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ABSTRACT 

Financial institutions play a vital role to enhance the socio-economic development of 

any country. Despite being a key player in socio-economic development, large group 

of people is still isolated in accessing formal financial services. Saving and Credit 

Cooperative Societies (SACCOS) are type of Microfinance Financial Institutions 

(MFIs) that came to solve the problem of isolating many people in attaining financial 

services. Loan default is a big challenge that causes weak performance of many 

SACCOS and eventually collapses.  

In resolving the problem of loan default, this study analysed SACCOS credit rating in 

Tanzania by using machine learning approach. The secondary data of borrowers’ 

information from 2015 to 2019 were collected from KKKT Arusha Road SACCOS 

Ltd. The experiment was conducted in Anaconda environment with Python 3.8. 

Seventy percent (70%) of data were used for training and thirty percent (30%) for 

testing.  

The predictive variable influencing SACCOS members’ credit ratings were analysed 

by using Random Forest and Logistic Regression algorithms. The foremost variables 

found by the Random Forest algorithm in influencing SACCOS members’ credit 

ratings were age, interest rate and membership years while the least variables were 

marital status and gender. The foremost factors found by Logistic Regression include 

age, loan period and interest rate while the least factors include membership years and 

marital status. 

In evaluating the relationship between factors of SACCOS members and their 

associated credit rating the best results were obtained when the random forest 

algorithm was fitted with eleven features which include age, interest rate, membership 

years, loan amount, disbursement month, expired month, loan cycle, purpose, loan 

period, gender and marital status. The evaluation scores were 95%, 98%, 97%, 98% 

for Accuracy, Precision, Recall and F1-Score respectively. Also, for logistic 

regression, the best performance was obtained when the algorithm was fitted with three 

features which include loan period, interest rate and gender. The evaluation scores 

were 74%, 98%, 74%, 85% for Accuracy, Precision, Recall and F1-Score respectively. 

Overall machine learning provided the best results in analysing SACCOS credit 

ratings. 
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CHAPTER ONE 

INTRODUCTION 

1.0 General Introduction 

This chapter encompasses all valuable information to publicize the key points 

concerning this study. Starting with background information which makes the context 

clear followed by statement of the problem which gives clarity of the studied problem. 

The statement of the problem is followed by general objective, specific objectives and 

research questions. The parts which conclude this chapter include research 

significances, scope, limitation and organization of the study. 

 

1.1 Background of the Study 

The financial sector is a key player in the development of a strong economy. It plays 

an important role in development of socio-economic activities especially in the 

developing countries (Jain, 2018; Naseer & Azam, 2019). Unfortunately, enough 

formal financial sectors fail to provide services to many individuals. The main factors 

which make many people to be segregated in accessing formal financial services 

include; failure to meet strict rules and regulations, high-interest rate charged on loans 

and failure of formal financial institutions to penetrate in many places like rural areas. 

The availability of Microfinance Institutions (MFIs) which have fewer restrictions and 

regulations paved the way to many individuals who were isolated by formal financial 

institutions (Mlowosa, Kalimangi’asi, & Mathias, 2014). 

 

Saving and Credit Cooperative Society (SACCOS) is a member-based microfinance 

corporation. These corporations are formed by members who contribute money for 

savings and use that money to provide loans to someone in need for financing socio-

economic activities (Mavimbela, Masuku, & Belete, 2010; Makori, Munene, & 

Muturi, 2013; Anania & Gikuri, 2015). 

 

According to World Council of Credit Union (WOCCU, 2018), there are 85,400 

SACCOS in 118 countries with total members 274,227,022 and penetration of 9.38%. 

In Africa continent, the top five leading countries for SACCOS penetration are Togo, 

Rwanda, Benin, Senegal and Kenya. In East Africa, Rwanda is the leading country 

with penetration of 54.53%, followed by Kenya 28.40%, Tanzania 5.50% and lastly 
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Uganda 3.94%. In Tanzania SACCOS operate under the Co-operative Societies Act of 

2013 which came into effect in 2014 (URT, 2014). The approval of SACCOS in 

Tanzania was during free-market era in the 1980s with the main aim of enhancing 

people especially rural dwellers to access credit because they were underserved by 

formal financial institutions in getting financial services (Magali, 2013). In Tanzania, 

there are 6,138 SACCOS serving 1,584,285 members with penetration of 5.50%. The 

saving amount to USD 234,091,304 and loan of USD 569,565,217 (WOCCU, 2018). 

 

Loan default is a big challenge that can not only weaken SACCOS but also can make 

it collapse. Therefore, to have a flourishing SACCOS the loan default is the main 

challenge that need to be addressed (Maina, Kinyariro, & Muturi, 2016; Ndiege, 

Mataba, Msonganzila, & Nzilano, 2016). To reduce the challenge of loan default, rigid 

rules and restrictions are enacted. However, enacting rigid rules and restrictions isolate 

many individuals who have seen SACCOS as the only angel donor left to them in 

enhancing their socio-economic activities. The current method used to determine a 

worthy loan applicant is screening the information of the borrowers basing on the 

expertise of the lender. This practice according to Absanto and Aikaruwa (2016)  has 

several problems such as difficulty to know the real risks of the borrower (adverse 

selection) and difficult to ensure that the borrower will be able to pay back the loan 

(moral hazard). The study done by Ndiege et al. (2016) to examine the relationship 

between financial performance and loan repayment capacity among Tanzania 

SACCOS concluded that to reduce credit risks appropriate tools for credit rating need 

to be taken into account.    

 

Machine learning (ML) is a type of artificial intelligence (AI) in which computer is 

trained without being explicitly programmed (Goyal & Kaur, 2016; Leo, Sharma, & 

Maddulety, 2019). Through ML, computer programs can access data and use it to 

extract patterns. Machine leaning has resulted in tremendous results in overcoming 

various real-life problems. With the increase of big data, ML is widely used in many 

fields like transport, health care, government, business and marketing. Three main 

divisions of ML include Supervised Machine Learning (SML), Unsupervised Machine 

Learning (UML) and Reinforcement Machine Learning (RML) (Praveena & 

Jaiganesh, 2017). Supervised machine learning is a type of ML which identify the 

meaning by considering the labeled training data. Supervised machine learning is 
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widely used in various aspects of life like financial institutions, manufacturing 

industries, sports and games and medical and health care. Various types of SML 

algorithms include Support Vector Machine (SVM), Random Forest (RF), Decision 

Tree (DT), Naïve Bayes (NB), K-Nearest Neighbor (KNN), Logistic Regression (LR) 

and Artificial Neural Networks (ANN). 

  

With the advancement of technology ML has started to be employed in the financial 

sector. It is used for various tasks like optimizing inventory, market segmentation, 

forecasting of product demand, customer services and advertisements (Lakhani, 

Dhotre, & Giri, 2018). In the lending business, technology has changed from human-

expert based to automated credit rating systems. Machine Learning appeared to be one 

of the pioneering technologies for risk management and played a big role through 

various techniques (Leo et al., 2019). There are numerous ML algorithms used for 

credit ratings.  The widely used ML algorithms in credit ratings include RF, LR, SVM 

and DT (Tsai & Chen, 2010; Turkson, Baagyere, & Wenya, 2016). Accurate models 

for credit risk had built by ML to identify patterns which are nonlinear within the large 

dataset. 

 

Machine learning algorithms use the information of loan applicants to make a valuable 

decision in analysing credit rating. There are two ways in which credit scoring can be 

classified as far as ML is concerned and these are, application scoring and behavior 

scoring. Application scoring is used to know whether an applicant will default or not 

while behavior scoring is used by considering their information and payment history 

(Arutjothi & Senthamarai, 2017). In this study, application scoring was used because 

the study aimed to determine the influencing factors in analysing SACCOS members’ 

credit ratings. 

