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Abstract

Financial exclusion remains a significant barrier to economic development and social equity,

particularly in emerging economies. This study employed an explainable machine learning

framework to predict financial exclusion in Kenya using nationally representative survey data

from 2016 and 2021. The research followed the Knowledge Discovery in Databases (KDD)

process, incorporating robust feature engineering techniques to derive behavioral and demo-

graphic indicators from raw survey data. Logistic Regression, Decision Tree, Random Forest,

and Gradient Boosting were evaluated under two experimental scenarios: baseline training and

synthetic minority oversampling (Synthetic Minority Oversampling Technique (SMOTE)) to

address class imbalance. A temporal validation strategywas implemented by trainingmodels on

the 2016 dataset and testing on 2021 data to assess generalizability over time. Feature selection

using Random Forest importance and SelectFromModel was applied to reduce dimensional-

ity, while model interpretability was achieved through SHapley Additive exPlanations (SHAP)

and Local Interpretable Model-agnostic Explanations (LIME) explainability techniques. The

optimized Decision Tree model achieved the highest F1-Score (Harmonic mean of precision

and recall) (F1) score of 0.926, followed closely by a soft-voting ensemble F1 of 0.906. Be-

havioral indicators—particularly financial engagement, product category diversity, and digital

finance adoption—emerged as stronger predictors than demographic variables. The resulting

framework not only predicted exclusion risk with high accuracy but also provided transpar-

ent, interpretable insights for policy design. The findings offered actionable recommendations

to government agencies, Non-Governmental Organization (NGO)s, and financial institutions

aiming to improve inclusive finance strategies in Kenya and similar socio-economic contexts.
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Chapter 1: Introduction

1.1 Background

The definition of financial exclusion presented by (Kempson and Whyley, 1999) describes it as

the barriers which prevent disadvantaged and poor social groups from accessing financial ser-

vices. Financial inclusion represents the process of making sure people and businesses receive

cost-effective financial solutions and suitable financial products according to (World Bank,

2014). The economic sector and poverty relief depend heavily on these two fundamental con-

cepts which experts have studied extensively. The initial research on financial inclusion showed

that formal banking andmicrofinance help expand basic financial service access for low-income

communities according to (Beck et al., 2007). The research foundation established the necessary

base for future poverty reduction and economic inclusion programs conducted by governments

and non-governmental organizations (NGOs).

The development of financial inclusion research has identified enduring difficulties according

to work by Zins and Weill (2016) and Suri and Jack (2016) whose findings show how poor

financial know-how and unstable income levels as well as regional remoteness continue to pre-

vent numerous groups frommaking full use of available financial resources. The six elements of

inclusion interact with each other according to Figure 1.1 from (Lyons et al., 2017) to determine

financial inclusion levels among households. The research field has expanded to include digital

financial services such as mobile money and digital loans which lower the need for physical

banking infrastructure according to (Gabor and Brooks, 2017) within the same time period.

Recent studies examine functional solutions together with policy recommendations. Demirgüç-

Kunt et al. (2018) proved that standard banking institutions fail to provide sufficient services for

marginalized communities who face limited bank access in rural areas. The extensive digital

ecosystem growth has made mobile money platforms take over the role of connecting virtual

financial services which deliver better accessibility and affordability to impoverished popu-

lations. The identification of financially excluded individuals’ profiles and behaviors stands

essential for developing inclusive strategies according to (El-Zoghbi et al., 2019). Research

investigations demonstrate the urgent necessity to develop specific sectoral policies backed by

programs that analyze complex socio-economic elements and geographic characteristics which

enable exclusion. Government agencies together with NGOsmust understand the complete net-
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Figure 1.1: The six elements of inclusion.

work of factors to develop interventions which solve particular barriers opposing marginalized

communities. These efforts need evidence-based information as a guiding principle to deliver

financial services toward specific groups in need which leads to inclusive economic growth that

actively combats societal inequalities effectively.

1.1.1 Global Perspective on Financial Inclusion and Technology

Globally financial inclusion represents a cornerstone element which stimulates economic ex-

pansion and reduces poverty levels. Research work from the beginning emphasized that re-

stricted access to financial services both destroys economic movement possibilities and makes

income gaps worse (Beck et al., 2007). The first studies examined banks and microfinance

institutions as traditional solutions to expand financial service access including credit and sav-

ings. The challenges continued especially in rural territories which were restricted because

communities lacked basic infrastructure and financial understanding. The introduction of tech-

nological advancements produced new possibilities while (Suri and Jack, 2016) demonstrated

how mobile money services helped Kenyan rural populations maintain their finances and uti-

lize essential services through mobile devices. The financial inclusion movement underwent

a fundamental shift when digital and mobile alternatives started to support standard banking

services to provide access to communities who lacked financial services previously.
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The absence of sufficient conventional banking infrastructure led (Gabor and Brooks, 2017)

to report that mobile money services and microloans started to develop as alternative financial

systems. Digital solutions grew as the financial sector underwent technological change which

allowed marginalized people to handle their finances even when banks were distant and income

was inconsistent. The concept of financial inclusion evolved during recent years by adding

two essential attributes to basic financial service availability namely equal access regardless

of demographic factors and affordable prices for all. The usage of mobile money services in

developing economies led to a rise in account ownership from 63% to 71% during the period

from 2017 to 2021 as Figure 1.2 illustrates.

Figure 1.2: Adults having a bank account than before.

The global financial inclusion effort aimed at discovering concrete obstacles underserved pop-

ulations encounter because policies needed customization for distinct groups to develop a gen-

uinely inclusive economic system according to (El-Zoghbi et al., 2019). Research has recently

analyzed the multiple barriers which still exist even though digital financial access has im-

proved. Digital financial inclusion rates remain low because several obstacles such as limited

digital competency and cultural resistance and erratic incomes continue to limit access for im-

poverished communities according to (Nayak et al., 2020). The researchers support increased

knowledge of these exclusion factors to optimize policy development. Both technological ad-

vances and structural changes to social barriers demand continuous targeted research for de-

veloping policies which will lead to inclusive financial systems across the population. The

insufficient conventional banking infrastructure in certain areas led to the development of al-

ternative systems including mobile money services and microloans according to (Gabor and

3



Brooks, 2017). The rise of digital solutions demonstrated a technological transformation across

the financial sector that enabled underprivileged people to manage their finances even when

banks were distant and their income was unstable. Financial inclusion started as a concept

about service accessibility, but has evolved to include fair and economical access that reaches

all demographics. The percentage of adults with account ownership increased from 63 percent

to 71 percent in developing economies during 2017 to 2021 due to mobile money services, as

Figure 1.2 demonstrates.

1.1.2 Financial Inclusion in Sub-Saharan Africa and the Challenges of Digital Adoption

The two regions of Sub-Saharan Africa and South Asia have achieved noteworthy progress in

financial inclusion through mobile banking yet they and other regions maintain high levels of

financial exclusion because only 43% and 55% of adults have a formal financial account by

2017 while the global average stands at 69%. The initial research focused on examining the

basic roadblocks to traditional banking in rural Africa which showed that poor infrastructure

limitations and low financial capability deteriorated access to services for underprivileged in-

dividuals. (Beck et al., 2007) recognized these impediments as the main sources of economic

gaps because vast rural populations were lacking in formal banking services. Economic con-

ditions in the region demanded new solutions which would overcome both geographical and

infrastructural constraints.

Mobile money services launched in countries like Kenya and Tanzania produced a significant

development that allowed populationswithout bank access to obtain financial management tools

according to (Mbiti and Weil, 2011). Mobile money adoption grew to serve millions of cus-

tomers within its brief introduction period thus allowing new groups to access formal banking

services. In expanding upon this foundation Suri and Jack (2016) analyzed how mobile money

affected poverty reduction through their analysis of enhanced risk management and shock re-

silience among households that used mobile money. Households leveraging mobile money

reported increased financial resilience according to their study whereas mobile banking pro-

vided direct economic stability to Kenya. Mobile banking solved specific monetary needs but

mainly focused on financial operations because it lacked complete financial services including

credit and insurance.

Research showed that rural populations continued using informal financial practiceswhile show-
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ing limited understanding of formal financial benefits. (Dube, 2018) His Zimbabwean research

discovered that low financial literacy together with formal institution distrust prevented mo-

bile banking from achieving its full potential. The study conducted by (Parlasca et al., 2022)

discovered that mobile money adoption increased basic services availability yet cultural and

socioeconomic obstacles prevented deep financial inclusion through insurance and credit.

The study by (Kotzinos et al., 2023) established that differences in obtaining full financial ser-

vice capabilities continue to exist. The authors compared Kenya and Ghana to show that mobile

technology enables basic financial operations but many people continue to depend on informal

credit and insurance networks. The authors emphasize that solving financial literacy problems

and adapting products to fit various community requirements will help close the financial inclu-

sion gap. Mobile banking has transformed financial access in Sub-Saharan Africa but ongoing

disparities show that better inclusive approaches must be developed to reach all demographic

groups.

1.1.3 TheRole ofMobileMoney and FinTech in Expanding Financial Inclusion inKenya

The international community acknowledges Kenya for its world-leading achievements in fi-

nancial inclusion which stem from M-Pesa mobile money systems success. M-Pesa has rev-

olutionized financial service delivery to Kenyan citizens especially those living in rural areas

and low-income regions through credit and savings options as well as payment solutions as

illustrated in Figure 1.3.

