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Abstract

SACCOs loan delinquency is a severe danger to the organization's capacity to continue
availing loans to loan applicants and to grow. SACCOs are unable to collect what they have
lent out to loan beneficiaries as the default rate rises gradually. This research project aimed at
using the analysis of the different factors that determine loan defaults in microfinance institu-
tions, microlending institutions and SACCOs in Kenya with a focus on Okoa Management Ltd.
and how the same factors can be used to predict the likelihood of a loan borrower to default in
the repayment process by applying machine learning algorithms. Credit risk assessment pre-
cision is important to the functioning of lending institutions. Traditional and most existing
credit score models are developed and designed using demographic characteristics, historical
payment data, credit bureau data and application data, with most of them not suitable for de-
veloping countries such as Kenya which consider the employment type (casual, temporary,
contractual or permanent) and the fact that we can lend up to 3 times as much as the borrower’s
savings. With these factors being constantly changing and dynamic, credit risk models based
on machine learning algorithms provide a higher level of accuracy in predicting default as they
can be continuously trained with new data sets should the variables that are used change. Risk
management has been an increasing issue for credit lending institutions as the need to deter-
mine the likelihood of defaulting by borrowers is becoming more evident. By using machine
learning, we can be able to reduce the uncertainty that comes with borrowing and even go
further to recommending lower amounts for borrowers who we predict are likely to default in
the repayment of the loan amount they have in mind. The research focused on three main al-
gorithms: logistic regression, decision trees and tensor flow on the prediction. The algorithm
that provided the best accuracy was the decision tree. The results of the research showed that
people with little or no collateral (home-ownership/car ownership) were more likely to default
and that there was a low correlation between months since last delinquent and the loan predic-

tion default likelihood status.

Keywords: loan default prediction, machine learning, credit lending
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SACCO

Definition of terms

A credit score used by lenders to evaluate and quantify a borrower’s credit
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Front Office Service Activity. It is a transactional SACCO account that offers
banking services like those offered by Commercial Banks such as loan repay-
ment, standing order set up, etc. (Kimisitu Sacco, 2021).

Savings and Credit Co-operative Societies. It is an organization in which a
group of people stock their savings and offer loans to their own members

(Gundaniya, n.d.).
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Chapter 1: Introduction

1.1. Background Information

Customarily, advancing loans has been based on the establishment of believe and trust. In spite
of the fact that there were credit report measuring tools like the Fair Isaac Corp (FICO) score from as
early as 1989, in some areas the money loaning process is still a bit reasonably subjective, and potential
borrowers are sometimes frequently judged by how trust-worthy their character appeared and by who
the know and the connections they have. Nowadays, banks are able to utilize instruments like FICO
Scores to measure how dependable potential borrowers are, minimizing arbitrariness. All of which

is usually done for one reason: to decide how likely it is that a given borrower will default a credit.

Determining whether or not disbursing a loan will result in the making of a profit or loss is an
important component of money lending that can be done by predicting default likelihood and default
rates. Loans are normally profitable due to interest, but borrowers may default (Zhao, 2020), which is a
breach of the moneylender's trust as well as a risk to the moneylender’s business. As a result, it's critical

for a lender to be able to assess the possibility of a borrower failing before issuing a loan to him or her.

Savings and Credit Co-operative Societies (SACCOs) are begun locally and have strong bases
of little sparing accounts  constituting  a steady and moderately low-cost ~ source  of financ-
ing and more authoritative costs. Sacco Social Orders are not only the fastest-developing component of
Kenya's Agreeable Development, but they are also the most significant in influencing individuals' ca-
pacity to how much they are allowed to borrow. (Olando, Mbewa, & Jagongo, 2013). They are as of
now controlled through the Agreeable Act beneath SACCO Social orders Administrative Specialist in
the SACCO Societies Regulatory Authority (SASRA) which is prudentially directing Front Office Sav-
ings Account (FOSA) working SACCOs. By focusing on the FOSAs, SACCOS can now operate like
banking institutions, which means they can lend out money to members and borrow money from other
finance institutions and that they are also likely to face the same challenges that banks face as well such
as correctly disbursing loan amounts. According to a financial report by (Financial Access, 2013), SAC-
COs lost their market share in spite of the fact that their geographical spread in the country compared to
other financial providers is greater and wider. This could be attributed to challenges that SACCOs faces

due to the characteristics of the market segment it serves such as loan defaulting from its borrowers.



According to (Salaton et al, 2020) the SACCO movement is one of Kenya's most highly recog-
nized strategies for increasing resource mobilization and utilization. However, studies on the elements
that influence the performance of these cooperatives have yielded inconsistent results, indicating that
more research is needed. Many individuals in Kenya and other poor countries benefit from savings and
credit cooperative societies despite there being a large demand for the service compared to the supply
(Marwa & Aziakpono, 2015). The inability of SACCOs to expand is hampered by a shortage of funding
— and the failure of borrowers to repay their loans does not help with the situation. Saving and credit
cooperative societies play an important role in financial intermediation, which is problematic when the
demand for money exceeds the supply. The world Council of Credit Union suggested that SACCOs
worldwide face similar challenges which brought about regulations that are remedial measures for future
financial crisis (Olando & Mbewa, 2012).

SACCOs make money through profits. They earn these profits through interest repaid by mem-
bers when they repay their loans (Opiyo, 2014). Without being able to correctly predict the member’s
ability to be able to repay their loans, SACCOs increase their risk to money loss. With SACCOs relying
on this money for investment in different industries and for borrowing from larger financial institutions,
it becomes difficult for them to increase their trustworthy score if most of their member default. If we
find a way to allow member’s loan repayment default likelihood to be predicted, then we reduce the risk
of bad debts by the SACCO. To reduce the risk even further, the researcher aims at also providing rec-
ommended lower amounts for borrowers who have been predicted to default in the loan amount they

have applied for.

According to (Gouda, A, Madivala, & R, 2021), we do need to keep updating and upgrading the

tools, models and algorithms currently being used as they present challenges in the following areas:

i.  Computing glitches. Computer glitches such as slow speeds, computational errors are
rare but could occur. (Gouda, A, Madivala, & R, 2021) suggest that with ML languages
being updated every so often, it is important for new the existing tools to be updated to
ensure more accurate results by utilizing the patches, new release features, and so much
more that comes with the language updates.

ii.  Content errors. Since the existing models are made with the concept on one size fits all,
the different features(factors) that affect defaulting in one country or organization cannot

necessarily be the same for another. Other than the generic factors like age and levels of



income, different lenders have different needs, for instance like the SACCO to be used
for this study has factors like availability of guarantors, temporary (casual and seasonal)
employment as types of employment and this determine the loan amount you can borrow,
etc. The aim of this research was to allow for the development of a tool that can allow
the lenders to provide their own factors to use provided they have the matching data so
that the model can be trained accordingly.

iii.  Feature weighting. The researcher proposed to have a more dynamic weight adjustment
by constantly updated the training set to ensure that the critical factors that will affect the
rate of default keep changing based on the actual situation in the area of use.

Iv.  Aging. Since the tools were trained using old training data sets, it becomes difficult to
get the best recommendations since the behavior keeps changing. The researcher’s pro-
posal aimed at making a tool that will keep re-learning, as any correct predictions and

recommendations will continually be updated as part of the training set.
1.2.  Problem Statement

Microfinance institutions and SACCOs use credit scoring models to evaluate loan default risks
potential. The scores generated by these models translate to the likelihood of defaulting, making it easier
to make lending decisions. However, these models are fixed and do not easily evolve with changing
customer behavior to predict the likelihood of defaulting more accurately (Wanjohi et al. 2016). The
authors argue that existing models use old data sets to train their models meaning that if new character-
istics are introduced the model will not predict the output correctly. The accuracy of loan default predic-

tion can be enhanced by machine learning approaches.

According to (Jemoek, 2013), loan defaulting has a direct correlation with the SACCQOs and/or
microfinances ability to borrow from other Bankers and has the effect of affecting the institution’s li-
quidity. With better ways to predict the likelihood of loan repayment default, we can be able to be able
to reduce the number of defaulters significantly. According to (Central Bank of Kenya, 2019), the num-
ber of defaulters increased by around 36% from 12% in 2016 to 48.7% in 2019.

With existing models not being able to correctly predict the likelihood of a borrower defaulting,
SACCOs and microfinance institutions run a higher risk of losing revenues from the interests that would

have been earned on the borrowed loans. Some of the existing models use variables that are custom to



their countries of use and don’t include aspects that are specific to the Kenyan market e.g., casual labor-
ers as a form of employment type, current savings amount, the three times savings amount as the loan
limit, among others. Other than this, these models don’t recommend a lower reduced amount to the
borrowers if they end up having a bad credit score or having been predicted to be a likely defaulter. For
instance, in the credit scoring method, the credit score just determines the rates that will be offered by
the financial institution. The better the rate offered by the financial institution, the higher the credit score.
(The Investopedia Team, 2023). The existing models for prediction use general variables that cut across
all countries without having focus on the specific needs of the different countries. Being able to recom-
mended lower loan amount to borrowers who are likely to default in the repayment of the amount they
initially seek for will help in ensuring that there is still continuity of the business processes since interest
will be earned. According to Felix Gichina, the correspondent from Okoa Ltd., they currently rely on

only the previous borrowing history.

To ensure continuity of business through interest, if a borrower is likely to default on the amount
they are seeking, we should have a way to recommend a lower amount for them based on their charac-
teristics. This will help both the lender and the borrower as the lender will still earn some interest and
the borrower will have some relief as they will get at least a partial amount of the amount they intended

to borrow.
1.3.  General Objective

To develop a machine learning model that can predict loan default likelihood and recommend

lower loan amounts for borrowers who have been predicted to be likely to default.
1.4.  Specific Objectives

I.  To identify the leading characteristics and attributes analyzed when processing loans in loan
default prediction models.
ii.  To review existing techniques, models and algorithms applied in default prediction and amount
recommendation.
iii.  To develop a machine learning model that can predict loan defaulting and recommend lower
amounts.

iv.  To evaluate the model’s performance in loan default prediction and amount recommendation.



1.5.  Research Questions

i.  What are the characteristics and attributes used for loan default prediction models?
ii.  What are the currently existing models and algorithms used in loan default prediction and amount
recommendation?
iii.  How does one develop and train a machine learning model that can forecast default likelihood
and recommend loan amounts?

iv.  How will the model performance be evaluated?
1.6. Scope

The scope of this study was be a SACCO, as SACCOs have the highest rate of defaulters.
(Central Bank of Kenya, 2019). The main reason am focusing on a SACCO as the case study target was
to be able to have access to the data on previous loan defaults and the bio data of the borrowers excluding
any information that may be considered to be personally identifiable information (PII). This will also
provide a better sample as the SACCO under study had members of all ages and employment types and
was as not as limiting as mobile loan applications as this favors the youth (Maina, 2021) and disad-
vantages the elderly from usage of such apps either because they are not as tech-savvy as the youth or
because of lack of access to the internet. The main SACCO that will be used for the purposes of this
research is Okoa Management Ltd. The SACCO was selected because of the fact that it caters to a wide
and diverse clientele. It caters to lower, middle and upper middle earners which provide us with a broad
data set to cater for all different income levels. According to Felix Gichina, my correspondent from the
organization, they not only offer loans to high income earners, they also consider themselves a leading
micro-lender in the country. The SACCO is located in Nairobi with their offices along Chepkorio Road,
Industrial Area and has a membership of about 6000 members and a turnover of about Kshs. 10 million
to Kshs. 20million a year. They are a good candidate as they currently have not yet adopted any auto-
mated system to predict bad loans and purely rely of the borrower’s borrowing history with them yet
there are much more factors that affect a borrower’s ability to repay their loan. The main loan delin-
quency aspects that were the focus of study was the repayment time as this is what most SACCOs usually
use to determine default. The researcher will use a late payment of a duration of one month for the
borrower to be considered a defaulter as the target is small SMES and micro lending institutions as it is
currently how Okoa determines a defaulting borrower. The one month is one month after the due date

of the final payment.



