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ABSTRACT

Credit score prediction is the most effective way of analyzing whether a potential client is
eligible for loan or not especially in financial institutions where class imbalance problems are
prevalent. However, limited number of credit score prediction models in banking institutions
take into consideration imbalance data and again, the best resampling technique to be applied

with imbalanced data is still a challenge.

Therefore, in an attempt to address these problems, this research presents an empirical
comparison of various combinations of data imbalance resampling techniques and machine
learning algorithms used to address this challenge of imbalance data. This study utilized credit
score secondary data from bank of Kigali with 58096 customer transaction with 31 variables.
The time scope of data was limited to 2018-2019. Modelling the data and handling class
imbalance was done using python jupyter notebook libraries.

The credit score prediction from each combination were evaluated with F_Beta, F1_score,
precision, recall score to avoid biasness towards majority class hence taking into consideration
effectiveness in each technique and model used which have not been considered in similar

studies.

An experimental result was done in this research using resampling techniques and machine
learning algorithms to enhance credit score prediction for bank of Kigali clients. The findings
suggest that combining oversampling technique and random forest algorithm vyield the best
prediction of 96.42% and F_Beta of 97.56% among the rest hence the most effective way of
evaluating the eligibility of customers in the banking institution.
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CHAPTER ONE: INTRODUCTION

1.0 INTRODUCTION

Imbalance data issues occur as a result of skewness of data. This challenge is common in data
mining thereby creating a negative impact on classification processes in machine learning [1]. It
occurs when classes have different ratios of specimens in which a large number of specimens
belong to one class and the other class has fewer specimens that is usually an essential class, but
unfortunately misclassified by many classifiers. So far, different approaches such as
oversampling, under-sampling, SMOTE among others have been implemented to mitigate this

problem [2].

This study focused on machine learning techniques to improve credit score prediction. Credit
score is essential in banking institutions since it determines if the customer is eligible to borrow
loan based on the outlined rules and regulations of the banking institution. In most cases,
customers are credited based on their history and can be classified as ’good’ or ’bad’ customer.
Due to imbalanced data, most institutions end up denying loan to clients with ‘good’ history

instead of allowing them simply because of misclassification [3].

In another scenario, the classifier might allow loan to customer with bad history simply because
of misclassification caused by imbalanced data which leads to false positive in the minority

class.

Confusion matrix table:



Predicted Predicted

0 1

Actual

0 N FP

Actual

1 FN TP

Fig. 1.0 Confusion Matrix

In the above fig.1, O represents eligible/non-defaulters while 1 represents. True positives (TP)

where the

True positives (TP): These are the cases where clients are predicted as being ineligible when
they actually do not qualify to be given loan.

True negatives (TN): These are the cases where clients are predicted as being eligible when
they actually qualify to be given loan.

False positives (FP): These are the cases where clients are predicted as ineligible when they
actually qualify to be given loan

False negatives (FN): These are the cases where clients are predicted as eligible when they
actually do not qualify to be given loan

A number of reasons have been highlighted which commonly bring about poor performance on

existing classification algorithms on skewed data [17]. These include:
1. Assumption that all classes have same distribution of data.

2. Accuracy is the main goal i.e. target to minimize the overall error caused by minority class

which in most cases are very little.

3. The assumption that the error coming from both majority class and minority class have equal
cost. Therefore, with imbalance data sets, data mining algorithms produce degraded models

which fail to take into consideration minority class since most of them assume balanced dataset.



The goal of this research was to address these challenges in the financial sections using data
mining and machine learning techniques. Some of the techniques applied to handle imbalance
data include the SMOTE (Synthetic minority over Sampling Technique) [4]. This technique
creates synthetic samples. It applies neighbor’s algorithm to generate new and synthetic data that
is used in training the model. Oversampling technique is another important technique explained
by [5] which involved simply adding more samples of minority class in order to merge or
balance with majority class. The majority class samples are generated by applying one of the
following methods: Repetition, SMOTE or Bootstrapping. This method is applicable especially
when there is insufficient dataset. Under-sampling technique minimizes the size of majority class
thereby balancing the data [6]. It is used especially when there is sufficient data. This is done by
maintaining rare class samples (minority class samples) and selecting a random sample of size
from majority class therefore a balanced new dataset was achieved by modelling further.
NearMiss is a type of under-sampling technique which aims to balance class distribution in the
data set by randomly eliminating majority class samples. This technique therefore create space
between two classes by completely removing instances of majority class when they are different
and close to one another [7].

Cost-Sensitive Learning technique is another method of data mining that considers
misclassification cost (and probably other forms of cost) [8]. The aim of this type of learning is
to reduce the overall cost. The main difference between cost-insensitive and cost-sensitive
learning techniques is that cost-sensitive learning handles various misclassifications differently.
Cost insensitive learning does not consider misclassification cost. Its objective is to achieve a
high accuracy classification of examples into a set of well-known classes. Class imbalance
occurs in several real-world applications where there is high skewness class distributions of data.

To solve this problem, cost-sensitive learning is the main approach.

Feature engineering is another approach in handling imbalance data [9]. This is a technique
where the features are manually or automatically filtered/selected thus contributing to predicted
variable (y predictor). Having unnecessary features in a dataset which affects prediction
negatively lowers your prediction accuracy hence needs to be wiped out from training data [10].

Ensemble learning technique combines machine learning algorithms to enhance prediction on

credit score. These includes support vector machine, k nearest neighbor [K-NN], logistic



regression, random forest, naive bayes, and gradient boosting, XGBoosting and decision tree.
Based on the nature of the data, these machine learning techniques enable boosting of credit

score prediction [11].

1.1 PROBLEM STATEMENT

According to [12], real world data sets encounter three main challenges of data imbalance. The
first one is machine learning problem. Machine learning algorithms are developed to reduce
classification errors. But due to the significant high number of instances in the majority class, the
algorithms are biased towards classifying new instances to the majority class. In a loan portfolio
for instance where default rate of 5%, the algorithm average has the tendency to classify new
loan applications to non-default class since it would be accurate 95% of the time.

Secondly, usual practices are mostly confirmed by experts in credit risk as oppose to empirical
studies [3]. This is indeed not optimal, by the fact that the population might be very different
from the other bank’s population. This implies that different loan portfolio works independently
with one another.

In credit control, imbalanced credit dataset is a database where class of defaulters is highly
under-represented as oppose to class of non-defaulters [10]. That is, majority class (defaulters) is
highly under-represented compared to minority class (non-defaulters). Imbalance data if not well
handled can cause serious problems in credit prediction. Furthermore, credit scoring evaluates
credit risks occurrences, improves cash flow in the institution, reduces possible risks and assists
in making managerial decisions.