Kenya assumes its position as a digital financial services leader because mobile money adoption

reached over 80% within the adult population by 2020 according to (Suri and Jack, 2016). Lit-

eracy programs designed properly reduce financial exclusion rates by 20% among rural women

who traditionally lack proper service (Dube, 2018). Disparities persist for female-headed house-

holds benefiting from mobile money though they achieved better economic stability and finan-

cial capabilities (Van Hove and Dubus, 2019). The research by Kiptorus (2019) states that mo-

bile money adoption is widespread but formal lending and insurance solutions remain ill-used

especially among vulnerable groups in Kenya. Women alongside rural residents demonstrate

limited participation in formal savings accounts since they represent just 34% and 38% of users

respectively while most people depend on informal financial systems lacking protected banking

facilities.
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Figure 1.3: Financial Inclusion Measured by Access in Kenya

Research by (Wanjohi, 2020) demonstrates that either insufficient financial knowledge com-

bined with limited collateral prevents people frommaximizing available mobile money services

although adoption is high. Simultaneously (Wabwire, 2020) showed predictive algorithms can

direct financial literacy programs which produced a 15% increase in formal financial product

use by the informal sector users. Current research shows that smallholder farmers together with

artisans maintain their dependencies on informal savings groups called chamas because they

encounter notable challenges when attempting to use formal credit systems (Rodima-Taylor,

2022). (Kamunyu, 2022) has discovered more than 40

Research now demonstrates howmachine learning technology helps identify and solve financial

exclusion problems in Kenya. Machine learning analytic techniques use population data to

forecast which groups face the highest exposure to exclusion resulting in valuable information

for NGO and governmental agencies to implement strategies (Ngumi, 2022). The worldwide

appreciation for Kenya’s financial inclusion achievements must be balanced with efforts to

deliver needed support for marginalized populations through specific programs that enable their

full participation.
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1.2 Problem Statement

Due to its wide adoption of M-Pesa and similar mobile money services Kenya is celebrated

worldwide as a leader in financial inclusion yet major barriers remain to delivering equal access

to financial services. The research by (Suri and Jack, 2016) showed that M-Pesa together with

similar platforms successfully linked numerous Kenyans particularly those living in rural areas

to basic financial services including savings and payments and credit. Studies conducted by

(Kiptorus, 2019) and (Van Hove and Dubus, 2019) showed that women together with young

individuals and informal sector employees continue to face financial exclusion because they

lack access to formal credit and insurance and investment products. The mobile money system

is operational but various population segments encounter ongoing obstacles that block their

complete financial inclusion.

Research by (Wanjohi, 2020) demonstrated that financial literacy programs run by governments

and NGOs have achieved positive results yet the main issue involves identifying and resolv-

ing various complex barriers which separate different population groups from accessing com-

plete financial services. The researchers demonstrated through their research that demographic-

specific needs demand targeted interventions. The investigation conducted by (Rodima-Taylor,

2022) and (Kamunyu, 2022) advanced the research by uncovering particular obstacles which

prevent marginalized communities from using digital financial platforms adequately including

insufficient financial knowledge and the lack of collateral and traditional cultural elements.

These studies found that though community-based savings groups (chamas) offer financial sup-

port to members they lack formal institutional reliability which hinders the economic progress

of users who depend on them. Surrounding economic challenges remain persistent despite tech-

nological progress because this demonstrates the vital requirement to use data analytics tech-

niques for understanding exclusion factors. Advanced analytics together with machine learning

algorithms create new routes to understand financial exclusion more effectively through risk de-

tection and personalized educational programs and specialized intervention development. The

ongoing financial exclusion of marginalized demographics in Kenya requires an immediate de-

velopment of an integrated data-based strategy to evaluate and resolve this situation. Associate

governments with specific knowledge of distinctive group needs and barriers will continue to

fail in reaching their desired outcomes.
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1.3 Objectives

1.3.1 Main Objectives

To create a data-driven framework that evaluates financial exclusion in Kenya, identifies key

barriers faced by marginalized groups, and provides actionable insights for government agen-

cies and NGOs to design targeted, inclusive financial policies and programs.

1.3.2 Specific Objectives

i. Identify key demographic, socioeconomic, and behavioral factors contributing to finan-

cial exclusion in Kenya using machine learning.

ii. Develop a machine learning model to predict financial exclusion and help target at-risk

populations.

iii. Incorporate explainable Artificial Intelligence (AI) techniques to provide transparency

into exclusion factors, enhancing the decision-making capabilities of government agen-

cies and NGOs.

1.3.3 Research Questions

i. How can machine learning identify the key demographic, socioeconomic, and behavioral

factors that influence financial exclusion in Kenya?

ii. What machine learning models can best predict financial exclusion and identify at-risk

populations?

iii. How can explainable AI (XAI) enhance the transparency of machine learning models and

help policymakers understand exclusion drivers for targeted interventions?

1.4 Scope and Limitations

1.4.1 Scope

The study investigates Kenyan financial exclusion patterns by analyzing the FinAccess Surveys

from 2016 and 2021 through comparative assessment. The research combines analysis of two

datasets to provide long-term insights about the ongoing and emerging challenges which prevent

financial access across different demographic groups in Kenya. The research employesmachine
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learning algorithms to identify essential elements that cause financial exclusion by studying

demographic variables and socioeconomic characteristics and behavioral patterns. The research

useds explainable AI techniques to make complex model predictions more understandable for

stakeholders who focus on financial inclusion promotion.

1.4.2 Limitations

The analysis of the FinAccess surveys from 2016 and 2021 faces methodological barriers be-

cause of structural variations and modification of data collection techniques. Standardization

methods may reduce analytical precision and the delay between surveys overlookes new eco-

nomic effects. The imputation process of missing data from the 2016 dataset creates potential

bias because of its nature. The study’s focus on Kenya restricted its wider applicability while

the advanced analysis techniques may make results difficult for non-technical stakeholders to

understand through explainable AI methods.

1.5 Justification

The research undertakes an investigation of financial exclusion patterns in Kenya through com-

prehensive time-based data collection which addresses a fundamental knowledge deficit. The

digital financial leadership status of Kenya provides an optimal environment to analyze financial

accessibility trends along with enduring barriers to service. The analysis of FinAccess Surveys

in 2016 and 2021 identifies patterns between financial behavior changes and financial literacy

alongside socioeconomic factors and location while revealing which population groups persist

in financial exclusion and their associated reasons.

This investigation produces results which extend academic value into tangible application for

policy development. The study enables government agencies and NGOs to use explainable AI

analysis results for creating purposeful financial inclusion programs. The recommendations

based on evidence help Kenya achieve economic empowerment and reduce poverty through

their efforts to close financial inclusion gaps for vulnerable populations. The analytical frame-

work uses data to achieve two goals: it enhances financial inclusion comprehension and delivers

operational guidance for stakeholders who aim to drive inclusive economic development across

Kenya.
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Chapter 2: Literature Review

2.1 Theoretical Review

The theoretical review investigates existing theoretical frameworks which help understand fi-

nancial exclusion and inclusion processes alongside technological solutions for barrier removal.

The review follows three major sections that match the research objectives and questions by

examining financial inclusion theory and financial service technology adoption and predictive

modeling with Explainable Artificial Intelligence (XAI). The sections of this review expand

academic research to understand financial exclusion elements while exploring predictive mod-

eling applications and explainable systems which help policy development.

2.1.1 Theories of Financial Inclusion

Research on financial inclusion investigates both the elements which determine service acces-

sibility and usage patterns alongside the social and economic effects of financial engagement.

The early field of financial inclusion research focused on poverty reduction through financial

products such as credit and savings and insurance since these elements stabilize economic con-

ditions and protect against financial risks. (Beck et al., 2007) created one of the fundamental

financial inclusion theories which connects it to economic progress and poverty elimination.

The authors demonstrated that inclusive growth occurs through financial services which enable

people to protect themselves from risks and build business investments and strengthen family

stability. The model demonstrates how financial access fuels economic engagement especially

for disadvantaged households in line with the research goal to analyze financial inclusion ben-

efits for marginalized communities.

The study of financial exclusion received further development through (Demirgüç-Kunt and

Klapper, 2012) who investigated worldwide elements that lead to financial exclusion. The au-

thors defined access and usage as separate elements which demonstrated the difference between

service availability and actual utilization. This fundamental distinction helps researchers un-

derstand which demographic and behavioral factors prevent people from accessing available

services thus responding to the research inquiry. (Beck and Cull, 2015) developed the frame-

work by showing that financial inclusion needs a dual system of supply and demand support.

The model demonstrates the necessity of developing financial solutions specific to underserved
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communities while matching their unique needs thus supporting the goal of developing policy

recommendations for NGO and government agency programs.

The paper by Allen et al. (2016) investigated how structural elements with socio-economic

characteristics such as income levels and education and geographic location determine financial

access. Socioeconomic research revealed that people with lower incomes across developing

world areas especially Sub-Saharan Africa encounter exclusion because of structural barriers

involving poor financial knowledge together with weak banking system infrastructure. The

study provides essential knowledge for this research because it identifies key socio-economic

factors which will be analyzed in the data evaluation process. In their exploratory research of

African financial inclusion Zins and Weill (2016) established that financial literacy and mobile

money adoption represent fundamental elements to eliminate exclusion barriers. The research

shows that mobile money services create connections between dispersed regions and inadequate

infrastructure which serves as a key element for this study focusing on Kenya. The research

showed that financial literacy plays a vital role in enhancing the adoption of formal credit and

insurance despite finding unequal usage rates between these financial products.

2.1.2 Technology Acceptance Model (TAM)

Researchers analyze technology adoption in financial services through theoretical frameworks

which describe individual patterns of adopting new tools. The Technology Acceptance Model

(TAM) developed by (Davis, 1989) stands as one of the first and most important models that

shows perceived usefulness and ease of use determine new technology adoption behavior. The

Technology Acceptance Model (TAM) enables researchers to understand why people adopt

digital financial tools through mobile banking because it directly addresses the study’s main

goal of discovering exclusion-related behaviors. (Venkatesh and Davis, 2000) developed an

expanded TAM model that added subjective norms and user intentions as adoption factors.

Social and cultural attitudes play a crucial role in determining the adoption barriers faced by

Kenyan marginalized groups when they attempt to use formal financial services. The adoption

of financial technologies in Kenya becomes more understandable through (Rogers, 2003)’s Dif-

fusion of Innovations Theory which extends the existing acceptance models. Rogers developed

the theory by defining early adopters and laggards who show varying speeds of innovation

adoption based on their demographic groups.
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Researchers usually evaluate technological adoption patterns in financial services by using the-

oretical frameworks which describe adopter behavior toward new tools. The Technology Ac-

ceptance Model (TAM) established by (Davis, 1989) operates as one of the first critical models

to suggest that perceived usefulness and ease of use serve as primary drivers for new technology

adoption. The TechnologyAcceptanceModel serves the research because it shows how individ-

uals perceive mobile banking while helping to understand what motivates them to adopt digital

financial tools for financial inclusion studies. (Venkatesh and Davis, 2000) enhanced TAM by

adding subjective norms and user intentions into the model. The barriers that prevent Kenyan

marginalized groups from using formal financial services become more understandable through

this model because social and cultural attitudes heavily impact their willingness to adopt such

services. The Diffusion of Innovations Theory by (Rogers, 2003) expands understanding about

Kenyan financial technology adoption beyond acceptance models. Rogers integrated two user

types called early adopters and laggards while demonstrating how demographic factors drive

their pace in innovation acceptance.

