusion matrix. This matrix summarizes the number of
instances wrongly or properly predicted by a classification model (see
Table (2.2)) [ P. Tang, 2006]:

Table (2.2) Two-Dimensional Confusion Matrix

%’%%/ Positiv  Negati
2y v e Ve

Positive TP FN

Negativ FP TN
e

1. True Positive (TP): The positive examples which are properly classified.
2. False Negative (FN): The positive examples which are wrongly
classified.
3. False Positive (FP): The negative examples which are wrongly
classified.
4. True Negative (TN): The negative examples which are properly

classified.

The measures accuracy, recall, precision, and F1- measure are discussed

here:
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1. Accuracy is the number of correct predictions divided by the total
number of predictions. The accuracy can be computed based on Equation

2.2 [P. Tang, 2006].

TP + TN

Accuracy = TPTTNIFP RN (2.4)

2. Precision is the number of TP divided by the number of TP and FP. The

precision can be computed based on Equation 2.3 [P. Tang, 2006].

TP

Precision =—— .................... (2.5)
TP+FP

3. A recall is the number of TP divided by the number of TP and the
number of FN. This metric can be computed based on Equation 2.4 [P.
Tang, 2006].

4. Fl-measure is the 2*((precision*recall)/ (precision + recall)). An
equation of this metric can be computed based on Equation 2.5 [P. Tang,

2006].

F1 —score = —9) (2.7)
(2+TP+FN+FP)

5. Error rate It can be defined as the number of all wrong predictions
divided by the entire number of dataset predictions. An equation of this

metric can be computed based on Equation 2.6 [P. Tang, 2006].

FN+FP

ERR=———— ... (2.8)
TP+ FN+FP+TN

Besides in some cases, it is calculated as follow:
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Error Rate = Incorrect Predictions / Total Predictions (2.9)

Error Rate = 1 — Accuracy (2.10)
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Chapter Three
Proposed Model

3.1 Introduction

Predictive modeling is the method of getting known outcomes and
creating a model that can expect values for new events. It uses past data to
forecast future actions. There are many dissimilar forms of predictive
modeling methods in this chapter following methods are used decision
trees, KNN, Logistic regression, Naive Bayes. Choosing the accurate
predictive modeling method at the beginning of a task can save time.
Selecting the improper modeling technique can end in imprecise
predictions and residual plots that knowledge non-constant adjustment.
After defining the variables, several types of models can be formed. The
greatest common ones for predicting consumer performance are: decision
trees and logistic regression. Decision trees utilizes graph or typical
decisions to define the conditional probability of a consequence. Logistic
regression model can be created to predict the probability of occurrence of
an event. Commonly used metrics are Cumulative Gains Chart, Lift Chart,
and Receiver Operating Characteristics (ROC) curve. All of these provide
metrics by trading off desirable outcomes. These metrics can be obtained
by implementing the model on the training data set.

3.2 Proposed Model Architecture

This research is started by downloading an open-source data set.
After verifying the data set, next step is preprocessing and data
discretization in the form of Data Cleaning (Missing values), Data
Transformation (Nominal to Binary, Nominal to Numeric), Normalization
(Standardization, smote), Data Reduction, Binning and Select Attributes.
And applied ranking feature, Correlation and Predictive model. After
applying all these techniques on downloaded dataset, the main technique
feature selection is applied later on, following algorithms are applied on
the data i.e., Decision Tree, Logistic Regression, KNN, and Naive Bayes.
After applying algorithms and techniques we compare results and discuss
about conclusion. Figure (3.1) summaries the research methodology steps
implemented in this thesis.
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Figure (3.1) Proposed Model Architecture
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3.2.1 Select dataset

Two different data sets are selected and downloaded. The 1° dataset
IS, a bank-additional-full downloaded from
“https://www.kaggle.com/datasets/sahistapatel96/bankadditionalfullcsv .
The data is related to direct marketing campaign direct marketing
campaigns of a Portuguese banking institution. The marketing campaigns
were based on phone calls. Often, more than one contact to the same client
was required, in order to access if the product (bank term deposit) would
be ('yes") or not (no") subscribed.
bank-additional-full.csv with all examples (41188) and 20 inputs, ordered
by date (from May 2008 to November 2010), very close to the data
analyzed in [Moro et al., 2014]
.The 2" dataset is a Banking Dataset - Marketing Targets downloaded
from “https://www.kaggle.com/datasets/prakharrathi25/banking-dataset-
marketing-targets”. This paper used a bank marketing dataset gathered
from a Portuguese retail bank. This dataset was created by P. Rita, P.
Cortez, and S. Moro from actual bank data. The dataset contains
information regarding a Portuguese banking institution’s direct marketing
campaign, and it contains 45,211 phone contacts. Each contact has 16 input
attributes and one decision attribute. The types of input attributes are
different. Three attributes are binary type, seven attributes are numeric, and
six attributes are categorical. The target attribute is binary type. It has two
results; the client subscribes to a term deposit or not.

3.2.2 Data preprocessing

In this thesis, many steps were followed to prepare the research data
for the prediction model. The data is processed and prepared into prediction
classification stage because actual datasets like (Dataset - Marketing
Targets and bank-additional-full) datasets might have some unsuitable
structure. This stage consists of four steps include Data Cleaning (Missing
values), Data Transformation (Nominal to Binary, Nominal to Numeric),
Normalization (Standardization, Smote), Data Reduction. Algorithm (3.1)

demonstrates this process.
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Algorithm (3.1): Preprocessing Dataset.

Input: Two dimensional array Dataset [n*m] in which n is number of

rows and m number of Colum.

Output: Processed Dataset.

Step 1: Checking the Missing Values of Dataset.

Step 2: transforming Date nominal feature to numeric feature.
Step 3: Normalization of Dataset &(Smote).

Step 4: Data Reduction.
End.

A-Missing values

In this Stage, the missing value is an empty cell for the missing
feature in the dataset or this cell may contain the letter N, or it may contain
the word null which indicates a missing value which controls the results of
the calculation and gives inaccurate results. There are different ways to deal
with missing values. The used datasets in this thesis are found without
missing values.

B- Data Transformation
The main effectiveness of pre-pressing is preparing data for mining
in proper form. It may require transforming nominal features of the two

datasets (Dataset - Marketing Targets and bank-additional-full) to

numerical features. Algorithm (3.2) illustrates this process.
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Input: Dataset [n*m] in which n is number of rows and m number
of Colum.

Output: Dataset [n*m] of Numeric Values.

fori=1ton
forj=1tom
N=0

If Dataset [i, j| = Nominal value.
N = Numbers value
Dataset [i, j] = N
end for j
end fori

End

C- Normalization

The normalization stage was used for all numerical features values
within the dataset, which are inputs for machine learning algorithms. This
process was implemented to avoid features with large values controlling
the calculation results. All values are normalized to be within the constant
range between zero and one using the Standardization normalization
method mentioned in equation (2.1).

The Standard scaler algorithm is a common preprocessing step used
in machine learning to scale numerical features of a dataset to have mean
(u)= 0 and variance(g)= 1. This process is essential when features have
different ranges, as it helps models that rely on distance calculations or
gradient descent to perform better and converge faster. Algorithm (3.3)
illustrates this process.
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Algorithm (3.3): Normalization
Input: Dataset [n*m] inz whic/z n s number of rows and m number
of Colum.
Output: Z1 after applying normalization.
Forv =1to m:
A) Compute Mean of each input features of v (uv)

uv = ( Zl:l—x) .......... (3.2) // x: all values of features

// n: numbers of values
B) Compute standard deviation of each input features of

v(sD)

Lox—p)2
SDv = (ZIZ‘T")) ............. (3.1)
End for v

fori=1to m //m:all features
forj=1ton //n:values of features
71 (j, i) =(x (j, i) - mv) / SDv
end for j
end for i
Z1 is z-score normalization
End.

D-SMOTE

SMOTE (Synthetic Minority Over-sampling Technique) is an
algorithm used for imbalanced learning in machine learning. It is
specifically designed to address the problem of imbalanced class
distribution, where class A has significantly fewer instances compared to
the class B. This process depicted in Algorithm (3.4).

Algorithm (3.4): SMOTE of Dataset

Input:  Dataset [n*m] i which n is number of rows and m number
of Colum.
class A: number of labels of class A (Minor).
class B: number of labels of class B. (Major)

44



Chapter Three Proposed Model

Output: Balanced between class A, class B
R= Major — Minor
fork=1toR
While Major <> Minor do // compare between class A, class B
fori=1tom
forj=1ton
Call KNN class A [i, j],
end for j
end for i
End While.
end for k
End.