This problem of data imbalance in credit card fraud is a world application challenge. According
to [8], blue chip companies in 2017 lost to approximate $2 billion, JP Morgan chase $23.5 billion
and Berkshire Hathaway $24 billion. Experts on the same note predicted 32 billion lost on
online credit card fraud.

In banking institution in Rwanda, loan defaulting is still high simply because the measures taken
to mitigate and issue the loan is still a challenge to loan lenders in financial institutions.
According to [13] an audit done on 1% January 2018 by ECL (expected credit losses ECL) group,
a total of FRw 32.463 billion was lost on credit loan. This sum of money is huge and is attributed
to two main factors: Economic scenarios whereby there is limited significant judgement to use

while giving out loans and model estimations which use migration matrix techniques such as



cohort method and duration method on a 12-month basis. The probability of default for off-
balance sheet items has been assumed to be equal to the probability of default of the business
segment they relate to.

These two main challenges are far and wide caused by skewed nature of data and traditional
prediction techniques while lending out loans. Misclassification due to skewed data affects credit
score negatively. These challenges are based on poor insight of the client/customer history which
ends up misclassifying the client due to skewed nature of the data.

This research therefore focused on solving data misclassification using data mining techniques
and machine learning algorithms which include SMOTE, oversampling, under-sampling,
NearMiss, cost sensitive learning and ensemble learning techniques to enhance credit score

prediction processes.

1.1.0 RESEARCH OBJECTIVES
The main objective of this work is to enhance credit score prediction through utilization of
imbalance data mining approach. Specific objective of this study includes the following:
1. To assess the performance of imbalance data mining techniques on credit score
prediction
2. To determine the performance of each resampling technique on credit score prediction.
3. To evaluate effectiveness of each machine learning algorithm using performance

metrics on credit score prediction

1.1.1 RESEARCH QUESTIONS:
1. How is the performance of imbalance data mining techniques on credit score
prediction?
2. What is the level of performance of each resampling technique on credit score
prediction?
3. What is the effectiveness of performance metrics on each machine learning
algorithms on credit score prediction?
1.2 SIGNIFICANCE OF THE STUDY
This study brings significant impact in both the academia world and financial institutions. On the
academia side, this research sets a platform for other researchers to learn on the same field and
do further research in order to get more insight which will contribute to enhancement of

classification issues especially on credit scoring. While on financial institutions, it will assist to



better fix the data imbalance before solving any classification problem therefore improving
prediction which will eradicate misclassification issues. With improved prediction on the credit
score, loan losses would reduce drastically. To managers of bank of Kigali, more insight will be
obtained hence enable loan portfolio to be efficiently managed due to actual and accurate report
from prediction of credit scores since the right people with good history will be eligible for loan

while the rest are denied due to questionable history.

1.3 JUSTIFICATION

This research assisted in balancing imbalance dataset thus helping in predicting credit of each
client/customer. Data imbalance handling techniques such as SMOTE, Oversampling, under-
sampling, NearMiss, cost sensitive learning, feature engineering, and machine learning models
like random forest, Naive Bayes, decision tree, gradient boosting, XGBoosting, SVM and KNN
were applied [6].

1.4 SCOPE

This study was applied in a financial institution (Bank of Kigali). The main focus was to fix
misclassification problem applied to loan applications by solving two main issues: First,
balancing the dataset using data imbalance handling techniques (SMOTE, oversampling, under-
sampling, NearMiss, Cost sensitive and feature engineering) and secondly, choosing the best
machine learning algorithm within a pre-defined set of algorithms to improve credit score
prediction hence solving misclassification problem in the financial sector. A data set from Bank
of Kigali was used to implement this research. Methodology applied quantitative paradigm
where data imbalance handling techniques and machine learning algorithms were used for

modelling.

1.5 THEORETICAL FRAMEWORK

This study is rooted on prospect of banking industry theory. It describes in detail crucial
information that need to be observed and possible risks incurred when poor measures are put in
place to check insights on customers details while making decisions on credit [14]. Therefore,
this credit risk information is no exception in any financial institution. Thus, it is paramount to
have a basis for decision on variables to focus on financial institution setting. These will be
predictor features with much weight that this study seeks to utilize in order to achieve its

objectives. Below is illustration of application theory of the current study.



INPUT VARIABLES OUTPUT VARIABLE
(Age,Residence,Paid Interest,Paid F(x) (CREDIT STATUS

(function of input

Penalty...) variables(x)) |) Ellglble
i) Ineligible)

1.6 LIMITATIONS OF THE STUDY
As far as the study entails credit scoring in the banking institutions, there emerge some limitation

during the research. This includes the following:

1.6.1 Limited access to data
The bank did not provide complete open access to all the information available about clients.

This led to limited findings in the study.

1.6.2 Time Constrains
The time required to complete the study was somehow short given a number of previous studies

both empirical and theoretical had to be undertaken before embarking on the analysis and
drawing conclusion on the same field scope. Again, more time was required on analysis in order

to obtain detailed findings.



CHEPTER TWO: LITERATURE REVIEW

2.1 INTRODUCTION TO THE REVIEW
This section highlights previous studies and achievement in solving the problem of data
imbalance in the financial sector. It goes ahead to check various concepts under the study and

draw limitations from the past studies. Theoretical framework is also provided herein

2.2 EMPIRICAL REVIEW ON DATA IMBALANCE APPROACH

Loan defaulting is the single biggest threat to banks profitability and efficiency. It remains a big
problem since the process of sieving out defaulters is very stringent. Getting credit worthiness
relies on the customer’s history of credibility [11]. In the past years, paper collections and other
excellent surveys that capture advances in imbalanced learning field have been published
[15],[10],[16]and [17].

A research done by [1] discussed in depth data preprocessing techniques such as data cleaning,
transformation, reduction, and time allocated to prepare, sample and even clean imbalanced
datasets. In addition, two resampling techniques (oversampling and under-sampling) were
explained. From the results obtained, prediction with imbalance data was significantly worse
compared with balanced data. Moreover, the results showed that SMOTE and random under-

sampling techniques were not significantly different.

The impact of oversampling technique on imbalance data was discussed by [18]. From the
experiment carried out, oversampling technique increases computation cost of learning algorithm
thus convenient when applied on data set with minority samples. Similar conclusion in

imbalance data set after using the same technique (oversampling) was obtained by [19].

Another study by [20] investigated various imbalanced credit score issues with different
imbalance levels for the performance and worthiness of one-class classifiers. The results
suggested that one-class classifiers perform better easily when the minority class comprises less
than or 2% of the data, while on the contrary, the two-class classifiers are chosen when the

minority class constitutes at least 15% of the data.