 

Machine learning algorithms were proposed by various researchers in analysing credit 

ratings.  Abdelmoula ( 2015) used KNN classifier to analyse the credit risk of 

borrowers in paying their loan obligation in Tunisian banks. Three different models 

were built and tested using different k values (2, 3, 4, and 5). The best results for both 

models were obtained when the k value is 3. Also, KNN in combination with Min-

Max normalization were used in the study of Arutjothi and Senthamarai (2017) to 

predict loan status in commercial banks. The Accuracy results of the model show 
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75.08% in classifying the credit applicants. Turkson, Baagyere, and Wenya (2016) 

conducted the study using a ML approach to predict credit risk in banks. They applied 

fifteen (15) different algorithms and concluded that apart from Gaussian NB and 

Nearest Centroid other algorithms produced the best results ranging between 76% to 

more than 80%.  

 

Byanjankar et al. (2015) used 15 variables to predict credit risks in Peer to Peer (P2P) 

lending by neural network approach. The variables used are credit decisions, new 

credit customers, age, country, credit group, applied amount, interest, loan duration, 

uses of the loan, application type, new offer made, marital status, employment status, 

total income and actual default. Grace and Williams (2016) compared between neural 

network and fuzzy logic in credit risk evaluation. They collected 100 records with 8 

variables. The variables used include age, years in services, total income, number of 

dependent, tenor, cash flow, credit history and collateral. Wah et al. (2011) in assessing 

creditworthiness via credit scoring models used 10 variables which include gender, 

age in years, district address, occupation, race, marital status, number of dependents, 

number of cars, defaulters/non- defaulters and work sector. 

 

Unfortunately, the studied ML models for credit rating have focused on banks which 

tend to be more regularized than cooperative societies (Chen & Li, 2014; Grace & 

Williams, 2016; Addo, Guegan, & Hassani, 2018). Low regularization of cooperative 

societies attracts a different set of customers, compared to banks. Factors that lead to 

loan default in banks and SACCOS differ in weights. For example, the interest rate of 

bank loans is highly considered in banks because the amount is high compared to 

SACCOS where the interest rate is low. Sometimes, the minimum amount of loan 

provided by SACCOS is very low compared to the minimum amount of loan provided 

by banks. Also, SACCOS provide emergence loans which are processed in a short 

period of time compared to processing time used to all types of bank loans. Thus, 

factors leading to loan default between SACCOS and banks differ. Therefore, there is 

a need to apply ML approach to SACCOS members’ profile for credit rating analysis. 

 

1.2 Statement of the Problem  

Despite having fewer restrictions and serving many people, SACCOS in Tanzania are 

not performing at full potential.  Loan default is a big challenge facing SACCOS in 
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Tanzania. This problem leads to poor performance and eventually collapse of some of 

SACCOS (Magali, 2013; Anania & Gikuri, 2015; Ndiege et al., 2016; Kumar & 

Wagofya, 2018) 

 

The current method used to determine a worthy loan applicants is screening borrowers’ 

information basing on the expertise of loan officers. This practice has the problem of 

failure to identify the real risks of the loan borrower which eventually lead to loan 

default problem. In dealing with loan default, various studies have suggested enacting 

strict rule and regulations. However, by enacting strict rules and regulations SACCOS 

will start operating like formal financial institutions. This will lead to the isolation of 

many people in accessing loans (Makorere, 2014; Absanto & Aikaruwa, 2016; Ndiege 

et al., 2016). 

 

To overcome the challenge of the loan default problem, ML approach need to be taken 

into account in SACCOS credit rating analysis. There is no study found using a ML 

approach to analyse credit rating in SACCOS particularly in Tanzania. Therefore, in 

this study ML approach was applied to predict SACCOS  credit rating in Tanzania. 

 

1.3 Research Objectives 

1.3.1 General Objectives 

The main objective of this study is to predict SACCOS credit rating in Tanzania by 

using machine learning approach. 

 

1.3.2 Specific Objectives 

1. To determine factors influencing SACCOS members’ credit ratings by applying 

machine learning algorithms. 

2. To develop the model by applying appropriate machine learning algorithms for 

credit rating. 

 

1.4 Research Questions  

1. What are the factors which can be determined to influence SACCOS members’ 

credit ratings when machine learning algorithms are applied?  

2. What are the performance of the developed model when appropriate machine 

learning algorithm are applied? 
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1.5 Significance of the Research 

The main intention of this study is to analyse SACCOS credit rating by using ML 

approach. The results of this study will be useful to SACCOS because it will enable 

the approval of loans to only members who are likely not to default and reduce the 

problem of poor performance and eventually collapse of some of SACCOS. To the 

individuals, the results of this study will be alternative to strict regulations and 

formalities which end up hindering many people to access loans. To government and 

policymakers it will lead them not to extend strict laws and regulations to SACCOS as 

the way of solving the loan default problems. Also, this study will open a way to other 

researchers in investigating more on how various problems facing SACCOS activities 

can be solved using ML approach. Last but not least, by solving the problem of loan 

default SACCOS will operate at a full potential which will eventually lead to an 

increase of income and economic welfare at large.  

 

1.6 Scope of the Study 

The study is limited to SACCOS credit rating prediction in Tanzania by using machine 

learning approach. The study area was confined to KKKT Arusha Road SACCOS Ltd 

and involved secondary data of five years from 2015 to 2019. KKKT Arusha Road 

SACCOS Ltd is amongst the oldest and biggest cooperative societies in Dodoma city.  

 

1.7 Limitation of the Study 

Time was the limiting factor because it took long passing various bureaucracies as data 

needed were very sensitive. Much time taken waiting for permission led to a delay in 

getting secondary data and forced the researcher to work much harder to accomplish 

it on time. Also, financial was another limiting factor because the researcher relied on 

private sponsorship.  

 

1.8 Organization of the Study 

This dissertation report comprises five chapters. Chapter two presents the literature 

review where various concepts about this study were vividly elaborated and the 

empirical literature review was clearly analysed. Also, the research gap and conceptual 

framework were presented. Chapter three describes the methodology and includes 

research setting, research design, research approach, data collection methods and tools, 

training and testing the model, data analysis, reliability and validity and ethical issues 
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and consideration. In chapter four, data analysis, results and discussion were provided. 

Chapter five includes a summary of findings, conclusion and recommendations. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.0 Introduction 

This chapter discusses the views of other literature concerning various concepts 

relating to this study like SACCOS, credit rating, loan default and ML concepts. Also, 

empirical review and research gap are clearly shown and finally, the conceptual 

framework is provided to guide the whole process of the study. 

 

2.1 Definition of Key Terms 

2.1.1 Microfinance Institutions 

Microfinance Institutions are the kind of organizations established with the main aim 

of providing financial services to people with low income. MFIs help to extend the 

loan to people who are isolated by formal financial institutions, especially in 

developing countries. Unlike formal financial institutions that are mainly located in 

towns, MFIs are extended even to rural areas. Stakeholders of MFIs include owners, 

government, customers, contributors and creditors (Mori, 2009). MFIs provide 

training and business guidance to the low income-earners and micro-enterprises. Other 

importance of MFIs includes poverty reduction, increase the living standard of the 

people and provision of loan to individuals in a low-interest rate and fewer restrictions 

(Hartarska & Nadolnyak, 2007). SACCOS was established in Tanzania as MFIs with 

the main aim of providing financial services to individuals having the middle and low 

income (Mukama, 2019). 