3.2.3 Data Reduction

This study aims to identify the most important characteristics and
explore their influence on the prediction model using the reduction levels
for banking dataset. There are many features in the banking dataset, but not
all of them are appropriate for the prediction process because some of them
decreased the prediction model's accuracy and increased the processing
time. This thesis uses the feature selection approach to extract the most
significant features that have an impact on banking. The reduction
technique is divided into two steps: Ranking Correlation and Feature

Selection.
A-Ranking correlation

The process starts by selecting a banking attribute and test its
correlation coefficient with the second, third, ...... till the last one and so
on for other attributes. It is the first step of data reduction, so the importance
of features will be calculated based on an equation (2.2) to be initialized to

the next step. By identifying relevant features, this method's primary goal
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Is to reduce the dimensionality of the dataset. The correlation coefficient
for a feature calculated. Using this process, the attributes with the highest

value were selected. Algorithm (3.5) illustrates this process.
Algorithm (3.5): correlation coefficient Method

Input:Two dimensional array Dataset [n¥m] in which n is number of rows

and m number of Colum.
Output: correlation coefficient for Dataset [n*m]
fori=1ton // n:values of features

for j=1tom// m: all features

Compute the correlation coefficient betweenfeature Fi and feature Fj

according to the equations in section (2.2)
end forj
end fori

END

B-Feature Selection

In the Bank dataset, a feature selection approach was used to reduce
feature space dimensions, select the important features for the prediction
process, and improve prediction accuracy. A subset of the most useful
features is selected as a result of this phase. Feature selection techniques
were used first. However, a feature sequential selection (Ranking
correlation) approach has been proposed to reduce the number of features
and increase prediction accuracy because a very high degree of accuracy

cannot be achieved. Since the dataset includes a huge number of features,

46



Chapter Three Proposed Model

the main stage in this thesis is the selection of appropriate features to reduce

the curse of dimensionality. Algorithm (3.6) illustrates this selection.

Algorithm (3.6): Feature Selection

Input: Normalization of Dataset[n*m] in which 7 s number of rows and

7 number of Colum.
R: array[n] of rank correlation for class label.
Output: Reduce of features for Dataset[n*m].
fori=1tom
forj=1tom
Call correlation coefficient Method R[i], R[j]

if R[i] >R[j]
Max = R[i]

Select and Orderthe features (£7) with maximum correlation (Ri)

The selected features are sorted by the correlation coefficient

values in descending order
end if
end for j
end for i

End.

3.2.4 Predictive modeling
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Predictive modeling is a machine learning technique that would work
best to predict the future outcomes. Predictive modeling represents a
statistical method to analyze the patterns of the data to estimate future
outcomes or events. It can be considered as an essential feature of
predictive analytics. To perform a predictive modeling approach, four
prediction models are utilized in this thesis (Naive bayes, Decision tree,
KNN and Logistic).

% Naive bayes:

The goal of using Naive Bayes in banking operations is to improve the
accuracy and efficiency of predicting outcomes based on given input data.
To apply the Naive Bayes algorithm based on the used datasets, the
important step is to observe the collected data which include information
such as previous, emp.var. rate, poutcome, contact, cons.price.idx, nr.
employed, pdays, Duration, default, campaign, month, marital, job, age,
education, day of week, housing, loan, cons.conf.idx. Using Naive
Bayes theory for predictive modeling in banking operations can help to
improve decision-making, reduce risk, and increase efficiency. The
relationship between SMOTE, standardization and data reduction
association with Naive bayes achieved the best results. Implementing NB
algorithm based a Python Software requires checking different situations.
These situations are implementing the NB without activating the SMOTE,
data reduction and Standardization functions. The second step is to activate
one of these three function and activate different two. The final step is to
activate these three functions and observe their effects on the prediction
values. Table (3.1) presents the relation among SMOTE, Standardization
and data reduction.

Table (3.1) Implementing NB with SMOTE, data reduction and

standardization.
Algorithm NB
SMOTE False
Data Reduction Fales
Standardization False
SMOTE True
Data Reduction False
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Standardization False
SMOTE False
Data Reduction True
Standardization False
SMOTE False
Data Reduction False
Standardization True
SMOTE True
Data Reduction False
Standardization True
SMOTE False
Data Reduction True
Standardization True
SMOTE True
Data Reduction True
Standardization False
SMOTE True
Data Reduction True
Standardization True

¢+ Decision tree

Decision Tree (DT) algorithms are widely used in banking for
various applications, to predict if the client will subscribe (yes/no) a
term deposit. DTs are a supervised learning technique that uses a tree-
like model to make predictions or decisions based on input features. The
working principle of DT based on the Smote, standardization and data
reduction. DT achieved the highest accuracy when it correlates with the
important features. Table (3.2) presents the relation among SMOTE,
Standardization and data reduction

Table (3.2) Implementing DT with SMOTE, data reduction and
standardization
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Algorithm DT
SMOTE False
Data Reduction Fales
Standardization False
SMOTE True
Data Reduction False
Standardization False
SMOTE False
Data Reduction True
Standardization False
SMOTE False
Data Reduction False
Standardization True
SMOTE True
Data Reduction False
Standardization True
SMOTE False
Data Reduction True
Standardization True
SMOTE True
Data Reduction True
Standardization False
SMOTE True
Data Reduction True
Standardization True
SMOTE True
Important features True
Standardization False
SMOTE False
Important features True
Standardization True
SMOTE True
Important features True
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Standardization

True

% KNN

KNN algorithms are widely used in banking for various
applications, to predict if the client will subscribe (yes/no) a term
deposit. The algorithm calculates the distance between the attributes
of the new applicant and those of existing customers to determine
the nearest neighbors. By considering the labels (default or non-
default) of the nearest neighbors, the algorithm predicts by
association with Smote, standardization and data reduction. Table
(3.3) presents the relation among SMOTE, Standardization and data

reduction.

Table (3.3) Implementing KNN with SMOTE, data reduction and

standardization

Algorithm KNN
SMOTE False
Data Reduction Fales
Standardization False
SMOTE True
Data Reduction False
Standardization False
SMOTE False
Data Reduction True
Standardization False
SMOTE False
Data Reduction False
Standardization True
SMOTE True
Data Reduction False
Standardization True
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SMOTE False
Data Reduction True
Standardization True
SMOTE True
Data Reduction True
Standardization False
SMOTE True
Data Reduction True
Standardization True

¢ Logistic Regression
In the context of banking, logistic regression can be utilized
for several purposes for customer churn prediction. To apply the
logistic algorithm to the prediction model, it is necessary to relate
with Smote, standardization and data reduction. Table (3.4) presents
the relation among SMOTE, Standardization and data reduction.

Table (3.4) Implementing LG with SMOTE, data reduction and

standardization

Algorithm LG
SMOTE False
Data Reduction Fales
Standardization False
SMOTE True
Data Reduction False
Standardization False
SMOTE False
Data Reduction True
Standardization False
SMOTE False
Data Reduction False
Standardization True
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SMOTE True
Data Reduction False
Standardization True
SMOTE False
Data Reduction True
Standardization True
SMOTE True
Data Reduction True
Standardization False
SMOTE True
Data Reduction True
Standardization True

3.2.5 Evaluate the models

Predictive modeling is the method of getting known outcomes and
creating a model that can expect values for new events. It uses past data to
forecast future actions. There are many dissimilar forms of predictive
modeling methods in this chapter following methods are used decision
trees, KNN, Logistic regression, Naive Bayes. Choosing the accurate
predictive modeling method at the beginning of a task can save time.
Selecting the improper modeling technique can end in imprecise
predictions and residual plots that knowledge non-constant adjustment.
After defining the variables, several types of models can be formed. The
greatest common ones for predicting consumer performance are: decision
trees and logistic regression. Decision trees utilizes graph or typical
decisions to define the conditional probability of a consequence. Logistic

regression model can be created to predict the probability of occurrence of
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an event. Commonly used metrics are Cumulative Gains Chart, Lift Chart,
and Receiver Operating Characteristics (ROC) curve. All of these provide
metrics by trading off desirable outcomes. These metrics can be obtained

by implementing the model on the training data set.
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Chapter Four

Results and Discussion

4.1 Introduction

The effectiveness of the proposed system is illustrated in chapter
three, with different parameters values, and the results will be presented in
this chapter. Datasets have been used to determine the behavior of the
implemented models. The experimental results stages of system are
described and discussed.

4.2 System Requirement

Hardware: Processor Intel(R), Core (TM), i15-6440HQ CPU, 2.60 GHz,
Ram 8 GB.

Operating System windows 10, 64 bits.
Programming Language with python.
IDE Programming is done in Jupiter environment.

WEKA 3.7.11 Machine Learning Package.