On the other hand, a new oversampling technique (oversampling) of handling imbalanced data

was proposed. The technique worked well by creating artificial minority class sample to match



with the majority class. As much as oversampling works well, other techniques like hybrid
sampling, under-sampling, ensemble learning and even cost sensitive learning were not explored
well on the same research [21] , [22]. Two years later, [10] came up with more sophisticated
techniques of handling imbalance credit datasets. The techniques include SMOTE, Oversampling
and under sampling techniques. On the same research, machine learning algorithms were not
utilized well in order to map the best handling imbalance learning technique with suitable

algorithms thus leaving the issue for further research to settle misclassification problem.

In Rwanda, loan defaulting is still a big problem in the financial sector, although significant
efforts have been put to improve bad loans. As reported by the [23], a Rwandan newspaper, the
non-performing loans in mining rose to Rwf2.9 billion in June 2019 from Rwf22 million in June
2018 due to the fact that the prices of international commodities were slowing down. In terms of
trade, the non-performing loans can be tracked down to four big loan facilities accounting for
Rwf15.3 billion in only two banks.

Another report given by the National Bank of Rwanda(BNR), [24] reported that, the overall ratio
of bad loans in microfinance to aggregate loans was 12.3% as of June 2017, almost double the
7.5% recorded for the same period 2016. The central bank attributed this to haphazard
procedures in credit approval processes, which led to a drastic loss of Rwf3.6 billion ($4.3
million) made by microfinance institutions as at June 2017. Most of these loan defaulting issues

are attributed to imbalanced data problems.

2.3 THEORETICAL REVIEW OF THE STUDY.

Lending in financial institution plays a key role in business operation. This facilitates economic
efficiencies by financing small businesses and meeting emerging needs of clients which assist in
tackling their problems [10]. In addition, it boosts the financial institution due to interest imposed
on their clients whenever they take loan.

A super technique approach of using lasso logistic regression algorithm to curb risks caused by
large unbalanced data sets due to misclassification was proposed by [25]. Since there are two
levels on class imbalance problem that is data and algorithm levels. Considering other algorithms
like decision tree, KNN, lasso logistic regression outshines the other methods on crediting score
prediction from the findings [25]. On the other hand, [17] did a survey of some of the data

imbalance handling techniques. Some of the techniques include random oversampling, random
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under sampling and feature engineering. Random oversampling yields better results on

classification performance than the other techniques.

In a study of class imbalance problem, [26] explained the performance of AdaBoost.NC. This
algorithm is an ensemble learning technique which combines the capabilities of boosting method
and negative correlation learning. This is a hybrid algorithm majorly applied in multiclass
imbalanced data problem. The research results showed that combination of AdaBoost.NC and
random oversampling improves the accuracy of prediction while maintaining the overall

performance.

Furthermore, [27] suggested that both ensemble learning and sampling techniques are effective
in classification accuracy improvement of data streams that are skewed. Moreover, it was found
out that SMOTEBoost which is a combination of SMOTE algorithm and AdaBoost is a hybrid
technique which boosts performance of the components.

Modelling risks is also a key element to be factored in. A research done by [10], noticed dangers
associated with modelling if not keenly taken into consideration. For instance, his findings
showed that random forest had the best accuracy of 0.8176 but its specificity was too low (0.015)
and at the same time this algorithm returned the highest false positive of 0.98. Therefore,
accuracy should only be considered as an evaluation metric but rather other evaluations metrics
such sensitivity, F1 score, F_Beta score, precision and specificity should be taken into

consideration.

2.5 GAP IN THE PAST STUDIES

This research builds on the previous studies where they only side on resampling techniques. For
instance, [10] tried to elaborate a number of handling techniques but some of them were not
applied and mapped with the best algorithm to which they can give best prediction. On the other
hand, [25] concentrated on lasso logistic regression technique thus limiting other algorithmic

techniques which can be explored to yield better performance based on the nature of the dataset.

This research therefore tried to find out the best data imbalance handling techniques which
include SMOTE, oversampling, under-sampling, cost sensitive learning, NearMiss and which
machine learning algorithms are suitable to handle financial imbalance credit dataset using Bank

of Kigali dataset to enhance credit score prediction.
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2.6 CONCLUSION

Most studies majorly concentrate on imbalanced data without mapping the best machine learning
algorithm that can solve misclassification problem. This research therefore dwelled on an array
of imbalanced data handling techniques which includes SMOTE (synthetic minority
oversampling technique), oversampling techniques, under sampling techniques, feature selection,
NearMiss, cost sensitive learning, ensemble learning and map with the best machine learning
algorithms  such as decision tree, XGBoost, naive bayes, logistic regression, Kk nearest
neighbour, random forest and gradient boosting that yield better results thus classifying well this
misclassification problem [7]. Furthermore, other evaluation metrics such precision score,
sensitivity, F1 score, F Beta and specificity were taken into consideration in this research to

check effectiveness of the model performance hence enhancing credit score prediction.
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CHEPTER THREE: RESEARCH METHODOLOGY

3.1 INTRODUCTION

This section describes the fundamental techniques and methods that were utilized to meet the
research objectives. These include software, resampling techniques and machine learning
algorithms.

3.2 DATA COLLECTION

This study utilized secondary data from banking institution in Rwanda (Bank of Kigali). The
data set contains a number of input variables and some of the includes: Customer identification,
date of birth, age, place of residence, paid tax details, payment status, and duration of payment.
To analyze the data from the banking institution, collected data history was limited from 2018 to
20109.

3.3 DATA CLEANING

Some data cleaning techniques were essential before modeling applied. The issues that required
cleaning included; irrelevant attributes, missing attributes and redundant attributes [28] for
instance variable ‘unnamed 0’ was dropped since it was duplication of variable ‘customer 1D’
hence has no impact in the data set. Irrelevant attributes were identified and removed. Removing
them aided in getting better results and made the data learning task less computationally
expensive [9] this reduces the number of errors due reduction of number of features, that is curse
of dimensionality.

3.4 DATA UNDERSTANDING AND RANDOMIZATION

After preparing data, it was explored in order to comprehend insights about it and figure out the
analytical techniques to be employed. Python software was utilized to visualize the data using
scatterplots to display relationship between numerical variables, seaborn for data visualization
and matplotlib to enhance interactive visualization. The data was also randomized so that the

training does not base on the sequence of the data.
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3.5 MODELLING

This is an essential process in implementing credit score prediction. At this stage, prediction and
feature engineering is spelt out as explained in [9] by selecting the features in the data set which
have more weight in the output variable . The history of data set from Bank of Kigali was trained
to predict the label variable. This process of modelling was basically training the machine
algorithms to predict credit from features, tuning and validating the data set. Variables that were
used include; age, gender, place of residence, principal amount, paid interest, paid penalty,
amount due, due principal, due interest, overdue days, effective date, duration. Python
programming language was applied to implement machine learning algorithms in this research.
Libraries involved includes Scikit-Learn library which is a free software for machine learning.
For the data to be ready for implementation, encoding of categorical variables that is converting
variables to numeric which enables computer to understand. Moreover, imputation of missing

values was performed using fillna function (mean) to check the variance.