 

2.1.2 Saving and Credit Cooperative Societies 

Saving and Credit Cooperative Societies are associations whereby savings are 

combined by members and used to sanction loans to someone in need at a low-interest 

rate. The concept of SACCOS goes back to the 19th century when poor people wanted 

to overcome the exploitation challenge of money lenders in Europe. In Africa, 

SACCOS was introduced in 1959 in the Republic of Ghana to help villagers to develop 

their socio-economic activities. The early SACCOS entrants’ countries in Africa 

include Ghana, Kenya, Uganda, Nigeria and Tanzania. In order to reinforce SACCOS 

activities, the parliament of the United Republic of Tanzania (URT) passed the 

Cooperative Society Act of 2013 which came into effect in 2014 (Bwana & 

Mwakujonga, 2013; URT, 2014). 
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The owners of SACCOS are the members and they make sure that it operates 

democratically. As the term SACCOS is common in Africa in other parts of the world 

names like “credit unions”, “Caja popular” and “people’s bank” are used to mean the 

same thing that is members pooling money together to enhance their socio economic 

activities (Makori et al., 2013). The main aim of SACCOS formation is to ensure 

availability of credit through encouraging savings. The mobilized financial resources 

help to enhance various socio-economic development activities like agricultural 

activities, housing, poultry farming, fishing and business especially in rural areas 

where other formal financial institutions rarely reach (Kumar & Wagofya, 2018; 

Ndiege et al., 2016) 

 

Common characteristics of SACCOS in developing countries include; members of 

SACCOS are low to middle-income earners. Also, the main aim is the mobilization of 

funds which are used in the provision of loan to boost socio-economic activities. In 

addition to that, SACCOS members tend to have a common background like working 

in the same company or residing in the same geographical area. Objectives of 

SACCOS are to enhance development among members by teaching them efficient use 

of the monetary resource, to broaden the capital base, to make easy access of capital 

and provide investment training to members. The importance of SACCOS includes 

improve the habit of saving among members, provide employment, rise of per capita 

income and enhancement of socio-economic activities (Anania & Gikuri, 2015). 

Despite the many importance of SACCOS to the society loan default is still a big threat 

that ruin its sustainability (Ndiege et al., 2016). 

 

2.1.3 Loan Default 

Loan default is defined as the failure of a debtor to pay back the loan according to the 

commitment (Addae-korankye, 2014). The debtor may refuse to pay the loan 

intentionally or may be unable to get money for loan payment. Defaulting the loan is 

a big threat that weaken SACCOS and sometimes leads to collapse. In order to have a 

strong SACCOS, loan default is a number one challenge that need to be dealt with. 

 

2.1.4 Credit Rating 

Credit rating refers to an evaluation done by financial institutions in order to take a 

decision of approving loans only to potential customers (Chen & Li, 2014). Through 
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credit rating, the customers who are likely not to default are given loans and those who 

are likely to default can be given loans at high interest-rate or cannot be given loans at 

all. Also, credit rating help to predict the level of risk the company will be locating 

itself by issuing a loan to a certain type of customer (Chen, Ribeiro, & Chen, 2016). 

Credit rating can be attained by human experts or by using automated systems. Due to 

the advancement of technology, automated systems have replaced human experts in 

credit rating analysis. Machine learning techniques are pioneering in analyzing 

features that influence defaulting and not defaulting. 

 

2.1.5 Credit Rating Features 

In performing credit rating analysis various features are considered. Credit rating 

features can be categorized into two types that are, discrete like gender and education 

level or it can be continuous like age, income, loan amount and expenses. Feature 

selection is an important part of ML research because failure to choose appropriate 

features can lead to bad achievement in model development. The appropriate attributes 

need to be chosen in order to get a valid model. Also, some of the features provide 

little impact in analyzing between defaulters and non-defaulters. Therefore, 

meaningful features need to be considered in order to reduce the runtime of algorithms 

and increase accuracy. Some of the credit rating features include homeownership, 

outstanding balance, age, the status of previous payment, time of taking the loan, 

marital status, education and years in current job (Li, Shiue, & Huang, 2006; Bellotti 

& Crook, 2009; Turkson et al., 2016). 

 

2.1.6 Credit Rating models 

Credit rating models are sets of techniques used to identify if borrowers will achieve 

repaying their loans. These models are used by financial organizations before 

providing loans to their clients in order to determine the risks they will encounter and 

take a sensible decision as early as possible (Chen & Li, 2014; Bandyopadhyay, 2016). 

Credit rating is done by considering factors like age, income and marital status of a 

prospective borrower (Chen & Huang, 2003). According to Wah et al. (2011) credit 

rating models were defined as the techniques which are used to classify loan applicants 

into two groups. The good risk group constitutes those who can pay back their loans 

and the bad risk group constitutes those who cannot pay back the loans. The problem 

of this study is coined to classification problem which is the part of supervised learning 
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in ML context. Some of the classifications of machine learning algorithms that can be 

used for developing credit rating models include RF, SVM, LR, ANN and DT. 

 

2.2 Machine Learning 

The main idea of ML is training the computer from previous data so that it can think 

itself without being explicitly programmed (Leo et al., 2019). Clustering, transcription, 

classification and regression are tasks performed by ML (Goyal & Kaur, 2016). In the 

21st century ML became one of the prominent aspects in the world of information 

technology and it is evidenced from how it is used in performing various tasks like 

credit rating in banks, spam filtering, self-driving cars, classification of images and 

speech recognition (Munkhdalai, Munkhdalai, Namsrai, Lee, & Ryu, 2019). Three 

categories of ML include supervised learning, unsupervised learning and 

reinforcement learning as shown in Figure 2.1. 

 

 

 

 

 

 

 

 

 

 

Figure 2. 1: Machine Learning Types 

Source: Adopted from (Praveena & Jaiganesh, 2017) 

 

2.2.1 Unsupervised Machine Learning 

Unsupervised Machine Learning is a type of ML in which datasets have no labels. 

Tasks of UML include dimensionality reduction and clustering. In dimensionality 

reduction, the new features which are smaller than the original one are originated while 

maintaining the changes of the original one. Clustering is a task whereby features are 
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grouped according to some resembling traits. Example of clustering algorithms 

includes expectation maximization and K-means (Tsai & Chen, 2010). 

 

2.2.2 Reinforcement Machine Learning 

Reinforcement Machine Learning is a type of ML which learns through experience. 

Reinforcement agents interact with the environment and maximize their ability 

through trial and error. At first, it makes a lot of mistakes until it interacts enough with 

the environment to the extent that it makes fewer mistakes. This is because RML is 

behavior-driven like a Pavlov dog which was conditioned to act based on rewards. 

Some of the reinforcement algorithms are State-Action-Reward-State-Action 

(SARSA), Deep Q Network (DQN) and Q-Learning. Example of application of 

reinforcement learning in real-life includes traffic light control and robotics (Liu & 

Kohls, 2010).  

 

2.2.3 Supervised Machine Learning 

Supervised Machine Learning is a type of ML where datasets contain labels. It is 

further divided into two parts that are regression and classification. The task of 

classification is to predict variables that are categorical in nature. Regression help in 

analyzing how independent variables change in accordance to change of the dependent 

variables. Regression algorithms include SVM, RF and KNN. Support vector machine 

and RF can be used for both classification and regression. Supervised machine learning 

is used to solve real life problems in various fields like finance, health care, 

manufacturing and advertisement (Praveena & Jaiganesh, 2017). 

 

2.2.4 Classification Algorithms 

Classification algorithms map input variables to one or more output variables. In 

classification algorithms classifier is created by learning process. The famous 

classification algorithms are SVM, ANN, DT and RF. The application of classification 

algorithms include spam filtering, credit rating and face recognition. Classification 

algorithms that are highly used in credit rating include SVM, RF, DT, LR and KNN 

(Coser, Maer-Matei, & Albu, 2019; Ghatasheh, 2014). 
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2.2.5 Ensemble Algorithms 

Ensemble algorithms refer to the combination of more than one algorithm in solving 

the same problem with the aim of improving model performance. There are three types 

of ensemble methods which include bagging, boosting and stacking. Generally, 

ensemble models give better results than single models. In the credit scoring problem, 

various studies suggested ensemble classifier containing RF. This is because of the 

better results of RF when compared to other algorithms (Kruppa, Schwarz, Arminger, 

& Ziegler, 2013; Xia, Liu, Li, & Liu, 2017). 

 

2.2.6 Random Forest. 

Random Forest is a type of ensemble algorithm which are used for regression, 

classification and type of tasks that involve building many DT and combining them by 

result aggregation. This type of ensemble algorithms was proposed by Breiman (2001). 

Random selection of samples is made in order to form a group of various DT and then 

combined through result aggregation by choosing a class with the maximum vote to 

form a prediction model as shown in Figure 2.2.  