4.3 Datasets
There are two sets of data used:
4.3.1 bank-additional-full

This dataset is to indicate the direct marketing movement of a
banking institution in Portuguese. Its data was collected based on phone
calls to access if the bank term deposit would be ('No") or (‘Yes'). It was
represented as csv file contains (41188) records and 20 inputs. Its data are
organized from “May 2008 to November 2010”. Table (4.1) contains the
detailed description of all attributes in this dataset after understanding the
context from Kaggle. Table (4.2) present a sample from this dataset.
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Table (4.1) Dataset Description

Variable Variable Description

bank client data

Age Numeric

Job type of job (categorical: 'admin.','blue-
collar','entrepreneur’,'housemaid','management','retired','self-
employed','services','student','technician’,'unemployed',"unknown")

Marital marital status (categorical: 'divorced','married','single',"unknown';
note: 'divorced' means divorced or widowed)

Education education (categorical: 'basic.4y','basic.6y','basic.9y",'high.
school','illiterate’,'professional. course','university.
degree','unknown")

Default has credit in default? (Categorical: 'no','yes','unknown'")

Housing has housing loan? (Categorical: 'no','yes','unknown")

Loan has personal loan? (Categorical: 'no','yes','unknown')
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Contact

Month

Duration

Campaign

Pdays

Previous

related with the last contact of the current campaign

contact communication type (categorical: 'cellular’, ‘telephone')

last contact month of year (categorical: 'jan', 'feb', 'mar’, ...,

'nov', 'dec')

last contact duration, in seconds (numeric). Important note: this
attribute highly affects the output target (e.g., if duration=0 then
y="no"). Yet, the duration is not known before a call is performed.
Also, after the end of the call y is obviously known. Thus, this
input should only be included for benchmark purposes and
should be discarded if the intention is to have a realistic
predictive model.

other attributes

number of contacts performed during this campaign and for this
client (numeric, includes last contact)

number of days that passed by after the client was last contacted
from a previous campaign (numeric; 999 means client was not
previously contacted)

number of contacts performed before this campaign and for this
client (numeric)
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Poutcome

emp.var. rate

cons.price.idx

cons.conf.idx

- euribor3m

nr. employed

outcome of the previous marketing campaign (categorical:
'failure','nonexistent','success')

employment variation rate - quarterly indicator (numeric)

consumer price index - monthly indicator (numeric)

consumer confidence index - monthly indicator (numeric)

euribor 3-month rate - daily indicator (numeric)

number of employees - quarterly indicator (numeric)

Output variable (desired target)

has the client subscribed a term deposit? (Binary: 'yes','no")
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Table (4.2) bank-additional-full dataset sample

age job marital  education default housing loan

56 housemaiimarried basic.dy no no no telephone may mon 261 1 999
57 services married  high.schocunknown no no telephone may mon 149 1 999
37 services married  high.schocno yes no telephone may mon 226 1 999
40 admin.  married basic.6y no no no telephone may mon 151 1 999
56 services married  high.schocno no yes telephone may mon 307 1 999
45 services married  basic.9y unknown no no telephone may mon 198 1 999
59 admin.  married professiorno no no telephone may mon 139 1 999
41 blue-collaimarried  unknown unknown no no telephone may mon 217 1 999
24 techniciansingle  professiorno yes no telephone may mon 380 1 999
25 services single  high.schocno yes no telephone may mon 50 1 999
41 blue-collaimarried  unknown unknown no no telephone may mon 55 1 999
25 services single  high.schocno yes no telephone may mon 22 1 999
29 blue-collaisingle  high.schocno no yes telephone may mon 137 1 999
57 housemaiidivorced basic.dy no yes no telephone may mon 293 1 999
35 blue-collaimarried  basic.6y no yes no telephone may mon 146 1 999
54 retired  married  basic.9y unknown yes yes telephone may mon 174 1 999
35 blue-collaimarried  basic.6y no yes no telephone may mon 12 1 999
46 blue-collaimarried  basic.6y unknown yes yes telephone may mon 440 1 999
50 blue-collaimarried  basic.9y no yes yes telephone may mon 353 1 999
39 managemsingle  basic.9y unknown no no telephone may mon 195 1 999

4.3.2 Data Preprocessing Results

The goal of this stage is to prepare the data for the prediction and the
portfolio optimization stages. Steps of the preprocessing stage are applied
to bank-additional-full dataset.

A- Missing Values Processing Results

In this stage, the bank-additional-full dataset data will be
tested to see if this data contains missing values (non-null) or not.
After a number of tests, we noticed that the bank-additional-full
dataset is free from missing values.
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B- Nominal to Numeric

In this step, transform attributes to numeric form, which is
performed on categorical attributes (y, contact, loan, housing, job,
marital, education, default, month, poutcome, day-of-week). as
shown in Table (4.3) This process converts the data type from
Nominal into Numeric. This is done by converting the attributes into
numeric as:

o y’: {*no"0,'yes" 1"},

(141}

o 'contact’: {*“'cellular":1,'telephone':2’},

o 'loan’: {*'no0".0,'yes":1,'unknown':2’},

(14}

O

'housing’: {“'no':0,'yes":1,'unknown':2”},

o 'Job": {“'management':0, 'technician':1, 'entrepreneur':2,
‘blue- collar':3, 'unknown':4, 'retired':5, ‘admin.":6,
‘services':7, 'self-employed':8, 'unemployed':9,
‘housemaid': 10, 'student’:117’},

o 'marital’: {*'single":0,'married":1,'divorced':2,'unknown':3’},

o 'education’: {*'basic.4y':0,'basic.6y':1,'basic.9y":2,'high.
school":3,'professional. course':4,'university.
degree':5,'llliterate’:6,'unknown': 7"},

o 'default’: {*'no".0,'yes":1,'unknown":2”},

o 'month’: {*jan".0, 'feb'":1, 'mar':2, ‘apr':3, ‘may":4, ‘jun".5,
‘jul':6, ‘aug':7, 'sep':8, 'oct':9, ‘nov': 10, ‘dec: 11},

o 'poutcome’: {“'failure':0,'success':1,'nonexistent':2”},

o 'Day of week’: {*“'mon"0,'tue":1,'wed":2,'thu":3,'fr1':4”}
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Table (4.3) Nominal to Numeric Result

age job marital education default housing 1loan contact month _of_week
) 12 1 2 ) 2 2 4 9
1 7 7 ;| 3 2 2 ) 2 4 9
2 37 7 1 3 2 1 2 2 4 9
3 40 : | 1 9 2 2 - 2
4 6 1 3 ) 0 1 2 - 2
5 45 7 1 2 2 ) 2 2 < 9
6 59 1 - 2 2 2 - 2
7 - 1 7 2 ) 2 4 2
8 24 2 < 2 1 2 < 9
9 5 7 2 2 1 2 4 2
1e = 3 1 7 2 ) 2 < 9
11 2 7 2 ) 1 4 2
12 2 3 2 2 2 1 2 < 2
13 5 12 2 2 1 2 < 9
14 35 3 1 2 1 2 - 9
15 54 5 1 2 1 1 2 < 2
16 35 1 2 1 2 < 2
17 4 1 2 1 1 2 - 9
18 5 1 2 1 1 2 4 2
19 2 ) ] 2 4 )
2@ 1 < 2

C- Normalization Process Results

Normalization is an important step that has been conducted on the
banking dataset(bank-additional-full) to minimize substantial value
disparities from dominating the results. The features values ranged
between zero and one by using the Standardization normalization
approach. Table (4.4) shows the data normalization on a sample of the
banking dataset. Whereas the columns represent the attributes, while the
rows represent the sequence of data.
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Table (4.4) The Normalization Result

1 2
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4.3.3 SMOTE Process Results

A Synthetic Minority Oversampling Technique is used to generate
new data to extend the Minority dataset in order to balance the class
label. Table (4.5) Present a sample from the generated data in bank-
additional-full dataset.
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Table (4.5) illustrates this SMOTE Process Results
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4.3.4 Data Reduction

The goal of is to use the reduction levels for banking dataset (bank-
additional-full) to identify the most informative features and investigate
their impact on the prediction model. Although the banking dataset
(bank-additional-full) contains a large number of features, not all of
them are suitable for the prediction process, as some of them reduced
the prediction model's accuracy and increased the time complexity. For
this reason, the feature selection system is employed in this thesis, in
order to extract the most important features that affect banking. Two
steps Ranking Correlation and Feature Selection make up the reduction
procedure.

A- Ranking Correlation

The main goal of this method is to reduce the dimensions of
the dataset (bank-additional-full) by identifying relevant features.
The ranking correlation coefficient method is calculated between
a feature and a class label. According to this method, the features
with the highest value were selected. The first (15) features out
of (21) features were selected as informational features to be used
for further analysis. Table (4.6) illustrates the Ranking
Correlation Result.
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Table (4.6) The Ranking Correlation Result

age job  marital euriborsm nr.employed y
y 0.030399 ©.056251 -0.044538 -0.307771 -0.354678 1.000000
duration -0.000866 ©.004797 -0.007585 -0.032897 -0.044703 0.405274
previous 0.024365 ©.053935 -0.035932 -0.454494 -0.501333 0.230181
education -0.123389 -0.025125 -0.106863 -0.038647 -0.044155 0.056510
job -0.063174 1.000000 -0.072064 -0.081485 -0.096243 0.056251
cons.conf.idx ©.129372 0.016403 0.032792 0.277686 0.100513 ©.054878
month 0.077265 -0.005917 ©.016981 0.163411 0.132697 ©.037187
age 1.000000 -0.063174 0.388687 0.010767 -0.017725 ©.030399 Before
day_of_week -0.018486 ©.002017 -0.014350 -0.005552 -0.000734 0.010051
housing -0.001923 ©.005819 -0.010959 -0.052739 -0.042281 0.009552 SMOTE
loan -0.006397 ©.008936 -0.003955 0.001547 0.002464 -0.005038
marital 0.388687 -0.072064 1.000000 0.089356 0.084199 -0.044538
campaign 0.004594 ©.001342 ©.010060 0.135133 0.144095 -0.066357
default 0.165019 -0.014638 ©.076919 0.195305 0.189789 -0.099324
poutcome -0.007781 -0.031794 ©.025318 0.457062 0.442143 -0.122089
cons.price.idx ©.000857 -0.020067 ©.054981 0.688230 0.522034 -0.136211
contact 0.007021 -0.011848 ©.053576 0.399773 0.269155 -0.144773
emp.var.rate -0.000371 -0.076736 ©.081460 0.972245 0.906970 -0.298334
euribor3m 0.010767 -0.081485 ©.089356 1.000000 0.945154 -0.307771
pdays -0.034369 -0.055224 ©.036082 0.296899 0.372605 -0.324914
nr.employed -0.017725 -0.096243 ©.084199 0.945154 1.000000 -0.354678