1.7. Justification

As credit directly affects an institution’s profitability, assessment of credit risk is crucial to the
success of lending institutions. (Corporate Finance Institute, 2022) suggests that traditional procedures
are inefficient and time-consuming, and don’t provide the correct credit worthiness of the lenders as they
rely mostly on the Cs of the credit (character, capacity, capital and collateral) which cannot be unbiasedly

used to determine the borrower’s likelihood to default in loan repayment.

According to (Central Bank of Kenya, 2019), the number of defaulters has increased by 36.7%
between 2016(12%) and 2019(48.7%) which is among the top challenges facing credit facilities.
(Business Daily, 2020) suggest that if there was a way to determine a borrower’s ability to fully pay for
the loan before issuing it, then the number of defaulters would possible reduce significantly. By recom-
mending lower amounts for the borrowers who the model predicts to be likely to default, not only do we
ensure revenue for the lender (through the interest earned on the lowered amount), we also provide the
borrower with some money (even if it won’t be the initial full amount they requested for), after all half

a loaf is better than no loaf.



Chapter 2: Literature Review

2.1. Introduction

As of June 2022, the number of defaulters in banks and micro-finance institutions has increased
by 30.6 billion Kenyan shillings (Mwaniki, 2022). Without a way of predicting the likelihood, this figure
is predicted to keeping increasing year and year on. With no ways of finance SMEs being able to reduce
the risk, it has reduced the amount they are willing to disburse into personal and development loans.
With a lot of challenges being experienced in Kenya, when it comes to loan repayment, being able to
predict the likelihood of the borrower defaulting will help SACCOs in reducing the risk of bad debt and
defaulting.

With machine learning continuously evolving, it can not only be used in loan default prediction,
but also in determining how much to lend and the lending terms. Machine learning can be utilized to au-
tomate the decision-making process for loan amount processing and terms negotiation. By utilizing in-
formation from past credit applications, machine learning models can learn to recognize designs that
are predictive of loan default. These designs can at that pointthen be utilized to consequently de-
cide loan amount and terms for new loan candidates (Kumar, 2022). In Kenya, a lot of machine-learning
predictive models have been used to try predict loan defaults. Some of the models used include: extreme
value regression models, logistic regression and linear analysis. All these models are parametric as they
expect the returned response output feedback being considered, reviewed and analyzed takes a particular

functional form which might not always be the case.

This chapter focused on reviewing existing literature on previous works that have been done in
loan default prediction, the models and frameworks used, their limitations and how they work. It high-
lights the different architectures and algorithms as well as the limitations of existing systems. After
analyzing all these, the researcher then used the gained knowledge to come up with a conceptual frame-

work on how their proposed solution will work.



2.2. Theoretical Review and Empirical Review
2.2.1. Theoretical Review

The kind of information utilized in conventional credit scoring is chronicled infor-
mation which incorporates bank conventional information such as past credit, credit bureau checks, rec-
ords of late payment installments and commercial information such as financial statements and length
of credit history. (World Bank, n.d.).

2.2.1.1 Using Logistic Regression Theory

According to (Zhao, 2020), we can establish key correlations between default rates and a few
other variables by studying variables that describe loans and the financial situations of their borrowers.
This method involves using predefined variables related to the historical information of the loan amount
taken and the borrower’s characteristics. It takes into account the following variables: loan amount taken,
annual income of the borrower, interest charged on the loan, the term and the employment type of the

borrower.

The output of logistic regression is always between (0, and 1), which is suitable for a binary
classification task. The higher the value, the higher the probability that the current sample is classified

as class=1, and vice versa as shown by equation 1 below.
he(X) = 1/(1 +e™%%) (1)
Where:
i. @ isthe specification to be learned or trained or optimized (such as the loan default)

ii. X isthe input data (could be the different features to train the model such as age, income lev-

els, level of education, among others)

iii.  The output is the prediction value when the value is closer to 1, which means the instance is
more likely to be a positive sample(y=1). If the value is closer to 0, this means the instance is
more likely to be a negative sample(y=0). In the context of the research, 0 being defaulter, 1

non-defaulter



It is a widely used technique because of it being efficient and less consuming of the computa-
tional power of the resources (Arya, 2022). The main issue with using logistic regression is that it as-
sumes that there is complete linearity (Rout, 2020) between the dependent (loan default prediction like-
lihood) and independent variables(characteristics of the loan or the borrower, e.g. income) as it predicts

the probability of an event or class that is dependent on other factors (Arya, 2022).
2.2.1.2 Using Score Card Theory

Numerous credit decisioning frameworks are driven by scorecards, which are exceptionally sim-
plistic rules-based frameworks. These are built by end-user organizations through industry infor-
mation or through straightforward factual frameworks. (DataRobot, 2021)A few organizations go a
step further and get scorecards from third parties which may not be customized for an individual’s or-

ganization’s book.

The disadvantage of this approach is that one cannot for sure know the parameters that were used

(especially in the case of third-party score cards) when determining the borrower’s score rate.
2.2.2. Empirical Review

Different models and frameworks provide different metrices for evaluating the success of the
model built. While aspects such as accuracy, standard deviation, true positives, false negatives being
important, the amount of data tested will also likely affect the results of the output. As the model will be
focusing on both classification/prediction and recommendation algorithms, it’s important to identify the
different algorithms to use to accomplish both. The main reason to have different algorithms for the
different functions of the model to prevent cyclic dependencies in the model. The researcher took a look

at different models that were considered in this study, how they worked and their limitations.
2.2.2.1 Linear Regression

This is an elementary machine learning model that falls under the supervised class. It is consid-
ered the hello world of machine learning and thus forms a solid base to most machine learning classifi-
cation problems. Linear regression can be employed to create a prediction model that is established on
the relationship that exists between the dependent and independent variables, giving more emphasis on
the independent (Geeks for Geeks, 2022).

This machine learning model attempts to predict a variable (dependent), with its basis being an

input variable (independent). This can be presented by the simple formula prediction = O1 + O2X.
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Where O1 represents the intercept and O2 represents the coefficient of the independent variable. In order
to increase the model’s accuracy, it is essential to fine tune the two variables. The two variables can be

tuned using the cost function, which prioritizes the difference in the error.

Linear regression makes use of a straight line (regression line) to perform its prediction. The
regression line can be calculated by a number of strategies. The most popular strategy being the least
square method, that attempts to reduce the total sum of the deviations from the straight line. The regres-
sion line is the one which has the least sum (Least square method, 2018). For this study linear regression
shall be used to create a prediction model that factors in the most important input (using correlation).
The main limitation of this method is that it assumes there is normal distribution of the variables and
that there is a complete linear relationship between dependent and independent variables (Rout, 2020)

which might not always be the cause.

Data Points

Dependent
Variable

AN

Line of Regression

-
L

Independent
Variable Y

Figure 2.1: Linear Regression (Kanade, 2022)
Logistic regression is a common machine learning model that falls in the category of supervised
models can be used when it comes to binary predictions (classification problems). This classification
model makes use of log function. In logistic regression the set of input features are used to model a

probability that it falls under a certain classification. This method can be looked at as an enhanced
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multiple linear regression, save for the binomialism of its variables. Rather than fitting a line to a data
logistic regression fits an “S” shaped logistic function. The line goes from 0 to 1. This gives the proba-
bility of how a certain set of inputs features can be classified. Its key merit can be considered the fact
that it aims to reduce compounding effects by factoring in how the variable are related (Understanding

logistic regression analysis, 2014)

When applied to our research scenario, logistic regression can be applied to predict if a borrower
will end up defaulting on a loan. This can be done by creating a simple model which uses the most
important (highly correlated to defaulting) variable or a more complicated model that factors in more
variables to come up with a prediction of whether the client will default or not. When it comes to pre-
dicting the possibility of defaulting loans many inputs shall be employed to confirm. Logistic regression
can be used as it can work with continuous data as well as discrete data. The researcher tested if a
variable's impact on the forecast differs noticeably from zero. If not, it was concluded that the variable
did not play a role in determining the prediction. This helped in fine tune the variable to help scrap out
irrelevant input variables. The methods ability to provide probabilities as well as classify new samples
using both continuous and non-continuous samples made it suitable machine learning method that was

applied in this study.

Logistic Regression

y = 'I sessssssese

Y S-shaped
curve

Predicted Y
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X

Figure 2.2: Logistic Regression (Kanade, 2022)
2.2.2.2 Decision Tree

This also falls on the category of supervised machine learning models that are employed to create
a categorization algorithm. Decision trees can be used to curry out two variations: classification prob-

lems (having a binary result) and a regression tree that is used to provide a non-categorical prediction (
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Xoriant, n.d.).A decision tree at its core is a binary tree that recursively splits the dataset until you arrive
at the leaf nodes (data having only one type of class). There two types of nodes namely, decision node
and a leaf node. The former contains a condition to further split the data while the latter provides a
classification group. As you progressively move from the root node (the first node) the number of ele-

ments that fall within the nodes reduce.

The choice of the split is based on information theory. The model chooses the split that boosts
and expands the information gain. In order to compute the information gain, we have to gain knowledge
on the information that is contained in a particular state. In order to quantify this information gain en-
tropy is used. Entropy quantifies impurities in a particular set of data (Ogola, 2021). If entropy is high
then we are very unsure about the classification of a randomly picked point and thus more bits in order
to describe the state. The aim is to reduce the entropy to 0, and calculate the split that provide the highest
information gain using the formula: Gain = Entropy(parent) — Entropy (children). This informs the

choice of split to make. As you go down the decision tree, the impurities in each classification reduce.

The model traverses every feature and feature value and comes up with the best feature and the
corresponding threshold. Decision trees are considered to fall under the class of greedy algorithms. It
takes the current optimal split that optimizes information gain and does not back truck to change a pre-
vious classification. It however does not guarantee the best possible split but makes the training fast and
works really well in spite of its simplicity. Decision trees can be used to provide a classification model

that is simple as well as effective in predicting the possibility of defaulting loan payments.

E— Decisionnode

Alternatives — " Branch

Condition (choice)

Branch

Decisionnode Decisionnode

Decisions == [ Leaf ] [ Leaf ] [ Leaf ] [ Leaf ]
(outcomes)

Figure 2.3: Decision Tree (Kosarenko, 2021)
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2.2.2.3 Random Forest

This is an improvement on decision trees as it comprises of a couple decision trees that work as
aunit (Yiu, 2019). Random forest aim at reducing bias and over fitting that is characterized with decision
trees. Overfitting happens when a model begins memorizing the data instead of try to generalize the data
in order to perform predictions. In such situation, the model will grasp both the noise and other changes
contained in the train set and build up on them as concepts (Brownlee, 2019). By making use of an
ensemble of decision trees to make a prediction. Random forest can make use of a “voting” scheme
where the prediction that gets the most votes get selected as the best prediction. The performance of the
random forest will improve as more decision trees are utilized with various criteria since it boosts pre-

diction accuracy.