 

 

Figure 2. 2: Formation of Random Forest 

Source: Researcher, (2020) 

 

2.2.7 Logistic Regression 

Logistic regression may be defined as a supervised learning and classification 

algorithm utilized to foresee the probability of a predicted variable. The nature of the 
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predicted variable is dichotomous, which implies that there are two possible classes 

(Sayuti & Ibrahim, 2016). Mathematically, LR predicts P(Y=1) for credit rating which 

means either default or non-default. 

The LR model can be specified as: 

𝑃𝑟𝑜𝑏 (𝑦 = 1) = 1
1+𝑒

− 𝑍𝑖  …………………………………………… (2.1) 

Taking the algorithm is: 

𝑍𝑖 = 𝑙𝑛 𝑝
1+𝑝

= 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ 𝛽𝑛𝑋𝑛……………………...… (2.2) 

By taking error into account the logistic regression becomes: 

Z𝑖 = 𝛽0 + ∑ β𝑖
𝑘
𝑖=1 𝑋𝑖 + 𝑒𝑖…………………………………………… (2.3) 

 

2.2.8 Evaluation Metrics 

The built model needed to be evaluated in order to determine its performance. In 

evaluation, various error types are used which include True Positive, False Negative, 

False Positive and True Negative (Coser et al., 2019). For the use case of credit rating 

model analysis, these error types can be elaborated as follows. 

 True Positive (TP): This is a type of error where the model will predict that the 

loan will be repaid and the datasets show the same results. 

 False Negative (FN): This is a type of error where the model will predict that 

the loan will default while the real datasets show that no default.  

 False Positive (FP): This is a type of error where the model will predict that 

the loan will be repaid and the real datasets show that there is the default. 

 True Negative (TN): This is a type of error where the model will predict that 

the loan will default and the datasets show the same results. 

 

Table 2. 1: Example of confusion matrix for credit rating analysis 

                                                                      Predicted 

 

Actual 

 Default Good Standing 

Default TN FP 

Good Standing FN TP 

Source: Researcher (2020) 
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In order to understand the performance of ML developed model, various evaluation 

metrics are taken into account. These metrics include Accuracy, Precision, 

Recall/Sensitivity and F1 score. These metrics are elaborated in Table 2.2 with their 

equations. 

 

Table 2. 2: Evaluation metrics 

Metric Equation Definition 

Accuracy 𝐓𝐏 + 𝐓𝐍
𝐓𝐏 + 𝐅𝐍 + 𝐓𝐍 + 𝐅𝐏

 
The proportion of the total 

number of predictions that 

appeared correct 

Precision 𝐓𝐏
𝐓𝐏 + 𝐅𝐏

 
The proportion of the predicted 

positive cases which that 

appeared correct 

Recall/Sensitivity 𝐓𝐏
𝐓𝐏 + 𝐅𝐍

 
The Proportion of the positive 

cases that are correctly identified 

F1 Score 𝟐 𝐗 𝐏𝐫𝐞𝐜𝐢𝐬𝐬𝐢𝐨𝐧 𝐗 𝐑𝐞𝐜𝐚𝐥
𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧 + 𝐑𝐞𝐜𝐚𝐥𝐥

 
Weight harmonic mean of 

precision and recall  

Specificity 𝐓𝐍
𝐓𝐍 + 𝐅𝐏

 
The proportion of the negative 

cases that are correctly identified 

Source: (Turkson et al., 2016) 

 

2.2.9 Synthetic Minority Oversampling 

In classification problems like credit rating, spam filtering and student dropouts it is 

common to find the imbalanced dataset. The imbalanced dataset occurs when the one 

class has fewer observations than another class. When the ML algorithm is trained by 

using imbalanced datasets can lead to bias.  Synthetic Minority Oversampling 

Technique (SMOTE) is a type of algorithms which are used to oversample the minority 

class to have the same observations as the majority class (Zhu, Qiu, Ergu, Ying, & Liu, 

2019). This algorithm was established in 2020 and has shown tremendous outcomes 

in various fields (Fernández, García, Herrera, & Chawla, 2018). 

 

2.3 Empirical Literature Review 

Several studies have been conducted regarding credit rating using ML methods in 

financial institutions. Byanjankar et al. (2015) conducted a study to predict credit risk 
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in peer-to-peer lending. The data containing default and non-default were extracted 

from European peer-to-peer from 2009 to 2015. The variables used include credit 

decisions, new credit customers, age, country, loan duration, loan amount, marital 

status, country of residence, age, total income, employment status, actual default, 

credit group, loan purpose, new offer made and application type. Neural network 

approach with back propagation algorithm built in R programming language was 

employed. Seventy percent (70%) of data were used for training and thirty (30%) for 

testing. Overall, the performance was good in classifying defaulters and non-

defaulters. 

 

The study conducted in Nigeria by Grace and Williams (2016) to compare between 

neural network and fuzzy logic in credit risk evaluation. The neural network and fuzzy 

logic models were developed with eight (8) input variables in Matrix Laboratory 

(MATLAB) R2014a and Microsoft Excel 2013 version was used for dataset pre-

processing. The Accuracy of neural network was 96.89% compared to neural fuzzy 

which was 94.44%. However, the reasoning mechanism in fuzzy system was simple 

which allows the final decision to be easily analyzed while in neural network the 

decision given was not easily understood and the only option is to accept the output. 

 

Wah et al. (2011) developed credit scoring models using data mining (DM) and 

compared the credit score model that is LR, DT and credit scorecard model. The 

models were built using SAS Enterprise Miner 5.3. Seventy percent (70%) of the data 

were used for training and thirty percent (30%) of the data were used for validation. In 

order to overcome the challenge of missing data, they used SAS Enterprise Miner 

which has the ability to predict rejected applicants as good or bad.  In evaluating the 

best model, the study concluded that the performance of the model depends on the 

structure of the data, data quality and aim of classification. 

 

Addo, Guegan, and Hassani (2018) conducted a study about credit risk analysis using 

ML approach. Ten (10) important variables used include gender, district address, race, 

occupation, marital status, numbers of cars, type of work, default or non-default, age 

and number of dependents.  Seven different models were developed which include 

elastic net, RF modeling, gradient boosting machine and four deep learning neural 

network models. They concluded that ML performed well in modeling credit risk. 
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Kruppa, Schwarz, Arminger, and Ziegler (2013) applied ML methods on the payment 

histories dataset to estimate the individual creditworthiness. Machine learning 

methods used were RF, KNN and bagged KNN. Finally, the study concluded that ML 

methods can be used in credit rating prediction and RF exceeded other ML algorithms 

in analyzing creditworthiness of a loan applicants. 

 

Coser et al. (2019) conducted the study to analyse the relationship between customers’ 

profile and loan default by using ML methods and DM classifiers like XGBoost, RF, 

LightGBM and LR. The study used the data from the lending club which consisted of 

numerical and categorical variables. Data analysis and modeling were done in python 

version 3.5 using NumPy, Pandas, Matplotlib, Seaborn, SciKit Learn, Scipy, Shap, 

Lightgbm, Xgboost and Pywaffle libraries. The classifying metrics considered were 

AUC score, Precision, Recall and Accuracy. The study concluded that RF was the best 

algorithm compared to others. 

 

Ghatasheh (2014) conducted a comparative study for business analytics using random 

forest trees. The study used German credit data from the University of California Irvine 

(UCI) repository. The dataset was spliced into two parts that are seventy percent (70%) 

for training and thirty percent (30%) for testing.  Finally, they found that RF algorithms 

performed well in credit risk prediction. Also, the study concluded that the benefit of 

using RF algorithms in credit rating analysis lies on simplicity and accuracy. 

 

Hargreaves (2019) applied ML algorithms to identify customers’ credit risk. The 

objective of the study was to determine the appropriate variable associated with good 

or bad risk and comparing bad customers and good customers. In attaining the defined 

objective the LR model was applied in analysing good and bad customers. The data 

used were German Credit data which includes 1000 observations and thirty one (31) 

variables. The performance of the model was 74% for Sensitivity and 75% for 

Specificity. 