age job  marital euribor3m nr.employed y
y 0.014880 0.025900 -0.243287 -0.449026 -0.468572 1.000000
duration -0.034136 -0.046228 -0.087060 0.051985 0.055007 ©0.463073
previous 0.056015 ©0.067089 -0.055159 -0.422675 -0.496402 0.196979
cons.conf.idx 0.148074 ©.042825 0.018353 ©0.036388 -0.101394 0.080303
job -0.082826 1.000000 -0.098187 -0.111158 -0.122509 ©0.025900
age 1.000000 -0.082826 ©0.437610 -0.035598 -0.065031 ©0.014880
education -0.179663 -0.015330 -0.127149 -0.056361 -0.064787 -0.003441 /\fter
month 0.085593 -0.010771 ©.038466 0.112122 0.013462 -0.004616 SMOTE
day_of_week -0.025980 ©0.002679 ©0.010508 ©0.049433 0.053973 -0.109184
loan -0.003883 0.006497 0.048219 0.075585 0.076890 -0.176021
campaign 0.003189 -0.005969 0.063144 0.210607 0.213900 -0.200379
cons.price.idx -0.017289 -0.029023 0.087715 0.585803 0.368132 -0.202226
housing 0.007960 ©0.002047 ©.048735 0.038874 0.052707 -0.202994
poutcome -0.038795 -0.046844 0.074275 0.502074 0.506821 -0.237273
default 0.119267 -0.023217 ©0.130534 0.278143 0.268482 -0.239519
marital 0.437610 -0.098187 1.000000 0.181430 0.175945 -0.243287
pdays -0.055316 -0.070757 0.088053 0.390349 0.475867 -0.309601
contact -0.002449 -0.020579 0.133782 0.465723 0.364780 -0.364573
emp.var.rate -0.042044 -0.103341 0.171118 0.960426 0.873086 -0.433616
euribor3m -0.035598 -0.111158 0.181430 1.000000 0.942086 -0.449026
nr.employed -0.065031 -0.122509 0.175945 0.942086 1.000000 -0.468572
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B- Feature Selection

This method aims to reduce the dataset's dimensionality,
which is generated using the Feature importances approach
between the feature and the class label, by locating the relevant
features. The features with the greatest Feature importances
value were chosen using this method. among (21 characteristics).
Table (4.7) shows the Feature Selection of the banking dataset.

Table (4.7) The Feature Selection Result

housing loan duration campaign pdays previous poutcome emp.var.rate cons.price.idx cons.conf.idx euribor3m nr.employed
0 0 261 i} 999 0 2 1.100000 93,994000 -36.400000 4,857000 5191.000000
0 0 149 1 999 0 2 1.100000 93.994000 -36.400000 4.,857000 5191.000000
1 0 226 1 999 0 2 1.100000 93.994000 -36.400000 4.857000 5191.000000
0 0 151 1 999 0 2 1.100000 93.994000 -36.400000 4.857000 5191.000000
0 i 307 1 999 0 2 1.100000 93.994000 -36.400000 4.857000 5191.000000
0 0 198 1 999 0 2 1.100000 93.994000 -36.400000 4,857000 5191.000000
0 0 139 1 999 0 2 1.100000 93,994000 -36.400000 4,857000 5191.000000
0 0 217 1 999 0 2 1.100000 93.994000 -36.400000 4.857000 5191.000000
1 0 380 1 999 0 2 1.100000 93.994000 -36.400000 4.857000 5191.000000
1 0 50 1 999 0 2 1.,100000 93.994000 -36.400000 4,857000 5191.000000
0 0 55 1 999 0 2 1,100000 93.994000 -36.400000 4.,857000 5191.000000
1 0 222 1 999 0 2 1.100000 93,994000 -36.400000 4,857000 5191.000000
0 1 137 1 999 0 2 1.100000 93.994000 -36.400000 4,857000 5191.000000
1 0 293 1 999 0 2 1.100000 93,994000 -36.400000 4,857000 5191,000000
1 0 146 4 999 0 2 1.100000 93.994000 -36.400000 4,857000 5191.000000
1 1 174 1 999 0 2 1.100000 93.994000 -36.400000 4,857000 5191.000000

4.3.5 Predictive modeling Results

To perform a predictive modeling approach, four prediction models are
utilized in this thesis (Naive bayes, Decision tree, KNN and Logistic).
Table (4.8) presents the specific measures for each of the used
datasets(bank-additional-full). These measures are (precision, recall f1-
score, support).
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Table (4.8) presents the Predictive modeling Results

Algorithm type | Precision Recall  F-score  support

Naive bayes 0.83 0.82 0.82 11012 NO
0.82 0.83 0.82 10917 YES
0.82 0.82 0.82 21929  macro avg
0.82 0.82 0.82 21929  weighted avg
Decision tree 0.92 0.94 0.93 7130 NO
0.94 0.93 0.93 7490 YES
0.93 0.93 0.93 14620  macro avg
0.93 0.93 0.93 14620  weighted avg
KNN 0.87 0.99 0.92 6444 NO
0.99 0.88 0.93 8176 YES
0.93 0.94 0.93 14620  macro avg
0.94 0.93 0.93 14620  weighted avg
Logistic 0.97 0.93 0.95 7675 NO
0.40 0.64 0.49 563 YES
0.69 0.78 0.72 8238 macro avg
0.93 0.91 0.92 8238 weighted avg

A- Naive bayes

The initial stage in using the Naive Bayes algorithm in banking
operations is to gather information about the current issue. The data
gathered, for instance, might reveal particulars like earnings, age,
employment history, and other pertinent details. In banking operations,
applying Naive Bayes theory to predictive modeling can help to
enhance decision-making, lower risk, and boost productivity. The best
outcomes were obtained when smote, standardization, and data
reduction were combined with Nave Bayes. Table (4.9) presents this
process among SMOTE, Standardization and data reduction.
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Table (4.9) Result NB with SMOTE, data reduction and
standardization

Algorithm NB Accuracy Recall Precision

SMOTE False 0.8606 0.5951 0.4172 0.1393
Data Reduction Fales
Standardization False

SMOTE True 0.8245 0.8221 0.8263 0.1754
Data Reduction = False

Standardization | False

SMOTE False 0.8545 0.5836 0.4004 0.1454
Data Reduction True

Standardization False

SMOTE False 0.8478 0.5972 0.3867 0.1521
Data Reduction @ False
Standardization | True

SMOTE True 0.7946 0.7898 0.7976 0.2053
Data Reduction False
Standardization True

SMOTE False 0.8481 0.5922 0.3867 0.1518
Data Reduction @ True
Standardization | True

SMOTE True 0.8076 0.8198 0.8006 0.1923
Data Reduction True
Standardization False

SMOTE True 0.7814 0.7908 0.776 0.2185
Data Reduction @ True
Standardization | True

B- Decision tree

To implement a Decision Tree (DT) algorithm on the dataset (bank-
additional-full), to predict if the client will subscribe (yes/no) a term
deposit. DTs are a supervised learning technique that uses a tree-like
model to make predictions or decisions based on input features. The
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working principle of DT based on the Smote, standardization and data
reduction. DT achieved the highest accuracy when it correlates with the
important features. Table (4.10) presents this process among SMOTE,
Standardization, important features and data reduction.

Table (4.10) Result DT with SMOTE, data reduction, important
features and standardization

Algorithm DT Accuracy Precision

SMOTE False 0.8913 0.5508 0.5347 0.1086
Data Reduction Fales

Standardization False

SMOTE True 0.9281 0.9381 0.9205 0.0718
Data Reduction False

Standardization False

SMOTE False 0.8907 0.5518 0.532 0.1092
Data Reduction True

Standardization False

SMOTE False 0.8899 0.5288 0.7392 0.11009
Data Reduction False

Standardization True

SMOTE True 0.9287 0.9381 0.9217 0.0712
Data Reduction False

Standardization True

SMOTE False 0.8911 0.5404 0.5343 0.10888
Data Reduction True

Standardization True

SMOTE True 0.9288 0.9391 0.9211 0.0711
Data Reduction True

Standardization False

SMOTE True 0.9296 0.94009 0.9218 0.0703
Data Reduction True

Standardization True

SMOTE True 0.9336 0.9428 0.9267 0.0663
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0.8962

0.9336

Important features  True
Standardization False
SMOTE False
Important features  True
Standardization True
SMOTE True
Important features  True
Standardization True
C- KNN

0.5643

0.9428

0.5556

0.9267

0.1037

0.0663

The prediction of whether a client would sign up for a term deposit
using KNN algorithms is a common practice in banking for a variety of
applications. In order to identify the closest neighbors, the algorithm
evaluates the separation between the new applicant's qualities and those
of the existing clientele. The algorithm predicts through association
with Smote, standardization, and data reduction while taking the labels
(default or non-default) of the closest neighbors into account. Table
(4.11) presents this process among SMOTE, Standardization and data

reduction.