There is consideration that have to be satisfied in order for a random forest to be considered to
have been done as expected. One is the presence of signal in the input variables that dictate correlation
with the output variable thus eliminate the element of no difference with guess work. Two, the errors

and predictions resulting from the individual trees need not be correlated.

To set up a random forest a number of parameters have to be set. They include the node size, the
number of individual trees and the number of features. Random forests are popular and this is due to its
ability to perform different types of classification problems. This model can be used to predict the prob-

ability of defaulting as needed in our research.
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Figure 2.4: Random Forest (Corporate Finance Institute, 2021)
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Table 2.1 shows the different accuracy levels for the different algorithms and the type of envi-
ronment in which the different they accuracy levels were tested. The accuracy levels determine accuracy

levels of the algorithms being able to correctly predict the likelihood of loan defaulting.

Table 2.1: Accuracy Levels of Different Algorithms (Aasim, 2019)

ALGORITHM | ACCURACY LEVELS (%) | SD ACCURACY (%) | DATASIZE PURPOSE
Logistic Regres- 82.57 11.37 Classification
sion

K-Nearest 90.50 7.73 Classification
Neighbor

Naive Bayes 85.25 10.34 Classification
Decision Trees 84.50 8.50 Classification
Random Forest 88.75 8.46 Classification

2.3.  Models and Frameworks
2.3.1. TensorFlow

TensorFlow Probability (TFP), a Google-cloud ready python-based library is built on Tensor-
Flow framework to help in combining different probabilistic models and deep learning algorithms when
trying to determine the likelihood of an occurrence (Shwe, Dillon, & Seybold, 2018). Deep networks,
gradient-based inference with automatic differentiation, and scalability to big datasets are all combined
in TPF.

The main component in the TFP is the probabilistic inference that is the third layer of the Ten-
sorFlow framework. This layer contains all the algorithms and functions that are need to get the proba-
bility of an occurrence. According to (TensorFlow, n.d.),the main algorithms features found in the prob-

abilistic inference component are:

i.  Markov chain Monte Carlo — which contains the Hamiltonian Monte Carlo algorithm for
estimating integrals through use of sampling.
ii.  Variational inference — contains integral optimization algorithms
iii.  Optimizers — contains Stochastic optimization methods

iv.  Monte Carlo — contains the tools and techniques for calculating the expectations
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Figure 2.5: Using TensorFlow to known unknown unknows (TensorFlow, 2019)
Using the different components, TensorFlow combines deep learning models and machine learn-
ing, and displays the output using large data sources to train the model to think and create accurate and

sensible data by itself (Project Pro, 2022).

Although TensorFlow guarantees a seamless performance, quick and regular updates and is very
efficient as it is backed by Google, it isn’t suitable for use in Kenya as many companies use Windows
as their primary operating system (Statcounter Global Stats, n.d.) and TensorFlow is not suitable for

Windows (Project Pro, 2022).
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Figure 2.6: Statistics of OS usages in Kenya from July 2021 to July 2022 (Stat Counter Global
Stats, n.d.)

2.3.2. Amazon Machine Learning

The output of the Amazon machine learning (AML) is a prediction score. The AML is a cloud-
based framework and service that relies on data sources, machine learning models, evaluations, batch
predictions and real time predictions by using identification, classification thresholding and comparison
(Amazon Web Services, n.d.). First a cut off (classification threshold) is picked, then the observation is
compared against the threshold. Any value that is above the threshold is a positive value, and any below

the threshold is a negative value.
Amazon ML uses the following learning algorithms:

i.  Amazon ML employs logistic regression (logistic loss function + SGD) for binary classifica-
tion.

i.  Amazon ML employs multinomial logistic regression (multinomial logistic loss plus SGD) for
multiclass classification.

ii.  Amazon ML employs linear regression (squared loss function plus SGD) for regression.

Observations

ug"

True False False True
Negative Negative Positive Positive

Figure 2.7: Score distribution for AML binary classification (AWS, n.d.)
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Despite this ML framework being among the best, it cannot be used as AWS is no longer updat-
ing the AML services or accepting new users for the services offered (Amazon Web Services, n.d.).

Another con of using the AML is that it is not integrated with multiple language support.

arning > Developer Guide

@® We are no longer updating the Amazon Machine Learning service or accepting new users for it. This documentation is available for
existing users, but we are no longer updating it. For more information, see What is Amazon Machine Learning.

Figure 2.8: AML no longer supported (AWS, n.d.)
2.4.  Architectural Design

Figure 2.10 shows the design that will be used in coming up with the architecture of the model.
The feature selection involves determining the data and the variables that will be used, the subset features

are variables that have multiple types e.g., employment type (full time, contractual, casual).
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Figure 2.9: Architectural design (Arora, Sushant, Survesh , & Vinay, 2022)
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2.5.  Algorithms

2.5.1 Bayes Algorithm

The Bayes Theorem is the foundation of the probabilistic machine learning algorithm called the
Naive Bayes which is used in a wide variety of classification problems (Chauhan, 2022). It relies heavily
on conditional probability where the likelihood than an event will occur given another event is used to

determine the probability.

Some of the advantages of Naive Bayes Classifier are:

i.  Naive Bayes is a quick and simple machine learning technique that can predict a class of datasets.
ii. It can be used for both Binary and multi-class Classifications.
iii.  In comparison to other algorithms, it performs well in multi-class predictions.
iv.  Itis the approach for text categorization problems that is most frequently utilized.

The main disadvantage of Naive Bayes Classifier is that Naive Bayes assumes that all features are inde-

pendent or unrelated, so it cannot learn the relationship between features (DataRobot, 2021).
Applications of Naive Bayes Classifier:
i.  Credit Scoring is done using it.
ii. Itisemployed in the classification of medical data.
iii.  Because Naive Bayes Classifier is an eager learner, it can be used to make real-time predictions.
iv.  Itis utilized in text classification processes such as Sentiment analysis and spam screening
2.5.2 K-Nearest Neighbor (KNN)

The k-nearest neighbors’ algorithm, also known as KNN or k-NN, is a non-parametric, super-
vised learning classifier, which classifies or predicts how a particular data point will be grouped using
proximity. Although it can be applied to classification or regression problems, it is typically used as a
classification algorithm because it operates under the premise that similar points can be found close to
one another. (IBM, n.d.).
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KNN has been used in the finance industry in credit risk to help banks assess risk of a loan to an
organization or individual. It is used to determine the credit-worthiness of a loan applicant. (Christopher,
2021). The test data will fall into one of the "K" training data classes determined by the KNN algorithm,
and the class with the highest probability is selected. The average of the "K" selected training points

serves as the value in the case of regression.

KNN can also be used in recommendation suggestion. For borrower’s who have a likelihood to
default, this algorithm to help recommend a lower amount that they can afford to pay or that they are
less likely to default. According to (Kumar, 2022), KNN can be used for clustering, with this we can be
able to put a loan repayment default into a cluster based on the variables we use, and we can see the
amount that people in that cluster are comfortable paying. This will also help in increasing the lender’s
source of income since the interest earned from the reduced recommended amount will be better than no

disbursed loan at all if we only predict default likelihood without recommending a solution.
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Figure 2.10: K-Nearest Neighbor

2.6. Conceptual Framework

Figure 2.11 shows the conceptual design flow of how the model works. The main algorithms
selected for the prediction were based on the accuracy levels of the different algorithms as illustrated on
Table 2.1. The loan data (borrower details and loan detail will be uploaded to the prediction model and

once a prediction is made on the borrower’s likelihood to default, the prediction and the loan data are
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then uploaded to the recommendation model where for the borrower’s likely to default, a lower amount

is recommended as the new loan amount.
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Figure 2.11: Conceptual design flow

2.7. Existing Works Used to Model Default Likelihood and Recommendations

There are a quite a few existing tools that are currently being used in loan prediction and recom-
mendation. Figure 2.13 shows a summary of some of the existing models, their models and algorithms
used, as well as their contributions and limitations. Some of the methods used currently are credit fore-
casting, score cards, excess value modelling based on modeling the maximum of a sample called the
upper order statistics over a period and modeling excess values of a sample over a threshold within a
period (Wanjohi et al. 2016).

Table 2.2: Existing tools and the gaps present

Theories and Models | Source Industry and | Year Gaps

used Country

Logistic model (Wanjohi et al. 2016) | Banking, 2012 Only relied on demographic
Kenya information like gender and

age but did not include eco-
nomic factors like income lev-
els and employment types

20




Data mining algo- | (O. & A., 2012) Banking, 2012 As they used parametric mod-
rithms, artificial neu- Kenya elling, the model was less intu-
ral network decision itive and limited flexibility
tree and naive Bayes-

ian classifiers

Generalized Extreme | (Wanjohi et al. 2016) | Banking, 2016 Seemed to be more suitable for
Value Regression Kenya rare events.

Model

As seen in Table 2.2, the existing model in the country are only suitable for the banking industry

yet there are many distinguishing factors that distinguish banking form micro finance meaning that a lot

the existing systems should be modified to cater for the structure of microfinances. Other existing tools

that are currently being used include:

i.  (Anatoly, 2014) — who used binary choice models. He suggested that if we used auto-

mated clustering, the accuracy of the models’ predictive powers could be improved.

(Wanjohi et al. 2016)

ii.  Peter Croshie who applied his model in trying to determine risk that surrounds the uncer-

tainty of a firm’s in servicing its obligations and debts (Andrea, 2010). His model cannot

be used in SACCOs and microfinance as the characteristics are very different.

Most existing models that exist currently only use one algorithm to train and validate their data

or those that used more than one used one machine learning and the other a pure statistical model. Pre-

vious work has been done in Russia using binary choice models, in Kenya by using only logistic regres-

sion and in other countries using random forests (Wanjohi et al. 2016). However, in all these none of

them used a combination of different algorithms for their models or offered both prediction and recom-

mendation. Table 2.3 shows the summarized review of the different algorithms and their limitations.

Table 2.3: Summary of Algorithms and their limitations

Theory

Focus

Limitations

Regression theory

(Focus on logistic regression)

Categorical  dependent
variables

Probabilistic outcomes

It assumes that there is complete
linearity between the dependent

and independent variables

Score Card Theory

Weighted variables

We cannot for sure know the pa-
rameters that were used espe-

cially for 3" party solutions
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Linear Regression Theory

Continuous variables and

continuous output

Assumes normal distribution of
and a complete linear relation-
ship between dependent and in-

dependent variables

Bayes Theory

Conditional probability
of an event based on oc-

currence of another event

There is no universal representa-
tion or method for dealing with
uncertainty within the context of
prior probability and back-

ground knowledge.
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Chapter 3: Design and Methodology

3.1. Introduction

Following a specific process is important in ensuring a credible, organized and structured re-
search. According to (Thmoson, n.d.), most research is usually broad and sometimes cyclical and repet-
itive hence the need to follow a guided step by step approach that will make it clear by providing a path
to follow from the start of the research to the end of the same. She further argues that the approach
followed should be based on what is most suitable for you based on your research. (Jansen, 2010) rec-
ommends considering the following factors when selecting the best appropriate methodology for your

research:

I.  Feasibility, suitability and constraints

ii.  Research nature — objectives and research questions, scope, etc.
3.2. Design and Philosophy

The main design method that will be used in the study is the positivism philosophy. In this phi-
losophy, only knowledge obtained by observation (the senses), including measurement, is reliable and
trustworthy. In positivism, the role of the researcher is limited to data collection and interpretation in an
objective way. In other words, the researcher is an objective analyst and they distance themselves from
personal values in conducting the study. In these types of studies research findings are usually observable

and quantifiable.