 

In credit rating analysis using ML approach, various features are considered. 

According to Bellotti and Crook (2009) in the study of support vector machines for 

credit scoring and discovery of significant features, the features used for credit rating 



18 

include homeownership, time with the bank, insurance required, total outstanding 

balance, worst account status and age. The study of ML for predicting bank 

creditworthiness done by Turkson et al. (2016) concluded that the five important 

features in analysing credit rating in banks include the status of previous payment, the 

status of second previous payment, client’s age, balance in the client account at the 

time of taking the loan and amount of first bill statement. 

 

Sayuti and Ibrahim (2016) conducted the study on determinants of microfinance bank 

loan default in Niger state. They used non-probability sampling where borrowers were 

divided according to three senatorial states. The Logit model and descriptive statistics 

were used for data analysis and finally, the study concluded that variables like 

borrowers’ sex, age, family size, income, interest rate and amortization were found to 

be significant in credit rating in microfinance bank while two variables that are 

experience and education level of a borrower found to be statistically insignificant. 

 

Agbemava et al. (2016) used LR with 548 customers’ samples to analyse predictor of 

loans in Ghana non-traditional banks. They revealed six factors for credit rating which 

included marital status, dependents, collateral types, duration, type of loan and 

assessment that had high weight for loan default. Likewise, Pasha & Negese (2014) 

used binary logistic model in the study of the performance of loan repayment 

determinants in Ethiopia microfinance. Fourteen variables were used for evaluation 

and nine of them appeared to be statistically significant and five of them were 

statistically insignificant. 

 

German credit data were used by Hargreaves (2019) and were divided into seventy 

percent (70%) for training and thirty percent (30%) for testing. The variables used 

were divided into three parts that are, categorical variable, numerical variable and 

binary variable. Categorical variables included account status, credit history, saving 

account balance, current employment, resident and nature of the job. Numerical 

variables included credit duration, credit amount, installment rate, age, dependents and 

existing credits at the bank. The binary variables include, car purpose, furniture 

purpose, radio/TV purpose, education and retaining purpose. 
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In Tanzania, various studies were conducted regarding factors that influence loan 

repayment. Absanto and Aikaruwa (2016) conducted the study to examine the credit 

rationing and loan repayment performance in Victoria SACCOS in Mwanza. The 

findings of the study revealed that savings, asset collateral, deposits, group guarantee, 

guarantors, age and sex of members are major variables when conducting credit rating 

in SACCOS. Also, the study revealed that the age factor effect much in SACCOS 

credit rationing. The study concluded that credit rationing used in Victoria SACCOS 

was weak because it fails to distinguish between creditworthy and non-creditworthy 

members. Failure to distinguish between potential and non-potential members in loan 

repayment lead to the problem of loan default. 

 

Poor loan repayment motivated Makorere (2014) to conduct the study to examine 

factors affecting loan repayment behavior in Tanzania. The technique of convenience 

sampling was used in sample selection, administered questionnaires were used in data 

collection and data analysis was done by descriptive statistics.  The revealed factors 

which influence loan repayment includes economic stability, electricity rationing, 

grace period and moral hazard. The study concluded that government intervention is 

the solution to loan default. However, by imposing too much intervention to SACCOS 

may lead to too many regulations and hinder many individuals to secure the loan which 

help them to enhance their socio-economic activities. 

 

Magali (2013) conducted the study to assess the factors affecting credit risks for rural 

Saving and Credit Cooperative Societies in Tanzania. The study used qualitative, 

descriptive and multilevel regression to assess factors affecting SACCOS credit risk 

in Morogoro, Kilimanjaro and Dodoma regions. The study discovered that loan 

amount and level of education have a great impact on loan default. Furthermore, the 

study revealed that a lack of investment skills also contributes to loan default. 

 

Ndiege et al. (2016) conducted the study to examine the relationship between financial 

performance and loan repayment in Tanzania SACCOS. Data were analysed by using 

descriptive statistics and regression models. The findings showed that there is a big 

problem of financial risk caused by poor loan repayment. Furthermore, the study 

suggested that in order to overcome the threat of loan default credit scoring tools need 

to be taken into account in analysing borrowers’ profiles. 
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2.4 Research Gap 

The studies of analysing credit ratings in financial institutions by using ML approach 

have been largely done in banks and not in SACCOS. Regulations of banks are very 

strict and attract different sets of customers compared to SACCOS. Also, the factors 

which lead customers to default in banks, some have different weight and others are 

totally different compared to those of SACCOS. In SACCOS, collateral involves 

guarantors who are members and share held by members while in banks collateral 

involves fixed assets like lands and buildings. Interest rate factor in banks has a high 

priority because the amount charged is high compared to SACCOS. SACCOS provide 

emergence loan which can be processed in a short period of time compared to banks 

where it takes long time to process a loan. Therefore, there was a need to conduct the 

study to analyse SACCOS credit rating in Tanzania by using ML approach. 

  

2.5 Conceptual Framework 

A conceptual framework is a structure that guides the researcher in the whole process 

of investigating the problem under the study. It’s compulsory the research to have a 

conceptual and/or a theoretical framework  (Adom, Hussein, & Joe, 2018).  A 

conceptual framework helps to clarify the problem to be investigated, shows how idea 

under study relate to each other and makes an easy analysis of concepts to be included 

in the study  (Luse, Mennecke, & Townsend, 2012; Grant & Osanloo, 2014). In 

guiding this study the conceptual framework as shown in Figure 2.2 is provided. The 

conceptual framework shows the independent variables which include appropriate 

factors for doing credit rating. After determining appropriate predictor variables for 

SACCOS credit rating, secondary data was collected from KKKT Arusha Road 

SACCOS Ltd. Data preprocessing followed in order to have appropriate datasets 

which were used to apply ML algorithm in analyzing appropriate factors for SACCOS 

credit rating. Finally, knowledge extraction was obtained after the classification of 

either default or non-default of loan applicants. 
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Figure 2. 3: A Conceptual Framework  

Source: Researcher (2020) 

 

2.6 Conclusion 

In this literature review chapter various concepts about domain understanding of the 

problem studied have been put clear. Also, various ML concepts with vivid references 

were elaborated. An empirical literature review has been conducted to determine 

appropriate features and ML algorithms for credit rating analysis. Finally, the research 

gap has shown followed by a conceptual framework to guide the whole study.  
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CHAPTER THREE 

METHOD AND MATERIALS 

3.0 Introduction 

This chapter includes the research setting, research design, data collection and tools, 

data analysis plans, research approach, training and evaluation, reliability and validity 

and ethical issues and consideration. 

 

3.1 Research Setting 

In 2018, the president of the URT commenced the move of offices to Dodoma. The 

decision was coupled with massive investment in Dodoma in terms of housing and 

construction. This is likely to translate in more microfinance services which lead 

SACCOS to have a key role to play. Dodoma is home to the oldest and big SACCOS 

like Municipal teachers SACCOS Ltd, UDOM SACCOS Ltd, Majengo Sokoni 

SACCOS Ltd, MWASSACO SACCOS Ltd and KKKT Arusha Road SACCOS Ltd 

(BoT, 2005).  For social workers’ SACCOS like Municipal teachers SACCOS Ltd and 

UDOM SACCOS Ltd loan repayment is done by deducting money from borrowers’ 

salaries by the treasury. Also, other SACCOS like Majengo Sokoni SACCOS and 

MWASSACO SACCOS Ltd has fewer target group which make less difficult to credit 

risk analysis. KKKT Arusha Road SACCOS Ltd has many target groups and is not a 

social worker SACCOS which leads to difficulty in making credit rating analysis. 

Therefore, the study of SACCOS credit rating prediction by using ML was done at 

KKKT Arusha Road SACCOS Ltd which was established in 2004 and has 625 

members (Anania & Rwekaza, 2018; BoT, 2005). 