Table (4.11) Result KNN with SMOTE, data reduction and

Algorithm knn

SMOTE
Data Reduction
Standardization

SMOTE
Data Reduction
Standardization
SMOTE
Data Reduction
Standardization

SMOTE
Data Reduction
Standardization

False

Fales
False

True
False
False
False
True
False

False
False
True

Accuracy

standardization

0.8983 0.4754
0.9285 0.9907
0.8953 0.4754
0.9008 0.4241
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Precision error

0.5372 0.1016
0.8805 0.0714
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SMOTE True 0.9209 0.9457 0.9001 0.0790
Data Reduction False
Standardization True

SMOTE False 0.8991 0.4787 0.5409 0.1008
Data Reduction True
Standardization True

SMOTE True 0.9093 0.9510 0.8770 0.0906
Data Reduction True
Standardization False

SMOTE True 0.9154 0.9357 0.8983 0.084
Data Reduction True
Standardization = True

D- Logistic

For predicting client churn in the banking industry, logistic
regression can be used in a variety of ways. It is important to relate with
Smote, standardization, and data reduction in order to apply the logistic
algorithm to the prediction model. Table (4.12) presents this process
among SMOTE, Standardization and data reduction.

Table (4.12) Result Logistic with SMOTE, data reduction and
standardization

Algorithm LG Accuracy Recall Precision error

SMOTE False 0.9081 0.3716 0.6318 0.0918
Data Reduction Fales
Standardization False

SMOTE True 0.8605 0.8651 0.8558 0.1394
Data Reduction | False

Standardization | False

SMOTE False 0.9061 0.3616 0.6171 0.0938
Data Reduction True

Standardization False
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SMOTE False 0.9102 0.4017 0.6394 0.0897
Data Reduction @ False
Standardization | True

SMOTE True 0.8889 0.8963 0.8821 0.1110
Data Reduction False
Standardization True

SMOTE False 0.9071 0.3727 0.6219 0.0928
Data Reduction @ True
Standardization | True

SMOTE True 0.8625 0.8787 0.8497 0.1374
Data Reduction True
Standardization False

SMOTE True 0.8645 0.8645 0.8630 0.1354
Data Reduction | True
Standardization | True

4.3.6 Evaluation Metric Results

The performance of the prediction model (Naive bayes, Decision
tree, KNN and Logistic) was evaluated. Usually, all features that have
appeared are taken as influencer features. Then, they were added to the
model to confirm their importance and the level of accuracy that could be
achieved by these features. In fact, the use of selected features greatly
improves accuracy. Confusion matrices are a way to evaluate the
performance of a classification model by analyzing the number of true
positives, true negatives, false positives, and false negatives. (Decision
trees, Naive bayes, KNN and Logistic) are a popular classification
algorithm that can be evaluated using confusion matrices Table (4.13)
Confusion Matrixes (LG, DT, NB and KNN).
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Table (4.13) Confusion Matrixes Results
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4.4 Banking Dataset - Marketing Targets

The dataset used for experiments in this paper was related with direct
marketing campaigns of a Portuguese banking institution and is available
at UCI Machine Learning Repository The marketing campaigns (Cortez,
n.d.). Were based on phone calls. Often, more than one contact to the same
client was required, in order to access if the product (bank term deposit)
would be ('yes') or not ('no") subscribed results of direct bank marketing
campaigns. It includes 17 campaigns of a Portuguese bank conducted
between May 2008 and November 2010. The details of 17 attributes with
45,211 instances composed of numerical, nominal and binary attributes.
Table (4. 14) contains the detailed description of all attributes in this dataset
after understanding the context from Kaggle. Table (4.15) present sample
from the dataset.

Table (4.14) Dataset Description

Variable Variable Description
Age numeric, age of client
Job categorical, type of job (admin, unknown,

unemployed, management, housemaid,

entrepreneur, student, blue-collar, self-employed,

retired, technician, services)

marital Categorical, marital status (married, divorced, single.

Here ldivorcedl states the

both divorced or widowed)

education categorical (unknown, secondary, primary and
tertiary)

default binary, customer credit is in default (yes, no)

balance numeric, average yearly balance (in euros)
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housing
Loan

contact

Day

Month
duration

campaign

Pdays

previous

poutcome

binary, status of housing loan (yes, no)
binary, client’s personal loan (yes, no)

categorical, contact communication type (unknown,
telephone, cellular)

numeric, the last contact day of the month range (1-
31)

categorical, last contact month of the year
numeric, last contact duration (in seconds)

numeric, number of contacts performed during this
campaign

numeric, number of days that passed by after the
client was last contacted from a

previous campaign

numeric, number of contacts which are made before
this campaign

categorical, result or outcome of the previous
marketing campaign

(Unknown, other, failure, success)

binary, (desired target) client subscribed a term deposit
or not
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Table (4.15) Banking Dataset - Marketing Targets dataset sample

g job marital  education default balance housing loan  contact day month  duration campaign pdays  previous poutcomey

58 managem married tertiary no 2143 yes no unknown 5 may 261 1 -1
44 techniciansingle  secondaryno 29 yes no unknown 5 may 151 1 -1
33 entrepren married ~ secondaryno 2 yes yes unknown 5 may 76 1 -1
47 blue-collaimarried  unknown no 1506 yes no unknown 5 may 92 1 -1
33 unknown single  unknown no 1no no unknown 5 may 198 1 -1
35 managem married tertiary no 231 yes no unknown 5 may 139 1 -1
28 managem single tertiary no 447 yes yes unknown 5 may 217 1 -1
42 entreprendivorced tertiary yes 2 yes no unknown 5 may 380 1 -1
58 retired  married primary no 121 yes no unknown 5 may 50 1 -1
43 techniciansingle  secondaryno 593 yes no unknown 5 may 55 1 -1
41 admin.  divorced secondaryno 270 yes no unknown 5 may 22 1 -1
29 admin.  single  secondaryno 390 yes no unknown 5 may 137 1 -1
53 technicianmarried - secondaryno 6 yes no unknown 5 may 517 1 -1
58 technicianmarried unknown no 71 yes no unknown 5 may n 1 -1
57 services married secondaryno 162 yes no unknown 5 may 174 1 -1
Siretired married primary no 229 yes no unknown 5 may 353 1 -1
45 admin.  single  unknown no 13 yes no unknown 5 may 98 1 -1
57 blue-collaimarried  primary no 52 yes no unknown 5 may 38 1 -1
60 retired  married primary no 60 yes no unknown 5 may 219 1 -1
33 services married secondaryno 0 yes no unknown 5 may 54 1 -1

0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no
0 unknown no

4.4.1 Data Preprocessing Results

To prepare the data for the prediction and portfolio optimization
stages is the aim of this step. the whole dataset from the Banking Dataset
- Marketing Targets stage of preparation is used.

A- Missing Values Processing Results

The Banking Dataset - Marketing Targets data will be examined at
this stage to determine whether or not it contains missing values (nan-
null). Whereas, depending on the values of other features, missing
values are processed by substituting the mean of the column containing
the missing values. After conducting a variety of tests, we found that
the Banking Dataset - Marketing Targets does not contain any missing
values.

B- Nominal to Numeric Result
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This stage involves transforming categorical attributes (y, contact,
loan, housing, job, marriage, education, default, month, and outcome)
into numeric form. according to table (4.16). The data type is changed
from nominal to numeric through this technique. This is accomplished
by turning the qualities into numbers like follows:

n y': "1’10":0, llyes":l

"Contact": "cellular," "telephone,"

n.n

= "[oan": "no": 0, "yes": 1, "unknown": 2,

nmn nmn

Housing: "no," "yes," "unknown," and "2"

"Job": "management": 0, 'technician': 1, 'entrepreneur': 2, 'blue-
collar": 3, 'unknown': 4,'retired": 5, 'admin.": 6,'services': 7,'self-

employed': 8, 'unemployed': 9, 'housemaid': 10, and ‘student':11

"Marital": "single": 0; "married": 1; "divorced": 2; "unknown":
3;

Education: "basic.4y": 0, "basic.6y": 1, "basic.9y":2, "high
school," "professional course," "university degree," "illiterate,"
"unknown," and "7,"

"default": "no": 0, "yes": 1, and "unknown": 2,

'month': 'January': 0, 'failure":0,'success': 1,
'monexistent':2,'may":4, 'jun":5, 'jul":6, 'aug'.7,'sep":8, 'oct":9,
'nov':10, 'dec":11'

= "poutoute": "failure":0, "success":1, "nonexistent":2

Table (4.16) Nominal to Numeric Result

age job education marita defaul balanc housin contact loan
) t e g

58 0 o 1 0 2143 1 0 0
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4 1 1 0 0 29 1 0 0
33 2 1 1 0 2 1 0 1
47 3 3 1 0 1506 1 0 0
33 4 3 0 0 1 0 0 0

C- Normalization Process Results

In order to prevent significant value differences from
predominating the results, normalization is a crucial step that has
been carried out on the banking dataset (Banking Dataset -
Marketing Targets). Using the Standardization normalization
approach, the feature values varied from zero to one. A portion of
the banking dataset's data normalization is displayed in table (4.17)
Whereas the columns represent the attributes, while the rows
represent the sequence of data.

