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ABSTRACT 

Approximately 8.9 million people, or 17% of Kenya’s population, live below the 

poverty line of 1.9 USD on a daily basis, majority of them in the rural areas. This 

research aimed to model the impact of self-help groups on livelihoods in rural areas 

of Kenya using machine learning techniques. To achieve this, the study employed 

Logistic regression, Naïve bayes algorithm and Support vector machine and compared 

their performance using various metrics to find out whether or not one of the three 

models outperformed the other two models. The study used principal component 

analysis to evaluate the most significant factors that affected group performance with 

an aim to ensure that the self-help groups achieved their original set objective. The 

study used primary data obtained through the issuance of structured questionnaires to 

self-help group members, on their wealth status since joining the self-help groups on 

areas such as ability to save, access to credit services and acquiring assets, both income 

generating and household assets. The target population was 2250 and the sample size 

was obtained using the Yamane's formula. The study’s findings helped identify the 

key predictors of members’ livelihoods and provided insights into how self-help 

groups influence them. The research also explored the factors that contributed to the 

success or failure of self-help groups. The results of the principal component analysis 

indicated that the frequency of the meetings and the quality of discussions held was 

the factor that contributed the most to group performance, as well as access to credit 

facilities. The results of logistic regression indicated that 90.9% of the members had 

seen a significant improvement on their wealth status since joining self-help groups 

and the significant predictor variables were income generating assets, access to basic 

commodities and access to loans. The model’s accuracy was 88.04%. The SVM model 

classified 93.98% of the members as having an improved wealth status since joining 

SHGs with an accuracy of 84.62%. Finally, the naïve bayes algorithm classified 87% 

of the members as having a positive improvement on their wealth status with an 

accuracy of 92.34%. The results of this research are valuable to NGOs and 

practitioners in determining the effectiveness of self-help groups in promoting 

sustainable livelihoods and shaping future interventions on SHGs as well as on group 

members on how best they can make their groups more effective. Furthermore, the 

study’s results provided more knowledge into the use of Machine learning methods in 

performing classification tasks and in identifying which method performed best in this 

specific task. This research contributed to the existing body of knowledge on the 

impact of self-help groups on rural livelihoods and the use of SHGs as a tool that can 

be used to reduce or completely eradicate poverty in the lives of people living in rural 

areas of Kenya. The comparison of the three models to find out which among them 

performed the best in the classification task was also a significant contribution to the 

existing body of knowledge. Naïve bayes algorithm outperformed the other two 

models.  
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DEFINITION OF TERMS 

Livelihood- Livelihood refers to the resources, capabilities and actions that allow 

individuals to generate income and sustain their lives (Serrat, 2017). It encompasses 

the capacity to attain essential necessities such as food, shelter and clothing as well as 

access to education, credit facilities and investment opportunities. 

SHGs- A collective of individuals who come together with a shared objective, which 

may be difficult to accomplish alone. These members work together to attain the 

common goal, supporting each other throughout the process. The functions of the 

group are determined by the purpose that the members have agreed upon and the group 

is managed and governed by the members themselves. 

Machine Learning- Machine learning utilizes data and algorithms to simulate human 

learning processes. This involves machines replicating human-like intelligence by 

learning from their environment (El Naqa & Murphy, 2015). ML can be applied for 

tasks such as speech recognition, pattern recognition and more. The algorithms used 

in machine learning make predictions based on historical data that is fed as input. 

Support Vector Machine – Vapnik introduced SVM (Vapnik et al., 1995), which is 

a ML model that includes learning algorithms for both data classification and 

regression (Horak et al., 2020). 

Naïve Bayes Algorithm- Naive Bayes algorithm employs Bayes’ rule and has the 

assumption of a high level of independence among variables (Webb et al., 2010). It is 

commonly used for classification tasks. 

Logistic Regression- Logistic regression is a statistical method used to model the 

relationship between a binary outcome variable (i.e., one that takes on only two 

possible values, such as 0 or 1) and one or more predictor variables (LaValley, 2008). 

Model- It is a mathematical representation of a system or process that is used to 

describe or explain the relationship between variables or to make predictions about 

future observations. Statistical models are typically formulated using mathematical 

equations or functions that describe the relationship between predictor variables and 

the outcome variable.
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CHAPTER ONE 

INTRODUCTION 

1.1 Background Information 

1.1.1 Self Help Groups (SHGs) 

SHGs are informal groups of individuals who work together towards a common goal. 

These groups are formed voluntarily by individuals who have a good relationship with 

one another and a desire to support each other in achieving their goals. The nature of 

the groups’ objectives may vary depending on the interests of its members. SHGs are 

self-regulated, with members selecting their leaders from within the group. 

 

 There is a significant portion of the population, amounting to 16.1%, who struggle to 

access basic needs and are considered to be living in poverty. In response, the 

government has implemented several initiatives, including the Supplemental Nutrition 

Assistance Program (SNAP), which aims to assist low-income families in obtaining 

food and ensuring food security. 

 

This demonstrates the need to find ways and measures to assist this group of people 

living below the poverty line to achieve financial independence and sustainability in 

their way of living. Livelihood refers to the approach through which people acquire 

the essentials of life. It encompasses the means and activities undertaken to obtain 

basic and supplementary needs. 

 

1.1.2 Logistic Regression Model 

According to (Raghavan et al., 2016), logistic regression is utilized to identify a 

boundary line that can differentiate between the different categories within a dataset. 

The model comprises of a response variable and predictor variables, which jointly 

determine the outcome of the dependent variable. Logistic regression helped identify 

the significant predictor variables in predicting the outcome or response variable using 

the p-values. The output variable in logistic regression is in binary form, yes or no. 
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1.1.3 Naïve Bayes Algorithm 

Naive Bayes is a straightforward and efficient method of machine learning that 

predicts data category and is suitable for both binary and multi-class classification 

problems, particularly when the dependent variable is categorical. It assigns the 

greatest likelihood to the correct class and can effectively handle small training sets, 

irrelevant features and still produce precise predictions.  

1.1.4 Support Vector Machine Model 

SVM was initially proposed by Vladimir Vapnik in 1995 (Vapnik et al., 1995), for 

classifying data. Its primary purpose is to classify data into different categories. It 

examines input and recognizes patterns within the input. The main objective of SVM 

is to produce a decision line, which is called a hyperplane, that best separates the two 

classes by maximizing the distance between them. 

 

1.2 Problem Statement. 

Every individual, regardless of their race, gender, background, or skin color, has the 

fundamental human right to access basic necessities such as food, clothing, shelter and 

education. It is crucial that people can satisfy their daily needs and live with dignity 

and respect. 

Unfortunately, the reality is that many people around the world face significant 

challenges in affording these basic needs. In particular, access to education can be a 

major obstacle for children whose families are struggling financially. This can create 

a cycle of poverty and disadvantage that is difficult to break out of. 

The challenges faced by individuals in meeting their basic needs and accessing 

resources and opportunities demand continuous efforts to establish sustainable 

livelihoods. One such solution is the formation of SHGs, which facilitate people’s 

collaboration and collective efforts towards enhancing their livelihoods.  

This research intended to analyze the impact SHGs have had in the lives and 

livelihoods of their members. A comparison of the three models using self-help groups 

data had not been done in any research. Also, SVM and naïve bayes algorithm had 
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been used for classification in other studies but not using self-help groups’ data. 

Logistic regression was also used in analysis of self-help groups before but on women 

self-help groups. The success of some groups and failure of others necessitated the 

need to study the most significant factors that affected the performance of SHGs, 

which was done using the PCA analysis. 

1.3 Objectives 

1.3.1 General Objective 

This study aimed to use Machine learning methods to develop a model that assessed 

how SHGs affected their members’ livelihoods in Murang’a East Sub- County. 

1.3.2 Specific Objectives 

i. To establish the key factors that influence the performance of self-help groups 

in Murang’a East Sub- County. 

ii. To evaluate the effectiveness of logistic regression in predicting self-help 

groups’ impact on members’ livelihoods in Murang’a East Sub- County. 

iii. To model the impact of self-help groups on members’ livelihoods in Murang’a 

East Sub- County using naïve bayes algorithm. 

iv. To evaluate the effectiveness of SVM in predicting self-help groups’ impact 

on members livelihoods in Murang’a East Sub- County. 

v. To establish the best performing model among logistic regression model, naïve 

bayes algorithm and the SVM model. 

1.4 Hypotheses 

i. 𝐇𝟎:   There are no factors that are more significant than others that affect how 

SHGs perform in Murang’a East sub-county. 

ii. 𝐇𝟎: Logistic regression as a machine learning method is not suitable for 

predicting SHGs’ impact on members’ livelihoods in Murang’a East sub-

county.  

iii. 𝐇𝟎:  Naïve bayes algorithm is not a suitable machine learning method for 

predicting SHGs’ impact on members’ livelihoods in Murang’a East sub-

county. 
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iv. 𝐇𝟎:  Support vector machine is not a suitable machine learning method for 

predicting SHGs’ impact on members’ livelihoods in Murang’a East sub-

county. 

v. 𝐇𝟎:  There is no best performing model among the three models. 

 

1.5 Justification of the Study 

The use of SHGs is largely recognized as an important strategy for reducing poverty 

and promoting sustainable livelihoods. Rural areas of Kenya, including Murang’a East 

sub-county face various challenges related to sustainable livelihoods that could 

potentially be addressed through the use of SHGs. This study employed Machine 

learning methods such as the Naïve bayes, logistic regression and SVM to investigate 

the impact of SHGs on the livelihoods of their members. By comparing the results of 

these models, the study sought to identify the most effective method for modeling 

SHGs’ impact on members’ livelihoods. The findings of this research will be 

beneficial for members of the society, non-governmental organizations and other 

parties looking to promote sustainable livelihoods and reducing poverty in rural areas 

of Kenya, beyond just Murang’a East sub-county. Moreover, the study presented an 

updated approach to understanding SHGs’ impact on members’ livelihoods since the 

analysis made use of machine learning techniques. 

 

1.6 Scope and Limitations of the Study 

This study aimed to analyze the impact of self-help groups on the livelihoods of their 

members in Murang’a East Sub-County, Kenya, using machine learning techniques. 

The study also focused on exploring the factors that contributed to the success of these 

groups in promoting sustainable livelihoods including access to credit and training 

opportunities. To achieve its objectives, the study used data from self-help groups and 

their members to build a predictive model using machine learning algorithms. 