 

3.2 Research Design 

The study adopted design science research because it passed through design science 

research phases like problem identification, defining of objectives, model 

development, using the model to demonstrate and get the solution and model 

evaluation (Peffers, Tuunanen, Rothenberger, & Chatterjee, 2007) 

 

3.3 Research Approach 

According to Cresswell (2014) research approach is grouped into three categories that 

is qualitative, quantitative and mixed. The Qualitative approach involves data that are 

not quantifiable while quantitative approach involve data that are numeric in nature. 
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The mixed approach put all two types in one basket that is both quantitative approach 

and qualitative approach are used in the same study. Credit rating is a classification 

task that involves mathematical computation in analysing the relationship between 

factors and credit rating. Therefore, a quantitative research approach was used. 

 

3.4 Data Collection Methods and Tool 

3.4.1 Data Collection. 

This study used secondary data of borrowers’ information collected from KKKT 

Arusha Road SACCOS Ltd. Primary data were not involved in this study due to the 

privacy of financial information and availability of secondary data. Also, various 

studies used secondary data when doing credit ratings in banks. In the study of bank 

credit risk analysis with KNN classifier Abdelmoula (2015) used 924 observations 

which were provided by Tunisians commercial banks for the year 2003 to 2006. Tsai 

and Chen (2010) in the study of credit rating by hybrid ML techniques they used 

secondary data from Taiwan business banks and it contains 12,929 observations of 

three years (3) from the year 2004 to 2006. Turkson et al. (2016) when conducted the 

study titled a machine learning approach for predicting bank creditworthiness, they 

used secondary data from the UCI machine learning repository. The data collected 

involves 23364 observations for non-default class and 6636 for default class. The ML 

algorithms were applied as analytic tools in order to extract the patterns hidden.   

 

In measuring banks’ credit risk of customers by using ANN, Nazari and Alidadi (2013) 

used five years dataset from 2006 to 2011. In the comparison study between ANN and 

LR, Takyar, Nashtaei, and Chirani (2015) used five years dataset from 2009 to 2013. 

Therefore, in this study dataset of five years from 2015 to 2019 were used. The data 

collected includes the dataset from 1st January 2015 to 31st December 2019. The 

collection of these dataset involves passing through documents in order to acquire 

information of each individual borrower. The dataset contains all accepted loan 

applicants with their payment status either default or not-default. The data collected 

contained 2264 observations with 12 features. Some of these features are categorical 

and others are numerical. Table 3.1 shows the obtained features with their 

corresponding descriptions and values. 
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Table 3. 1: List of Variables 

No. Variable 

Name 

Description Values 

1 Gender Male or Female Categorical variable (Male, 

Female) 

2 Age Age of loan applicant Numerical variable (20-79) 

3 Marital Status Situation of loan 

applicant regarding to 

whether one is single, 

married, divorced, or 

widowed 

Categorical variable (Married, 

Not Married, Widow and 

Divorced) 

4 Membership 

Years 

The duration of years 

since registered in 

SACCOS  

Numerical variable (1-15) 

5 Loan Amount The listed amount of the 

loan applied by the 

borrower 

Numerical Variable(60,000-

30,000,000) 

6 Interest Interest Rate of the loan 

taken 

Numerical variable(1650-

10,800,000) 

7 Disbursement 

Date 

This refer to the date on 

which the loan is 

advanced 

Date variable(“2015-1-2” – 

“2019-12-31”) 

8 Expired Date The last date of paying 

the loan 

Date variable(“2015-2-10”-

2021-12-16) 

9 Loan Period Duration of the loan Numerical variable (1-24) 

10 Loan Cycle Times of the client to take 

a loan 

Numerical variable (1-37) 

11 Purpose Aim of taking the loan 

provided by the borrower 

for the loan request. 

Categorical 

variable(Emergence Loan, 

Plot Purchase, School Fees, 

House Building, Crop 

Business, Livestock) 
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12 Risk Current credit status of a 

consumer. 

Binary variable (Good or Bad) 

Source: Field Data, (2020) 

 

3.4.2 Experimental Tools and Environment. 

Python for data science is free, more interactive and widely used in academic research 

especially in ML field. Also, it contains variety of libraries that support ML (Beckham, 

2015). Anaconda environment with Python version 3.8 was used in this study. Various 

Python libraries used in this study include Pandas for working with data, NumPy for 

mathematical computation, Scikit-Learn for modeling, Seaborn and Matplotlib for 

plotting graphs and visualization. 

 

3.5 Data Preprocessing and Analysis 

Data preprocessing is an important role in ML because failure to preprocess well the 

data may lead to difficulty in attaining knowledge discovery (Kotsiantis & Singhal & 

Jena, 2013). It took almost one month for data collection from 24th July 2020 through 

23rd August 2020. Because data were carefully extracted from documents there were 

no missing values.  

 

Because ML cannot understand categorical variables. Two approaches were used to 

encode the categorical variables to numerical variables that are One-Hot Encoding 

(OHE) and Label Encoding (LE). Label encoding is used to convert categorical 

variable by assigning it a number without forming a new column. This is a good 

approach to be used for binary category features. One-Hot Encoding involves the 

formation of a new column for each categorical variable. This approach is good to be 

applied to variables that are not binary. In each item, new column is formed and is 

assigned “0” and “1” to its rows.  

 

In this study, LE were used to encode risk variable whereby bad risk was encoded to 

“0” which means that the borrower will not pay the loan and good risk was encoded to 

“1” which means that the borrower will pay the loan. For non-categorical variables, 

OHE was applied. Variables like “Gender”, “Marital” and “Purpose” were transformed 

and new columns were formed and encoded to “0” and “1” to its rows. The new 

columns formed includes “Gender_Male”, “Marital_Married”, “Marital_Not 
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Married”, “Marital_Widow”, “Purpose_Emergence Loan”, “Purpose_House 

Building”, “Purpose_Livestock”, “Purpose_Plot Purchase”, “Purpose_School Fees”. 

 

3.6 Training and Testing the Model 

It is the rule of thumb to separate training data from testing data in order to ensure the 

reliability of the ML algorithm. The algorithm was trained using trained dataset and 

tested using testing dataset. Dataset was divided into two slices that are seventy percent 

(70%) for training purpose and thirty percent for (30%) testing. Python for data science 

where used for training and testing the model.  

 

3.7 Oversampling the Minority Class 

In most classification problems it is common to have imbalanced datasets. This occurs 

when one class of the dataset is minority and other class is the majority class. The 

majority class may dominate the minority class and lead to bias. In this study the 

dataset is imbalanced. There were 2.7% of loan defaulters. This might cause a model 

to be biased. In order to solve the problem of data imbalance SMOTE algorithm which 

is the popular oversampling technique were used to oversample the minority class in 

this study. This algorithm increases the sample of minority class to be the same as the 

majority class. After oversampling, the training dataset was balanced to 1537 for bad 

risk and 1537 for good risk as shown in Figure 3.1. The same testing set which was 

used to test the model before oversampling was used to test the model after training it 

with a balanced dataset. 

 

 

 

 

 

 

 

 

Figure 3. 1: SMOTE Oversampling Technique 

Source: Researcher, 2020 
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3.8 Reliability and Validity 

This study involved the development of credit rating model by using ML approach 

based on data collected from KKKT Arusha Road SACCOS Ltd. The validation of the 

model was done by using the testing dataset which was different from the dataset used 

to train the model. This was achieved by partitioning the dataset into two parts that are 

training part and testing part. Angelini and Roli (2008) partitioned data into 70% for 

training and 30% for testing in the study of a neural network for credit risk evaluation. 

Also, in the study of prediction of loan status in the commercial banks using ML 

classifier Arutjothi and Senthamarai (2017) used the ratio of 70:30 for training and 

testing respectively. Byanjankar et al. (2015) divided the data into 70% for training 

and 30% for testing in the study of predicting credit risk in peer to peer lending. 

Therefore, in this study data was partitioned to 70% for training and 30% for testing. 

In ensuring reliability various metrics like accuracy score, precision and recall were 

used for model evaluation.  