2.1.3 Theories in Predictive Modeling and Explainable AI (XAI)

Predictive modeling and explainable AI (XAI) offer theoretical frameworks for understanding

complex data-driven insights in financial services. The theories enable the creation of predictive

algorithms that detect financial exclusion while offering clear model prediction transparency

which serves as a vital requirement for this study because it provides actionable insights to

NGOs and government agencies. Breiman (2001) techniques used to predict financial exclusion

find their theoretical basis in this model because they excel at processing data relationships

which matches the study’s objective to determine vulnerable populations through various socio-

economic indicators.

The development of interpretable machine learning introduced new frameworks which enable

model prediction understanding. Ribeiro et al. (2016) Local Interpretable Model-Agnostic Ex-

planations (LIME) presented a model-agnostic interpretability approach that generates locally

interpretable surrogate models for individual predictions. The study utilizes LIME because it

enables the explanation of complex ML models through instance-level explanations of predic-

tions for high-risk exclusion groups. SHAP (Shapley Additive Explanations) provides inter-

pretability through cooperative game theory by quantifying feature contributions to predictions

according to Lundberg and Lee (2017). SHAP values deliver clear explanations for policy
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applications because they offer transparency to NGOs and government agencies who need to

understand exclusion factors.

Research has recently investigated XAI applications for financial use cases because (Carvalho

et al., 2019) demonstrated that financial stakeholders need transparent algorithmic decision sys-

tems to build stakeholder trust. The research results directly apply to this investigation since

NGOs and government agencies need interpretability to create and validate exclusion-reducing

financial interventions. The application of XAI received additional advancement when (Babaei

and Giudici, 2021) conducted an evaluation of machine learning methods for credit scoring in

financial inclusion settings. The study revealed how explainable models reveal important ex-

clusion factors which helps policy makers improve their application. The research goal matches

with this perspective because it seeks to create specific financial literacy program recommen-

dations and policy suggestions for underserved Kenyan populations.

2.2 Empirical Review

The empirical review examines different Machine Learning (ML) applications in financial in-

clusion studies by analyzing their models together with evaluation metrics and analyzed fea-

tures. The research goals of this study match the findings from these studies which examine

financial exclusion factors and develop predictive models while using XAI to assist NGOs and

policymakers in Kenya. The analysis section presents foundational research and model evo-

lution and performance measurement which builds a complete understanding of empirical ML

applications for financial inclusion.

2.2.1 Identifying Exclusion Factors UsingMachine Learning and Demographic Analysis

Research focused on financial exclusion factors depends on extensive demographic and socioe-

conomic and behavioral analysis using machine learning to process large datasets and generate

practical findings. (Demirgüç-Kunt and Klapper, 2012) pioneered analysis of Global Findex

data to study access patterns based on income, education and location. The researchers docu-

mented how rural and low-income populations face exclusion because of socio-economic bar-

riers which requires specific intervention strategies. The study by (Sarma and Pais, 2011) ex-

amined the connection between financial inclusion levels and Gross Domestic Product (GDP)

and human development indicators throughout different regions. The study authors conducted

a cross-sectional analysis which demonstrated that rural populations with lower incomes and
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education levels frequently experience exclusion from financial services thus validating the re-

search goal to discover socio-economic exclusion factors in Kenya.

The paper by (Allen et al., 2016) studied financial inclusion in 150 countries by analyzing demo-

graphic and economic survey data to evaluate access to savings and credit alongside payment

services. Financial literacy combined with geographic distance to financial institutions pre-

sented major barriers that primarily affected rural areas according to their research findings.

The research question on financial exclusion and demographic factors received support from

this study as well as from (Cull et al., 2014) who analyzed Global Findex Database data that

included age, education, gender, and employment variables. The research revealed substantial

exclusion rates among women and young people which demonstrates that intervention strate-

gies need to recognize population differences. This research study will include the essential

risk prediction elements identified by their work. Zins and Weill (2016) studied African finan-

cial inclusion through mobile money adoption as a main inclusion driver. This study revealed

that gender and education level form consistent barriers which prevent access to insurance and

formal credit. The research goal matches the local approach because it seeks to detect particu-

lar demographic elements that influence financial inclusion in Kenya. (Grohmann et al., 2018)

studied worldwide financial inclusion determinants and discovered that age together with mar-

ital status and employment type influence service access. Logistic regression analysis in their

research helped determine exclusion predictors which matches the study objective to identify

exclusion determinants through data-driven methods. (Naceur et al., 2017) applied the same

statistical method to cross-national data to study how economic variables like inflation and ed-

ucation levels influence financial access. Research demonstrates that lower financial literacy

consistently acts as a barrier which demonstrates the need for financial education to make in-

clusion strategies effective.

2.2.2 Predictive Modeling for Identifying At-Risk Populations

Research shows machine learning models excel in predicting financial exclusion while also de-

tecting populations that face high risk. (Barboza et al., 2017) analyzed the predictive power

of logistic regression and decision trees and ensemble models on business financial distress.

Their analysis showed ensemble models particularly random forests delivered superior predic-

tion accuracy when revenue and business size and credit history were used as variables. The

research objective of exploring ensemble models for financial exclusion prediction receives
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support from this study which builds on previous findings. Neural networks struggle to be used

in policy-driven research because their lack of interpretability makes them unsuitable for stud-

ies requiring transparency. The objective of choosing proper predictive models matches with

this requirement.

The research by (Kamran and Shah, 2019) evaluated Support Vector Machines (SVM) and

Gradient Boosting methods to forecast financial vulnerability through analysis of household in-

come and family size together with savings patterns. The authors demonstrated high predictive

accuracy with Support Vector Machines while integrating behavioral information to achieve

superior results based on their findings about combining demographic and behavioral data for

reliable predictions. (Agarwal et al., 2021) applied decision trees and logistic regression with

income, education, and employment type data to forecast financial exclusion in emerging mar-

kets. Decision trees deliver exceptional interpretability according to their research findings

thus making them suitable for applications that demand transparent model prediction methods.

The handling of complex data interactions by decision trees remains limited which indicates

ensemble models should be considered.

The authors from (Ngumi, 2022) evaluated ensemble learning approaches like boosting and

random forests for East African financial exclusion prediction. Research findings showed rural

residents along with those working in informal sectors face the highest risk of financial ex-

clusion through the assessment of income and education data and employment statistics. The

research uses ensemble models to predict exclusion within marginalized populations in Kenya

and demonstrates their practical value for this purpose. The research demonstrated that cluster-

ing as an approach successfully divided populations into segments which allowed more specific

intervention strategies. The predictive capabilities of other models surpass clustering because

it needs alternative machine learning approaches to forecast exclusion. (Xiao and Porto, 2020)

applied logistic regression to evaluate financial exclusion in Latin America through examina-

tions of income level, digital literacy, and employment. The study identified exclusion patterns

among informal sector employees which holds significant value for Kenya’s economy because

its workforce primarily operates in the informal sector.
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2.2.3 Explainable AI for Transparency and Targeted Financial Interventions

XAI has become essential for predictive model transparency because LIME provides model-

independent explanations of single predictions through local model approximations according

to Ribeiro et al. (2016). LIME proved its worth in financial applications by providing model

predictions which policymakers could understand. This study aims to bridge the gap in financial

inclusion applications of SHAP values for feature attribution in complex models which (Lund-

berg and Lee, 2017) originally developed. Stakeholders can use SHAP values to evaluate the

significance of individual predictors thus making this method appropriate for models that need

both global and local explanations. The research objective matches with the need to implement

XAI solutions that reveal exclusion factors.

A detailedXAI review by (Arrieta et al., 2020) reveals that explainablemodels help stakeholders

develop trust and transparency especially within the finance sector. SHAP and LIME proved

useful for financial inclusion according to research findings while empirical studies on XAI

applications in financial exclusion remained scarce thus supporting the present work that inte-

grates XAI in exclusion analysis. (Babaei and Giudici, 2021) demonstrated SHAP and LIME in

credit scoring to show XAI provides clear identification of exclusion drivers for marginalized

groups. The authors investigated income and education and employment data through credit

scoring but their research excluded broader financial inclusion applications. (Addy et al., 2023)

applied SHAP to analyze financial exclusion among African populations to show how predic-

tive transparency supports policymakers who want to overcome regional barriers. The study

remained exploratory because it failed to deliver concrete intervention steps despite showing

the need for XAI solutions that provide direct policy recommendations.

SHAP analysis was used by (Schlegel et al., 2020) to improve the interpretability of neural

networks during financial time series prediction tasks. The research demonstrated explainable

models outperform other approaches in financial domains since stakeholders need transparent

predictions to support their decisions. The research demonstrates the importance of XAI meth-

ods for achieving its goal of supporting policymakers through decision-making. The survey by

(Carvalho et al., 2019) stressed that applications involving ethical transparent decisions need to

be interpretable. The survey results from their research demonstrated SHAP values and LIME

techniques as the most suitable for financial applications because they generate explanations at

the instance level.
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2.2.4 Conclusion

The empirical review shows that current research contains several unsolved gaps. Various stud-

ies have identified demographic and socioeconomic elements that lead to financial exclusion

but these studies lack sufficient behavioral data from specific Kenyan regions which reduces

their relevance to the country. Predictive modeling helps identify risks of exclusion yet fails

to deliver clear explanations that policy-makers need to make decisions. The application of

XAI techniques has improved financial application transparency yet researchers have conducted

minimal studies regarding its use for financial inclusion in Kenyan conditions. The research es-

tablishes the necessity to build an analytical framework based on data which addresses Kenya’s

financial inclusion requirements through clear explanations for government and NGO decision-

makers.

2.3 Gaps

The existing research about financial inclusion has shown clear developments in both under-

standing the issue and developing solutions yet it has substantial unaddressed gaps which this re-

searchsmtp addresses. Research has uncovered demographic factors alongside socioeconomic

elements that cause financial exclusion yet scarce investigations incorporate complete behav-

ioral research. Studied research uses demographic information alongwith static socio-economic

measurements while omitting key behavioral data which includes transaction patterns and sav-

ings habits as well as digital financial service adoption. These research efforts fail to detect

changing financial behavior patterns because they study areas where mobile money use is dom-

inant such as Kenya. This study addresses this research gap through its combined approach of

demographic analysis with behavioral information which allows better identification of exclu-

sion factors and suitable financial product development options.