3.6 MACHINE LEARNING ALGORITHMS AND IMBALANCE DATA HANDLING
TECHNIQUES

The problem under study classification problem. It entailed predicting the class label for data
points in the dataset. In this research on the banking industry, the aim was to predict whether a
client belongs to the defaulting group or non-defaulting group. One of the methods used to solve
classification problems is logistic regression. It is a suitable method for conducting analysis
when the output variable is clear and dichotomous/ binary in nature such a way that it had two

categories that’s defaulters and non-defaulters. For example, (defaulter, non-defaulter).

3.6.1 Logistic Regression
In logistic regression, the objective is to estimate the pr(Y = 1|X = x) and select the class k

with the largest probability [25].
Where: pr is probability, Y is output and X is stochastic variable, x is a possible value

Given that there are only two classes, that is defaulters and non-defaulters, we let the

pr(x) =pr(Y =11X =X) e, Equation (1)
We suppose that the log of odds:

Log (/1-p) = Bo + Baxg + oov Brgneveeoveeeiieannn, equation (2)
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is a linear function of the predictor variables x. Therefore, estimating the output variable p(y)
becomes much easier in the presence of parameter estimates g, B4,... B, .To find the
probability that a customer is a defaulter or non-defaulter, we then apply maximization of the
likelihood function using the Newton Raphson method [29] where the likelihood function L(B) is
a function from R®Y to R .

3.6.2 Decision Trees
Decision trees is another common method used for classification problems. A decision tree is a

tree structure that is flowchart-like, whereby every node represents a test on an attribute value,
every branch denotes a test outcome, and the leaves of the tree denote class distributions or the

classes [30].

The mathematical formulation of classification criteria using decision trees can be expressed as

follows as explained by [31] :

Given training set vectors xi € R™,i = 1,...,1 and a label set vector y € R recursive partitioning
of space is performed by decision tree grouping together samples having equal labels. Let Q
represent the data point in a node. For every candidate split 6 = (j, t,,) comprising of a

feature j and threshold t,,, divide the data into two parts as:

Quese (0) and Qyigne(0) subsets :
Quert(8) = (Y% <= b cevniii equation (3)

Qrignt(0) = Q \ Quepe(0)  oooiri equation (4)

The value of impurity at m is calculated with the aid of an impurity function H(), the choice

depending on classification problem or regression:

n

e H (Quege(0)) +

Ny

Nifn“ H(Qright(8)) cvvveeeieiiaiiieaiii e, equation (5)

G(Q,0) =
Parameters minimizing impurity are selected as:
0" =argming G(Q,0) ...oonviriiiii i equation (6)

Recurse, the subsets Q.+ (0™) and Q45 (6™) until we reach a maximum depth that is allowable,

Ny < min OFr Ny, =1 oo, equation (7)

samples
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If a target is as a result of classification outcome having values 0, 1,...,K-1, for node m,

representing a region R,,, with N,,, observations, let:

Pmk = 1/Nim Zxierp L Vi = k) oo equation (8)

be the proportion of class k in node m. Some of the measures of impurity that are commonly

used are Entropy given by:

H(Xn) = Yk P 108(Pmk) < oveveneeeeieeiie e equation (9)

Gint H(X;) = Xk Pk (1 = Dink) v eveeeeeee e equation (10)

and misclassification:

H(X;n) = 1 = MAX (D) wvvevvenvrennennemneetee ettt et et et eeeenaeas equation (11)

whereby X,,, represents the training set found in node m

3.6.3 Random Forest implementation in Scikit-learn
Scikit-learn calculates importance of nodes using Gini importance assuming two child nodes

only for every decision tree [32] as:
ni; = Wi G — Wiere() Ciefe(j) = Wright(7)Cright(j) -« -vveemeemeemeeneeneeneeenan. equation (12)
Where:

 ni;= the importance of node j

« w; = weighted number of samples reaching node j

o Cj=the impurity value of node j

« leftj= child node from left split on node j

« right; = child node from right split on node j
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we then calculate the importance of each feature i that is fi; on decision tree:

fl _ Zj:nodejsplits onfeatureinij
i —

P equation (13)
Yk eall nodes Nik

The importance of each feature can then be subjected to normalization to a value in the range

(0,2) by dividing by the summation of all the values of the feature importance as follows:

fii
Zj €all features fij

NOTM fl; = o e, equation (14)

At the level of the random forest, the feature importance is eventually calculated by calculating
the average over all trees. This is found by summing up the value of the feature importance on

every tree then dividing it by the total number of trees as calculated below:

i . nor 7.
RFfi; = 2j call tree; L equation (15)

Where:
o RFfij=the feature importance of i computed from all trees in the Random Forest model
« normfi;= the normalized importance for feature i in tree j
e T =number of total trees

3.6.4 SMOTE
SMOTE (Synthetic minority over Sampling Technique) is one of the techniques applied to carry

out imbalance data. According to [4], this technique creates synthetic samples. It applies

neighbor’s algorithm to generate new and synthetic data that is used in training the model.

For instance if (xnew) is generated synthetic for xi, SMOTE basically selects an element xi in

Kxi and xi in ymin. Therefore xnew feature vector is the sum of feature vectors and value.
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This can be obtained by multiplying vector difference of xi and xi with the random value 6

from 0 to 1 (8€[0,1]) thus equation
Xnew=xi+(xi-xi)*8

Where xi is an element in kxi

3.6.5 NearMiss
NearMiss is a type of under-sampling technique that aims to create a balance in distribution of

the classes in the data set by randomly eliminating majority class samples. This technique
therefore create space between two classes by completely removing instances of majority class
when they are different and close to one another [7]. This is achieve by finding the distance
between all instances of minority and majority classes where majority class is under sampled.
Secondly the n instances with the smallest distances to the instances in minority class are chosen
from the majority classes. Finally, the nearest method will produce k*n instance of the majority

class if there are k instances in the minority class.

3.6.6 Oversampling
Oversampling technique is another important technique explained by [5] which involved simply

adding more samples of minority class in order to merge or balance with majority class. The
majority class samples are generated by applying one of the following methods: Repetition,
SMOTE or Bootstrapping. This technique is applicable especially when there is insufficient
dataset and if not handled well can lead to overfitting of minority class hence leading to

increased generalization error

3.6.7 Under-sampling
Under-sampling technique creates a balance in the data by minimizing the majority class size [6].

It is mostly used when there is abundant data. This is accomplished by maintaining the rare class
samples and randomly selecting same sample size from majority class therefore a balanced new

dataset was achieved by modelling further.