Machine learning algorithms were preferable to traditional methods since they are 

flexible, scalable and can handle large datasets. 

 

The limitations of the study included bias from the respondents in their responses and 

personal perceptions they individually have concerning self-help groups and their 

impact. This was however tackled using the test-retest method which involved 
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administering the same test twice. This was achieved by conducting the pilot study 

and then the actual study and evaluating the accuracy of the information provided. In 

both the pilot study and the actual study, the questionnaire captured the information it 

was intended to capture consistently. In addition, members were not left to decide 

whether the impact was positive or not, but their responses to various questions were 

analyzed and this decision arrived at using the machine learning techniques, this 

played a major role in doing away with bias of the respondents. 

 

1.7 Thesis Contribution 

The contribution of this study was in the explanation of how SHGs affect the 

livelihoods of members in Murang’a East Sub-County. Through findings obtained in 

this study, valuable insights were gained on how these groups have impacted the 

economic and personal well-being of members in the region. 

 

The study’s findings provide valuable insights for members of the society, leaders in 

the community, policymakers and development organizations to create more effective 

interventions that support and strengthen SHGs in Murang’a East sub-county. It also 

helped identify the factors that should be emphasized when carrying out group 

operations to ensure the success of SHGs. 

 

The utilization of machine learning methods in this research was significant as it 

demonstrated a new approach to examining the influence of SHGs. The application of 

machine learning techniques enabled a more comprehensive understanding of the 

connections between SHGs and their members, providing a more precise 

representation of these groups’ effects on their livelihoods.  

 

The findings offered significant contributions to understanding SHGs’ impact on 

promoting community development in MESC. The results obtained from this study 

will guide the design and implementation of future efforts for strengthening and 

supporting SHGs. In addition, using machine learning algorithms allowed for the 

identification of patterns and relationships that may be difficult for humans to detect, 

allowing the research to have a more accurate position on the impact of the SHGs on 

livelihoods. Machine learning helped get rid of the biasness aspect as it looked at 
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various patterns which allowed for the drawing of the conclusion as to the impact of 

SHGs as opposed to when people get to decide what impact the groups have had. 

Based on the data the members gave, machine learning helped identify patterns and 

hence the conclusions were not fully based on human perception. 

 

1.8 Thesis Organization 

This thesis was divided into five sections. The first section included the introduction, 

which gave a brief description of the study and the tools used for analysis, the 

objectives, the hypotheses, scope and limitations of the study, significance of the study 

and thesis organization. 

 

The second chapter detailed the literature review, both theoretical and empirical. The 

theoretical literature review detailed theories in SHGs, in logistic regression, NBA and 

the SVM models. The theories included social capital theory and empowerment 

theory, probability theory and the concept of odds.  

 

The third chapter entailed the methodology and the steps that were followed in data 

collection and analysis. It explained the population of interest, size of the sample, data 

analysis, model selection and model fitting. 

 

The fourth chapter included the results and discussion of the results after data analysis 

and chapter five which was the last chapter included the conclusion, recommendations 

and recommendations for future work.  
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

In this chapter, an in-depth examination of relevant literature pertaining to the research 

topic is presented. It is categorized into two primary parts. The initial section involves 

an empirical review of the literature on subjects such as SHGs, the logistic regression, 

the naive bayes and SVM. The second part provides a comprehensive conclusion of 

the literature by summarizing the findings obtained from prior research in this area. 

2.2 Theoretical Framework 

SHGs are often studied through the lens of community development and poverty 

alleviation strategies. Research emphasizes their role in enhancing access to financial 

services, promoting savings habits, and facilitating small-scale entrepreneurship 

among marginalized communities. Studies highlight how SHGs contribute to social 

capital formation, women's empowerment, and community resilience through 

collective action and mutual support networks. Theoretical frameworks commonly 

used include social capital theory and empowerment theory, which explore how 

participation in SHGs can lead to improved socio-economic outcomes and 

empowerment, especially among women and marginalized groups. 

 

Logistic regression is a statistical model widely used in research to predict binary 

outcomes based on one or more predictor variables. In literature, logistic regression is 

applied across diverse fields including medicine, social sciences, and business, due to 

its ability to model the probability of categorical outcomes. Studies often focus on its 

advantages in handling categorical data and interpreting odds ratios to understand the 

relationship between predictors and outcomes. Theoretical basis includes probability 

theory and the concept of odds, as logistic regression estimates the likelihood of an 

event occurring given the predictor variables. 

 

Support Vector Machines (SVMs) have gained prominence in literature for their 

robustness in handling both linear and non-linear classification tasks. SVMs are 

widely applied in fields such as pattern recognition, bioinformatics and finance, where 

data separability is crucial. Theoretical reviews of SVMs focus on the mathematical 
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principles behind kernel methods and margin maximization, which form the basis of 

their classification ability.  

 

Naive Bayes algorithms are probabilistic classifiers that assume independence among 

predictors. In literature, Naive Bayes is appreciated for its simplicity and efficiency in 

text classification, spam filtering and medical diagnosis, where computational speed 

and predictive accuracy are paramount. Theoretical discussions focus on Bayesian 

probability theory and conditional independence assumptions, critiquing the "naive" 

assumption of predictor independence against real-world data complexities. 

 

2.3 Empirical Literature Review 

2.3.1 Self Help Groups 

According to (Brody et al. 2013), a SHG is a group of individuals who voluntarily 

unite with a shared purpose and work together to achieve that purpose. Self Help 

Groups (SHGs) are created to cater to the needs of underprivileged and marginalized 

individuals who can work together to achieve common goals. According to (Deininger 

and Liu, 2009), Self-Help Groups (SHGs) have become increasingly popular in India, 

particularly at the grassroots level and have had a beneficial effect on the economic 

empowerment and access to fundamental needs of their members. 

 

A research study conducted in Bhandara District, India by Sukhdeve (2011) found that 

rural SHGs had a positive impact on the acquisition of household assets, with all 

participants reporting an increase. The study found that 76% of SHG members 

experienced an improvement in their homes’ structures and access to electricity, 

resulting in greater comfort. Additionally, 66% of respondents were able to 

accumulate savings and 96% reported an increase in their business incomes. 

According to these findings, the study suggested that SHGs should consist of members 

of the same age group who share a common goal and receive regular training to stay 

informed of available services. The study employed logistic regression, which 

correctly classified 67% of women, indicating that the model was well-fitted to the 

data. 
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(Alrefaei et al., 2022) conducted a study on SHGs in India that aimed to reduce poverty 

and promote empowerment. The study identified key features of SHGs, including 

savings, democratic leadership and offering loans at lower interest rates than other 

financial institutions. The study found that SHGs contributed to economic 

development, created job opportunities and improved the quality of life. 

 

The study conducted by (Jose et al., 2019) aimed to identify the problems encountered 

by women SHGs in Ernakulam District, India. The data was collected through 

questionnaires using the SRS technique and the challenges identified included 

illiteracy, inadequate training and a need for government and voluntary groups to work 

together to address these issues.  

 

2.3.2 Logistic Regression Model 

According to (LaValley 2008), logistic regression involves analyzing binary 

outcomes, where the dependent variable is limited to either 0 or 1. Independent 

variables can be either categorical or continuous. The logistic model predicts the 

likelihood of an event happening, taking into account multiple predictor variables. 

 

Sukhdeve (2011) utilized logistic regression to investigate how SHGs impacted 

women empowerment in Bhandara District of Maharashtra. The form of the logistic 

regression model used in the study was: 

 
𝑃 =

1

1 + exp⁡(−𝑋)
⁡⁡⁡⁡⁡⁡⁡ 

(2.1) 

 

 The linear regression model below is used to explain the relationship between the 

predictor variables X and the dependent variable P. 

 𝑃 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +⋯+ 𝛽𝑛𝑥𝑛 (2.2) 

 

An accurate classification of 67% of rural women was made by the model, suggesting 

that it fit the data well. 

 

Othman et al. (2012) employed logistic regression as one of the models in their study 

on Malaysian cooperatives, to identify factors that influenced cooperative membership 
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and share increment. The LR model was used to assess independent variables 

including age, gender and income level on the dependent variable, which was the 

decision of an individual to join a cooperative or increase their shares. The study found 

that age and occupation were significant predictor variables in the logistic model and 

that the model was a suitable fit for the data. The conclusions of the study were that 

the cooperative performance and progress were dependent on trust and member 

commitment and a recommendation to reach more young people was made for more 

growth of the Malaysian cooperatives. 

 

(Magali 2013) employed logistic regression to examine the influence of Savings and 

Credit Cooperative Organizations or SACCOs and credit cooperatives on various 

factors in Tanzania. The study used health, education, new assets, income, business 

capital and renovation or building cost as independent variables. The logistic 

regression analysis revealed that SACCOs had a positive impact on health, education, 

purchasing new assets, crop yields and business capital. 73.5% of SACCO members 

had households’ improvements, 50% experienced an improvement in health and 80% 

saw an improvement in physical assets. The study concluded that logistic regression 

fit the data well. 

 

2.3.3 Naïve Bayes Algorithm                                                                  

According to (Webb and Keogh 2010), it is an algorithm that is mainly used for 

classification and that utilizes Bayes rule with the assumption that the predictors are 

not related to one other. Although this independence assumption may not always be 

true in practice, the algorithm generally produces highly accurate results in its 

classification task. 

Naïve Bayes Classifiers assume that features are independent of each other and they 

are built on Bayes Theorem (Webb et al., 2010). They are supervised learning 

algorithms that use labeled data to train, classify and predict outcomes. These 

classifiers are scalable and work well when there are only two possible outcomes, but 

their performance decreases as the number of outcomes increases (Rish, 2001). 

 

(Krichene 2017) employed the Naïve Bayes Classifier to assess the risk of default. The 

predictor variables used in this analysis included working capital, cash flow indicators 
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and solvency. The dependent variable was the probability of default, which was 

classified as either healthy or unhealthy based on the output variable. The study 

achieved 59.63% accuracy in correctly classifying healthy firms and 40.37% accuracy 

in classifying unhealthy ones. Type I error was identified as a significant issue, where 

bad customers were falsely classified as good, while Type II error was the 

classification of reliable clients as unreliable. To improve the model’s performance, 

the study introduced cash flow variables, resulting in an improvement in accuracy 

from 59.63% to 63.85%. However, the study only utilized quantitative variables and 

it was recommended that further research should be conducted to collect qualitative 

data. 