According to (Dudovskiy, 2022), the positivist philosophy is based on five main concepts that can

be summed up as follows:
i.  The logic of inquiry is the same throughout all sciences.
ii.  The goal of the research should be to predict and explain.

iii.  Research should be empirically visible by means of human senses. To create assertions (hypoth-
eses) that will be put to the test during the research process, inductive reasoning should be ap-

plied.
iv.  Science differs from common sense. The research findings shouldn't be biased by common sense.

v.  Science must be value-free and evaluated solely on the basis of logic and rationality.
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3.3. Population and Sampling

According (Matara, 2022), there are 175 licensed to carry out deposit-taking SACCO business
in Kenya as of 2022. Despite the number or licensed SACCOs being this high, the researcher focused
on using Okoa Management Ltd., as the sampled population size since the research proposal is aimed at

fixing their needs.

Factors considered when selecting the sample size (here the sample size will refer to the number
of loan records to be used from all the loans they have disbursed from January 2018 to January 2023 —

which has about 850,000 rows of data on the disbursed loans after the data was formatted and cleaned):

I.  Confidence interval: This is the margin of error which is the measure of the uncertainty or
certainty degree. It can be said to be what tells you how confident one can be in the study
results (Kibuacha, 2021).

ii.  Confidence level: this is the percentage of probability, or certainty that the confidence inter-
val would contain the true population parameter when you draw a random sample many times
(Kibuacha, 2021).

iii.  Standard deviation: used to be able to help in approximating how much the predictions will

vary from each and from the average
3.4. Data Collection and Data Analysis
3.4.1. Data Collection

As the research focus will be based on mostly SACCOs and micro credit institution SME on
focus, the main data collection method is going to be coming from SACCOs themselves. The idea is to
obtain data directly from the source (through Excel and CSV documents as according to my correspond-
ent from the Okoa, this is how they currently store the data), in this case Okoa Ltd., to ensure that the
model is trained and validated against features that are relevant to the institution used for purposes of
this research. With the schools help with an official document, the researcher managed to reach out to
Okoa and ask for their loan defaulters and non-defaulters’ history. According to (Maione, 2022) the
main advantage of collecting data directly from the source is that it’s more reliable and accurate meaning
that ultimately there will be better results and solutions. Another pro for collecting primary data this way
is that it is generally at a lower cost since there is no need for professional researchers or any investment
in additional equipment (Maione, 2022). Despite this being a good method, different SACCOs offer
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services to different people, meaning that for the researcher to collect data from a wide pool of different
people (different income levels and employment types, different social backgrounds) a larger data set
should be collected. Because of this, Okoa became a great case study as they offer services to the low-
income range, middle income range and upper-middle to lower-upper class thus ensuring there was an
inclusive and comprehensive data set for training and validating the model. Another reason for opting
to lean towards this is a collection model was to get accurate historic data on loan defaulting and the
characteristics of the people that defaulted, so that the collected data could be used for training the model.
This data was collected using excel sheets as Okoa rely on it for reporting and data capturing. However,
it was not feasible in the time frame for this project to collect enough data from the main SACCO under
study, so additional data from online repositories that offer training data sets for machine learning mod-

els for loan prediction was used to obtain the required training, testing and validation data.
The following research tools were used to collect the above data:

i.  Interviews: Interview loan processors to understand the factors that they considered when pro-
cessing a loan — these were used to determine the factors, and/or the characteristics that were
used for training the developed tool.

ii.  Document Reviews: reviewing existing literatures on current applications of ML in the lending
industry and the gaps that could be fixed with the development of the suggested tool.

iii.  Statistics: to convert the collected data from quantitative such as low income, mid-income, high-
income into numerical representation such as 1,2,3, female or male into 1,2 etc. This is was to

ensure that the model can be able to generate quantitative results and reports.
3.4.2. Data Analysis

Most of the data collected for the purpose of this research was structured and quantitative data
and thus quantitative data analysis was. Quantitative data analysis simply involves analyzing number-
based data or data that can be easily converted to into numbers without losing any meaning (Jansen &
Warren, Quantitative Data Analysis 101: The lingo, methods and techniques, explained simply, 2020).
Quantitative analysis generally is used for (Jansen & Warren, Quantitative Data Analysis 101: The lingo,

methods and techniques, explained simply, 2020):

I.  Firstly, it measures the variations between groups. For example, the popularity of the various

loan types over others.
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Il.  Secondly, it’s used to evaluate the relationships and connections between different variables.
For example, the relationship between salaries and loan repayment.
I1l.  And third, it’s used to test hypotheses in a scientifically rigorous way. For example, a hypoth-

esis about the impact of a certain rates on the different loans.
According to (Bhatia, 2018), there are 2 main steps involved in quantitative data analysis:
i.  Data preparation

Data preparation involves converting the raw data collected into meaningful and readable infor-

mation. It prepared in the following for steps:

a. Data validation: done to confirm that the data collection was done according to set standards and
without any bias. Figure 3.3 shows the different types of validation that can be done to the col-

lected data.

The 4-Step Process for Quantitative Data Validation

Infer whether each respondent was actually

Fraud interviewed or not
= Screenin Make sure that respondents were chosen as per the
= 9 research criteria
Check whether the data collection procedure was
Vs
== m Procedure duly followed

Ensure that the interviewer asked the respondent all
the questions, rather than just a few required ones

%)

Completeness

Figure 3.1: Processes for Quantitative data Validation (Bhatia, 2018)

b. Data editing: the researcher aims at ensuring there are no errors in the data. It could involve them
conducting basic data checks, checking for outliers, and maybe removing data points that could
affect the accuracy of the results.

c. Data coding: which involves grouping out data and assigning values to these groups e.g., salary
ranges between 30K — 60K could be represented as 1, range from 61K- 150K could be 2 and so

on and so on for your variables.
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ii.  Data analysis

After the data is validated, then the actual analysis can begin. In quantitative data analysis, the re-
searcher focused on descriptive analysis and inferential analysis. In descriptive analysis the main aim is
to summarize the data and find patterns such as lowest and highest loan amounts borrowed (range),
average loan amount (mean), the number of times people default(frequency) etc. In inferential analysis,
the main idea is to analyze the complex relationships between the different variables under research to
generalize ideas and be able to make predictions.

Figure 3.4 highlights the main differences between inferential and statistical analysis:

Quantitative Data Analysis Methods

Z ? j Descriptive Analysis

The first level of analysis, this helps
researchers find absolute numbers to
summarize individual variables and

Ak . .
aw) Inferential Analysis

These complex analyses show the
relationships between multiple
variables to generalize results and

find patterns. make predictions.

A few examples are... A few examples are...

- Mean: numerical average - Correlation: describes the

. Median: midpoint relationship between 2 variables

- Regression: shows or predicts the
relationship between 2 variables

- Mode: most common value

- Percentage: ratio as a fraction of 100
- Analysis of variance: tests the
extent to which 2+ groups differ

- Frequency: number of occurrences

- Range: highest and lowest values

Figure: 3.2: Differences between statistical and inferential analysis (Bhatia, 2018)

3.5.  System Development Methodology

The system was developed using the Agile approach. According to (Atlassian, n.d.), Agile is an
iterative approach to software development and project management that helps teams deliver faster and
continuously. Agile is a good methodology as it creates a common ground amongst scrum, extreme
programming, crystal clear and other framework methodologies. The project will follow the agile soft-

ware development manifesto that is based on four core values (Drumond, 2022):
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I.  People and the interactions come before processes, procedures and tools
ii.  Working and functional software over thorough documentation
iii.  Customer collaboration over contract negotiation

iv.  Adapting to change over sticking to a plan

The main reason the researcher used Agile methodology is because it has been said to produce software

more swiftly and responsively than traditional waterfall techniques, and has also been credited to help

software projects more successfully meet user objectives, customer needs, and business goals. (Pratt &

Torode, 2020). Proponents of Agile methodologies say the four values outlined in the Agile Manifesto

promote a software development process that focuses on quality by creating products that meet consum-

ers' needs and expectations.

Vi.
Vii.

viii.

Xi.

Xili.

The agile philosophy is based on the following 12 core principles:

Delivering quality job on time and continuously to satisfy clients.

Dividing a large task into smaller manageable tasks that can be completed quickly.

Understanding that self-organized teams provide the best work.

Trusting motivated employees to do the task at hand while providing them with the atmosphere and
assistance they require.

Creating processes that promote sustainable efforts.

Maintaining a constant pace for completed work.

Accepting modified specifications, even late in a project.

Assembling the project team and business owners on a daily basis throughout the project.

Having the team often reflect on how to be more productive, then altering and refining behavior as
necessary

Measuring progress based on the volume of work accomplished.

Constantly pursuing excellence.

Harnessing change for a competitive advantage.
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Agile software development process

Set
requirements

Development Testing

Feedback Delivery Review Deployment

CLEVEROAD

Figure 3.3: Agile Methodology (Rovyana, 2022)

3.6. Dissemination and utilization of results

This was done through thesis publication. It is through publication that the research, including
its scientific and practical contributions, was disseminated to others in a particular field. (Stellenbosch
Business School, 2018). This makes scientific researchers and practitioners with similar interests aware

of new knowledge in their field and it helps in advancing knowledge and its application

Reports and proof of concept model was also be pitched to SACCOs. Sharing reports with the
SACCOs sampled on findings that could help in planning and determining the risk profile of their mem-
bers. Such reports include: average amount borrowed by members, frequency of loan defaults, disparities

between the members who repay and those that don’t, among other reports.

The provided results can be used by the SACCO in minimizing their risk and reducing the num-
ber of defaulters. Adoption of the tool by the organization will also help them in making efficient and
faster decisions on lending as the automation makes it easier to process the risk assessment and provide
recommendations. The generated results can then be used for planning to target new markets to advertise
to as it can provide them with data on the characteristics of the loan borrowers such as low risk borrow-
ers, etc. Then organization can then create better loan options and types for the high-risk clients to make

them more appealing to a broader borrowing clientele.
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3.7. Ethical considerations and issues

The main ethical consideration for the researcher was data privacy issues. (Karn, 2022) reiterates
that maintaining the privacy of personal information of the users has become vital for any company
which collects and stores personally identifiable data. He further identifies some of the major challenges
that are faced by financial institutions such as sharing data with third parties, lack of technology to handle

data breaches as being among the most reasons why data privacy can be easily violated in the industry.

Another major concern is fairness and transparency issues as a result of automated decision mak-
ing. According to (Tilimbe, 2019), the clients and users rarely ever get to understand why the decision
was made in that specific way. Not being able to see or understand how the model works could reduce
the trust the users have in the predictions made. Arithmetic bias as a result of data being included or
excluded when cleaning up the data to train the model could be a basis for the transparency issues that

the users may have with regard to the model results.