3.7 VALIDATION AND PREDICTION
Validation of data is paramount. [33] Demonstrate the need to apply cross validation when
selecting an optimal model. This is obtained by splitting the data set into two: Training set and

Validation set. Usually the splitting ratio is 80:20 respectively [33]. In this research, validation
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set was 20% which acted as control experiment of the whole data set. A number of algorithms
were applied to check the one which would give the best accuracy. These include; decision tree,

Guasian Naive Bayes, KNN, XGBoost, Gradient Boosting, SVM and random forest.

3.8 SOFTWARE TOOLS

A number of softwares were involved in order to carry out this research. For instance, Python,
Jupyter notebook and pandas were used to explore the data [34]. Pycharm which is IDE
(Integrated Development Environment) assisted in editing the code while programming. Python-

Django was also used to provide user interface platform to predict and visualize the data.
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CHEPTER FOUR: RESULTS AND DISCUSSIONS

4.0 INTRODUCTION

This chapter displays the results and discussions for the research. In this study of on
enhancement of credit score prediction using data mining techniques, classification models are
well appreciated in order to classify the clients which are eligible for loan and those that are not
eligible. In the data set, Credit score group is classified as the output variable/ target variable
with binary value of 0 and 1. The value 0 classifies the client who is eligible for loan while 1
classifies the non-eligible clients. The data set is imbalanced as only 27 % (15960) transactions
are defaulters (ineligible) whereas the 73% (58096) are non-defaulters as shown in figure 4.0

below:

CreditScoreGroup Distributions
(0: Non Defaulters || 1: Defaulters)
42136

15960

Fig 4.0: Bar graph showing the distribution of the credit score group.

Due to this disparity, misclassification problem is likely to occur during credit score prediction
while classifying the customers. Machine learning algorithms are designed to perform with
maximum accuracy and minimum error when the samples of every class are nearly equal.
Therefore, to avoid this misclassification problem, data imbalance handling techniques should be

applied in the dataset.
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4.1 Data collection

The research explored and utilized secondary data from Bank of Kigali. The history of the clients
of Bank of Kigali is well captured and private information like names are not used for security
reasons. The data used contains 58096 transactions and 31 variables. Variables used to determine
the eligibility of the customer in Bank of Kigali includes Age of the customer, Province,
Customer branch, principal amount, paid interest, amount due, due fee, due tax, payment status,

duration, returning customer, class and overdue days.

4.2 Data cleaning

Data cleaning played a crucial role during research analysis. Before cleaning the data, loading
the data set was initiated. Three variables had NAN (missing) values that is province, district and
class. The two categorical variables province and district missing values were dropped whereas
the missing values were imputed using KNN imputation by finding the k nearest neighbors of the

row with missing values based on the non-missing values.

Apart from missing values in the dataset, unnecessary input variables were also dropped. For
instance, unnamed variable in the data set was dropped since it does not add any impact to the

dataset.

4.3 Data understanding and randomization
Data profiling is paramount at this stage where data set is reviewed, the structure is understood

and interrelationships between the variables is established.

Exploratory data analysis (EDA) was carried out to comprehend the characteristics of data before
proceeding with analysis using visuals. Data profiling was performed to establish the correlation
between the variables which guide in masters the features which contribute most to the output

variable.
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Fig 4.3: Data profiling table.

Fig 4.3 shows data profiling table as per correlation between the variables on every axis. The
range of the correlation is from -1 and +1. The values which are around zero like returning
customer and date of birth has no linear trend between them hence has no correlation therefore
contribute less to output variable. On the other hand, when the correlation is closer to 1, their

correlation is strong hence contribute strongly to the output variable. For instance, in the
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variables such as amount due and due principal, the value is actually 1 hence definitely they are

strongly correlated. Other variables in table varies between the range of -1 and 1.

4.4 Modelling, Machine learning algorithms and Evaluation metrics

Modelling of data imbalance was done in two levels. One is in data level whereby data was
reconstructed using resampling techniques. Oversampling, under sampling, SMOTE (synthetic
oversampling technique), and NearMiss sampling are some of techniques applied on data-level
reconstruction. All the above methods use decision tree, random forest, naive Bayes, support
vector machine, K Nearest Neighbors, and XGBoost classifier to check their performance on

credit score prediction.

The second level is the algorithm level especially in cost sensitive learning algorithm technique
where the algorithms such as a decision tree, random forest, support vector machine and logistic

regression were employed to classify the data without considering their state of nature.

Data validation was obtained by dividing the data set into the validation set and training set. The
splitting ratio used is default ratio which is 80:20, that’s training set taking 80% and validation
set (test set) taking portion of 20%. Performance of the predictions of the algorithms is measured
on the basis of precision score, recall score, F1_Score, F-Beta and accuracy as stated above.

Credit score group is the target variable in the dataset.

The results of the study were geared to answer each of the three specific objectives of the

research as follows:

Objective i: TO assess the performance of imbalance data mining techniques on credit score

prediction

The first objective of this research is to assess the performance of imbalance data mining
techniques on credit score prediction. These techniques include oversampling, under sampling,
SMOTE, NearMiss and cost sensitive learning algorithms. The results of the balanced data were
tabulated and to check their performance, credit score prediction is applied whereby machine
learning models are used to assess the extent of their performance. To answer this objective,
imbalance data was subjected to each technique above and machine learning algorithms were
used to assess the extent of their performance on credit score prediction in terms of efficiency

using accuracy performance metric. The techniques applied are discussed below:
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i) Under sampling Technique

This technique creates a balance in the data by minimizing the majority class size (non-
defaulters) to level of minority class. This was done by maintaining the rare class samples
(minority class) and selecting equal sample size randomly from majority class therefore a
balanced new dataset is achieved. Scikit learn package was used to execute random under

sampling technique as shown in fig 4.6

Random under-sampling:
1 15960
0 15960

Name: Credit score group

Count (target)

16000 -

14000

12000 -

10000 -

8000 -

G000 4

4000 4

2000 -

Fig 4.6 Random under sampling technique.

From fig 4.6, majority class (non-defaulters) have been randomly reduced to 15960 samples
which is the same as minority class sample hence producing a balanced dataset. Therefore,
applying any machine learning algorithm to perform credit score prediction there will be no
biasness since there exist equality on both sides of the binary class. The below table clearly
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shows the performance of every model by evaluation metrics to check effectiveness and

efficiency after balancing original data using random under sampling technique.