 

3.9 Ethical Issues and Consideration 

When conducting research it is essential to consider ethical issues like normative 

ethics, compliance with regulations, rigor and reproducibility, social value and 

relationship at the workplace (Cresswell, 2014; DuBois & Antes, 2018). In conducting 

this study adhering ethical issues was important because it involved the financial 

information of borrowers which are very sensitive data. The data was used for the 

purpose of this study only and not otherwise. The researcher worked with SACCOS 

officers as research assistants in order to process data without members’ names. The 

processed data were assigned random codes in order to link member profiles and their 

financial transactions. This helped to maintain privacy as names were not disclosed. 

Furthermore, this study used secondary data of loan applicants’ information as 

elaborated in the data collection method and tools section. Hence, it needed consent 

from SACCOS management which was attained by providing them data collection 

permission letter for approving the affiliation of the researcher. 
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3.10 Chapter Summary 

This chapter explained the methodology which was used in this study. The chapter 

provided the research setting with clear justifications, research design, research 

approach, data collection methods and tools. It also describes how data were 

preprocessed and analysed, training and testing the model, handling imbalanced 

dataset, reliability and validity, and finally, ethical issues and consideration were 

discussed.  
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CHAPTER FOUR 

FINDINGS AND DISCUSSION 

4.0 Introduction 

This chapter put together the findings of the study in correspondence to the research 

questions. The findings include the factors which influence SACCOS members’ credit 

ratings. Also, the results about training ML algorithms by using SACCOS credit rating 

datasets were provided. 

 

4.1 Factors Influencing SACCOS Members’ Credit Ratings by applying Machine 

learning Algorithms. 

The factors which were obtained from KKKT Arusha Road SACCOS Ltd include 

gender, marital status, membership years, loan amount, interest rate, loan period, loan 

cycle, the purpose of taking the loan, disbursement month, expired month and risk. 

Due to time and financial constraints different SACCOS databases were not involved 

in order to obtain sets of different factors apart from those which were obtained at 

KKKT Arusha Road SACCOS Ltd. 

4.1.1 Determining factors influencing SACCOS members’ credit ratings by 

Applying Random Forest Algorithm 

Random Forest algorithm was used to determine the appropriate factors for SACCOS 

credit ratings. The importance of features differs as shown in Figure 4.1. Age and 

interest rate features have high importance followed by membership years and loan 

amount while marital status, gender and loan period are the least features. These 

findings are nearly the same as the findings  of Coser et al. (2019) who used RF to 

evaluate the probability of customers to meet their covenant. The factors found with 

high weight were interest rate and loan amount. Also, Turkson et al. (2016) in the study 

of predicting bank credit rating gender and marital status were the least factors found 

while the age factor is among the leading factors.  
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Figure 4. 1: Analysing Factors Influencing SACCOS Members Credit Rating by 

Random Forest Algorithm 

Source: Researcher, 2020 

4.1.2 Determining Factors Influencing SACCOS member Credit Ratings by 

Using Logistic Regression algorithm 

Logistic Regression algorithm was also used to determine how factors contribute to 

credit ratings. Table 4.1 shows how the change of independent variables affects the 

change of target variables through coefficients. The gender factor is represented by 

one (1) for male and zero (0) for female and the dependent variable is represented by 

one (1) for not defaulting and zero (0) for defaulting. Therefore, the coefficient of -

0.4733 specifies that male probability for loan default was 47.33% than female. 

Furthermore, the negative sign (-0.0927) of loan period variable revealed that as loan 

period increases the probability of defaulting increases by 9.27%. This indicates that 

as loan period increase loan clients get tired about paying loan which eventually leads 

to an increase of defaulting the loan. Also, for marital status, the probability of loan 

repayment is 21.45% for married members. In the study of identifying factors for bank 

loan default in Niger state, Sayuti and Ibrahim (2016) found that the probability of 

loan default for male was 164.99%  than female. The different of the probability of 

repayment between Sayuti and Ibrahim (2016) study and this study is caused by huge 

different of male and female and different number of observations whereby in Sayuti 
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and Ibrahim (2016) study there were 84% male observations and 16% female 

observation compared to this study where there were 45.6% male observations and 

54.4% female observations. 

Table 4. 1: Logistic Regression Coefficients Summary 

Variables Coefficients Standard Error Z P>|z| 

Constant 3.3346 1.05e+07 3.19e-7 1.000 

Gender -0.4733 0.270 -1.753 0.080 

Marital 0.2145 0.296 0.724 0.469 

Membership Years 0.0132 0.044 0.304 0.761 

Loan Amount 2.064e-07 1.24e-07 1.665 0.096 

Interest -6.658e-07 3.5e-07 -1.893 0.058 

Loan Period -0.0927 0.025 -3.746 0.000 

Loan Cycle 0.0222 0.040 0.562 0.574 

Purpose -0.0416 0.093 -0.448 0.654 

Age1 (21-30) 0.2445 1.05e+07 2.34e-08 1.00 

Age2 (31-40) 0.2878 1.05e+07 2.75e-08 1.00 

Age3 (41-50) 0.3467 1.05e+07 3.31e-08 1.00 

Age4 (51-60) 0.9028 1.05e+07 8.63e-08 1.00 

Age5 (60+) 1.5528 1.05e+07 1.48e-07 1.00 

Disbursement Month 0.0656 0.043 1.517 0.129 

Expired Month 0.0122 0.044 0.279 0.780 

Source: Researcher, 2020 

 

4.1.3 Logistic Regression Predictive Model for SACCOS members’ credit 

ratings 

As observed in Figure 4.2, the repayment coefficients for members with an age interval 

of 21 to 30 is 0.24. The repayment coefficients of loan for the member with an age 

interval of 31 to 40 is 0.28. The repayment coefficients of loan for the member with 

an age interval of 41 to 50 is 0.34. The repayment coefficients of loan for the member 

with an age interval of 51 to 60 is 0.90 while for the member with more than 61 years 

old the repayment coefficients is 1.55. These results helped the researcher to reveal 

that members with an age interval of 51 to 60 and more than 61 years old tend to be 

well established in business, have permanent settlement and have much experience in 
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conducting business. This tendency makes them have less probability of defaulting 

loans. The member with an age interval of 21 to 30, 31 to 40 and 41 to 50 have many 

tasks to perform because they are starting to settle their life. Also, they have no much 

experience in conducting business which leads to having a low probability of loan 

repayment. This result coincides with the findings of Hargreaves (2019) in the study 

of applying ML to identify good credit customers who found that as age increases the 

probability of loan payment increases. The difference to other factors is caused by the 

difference of factors used between these studies. 

 

 

Figure 4. 2: Loan Repayment in Correspondence to Age Interval 

Source: Researcher, 2020 

 

The predictive model was developed as shown in equation 4.1. This can be used as a 

predictive tool in determining the creditworthiness of SACCOS clients because the 

features are provided with their corresponding weights. Through this predictive model, 

the creditworthiness of the SACCOS loan client can be easily determined in advance.  

 

The LR model for SACCOS members’ credit ratings were defined as: 

Z = 3.3346 - 0.4733*X1 + 0.2145*X2 + 0.0132*X3 + 2.064e-07*X4 - 6.658e-07*X5 - 

0.0927e-07*X6 + 0.0222*X7 - 0.0416*X8 + 0.2445*X9 + 0.2878*X10 + 0.3467*𝑋11 + 

0.9028*𝑋12+ 1.5528*𝑋13+ 0.0656*𝑋14 +  0.0122 ∗ 𝑋15…………………… (4.1) 

Where: Z = Credit Risk (1 = good and 0 = bad) 

X1 = Gender  
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X2 = Marital  

X3 = Membership Years  

X4 = Loan Amount  

X5 = Interest  

X6 = Loan Period  

X7 = Loan Cycle  

X8 = Purpose 

X9 = Age1 (20-30) 

X10= Age2 (31-40) 

X11= Age3 (41-50) 

X12= Age4 (51-60) 

X13= Age5 (61+) 

X14 = Disbursement Month  

X15 = Expired Month 

 

4.2 Developing the model by applying appropriate machine learning algorithms 

for credit rating. 