To ensure that the privacy, fairness and transparency issues raised were addressed, the researcher

took the following countermeasures:

I.  Observation of all regulations regarding data including is storage, processing and disclosure
e.g., NACOSTI (National Commission for Science, Technology, and Innovation) regulations
ii.  Got the informed consent of all the parties involved.
iii.  Offered training to the users to ensure they were aware on how to use the system (what to
enter, etc.).
iv.  Put sanity checks and validations in the model to validate inputs (to prevent data corruption

and promote integrity of data used to train the model)
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Chapter 4: System Design

4.1. Functional and Non-Functional Requirements

A Functional Requirement (FR) is an outline of the service that the software must provide. It

describes either a software system or one of its components. A function is nothing more than the inputs,

behavior, and outputs of the software system. The functions a system is likely to perform can be deter-

mined by calculations, data manipulation, business processes, user interactions, or any other specialized

functionality (Martin, 2022). Non-functional requirements or NFRs are a collection of guidelines that

describe the system's limitations and operational capabilities in an effort to enhance its functionality.

These are basically the requirements that outline how well the system will operate.

4.1.1. Functional Requirements
The system should authenticate users

The system should accurately predict default likelihood and recommend lower amounts to bor-

rowers predicted to default.
The system should allow for report generation and viewing
A learning model that allows the model to be continually updated with new data sets

4.1.2. Non-Functional Requirements

The predictions made by the model should be as accurate as possible.
System downtime should be minimal and availability very high.

The model should be easy to use and user friendly

The model should be secure.

The model should return prediction and recommendation results as fast as possible (speed).
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4.2. Use case

4.2.1. Use Case Diagram

Use Case Diagram For A Loan Default Prediction and Loan Amount Recommendation
System

User
WModifications ™ ~~-==sincludes==

Loan Processor

Loan
rocessin s

- "

- &
1
N

i
-7 !
=<includes®> |
- =<inclgdes=> ;
- | g A
. ! o r
=<incudes== T
$ : e View
e S " Reports
1I|II :J
5, =ainclydes==

pdate
fraining data

zef

Figure 4.1: Use case diagram
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4.2.2. Use Case Scenarios

Table 4.1 shows the different user case scenarios, their pre-conditions, success scenarios and post

conditions. It shows the detailed descriptions of the various uses cases as referenced in the Figure 4.1

Table 4.1: Use case scenarios

Use Case Pre conditions Main Success Scenario Post Conditions
Member Regis- | None I.  Member ID is generated None
tration ii.  Member details are saved
Login User is already regis- - User can access the system | None
tered with their credentials
File Upload I. Loan details are extracted | None
from the CSV
ii.  The model can read the data
from the uploaded file
Downloads I.  Prediction has I. A loan prediction file id suc- i. A prediction col-
been made cessfully downloaded umn is added to
ii.  Recommenda- ii. A loan recommendation CSV the downloaded
tion has been file is successfully down- CVS file.
made loaded ii. A loan recom-
mendation

amount is added
to the downloaded
CSV file
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4.3. Sequence diagram

Figure 4.3 shows the sequence of events and how the model works from the time the CSV is
uploaded to when the model predicts the likelihood of default and recommends a lower amount for the

loans predicted to amount applications predicted to default. It shows how the file is uploaded and data
extracted and fed into the model for prediction.

A

Loan Processor

System

:Authenticator

‘FileUploader

:Classifier

:Recommender

login()

StartSession()
<

S

ValidateCreds()

I
UploadFile()

UpdatelLoanVariables()

Sequence Diagram For A Loan Default Prediction and Loan Amount Recommendation

‘ReportHandler

A

Administrator

f

|

|

aa ExtractLoanData() i
!

1-

ValidateData()

PredictLoanDeafull{data)

Defaulter

Id: 1
RecommendAmi{loan)

Login{)

L

Manager

StartSession()

GenerateReports()

ValidateCreds()

Figure 4.2: Sequence Diagram
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4.4. ERD Diagram

The Figure 4.4 highlights how the different entities in the model interact with each other. It shows
the different attributes, entities and relationships between the different tables in the database. It shows
the how the different elements of the database relate with each other and shows some of the attributes

(columns) of the existing entities.

Entity Relationship Diagram for A loan Default prediction and Amount recommendation tool Loan Processors

approves PK | customer id int NOT NULL
customer_name char{50) NOT MU
Loans
Customers ) PK | loan_id int NOT NULL po———
requesis for -
PK | customer_id int NOT NULL H——————O loan_Amount
loan_description
customer_name char(50) NOT NU
belong to
assigned fo

CustomerLoans

PK | customer loan_id int NOT NULL

FK1 | loan_id int NOT NULL Eso—"

FK2' customer_id int NOT NULL

update
Reports Managers
Administrator
PK | report_id int NOT NULL ) PK | manager _id int NOT NULL
. generates _— viewed by -_—
PK | admin_id int NOT NULL H O H
totalAmouniBorrowed name char(20) NOT MULL

approvedLoans int

Figure: 4.3: Entity Relationship Diagram
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Chapter 5: Implementation and Testing

5.1. Introduction

Generally, software bugs will almost always exist in any software module, but it is not because
of the carelessness or irresponsibility of the programmer but because of the complexity of the system.
This chapter focuses on discussing the resting of the solution as well as the implementation methodolo-
gies used. According to (University of Kentucky, 2018), systems implementation can be defined as the

process of:
i.  Defining the physical system design — how the system should be built
ii.  Ensuring that the system is used and operational
iii.  Quality assurance
5.2. Hardware and Software Requirements

The model development was carried out in a localized platform environment then deployed to
the Google cloud platform. The main reason for opting to deploy to a cloud environment was the high
demand required for resources such as CPU and RAM which made the need to auto-scale a real issue.
Python was the main underlying language used for development and training of the model with machine
library extensions such as Numpy, Keras, Scikit-learn, Pandas being among the imported libraries used

in the model. Table 5.1 shows the summarized hardware and software components used.

Table 5.1: Hardware and software requirement

Software Specific Library Version
Python (3.7 or higher) TensorFlow 2.1.0
Keras 2.3.0
Numpy 1.16.3
Pandas 153
Matplotlib 3.7.1
IDE Jupyter Notebook 6.5.3 or higher
VS Code 1.67.2 or higher
Hardware Description Version
CPU
RAM 8GB minimum - for cloud
16GB minimum — for local
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5.3. System Implementation

There were several processes involved in the implementation of this model. Some of the key
processes that were a critical for the developed model were: data collection, cleaning and preprocessing,

selection of the algorithms to use for the model, model training and validation, among others.

5.3.1. Loading the data set

Figure 5.2 shows how the data for training and testing the model was loaded into the model while
Figure 5.3 shows the structure of the data (first 5 rows, the number of rows and columns (setl_train.
shape)). Some of the columns are hidden for Figure 5.3 so as to scale and fit the images on the pages

without reducing the clarity of the pictures.

There were different packages that required to be included in the model so that the data could be
loaded and read by the model. One of them main packages that was needed for the extraction of the data
form the CSV was the Python language panda package. Since the package is well suited for working
with labelled data, it was necessary for the model for both data manipulation and analysis. The other key

package for data loading is the Numpy package for arrays using Keras provided for by TensorFlow.

Set 2

In [72]: MW set2 train = pd.read csv("C://Users//Monije//Documents//School Work//Year 2//IT Thesis//Data//credit_train.csv")
set? test = pd.read_csv("C://Users//Monje//Documents//School Work//Year 2//IT Thesis//Data//credit_test.csv")

Figure 5.1: Loading data sets for training and testing
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In [74]: M set2_test.head()

out[74]:
Years Years
Current . .
Credit Annual in Home Monthly of
LoanID  Customer ID AmLOCL':’nr; Term coore  Income current Ownership Purpose Debt Credit
job History
fT38779f- dedlb3c3-
c726-40dc- Gibf4-4091- Shart 10+ Home Debt
92cf- 8726- BUSTLD Term D AT Yyears Mortgage Consolidation Q20083 Zl8
689d73af533d  47039f2c1b90
Gdcc0947- 1630e6e3-
164d-476c- 34e3-461a- Short 10+ Home Debt
1 alde- fda- 266662.0 Term 7340 1919190.0 years Mortgage Consolidation 36624.40 19.4
3ae7283ddela 09297d3140c8
f7744d01- 2c60938b-
804b-49c3- ad2b-4702- Short Debt
2 a777- 204d- 1534940 T T09.0 8711120 2years Rent Consolidation 839173 125
fcG431a2cff1  eecad3949ch2
83721fb- 12116614-
b9%a-4a0f- 2f3c-4d16- Shart 10+ Debt
3 aea5- ad34- 176242.0 Term 7270 7800830 years Rent Consolidation 16771.87 16.5
efd72a138b41 d92853713806
08f3780f- 39888105-
5714-4b10- fd5f-4023- Short 10+ Home Debt
4 929d- 360a- 321882.0 Term 7440 1761148.0 years Mortgage Consolidation 3947877 26.0
e1527ab5e5a3  30alebfoechy

In [75]: M set2_train.shape

DUt[75]: (1ees14, 19)

In [76]: M set2_test.shape

DUt[76]: (10353, 18)

Figure 5.2: Data set structure and shape

5.3.2. Data Preprocessing and Clean up

The Figure 5.4 shows the information about the data, if there are any missing values requiring cleaning

up, and how the null values were removed as they could not be used to train the model. The main reason

for removing the null entries is to remove and/or reduce bias in the model. The same figure also shows

that after clean up, the number of rows has reduced from 100514 (as seen in Figure 5.3) to 100000

(Figure 5.4).

After null loan id values were removed, the missing values (work years, annual income, etc.) were then

replaced with either the mode or the mean as shown in Figure 5.5.
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In [58]: M set2_train[set2_train['Loan ID'].isnull{)]

3]:
Years Years .
Culr_?;:} Term g;e[ﬂ'; Iﬁgggnael curreli:: own ngs Purpose Morgs'l;; Cre doit sir_?::(;n\fahssl ;l'u gﬁ: r: o?lé:mret:iei: Cgr:.(;ll: Maxlg;e? Bankrupicies Li;i:
Amount job History delinquent Accounts Problems Balance Credit
NaM  NaN NaM NaN NaN NaM NaMN NaMN NaM NaM MNaM MNaMN MaN NaN NaN  NaN
MaMN  NaN Nal NaN NaN MNaN NaMN NaN NaM NaMN NaN MNaN MaN NaN NaN  NaN
NaMN  NaN NaM NaN NaN NaMN NaMN NaMN NaM NaM NaM MNaN MaN NaN NaMN  NaN
NaM  MNaN NaMN NaM NaN NaMN NaN NaN NaN NaM NaN NaN NaN NaN NaN  NaN
NaM  MaN NaM NaM NaN NaMN NaN NaN NaMN NaMN NaM NaN NaN NaN NaN  NaN
NaM  NaM NaMN NaN NaM NaM NaMN NaMN NaM NaM NaM NaMN NaMN NalN NaN  NaM
NaM  MNaM NaN NaN Nal NaMN MaM NaN NaN NaMN MNaN NaM NaN MNaN NaN  NaN
NaMN  NaN NaM NaN NaN NaN NaMN NaMN NaM NaMN NaN MNaN MaN NaN NaN  NaN
MaMN  NaN Nal NaN NaN MNaN NaMN NaN NaM NaMN NaN MNaN MaN NaN NaN  NaN
MaN  NaN NaM NaN NaN NaM NaM NaM NaM NaM MNaM MaM MaM NaN NaN  NaN
4

In [59]: M |# Drop null rows in Loan ID because most are null in the other columns as well
set2_train.dropna(subset=["Loan ID'], inplace= True)

In [51]: M set2 train.shape

(1eesee, 10)

Figure 5.3: Cleaning data to remove null values

In [52]: M # Fill in missing values

for col in ['Credit Score’, 'Annual Income', "Maximum Open Credit', 'Bankruptcies', 'Tax Liens
= set2_train[col].mean()
set2_train[col].fillna(mean, inplace=True)

mean

In [53]: M # Fill Months since last delinquent null velues with @
set2_train['Months since last delinquent'].fillna(@, inplace= True)

In [534]: M # Fill in Years at current Job with mode
set2_train['Years in current job'].fillna(set2_train['Years in current job'].mode()[8], inplace= True)

In [55]: M set2_train.info()

q:

Figure 5.4: Updating null values with the mean and mode as calculated by the model

Figure 5.5 shows the description of the data in the model as loaded from the training CSV data.