Table. 4.4 Model prediction on Under-Sampling Technique.

Model | Precision score | Recall score F1 score F1 Beta | Accuracy
0 Logistic regression 0.792605 0.766707 0.762393 0.863724 0.767962
1 Gaussian NB 0.741446 0.619776 0.566919 0.854816 0.622807
2 Random forest 0.901287 0.901281 0.901211 0.896338 0.901211
3 Decision tree classifier 0.857028 0.857050 0.857033 0.856551 0.857038
4 SVM 0.742241 0.616916 0.561973 0.855053 0.619987
5 KNeighbors classifier 0.797229 0.796606 0.796629 0.811239 0.796784
6 Gradient boosting 0.901469 0.901479 0.901420 0.897345 0.901420
7 XGB classifier 0.902600 0.902620 0.902569 0.899086 0.902569

From the table 4.4, machine learning models including logistic regression, Guassian Naive
Bayes, random forest, decision tree, support vector machine, k nearest Neighbors, gradient
boosting and XGBoost were utilized to assess the performance of credit score prediction on
under sampling technique. To achieve the first objective, efficiency of each model above was
checked using accuracy and from the results the best model is XGBoost Classifier with an
accuracy of 0.902569. The other models Logistic regression, gaussianNB, SVM, K nearest
Neighbors, decision tree, Gradient Boosting and random forest had an accuracy varying between
0.62 and 0.901420.

ii) Oversampling Technique

This technique tries to balance disparity in data set by adding more samples of the minority class
in order to merge with majority class. In the data set, majority class sample is 42136 therefore
instances are picked randomly from the minority class with replacement till the desired balance
of data samples (42136) is achieved on the minority side. The balance data is thereafter used to
tune the credit score group class distribution. This technique if not handled well can lead to

overfitting of minority class hence leading to increased generalization error.
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Random over-sampling:
1 42136

0 42136

Name: credit score group

Count (target)

40000 4
35000
30000 1
25000 4
20000 4
15000 -
10000 -

5000 -

Fig 4.8: Over-sampling technique

From fig 4.8, instances have been picked randomly from minority class with replacement till
desired balance data samples of 42136 is achieved on the minority side (defaulters). Due to
equality achieved on the dataset, applying any machine learning algorithm to perform prediction

will not be biased since there exist equality on both sides of the binary class.

The performance of the oversampling technique is measured based on F_Beta, precision score,
recall score, F1_Score and accuracy so as to check the effectiveness and efficiency of the model

as shown in table 4.5
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Table 4.5 Model prediction on Oversampling Technique

Model | Precision score | Recall score F1 score F1 Beta | Accuracy
0 Logistic regression 0.797207 0.773728 0.770396 0.865072 0.775319
1 Gaussian NB 0.744801 0.625464 0.576091 0.856812 0.629487
2 Random forest 0.964972 0.963947 0.964133 0.975661 0.964165
3 Decision tree classifier 0.949002 0.947047 0.947293 0.964796 0.947375
4 SVM 0.755836 0.668006 0.639161 0.861248 0.671373
5 KNeighbors classifier 0.841081 0.836193 0.836132 0.873659 0.836844
6 Gradient boosting 0.910055 0.910019 0.909878 0.902552 0.909878
7 XGB classifier 0.927421 0.927464 0.927434 0.926461 0.927440

From the table 4.5, machine learning models such as logistic regression, guassian naive bayes,
random forest, decision tree, support vector machine, K Nearest Neighbors, gradient boosting
and XGBoost were used to assess the performance of credit score prediction on oversampling
technique. From the results, the accuracy obtained by Random Forest algorithm is 0.964165
which is the best as compared to the other algorithms; logistic regression, gaussian naive bayes,
support vector machine, decision tree classifier, k nearest Neighbors, gradient Boosting and

XGBoost classifier which have an accuracy that varies between 0.61 and 0.95

iii) SMOTE (Synthetic Minority Oversampling Technique)

This technique increases the number of minority class by generating the synthetic training
samples using linear interpolation for the minority class. SMOTE applies neighbor’s algorithm to
generate new and synthetic data that is used in the training model. Minority class is actually
over-sampled by systematically taking minority samples and introducing synthetic samples along
the line segments minority nearest neighbors. The K nearest neighbors are chosen randomly. On
SMOTE technique, standard scaler is used. Standard scaler assists by scaling each feature in the
train data set to a given range and at the same time translates each feature individually in every
given range for instance in credit score group variable, the range is between zero and one.
SMOTE technique uses scikit learn library package to synthesize the datasets and Standard

scaler tuner package from the same scikit learn library.
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Table. 4.6 Model prediction on SMOTE on Technique

Model | Precision score | Recall score F1 score F1 Beta | Accuracy
0 Logistic regression 0.849648 0.849265 0.849042 0.862192 0.849066
1 Gaussian NB 0.740157 0.626477 0.574145 0.851712 0.623139
2 Random forest 0.941143 0.941135 0.941139 0.940271 0.941145
3 Decision tree classifier 0.906720 0.906748 0.906729 0.907350 0.906734
4 SVM 0.875780 0.875401 0.875469 0.866561 0.875527
5 KNeighbors classifier 0.906998 0.907029 0.906971 0.910481 0.906971
6 Gradient boosting 0.925007 0.924992 0.924999 0.923746 0.925007
7 XGB classifier 0.936721 0.936664 0.936686 0.934389 0.936695

From the table 4.6, machine learning models such as logistic regression, Guassian Naive Bayes,
random forest, decision tree, support vector machine, K Nearest Neighbors, gradient boosting
and XGBoost were used to assess the performance of credit score prediction on SMOTE
technique. From the results, the accuracy obtained by Random Forest algorithm (0.941145) is
the best as compared to the other algorithms; Logistic regression, gaussianNB, decision Tree
classifier, K nearest Neighbors, Support vector machine, gradient Boosting and XGBoost

Classifier which have an accuracy that varies between 0.62 and 0.94.

iv) NearMiss Technique

NearMiss is a type of under-sampling technique that aims to create a class distribution balance in
the data set by randomly eliminating majority class samples. This technique therefore create

space between two classes by completely removing instances of majority class when they are

different and close to one another.
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Table. 4.7 Model prediction on NearMiss Technique

Model | Precision score | Recall score F1 score F1Beta | Accuracy
0 Logistic regression 0.700584 0.700585 0.700584 0.703073 0.700606
1 Gaussian NB 0.651106 0.566492 0.494064 0.225623 0.563283
2 Random forest 0.879751 0.879648 0.879677 0.883933 0.879699
3 Decision tree classifier 0.826235 0.826259 0.826230 0.824655 0.826232
4 SVM 0.247859 0.500000 0.331425 0.000000 0.495718
5 KNeighbors classifier 0.716810 0.716771 0.716684 0.710421 0.716688
6 Gradient boosting 0.874976 0.874568 0.874630 0.883916 0.874687
7 XGB classifier 0.888057 0.888031 0.888042 0.890071 0.888053