Financial inclusion research suffers from a substantial deficiency regarding the utilization of

predictive modeling techniques. The widespread use of logistic regression and decision trees

as predictive models exists primarily because of their clear interpretability but such models

usually come with restricted predictive capabilities when dealing with complex multi-variable

relationships. Despite their predictive effectiveness advanced machine learning methods in-

cluding ensemble models and neural networks rarely get used to analyze specific financial in-

clusion relationships in Kenya. The lack of interpretability in ensemble models used by certain
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studies creates barriers for policymakers and NGOs to effectively use the study findings. The

research develops specialized ensemble models that serve both the Kenyan financial market

requirements and the need for policy-making clarity through interpretation.

The literature development for XAI applications remains insufficient when applied to financial

inclusion problems. XAI tools such as SHAP and LIME currently experience rising application

to financial data yet most studies analyze credit scoring and financial risk assessment instead of

broader financial inclusion problems. The restricted scope of application prevents researchers

from understanding exclusion factors that affect underserved populations in Kenya because the

region has unique socio-cultural and economic elements that drive financial exclusion. Through

the use of XAI methods this study will produce clear explanations of machine learning model

results which enables policymakers and NGOs to uncover the root causes of exclusion so they

can create targeted interventions for particular demographic groups.

Some research studies include policy recommendations yet they lack concrete insights which

stem directly from their data analysis. The studies recommend broad financial inclusion im-

provements yet they do not link their recommendations to the exclusion factors which emerged

from the data analysis. Financial literacy programs are commonly recommended yet they lack

customization to meet the particular requirements of marginalized communities who include

women and rural workers and informal sector employees. This research seeks to fill the exist-

ing gap by creating data-based targeted recommendations which guide both NGOs and govern-

ment agencies. These recommendations target Kenyan population-specific financial challenges

to overcome barriers for inclusion and establish a practical guide for financial literacy growth

and suitable service access.
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2.4 Conceptual Framework

The research framework in Figure 2.1 demonstrates how key factors relate to predictive model-

ing within the study of financial inclusion in Kenya. The system uses machine learning models

that process demographic and socioeconomic and behavioral information to detect and forecast

exclusion risks. The framework generates data-based recommendations to tackle particular ob-

stacles that prevent customers from accessing financial services.

Figure 2.1: Conceptual Framework for Financial Inclusion
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Chapter 3: Methodology

The research method follows the Knowledge Discovery in Databases (KDD) process for data

science studies to extract valuable patterns from data. KDD provides meaningful insight ex-

traction according to (Fayyad, 1997) through its systematic process. Data selection follows

preprocessing then transformation and data mining before evaluation completes the process.

The study’s methodological framework for achieving its goals depended on the KDD process

which is shown in Figure 3.1.

Figure 3.1: The nine-step KDD process

The KDD process directed the financial exclusion analysis of Kenya through each systematic

phase. The chapter explains how each phase was executed starting from data selection and

ending with knowledge evaluation. The chapter explains the machine learning models together

with evaluation metrics used in the study by providing definitions and equations and citing

established literature. The approach delivered a systematic method for conducting financial

exclusion factor investigations between the two studied time periods.

3.1 Domain Understanding

The primary objective was to develop a machine learning model to predict financial exclusion

in Kenya using data from the 2016 and 2021 FinAccess surveys, which track financial service

usage by adults in Kenya. Financial Sector Deepening Kenya (FSD) undertakes the nationally

representative surveys in partnership with the Central Bank of Kenya (CBK) and the Kenya

National Bureau of Statistics (KNBS).
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The domain knowledge for this research was informed by literature on the determinants of fi-

nancial inclusion in Kenya, particularly how the digital financial services environment changed

between 2016 and 2021. The KDD process enabled the systematic analysis of these financial

activities and demographic variables to identify the most significant predictors of exclusion.

3.2 Data Selection

The dataset selection phase focused on identifying relevant variables from the FinAccess sur-

veys that would provide insights into financial exclusion patterns. The 2016 dataset comprised

8,208 records, while the 2021 dataset contained 20,909 records, representing a significant ex-

pansion in survey reach.

3.2.1 Variable Selection

Variables were selected based on their relevance to financial inclusion research as established in

the literature review. To ensure data consistency between the two time periods, a column map-

ping approach was employed to standardize variable names and formats across both datasets.

Table 3.1 presents a sample of the key variable mappings between the 2016 and 2021 datasets.

The standardization procedure served as an essential requirement to achieve compatibility be-

tween different surveys. The 2016 survey contained variables with e1_ prefixes yet the 2021

survey used C1_ prefixes. The survey variables matched each other through their description

and response option content present in the codebooks. The datasets underwent filtering to retain

financially active adults who were 18 years old or older. Research standards in financial inclu-

sion studies follow the practice of excluding minors from analysis since they lack independent

financial capabilities Beck et al. (2007).

53 matching variables appeared in both datasets. The 2016 dataset included 64 variables yet the

2021 dataset contained 67 variables. The analysis excluded variables likemobile_banking_reg-

istered, trusted_financial_provider, and highest_interest_rate which existed solely in the 2021

survey because they lacked matches in both datasets for maintaining analytical consistency.

The researchers needed to remove variables from analysis which did not match between the two

survey periods to ensure proper temporal comparison. The datasets underwent standardization

followed by unique variable removal which resulted in 53 common variables for preprocessing

and analytical stages according to Zhao et al. (2023).
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Table 3.1: Key Variable Mapping Between 2016 and 2021 FinAccess Surveys

Standardized Vari-

able

2016 Source Column 2021 Source Column

Demographic Variables

respondent_id sbjnum interview__id

age age A19

gender gender_of_respondent gender

education_level education education

residence_type cluster_type cluster_type

marital_status a_9 marital

relationship_to_hh a_10 A20

region sub_region County

population_weight popwgt_raw IndWeight

Financial Access Variables

mobile_money_reg-

istered

e1_37 C1_9

mobile_bank-

ing_registered

e1_8 C1_10

bank_account_cur-

rent

e1_31 C1_28

Savings Variables

savings_microfi-

nance

e1_2 C1_1

savings_mo-

bile_banking

e1_8 C1_2

savings_sacco e1_1 C1_4

Credit Variables

loan_bank e1_12 C1_11

loan_mobile_bank-

ing

e1_13 C1_12

loan_sacco e1_14 C1_14

loan_microfinance e1_15 C1_15

Insurance and Pension Variables

insurance_nhif e1_42 C1_42

insur-

ance_health_other

e1_43 C1_43

insurance_life e1_44 C1_44

pension_nssf e1_46 C1_48

Financial Exclusion Indicator

financially_ex-

cluded

e4_10 (Generated proxy)
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3.2.2 Target Variable Definition

No specific financial exclusion indicator was present in the 2021 survey, so a proxy measure

was defined by means of established financial inclusion indicators. In line with previous re-

search Zins and Weill (2016); Demirgüç-Kunt et al. (2018), an individual was categorized as

financially excluded when he reported zero current usage on the following fundamental finan-

cial services on mobile money registration, insurance pension .

Table 3.2: Education Level Standardization
Original Values Standardized Value

Various primary

Various secondary

Various tertiary

Other/Missing unknown

Table 3.3: Marital Status Standardization
Original Values Standardized Value

Various married/living with partner

Various single

Various widowed

Various divorced/separated

Other/Missing unknown

3.3 Data Preprocessing

Data quality issues was addressed and the datasets wee made ready for analysis and modeling

following some best practices that are presented by Han et al. (2012).

3.3.1 Standardization of Categorical Variables

All categorical variables followed in all datasets were standardized. It entailed convertiong all

string values to lower to prevent contentions between categories due to mixed case.In map-

ping of variousy response formats to standardized values. Several categorical variables were

differently coded in the two datasets. Similarly, they were standardized using a consistent clas-

sification system as shown in Tables 3.2 and 3.3.

County-level data from the 2021 survey was mapped to the provincial framework used in the

2016 survey to ensure geographic comparability.

23



Table 3.4: Financial Behavior Standardization
Original Values Standardized Value

never used, never had, used to

use, used to have

no

currently use, currently have yes

missing, blank missing

3.3.2 Missing Value Analysis

Due to missing value patterns, an analysis of the most appropriate imputation strategy was

conducted. Missingness of education_level was Missing At Random (MAR), and this implies

that there are patterns in non-response driven by age and population weight of wife. A small

amount Missing Completely At Random (MCAR) of other variables had very few missing

values (< 1%), which is indicative of random patterns of missingness.

We then verified these pattern with Little’sMCAR test and correlation analysis betweenmissing

value indicators and other variables in accordance to Little and Rubin (2019)’s methodologies.

3.3.3 Missing Value Imputation

Given these analyses of the missingness, various imputation strategies were tried. For educa-

tion_level, which had MAR patterns, the mode within age groups and population weight seg-

ments was used for group based imputation using data from weight segments and age groups.

According to Schafer and Graham (2002), this approach also meets the requirement of preserv-

ing the relationship between education, age, and sampling weight. If the variables are mostly

nonmissing, then globally mode imputation was used, filling missing values with a most com-

mon category of the dataset. The remaining financial service usage variables had no response

but by the assumption of that financial service usage has no response for financial service ques-

tions means that the conservative approach is used to impute no.

3.3.4 Outlier Detection and Treatment

Most of the outlier analysis was done on numerical variables (age and population_weight). Eq.

3.1 defines potential outliers and was applied to the interquartile range (IQR) method.

Q1 − 1.5× IQR and Q3 + 1.5× IQR are the lower bound and upper bound. (3.1)
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If Q1 and Q3 are the first and third quartiles respectively and IQR = Q3 −Q1, then the statis-

tic indicates. Rather than removing outliers, sample size was preserved and the influence of

extreme values was minimized for the age variable, which was capped at the upper and lower

bounds. For population_weight, there were no capping because the weights were designed ex-

clusively so that the sample was representative Solon et al. (2015).

3.4 Data Transformation

The focus of this phase was to develop derived features to represent complex financial behav-

iors and their relationships, which might serve as predictors for exclusion. Domain knowledge

and feature engineering techniques were applied to the transformations in order to generate

meaningful indicators.

3.4.1 Financial Behavior Feature Groups

Composite indicators were developed by categorizing the financial service variables in func-

tional groups. Composite measures were created from these groupings to see different dimen-

sions of financial inclusion.

The Financial Product Diversity Score was a holistic financial engagement score that summed

the total number of financial products pulled through an individual) and was in line with the bur-

geoning financial inclusionwork, which stresses product breadth (Demirgüç-Kunt et al. (2017)).

Eq. (3.2) represented the score.

FPDi =
N∑
j=1

Pij (3.2)

FPDi represents the financial product diversity score of individual i, Pij is a binary indicator

which is 0 or 1 if individual i used product j and N is the total number of financial products

available.