Name: Loan Status, dtype: floated

In [68]: M set2_train.describe()

out[ea]:

CTSNELOM  Croguisoors AMUSl  onuy pent _Yearsor MO Sg ML MR T Mexmum
delinguent Accounts Problems Balance
count 1.000000e+05 80845.000000 8.084600e+04 100000.000000 100000.000000 45859.000000 100000.00000 100000.000000 1.000000e+05 9.999800e+04
mean 1.176045e+07  1076.456089 1.378277e+06  18472.412326 18.199141 34901321 11.12853 0168310 2.9456374e+05 7.6079842+05
std 3.178394e+07 1475.403791 1.081360e+06 12174.992609 T.015324 21.997829 5.00987 0.482705 3.761709e+05 8.384503e+06
min  1.080200e+04 585.000000 7.662700e+04 0.000000 3.600000 0.000000 0.00000 0.000000 0.000000e+00 0.000000e+00
25% 1.796520e+05 T05.000000 38.483440e+05 10214.162500 13.500000 16.000000 £.00000 0.000000 1.126700e+05 2.734380e+05
50% 3.122460e+05 724000000 1.174162e+06 16220.300000 16.900000 32.000000 10.00000 0.000000 2.093170e+05 4.673740e+05
T5% 5.249420e+05 741.000000 1.650663e+06 24012.057500 21.700000 51.000000 14.00000 0.000000 3.67958B8e+05 7.829580e+05
max 1.000000e+08 7510.000000 1.6555T4e+08 435843.280000 70.500000 176.000000 76.00000 15.000000 3.287897e+07 1.539738e+09

Figure 5.5: Model description to show the numerical details used to update the null values
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5.3.3. Model Training

Figure 5.7 shows the correlation between the different variables and Figure 5.8 shows the same

variables’ correlation in a heat map.

WEME: LUEN SLELUS, ULYpE: LiLos

In [63]: M # Check correlation of variables
numeral = set2_train.corr()
numeral
C:\Users\Monje\AppData\Local\Temp\ipykernel 3928\868641932.py:2: FutureWarning: The default value of numeric_only in DataFra
me.corr is deprecated. In a future version, it will default to False. Select only valid columns or specify the value of nume
ric_only to silence this warning.
numeral = set2 train.corr()
Oout[63]:
Current " Years of Months Number of Number of Current  Maximum
Loan ‘;gﬂr": Iﬁgg uma; Mmggg Credit since last Open Credit Credit Open Bankruptcies Li:ﬁ:
Amount History  delinquent Accounts Problems Balance Credit
Current Loan
Amount 1.000000 -0.096652 0013112 -0.006643 0019282 0.011248  0.001478 -0.002795 0.003880 -0.001271 -0.000608 -0D.002048
Credit Score  -0.098652 1.000000 -0.017078 -0.001674 -0009720 -0.003739 0006435 -0.003022 -0.000104 -0.002827 -0.006935 0.005146
Iﬁgg#fe‘\ 0.013112 -0.017072 1.000000 0.485230  0.161669 -0.077577  0.146175  -0.017006  0.312340  0.053064 -0.047672  0.0401867
Monthly Debt  -0.006643 -0.001674 0485230 1.000000  0.199229 -0.056818  0.411353  -0.055383  0.421348  0.030268% -0.078979  0.020119
Years of
Credit History 0.019282 -0.008720 0.161669 0.199289  1.000000 -0.044292  0.132349  0.061588  0.208470  0.031124 0.066247 0.017245
Months since
last 0011248 -0.003739 -0.077577 -0.056818 -0.044292 1.000000 -0.032569 0104642 -0.028662 -0.008785 0123951 0012824
delinquent
Number of
Open 0001478 0006435 0146175 0411353 0132349 -0.032569  1.000000 -0.013995 0.228136 0031341 -0.024575  0.006545
Accounts
Number of
Credit -0.002795 -0.003022 -0.017006 -0.055323 0.081528 0.104642 -0.013995  1.000000 -0.112516 -0.012072 0.752042  0.581290
Problems
Current
Credit 0003880 -0.000104 0312340 0481348 0208470 -0.028662  0.228136 -0.112516  1.000000  0.139204 -0.122603 -0.015645
Balance
OpMe:x(I:TeL:irﬂ -0.001271 -0.002827 0.053084 0039268 0031124 -0.008785  0.031341  -0.012072  0.13%204  1.000000 -0.014574 -0.001028
Bankruptcies -0.000608 -0.006935 -0047672 -0.078979 0066247 0123951 -0.024575 0752942 -0.122603 -0.014574 1.000000 0046110
Tax Liens -0002048 0005145 0040167 0020119 0017245 0012624 0006545 0581230 -0.015645 -0.001029 0046110 1.000000

Figure 5.6: Variable correlation

The model was trained using three different algorithms; Logistic regression, decision tree and
TensorFlow. According to Figure 2.13, when the logistic model was used for prediction in the banking
industry, it only relied on demographic information, however from the Figure 5.6 and 5.7, we can see

that the model developed by researcher also include economic information such as employment duration.
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B+ @an 2 v >R/ B/ C»|coe v =

Current Loan Amount -

Credit Score - 0.097

Annual Income - 0.013 -0.017

0.30
Monthly Debt --0.0066 -0.0017

- 0.25
Years of Credit History - 0.019 -0.0097 J:ELE u 0.20
- 0.15

Months since last delinquent - 0.011 -0.0037 -0.078 -0.057 -0.044
- 0.10
Number of Open Accounts - 0.0015 0.0064 = 0.15 S 013 -0.033 - 0.05
- 0.00

Number of Credit Problems --0.0028 -0.003 -0.017 -0.055 0.062 01 -0.014
- —0.05

Current Credit Balance -0.0039 -0.0001 . -0.029 H -0.11 —

Maximum Open Credit --0.0013 -0.0028 0.053 0.039 0.031 -0.0088 0.031 -0.012 | 0.14
Bankruptcies -0.00061-0.0069 -0.048 -0.079 0.066 012 -0.025 -0.12 -0.015

Tax Liens - -0.002 0.0051 0.04 0.02 0.017 0.013 0.0065 o3 -0.016 -0.001 0.046

Credit Score -
Annual Income -
Monthly Debt -
Bankruptcies -
Tax Liens -

Current Loan Amount -

Years of Credit History -
Months since last delinquent -
Number of Open Accounts -
Number of Credit Problems -|
Current Credit Balance -
Maximum Open Credit -

Figure 5.7: Variable correlation heatmap

5.4. Model Validation, Accuracy and Testing

5.4.1. Model Validation

For model validation, the model proved to be accurate in prediction of loan default likelihood of
new, unseen and unknown loan customer loan borrowing profiles. Once the model finished running, the
user can download a CSV file with the added column Predicted Loan Default at the end of the existing
data. The column shows whether or not the user will default if given the full loan amount. Figure 5.8

shows how to add the prediction column to the CSV file.
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In [84]: M encoded_data2_test = StandardScaler().fit_transform{encoded_data2_test)

encoded_data2_test = pd.DataFrame(encoded_data2 test)

In [85]: M |# Test on test data
prediction2 = model2.predict(encoded_data2_test)
# Converting predi
threshold2 = @.5
prediction2_binary = (prediction2 »= threshold).astype(int)

ted probabilities to binary predictions

In [ ]: M prediction2_df = pd.DataFrame(prediction2_binary, columns=['Predicted Loan Default', 'dummy'])
prediction2_df.drop(columns=["dummy'], inplace=True)

set2_result = pd.concat([set2_test, prediction2_df], axis=1)

set2_result.head()

In [87]: M set2_result.to_csv("Set 2 Prediction Results.csv")

Figure 5.8: Prediction Results and CSV download
5.4.2. Model Accuracy

The model was trained using 3 different algorithms: Logistic regression, decision trees and ten-
sor flow. The data was used such that 80% of the records were used for training and 20% for testing of
the model for the prediction of results. The same sizes were also used for the recommendation algorithm.
Figure 5.9 shows the accuracy, precision and fl-scores for the different algorithms that were run to

predict the default likelihood, Figure 5.10 the TensorFlow scores and 5.11 shows the decision tree scores.

iy se_ceeg e SRR A o e et wmeg 4 aeresmm_eaee

In [68]: M |# Train using Logistic regression
logistic2 = LogisticRegression()
logistic2.fit(x2_train, y2 train)

y_pred2 = logistic2.predict(X2_test)

# Confusion Matrix
print{confusion_matrix(y2_test, y_pred2))
# Classification Report

print{classification_report(y2_test, y_pred2))

[[ 924 3555]
[ 13 15508]]

precision recall fl-score  support

[} .99 @.21 2.34 4479

1 @.81 1.08 2.9 15521

accuracy ©.82 28088
macro avg 2.9e .68 8.62 20080
weighted avg @.85 ©.82 8.77 20008

Figure 5.9: Logistic regression scores
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In [ ]: M # Train using tensorflow
model2 = tf.keras.Sequential ([
tf.keras.layers.Dense(64, activation='relu’, input_shape=(45,)}),
tf.keras.layers.Dense(32, activation="relu'),
tf.keras.layers.Dense(2, activation='softmax")

# Compile your model
model2. compile(optimizer="adam",

loss="sparse_categorical_crossentropy’,
metrics=["accuracy'])

model2.fit(X2_train, y2_train, epochs=1@8@, batch_size=32, validation_data=(X2_test, y2_test))

In [74]: M y_test onchot2 = to_categorical(y2_test)
y_pred_onehot2 = model2.predict(X2_test)
y_pred_labels2 = np.argmax(y_pred_onehot2, axis=1)

y_true_labels2 = np.argmax(y_test_onehot2, axis=1)

print(classification_report(y_true_labels2, y_pred_labels2))

precision recall fl-score  support

2] a.69 @.28 2.48 4479

1 @.82 @.96 e.89 15521

accuracy 2.8l 29088
macro avg a.76 @.62 2.64 2e@a8
weighted avg 8.79 28.81 B8.78 260600