From the table 4.7, machine learning models such as logistic regression, Guassian Naive Bayes,
random forest, decision tree, support vector machine, K Nearest Neighbors, gradient boosting
and XGBoost models were used to assess the performance of credit score prediction on
NearMiss technique. The results shows that XGBoost model has an accuracy (0.888053) which
is the best as compared to other models. The rest such as Logistic regression, gaussianNB,
decision Tree, K nearest Neighbors, Support vector machine, Gradient Boosting and Random

Forest obtained an accuracy that varies between 0.495718 and 0.879699.

v) Cost sensitive learning

Cost sensitive learning algorithm is another technique applied in this research. Naive Bayes,
Random forest, decision tree classifier, logistic regression and Ridge classifier are some of the
algorithms that penalizes mistakes in the sample data sets. This technique applies class weight
approach to penalize mistakes in both classes[i] (majority and minority) with class weight][i]
instead of 1. Therefore the higher class-weight means more emphasis on that class. Hence, if
class 0 is more than class 1, then class weight of class 1 should be increased to match up with

class 0 and if class weight doesn’t sum to 1, then it will change regularization parameter.
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Table 4.8 Model prediction on Cost sensitive learning Technique

Model | Precision score | Recall score F1 score F1 Beta Accuracy
0 Logistic regression 0.787704 0.731963 0.751160 0.568112 0.819324
1 Gaussian NB 0.653653 0.628883 0.471496 0.710032 0.473579
2 Random forest 0.904186 0.892532 0.898097 0.839364 0.919846
3 Decision tree classifier 0.851315 0.852762 0.852033 0.787359 0.881691
4 SVM 0.362385 0.500000 0.420212 0.000000 0.724769

From the table 4.8, machine learning models including logistic regression, Guassian Naive
Bayes, random forest, decision tree, support vector machine models were used to assess the
performance of credit score prediction in Cost sensitive learning technique. From the results, the
accuracy obtained Random Forest (0.919846) is the best as compared to the other algorithms;
Logistic regression, gaussianNB, support vector machine, decision Tree classifier which have an

accuracy that varies between 0.473579 and 0.89
Objective ii: To determine the performance of each resampling technique on credit score prediction.

According to objective two of this research; to determine the performance of each resampling
technique on credit score prediction, we determine the level of performance of each technique in

terms of efficiency using accuracy on credit score prediction.

From the results, the accuracy obtained by oversampling technique as shown in table 4.5
emerged to be the best with an accuracy of 0.964165 using the Random Forest model. It was
followed closely by SMOTE technique with an accuracy of 0.941145 using Random Forest
model as observed form table 4.6. The third ranked technique was the cost sensitive learning
technique which obtained an accuracy of 0.919846 based also on Random Forest model as
shown in table 4.8. This was followed closely by under sampling technique with an accuracy of
0.902569 based on the XGBoost model as seen on table 4.4. Finally, the worst technique is
NearMiss Technique with an accuracy of 0.888053 as observed from results in table 4.7. This

was based on the XGBoost model.
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Objective iii: To evaluate effectiveness of each machine learning algorithm using
performance metrics on credit score prediction

To answer the third objective of this research; to evaluate effectiveness of each machine learning
algorithm using performance metrics on credit score prediction, it was fair enough to check
effectiveness of each model applied. To check effectiveness of these models, each algorithm was
evaluated based on F1_Beta, F1_score, precision score, and recall score across all the techniques

and each shows different results.

On under sampling technique, the results on table 4.4 shows that XGBoost Classifier was the
most effective model by obtaining the highest F1_Beta of 0.899086. Moreover, on precision
score, recall score and F1 Score, XGBoost Classifier had the highest value of 0.902600,
0.902620 and 0.902569 respectively. Therefore, we can conclude that XGBoost Classifier
performs well also in terms of effectiveness on under-sampling technique as compared to other

models.

On the basis of oversampling technique, the results on table 4.5 shows that Random Forest
classifier was the most effective model with highest F1_Beta of 0.975661. Moreover, on
precision score, recall score and F1_Score, Random Forest had the highest values of 0.964972,
0.963947 and 0.964133 respectively. Therefore, we can conclude that Random Forest performed

better as compared to other models on oversampling technique in terms of model effectiveness.

SMOTE technique was also intervened. The results from table 4.6 shows that Random Forest
obtained the highest F1_Beta of 0.940271. Moreover, on precision score, recall score and
F1 Score, Random Forest had the highest value of 0.941143, 0.941135 and 0.941139
respectively as compared to other models. Therefore, we can conclude that Random Forest was

the most effective model on SMOTE technique as compared to the rest.

According to NearMiss Technique, the results obtained from table 4.7 shows that, XGBoost
Classifier obtained the highest F1_Beta of 0.890071. Moreover, on recall score, precision score
and F1_Score, XGBoost Classifier had the highest value of 0.888031, 0.888057 and 0.888042
respectively. Therefore, we can conclude that XGBoost Classifier is the most effective algorithm

on NearMiss resampling technique as compare to other models.
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From the results obtained on Table 4.8 Model prediction on cost sensitive learning technique,
Random Forest obtained the highest F1_Beta of 0.839364. Moreover, on precision score, recall
score and F1_Score, Random Forest had the highest value of 0.904186, 0.892532 and 0.839364
respectively. Therefore, we can conclude that Random Forest is the most effective model in cost

sensitive learning technique as compared to rest.

ROC curve

Receiver operating characteristics curve is one of evaluation metrics used to access the
performance of classifiers in this research. ROC curve tells the capability of the model to
distinguish between the classes where in. It is usually plotted with true positive rate (TPR)
against false positive rate (FPR). An excellent model has ROC near to 1 therefore means it has a
good measure of separability while at the same time poor model has ROC curve near to 0 which
means it has the worst measure of separability. At the same time when ROC measurement is 0.5,

it implies that the model has no capability of class separation. It is just similar as flipping a coin.

ROC curves from the investigated models
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Fig. 4.9 ROC curve on the algorithm.