The Formal Financial Score summarized the breadth of an individual’s engagement with tradi-

tional financial institutions. Building on the work of Beck et al. (2007), this metric aggregated

the total number of formal financial services employed, including comprehensive elements such

as bank accounts, structured loans, insurance policies, and pension arrangements. Complement-

ing the formal financial landscape, the Informal Financial Score captured the participation in
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alternative financial mechanisms. Collins et al. (2009) highlight the critical role of informal

financial services in providing financial access, particularly in underserved communities.

The Digital Financial Score emerged as a critical metric in the contemporary financial land-

scape, measuring the adoption and utilization of digital financial services. Klapper and Singer

(2016) emphasized the transformative potential of digital finance in expanding financial inclu-

sion, making this score increasingly relevant in understanding modern financial engagement.

Financial Engagement Score synthesized these various dimensions through a weighted calcu-

lation that reflects the nuanced importance of different financial service types. The Eq.(3.3) is

defined as:

FESi = 1.5× FFSi + 1.0× IFSi + 2.0×DFSi (3.3)

The weighting methodology drew inspiration fromMundo and Novoa (2020), who demonstrate

the differential impact of various financial service types on overall financial well-being. The

Risk Management Score focused on an individual’s proactive financial protection strategies.

Dercon (2005) underscored the importance of insurance and pension products in managing fi-

nancial vulnerabilities, providing a theoretical foundation for this metric. Finally, the Product

Category Diversity offererd a holistic perspective on financial diversification. Zins and Weill

(2016) highlight how the breadth of financial product usage is a key indicator of financial so-

phistication and resilience.

3.4.2 Categorical Financial Behavior Indicators

In addition to numerical scores, categorical indicators were created to capture qualitative as-

pects of financial behavior. individuals were classified intoFormal Only, Informal Only, Mixed,

or None based on their usage patterns of formal and informal financial services as a Formal-

Informal Ratio feature. They were also categorized based on whether they primarily save, pri-

marily borrow, do both, or do neither as a Credit-Savings Ratio feature

3.4.3 Demographic Feature Processing

This categorization facilitated analysis of how financial inclusion patterns vary across different

life stages, aligning with standard demographic groupings used in financial behavior research

Demirgüç-Kunt et al. (2018).
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Table 3.5: Age Group Transformation

Age Range Age Group Label

18-24 Young Adults

25-34 Early Career

35-44 Mid-Career

45-54 Late Career

55-64 Pre-Retirement

65-74 Early Retirement

75+ Senior

3.5 Feature Engineering for Machine Learning

To prepare the data for machine learning model development, additional feature engineering

steps were performed beyond the basic data transformation. These steps were crucial for im-

proving model performance and enabling effective temporal validation between the 2016 and

2021 datasets.

3.5.1 Feature Encoding

Categorical variables required appropriate encoding to be compatible with machine learning

algorithms. For all binary categorical variables (primarily financial service usage indicators

with yes/no responses), values were encoded as 1 for yes and 0 for no using themapping function

shown in (3.4):

f(x) =

1, if x ∈ {Yes, yes, currently use, currently have}

0, if x ∈ {No, no, never used, used to have, , null}
(3.4)

For non-binary categorical variables (gender, education level, marital status, residence type,

region), one-hot encoding was employed to create binary indicator variables for each category

Potdar et al. (2017). This prevented the algorithm from erroneously interpreting ordinal rela-

tionships between categorical values. For categorical variables used in tree-based models, label

encoding was applied as an alternative to one-hot encoding to reduce dimensionality while pre-

serving information Hancock and Khoshgoftaar (2020).
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3.5.2 Temporal Validation Assessment

The temporal validation strategy, where models were trained on 2016 data and tested on 2021

data, was evaluated for its effectiveness in assessing model robustness. This approach follows

recommendations by Tashman (2000) to evaluate predictive stability across different time pe-

riods, which is particularly important in financial inclusion research due to the evolving nature

of financial services and socioeconomic conditions.

The effectiveness of this validation strategy was assessed by examining how well the models

captured persistent patterns of financial exclusion versus time-specific anomalies. As noted by

Leo et al. (2019), this distinction is critical for developing models that provide generalizable

insights rather than capturing transient patterns.

3.6 Data Mining: Machine Learning Models

Multiple machine learning models were employed to predict financial exclusion and iden-

tify key determinants. Model selection was guided by both predictive performance and in-

terpretability requirements.

3.6.1 Model Selection

The selection of appropriate machine learning algorithms was guided by both theoretical con-

siderations and empirical evidence from financial inclusion research. Following recommenda-

tions by Kotsiantis et al. (2006) and Lessmann et al. (2015), four classification algorithms were

selected based on their suitability for the task:

Logistic regressionwas selected due to its interpretability and established effectiveness in binary

classification problems such as financial inclusion/exclusion Hosmer et al. (2013). The model

applies the logistic function to estimate probabilities:

P (y = 1|X) =
1

1 + e−(β0+β1X1+β2X2+...+βnXn)
(3.5)

where P (y = 1|X) represents the probability of financial exclusion given feature vectorX , and

β0, β1, . . . , βn are model coefficients. This approach aligns with previous financial inclusion

studies by Sarma and Pais (2011) and Allen et al. (2016), who employed logistic models to

identify significant predictors of exclusion.
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Decision trees were employed due to their intuitive decision rules and ability to capture non-

linear relationships (Breiman et al., 1984). The method recursively partitions the feature space

based on feature values to minimize impurity in resulting subsets:

Gini(t) = 1−
c∑

i=1

p(i|t)2 (3.6)

where p(i|t) is the proportion of samples belonging to class i at node t. Khandani et al. (2010)

demonstrated the effectiveness of decision trees in financial prediction tasks, while Addo et al.

(2018) specifically employed them for financial inclusion studies. Random Forest was selected

as an ensemble method that combines multiple decision trees to reduce overfitting and improve

prediction accuracy Breiman (2001):

f(x) =
1

T

T∑
t=1

ht(x) (3.7)

where ht(x) is the prediction of the t-th tree for input x. Lessmann et al. (2015) demonstrated

that Random Forests perform strongly in financial classification tasks, while Addo et al. (2018)

showed their effectiveness in predicting financial inclusion. Gradient Boosting was chosen as

an iterative ensemble method that builds trees sequentially to correct errors of previous trees

(Friedman, 2001):

Fm(x) = Fm−1(x) + αhm(x) (3.8)

where Fm(x) is the model after m iterations, hm(x) is the tree fitted to the residuals, and α is

the learning rate. Brown (2012) demonstrated Gradient Boosting’s effectiveness in financial

applications, and more recently, Leo et al. (2019) applied it successfully to financial inclusion

contexts.

3.6.2 Experimental Design

To ensure methodological diligence, the data mining process was structured around multiple

experimental scenarios with varied feature configurations, as recommended by Demšar (2006).

This approach enables systematic evaluation of different models under various conditions, pro-
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viding more robust insights. Two modeling scenarios were implemented to address method-

ological challenges such as class imbalance and sample representativeness:

• Scenario 1: Standard training without addressing class imbalance (baseline)

• Scenario 2: Training with synthetic minority oversampling

(SMOTE) was implemented as a data-level approach to address class imbalance, following

methodology developed by Chawla et al. (2002). For each minority class sample xi, SMOTE

creates synthetic examples along the line segments joining xi and its k nearest neighbors:

xnew = xi + λ× (xzi − xi) (3.9)

where xzi is one of the k nearest neighbors of xi, and λ ∈ [0, 1] is a random number. Kamakura

et al. (2012) demonstrated SMOTE’s effectiveness in financial domain applications, while Leo

et al. (2019) applied it specifically to financial inclusion modeling.

3.6.3 Model Evaluation Metrics

Following recommendations from Powers (2011) and Sokolova and Lapalme (2009), multiple

evaluation metrics were selected to provide a comprehensive assessment of model performance:

Precision Measures the proportion of correctly identified excluded individuals among all pre-

dicted as excluded:

Precision =
TP

TP + FP
(3.10)

This metric is particularly important for targeting interventions efficiently, as demonstrated by

Sokolova and Lapalme (2009).

F1 Score Represents the harmonic mean of precision and recall:

F1 = 2× Precision× Recall

Precision+ Recall

(3.11)
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where Recall (also called sensitivity) is defined as:

Recall =
TP

TP + FN
(3.12)

He and Garcia (2009) identified F1 score as particularly appropriate for imbalanced data con-

texts.

Receiver Operating Characteristic (ROC)-Area Under the Curve (AUC) Measures the

area under the Receiver Operating Characteristic curve:

AUC-ROC =

∫ 1

0

TPR(FPR) d(FPR) (3.13)

where TPR is the true positive rate and FPR is the false positive rate. Fawcett (2006) estab-

lished this as a threshold-independent measure of classification performance.

3.7 Evaluation and Interpretation

Following the data mining phase, a systematic evaluation was conducted to interpret the discov-

ered patterns of financial exclusion and ensure their validity. This phase followed the evalua-

tion stages of the KDD process as outlined by Fayyad (1997) and waw crucial for transforming

model outputs into actionable insights that can inform policy and intervention design.

3.7.1 Model Comparison and Selection

The evaluation process began with a systematic comparison of all trained models across the

three experimental scenarios and two feature configurations. Following the methodology pro-

posed by Demšar (2006), models were ranked based on performance metrics to avoid selection

bias that might arise from using a single criterion. The comparative analysis focused particu-

larly on F1 score and ROC-AUC metrics, as these provide balanced evaluations in the context

of class imbalance (He and Garcia, 2009).

For models with comparable performance metrics, preference was given to those with greater
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interpretability, as proposed by Murdoch et al. (2019). This approach aligned with the study’s

objective of providing transparent, actionable insights for policymakers and NGOs working to

address financial exclusion in Kenya.

3.7.2 Feature Importance Analysis

Feature importance was evaluated across models to identify the most significant predictors of

financial exclusion. For linear models such as Logistic Regression, coefficient magnitudes were

examined as recommended by Hosmer et al. (2013). For tree-based models such as Decision

Trees and ensemble methods, Gini importance and permutation importance were assessed as

suggested by Breiman (2001).

These feature importance measures were compared across models to identify consistent pre-

dictors of financial exclusion, providing a more robust understanding of key exclusion factors.

As recommended by Zhao et al. (2023), consistent importance across different model architec-

tures provides stronger evidence for the significance of certain features in determining financial

exclusion.

3.7.3 Model Interpretability

For the policy implications of this study to be actionable, model transparency and interpretabil-

ity were prioritized by employing XAI techniques.