Table (4.17) The Normalization Result

0 1 2 3 4 5 6
0 -1.730675 1.217417 -0.396049 -0.329157 -1.639605 -0.295014 -0.436820
1 -0.632475 0.539960 -0.462467 -0.329157 0.407377 1.239535 2.122828
2 0.099659 -0.137496 0.504801 -0.329157 0.407377 -0.934409 -0.863428
3 -0.449441 -0.137496 -0.407586 -0.329157 0.407377 -1.318046 -0.436820
4 0.740276 -1.153680 -0.468080 -0.329157 0.407377 -1.190167 -1.716644
5 0.740276 -1.153680 -0.368609 -0.329157 -1.639605 1.751052 -0.436820
6 0.831793 -0.476224 -0.275686 -0.329157 2.454359 0.216503 2.122828
7 -0.357924 0.878688 0.756440 -0.329157 0.407377 -0.550772 -0.436820
8 0.465726 -0.476224 1.732750 -0.329157 0.407377 0.600140 0.416396
9 -0.083374 -0.814952 1.172097 -0.329157 0.407377 0.344382 0.416396
10 -1.547642 -0.814952 -0.175280 3.038062 0.407377 0.216503 -0.010212
11 -1.090058 -0.814952 -0.441887 3.038062 0.407377 1.878931 -0.863428
12 -0.357924 0.878688 -0.171226 -0.329157 0.407377 ©.855898 1.269612
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4.4.2 SMOTE Process Results

To enlarge the Minority dataset and balance the class label, a
Synthetic Minority Oversampling Technique is utilized to provide
fresh data. Table (4.18) Give an example of the generated data in
Banking Dataset - Marketing Targets dataset.

Table (4.18) Banking Dataset - Marketing Targets dataset

sample
age Jjob marital education default balance housing loan contac
%] 58 0 1 %) e 2143 1 (5
1 a4 1 (5] 1 e 29 1 5
2 33 2 1 1 %) 2 1 1
3 47 3 1 3 %) 1506 1 0
4 33 4 (5] 3 %) 1 0 0
5 35 0 1 5 e 231 1 0
6 28 0 (5] 5 e 447 1 1
7 42 2 2 5 1 2 1 (5
8 58 5 1 2 e 121 1 e
9 43 1 @ 1 e 593 1 (5
10 41 6 2 1 %) 270 1 0
11 29 6 @ 1 5] 390 1 (5
12 53 1 1 1 e 6 1 5
13 58 1 1 3 71 1 0
14 57 7 1 1 %) 162 1 0
15 51 5 1 2 e 229 1 0
16 45 6 (5] 3 e 13 1 (5

Chapter Four Results and Discussion

4.4.3 Data Reduction

The reduction levels for banking dataset (Banking Dataset -
Marketing Targets) will be used in this study to find the most useful
features and look at how they affect the prediction model. There are
many features in the banking dataset (Banking Dataset - Marketing
Targets), but not all of them are appropriate for the prediction
process because some of them decreased the prediction model's
accuracy and increased the processing time. To extract the most
significant factors that have an impact on banking, the feature
selection system is used in this thesis. The reduction process consists
of the two processes of Feature Selection and Ranking Correlation.

A- Ranking Correlation

This technique's main objective is to shrink the dataset
(Banking Dataset - Marketing Targets) dimensionality by
locating pertinent features. A class label and a feature's ranking
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correlation coefficient are determined. The features with the
highest value were chosen using this methodology. Out of a total
of 17, the first (9) attributes were chosen as informational
features for additional research. Table (4.19) The Ranking
Correlation Result.

Table (4.19) The Ranking Correlation Result

y 0.
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B- Feature Selection

This strategy aims to reduce the dataset's dimensionality,
which is calculated using the Feature importances approach
between the feature and the class label. The features with the
greatest Feature importances value have been chosen as a result
of this methodology. between (17 characteristics). Table (4.20)
shows the Feature Selection of the banking dataset.

Table (4.20) shows the Feature Selection of the banking

dataset
balance housing loan duration campaign pdays previous poutcom
0 2143 1 0 261 1 -1 0
1 29 1 0 151 | -1 0
2 2 1 1 76 1 -1 0
3 1506 1 0 92 1 -1 %)
4 1 %) 2} 198 1 -1 0
5 231 1 0 139 1 -1 0
6 447 1 1 217 1 -1 %)
7 2 1 0 380 1 -1 %)
8 121 1 0 50 1 -1 0
9 593 1 0 55 1 -1 0
10 270 1 0 222 1 -1 %)
11 390 1 0 137 1 -1 0
12 6 1 0 517 1 -1 %
13 71 1 0 71 1 -1 %
14 162 1 0 174 1 -1 0

e

O O O O OO OO0

()

O O 0O OO0

O O O O O O O O O O OO O O oK

4.4.4 Predictive modeling

In this thesis, four prediction models Naive Bayes, Decision Tree,
KNN, and Logistic are used to conduct a predictive modeling technique.
For each of the used datasets (Banking Dataset - Marketing Targets), the
specific measurements are shown in Table (4.21) Precision, recall, and
support, F- score are the metrics in question.

80



Chapter Four Results and Discussion

Table (4.21) Precision, recall, F- score, and support Result

Algorithm type | Precision Recall  F-score  support

Naive bayes 0.92 0.93 0.92 11687 NO
0.53 0.46 0.49 1877 YES
0.72 0.70 0.71 13564  macro avg
0.86 0.87 0.87 13564  weighted avg
Decision tree 0.88 0.91 0.89 7631 NO
0.91 0.88 0.90 8338 YES
0.89 0.89 0.89 15969  macro avg
0.89 0.89 0.89 15969  weighted avg
KNN 0.88 0.92 0.90 7631 NO
0.92 0.88 0.90 8338 YES
0.90 0.90 0.90 15969  macro avg
0.90 0.90 0.90 15969  weighted avg
Logistic 0.98 0.91 0.95 8579 NO
0.29 0.66 0.41 464 YES
0.64 0.79 0.68 9043 macro avg
0.94 0.90 0.92 9043 weighted avg

A- Naive bayes

The first step in using the Naive Bayes algorithm in banking
operations is to gather data relevant to the current issue. Information
like salary, age, employment history, and other pertinent details may be
among the data gathered, for instance. Using Naive Bayes theory for
predictive modeling in banking operations can help to enhance
decision-making, lower risk, and boost efficiency. The best outcomes
were obtained when smote, standardization, and data reduction were
combined with Naive Bayes. Table (4.22) presents this process among
SMOTE, Standardization and data reduction.
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Table (4.22) Result NB with SMOTE, data reduction and
standardization

Algorithm NB Accuracy Recall Precision error

SMOTE False 0.8696 0.2885 0.4554 0.1303
Data Reduction  Fales
Standardization False

SMOTE True 0.8403 0.8863 0.8104 0.1596
Data Reduction @ False

Standardization | False

SMOTE False 0.8684 0.4950 0.4558 0.1315
Data Reduction  True

Standardization False

SMOTE False 0.8399 0.5085 0.3765 0.1600
Data Reduction @ False
Standardization @ True

SMOTE True 0.7781 0.9305 0.7119 0.2218
Data Reduction  False
Standardization True

SMOTE False 0.8463 0.4772 0.3865 0.1536
Data Reduction @ True
Standardization @ True

SMOTE True 0.8322 0.8788 0.8027 0.1677
Data Reduction  True
Standardization  False

SMOTE True 0.8038 0.8826 0.7612 0.1961
Data Reduction @ True
Standardization  True

B- Decision tree

to apply a Decision Tree (DT) algorithm to the dataset (Banking
Dataset - Marketing Targets) in order to predict whether the client
would sign up for a term deposit (yes/no). A tree-like model is used by
DTs, a supervised learning technique, to produce predictions or choices

82



Chapter Four Results and Discussion

based on input features. The Smote, standardization, and data reduction
are the foundation of the DT's operation. When DT corresponds with
the crucial traits, it has the maximum accuracy. Table (4.23) presents
this process among SMOTE, Standardization, important features and
data reduction.

Table (4.23) Result DT with SMOTE, data reduction, important

Algorithm DT
SMOTE False
Data Reduction Fales
Standardization False
SMOTE True
Data Reduction False
Standardization False
SMOTE False
Data Reduction True
Standardization False
SMOTE False
Data Reduction False
Standardization True
SMOTE True
Data Reduction False
Standardization True
SMOTE False
Data Reduction True
Standardization True
SMOTE True
Data Reduction True
Standardization False
SMOTE True
Data Reduction True
Standardization True
SMOTE True
Important features True
Standardization False

features and standardization

Accuracy

0.8763

0.8941

0.8763

0.8781

0.8934

0.8767

0.8941

0.8952

0.8828

83

Recall

0.4647

0.9117

0.4804

0.4804

0.9098

0.4657

0.9109

0.9104

0.8960

Precision

0.4541

0.8828

0.4554

0.4623

0.8829

0.4555

0.8833

0.8855

0.8752

Error

0.1236

0.1058

0.1236

0.1218

0.1065

0.1232

0.1058

0.1047

0.1171
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SMOTE False 0.8751 0.4657 0.4494 0.1248
Important features = True
Standardization True
SMOTE True 0.8840 0.8982 0.8757 0.1159
Important features True
Standardization True

C- KNN

In many banking applications, KNN algorithms are used to forecast
whether a client would sign up for a term deposit (yes/no). The
algorithm determines the closest neighbors by calculating the distance
between the new applicant's qualities and those of current clients. The
algorithm predicts through association with Smote, standardization, and
data reduction while taking into account the nearby neighbors' labels
(default or non-default). Table (4.24) presents this process among
SMOTE, Standardization and data reduction.