From the fig 4.9, the ROC curve obtained by Random Forest (0.989) is the excellent as
compared to other algorithms; Logistic regression, KNN, decision Tree classifier, Naive Bayes
which have an ROC curve that varies between 0.82 and 0.94. This means random forest has a

good measure of separability between the classes hence the best model as compared to the rest.
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vi) Interpretation of Findings

Interpretation of these findings come in two categories, efficiency and effectiveness of the data
imbalance techniques and the algorithms used. We evaluate the efficiency of all the classifiers on
the basis of its accuracy while concurrently checking how effective the model is by comparing
performance metrics based on F_Beta, F1_Score, recall score and precision score. In both cases
(efficiency and effectiveness) shows how perfect the model is if its performance is high (closer
to 1)

Therefore, on the results obtained above, every data imbalance handling technique performs
differently due to the nature of data set. From model prediction on Under-sampling Technique in
table 4.4, the accuracy obtained by XGBoost Classifier algorithm was (0.902569) which was the
best as compared to other models; Logistic regression, gaussianNB, decision Tree classifier, K
nearest Neighbors, Support vector machine, Gradient Boosting and Random Forest which had an

accuracy that varies between 0.62 and 0.901420.

Using the F1_Beta to check model effectiveness on credit score prediction, XGBoost Classifier
obtained the highest F1_Beta of 0.899086. Moreover, on precision score, recall score and
F1 Score, XGBoost Classifier had the highest value of 0.902600, 0.902620 and 0.902569
respectively. . Therefore, we can conclude that XGBoost Classifier performed well on under-

sampling technigque as compared to other models.

Oversampling technique has the highest performance compared to the rest of data imbalance
handling technique. From table 4.5, applying different algorithms on the oversampling
technique, the accuracy obtained by Random Forest algorithm (0.964165) is the best as
compared to the other algorithms; Logistic regression, gaussianNB, decision Tree classifier, K
nearest Neighbors, Support vector machine, gradient Boosting and XGBoost Classifier which
have an accuracy that varies between 0.61 and 0.95.

Using the F1_Beta, Random Forest obtained the highest precision score of 0.975661. Moreover,
precision score, on recall score and F1_Score, Random Forest had the highest value of 0.964972,
0.963947 and 0.964133 respectively. Therefore, we can conclude that Random Forest is the best

algorithm on oversampling technique as compared to the rest.
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SMOTE technique was the second best technique. From the results from table 4.6 , accuracy
obtained by Random Forest algorithm was (0.941145) which was the best as compared to the
other algorithms; Logistic regression, gaussianNB, decision Tree classifier, K nearest Neighbors,
Support vector machine, gradient Boosting and XGBoost Classifier which have an accuracy that

varies between 0.62 and 0.94.

Using the F1_Beta, Random Forest obtained the highest precision score of 0.939943. Moreover,
on precision score, recall score and F1_Score, Random Forest had the highest value of 0.941143,
0.941135 and 0.941139 respectively. Therefore, we can conclude that Random Forest perform

well on SMOTE technique as compared to other models.

NearMiss technique had the least performance compared to the rest of techniques. From table
4.7, the highest accuracy obtained by XGBoost Classifier algorithm was (0.888053) which was
the best as compared to the other algorithms; Logistic regression, gaussianNB, decision Tree
classifier, K nearest Neighbors, Support vector machine, Gradient Boosting and Random Forest

which have an accuracy that varies between 0.495718 and 0.879699.

Using the F1_Beta, XGBoost Classifier obtained the highest F1_Beta of 0.890071. Moreover, on
recall score, precision score and F1_Score, XGBoost Classifier had the highest value of
0.888031, 0.888057 and 0.888042 respectively. Therefore, we can conclude that XGBoost

Classifier is the best algorithm on NearMiss resampling technique.

Last but not least was cost sensitive learning technique. From fig 4.8 , the accuracy obtained by
Random Forest without resampling the data was (0.919846) which was the best as compared to
the other algorithms; Logistic regression, gaussianNB, decision Tree classifier which have an

accuracy that varies between 0.473579 and 0.89.

Using the F1_Beta, Random Forest obtained the highest F1_Beta of 0.839364. Moreover, on
precision score, recall score and F1_Score, Random Forest had the highest value of 0.904186,
0.892532 and 0.839364 respectively. Therefore, we can conclude that Random Forest is the best

classifier in cost sensitive learning technique as compared to other models.

Therefore from the results obtained from the five techniques, oversampling technique
outperformed other techniques in balancing the data of bank of Kigali. In addition, random forest

algorithm as outlined on equation (15)
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. i norm fi;;
RFfi; = 2 cal tree; T equation (15)

outperformed other algorithms with accuracy of 96.4165 % and F1_Beta of 97%. This is clear
indication that random forest classifier works best with oversampling technique in predicting
credit score of the customers.
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CHEPTER FIVE: SUMMARY, CONCLUSION AND RECOMMENDATIONS

5.0 SUMMARY
From the findings, oversampling technique is placed at the top as a well suited technique for

handling imbalanced data set of bank of Kigali. This is evident with its efficiency and
effectiveness using accuracy, F1_Beta, precision score, recall score and F1_score. Applying this
technique helps to correct misclassification of customers in the bank of Kigali hence reducing
unnecessary lost witness due to leakage of information caused by traditionally technique in
curbing misclassification and insufficient metrics to check and predict the eligibility of the

customers.

5.1 CONCLUSION

To analyze financial institution data (Bank of Kigali), various data mining approaches and
machine learning methods are available. To build accurate and computer efficient classifiers for
financial institution applications is challenging in data mining and machine learning areas. In this
study, we employed five types of data imbalance handling techniques which includes, under
sampling, oversampling, SMOTE, NearMiss and a number of machine learning algorithms
which includes decision tree, logistic regression, random forest, support vector machine (SVM),
GuassianNB, KNN classifier, Gradient Boosting, XGBoosting classifier. Effectiveness and
efficiency of the applied algorithms was checked using evaluation metrics such as precision

score, recall score, F1 score, F1_Beta, ROC curve and Accuracy.

Of the five imbalance handling technique, Oversampling outperform other imbalance technique
by producing the best algorithm with 96.42% accuracy. Therefore in conclusion, Oversampling
technique work best in reconstructing imbalance dataset of bank of Kigali. From the evaluation
metrics in this research, it is evident that random forest algorithm outshines other classifiers with
its efficiency and effectiveness of 96.42% accuracy, F1_Beta of 97.5661 and ROC of 98.9%.
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5.2 RECOMMENDATIONS
From the findings in this research, it is evident that data needs to be balanced to avoid

misclassification. In the case of bank of Kigali, the best data imbalance handling technique we
do recommend is oversampling technique. This has been proven by several data mining and
machine learning algorithms applied in this research which rightfully place oversampling as the
suitable technique for automating credit operations in bank of Kigali. Furthermore, random forest
algorithm came as the best classifier for predicting credit score with its efficiency measure
accuracy of 96.42% and its efficiency performance of F1_Beta of 97% with ROC curve of
98.9%.
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