SHAP values, based on cooperative game theory, were calculated to provide feature attribution

for the predictions Lundberg and Lee (2017). For a particular feature i, the Shapley value is

defined in Equation 3.14:

φi =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!

|N |!
[f(S ∪ {i})− f(S)] (3.14)

where N is the set of all features, S is a subset of features excluding feature i, and f is the

prediction function.

SHAP values indicate how much each feature contributes to pushing the prediction away from

the baseline (average prediction), allowing for global feature importance ranking and analysis

of feature impact direction (increasing or decreasing exclusion risk)
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To ensure model transparency and provide actionable insights, LIME was implemented follow-

ing the methodology developed by Ribeiro et al. (2016). LIME approximates a complex model

f locally with an interpretable model g:

min
g∈G

L(f, g, πx) + Ω(g) (3.15)

where L is a loss function measuring how well g approximates f in the locality of x, πx is a

kernel defining the locality around x, and Ω(g) measures the complexity of g.

This approach aligned with recommendations by Doshi-Velez and Kim (2017) regarding the

importance of interpretability in high-stakes domains like financial services. Murdoch et al.

(2019) further emphasized LIME’s value in providing actionable insights for domain experts,

making it particularly appropriate for this study’s focus on informing NGO and government

interventions.

3.8 Knowledge Discovery

The final phase of the KDD process involved transforming the evaluated models and their in-

terpretations into actionable knowledge for government agencies and NGOs working to address

financial exclusion in Kenya. This phase focused on making the discovered patterns accessible,

interpretable, and applicable to real-world decision-making.

3.8.1 Development of Deployment Framework

A practical deployment framework was developed to enable stakeholders to utilize the predic-

tive models for identifying at-risk populations. This framework aligns with recommendations

by Chen et al. (2020) for translating data mining results into practical applications. The deploy-

ment framework included Model Serialization where the best-performing models were saved

in a portable format that can be loaded and used by stakeholders without requiring extensive

technical expertise Feature Preprocessing Pipeline A standardized pipeline for preprocessing

new data was implemented to ensure consistency with the training data and mechanisms were

implemented to validate user inputs and handle missing or unexpected values, following best

practices described by Matekenya et al. (2021)

This deployment framework enables stakeholders to apply the models to new data, facilitating
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the identification of financially excluded populations and the assessment of exclusion risk for

different demographic groups.
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Chapter 4: System Design and Architecture

4.1 Introduction

This section describes the structure and architecture of the system used in deploying the mod-

els for predicting financial exclusion in Kenya. This system is designed to help stakeholders,

different policy makers, and financial institutions in minimizing the risk populations through

transparent machine learning models. The design and architecture of the system comprises

different key components including data processing, interactive user interface dashboard visu-

alization, predictive modeling, and easy explainability of the system architecture.

4.2 System Overview

The Financial Exclusion Prediction System is structured into three primary components:

The backend and the Database Module holds the dataset within SQLite database, acting as a

backend store for the 2016 and 2021 financial data. The PredictiveModeling and Explainability

Module provides a form for deployed machine learning models with SHAP and LIME and

an interactive explanation to identify different exclusion drivers to the modeling. Finally, the

Interactive Dashboard Interface provides policymakers with accessible and interactive interface

for real-time data visualization tools to explore real-time predictions and insights.

4.3 System Modeling Framework

The system follows a modular modeling framework in order to make it scalable and effective

in the implementation process. The framework is built on Django’s architecture leveraging the

Model-View-URLs-Template structure and incorporating Django Rest Framework Application

Programming Interface (API)s for the front interaction with the backend. Functional Modeling

implements core Django functionalities including the Django views and the serializers for APIs

integration. Data Flow Modeling defines how data flows through the pipeline from SQLite

database through the APIs to the frontend interface. Process Flow as shown in 4.1 uses the

Django views from the template for how the user requests trigger the model predictions. The

REST APIs facilitate communication between the frontend and the backend, ensuring seam-

lessness in handling responses.
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Figure 4.1: Architecture of the Financial Exclusion Prediction System

4.4 System Components

4.4.1 Data Processing Module

This module prepares the FinAccess survey data for analysis through a series of data processing

steps. Data Cleaning handles missing values either through mean, variance, and the outliers

through the interquartile ranges in financial behavior indicators. Feature Engineering constructs

different matrices such as the clustering technique which is based on individuals’ behavioral and

socioeconomic patterns, categorizing them into excluded and included groups. Dimensionality

reduction, Data transformation, and Normalization standardizes variables for model training.

SQLite Integration provides efficient storage and retrieval of processed data.

4.4.2 Interactive Dashboard

The web-based interface enables Account verification for user logs to provide account verifica-

tion and user security. Data Exploration provides filterable tables and visualizations according

to different overviews such as demographic and financial inclusion overview. The Prediction
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Interface offers input forms for scenario testing and predictions.

The dashboard is implemented using Django Rest Framework with various technologies for

different components:

Table 4.1: Technologies Used in Dashboard Implementation

Category Technology Used

Frontend HTML/CSS/JavaScript with Bootstrap for responsive design

Visualization Chart.js and D3.js for interactive charts

Backend Django with REST API endpoints and SQLite for data storage

Deployment Containerizing and hosting through Docker

This framework flow and the architecture ensures stakeholders can easily access interactive

and actionable insights through an intuitive interface while maintaining the technical rigor of

the modeling pipeline.
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Chapter 5: System Implementation and Testing

5.1 Introduction

This section details the implementation and modeling technique for predicting financial ex-

clusion in Kenya. The implementation outlines the system functionalities, technologies, and

architectural setup of the system. The testing section evaluates the functionality of the system,

its accuracy, usability, security, and interpretability to ensure robustness and relevance with a

data-driven approach.

5.2 Implementation

The Financial Exclusion System was implemented as a web-based dashboard using Django as

a full stack for both the frontend and the backend. The system allows users to analyze different

data patterns through visualizations, generate real-time predictions, and interpret model insights

through write-ups.The system architecture comprises three major components.

Account Authentication ensures secure user access by providing authentication mechanisms

such as login, registration, password management, and user session handling. The Dashboard

provides interactive filtering tools for different variables, visualizations, and explanation re-

ports. Predictive modeling offers suitable algorithms and components to predict financial ex-

clusion in Kenya.

The backend API, developed using Django Rest Framework, handles different data requests

from the SQLite database, makes model predictions, and provides brief explanations of the

model results. The system is containerized and deployed using Docker, ensuring efficient re-

source management and scalability for data analysis, visualization, and modeling. The deploy-

ment leverages containerization techniques for seamless scalability and portability. The fron-

tend is designed using Bootstrap incorporating Jinja templating, Chart.js for visualizations, and

D3.js to provide interactive and accessible visualizations for non-technical stakeholders.

5.3 System Functionalities

The implemented system supports different functionalities including:

Data Exploration and Filtering allows users to filter different variables according to various

factors (region, age, gender) and different financial behaviors through an interactive web inter-
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face. It performs data processing and produces summary statistics, visualizations, and visual

distribution of the results. Exclusion Prediction generates financial exclusion predictions using

the trained machine learning models upon inserting values in the prediction form. Model In-

terpretation provides explanation of the model results using a concise summary write-up of the

prediction results.

5.4 System Testing

Comprehensive testing was conducted to ensure the system’s reliability and effectiveness. The

testing also focused on the system functionality such as the system accuracy, usability, security,

and compatibility.

5.4.1 Functional Testing

All components were verified through unit and integration tests. The data pipeline correctly

processed and transformed raw survey data to produce visualizations in the frontend. Models

generated accurate predictions against validation sets according to the model training and inter-

pretation. API endpoints reliably returned requested data according to data requests from the

frontend as shown in 5.1. Visualizations rendered correctly across different data subsets.

Figure 5.1: Front End Dashboard
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5.4.2 Usability Testing

The financial exclusion system was tested across multiple browsers and different screen sizes to

ensure cross-platform scalability and compatibility. The web interface was evaluated on both

desktop and different browsers, including Chrome and Explorer, and across different screen

sizes ensuring interactiveness of the visualizations.

5.4.3 Security Testing

Security measures were implemented and tested to ensure users who could log into the system

securely created accounts for easy monitoring of user actions within the system. Additionally,

measures were taken to avoid unauthorized API access by implementing read-only permissions

in the API endpoints unless registered as a super admin.
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Chapter 6: Results

6.1 Demographic Insights on Financial Exclusion

A descriptive analysis of financial exclusion across demographic features was conducted. This

included age groups, gender, education level, and residence type. Using cross-tabulations and

exclusion rate calculations, distinct patterns emerged.

6.1.1 Age Group Analysis

Financial exclusion was found to be highest among older and pre-retirement groups. Younger

adults (18–24) also exhibited relatively high exclusion, highlighting potential inexperience with

formal financial systems. The age-related disparities suggest the need for targeted youth inclu-

sion strategies and retirement-oriented financial planning.

Figure 6.1: Financial Exclusion Rates by Age Group (2016 vs 2021)

The analysis revealed a U-shaped pattern of financial exclusion across age groups, with both

the youngest (18-24) and oldest (65+) segments of the population experiencing substantially

higher exclusion rates than middle-aged adults. While exclusion rates decreased across all age

groups between 2016 and 2021, the relative pattern remained consistent. In 2021, individuals

over 65 years still experienced the highest exclusion rate at 33.9%, followed by young adults

aged 18-24 at 20.1%. Middle-aged adults (35-44) demonstrated the lowest exclusion rate at just

5.8%.

6.1.2 Gender Analysis

While exclusion was observed in both genders, female respondents consistently experienced

higher exclusion rates. This supports existing literature emphasizing gender disparities in access

41



to financial services.

Figure 6.2: Financial Exclusion Rates by Gender (2016 vs 2021)

The gender analysis revealed persistent disparities in financial inclusion, with women expe-

riencing higher rates of exclusion across both survey periods. In 2016, 9.6% of female re-

spondents were financially excluded compared to 7.0% of male respondents, representing a 2.6

percentage point gender gap. By 2021, overall exclusion rates had increased for both genders,

women still experienced higher exclusion at 9.8% compared to 8.7% for men, decreasing by

1.1 percentage point gap probably due to sample size.

But narrowing of the gender gap from 2.6 to 1.1 percentage points suggests some progress in

gender-inclusive financial services between 2016 and 2021. However, the persistence of the gap

indicates that structural and social barriers to women’s financial inclusion remain significant.