Figure 5.10: TensorFlow scores

n [62]: M |# Train using Decision Tree
classifier2 = DecisionTreeClassifier()

classifier2.fit(X2_train, y2_ train)
y_predc = classifierZ.predict(X2_test)
print{confusion_matrix(y2_test, y predc))

print{classification_report(y2_test, y_predc))

[[ 1999 2480)]
[ 2417 13184]]

precision recall fl-score  support

a @.45 2.45 B8.45 4475

1 @.34 2.84 .84 15521

accuracy B.76 200a8
macro avg @.65 2.865 @8.85 20aae
welghted avg @.75 B.76 2.75 20088

Figure 5.11: Decision Tree scores

5.4.3. Model Testing

Table 5.12 shows the different tests done on the model and the results achieved on each test case
while including the importance level of each of them. The test cases were based mostly on the objectives

of the study.
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Table 5.2: Test cases and their results
Test Case Importance Level | Results
Can data be uploaded to the model in form of a | High Successful upload of data
Csv?
Does the model predict the likelihood of de- | High Prediction done with accuracy levels
fault? of an average of 83%
Does the model recommend an amount for pre- | High Recommended loan amount suggested

dicted defaults?

for loan borrowers predicted to de-
fault.
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Chapter 6: Discussion of Results

6.1. Introduction

The study’s main purpose was the development of a loan default prediction and loan amount
recommendation tool to help Okoa Management Ltd in the processing of their loan applications. The
development of the tool will not only help them in faster processing on loans, but it will also help in
pattern behavior and feature determination which cause loan repayment inability. Using a combination
of the historical data of the client and their credit scores, has made the model improve its accuracy and

performance as it incorporates a lot more variables.
6.2. Study Results

The tool was created using 3 different algorithms: Logistic regression, Decision trees and Ten-
sorFlow. The loan predicted was passed through all the 3 algorithms and the algorithm with the highest
accuracy (Logistic Regression) was used to make the prediction of whether or not the borrower was
likely to default in the repayment of the borrowed loan. After the prediction was made, a column was
added to the CSV uploaded with the prediction could be downloadable. The fact that the model predicted
the results, the human element biasness present in manually approving loans was removed resulting in

fair, unbiased predictions.

Figure 6.1 shows a sample of how the downloaded CSV with the prediction column looks like
after the model makes the prediction on the loan default likelihood. When the model was developed, the
values were encoded as 1 — (non-defaulter; approve full amount borrowed) and 0 — (defaulter — partially

approve the amount or not depending on the borrower’s characteristics as well as the loan characteristics)
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stomer Current Lo Term Credit Scol Annual Inc Years in cu Home OwiPurpose  Monthly D Years of CiPredicted Loan Default
10b3c3- 611314 Short Tern 747 2074116 10+ years Home MoiDebt Cons 42000.83 21.8 0
30e6e3- 266662 Short Term 734 1919190 10+ years Home MoiDebt Cons 36624.4 19.4 0
10938b- 153494 Short Term 709 871112 2years Rent Debt Cons 8391.73 12.5 0
116614- 176242 Short Term 727 780083 10+ years Rent Debt Cons 16771.87 16.5 0
388105- 321992 Short Tern 744 1761148 10+ years Home Mo1Debt Cons 39478.77 26 0
78d414- 202928 Short Term 741 760380 1 year Rent Debt Cons 6526.69 13.8 0
[13a98- 621786 Long Term 733 1783606 10+ years Home MoiDebt Cons 36563.98 15.3 0
141661- 266794 Long Term 1077.992 1369106 < 1year Own HomeDebt Cons 12336.89 5.8 1
ladeda- 202466 Short Tern 736 1068617 5 years Rent Debt Cons 18745.21 20.5 0
30a828- 266288 LongTerm 683 2031518 2 years Rent Debt Cons 12443.1 24.4 0
16b23d- 121110 Short Term 1077.992 1369106 < 1year Rent Debt Cons 10749.44 19.2 1
:9f388-i 258104 Short Term 723 1284514 7 years Rent Debt Cons  6368.99 14.6 0
3fb330- 161722 Short Tern 680 504374 7 years Rent other 6094.63 9.5 0
1ae7fe- 753016 Long Term 1077.992 1369106 5 years Home Moi Debt Cons  9627.49 21.7 0
'add56- 444664 Short Tern 1077.992 1369106 5 years Rent Debt Cons 22817.86 17.9 0
389cd-. 172282 Short Tern 696 669560 3 years Home Moi Debt Cons 17966.78 18.2 0
19e3f3-| 275440 Short Term 729 1236976 6years Rent Debt Cons 21647.08 35.8 0
3b8125- 218834 Short Tern 742 1077262 3 years Own Hom¢Home Imp 19390.64 24.5 0
ifc244-1 99999909 Short Tern 715 442339 < 1lyear Rent Debt Cons 14007.18 17 0
1ice9c1- 99999999 Long Term 715  ©94526 8 years Rent Debt Cons 4358.22 17.3 0
73b695- 346610 Short Tern 744 2245116 2 years Home Moi Debt Cons 24134.94 17.6 0
18287d- 99999999 Short Term 747 1394676 5 years Home Moi Other 5834.33 31.9 0
2691e6- 219648 Long Term 722 682898 10+ years Home MoiDebt Cons 18893.79 15.5 0

Figure 6.1: Loan Prediction Results

Once the predictions are made, the generated CSV above is then uploaded to the recommendation
model when loans that were predicted to be defaulted in repayments are recommended for a lower
amount. The recommendation algorithms focused on two main things: the credit score of the cus-
tomer/borrower, and the similarity of the loan details (amount, borrower) to other borrowers whose loan
amounts were approved, and uses these to check how for what amount to recommend the borrower with.
Figure 6.2 shows how the data will look like after the recommendation is done and the CSV is down-
loaded by the user. For both Figures 6.1 and 6.2, some columns have been hidden to scale the image to

fit on the page.
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F G H I J K L

:nt Lo Term Credit Scol Annual Inc Years in cu Home Owi Purpose  Monthly D Predicted Loan Default Recommendation

1314 Short Term 747 2074116 10+ years Home MoiDebt Cons 42000.83 0 Loan upto 500,000

6662 Short Tern 734 1919190 10+ years Home MoiDebt Cons 36624 .4 0 Loan upto 250,000

3494 Short Tern 709 871112 2 years Rent Debt Cons  8391.73 0 Loan Rejected, likely to default
6242 Short Tern 727 780083 10+ years Rent Debt Cons 16771.87 0 Loan Rejected, likely to default
1992 Short Term 744 1761148 10+ years Home Mol Debt Cons 39478.77 0 Loan Rejected, likely to default
2028 Short Tern 741 760380 1vyear Rent Debt Cons 6526.69 0 Loan Rejected, likely to default
1786 Long Term 733 1783606 10+ years Home MoiDebt Cons 36563.98 0 Loan upto 250,000

6794 Long Term 1077.992 1369106 <1year Own Hom:Debt Cons 12336.89 1 Loan Approved

2466 Short Tern 736 1068617 5 years Rent Debt Cons 18745.21 0 Loan Rejected, likely to default
6288 Long Term 683 2031518 2 years Rent Debt Cons 12443.1 0 Loan upto 250,000

1110 Short Tern 1077.992 1369106 < 1year Rent Debt Cons 10749.44 1 Loan Approved

8104 Short Termn 723 1284514 7 years Rent Debt Cons  ©6368.99 0 Loan upto 250,000

1722 Short Term 680 504374 7 years Rent other 6094.63 0 Loan Rejected, likely to default
3016 Long Term 1077.992 1369106 5 years Home Mol Debt Cons  9627.49 0 Loan Rejected, likely to default
4664 Short Term 1077.992 1369106 5 years Rent Debt Cons 22817.86 0 Loan Rejected, likely to default
2282 Short Tern 696 669560 3 years Home Moi Debt Cons 17966.78 0 Loan Rejected, likely to default
5440 Short Tern 729 1236976 6 years Rent Debt Cons 21647.08 0 Loan upto 250,000

8834 Short Tern 742 1077262 3years  Own HomiHome Imp 19390.64 0 Loan Rejected, likely to default
9999 Short Termn 715 442339 <lyear Rent Debt Cons 14007.18 0 Loan upto 250,000

9999 Long Term 715 694526 8 years Rent Debt Cons 4358.22 0 Loan upto 250,000

Figure 6.2: Loan Recommendation Results

From the results obtained in the study — from the correlation matrix, the following observations

were made:

The following variables have a strong relationship with the Loan Status - Home Owner-
ship and Number of credit problems

The following have a slight relationship with the Loan Status — Bankruptcies, Months
since last Delinquent and Annual Income

The decision tree algorithm had the highest accuracy level at 90% which is a good level
of prediction

The borrowers most likely to default are those who do not own houses or have rental cars.
Borrowers with low credit scores and high loan amount request with no collateral (have

rental houses) and low incomes were more likely to default.

There were also more observations made from the study results. It was shown that the accuracy

levels of the different algorithm levels ranged from between 78%- 90% shown in Figures 5.9, 5.10 and

5.11. Though some existing models have higher accuracy levels, my results were affected by the amount

of data was that was used to train my model. Since my data source was from one organization, the

amount was collected was not enough in comparison with data used in existing models. While existing

models were trained with millions of data, the researcher’s model only had about 300000 data entries.
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Cleaning of the data to remove null value entries also reduced my data set. The reduced data for training

and validation, could be among the factors that affected my model’s accuracy.
6.3. Objectives Accomplishment

The main objectives of the study were to develop a tool to help Okoa Management in prediction
of loan default and recommending of lower amount for borrowers likely to default in the full amount

they borrowed. The objectives as defined in chapter 1 were accomplished as follows:

i.  Athorough review was done and a lot of communication with a respondent to determine

which factors to use as attributes of the model

ii. A model was developed to help in predicting the loan default likelihood — shown in chap-
ter 5

iii.  Forloans predicted to likely default, the predictions were run on another algorithm where
a recommendation of a lower amount was suggested to the borrowers — based on the
borrower’s credit score and the similarity of the loan details to loan details that were
approved.

iv.  The model was validated with an accuracy level of about 90% when using the decision

tree algorithm for prediction

The study managed to achieve everything that is set out to achieve based on the objectives de-
scribed and the scope defined in Chapter 1. With the model being able to be run both locally and, in the
cloud, there is little to no cost of set up making it an ideal solution to Okoa as there are minimal cost

implications for them.
6.4. Research Limitations

Despite all the objectives set being accomplished by the study, the tool developed in the research

still has some shortcomings. Some of the limitations of this research were:

I.  As the research was focused on Okoa Management (narrow and specific focused research), it
might not be suitable to other SACCOs that use different factors in evaluating a borrower’s like-
lihood to default making it a customized solution instead of a generic one of one size fits all
(which should ideally be the case as most SACCOs in Nairobi use almost similar factors when

evaluating a borrower’s risk when processing their loans).

48



The use has to manually upload results from the prediction to the recommendation model instead

of them being passed dynamically — this may increase the time taken (though not by much as the
approach is faster than manual evaluation).