In order to train the selected ML algorithms by using SACCOS credit rating datasets, 

features were grouped and added according to the order of their weight by using 

Recursive Feature Elimination (RFE). After grouping the features to various groups, 

were fitted to two ML algorithms that were RF and LR for predictions. Machine 

learning metrics were used for evaluations in order to find the best combination of 

features in determining the relationship between factors of SACCOS members and 

their associated credit ratings. The metrics used to evaluate the algorithms include 

Accuracy, Precision, Recall and F1 score. 

 

4.2.1 Training Random Forest Algorithm by Using SACCOS credit Rating 

Datasets 

In training RF algorithms, features were added according to their order of importance 

found by RF algorithm as shown in Figure 4.1. The RF algorithm was fitted with four 

groups of features. The first group involves three features which were age, interest rate 

and membership years. The second group involves five features which include age, 

interest rate, membership years, loan amount and disbursement month. The features 

involved in the third group were age, interest rate, membership years, loan amount, 
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disbursement month, expired month and loan cycle.  In the fourth group, the feature 

involved were age, interest rate, membership years, loan amount, disbursement month, 

expired month, loan cycle, purpose, loan period, gender and marital status.  

 

After fitting RF with all groups of features, metrics scores were found in order to 

determine the best combination of features in evaluating the relationship between 

factors of SACCOS members and their associated credit ratings. The evaluation 

metrics used were Accuracy, Precision, Recall and F1-Score as indicated in Figure 4.3. 

The result indicates that as features increase the score of evaluation metrics increases. 

The best score for all metrics was obtained when RF algorithms were fitted with eleven 

features which include age, interest rate, membership years, loan amount, 

disbursement month, expired month, loan cycle, purpose, loan period, gender and 

marital status. These results indicate that RF algorithm is the best algorithm to be used 

when there are a large set of features. Also, indicates that ML performs well for 

SACCOS credit rating prediction.  

 

These results coincide with the study conducted by Zhu et al. (2019) in predicting loan 

default using RF where the accuracy score was 98%. Also, in the study of Kumar et 

al. (2016) the accuracy was 88.5%. The Accuracy results were nearly similar to Parvizi 

and Adibi (2020) in the study of validating bank customers by using DM algorithms 

where the precision score for RF was 94%. The variation of metric scores between 

these studies might be caused by the variations of the number of factors used. 
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Figure 4. 3: Score of Evaluation Metrics for Random Forest Algorithm 

Source: Researcher, (2020)  

 

4.2.2 Training Logistic Regression Algorithm by using SACCOS Credit rating 

Datasets 

In Training LR, features were added to the algorithm according to their order of weight 

and then evaluated. Figure 4.4 shows various evaluation metrics for LR algorithm for 

three features, five features, seven features and eleven features. The three features 

fitted to LR include loan period, interest rate, and gender. Two more features were 

added to fit LR with five features. The features added include loan Amount and 

Disbursement date. In order to fit the LR algorithm with seven features, two more 

features were added which include marital status and loan cycle. After fitting the LR 

algorithm with seven features it was fitted with eleven features. The features included 

were loan period, interest rate, gender, loan amount, disbursement date, expired date, 

marital status and loan cycle. 

 

The metrics score of stepwise LR by RFE when fitted with three features was 74%, 

98%, 74% and 85% for Accuracy, Precision, Recall and F1-Score respectively. When 

LR was fitted by five features the metrics score dropped by two percent (2%) for Recall 

and F1-Score, for Accuracy it dropped by one percent (1%) and remained the same for 

Precision. When the algorithm was fitted with five features and seven features there 

were the difference of one percent (1%) for Accuracy only. Evaluation scores for 

eleven features were 70%, 98%, 71%, and 82% for Accuracy, Precision, Recall and 

F1-Score respectively. This revealed that interest rate, loan period and gender when 

combined were the most important features found by LR algorithm concerning 

members’ credit ratings. Also, these results indicate that Precision score is not good 

metrics to be used for evaluating members’ credit rating because it remained the same 

for all four groups of features. Furthermore, these results helped the researcher to 

reveal that ML approach performed well in analysing factors that contribute to credit 

risk in SACCOS. These results correspond with the results of Hargreaves (2019) in the 

study of identifying credit risk of customers by applying ML approach. The study 

found that LR algorithm was successful in analysing credit rating because it scores 

more than 70% to all evaluation metrics used. The LR used scored 74.5% Accuracy, 
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73.6% Sensitivity and 75% Specificity. The difference might be caused by difference 

of number of observations. 

 

 

Figure 4. 4: Score of Evaluation Metrics for Logistic Regression Algorithm 

Source: Researcher (2020) 

 

4.3 Chapter Summary 

In this chapter, findings related to the research objectives were provided. Discussion 

concerning appropriate factors influencing SACCOS members’ credit ratings were 

specified. Also, the selected ML algorithms that are RF and LR were trained by using 

SACCOS credit rating datasets. In chapter five, conclusion and recommendation were 

provided and future work were suggested basing on these findings. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.0 Introduction 

This chapter depicts a concise conclusion about the objectives of this study. It also 

provides recommendations and future work. 

 

5.1 Findings from Determining Factors Influencing SACCOS Members Credit 

Ratings by Applying Machine Learning Algorithms. 

The findings of this study showed that there are factors that have high weight in 

influencing SACCOS members’ credit rating. Also, there are some of the factors which 

contribute less in influencing SACCOS members’ credit ratings. By using RF 

algorithm the factors found to have high weight in influencing members’ credit ratings 

include age, interest rate, membership years and loan amount. The factors which found 

to contribute less in influencing members’ credit ratings include marital status, gender 

and loan period. By using LR, gender was found to have high coefficient with the 

target variable, however, it was not statistically significant. Factors which found to be 

statistically significant include age, loan period and interest rate. 

 

5.2 Findings from developing the model by applying appropriate machine 

learning algorithms for credit rating. 

By using RF the metrics score increased as the number of features increase. The best 

performance were obtained when eleven features were combined which include age, 

interest rate, membership years, loan amount, disbursement month, expired month, 

loan cycle, purpose and loan period, gender and marital status. The evaluation score 

for this combination of features were 95% for Accuracy, 98% for Precision, 97% for 

Recall and 98% for F1-Score. 

 

Likewise, when LR were fitted with different sets of features, the best results were 

obtained when three features were combined. These features include loan period, 

interest rate and gender. The evaluation metrics for this combination of features were 

74%, 98%, 74% and 85% for Accuracy, Precision, Recall and F1-Score respectively. 
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5.3 Recommendation 

The researcher has suggested some recommendation which thought to be centered on 

the findings of the research in order to be taken into account by SACCOS. The 

recommendations suggested includes the followings; 

 

First, young members must not be abandoned in taking loan instead, much care and 

supervision need to be taken into account before approving loan to them. 

 

Second, ML approach should be used to analyse SACCOS members’ credit ratings. 

Through using ML approaches loan will be approved to members who are likely to be 

worth and abandon the problem of defaulting which ruin many SACCOS.  

 

Third, SACCOS must adopt ML usages so that loan will be processed much quicker 

compared to using human expertise. This will save time which might be used to 

enhance other business developments. In addition to that, quicker approval of loan to 

customers will increase SACCOS goodwill which will eventually attract new members 

to join the corporative. Likewise, the profit of SACCOS will increase and lead to the 

growth of SACCOS itself, socio-economic development of members and society at 

large. Last but not least, SACCOS will be able to compete and beat its competitors 

because nowadays survival for fittest rely on quick data processing where ML is 

pioneering. 

 

5.4 Future Work 

The study was based on two algorithms, RF and LR. Hybrid ML algorithms may be 

considered in analyzing SACCOS credit ratings in Tanzania. Furthermore, collection 

of data from other SACCOS databases may be considered in order to acquire different 

features which were not obtained at KKKT Arusha Road SACCOS Ltd. Also, other 

software tools like MATLAB and R studio may be used in data analysis. 
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B5. Splitting training and test set 
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