 

(Okesola et al. 2017) employed the Naïve bayes algorithm to develop a bank scoring 

model that was improved, which was used to categorize the payment status of loans 

over a 3-month period as either good or bad. The dependent variable used was a binary 

variable that was coded 0 for bad payment status and 1 for good payment status. The 

sample size used for the study was 680 loans and the naïve bayes model demonstrated 

higher accuracy compared to the KNN model, achieving 83.3% accuracy while KNN 

only achieved 82.3%. In this study, the naïve bayes algorithm was found to effectively 

handle categorical variables. 

 

Naïve Bayes is an appropriate algorithm for classification tasks, making it a relevant 

approach for this study. However, its practical use in the area of SHGs is restricted, 

making it a suitable choice for this research, as there is insufficient knowledge 

regarding its use in this specific field. 

 

2.3.4 Support Vector Machine (SVM) Model 

Vapnik is credited with creating the SVM in 1995 (Vapnik, 1995). The SVM is a 

machine learning method that is utilized for classification and regression analysis 

(Horak & Vrbka, 2020). 

 

(Amzile et al. 2022) analyzed the performance of SVM in forecasting defaults and 

determining credit scores. The SVM algorithm was used to classify customers into 

two categories: creditworthy and not-creditworthy, based on a dataset of 3,000 
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customers. An SVM model was used to analyze the factors that contribute to default 

in revolving loans. The variables considered in the analysis included the client type 

(private or public), number of children, age, income and education level. The model 

achieved a 71.7% accuracy rate in correctly predicting loan defaults, which was 

verified through the creation of a confusion matrix. 

 

The study trained the model on 2,250 members, assuming that the data was both 

linearly separable and non-linearly separable. The SVM-RBF kernel performed best 

with a 98% accuracy; support vector machine-linear achieved a level of accuracy of 

62%. The researcher had a hard time choosing the best SVM model and had to test all 

of them to determine which among them was optimal. 

 

(Harris 2015) conducted a study on credit scoring using SVM model. Prior to the 

analysis, pre-processing of the data was done to convert categorical variables into 

numerical variables and then normalization was done to enhance the performance of 

the model. Subsequently, partitioning of the data into two sets, 20% was the testing 

set while the training and cross-validation set making up the remaining 80%. Age, 

loan amount, loan purpose, employment status, monthly income and expenditure per 

month were among the variables utilized in the study. SVM was deemed suitable for 

analyzing the data, but it was observed that as the dataset grew, nonlinear methods 

became computationally costly. 

Although SVM has been applied in various classification and regression problems, its 

application in the analysis of SHGs is limited. This research aims to utilize SVM to 

analyze and study SHGs, thus contributing new insights to the field. 
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2.4 Conceptual Framework  

 

Figure 2:1Conceptual Framework 
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Wealth status - It refers to the financial condition or net worth of individuals or 

households. It reflects the economic well-being and financial stability of a person or 

family. Wealth status is influenced by various factors including income levels, savings 

habits, investments, property ownership, access to credit and economic opportunities. 

Ability to save- It refers to an individual's capacity to set aside income for future use 

rather than immediate consumption. 

Household assets- They are tangible and intangible resources owned by individuals 

or families, including property, vehicles, savings, and personal belongings. These 

assets played a crucial role in determining household wealth. 

Income generating assets- The resources or investments that generated revenue or 

income for individuals or households. The ownership and management of income 

generating assets contributed significantly to financial security and wealth 

accumulation. 

Basic commodities- They encompassed essential goods and services necessary for 

daily living, including food, clothing, shelter, and utilities. Access to these 

commodities was fundamental for maintaining a decent standard of living and overall 

well-being. 

Access to loans- It refers to an individual or entity's ability to obtain financial credit 

from formal or informal sources. It was crucial for economic activities such as 

investment, consumption and entrepreneurship. 

Demographic factors- They encompassed characteristics such as age, gender, marital 

status, and educational attainment within the population. These factors provided 

insights into the composition and diversity of individuals within the given context. 

2.5 Chapter Summary 

In conclusion, after conducting the analysis on literature, it was clear that there had 

been effective attempts made to use machine learning in various analysis involving 

SHGs, particularly logistic regression. SVM and NBA have been used in various 

classification tasks successfully. However, rather than using data from SHGs, SVM 

and NBA have been used to analyze data in banks and cooperatives successfully in 
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areas such as categorizing customers as credit worthy or not. Logistic regression was 

used to analyze SHGs data in India, but the analysis was purely on the impact SHGs 

have had on women SHGs. The machine learning methods described in the literature 

review for modeling SHGs impact on members’ livelihoods have not been compared 

in any research involving classification using SHGs data. 

The support vector machine and the naïve bayes models have been found to be suitable 

for classifying data, particularly when the output is binary. It is evident that SHGs 

impact has been positive in many aspects, but not all groups have experienced the 

same level of success and some were started and they failed to achieve the purpose for 

which they were created. This study aimed to identify the most significant factors 

leading to the success of SHGs in Murang’a East sub-county. This was achieved by 

issuing a questionnaire on factors that affect SHGs and then analyzing the responses 

to determine which factors most significantly affected the performance of SHGs. This 

research contributed to improving the effectiveness of SHGs in MESC and beyond as 

well as providing a better understanding on ML methods that were recommended in 

this study. 
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CHAPTER THREE 

METHODOLOGY 

3.1 Introduction 

This part described the necessary steps to carry out the research, which involved 

identifying the intended group of participants, choosing suitable methods for selecting 

samples, determining the appropriate sample size and specifying the tools and 

approaches for collecting and analyzing data. 

 

3.2 Design of the Research 

This study utilized the quantitative research design, the design involved gathering data 

from the population using questionnaires. The analysis of the collected data allowed 

conclusions to be drawn. 

3.3 Population of Interest 

The scope of this research was to survey the SHG members located in Murang’a East 

sub-county. The study utilized questionnaires to gather relevant data from the 

individual members, which when analyzed provided insights on the impact of SHGs 

on the livelihoods of their members. The population size was 2250. 

3.4 Sampling Techniques 

A report obtained from Murang’a East sub-county social services indicated that there 

were 150 registered and active SHGs in the area, with each group consisting of at least 

10-15 members. 

 

To select SHGs and members for this research, the study used a sampling technique 

known as stratified sampling to obtain sub-groups (strata) from the population and 

then selected samples from each stratum. There were 11 areas that were considered 

i.e., Thangathi, Thaini, Kiangatia, Githuthi, Kambirwa, Township, Mbiri, Gakunja, 

Kimathi, Mirira and Gikindu. Each area was assigned 13 groups except Township 

ward which was assigned 20 groups due to its high population. 6 members, above half 
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the minimum number of group members, were selected per group. The study used SRS 

to select individual members within each stratum.  

 

3.5 Determination of the Sample Size 

The findings obtained from a sample are used to make inferences about the whole 

population. In this study, the population (N) was composed of 2250 individuals, 

divided into 150 groups, with at least 15 members per group. 

 

Yamane’s formula (1967) allowed for the calculation of a representative sample size. 

The formula was found most effective since it did not assume normality of data and 

also because the population size was known. Other formulas such as Mugenda and 

Mugenda was not effective because of its assumption of normality and is also not 

effective with population sizes less than 10,000. The Slovin’s formula works best 

when the population size is unknown, hence the conclusion to use the Yamane’s 

formula. 

  𝑛 =
𝑁

1+𝑁(𝑒)2
⁡⁡⁡⁡⁡⁡ (3.1) 

 

 

Where: 

𝑛 =⁡size of the sample 

𝑁 =Target population 

𝑒 =⁡Margin of error. To calculate the size of the sample for this study, an error margin 

of 0.025 was applied. Using a smaller margin of error resulted in a larger sample size. 

 
𝑛 =

2250

1 + 2250(0.025)2
= 935⁡⁡⁡⁡⁡ 

(3.2) 

 

By this, the size of the sample for this study was determined to be 935 individuals. 

 

3.6 Procedure for Data Collection 

To achieve the objectives of this research, collection of data involved obtaining and 

analyzing responses from the target population. Primary data, collected through the 

use of questionnaires was used. The questions were in the form of a Likert scale and 

were used to investigate the impact of groups on the individual aspects of the 
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respondents’ lives. The anonymity provided by the questionnaires gave respondents 

the freedom to answer questions with reduced bias. 

 

3.6.1 Pilot Testing 

Pilot testing involves testing the research approach with a smaller sample than the one 

to be used in the main study Bager et al., (2018). It involved doing what was to be 

done in the main study but with a smaller sample size to test how effective the research 

procedures were. 10% of the self-help groups in Murang’a East Sub-County were used 

in the pilot study. The results in the pilot study indicated that the research instrument 

captured what it was intended to capture. 

 

3.6.2 Research Instruments Validity 

Validity refers to the degree to which a research instrument measures what it is 

intended to measure. The validity was measured using face-validity. Face validity is 

based on subjective judgement and it formed a basis for further investigations on 

validity such conduction of the pilot study. Cross-validation was also used and it 

ensured that the machine learning models accurately classified the data. This involved 

splitting the data into training and testing sets and evaluating the performance of the 

model on the testing set. 

3.6.3 Research Instruments Reliability 

Ensuring the reliability of a research instrument is crucial to obtaining accurate and 

valid results. Reliability refers to the consistency and stability of the instrument’s 

measurements over time and across different samples. Several methods to assess the 

reliability of research instruments exist and include test-retest reliability, which 

involves administering the same instrument to the same group of participants at two 

different times and comparing the results. This was achieved by carrying out a pilot 

test before carrying out the main data collection. The questionnaire was found to be 

consistent in its measurement.  
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3.7 Procedure of the Research 

The research procedure involves the several steps taken by the researcher to gather the 

necessary data for a study. In this study, primary data was obtained by distributing 

questionnaires to the targeted population. Once the data was collected, it was analyzed 

using machine learning methods i.e., SVM, Naïve Bayes and Logistic Regression. 

The questionnaire used in this study implemented a rating scale ranging from 1 to 5 to 

assess the participant’s responses. The responses collected from the questionnaires 

were analyzed using the above-mentioned machine learning methods. The results 

obtained from the sample analysis were utilized to evaluate the impact of SHGs on 

their members. 

3.8 Analysis of Data 

Analysis of data involves refining and organizing unprocessed data to derive 

meaningful insights that aids in making informed decisions and drawing conclusions. 