6.1.3 Education Level and Residence

Individuals with lower education levels and those living in rural areas were more likely to be

financially excluded. This aligns with previous findings by Demirgüç-Kunt et al. (2018), rein-

forcing the link between financial inclusion and socioeconomic factors. Education appears to

positively correlate with access to digital and formal financial tools.

The analysis revealed pronounced disparities in financial inclusion based on both education

level and residence type. Among educational categories, those with no formal education ex-

perienced the highest exclusion rates (16.7% in 2021), individuals with tertiary education had

remarkably low exclusion rates (1.9% in 2021), demonstrating a clear educational gradient in

financial inclusion.

The rural-urban divide remained substantial despite overall improvements. In 2021, rural resi-

dents exhibited an exclusion rate of 10.9% compared to 6.6% for urban residents, representing
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Figure 6.3: Financial Exclusion Rates by Education Level (2016 vs 2021)

Figure 6.4: Financial Exclusion Rates by Residence Type (2016 vs 2021)

a 4.3% point gap. This geographic disparity, while smaller than the 6.3% percentage point gap

observed in 2016, continues to highlight infrastructure and access challenges in rural areas. The

feature importance analysis ranked education level (particularly no formal education) amongst

important predictor of financial exclusion.

6.2 Behavioral Indicators and Financial Engagement

A series of behavioral metrics were engineered and analyzed, including financial product di-

versity, digital financial score, formal/informal ratios, and credit-to-savings patterns. These

features capture how deeply and diversely individuals engage with different financial services,

and are essential in identifying latent financial engagement.

6.2.1 Behavioral Score Differences

Table 6.1 summarizes the average behavioral scores for excluded vs included individuals. No-

tably, financial product diversity and engagement scores were consistently lower among ex-
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cluded individuals. This highlights that exclusion is often associated with limited access to a

variety of financial tools, not merely the absence of one type.

Table 6.1: Behavioral Scores: Included vs Excluded Individuals
Metric Included Mean Excluded Mean Difference

Financial Engagement Score 4.37 0.82 3.55

Product Category Diversity 3.21 0.64 2.57

Formal Financial Score 2.68 0.29 2.39

Informal Financial Score 1.43 0.78 0.65

Digital Financial Score 1.82 0.15 1.67

Risk Management Score 1.15 0.09 1.06

Financial Product Diversity 5.84 0.53 5.31

The analysis of behavioral metrics revealed substantial differences between financially included

and excluded individuals across all measured dimensions. The most pronounced disparity ap-

peared in financial product diversity, where included individuals used an average of 5.84 differ-

ent financial products compared to just 0.53 for excluded individuals, representing a 5.31-point

difference. Similarly, the financial engagement score showed a 3.55-point gap, underscoring

the multidimensional nature of financial exclusion.

The smallest difference was observed in informal financial scores (0.65), suggesting that ex-

cluded individuals rely more heavily on informal financial mechanisms relative to other finan-

cial services. This pattern indicates that financially excluded individuals may maintain some

participation in informal financial networks even when disconnected from formal systems. Dig-

ital financial score showed a substantial 1.67-point difference, confirming the importance of

digital financial services in defining inclusion status in Kenya’s increasingly digitized financial

landscape.

6.2.2 Categorical Behavior Patterns

In both 2016 and 2021, individuals with neither credit nor savings (None category) show com-

plete financial exclusion (100%). This dramatically illustrates how disengagement from both

credit and savings services is a clear marker of financial exclusion. The Credit Only category

shows a significant shift, with inclusion increasing from 8.3% in 2016 to 21.5% in 2021, sug-

gesting improvements in credit access as a pathway to financial inclusion. The Mixed category

(using both credit and savings) shows an increase in inclusion from 21.6% in 2016 to 29.4%

in 2021, indicating that more people are diversifying their financial behaviors. Conversely, the
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Savings Only category shows a notable decrease in inclusion from 44.9% in 2016 to 22.8% in

2021, which could suggest either a shift toward more diverse financial product usage or poten-

tially concerning reductions in savings behavior.

The Financial Exclusion by Formal Informal Ratio visualization highlights additional patterns.

The Informal Only category shows a slight increase in inclusion from 33.1% in 2016 to 37.5%

in 2021, suggesting better recognition of informal financial services in the inclusion landscape.

Formal Only usage shows a decline in inclusion from 20.6% in 2016 to 17.8% in 2021, possibly

indicating shifts in how formal services contribute to inclusion. Similar to the credit-savings

ratio, those using neither formal nor informal financial services (None category) show complete

exclusion in both years, reinforcing that any financial engagement is better than none. The

Mixed category (using both formal and informal services) remains relatively stable at 23.2% in

2016 and 22.7% in 2021.

Figure 6.5: Distribution of Formal-Informal Financial Service Usage Ratio by Inclusion Status

Figure 6.6: Distribution of Credit-to-Savings Ratio by Inclusion Status

The analysis of categorical financial behavior patterns revealed distinct differences between

financially included and excluded populations. Among excluded individuals, 67.3% fell into
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the Informal Only category for financial service usage, compared to just 14.6% of financially

included individuals. This substantial difference highlights how exclusion from formal financial

systems often coincides with reliance on informal financial mechanisms such as family lending,

community saving groups, and local moneylenders.

Similarly, the credit-to-savings ratio patterns showed that financially excluded individuals were

more likely to be in theCredit Only category (31.5%) compared to included individuals (12.2%).

This pattern suggests that excluded individuals may access credit through informal channels

without corresponding formal savings behaviors. TheNone category (neither credit nor savings)

was also significantly higher among excluded individuals at 42.7% versus 5.3% for included

individuals, highlighting complete disengagement from structured financial behaviors among a

substantial portion of the excluded population.

These categorical patterns reinforce the multidimensional nature of financial exclusion, which

extends beyond simple account ownership to encompass broader financial behavior patterns

and preferences. The disproportionate reliance on informal financial mechanisms and credit-

focused financial activities among excluded individuals points to specific intervention oppor-

tunities for policymakers and financial service providers.

6.3 Model Performance and Experimental Results

Two scenarios were implemented: (i) baseline training without class imbalance correction, and

(ii) SMOTE-based oversampling to address imbalance. Models were evaluated using precision,

recall, F1-score, and ROC AUC. F1-score was prioritized due to the imbalance in the exclusion

class and the focus on accurate classification of excluded individuals.

6.3.1 Baseline vs SMOTE Model Performance

Table 6.2 presents the performance metrics of four models under baseline conditions and after

applying SMOTE. While precision remained consistently high across all models due to the

dominance of the majority class, recall and F1 scores demonstrated varying levels of improve-

ment.

The Decision Tree model exhibited the most notable enhancement after applying SMOTE. Re-

call increased from 0.498 to 0.555, leading to an improvement in F1 score from 0.663 to 0.713.

This suggests that SMOTE effectively addressed the model’s tendency to favor the majority
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class by improving its ability to correctly identify minority class instances. The Random For-

est model, however, displayed a slight reduction in recall, declining from 0.471 to 0.464. This

marginal drop in recall resulted in a minor decrease in F1 score from 0.639 to 0.632, indicating

that SMOTE had little impact on the model’s overall performance.

Unlike the Decision Tree, Gradient Boosting exhibited a different trend. Recall dropped sig-

nificantly from 0.479 to 0.383, leading to a corresponding decrease in F1 score from 0.646

to 0.553. Despite an increase in precision, the reduced recall suggests that SMOTE disrupted

the model’s internal balancing mechanisms, making it less effective in identifying the minor-

ity class. The Logistic Regression model, in contrast, demonstrated minimal changes across all

performance metrics, with recall and F1 score remaining stable at 0.344 and 0.512, respectively.

The consistently high precision of 0.995 further indicates that this model was largely unaffected

by SMOTE.

Table 6.2: Model Performance on 2021 Test Set (Baseline vs SMOTE)

Model Precision Recall F1 Score ROC AUC

Baseline SMOTE Baseline SMOTE Baseline SMOTE Baseline SMOTE

Logistic Regression 0.995 0.995 0.345 0.344 0.512 0.512 0.999 0.998

Decision Tree 0.991 0.995 0.498 0.555 0.663 0.713 0.749 0.777

Random Forest 0.993 0.993 0.471 0.464 0.639 0.632 0.998 0.997

Gradient Boosting 0.992 0.997 0.479 0.383 0.646 0.553 0.999 0.997

ROC-AUC scores remained exceptionally high across all models, demonstrating their strong

ability to differentiate between classes. The Decision Tree model showed an increase in ROC-

AUC from 0.749 to 0.777, indicating improved overall discrimination. Other models experi-

enced slight fluctuations in their ROC-AUC values, with no substantial impact on their predic-

tive capabilities.

These results highlight the varying effects of SMOTE across different models. While the Deci-

sion Tree benefited significantly, the Random Forest and Gradient Boosting models did not ex-

perience the same level of improvement. The findings suggest that SMOTE’s impact is model-

dependent, reinforcing the need for careful evaluation when applying oversampling techniques

in predictive modeling.
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Figure 6.7: Performance Comparison of Models with and without SMOTE

6.3.2 Optimized Models and Final Selection

Following hyperparameter tuning and feature selection, the decision tree model achieved the

highest F1-score (0.926), followed by the voting ensemble (0.906). These two models were

selected for deployment. The decision tree was prioritized for policy-oriented applications due

to its interpretability, while the ensemble provides robustness for data-driven deployments.

Table 6.3: Optimized Models for Deployment

Model Final F1 Score

Optimized Decision Tree 0.926

Voting Ensemble 0.906

The model optimization process, which included extensive hyperparameter tuning and feature

selection, yielded substantial improvements in predictive performance. The optimized deci-

sion tree model emerged as the top performer with an F1-score of 0.926, representing a 22.6%

improvement over the baseline decision tree model’s F1-score of 0.755 with SMOTE. This

remarkable improvement was achieved through a combination of pruning to prevent overfit-

ting, optimal depth configuration, and feature selection that prioritized the most discriminative

variables.

The voting ensemble, combining the strengths of multiple models (logistic regression, ran-

dom forest, and gradient boosting), achieved a competitive F1-score of 0.906. While slightly

lower than the decision tree’s performance, the ensemble demonstrated greater stability in cross-
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Figure 6.8: Performance Comparison of Optimized Models Selected for Deployment

validation, with lower variance across different data splits. This stability makes it particularly

valuable for deployment scenarios where data distributions might shift over time.