Table (4.24) Result KNN with SMOTE, data reduction and
standardization

Algorithm KNN Accuracy  Recall Precision Error
SMOTE False 0.8696 0.2885  0.4554 0.1303
Data Reduction Fales
Standardization False
SMOTE True 0.8870 0.9649  0.8342 0.1129

Data Reduction @ False
Standardization = False

SMOTE False 0.8699 0.2965 0.4584 0.1300
Data Reduction True
Standardization False

SMOTE False 0.8841 0.3691 0.5449 0.1158
Data Reduction @ False
Standardization | True

SMOTE True 0.9001 0.9240 0.8812 0.0998
Data Reduction False
Standardization True
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SMOTE False 0.8732 0.3297 0.4804 0.1267
Data Reduction True

Standardization = True

SMOTE True 0.8483 0.9123 0.8079 0.1516
Data Reduction True

Standardization False

SMOTE True 0.8607 0.8992 0.8341 0.1392
Data Reduction True

Standardization = True

D- Logistic

Logistic regression can be used in the banking industry for a variety
of purposes, including predicting customer attrition. The logistic
algorithm must be related to Smote, standardization, and data reduction
in order to be used to the prediction model. Table (4.25) presents this
process among SMOTE, Standardization and data reduction.

Table (4.25) Result Logistic with SMOTE, data reduction and

standardization

Algorithm LG Accuracy Recall Precision error
SMOTE False 0.8906 0.2013 0.5906 0.1093
Data Reduction @ Fales
Standardization False
SMOTE True 0.8123 0.8036 0.8187 0.1876
Data Reduction @ False
Standardization @ False
SMOTE False 0.9011 0.3439 0.6263 0.098
Data Reduction @ True
Standardization False

SMOTE False 0.9013 0.3150 0.6437 0.0986
Data Reduction @ False
Standardization | True
SMOTE True 0.8540 0.8641 0.8477 0.1459

85



Chapter Four

Results and Discussion

Data Reduction @ False

Standardization True

SMOTE False 0.9013 0.2938 0.6369 0.0986
Data Reduction | True

Standardization | True

SMOTE True 0.7808 0.7299 0.8138 0.2191
Data Reduction True

Standardization False

SMOTE True 0.7821 0.7421 0.8076 0.2178
Data Reduction | True

Standardization | True

4.45 Evaluation Metric

It was determined how well the Naive Bayes, Decision Tree, KNN,
and Logistic prediction models performed. All features that have surfaced
are often regarded as influencer features. After that, they were incorporated
into the model to demonstrate both their significance and the level of
precision that could be obtained by these attributes. In reality, using a few
features really makes accuracy much better. A confusion matrix is a table
that is used to evaluate the performance of a classification model by
comparing the actual and predicted class labels. In the case of a (Naive
Bayes, Decision Tree, KNN, and Logistic) classification models, a
confusion matrix can be used to determine the accuracy of the model in
predicting the class labels for a given set of input data. Table (4.26)
Confusion Matrixes (NB, TD, KNN, LG).
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Table (4.26) Confusion Matrixes (NB, TD, KNN, LG)
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4.5 Results Using WEKA

Two data sets are utilized:

4.5.1 Banking Dataset - Marketing Targets

The 1% dataset is Banking Dataset - Marketing Targets dataset is
used to studying customer behavior in the banking industry and developing
predictive models for marketing campaigns is presented in Table (4.15).

4.5.2 Attribute Ranking

A preprocessing process is performed by analyzing the 1% dataset
(Banking Dataset - Marketing Targets) and observing its attributes. It
composed of 17 attributes. A competition process is implemented using a
WEKA software to rank these attributes based on their significance. Table
(4.27) presents the sorted list of the ranked attributes.

Table (4.27) attributes ranking for a Banking Dataset - Marketing.

Rank Attributes Old No
1 Duration 12
2 pout come 16
3 Housing 7
4 Contact 9
5 P days 14
6 Previous 15
7 Campaign 13
8 Loan 8
9 Marital 3
10 Month 11
11 Balance 6
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Education
Job

12
13
14
15
16

10

Day
Age

Default

4.5.3 Attributes Correlation

The value of the next time values for each attribute can be predicted.
To reach accurate prediction, a correlation process must be performed to

show the correlation coefficient between any attributes pair. Strong or weak

correlation may give a good indication in ignore or perform an attribute

reduction process. Table (4.28) shows the correlation coefficient matrix for

the used banking dataset.

Y

Pout come

Previous

P days

Campaign

Duration

Month

day

contact

loan

Housing

balance

default

Education

marital

Table (4.28) correlation coefficient matrix for banking dataset

0.0252

0.00332

0.00129

0.0238

0.00476

0.00465

0.00623

0.00912

0.061

0.0157

0.186

0.0978

0.0179

0.105

0312

0.0686

Age

0.0344

0.015

0.0124

0.0148

0.0148

0.00987

0.0462

0.0176

0.0619

0.0266

0.08

0.0376

0.0066

0.187

0.0564

0.0686

Job

0.0546

0.0226

0.013

0.0249

0.0272

0.0201

0.0281

0.00642

0.0364

0.0387

0.0166

0.0215

0.0116

0.0537

0.0564

0.0321

Marital

0.0448

0.0125

0.0125

0.0165

0.0162

0.00191

0.0475

0.0124

0.0743

0.0537

0.0849

0.0634

0.0116

0.0537

0.187

0.105

Educatio
n

0.0224

0.0365

0.0183

0.03

0.0168

0.01

0.0134

0.00942

0.0134

0.0772

0.00603

0.0667

0.0116

0.0116

0.0066

0.0179

Default

0.0528

0.0276

0.0167

0.00344

0.0146

0.0216

0.0497

0.0045

0.0235

0.0844

0.0688

0.0667

0.0634

0.0215

0.0376

0.0978

Balance
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4.5.4 predictive modeling

To perform a predictive modeling approach, four prediction models
are utilized in this thesis (Naive bayes, Decision tree, KNN and Logistic).
Table (4.29) presents the specific measures for each of the used datasets.
These measures are (TP rate, FP rate, precision, Recall, F-Measure, MCC,
ROC Area, PRC Area).
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Table (4.29) some class-specific accuracy

= ] 2. o
- 0.975 0.861 0.440 0.932 0.927 0.937 0.472 0.927 NO
o
il’.‘ 0.445 0.861 0.440 0.507 0.528 0.488 0.073 0.528 Yes
'g 0.913 0.861 0.440 0.882 0.880 0.884 0.426 0.880 avg
=g 0.947 0.843 0.488 0.946 0.959 0.933 0.519 0.959 NO
;
§ %: 0.486 0.843 0.488 0.537 0.481 0.609 0.041 0.481 Yes
% 0.893 0.843 0.488 0.898 0.903 0.895 0.463 0.9.3 Avg
0914 0.646 0.319 0.927 0.938 0.917 0.645 0.938 No
5 0.237 0.646 0.319 0.389 0.355 0.431 0.062 0.355 Yes
0.835 0.646 0.319 0.864 0.870 0.860 0.577 0.870 avg
5 0.985 0.907 0.427 0.946 0.975 0.918 0.654 0.975 NO
0§ 0.551 0.907 0.427 0.451 0.346 0.648 0.025 0.346 Yes
0.934 0.907 0.427 0.888 0.902 0.887 0.580 0.902 avg

A- Confusion Matrixes

A classification model's performance can be assessed using
confusion matrices, which count the true positives, true negatives, false
positives, and false negatives. Confusion matrices can be used to assess
(DT, KNN, LG and NB) a popular classification approach. Confusion
Matrixes Table (4.30).
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Table (4. 30) Confusion Matrixes

Confusion Predicated Confusion Predicated

Matrix Class
No

Matrix Class
No Yes
1633 38289

Yes

No

2924 36998
Decision

2791 2498 tree Yes 2542 2747

Confusion Predicated Confusion Predicated

Matrix Class Matrix Class

2482

37440

Logistic No 990 38927

1879 3410 Yes 1831 3458

B- Algorithm accuracy

accuracy is a table that compares the actual and anticipated class
labels to assess the effectiveness of a classification model. accuracy can be
used to evaluate how well a (NB, DT, KNN and LG) classification model
predicts the class labels for a specific set of input data. Confusion Matrixes,
Table (4.31).

Table (4.31) Algorithm accuracy

Algorithm | Accuracy Error

type

Naive bayes 88.0073 0.1532 0.23
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Decision 90.3121 0.1269 2.12
KNN 86.9678 0.1303 0.01
Logistic 90.1506 0.1391 3.13

4.5.5 bank-additional-full

The 2" dataset is a bank-additional-full is used in the classification
goal to predict if the client will subscribe a term deposit (variable y) which
is presented in Table (4.2).