This study employed the inferential and descriptive statistics. Descriptive statistics 

consist of measures of central tendency, frequency and dispersion and their purpose is 

to summarize and present the characteristics of the study sample, as stated by (Fisher 

et al. 2009). In contrast, inferential statistics utilize descriptive statistics to draw 

inferences and make conclusions that are applicable to the entire population. 

 

Once the data had undergone the process of eliminating errors and redundant 

information, it was subjected to analysis using the R programming language to 

generate outputs that were relevant for drawing conclusions. 

 

3.8.1 Principal Component Analysis 

To determine which was the most significant factor that affected how SHGs performed 

in MESC, the factors affecting performance of SHGs were subjected to a PCA 

analysis. PCA is a reduction technique used in machine learning to transform data to 

fewer dimensions but when retaining the most important information. The original 

data is transformed to principal components. The analysis of the factors affecting 

SHGs was done using the PCA because the study wanted to find out which among the 

factors was the most significant and thus there was no response variable, just a 

comparison of the factors. 
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After the PCA was fit in R, the output was standard deviation, loadings, proportion of 

variance and cumulative proportion. The standard deviation of each principal 

component (PC) is an indication of the spread of the data along that component. Each 

principal component is a linear combination of the original variables. The proportion 

of variance represents the proportion of the total variance in the data that is captured 

by each principal component while the cumulative proportion represents the 

proportion of the total variance in the data that is captured by the principal 

components. 

 

Loadings represent the relationship between the PC and the original variables. They 

represent the contribution of the original variables to the PCs. A high positive or 

negative loading for a variable indicate a high positive or negative relationship 

between the PC and the variable. 

 

3.8.2 Logistic Regression Model Fitting 

Logistic regression is a technique that is utilized when the outcomes are binary, where 

the anticipated value is either 0 or 1. In this method, each independent variable in the 

model is assigned a coefficient that gauges its effect on the output variable. These 

coefficients aid in comprehending the association between the independent variables 

and the binary outcome. 

 

In this study, the output variable Y (wealth status) had two possible values: 1 meaning 

“improved” and 0 meaning “not improved”. The Y variable represented the wealth 

status and the study aimed at evaluating whether the wealth status had improved or it 

had not. The coefficients assigned were denoted by 𝛽. The first coefficient, 𝛽0, was 

the intercept, while each variable from 1…n⁡were each assigned the coefficients, 

𝛽⁡1, 𝛽⁡2…𝛽⁡𝑛. They determined the association between the independent and 

dependent variables. The result obtained from the analysis were in the form of odds 

ratio; 

 𝑃

1 − 𝑃
= 𝑒𝑥𝑝(𝛽0 + ∑𝑖=1

𝑛 𝛽𝑖𝑋𝑖)⁡⁡⁡⁡⁡⁡ 
(3.3) 
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The probability of the occurrence of the event was denoted by P. 

In this research, multiple logistic regression was employed since the prediction of a 

single binary output was done using multiple variables. 

The equation for the multiple logistic regression function is: 

 
𝑃(𝑥) =

⁡𝑒𝑥𝑝(𝑿′𝜷)

1 + 𝑒𝑥𝑝(𝑿′𝜷)
⁡⁡⁡⁡ 

(3.4) 

 

In machine learning, the logistic sigmoid function is widely used to transform any 

input value to a probability value that ranges between 0 and 1. This is different from 

the hyperbolic sigmoid function which transforms data values to a range between -1 

and 1 and the arctangent function which transforms data values to a range between 
−𝜋

2
  

and 
𝜋

2
 . Below is a graphical representation of the common sigmoid curves. 

      

Figure 3:1 Sigmoid functions (Sigmoid Function Definition | DeepAI, n.d.) 

The formula below represents the logistic sigmoid function: 

 
𝑃(𝑥) =

1

1 + exp⁡(−𝑥)
⁡⁡⁡⁡ 

(3.5) 

 

   

 

The LR model is a powerful tool for data analysis that is simple to understand and 

interpret, computationally efficient and can handle datasets that are large. 
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Additionally, updating new data is easy and it can handle outliers and data that is 

missing without requiring data preprocessing. 

 

LR has assumptions such as the requirement for a binary or dichotomous outcome 

variable and a linear relationship between the predictor and outcome variables. 

 

3.8.2.1 Logistic Regression Parameters Estimation 

The maximum likelihood estimator is a statistical approach that is employed to 

estimate the parameters of a statistical model. It strives to identify the parameter values 

that are most likely to account for the observed data, given a specific set of 

observations. When it comes to LR, the goal is to develop a model that describes the 

relationship between a binary dependent variable and a set of independent variables. 

The form of the logistic regression is; 

 
𝑃(𝑥) =

 𝑒𝑥𝑝(𝑿′𝜷)

1 + 𝑒𝑥 𝑝(𝑿′𝜷)
 

(3.6) 

 

 

Below is a representation of the likelihood function; 

 𝑙(𝛽, 𝑌 = 1/𝑋 = 𝑥𝑖)

= 𝜋 ቈ
𝑒𝑥𝑝(𝑿′𝜷)

1 + 𝑒𝑥𝑝(𝑿′𝜷)
቉

∑ 𝑦𝑖
𝑛
𝑖 ⁡

൭1

− ቈ
𝑒𝑥𝑝(𝑿′𝜷)

1 + 𝑒𝑥𝑝(𝑿′𝜷))
቉

𝑛−∑ 𝑦𝑖
𝑛
𝑖 ⁡

൱ 

(3.7) 

 

Where; 

𝑙(𝛽, 𝑌 = 1/𝑋 = 𝑥𝑖) =The likelihood function 

𝜋𝑖 =Probability of observing the ith observation 

𝑋=Predictor variables 

𝛽=coefficients of the logistic regression model 

𝑦𝑖=Outcome for the ith observation which is either 0 or 1 

𝑛=Total number of observations 
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3.8.3 Fitting a Naïve Bayes Algorithm 

According to Webb et al. (2010), Naïve Bayes Classifiers are based on Bayes Rule 

and assume that the independent variables are independent of one another. It is a 

supervised machine learning algorithm that requires a labeled dataset to train, classify 

and predict outcomes. This theorem enables the calculation of the likelihood of a 

particular class based on a several independent variables by multiplying the 

probability of those variables given the class with the prior likelihood of the class and 

then dividing by the marginal probability of the features. It is represented as follows; 

 
𝑃(𝑌|𝑋) =

𝑃(𝑋|𝑌)𝑃(𝑌)

𝑃(𝑋)
⁡⁡⁡⁡⁡⁡ 

(3.9) 

 

 

Where; 

𝑌 = wealth status 

𝑋 = The group of independent variables used in the analysis include access to 

household assets, access to basic commodities, access to income generating assets and 

ability to save. 

P(Y|X) = the posterior probability of the class Y given the input features X. 

P(X|Y) = the likelihood of the input features X given the class Y. 

P(X)⁡= the marginal likelihood of the input features X. 

P(Y)⁡= the prior probability of the class Y 

 

Types of Naive Bayes algorithm (NBA) include: Gaussian Naïve Bayes, Multinomial 

Naïve bayes and Bernoulli Naïve bayes. Gaussian Naïve bayes is used when the 

variables are continuous and normally distributed. Multinomial NBA is used when the 

features are discrete and follow a multinomial distribution. Bernoulli NBA is used 

when the features are binary, meaning they can only take two values. The algorithm 

calculates the likelihood of each variable being present or absent in each class. The 

NBA is based on Bayes’ theorem, which uses prior knowledge and conditional 

probability to determine the probability of an event occurring. 

 

It is computationally efficient because of its simplicity and requires minimal 

computational resources. Naive Bayes makes the assumption that features within a 
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class are independent and unrelated. Although the independence assumption may not 

always hold true in real-world applications, the naïve bayes classifier is still effective 

in solving real-life problems. 

 

3.8.4 Fitting the SVM Model 

SVM is a machine learning model which takes input data points and produces a 

decision boundary that separates the points into different categories. The boundary is 

created by finding the best line or hyperplane that maximizes the margin between the 

different categories, ensuring that the data points are well-separated. Any new data 

points can then be classified based on which side of the decision boundary they fall 

on. This allows for clear and accurate classification of the input data. 

Support Vector Machines (SVMs) can be classified into two types: Linear SVMs, 

which can separate data into two groups using a straight line and non-linear SVMs, 

which are used when data cannot be separated by a single straight line. When a straight 

line is insufficient, non-linear SVMs employ a technique known as the “kernel trick” 

to address this issue. The kernel trick allows SVMs to establish a non-linear decision 

boundary. 

SVM searches for multiple hyperplanes that classify the inputs in the most optimal 

way and then selects the hyperplane with the maximum distance from the datapoints. 

However, SVM may not be efficient for large datasets since it requires high training 

time. Additionally, it makes an assumption that the margin between the hyperplane 

and the nearest datapoints should be maximized. 

SVM utilizes the mathematical function known as the kernel function to change input 

data into the appropriate format for analysis. The kernel function varies from one SVM 

function to another. This research employed SVM with the radial basis function (RBF) 

kernel. The input variables for the SVM model were access to household assets, access 

to income-generating assets, access to basic commodities and the ability to save, while 

the output variable was wealth status. The SVM model was trained using the radial 

basis function (RBF). The RBF kernel is particularly useful for capturing complex, 

non-linear decision boundaries. The formula for the RBF kernel is as given below. 
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 𝐾(𝑥, 𝑦) = 𝑒𝑥𝑝(−𝛾 ∥ 𝑥 − 𝑦 ∥2⁡) (3.11) 

 

Where; 

𝛾 = 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒⁡𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 

∥ 𝑥 − 𝑦 ∥⁡= 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒⁡𝑏𝑒𝑡𝑤𝑒𝑒𝑛⁡𝑡ℎ𝑒⁡𝑝𝑜𝑖𝑛𝑡𝑠⁡𝑥⁡𝑎𝑛𝑑⁡𝑦 

The objective of this research was to use SVM (Support Vector Machine) to establish 

a decision line for evaluating the impact of SHGs on wealth status. The analysis 

involved classifying individuals into two categories based on their association with 

SHGs: those who have benefited from the self-help groups and those who have not. 

The analysis identified a hyperplane that best separated the data points, with the 

optimal hyperplane being the one that maximized the separation between the two 

categories. 

3.9 Model Selection 

In order to select the best m among the three, the research utilized a confusion matrix. 