For the recommendation, the main attribute that was considered was the borrower’s credit score,

yet there are other attributes that had high correlations with the default likelihood.
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Chapter 7: Conclusion and Recommendations

7.1. Conclusions

The loan amount prediction and recommendation tool has proven to be effective and efficient
with increased accuracy levels and reduced amount of work in processing loan applications. With the
model being able to predict default likelihood and recommend amounts, it is suitable for small SACCOS
and micro-credit institutions with similar criteria as SACCO used as the case study for this research
(Okoa Management). The number of benefits that SACCOs could exploit when they adopted this tool
are immense. Not only with the SACCOs benefit but their members as well as the turnaround time for

processing the applications will be reduced through the use of the model.

With the use of the developed tool, we ensure that there is accurate prediction of loan default
likelihood as well as reduced/ minimized biasness in the loan application approval process by eliminat-

ing the human element present in the manual application and approval process.

With the continuous advancements in Al and machine learning, better and more accurate models
will continue being developed to help in the banking, micro-finance and credit lending institutions. Con-
tinuous research and development in these industries is important as well to because if the ever-changing
dynamics of the people, meaning the models need to be trained and re-trained as frequently as possible

to learn the changing behaviors of the people.
7.2. Recommendations

Based on the research results and findings, the following recommendations can be made to pro-

mote adaptation of not just this tool but other automated tools:

i.  The SACCO governing body (The SACCO Societies Regulatory Authority (SASRA))
should encourage SACCOs to use automated systems through the policies they make —
either making it mandatory, offering subsidized membership fees or other ways to en-
courage the members to automate their systems.

ii.  Improving participant involvement during the entire process to make the acceptance of
the developed easier as part of the organization’s culture. This will increase the support
of its adaptation. In this research there was minimal participation as I only interacted with

one member of the entire organization.
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7.3. Suggestions for Future Works

Further research can be conducted in the following areas:

How the tool can be developed and improved to become a generic tool that can be used
across multiple SACCOs with different evaluation criteria.

Using different algorithms and parameters with different methods of parameter tuning
and data clean up to check if higher accuracy levels can be achieved.

Further research and exploration can be done to determine the expected returns earned
from the loan should the borrowers default. Returns could be considered as the fines
charged, value of the collateral to be confiscated and/or repossessed, etc.

There is need to determine how the use of machine learning in loan default prediction
and recommendation can be used by organizations to create loan options that reduce their

risk to lose money through defaults.
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Appendix D: Participant Information and Consent Form

A Loan Default Prediction and Loan Amount Recommendation Tool for Saccos in Nai-

robi, A Case of Okoa Management Sacco
SECTION 1: INFORMATION SHEET
Investigator: Mwalozi Purity Monje

Institutional affiliation: Strathmore School of Computing and Engineering Sciences

SECTION 2: INFORMATION SHEET-THE STUDY
2.1: Introduction and Purpose of the study.

The purpose of this research is the design, and development of a machine learning tool to predict loan
default likelihood and recommend lower amounts to users who are likely to default. The tool will be
designed to retrieve loan characteristics from an uploaded CSV file. The data will then be sent to the
processing model for validation and a response will be sent to the user on whether or not the borrower

should be given the loan in full.
2.2: Who is eligible to take part in this study?

+ Okoa Management SACCO Ltd. Relying on the data to be provided by the SACCO on
member loans

2.3: Who is not eligible to take part in this study?

¢+ Other SACCOs. They were not included in the research as the tool developed is to be cus-

tomized to the how Okoa operates and their rules.
2.4: What will it entail for me to participate in this study??
Taking part in this study as a participant will involve the following steps:

+«+ Being approached by the investigator and being asked to take part in the study in the
data collection and testing stage.
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+«+ Reading and fully understanding the goals of the study

+«+ Signing the informed consent forms (both participant consent and privacy and confi-

dentiality agreements).
2.5: Are there any risks or dangers in taking part in this study?

Taking part in this study has no risks. You are only required to provide member data on
their borrowing histories. The members’ identity will be kept confidential and no per-

sonal information will be disclosed or shared to unauthorized personnel.
2.6: Are there any benefits of taking part in this study?
Yes. Some of the benefits from this study include;

+«» Contributing to scientific research and knowledge advancement in the field of machine learn-
ing in the microfinance industry in loan disbursement.

+¢+ Providing valuable feedback on the tool developed, which may help improve its design, func-
tionality and reliability.

¢ Having the opportunity to try out the latest technology and potentially improve your experi-
ence with loan recommendations, loan default likelihood and the entire loan disbursement

process in general
2.7: Who will be able to access my data while this research is being conducted??

The information collected during the study will be kept confidential and secure. Appropriate
measures, such as encryption and secure storage of data, will be taken to protect your privacy.
Your information will only be used for the purposes of this study and will not be shared with

third parties without your explicit consent, except as required by law.
2.8: Who can | speak with if I have any other inquiries?

You can contact me, Purity Monje Mwalozi, via e-mail(purity.mwalozi@strathmore.edu),
or by phone (+254711589113). You can also contact nysupervisor, Dr. Kennedy Ronoh,
at the Strathmore School of Computing and Engineering Sciences, Nairobi, or via e-mail
(kronoh@strathmore.edu)
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Please get in touch with an impartial person if you have any questions concern-
ing this study: The Secretary—Strathmore University Institutional Ethics Review Board, P.
0. BOX 59857,00200, Nairobi, email ethicsreview@strathmore.edu Tel number: +254 703
034 375
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SECTION 3: CONSENT

I, , willingly consent to take part in this research investigation.

I understand that even though | have given my approval to participate at this time, | have the option

to stop at any time without suffering any repercussions.

The study's objectives and methodology have been thoroughly explained to me in written form, and |

have had the chance to clarify any uncertainties or questions | may have had.

I am aware that participation calls for the sharing of personal data of the SACCO members.

| am aware that the data I contribute to this study will be kept private and confidential.

Research participant’s signature Date:

(Representing Okoa Management)

_________ Y R
DD/MM/YEAR

Research participant’s Name: Date:

_________ A S
DD/MM/YEAR
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I, (Name of person taking consent) hereby attest that | have

adhered to the SOP for this study, have given the study information to the participant
named above, and that the participant has understood the nature and aim of the study and
has given his/her consent to participation. S/he had the chance to ask questions, and those

questions were satisfactorily answered.

Researcher’s signature: Date:

DD/ MM/ YEAR

Researcher’s Name
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Appendix E: Privacy and Confidentiality Agreement

Background

This privacy and confidentiality agreement (“the Agreement”) is created and effective as

from March 2023 (the “Commencement Date”™).
The Agreement is between:

a. Purity Mwalozi (1% Party) - Receiver
b. Okoa Management Limited (2") - Discloser

Collectively referred to as “Parties”;
The parties agree to the following terms with the intention to be legally bound:

1. Party 1 intends to receive confidential information from party 2.

2. Regarding the release, disclosure and use of Confidential Information, the Parties have
agreed to abide by this Agreement.

3. The purpose of this Agreement relates to the loan prediction and recommendation model
and the Parties intention to keep this information confidential (the “Transaction”).

4. Each party, their respective affiliates and their respective directors, officers, agents, or ad-
visors (collectively “Representatives”) may provide or grant access to certain confidential
and proprietary information.

5. In consideration for the disclosure of the Confidential Information the Receiver agrees to

the following:

Confidential Information

6. “Confidential Information” relates to all Confidential Information relating to the Transac-
tion which the Discloser or its representatives directly or indirectly discloses or makes
available to the Recipient or its Representatives after the date of this Agreement. This in-
cludes:

a. The Discloser's business, assets, affairs, clients, customers, suppliers, and plans (in-
tentions or market prospects). and
b. The Discloser's procedures, methods, knowledge, expertise, technical data, designs,

trade secrets, or software;
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10.

11.

c. any knowledge, conclusions, information, or research based on the confidential In-
formation;

d. any other information that is identified as being confidential or proprietary in nature

e. ‘Customer Information’ includes the names of the organizations or people to whom
the disclosing party renders its services, including their affiliates and representa-
tives, as well as any associated information, such as leads, contact lists, sales plans
and notes, shared and learned sales information like pricing sheets, projects or

plans, agreements, or such other data.

Permitted Disclosure

The Recipient may make the private data available to its Representatives on the grounds
that it:

a. before disclosing the Confidential Information, notifies those Representatives of its
sensitivity;

b. takes all reasonable steps to procure that those Representatives comply with the
confidentiality obligations in clause 8.

Obligation
The Receiving party and their representatives agree to:

a. maintain the secrecy and confidentiality of the Confidential Information;

b. notuse or otherwise make use of the Confidential Information for any purpose other
than the Transaction;

c. not unless as expressly permitted by, and in accordance with, this Agreement, di-
rectly or indirectly divulge or make available any Confidential Information to any-
one, in whole or in part.

To protect the Confidential Information from unauthorized access or use, the Receiver must
install and maintain effective security measures, including any reasonable security
measures the Discloser may occasionally propose.

The Receiver shall take reasonable measures to enforce the compliance with the require-
ments of this Agreement by its Representatives.

Any violation of this Agreement by one of the Receiving party's Representatives is the

Receiving party's responsibility.

67



Destruction of Confidential Information

12. Upon the Discloser's reasonable written request, the Recipient shall:
a. obliterate and destroy any records and materials based on, containing, or reflecting
the Confidential Information; [and]
b. [to the extent technically possible,] delete any electronic copies of Confidential In-

formation from its computer systems, communications networks, and other devices

[; and OR].
c. confirm in writing to the Discloser that it has met with this clause's requirements.
[Clause 12.]
Disclaimer

13. Either party, at its sole discretion, may:
a. Disapprove of or reject any suggestions made regarding the Transaction by the op-
posite party or its Representatives;
b. Cancel talks and negotiations with the opposite party or its representatives when-
ever, for any reason, or for no reason at all;
c. Atany time, without giving the other party prior notice, modify the processes per-

taining to the consideration of the Transaction.
Third Parties

14. No one other than a party to this Agreement, its successors, and allowed assignees shall
have any right to enforce any of its terms, unless otherwise specifically specified elsewhere

in this Agreement.
Termination

15. This Agreement shall expire on the earlier of:
a. Both parties' written consent to terminate this Agreement; or
b. Completion of the Transaction;

Governing Law and Jurisdiction:

16. Kenyan law shall govern and be followed in the interpretation of this Agreement and any
disagreement or claim arising out of or related to it, its subject matter, or its formation

(including extracontractual disputes or claims). Each party thus irrevocably consents to the
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exclusive jurisdiction of the Kenyan courts to resolve any controversy or claim arising out
of or related to this Agreement or the subject matter or formation thereof. (Including non-

contractual disputes or claims).

Disputes
17. Before starting any legal proceedings or starting any other alternative dispute resolution

procedure in connection with a dispute that arises under or in connection with this agree-
ment (a "Dispute™), a party must first send the other party written notice ("Dispute Notice™)
of the dispute, describing the dispute and requesting that it be resolved under the dispute
resolution procedure. 17. Any disagreements resulting from this Agreement must be settled
by:

a. Starting legal action in Kenyan courts.

b. Mediation. Arbitration will be used to settle disputes if the parties are unable to reach

one through mediation.

c. Arbitration in accordance to the workings of the Chartered Institute of Arbitrators

IN WITNESS WHEREOF, the parties have executed this Agreement as of the Com-

mencement Date.

Discloser Name Discloser Signature

Receiver Name Receiver Signature
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