4.5.6 Attribute Ranking

A preprocessing process is performed by analyzing the data and
observing its attributes. It composed of 21 attributes. A competition
process is implemented using a WEKA software to rank these attributes
based on their significance. Table (4.32) presents the sorted list of the
ranked attributes.

Table (4.32) attributes ranking for a bank-additional-full

Rank Attributes Old No
1 Duration 11
2 nr. employed 20
3 Pdays 13
4 euribor3m 19
5 emp.var. rate 16
6 Previous 14
7 pout come 15
8 Contact 8
9 cons.price.idx 17

10 Default 5
11 Campaign 12
12 Month 9
13 cons.conf.idx 18
14 Marital 3
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15 Job 2
16 Age 1
17 Education 4
18 day of week 10
19 Housing 6
20 Loan 7

4.5.7 Attributes Correlation

To study and analyze the relation and the effects of each attribute on
the others, a correlation study is conducted. The correlation between any
two attributes. The process starts by selecting a bank-additional-full
attribute and test its correlation coefficient with the second, third, ...... till
the last one and so on for other attributes. The correlation results are
recorded in a matrix of (21 x 21). The strong correlation coefficient value
(which is greater or equal 0.7) is selected and attended. Table (4.33) shows
a sample of the created correlation matrix.
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Table (4.33) correlation coefficient matrix for bank-additional-full

0.0304 0.036 004427 0.0267 0.0993 00112 0.00493
ur. emploved 0.0177- 0.0425 0.0808 0.024 0.19 0.0442 0.00352
ewribor3m 0.0108 0.0361 0.0867 0.024 0.195 0.0573 0.000718
cons.confid= 0.129 0.052 00551 0.0535 0.0264 0.0320 0.0105
cons._price. idx 0.000857 0.0393 0.0479 0.0425 0.168 0.0782 0.0021
emyp var. rate 0000371- 0.0402 00783 00273 00203 003582 00582
Pout come 00156 0.0218 00374 0.016 0.0999 0.0235 0.000637
previous 00244 0.027¢% 0.0403 0.0196 0103 0.0206 0.00831
Pdays 00344 0.0318 00323 0.020% 0.0801 0.0102 0.000669
campaign 000459 0.00573 000423 0.00193 00329 0.0106 0.00479
duration 0.000866 0.00893 0003533 0.00811 00117 0.00745 0.00167
day_of_week 00182 0.00574 0.00636 0.00812 000578 0.01 0.00501
month 0.0469 0.0445 00236 0.0379 00511 0.237 0.00437
contact 0.00702 0.052 00580 0.053 0.135 0.08 0.00558
Loan 0.00707 0.00715 000318 0.0475 000258 0.057% o
housing 000156 0.00914 0.0108 0.0092 00154 _ 0.0579
default 0.165 0.0880 0117 0.0944 _ 0.0154 0.00259
education 0.0797 0.158 0.0679 00944 0.0092 000473
marital 0.298 0.0764 _ 0.0679 0117 0.0108 0.00319
job 0.0792 _ 0.0764 0.158 00880 0.00914 0.00713
age _ 0.079 0.298 0.0797 0.165 0.00156 0.00707

Age Job Mlarital Educated Default Housing Loan

4.5.8 predictive modeling

To perform a predictive modeling approach, four prediction models
are utilized in this thesis (Naive bayes, Decision tree, KNN and Logistic).

Table (4.34) presents the specific measures for each of the used datasets.

These measures are (TP rate, FP rate, precision, Recall, F-Measure, MCC,

ROC Area, PRC Area).
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Table (4.34) specific accuracy by class

>
=
(1))
[=]
=
=S
=
B

UOISIAIJ
AINSBIA-
BV DOYU
BV DUd

Z 0.978 0.871 0.458 0.927 0.905 0.949 0.383 0.905 NO
£
§- 0.481 0.871 0.458 0.522 0.617 0.453 0.095 0.617 Yes
o
<
& 0.922 0.871 0.458 0.881 0.873 0.893 0.350 0.873 avg
g 0.966 0.884 0.533 0.951 0.959 0.942 0.462 0.959 NO
N
* 2.
= 2 0.538 0.884 0.533 0.580 0.538 0.627 0.041 0.538 Yes
=]
:E; 0918 0.884 0.533 0.909 0.912 0.907 0.414 0.912 Avg
g 0918 0.645 0.317 0.929 0.938 0.920 0.645 0.938 No
0.225 0.645 0.317 0.386 0.355 0.422 0.062 0.355 Yes
0.840 0.645 0.317 0.868 0.873 0.864 0.580 0.873 Avg
— 0.991 0.935 0.484 0.951 0.973 0.930 0.577 0.973 NO
)
[iE]
7 0.597 0.935 0.484 0.516 0.423 0.663 0.027 0.423 Yes
(e}
0.947 0.935 0.484 0.902 0.911 0.900 0.515 0.911 Avg

A- Confusion Matrixes

A classification model's performance can be assessed using
confusion matrices, which count the true positives, true negatives, false
positives, and false negatives. a popular classification approaches.
Confusion Matrixes Table (4.35).
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Table (4.35) Confusion Matrixes (Naive Bayes)

Confusion Predicated Confusion Predicated

Matrix Class
No Yes

AEALN No 3463 33085 | UMM No 1000 35548
bayes Yes 2865 1775 Yes 1963 2677

Matrix Class

Confusion Predicated

Matrix Class

Confusion Predicated

Matrix Class

Decision 1483 35065

O ves 2408 2142 | IRAAN No

2250 34298

Yes 1646 2994

B- Algorithm accuracy

accuracy is a table that compares the actual and anticipated class
labels to assess the effectiveness of a classification model. Accuracy can
be used to evaluate how well a (Naive Bayes, Decision Tree, KNN,
Logistic) classification model predicts the class labels for a specific set of
input data. Accuracy Table (4.36).
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Table (4.36) Algorithm accuracy

Algorithm Accuracy

type

Naive bayes 87.2827 0.1406 0.17
Decision 91.1989 0.1132 1.95
KNN 87.2681 0.1273 0.02
Logistic 91.0726 0.2508 3.88

4.6 Comparison

Table (4.37) presents the comparison with the closely related works.
This thesis results shows a superiority on the previous related works.

Table (4.37) The Comparison Result

Ref. The used The used Results in this thesis
No, algorithm Dataset
Year
2022 Decision tree  Banking decision tree (DT) accuracy
Dataset - 0.784 Naive bayes 0.87 & Recall
Marketing 0.92
Targets
2020 KNN, linear Banking KNN is Accuracy 0.88 Decision tree 0.8952
model, Dataset - Linear Accuracy 0.89
logistic Marketing Logistic Accuracy 0.89 KNN 0.9001
model Targets
Logistic 0.9013
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NN, SVM,
NB

Logistic
Regression,

KNN, SVM

NB, One-R

Banking
Dataset -
Marketing
Targets

A bank-
additional-

full

Banking
Dataset -
Marketing
Targets

NN Accuracy 94.8684
SVM Accuracy 89.8031
NB Accuracy 88.3294

Logistic
Accuracy 0.848
SVM Accuracy 0.856
KNN Accuracy 0.917

NB Accuracy 88.4541
One-R Algorithm 89.3875

Regression
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Decision tree 0.9336
KNN 0.9285
Logistic 0.9102
Naive bayes 88.0073
Decision tree 90.3121
KNN 86.9678
Logistic 90.1506
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Chapter Five

Conclusions and Future Works

5.1 Conclusions

The following are the main conclusions gained from the results obtained
utilizing the proposed system for predict if the client will subscribe
(yes/no) a term deposit expression:

X/
0’0

)/
0’0

The suggested system has demonstrated its effectiveness in detecting
relevant features (the best features) and deleting irrelevant or
harmful features. Furthermore, according to all conventional
assessment metrics, this proposed system produces good outcomes
in the prediction model.

Model balancing using the Smote algorithm gave the best results for
the class. Therefore, a high accuracy was obtained.

The proposed system has successfully proved the feature selection
approach according to the dataset’s, with satisfying results in the
prediction model.

The comparison between the models such as DT, Logistic, Naive
Bayes and KNN, proves that the proposed model gives better results
for all datasets with all parameters. The best enhancement results are
0.9336, 0.9102, 0.8606, and 0.9285 in Accuracy.

The comparison between the models such as KNN, DT, Naive
Bayes, and logistic proves that the proposed model gives better
results for all datasets with parameter. The better results
improvement to minimize error ratio (0.071, 0.066, 0.139, 0.089).
To identify the most important features affecting clients' deposit

performance among the total characteristics, a sequential feature
selection algorithm was developed.
For each prediction period, influential features are selected by

Ranking Algorithm.
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5.2 The Future Works

The following is recommended for future works:

¢ Classifying the features related with the bank operations using a big
dataset containing thousands of features.

¢ Apply the proposed approach to other different datasets such as
education.

¢ Examine various models that can be compared to the CNN, SVM,
Random Forest and ANN models and attempting to reduce
prediction error.

¢ studding other feature selection methods, such as chi-squared test,
ANOVA, or mutual information and others, are being investigated
for picking a best subset of features and highlighting their impact on
the prediction model.

¢ Compare the results of other classification approaches, such as SVM

(Support Vector Machines), with the results of the Logistic algorithm
and DT algorithm with the results of the Random Forest.
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