Several metrics are typically used to assess the performance of a classification model, 

including sensitivity, precision and specificity. Sensitivity, representing true positives 

(TP) to the total actual positives (TP+FN), precision, representing true positives to the 

total predicted positives. Specificity is a metric measuring true negatives to the total 

actual negatives, whereas accuracy refers to the proportion of correct predictions out 

of the total number of predictions made by a classification model. To evaluate the 

performance of the models, the study summarized the actual class labels versus the 

predicted class labels in a confusion matrix consisting of four cells: TP (True positive), 

FP (False positive), TN (True negative) and FN (False negative).  

 

Binary classification confusion matrix is shown below: 
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Table 3.1: Confusion Matrix 

 Actual Positives Actual Negatives 

Positives Predicted True Positives False Positives 

Negatives Predicted False Negatives True Negatives 

 

The true positives (TP) indicate the cases correctly predicted as positive outcomes; the 

false positives (FP) indicate the cases incorrectly predicted as positive outcomes. The 

true negatives (TN) indicate the cases correctly predicted as negative outcomes while 

the false negative (FN) indicates the cases incorrectly predicted as negative outcomes.  

⁡𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦⁡

= ⁡
𝑇𝑃 + ⁡𝑇𝑁

𝑇𝑁⁡ + ⁡𝑇𝑃⁡ + ⁡𝐹𝑁 + 𝐹𝑃
⁡⁡⁡⁡ 

                                                                   

(3.12) 

 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡ = ⁡

𝑇𝑃

𝐹𝑃 + ⁡T𝑃
⁡⁡⁡⁡ 

(3.13) 

 

 
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦⁡ = ⁡

𝑇𝑃

𝐹𝑁⁡ + 𝑇𝑃
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ 

(3.14) 

 

 
𝐹1⁡𝑆𝑐𝑜𝑟𝑒 = ⁡

2⁡ ×⁡ (𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡)

(𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡)
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ 

(3.15) 

 

Precision is a metric used to measure the percentage of correctly predicted positive 

instances in relation to the total number of instances predicted as positive. Sensitivity, 

which is also called recall, is the ratio of the accurately predicted positive instances to 

the actual number of positive instances in the dataset. Accuracy is the percentage of 

instances classified correctly, whether positive or negative, compared to the total 

number of instances in the dataset. The F1 score is a measure of performance that 

provides a balanced evaluation of a model’s precision and sensitivity by taking the 

harmonic mean of both metrics. 
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3.10 Model Validation 

Model validation ensures that the model is accurate, reliable and can be used to make 

accurate predictions in real-world applications. The process involves splitting the 

available data into training and testing datasets, training the model on the training data 

and evaluating its performance on the testing data. Performance metrics such as 

accuracy, precision, recall, or F1-score were used to compare the predicted values to 

the actual values. Model validation is a critical step in building reliable predictive 

models and it ensures that they are robust and can be used to make accurate predictions 

in real-world applications. 

 

3.11 Ethical Considerations 

Ethical considerations are an essential aspect of any research project that involves 

human subjects.  

This research ensured that the welfare and privacy of the participants was protected. 

The ethical considerations surrounding this research included consent from 

respondents, confidentiality, privacy and avoiding harm to participants. Informed 

consent from the participants was obtained before conducting the research. This means 

that participants were informed of the research’s purpose and benefits before agreeing 

to participate.  

Confidentiality and privacy were also crucial ethical considerations in this research 

and the steps to protect the participants’ identities and personal information were taken 

ensuring that this information was not disclosed. Additionally, this research ensured 

that it did not cause any harm to participants, whether it be physical, psychological, or 

emotional.  

The study also ensured there was no coercion or pressure to participate in the study 

but that it was absolutely by their own choice. 

 

3.12 Chapter Summary 

This chapter provided a comprehensive analysis of the research process, explaining 

the steps involved in conducting the study. It began by identifying the target 

population, SHG members in Murang’a East sub-county and applied the quantitative 

research design using questionnaires to gather data. Stratified sampling was employed 
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to select SHGs from various areas, followed by simple random sampling of individual 

members, resulting in a sample size of 935 determined using Yamane’s formula.  

 

Data collection involved anonymous Likert-scale questionnaires to ensure unbiased 

responses. Validity and reliability of the research instruments were established 

through face validity, cross-validation and pilot testing. Data analysis was conducted 

using R programming, employing methods such as PCA, logistic regression, Naïve 

Bayes and SVM to make conclusions and evaluate SHG impacts.  

 

Model performance was assessed using a confusion matrix and validation ensured 

accuracy and reliability. Ethical considerations included informed consent, 

confidentiality, privacy and voluntary participation without coercion. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Introduction 

Data analysis in this study was done using the R environment because of its wide 

library of libraries and ease of implementation. The version of R used was 4.3.1. The 

fitting of the models, the outcomes of the techniques used as well as the best 

performing model among the three are explained in this chapter. Every model’s result 

is displayed. 

4.2 Principal Component Analysis 

To determine which was the most significant factor that affected how SHGs performed 

in MESC, the factors stated above, B1-B9 were subjected to a PCA analysis. This 

output is tabulated below. 

  



30 

 

Table 4.1: PCA Results 

 Standard 

Deviation 

Proportion of 

Variance 

Cumulative 

Proportion 

Variable Loadings 

PC1 1.3378  0.1988  0.1988  B1 0.2645 

PC2 1.0184 0.1152 0.3141 B2 0.2857 

PC3 1.0047 0.1121 0.4262 B3 0.2323 

PC4 0.9692 0.1044 0.5306 B4 0.2985 

PC5 0.9557 0.1015 0.6321 B5 0.2656 

PC6 0.94066 0.09832 0.73040 B6 0.2864 

PC7 0.93166 0.09644 0.82684 B7 0.2802 

PC8 0.86100 0.08237 1.00000 B9 0.2992 

 

A high standard deviation in PCA implies that the data points are more dispersed. 

Components with high standard deviations are considered significant because they 

capture a large portion of the variability in the data. Components with high proportions 

of variance are also considered significant because they explain a large percentage of 

the total variability in the dataset. 

 

The loadings provided above represented the average contribution of each variable in 

every principal component. The variable with the highest loading was the most 

significant variable because it had the highest relationship with the principal 

components. 

From the loadings above, the order in which they appeared from highest to lowest was 

B8 (0.2992), B4 (0.2985), B6 (0.2864), B2 (0.2857), B7 (0.2802), B5 (0.2656), B1 

(0.2645), B3 (0.2323). The variable with the highest loading is the variable with the 

highest significance, meaning that it is the factor that has the greatest impact on the 

performance of SHGs in MESC.  

B8= The frequency of the meetings and the quality of the discussions held during the 

meetings is a significant factor in the performance of SHGs in Murang’a East sub-

county. 

B4= Access to financial resources and credit facilities is a significant factor in the 

performance of SHGs in impacting lives in Murang’a East sub-county. 
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B6= Collaboration and partnerships with other organizations and stakeholders is a 

significant factor in the performance of SHGs. 

B2= The level of participation and engagement of self-help group members is a 

significant factor in impacting lives in Murang’a East sub- County. 

B7= The level of community support and involvement is a significant factor in the 

performance of SHGs in impacting lives in Murang’a East sub-county. 

B5= The presence of supportive policies and regulations is a significant factor in the 

performance of SHGs in Murang’a East sub-county. 

B1= The availability of training and capacity-building programs is a significant factor 

in the performance of SHGs in Murang’a East sub-county. 

B3= The presence of effective leadership and management structures is a significant 

factor in the performance of SHGs in Murang’a East sub-county. 

From the PCA results, the frequency of the meetings and the quality of the discussions 

held was the most significant factor that affected how SHGs performed in MESC. 

Access to financial resources and credit facilities was the second most significant 

factor that affected the groups’ performance. The order of the factors with their 

significance is stated above. 

 

4.3 Logistic Regression Model Results  

Logistic regression model fits data with predictor variables and a dependent variable 

which is in dichotomous form. This section gives the results of the predictor variables 

when fit in the logistic regression model. Predictor variables such as access to 

household assets, access to income generating assets, access to loans, access to basic 

commodities and ability to save were fit to the model to investigate their relationship 

with the dependent variable, wealth status. The R software was used in the analysis. 

Standard errors, z-values and p-values which determine the significance of the 

predictor variables are shown below. Logistic regression in R was fit using the glm 

function. 

 

The table below shows the results when the predictor variables were fit in the logistic 

regression model using the R environment. The table shows the estimated coefficients, 

the std error, the z-value, the p-value and the odds ratio and the 95% CI. 
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Table 4.2: Logistic Regression Model Results 

Variable Estimate Std 

Error 

z-

value 

p-value OR 

      

Intercept -5.9973    1.8858  -3.170 0.001526  0.0025 

Household 

Asset 

-0.0607    0.2196   -0.276 0.782463 0.9412 

Income 

Generating 

Assets 

0.6633     0.1853    3.580 0.000344  1.9411 

Basic 

commodities 

0.5154     0.1921    2.684 0.007284  1.6743 

Loans 0.8611    0.2522    3.415 0.000638  2.3658 

Savings 0.2494     0.2631    0.948 0.343176 1.2832 

 

Out of the fit predictor variables, access to income generating assets, access to basic 

commodities and access to loans were found to have significant impact on the 

dependent variable, wealth status. Savings and access to household assets did not have 

a significant impact on the dependent variable.  

 

The intercept was -5.9773 (𝑂𝑅⁡ = ⁡0.0025, 95%⁡𝐶𝐼:⁡ − 9.72⁡ − 2.31). It represented 

the log-odds of the response variable (wealth status) when all other predictor variables 

were set to 0. The coefficient for access to household assets was -0.0607 (𝑂𝑅⁡ =

⁡0.9412, 95%⁡𝐶𝐼:⁡ − 0.497⁡0.366). A one-level increase in the variable access to 

household assets was associated with a decrease of 0.0607 in the log-odds (probability 

of the event occurring to the probability of the event not occurring) of the response 

variable. However, it was not statistically significant (p-value = 0.782463) the 95% CI 

also included zero indicating that the coefficient was not statistically significant at 0.05 

level of significance and hence was removed from this study. The coefficient for 

access to income generating assets was 0.6633 (𝑂𝑅⁡ =

⁡1.9411, 95%⁡𝐶𝐼:⁡0.299⁡1.027).The 95% CI also did not include zero indicating that 

it was statistically significant and the fact that it was positive showed that the 

relationship between this variable and the outcome variable was positive, an increase 



33 

in income generating assets lead to an increase in wealth status. A one-level increase 

in the variable access to income generating assets was associated with an increase of 

0.6633 in the log-odds of the response variable. It was statistically significant (p-value 

= 0.000344) and thus had a significant impact on the response variable. The coefficient 

for access to basic commodities was 0.5154 (𝑂𝑅⁡ =

⁡1.6743, 95%⁡𝐶𝐼:⁡0.1321⁡0.888). A one-level increase in the variable access to basic 

commodities was associated with an increase of 0.5154 in the log-odds of the response 

variable. It was statistically significant (p-value = 0.007284). The coefficient for 

access to loans was 0.8611 (𝑂𝑅⁡ = ⁡2.3658, 95%⁡𝐶𝐼:⁡0.369⁡1.361). A one-level 

increase in the variable access to loans was associated with an increase of 0.8611 in 

the log-odds of the response variable. It was statistically significant since its p-value 

= 0.000638. The coefficient for ability to save was 0.2494 (𝑂𝑅⁡ =

⁡1.2832, 95%⁡𝐶𝐼:⁡ − 0.267⁡0.766). A one-level increase in the variable ability to save 

was associated with an increase of 0.2494 in the log-odds of the response variable. 