The final model selection strategy balanced performance with practical deployment considera-

tions. The decision tree model’s exceptional interpretability—allowing stakeholders to visual-

ize decision paths leading to exclusion predictions—makes it ideal for policy applications where

transparency is crucial. The voting ensemble, meanwhile, offers greater robustness against po-

tential data distribution shifts, making it suitable for operational deployments where prediction

stability is prioritized. Both models significantly outperformed individual baseline models,

demonstrating the value of the optimization process in enhancing predictive capability for fi-

nancial exclusion identification.

6.4 Model Interpretability

6.4.1 LIME Local Explanation

Image 6.9 shows a LIME explanation for a financial inclusion prediction model, displaying why

the model classified a specific individual as ”Included” (with 1.00 or 100% probability). The

left side shows the overall prediction probabilities, with a completely filled blue bar indicating

a 100% confidence in the ”Included” classification and 0The middle section displays the factors

influencing this prediction, with blue bars indicating features that support inclusion and orange

bars indicating features that would push toward exclusion. The strongest factors supporting
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inclusion are product category diversity (0.29 contribution), financial engagement score (0.07),

education level (0.06), financial product diversity (0.04), and presence in the North Eastern

region (0.04). Conversely, several factors would have pushed toward exclusion if present: being

from Mid Eastern region (0.27 contribution), being from Lower Eastern region (0.17), having

no debit card (0.15), and being from the Coast region (0.09). The right section shows the actual

values for this individual, confirming they have high financial engagement (7.50) and product

diversity scores (5.00), are from the Coast region, and lack certain risk factors like being from

Mid/Lower Eastern regions or being divorced/separated. This explanation demonstrates how

the model makes decisions based on both behavioral factors (financial engagement, product

diversity) and demographic characteristics (region, education, marital status), with behavioral

factors having the strongest positive influence on financial inclusion.

Figure 6.9: LIME Explanation for an Individual Predicted as Financially Included

Table 6.4: LIME Explanation Factors for Sample Individual

Feature Value Impact on Exclusion Probability

Product category diversity 0 (None) +0.284

Digital financial score 0 (No digital usage) +0.253

Region Mid Eastern +0.187

Education level Primary +0.156

Financial engagement score 0 +0.124

Age 43 -0.052

Gender Female +0.048

Table6.4 illustrates how LIME can disentangle the complex interrelationships between factors

at the individual level. While the individual’s age (43) slightly reduced exclusion risk, this

protective factor was overwhelmed by the combined effect of other risk factors. The complete

absence of financial product usage (product category diversity = 0) had the strongest impact,

followed by lack of digital financial service adoption.
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Interestingly, the regional effect (Mid Eastern) substantially contributed to the exclusion pre-

diction, highlighting how structural geographic factors can shape individual financial outcomes

independently of personal characteristics and behaviors. This demonstrates the value of LIME

analysis in identifying not only behavioral factors that might be addressed through individual

interventions but also structural barriers that may require policy-level solutions.

6.4.2 SHAP Global Feature Importance

SHAP analysis provided a comprehensive global view of feature importance across the en-

tire dataset, offering valuable insights into the key drivers of financial exclusion. The SHAP

summary plot revealed that product category diversity emerged as the most influential predic-

tor, with higher diversity values (shown in red) strongly associated with decreased exclusion

probability. This finding quantifies the substantial protective effect of engaging with multi-

ple financial product categories. Among demographic factors, education level (particularly no

formal education) showed the strongest influence, ranking fourth overall. The SHAP values re-

vealed that lack of formal education substantially increased exclusion probability, while tertiary

education had a protective effect. Geographic factors also showed significant influence, with

rural residence and certain regions (particularly North Eastern and Upper Eastern) associated

with higher exclusion probability.

The SHAP analysis further revealed several non-linear relationships and interaction effects. For

example, age displayed a U-shaped relationship with exclusion risk, with both younger (18-24)

and older (65+) individuals showing increased risk. Additionally, the influence of gender was

moderated by other factors, with female gender increasing exclusion risk more substantially

when combined with rural residence or lower education levels. By quantifying both the mag-

nitude and direction of each feature’s influence, the SHAP analysis transforms the complex

model into actionable insights. This transparency enables policymakers to prioritize interven-

tions based on the features with the strongest impact on financial exclusion outcomes.

6.5 Feature Importance

The analysis highlights that both demographic and behavioral factors significantly influence

financial inclusion, with behavioral indicators—particularly those capturing diversity and en-

gagement—emerging as the strongest predictors. As shown in Figure 6.10, population weight,

financial engagement score, and age were the top three contributors to model predictions. No-
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tably, product category diversity and financial product diversity also played key roles, reinforc-

ing the idea that access to a range of financial services correlates with higher inclusion.

Geographic and digital factors, such as regional location and digital financial scores, were also

important, though to a lesser extent. The influence of mobile money registration and education

level (unknown) suggests that both digital adoption and gaps in formal education remain rele-

vant barriers to inclusion. These findings align with Kenya’s digital financial landscape, where

mobile money plays a critical role in bridging access gaps.

The application of SMOTE improved some models, particularly the Decision Tree, by enhanc-

ing recall and overall balance. However, its impact varied, as seen in Gradient Boosting, where

oversampling introduced noise rather than improving predictive power. The use of feature

selection via Random Forest helped refine the analysis by prioritizing the most informative

variables, allowing for a more targeted interpretation of financial inclusion drivers.

Figure 6.10: Top 10 Predictors of Financial Inclusion Based on Random Forest Model

By leveraging explainable AI, this study provides actionable insights for policymakers and orga-

nizations. Emphasizing financial product diversity, digital financial engagement, and targeted

interventions for underrepresented regions could further advance financial inclusion in Kenya.
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Chapter 7: Conclusions, Recommendations and Future Work

The study findings lead to important recommendations that stakeholders need to pursue finan-

cial inclusion progress in Kenya. The recommendations originate from machine learning anal-

ysis and focus on resolving the major factors behind financial exclusion.

7.1 Enhanced Data Collection and Monitoring

The research value of data-driven methods for analyzing financial exclusion structure points

toward future requirements for improved data acquisition systems. The industry requires stan-

dardized financial inclusion metrics from regulators for achieving consistent measurement and

comparison of progress metrics. A central financial inclusion database needs development

to consolidate data originating from various sources consisting of both the FinAccess survey

as well as financial service providers and government agencies. Steamflow analysis of data

through machine learning approaches developed in this study provides ongoing opportunities

for improvement of inclusion strategies. The analysis must be supported by qualitative research

to uncover deeper barriers that affect specific excluded groups and stakeholders should receive

easy-to-understand dashboards and reports containing these findings.

7.2 Future Research Directions

The research results about financial exclusion patterns in Kenya offer important knowledge but

create several new research opportunities that stem from study constraints and findings.

7.2.1 Longitudinal Analysis of Financial Behavior

Future research must establish longitudinal studies which monitor the same subjects through-

out multiple time periods as a continuation of the time-based analysis between 2016 and 2021.

Research exploring precise interventions and life events leading people from exclusion to inclu-

sion would create better guidelines for policy intervention strategies. Research needs to create

a multi-time period panel dataset of Kenyan households which includes consistent financial

behavior tracking. The study of individual financial paths reveals additional information about

exclusion and inclusion mechanisms which goes beyond the scope of traditional cross-sectional

assessments.
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7.2.2 Advanced Explainable AI Techniques

The research should use advanced explainable AI techniques in future investigations because

SHAP and LIME represent initial interpretation methods in this study. The research should use

counterfactual explanations to determine minimal adjustments that would change an individ-

ual’s exclusion status and adversarial examples to test the reliability of exclusion predictions.

Stakeholders should have access to interactive visualization systemswhich let them studymodel

predictions through dynamic scenario-based exploration. The integration of causal inference

techniques with machine learning algorithms would enable researchers to shift from detectable

correlations to discover actual exclusion causes.

7.2.3 Integration with Mobile Data

Future studies exploring digital financial services should merge anonymized mobile phone data

with financial behavior information because of their vital importance in this domain. The

method would uncover detailed digital usage patterns while pinpointing the exact points dur-

ing digital financial service use that cause users to stop using the services. Additional research

needs strong data governance frameworks and privacy safeguards to proceed. The necessary

data access requires collaboration between mobile network operators and financial technology

companies who must implement proper privacy measures.

7.3 Conclusion

The research used the Knowledge Discovery in Databases (KDD) process to create a machine

learning framework for financial exclusion prediction in Kenya by analyzing data from FinAc-

cess surveys conducted in 2016 and 2021. The research delivered important findings about

financial exclusion drivers by implementing a systematic workflow that included data cleanup

and model building and explainable AI deployment with feature design steps. Financial ex-

clusion rates in Kenya dropped from 17.4% in 2016 to 11.2% in 2021 which corresponds to a

6.2 percentage point reduction. The positive direction of financial inclusion matches Kenya’s

national financial inclusion plan and the expanding digital financial service market. Financial

exclusion rates remain higher for older populations along with youth and individuals with lim-

ited education and women and residents located in rural areas.

The optimized Decision Tree model obtained an F1-score of 0.926 while the Voting Ensemble
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reached 0.906 after running hyperparameter tuning combined with feature selection. The im-

plementation of SMOTE for handling class imbalance showed different outcomes by providing

substantial enhancement to Decision Tree performance yet delivering small improvements for

Gradient Boosting and other strong classifiers. The research used SHAP and LIME explainable

AI methods to discover major factors that cause financial exclusion. The behavioral factors of

product category diversity and digital financial score and formal financial engagement served

as the main predictors that explained two-thirds of the predictive power in the models. The risk

factors of exclusion showed the most significant impact among demographic variables based

on education level and geographic area and individual age.

Financial inclusion underwent essential changes in its temporal analysis from 2016 to 2021. The

significance of digital financial services as a predictor became much more substantial during

this period as demographic divides between rural and urban areas and between genders started

to decrease. These trends demonstrate improvement and structural limitations which affect

financial inclusion results throughout Kenya.

Explainable AI techniques enabled complex model outputs to produce insights which policy-

makers could understand directly for their applications. The SHAP analysis showed worldwide

feature priority ranks together with relationship pattern clues whereas LIME explanations cre-

ated point-specific views of exclusion risk components. This interpretive approach eliminates

the divide between forecasting methods and actual policy construction thereby allowing re-

searchers to initiate data-based solutions that address specific challenges. Financial exclusion

throughout Kenya results from both behavioral patterns and structural factors but service usage

behaviors prove especially important in creating financial exclusion. Mobile money technol-

ogy has significantly improved access to financial services but full financial inclusion mandates

resolving usage behavior issues along with various demographic obstacles.
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Source Code: https://github.com/Keltings/Financial-Inclusion
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