However, it was not statistically significant (p-value = 0.343176) meaning it did not 

affect the response variable and hence it was removed from this study. 

 

The table below shows the results when the demographic factors were fit in the logistic 

regression model. The factors included age, marital status, education level, gender and 

source of income. The table shows the estimated coefficients, the std error, the z-value, 

the p-value and the odds ratio and the 95% CI. 
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Table 4.3: Logistic Regression Results for social demographic variables 

Variable Estimate Std 

Error 

z-

value 

p-value OR 

Intercept 2.8699 0.6112 4.695 2.66e-06  17.636 

Age (years) 

18-30 (ref) 

31-45 

46-60 

Over 60 

 

- 

-0.1484 

-0.2600 

-0.4649 

 

- 

0.3729 

0.3899 

0.4154 

 

- 

-0.398 

-0.667 

-1.119 

 

- 

0.6907 

0.5048 

0.2631 

 

- 

0.8621 

0.7710 

0.6282 

Marital status 

Divorced 

Married 

Single 

Widowed 

 

- 

0.0906 

-0.7847 

-0.0009 

 

- 

0.3388 

0.3778 

0.3631 

 

- 

-2.316 

0.240 

-0.002 

 

- 

0.0206  

0.8105 

0.9981 

 

- 

1.0949 

0.4562 

0.9991 

Education 

College 

No Education 

Primary 

Secondary 

 

- 

-0.4367 

-0.4542 

-0.601 

 

- 

0.3824 

0.3658 

0.3730 

 

- 

-1.142 

1.242 

-1.611 

 

- 

0.2534 

0.2143 

0.1072 

 

- 

0.6462 

0.6349 

0.5484 

 

Gender 

Female (ref) 

Male  

 

- 

0.5479 

 

- 

0.2577 

 

- 

2.126 

 

- 

0.0335  

 

- 

1.7295 

Income 

Retired 

Self Employed 

Unemployed 

Employed (ref) 

 

1.1503 

-0.3620 

-1.1465 

- 

 

1.0981 

0.425 

0.5805 

- 

 

1.048 

-0.852 

-1.975 

-    

 

0.2949 

0.3943 

0.0483  

- 

 

3.1590 

0.6963 

0.3177 

- 

 

Demographic factors such as gender, source of income and marital status were found 

to be significant predictors of wealth status. Factors such as education level and age 

were not found to be significant predictors to wealth status. 
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The intercept, which was the log-odds when all other predictor variables were zero 

had an estimated coefficient of 2.87 and a p-value 2.66e-06 indicating that the intercept 

was significantly different from zero (𝑂𝑅⁡ = ⁡17.636, 95%⁡𝐶𝐼:⁡ − 9.7188⁡ −

2.3092). 

 

Age was categorized into four groups i.e., 18-30, 31-45, 46-60 and over 60 years. The 

category 18-30years was used as the reference category or the baseline category 

against which the other age categories were compared. The estimated log-odds for this 

category were assumed to be zero. The estimated coefficient for the age category 31-

45 were -0.1484. This represented the change in the log-odds of the response variable 

for individuals aged 31-45 compared to those aged 18-30. The standard error for this 

estimate was 0.3729. The z-value was -0.398 and the associated p-value was 0.6907, 

indicating that the coefficient was not statistically significant. The odds ratio (OR) for 

this category was 0.8612 while the 95% confidence interval for the odds ratio was 

between 0.7710 (lower) and 0.9582 (upper). The estimated coefficient for the age 

bracket 46-60 years was -0.2600, representing the change in the log-odds of the 

response variable for individuals aged 46-60 compared to those in the reference 

category. The associated p-value is 0.5048, indicating that the coefficient was not 

statistically significant. The odds ratio (OR) for this category was 0.7708 while the 

95% confidence interval for the odds ratio was between 0.6619 (lower) and 0.8970 

(upper). 

 

The estimated coefficient for Over 60 is -0.4649, representing the change in the log-

odds of the response variable for individuals aged over 60 compared to those aged 18-

30. 

The p-value was 0.2631, indicating that the coefficient was not statistically significant. 

The odds ratio (OR) for this category was 0.6282 and the 95% confidence interval for 

the odds ratio was between 0.5618 (lower) and 0.7033 (upper). None of the age 

categories (31-45, 46-60, Over 60) had coefficients that were statistically significant 

at the 0.05 significance level. 

 

Gender of the respondents were categorized as either male or female. The female 

category was used as the reference category and hence its coefficient was assumed to 
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be zero. The coefficient for the male gender was 0.5479. This shows that compared to 

the reference category, being male was associated with an estimated increase in the 

log-odds (OR=1.7295) of the response variable by 0.5479. The p-value is 0.0335 

which is less than 0.05, indicating that this effect was statistically significant at the 

0.05 significance level. The 95% CI was 0.0498 (lower) and 1.0633(upper) did not 

include zero indicating the variable was statistically significant and the relationship 

between this predictor variable and the response variable is positive. 

 

The marital status category was divided into single, married, widowed and divorced. 

Divorced was used as the reference category. The coefficient for marital status married 

was 0.0906, being married was associated with an estimated increase in the log-odds 

of the response variable by 0.0906 (OR 1.0949). The p-value of 0.0206 was less than 

0.05, indicating that this effect was statistically significant at the 0.05 significance 

level. The 95% CI was 0.1305 (lower) and 1.4660 (upper). The coefficient for marital 

status single was estimated to be -0.7847. The negative coefficient suggested a 

decrease in the log-odds for individuals who were single. The high p-value (0.8105) 

indicated that this category was not statistically significant. The OR were 0.4562 and 

the 95% CI was -0.6516 (lower) and 0.8413 (upper). The coefficient for marital status 

widowed was -0.0009, the p-value was (0.9981) suggesting that this category was not 

statistically significant (𝑂𝑅⁡ = ⁡0.9991, 95%⁡𝐶𝐼: −0.7194⁡⁡0.7140). 

 

The level of education was categorized into no formal education, primary education, 

secondary education and college or tertiary level. The college category was used as 

the reference category. The coefficient for no formal education was -0.4367 implying 

a negative impact on the log-odds for individuals with no education. The p-value was 

0.2534  (𝑂𝑅⁡ = ⁡0.6462, 95%⁡𝐶𝐼: −1.2026⁡⁡0.3075). This category was not found to 

be statistically significant. Primary education had a coefficient -0.4542 having only 

primary education appears to have a negative impact on the log-odds compared to the 

reference category, but the effect is not statistically significant (p-value = 0.2143) 

(𝑂𝑅⁡ = ⁡0.6349, 95%⁡𝐶𝐼: −1.1921⁡0.2522). The coefficient for secondary education 

(-0.601) suggested a negative impact of having secondary education on the log-odds, 

but the effect was not statistically significant (p-value = 0.1072) (𝑂𝑅 =

0.5484⁡𝐶𝐼: −1.3521⁡0.1201). 
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The last category was source of income which was divided into unemployed, self-

employed, employed and retired. The employed category was used as the reference 

category. Individuals with a source of income as retired had a positive impact on the 

log-odds, coefficient 1.1503, but the effect was not statistically significant (p-value = 

0.2949) (𝑂𝑅 = 3.1590⁡95%⁡𝐶𝐼:⁡ − 0.6549⁡4.1083). The coefficient (-0.3620) for 

the self-employed category suggested a negative impact on the log-odds for 

individuals who were self-employed, but again, the effect was not statistically 

significant (p-value = 0.3943)(𝑂𝑅 = 0.6963⁡95%⁡𝐶𝐼:⁡ − 1.2793⁡0.4105). 

Individuals with a source of income as unemployed had a negative impact on the log-

odds, coefficient -1.1465 and the effect was statistically significant at a 5% 

significance level (p-value = 0.0483) (𝑂𝑅 = 0.3177⁡95%𝐶𝐼:⁡ − 2.3125 − 0.0044).  

 

The logistic regression model was then fit using only the significant predictor variables 

and the coefficients of this model were extracted. The logistic regression equation with 

these coefficients is expressed as shown below. 

𝑙𝑛 (
𝑃(𝑌 = 1)

1 − 𝑃(𝑌 = 1)
) = ⁡−4.4359 + 0.5915⁡𝑥1 + 0.4994𝑥2 + 0.7142𝑥3 

(4.1) 

Where; 

𝑥1 = Income generating assets 

𝑥2=Basic Commodities 

𝑥2= Access to loans 

The model classified 19 members under class 0 which represented a total percentage 

of 9.1 and 190 under class 1 which was a percentage of 90.9. This was done using the 

test set. The accuracy of the logistic regression model in classifying members of SHG 

in this study as either having an improved wealth status or not since joining a SHG 

was 88.04%. 

 

4.4 Naïve Bayes Algorithm. 

The predictor variables were fit into the naïve bayes algorithm to determine their effect 

on the response variable wealth status. The model was fit in the R environment. Data 

preprocessing was done to convert the variables into binary form so as to fit the 

Bernoulli naïve bayes algorithm since the output was binary. 
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Table 4.4: A-priori probabilities of Y 

Improved Frequency Percent (%) 

No 98 10.11% 

Yes    871    89.89% 

 

A-priori probabilities of Y are predictions made on the output variable (wealth status) 

before considering any features. The results shown above suggest that class 0 has a 

prior probability of 10.11% while class 1 has a prior probability of 89.89%. 
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Table 4.5: Conditional probabilities for categorical variables 

Variable 0 1 

Age (years) 

18-30  

31-45 

46-60 

Over 60 

 

0.1688 

 0.5455 

 0.1948 

 0.0909 

 

0.1625 

0.5124 

0.2578 

 0.0673 

Marital status 

Divorced 

Married 

Single 

Widowed 

 

0.052 

0.909 

0.026 

 0.013 

 

0.0922 

0.8389 

0.0294 

0.0395 

Education 

College 

No Education 

Primary 

Secondary 

 

0.0779 

0.0909 

0.2857 

0.5455 

 

0.0732 

 0.082 

0.2972 

0.5476 

Gender 

Female  

Male  

 

0.5844 

0.4156 

 

0.6237 

0.3763 

Income 

Retired 

Self Employed 

Unemployed 

Employed  

 

0.013 

0.7013 

0.0909 

0.1948 

 

0.0659 

0.7584 

0.0586 

0.1171 

 

Table 4.5 shows the probabilities of belonging to class 0 or to class 1 given categorical 

variables such as age, source of income, level of education, marital status and gender.  

16.88% was the probability of belonging to age category 18-30 years and being 

classified under class 0 while 16.25% was the probability of being in the age group 

and being categorized under class 1. The probability of being in the age category 31-

45 years and being categorized under class 0 was 54.55% while that of being in this 

age category and being classified under class 1 was 51.24%. 19.48% was the 

probability of being in the age group 46-60 and being in class 0 while 25.77% was the 
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probability of being in the age group and be classified under class 1. The probability 

of being in the category over 60 years and in class 0 was 9.09%, while 6.73% was the 

probability of being over 60 and in class 1. 

 

Gender was categorized as male and female. There was a 58.44% probability of being 

female and being classified in class 0 while the probability was 41.56% for men. The 

probability of being female and being in class 1 was 62.37% while that of being male 

and being in class 1 was 37.63%. 

 

The other category was marital status, categorized as single, married, divorced and 

widowed. The probability of being divorced and in class 0 was 5.19%, being married 

and in class 0 was 90.91% being single and in class 0 was 2.60% and 1.30% was the 

probability of being widowed and in class 0. The probability of being in class 1 was 

9.22% when divorced, 83.89% when married, 2.93% when single and 3.95% when 

widowed. 

Source of income was categorized as unemployed, self-employed, employed and 

retired. The probability of being in class 0 was 19.48% when employed, 1.30% when 

retired, 70.13% when self-employed and 9.09% when unemployed. For class 1, there 

was an 11.71% probability of being categorized here when employed, 6.59% when 

retired, 75.84% when self-employed and 5.86% when unemployed. 

 

For the category education level, the probability of being categorized in class 0 was 

7.79% for members with college education, 9.09% for those with no education, 

28.57% for primary education and 54.55% for those with secondary education. The 

probability of being categorized in class 1 was 7.32% for members with 

college/tertiary education, 8.2% for those with no education, 29.72% for the ones with 

primary education and 54.76% for members with secondary education. 

The predictor variables such as access to loans, access to household assets, access to 

income generating assets and ability to save had data in numeric form. Naïve bayes 

algorithm generated the mean and the standard deviation for each class. The results 

are tabulated below. 
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Table 4.6: Conditional probabilities for continuous predictor variables 

Variables 0  1  

 Mean Standard 

Deviation 

Mean Standard 

Deviation 

Household Asset 3.44 0.6 3.316 0.62 

Income 

Generating Assets 

3.28 0.76 3.68 0.67 

Basic 

commodities 

3.56 0.66 3.88 0.55 

Loans 3.61 0.63 3.89 0.45 

Savings 3.68 0.55 3.7 0.52 

 

Table 4.6 represents the conditional probabilities for the continuous predictor 

variables. Naïve bayes algorithm uses mean and standard deviation for continuous 

variables for each class, 0 and 1 to calculate the likelihood of observed data being in 

a given class. The likelihood calculated is combined with prior probabilities to 

compute posterior probabilities. The assumption of the naïve bayes algorithm is that 

features within a class are independent and unrelated, this feature however does not 

always hold but the naïve bayes algorithm is still able to make predictions in real world 

applications. When the naïve bayes algorithm was put into test in the classification of 

members of SHGs as either having improved wealth status or not, it achieved an 

accuracy of 92.34%. 

 

Naïve bayes algorithm classified 12 members in class zero which was a percentage of 

5.74 and 197 members as class 1 which was a percentage of 94.26 of the test set.  

 

4.5 Support Vector Machine (SVM) Model 

The SVM model was also fit using the predictor variables, access to loans, ability to 

save, access to income generating assets, age, marital status, access to household 

assets, access to basic commodities and the outcome variable, wealth status, to assess 

the impact of the predictor variables on the dependent variable. The analysis used 

SVM with the RBF function. The RBF kernel function outperformed the linear 
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function when they were put to the test. The linear SVM classified all the data points 

under one class meaning it was not able to capture complexities in the data and hence 

the choice of the RBF kernel. 

Table 4.7: SVM Model Testing Parameters 

Parameters Values 

SVM-Kernel RBF 

SVM-Type Classification 

Support Vectors 149(class 0 =122, class 1=27) 

Cost 10 

Gamma 0.111 

The model was trained using 80% of the data and tested using 20% of the entire data 

set (Uçar et al 2020). A higher percentage of the data was used for training to enable 

the model to learn patterns and relationships present in the data effectively. 80-20 

percentage is the most acceptable ratio from literature since it allows enough data for 

training without overfitting the model by using a higher percentage as well as having 

sufficient data for testing. Support vectors are the data points that are crucial for the 

SVM algorithm. These data points support or define the structure of the decision 

boundary and the SVM algorithm relies on them to make accurate predictions on new, 

unseen data. The cost parameter in SVM helps balance the desire for a smooth decision 

boundary (to prevent overfitting) and the goal of correctly classifying training data. A 

small cost produces a simple model that is less prone to overfitting. The gamma 

parameter controls the shape and flexibility of the decision boundary. The results 

obtained for both the training and the testing sets are represented in the table below. 

Table 4.8: SHGs Training and Testing Evaluation Results for SVM Model 

Training Testing 

Parameter Value Parameter Value 

Number of 

Observations 
748 

Number of 

Observations 
209 

Predicted class (0) 45 Predicted class (0) 9 

Predicted class (1) 703 Predicted class (1) 200 
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From the results, the SVM model made a prediction on the training set that 93.98% of 

the observations or individuals had had a positive impact on their wealth status since 

joining a SHG. A 6.02% of the predictions made using the training set were classified 

as class 0 meaning they had not seen any significant improvement on their wealth 

status since joining SHGs. The predictions done on the test set indicated that 4.31% 

of members had not seen an improvement on their wealth status since joining SHGs 

while 95.69% of the members were classified as class 1 meaning they had seen a 

significant impact on their wealth status since joining SHGs. The evaluation of the 

model performance was done by constructing a confusion matrix. The results obtained 

from the confusion matrix were discussed under the model selection section. 

 

The accuracy of the SVM model in classifying the wealth status of the members as 

improved or not improved since joining a SHG was 84.62%. 

 

4.6 Model Selection  

To determine which model among the three models used in this study was the best, 

the study utilized a confusion matrix. The metrics of a confusion matrix such as 

sensitivity, precision, F1 score and specificity were used and the results are as shown 

below. The metrics of the confusion matrix are calculated using the test set or the 

validation set. The test set tests the model’s performance on new, unseen data that it 

has  

The results of the confusion matrix of the three models are tabulated below. 

Table 4.9: Confusion Matrix metrics for the three models 

 Logistic 

Regression 

Naïve Bayes SVM 

Accuracy (%) 88.04 92.34 84.62 

Precision (%) 94.21 94.92 87.74 

Recall (%) 92.75 96.89 95.88 

F1 Score (%) 93.47 95.89 91.63 
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From the results, the naïve bayes algorithm had the highest level of accuracy which 

was 92.34%, followed by the logistic regression model which had an accuracy of 

88.04% and finally the SVM model with an accuracy of 84.62%. The naïve bayes 

algorithm also had a higher precision (94.92%) compared to the logistic regression 

model whose precision was 94.21% and the SVM model whose precision was 87.74%. 

Naïve bayes algorithm also had a higher sensitivity or recall which was at 96.89%, 

followed by the SVM model with 95.88% and the logistic regression model with 

92.75%. The F1 score was highest in NBA (95.89%), followed by the logistic 

regression model (93.47%) and finally the SVM model with 91.63%. From the results 

tabulated above, it is clear that the naïve bayes algorithm was the best performing 

model since it outperformed the other two models in most of the metrics. The second-

best performing model was the logistic regression model while the SVM model had 

the worst performance compared to the other two models. 

4.7 Test of Hypotheses 

 Hypotheses on whether SVM, naïve bayes and logistic regression were suitable 

machine learning models were tested using the chi-square test and the results were as 

shown. 

 Logistic 

Regression 

Naïve Bayes SVM 

χ² 76.039 3.7215 14.528 

DF 1 1 1 

P-value 2.2e-16 0.04 0.0001381 

 

To test the first hypothesis, hoteling’s T2 which tests the significant differences 

represented by the principal components (PC1, PC2, ..., PC8) was performed and the 

p-value obtained was 0.008815166 which was less than 0.05 and hence H0 was rejected 

and it was concluded that there were more significant factors affecting SHGs 

performance than others. 

To test whether there was any model that outperformed the other, the two-sample z 

test proportion was carried out and a Z calculated value of 0.01578 was observed 

which was below 0.05 and hence the null hypotheses was rejected. 

 All the null hypotheses were rejected and it was concluded that; 
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i. There were factors that were more significant than others that affected how 

groups performed. 

ii. Logistic regression was a suitable machine learning technique for predicting 

SHGs impact within MESC because it achieved an accuracy of 88.04%. 

iii. Naïve bayes algorithm was a suitable machine learning technique for 

predicting SHGs impact within MESC because it achieved an accuracy of 

92.34% accuracy. 

iv. SVM was a suitable machine learning technique for predicting SHGs impact 

within MESC because it achieved an accuracy of 84.62%. 

v. The best performing model was the Naïve bayes algorithm. 

4.8 Chapter Summary 

4.8.1 Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) was performed to identify the key factors 

influencing Self-Help Groups (SHGs) in Murang’a East sub-county (MESC). The 

analysis identified several critical variables influencing SHG performance. Key 

factors included the frequency of meetings (B8, loading = 0.2992), access to financial 

resources (B4, loading = 0.2985), and collaboration with stakeholders (B6, loading = 

0.2864). These findings indicate the importance of organizational practices and 

resource availability in determining SHG effectiveness in the region. 

 

4.8.2 Logistic Regression Model 

The Logistic Regression model examined predictors affecting the wealth status of 

SHG members. Significant predictors included access to income-generating assets 

(coefficient = 0.6633, p < 0.001), access to basic commodities (coefficient = 0.5154, 

p = 0.007), and access to loans (coefficient = 0.8611, p < 0.001). Demographic 

variables such as gender and marital status also influenced wealth status, with males 

and married individuals showing higher wealth status. The LR model achieved an 

88.04% accuracy in predicting wealth status. 

4.8.3 Naïve Bayes Algorithm  

A-priori probabilities in Naive Bayes Algorithm indicated an 89.89% likelihood of 

improved wealth status. Conditional probabilities revealed demographic factors such 

as age, education level, gender, marital status, and income sources play significant 
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roles. For instance, being married and having secondary education positively impacted 

wealth status, while unemployment negatively affected it. 

 

4.8.4 SVM Model 

Based on the analysis conducted using SVM with an RBF kernel function, the model 

was effectively trained and tested to assess the impact of various predictor variables 

on the wealth status of members in Self-Help Groups (SHGs). The RBF kernel, chosen 

for its ability to handle non-linear relationships, outperformed the linear kernel by 

capturing a higher number of support vectors, which are crucial for defining the 

decision boundary.  

 The SVM model achieved an accuracy of 84.62% in distinguishing between members 

whose wealth status had improved versus those who had not. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATIONS 

5.1 Conclusion  

The PCA identified significant factors affecting SHG performance, with the frequency 

of meetings and the quality of discussions being the most influential factor. Other 

significant factors included access to financial resources, collaboration with 

stakeholders, member participation, community support, policy support, training 

availability, and effective leadership. 

 

In the logistic regression model, access to income-generating assets, access to basic 

commodities, and access to loans were found to significantly impact the wealth status 

of SHG members. Factors such as savings and access to household assets did not show 

significant effects on wealth status. Demographic factors like gender (male) and being 

married were associated with higher wealth status. 

 

The Naïve Bayes model highlighting probabilities of wealth status across different 

demographic and socioeconomic factors with an accuracy of 92.34%. 

The study highlighted the importance of frequent and high-quality meetings in SHGs, 

as well as access to financial resources, which are crucial for enhancing their 

performance. 

The logistic regression model achieved an accuracy of 88.04% in classifying SHG 

members based on their improved wealth status. 

 

Policymakers and SHG facilitators can use these findings to prioritize resource 

allocation and support mechanisms that enhance meeting frequency and financial 

access. 

The study provides valuable insights into the factors influencing SHG performance in 

Murang'a East, emphasizing practical implications for stakeholders aiming to support 

and strengthen these community-based organizations. 
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5.2 Recommendations  

The logistic regression model further analyzed the relationship between predictor 

variables and wealth status. Access to income-generating assets, basic commodities, 

and loans were significant predictors. Specifically, access to income-generating assets 

had the highest positive impact on wealth status, followed by access to loans and basic 

commodities. 

 

Based on the analysis and results obtained from the Naïve Bayes, Support Vector 

Machine (SVM), and Logistic Regression models, it is recommended to utilize the 

Naïve Bayes algorithm for predicting the wealth status of members in self-help groups 

(SHGs). The Naïve Bayes algorithm demonstrated the highest accuracy (92.34%), 

precision (94.92%), recall (96.89%), and F1 score (95.89%) among the models tested, 

indicating its superior performance in classifying the wealth status as either improved 

or not improved. 

 

The most significant factor affecting SHG performance in MESC is the frequency and 

quality of meetings, highlighting the importance of regular and effective discussions. 

Additionally, financial resources, collaboration, and member engagement play crucial 

roles in improving SHG performance. The logistic regression analysis supports these 

findings, emphasizing the positive impact of financial access and resource availability 

on wealth status.  

  

5.3 Recommendations for Future Work 

A recommendation on further studies to help understand poverty and how it can be 

eliminated or reduced in Kenya and even in Africa should be done and other tools that 

can be used to achieve this discussed. This will help place Africa in the global stage 

and improve lives and livelihoods within the continent. The goal to make people live 

decent lives within the continent should be a topic that should be widely researched 

on and explored to ensure that lives are made better. 

 

A future study on groups that were started but collapsed should be made to further 

understand what members of those groups have to say on factors affecting group 

performance. 
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More studies and analysis should be conducted using the SVM and the naïve bayes 

algorithm with SHGs data since there is limited application of these models in 

analyzing this type of data. 
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Appendix 1: Introductory Letter 

Hello, 

I hope this letter finds you well. I am writing to invite you to participate in a survey 

that is part of my research project. Your involvement in this survey is completely 

voluntary and confidential. Your participation is important to help me gain a better 

understanding of the topic, which will contribute to making informed decisions. It is 

important that you respond to each question honestly and to the best of your ability. 

Your cooperation is highly appreciated and I would like to express my sincere 

gratitude for taking the time to complete the questionnaire. If you have any questions 

or concerns about the survey, please do not hesitate to contact me. Thank you for your 

cooperation. 

Best regards, 

Runo Jane  
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Appendix 2: Questionnaire 

I am conducting a study on the impact of SHGs on members livelihoods in Murang’a 

East sub-county. Your participation in this study is highly appreciated as your 

responses will contribute to a better understanding of the topic. Please answer the 

following questions truthfully and to the best of your ability. 

SECTION A: DEMOGRAPHIC FACTORS. 

Age: 

a. Under 18 years  [ ] 

b. 18-30 years   [ ] 

c. 31-45 years   [ ]  

d. 46-60 years  [ ] 

e. Over 60 years [ ] 

 

Gender: 

a. Male  [ ] 

b. Female  [ ] 

 

Marital Status: 

a. Single  [ ] 

b. Married  [ ] 

c. Divorced  [ ] 

d. Widowed  [ ] 

 

Education Level: 

a. No formal education [ ] 

b. Primary education  [ ] 

c. Secondary education [ ] 

d. College/university education [ ] 

Occupation: 

a. Unemployed   [ ] 

b. Employed in the formal sector [ ] 

c. Employed in the informal sector [ ] 

d. Self-employed   [ ] 
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e. Retired   [ ] 

 

What is your primary source of livelihood? 

a. Agriculture   [ ] 

b. Business   [ ] 

c. Salaried employment [ ] 

d. Other   [ ] 

 

Are you a member of any other SHGs or community organizations in Murang’a 

East sub-county? 

a. Yes   [ ] 

b. No   [ ] 

 

SECTION B: FACTORS IMPACTING PERFORMANCE OF SHGS.  

1. The availability of training and capacity-building programs is a significant 

factor in the performance of SHGs in Murang’a East sub-county.  

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

2. The level of participation and engagement of self-help group members is a 

significant factor in impacting lives in Murang’a East sub- County. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

3. The presence of effective leadership and management structures is a 

significant factor in the performance of SHGs in Murang’a East sub-county. 

Strongly agree   [ ] 

Agree    [ ] 
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Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

4. Access to financial resources and credit facilities is a significant factor in the 

performance of SHGs in impacting lives in Murang’a East sub-county. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

5. The presence of supportive policies and regulations is a significant factor in 

the performance of SHGs in Murang’a East sub-county. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

6. Collaboration and partnerships with other organizations and stakeholders is a 

significant factor in the performance of SHGs in impacting lives in Murang’a 

East sub-county. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

7. The level of community support and involvement is a significant factor in the 

performance of SHGs in impacting lives in Murang’a East sub-county. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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8. The frequency of the meetings and the quality of the discussions held during 

the meetings is a significant factor in the performance of SHGs in Murang’a 

East sub-county. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

SECTION C: Access to household assets 

1. I have seen an improvement in household assets since joining the self-help 

group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

2. My family and I now have access to assets that we did not have before joining 

the self-help group. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

3. The self-help group has helped me acquire household assets like furniture and 

household appliances. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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4. I am able to maintain and take care of my household assets more effectively 

since joining the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

5. I feel more secure and comfortable in my home since acquiring these assets 

through the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

SECTION D: Access to income generating assets 

1. I have seen an increase in my income since joining the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

2. I have access to income generating assets like livestock or equipment that I did 

not have before joining the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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3. The self-help group has helped me start or grow my business. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

4. I feel more confident in my ability to generate income since joining the self-

help group. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

5. I am able to provide for my family more effectively since having access to 

these income generating assets. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

SECTION E: Access to basic commodities 

1. I am able to access basic commodities like food and medicine more easily since 

joining the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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2. The self-help group has helped me purchase basic commodities at a lower cost. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

3. My family and I now have better access to basic necessities like clean water 

and adequate shelter. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

4. I feel more secure in meeting my family’s basic needs since joining the self-

help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

5. I am able to allocate more resources to other needs since having access to these 

basic commodities at a lower cost. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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SECTION F: Access to loans 

1. I have been able to access loans through the self-help group that I would not 

have been able to obtain otherwise. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

2. The interest rates on loans obtained through the self-help group are lower than 

those offered by other financial institutions. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

3. I feel more financially secure since having access to these loans. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

4. I am able to invest in my business or household more effectively since having 

access to these loans. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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5. I am able to repay the loans obtained through the self-help group on time and 

without difficulty. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

SECTION G: Ability to save 

1. I am able to save more effectively since joining the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

2. I feel more secure knowing that I have savings set aside for emergencies or 

future needs. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

3. I am able to set aside money for my children’s education or future needs since 

having access to these savings. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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4. I am able to make larger purchases or investments since having access to these 

savings. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

5. I feel more in control of my financial situation since having access to these 

savings. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

SECTION H: WEALTH STATUS 

1. I have seen an improvement in my overall wealth status since joining the self-

help group. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

 

2. The self-help group has helped me access financial resources and opportunities 

that I did not have before. 

Strongly agree  [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

3. I feel more financially secure since becoming a member of the self-help group. 

Strongly agree   [ ] 
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Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

4. I am able to invest more effectively in my business or household since 

becoming a member of the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 

5. I am able to provide a better standard of living for my family since becoming 

a member of the self-help group. 

Strongly agree   [ ] 

Agree    [ ] 

Neutral   [ ] 

Disagree   [ ] 

Strongly disagree  [ ] 
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