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Abstract

The study addresses the use of artificial intelligence in predicting financial inclusion in
East Africa, particularly the lack of bank accounts which negatively impact development
and livelihood. To address this issue, the study proposes the use of machine learning
techniques to predict individuals who own bank accounts and those who do not. The
study employed various machine learning algorithms, including Logistic Regression,
Naive Bayes, Random Forest Classifier, Decision Tree, Gradient Boosting, XGBoost,
SVM, and K-Nearest Neighbours, to predict financial inclusion in East Africa. A public
dataset obtained from Kaggle was used to predict whether an individual has a bank
account or not. The study built a machine learning model that predicts financial
inclusion in East Africa using individuals' demographic and economic information. The
Gradient Boosting model outperformed other models, with a mean accuracy score of
0.89. Feature importance analysis revealed that Level of Education was the most
significant predictor of financial inclusion, followed by Type of Job and the relationship
with head. The study highlights the most essential factors in promoting financial
inclusion in East Africa and provides insights for policymakers and financial institutions
to improve access to financial services. Based on the results of the study, it was
recommended that policymakers and financial institutions in East Africa should focus
on improving financial inclusion for individuals with a higher level of education,
especially those with vocational or specialized training and secondary education.
Additionally, efforts should be made to improve access to cell phone technology,
particularly in urban areas.

Key words: Artificial Intelligence, Financial Inclusion, Random Forest Classifier,
Gradient Boosting, XGBoost, K-Nearest Neighbours.

Introduction

Artificial Intelligence (Al), first proposed by McCarthy in 1956, has grown into a major
field of computer science focused on creating intelligent systems that mimic human
reasoning. Its impact is evident in global finance and technology, where it enables
faster, cheaper, and more efficient transactions. African countries, including those in
East Africa, have increasingly adopted Al, a development especially important given
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that an estimated 1.7 billion people worldwide remain unbanked (Manyika et al., 2016).
Reports from the McKinsey Global Institute highlight AI’s potential to address key
barriers to financial inclusion in East Africa, such as difficulties in identity verification
and the lack of conventional data for underwriting marginalized populations. Fintech
companies now use Al-driven alternative credit scoring, relying on digital footprints to
expand financial access, as seen in countries like Bangladesh and Pakistan. Al also
enhances customer service within financial institutions. For example, UBA’s Al
chatbot, Leo, provides instant assistance for transactions across platforms like
WhatsApp and Facebook Messenger. More broadly, Al continues to influence financial
inclusion and reporting by improving efficiency and accessibility (Mhlanga, 2020).
Given the large unbanked population in East Africa, examining Al’s role in financial
inclusion is essential for tackling poverty and reducing economic inequality in the
region.

Statement of the Problem

The advent of digital finance is gradually making traditional mode of financial
transactions becoming obsolete. The emergence of digital finance and Fin Tech has
been used to solve many financial payment problems as it is observed that the financial
world faces the problem of ineffective and unsecure payment systems digitally (The
World Bank Group, 2020). Financial inclusion is a need of the hour because the nature
of business transactions has changed from the traditional form of payments to the digital
form of payments (Demirgic-Kunt and Singer 2017). Artificial Intelligence (Al) has
been identified as a powerful tool for enhancing financial inclusion by enabling
predictive analytics and reducing transaction costs, among other benefits (Fowler et al.,
2020). Therefore, this study aims to fill a gap in existing literature by exploring how Al
can help predict financial inclusion in East Africa and contribute to the advancement of
financial inclusion.

Objectives
The purpose of this study is to develop an Al-based model that predicts financial
inclusion in East Africa. The study involves preprocessing the data, balancing class
distributions, splitting the data into training and testing sets, scaling the features, and
evaluating multiple machine learning models to identify the best performer. After fine-
tuning the selected model, its performance will be assessed on test data. The objective
is to determine whether individuals have access to financial services using
demographic, economic, and other relevant indicators. The study also aims to identify
the key factors influencing financial inclusion, providing insights that can guide
policymakers and financial institutions in improving financial access across the region.
1. To develop an Artificial Intelligence—based machine learning model capable of
accurately predicting financial inclusion in East Africa using demographic and
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economic factors, and to identify the key features that most significantly
influence these predictions.

2. RQ2: To evaluate and compare the performance of various machine learning
algorithms in predicting financial inclusion and determine the best-performing
model for practical application in the region.

This study develops a machine learning model to predict financial inclusion in East
Africa using demographic and economic data. Focusing on Kenya, Rwanda, Tanzania,
and Uganda, it examines factors influencing financial inclusion and explores how Al
can improve access to financial services. The process includes data preprocessing,
balancing class distributions, selecting and tuning multiple machine learning models,
and evaluating their performance. Algorithms such as Logistic Regression, Decision
Tree, Random Forest, Gradient Boosting, XGBoost, SVM, KNN, and Naive Bayes are
compared to identify the most accurate model. Insights from the predictions aim to
support policymakers and stakeholders in enhancing financial inclusion across the
region. The study is limited by the scope of the available dataset and may not be fully
generalizable beyond East Africa.

Literature Review

Conceptual Review:

This literature review uses the Demirguc-Kunt and Singer (2017) framework, focusing
on financial inclusion and mobile money in East Africa. Digital finance, driven by
emerging technologies, has transformed the financial sector by enabling consumers and
small businesses to access services through mobile and online platforms (Schuetz &
Venkatesh, 2020). Innovations such as blockchain have further expanded financial
opportunities for SMEs (Panova et al., 2020). Research consistently shows that mobile
money significantly enhances financial inclusion across East Africa, particularly in
remote areas lacking traditional banking services (Dinku et al., 2018; Awad et al., 2018;
Ozili, 2021). Financial literacy also plays an essential role, as individuals with higher
education and income levels are more likely to adopt mobile money (Ahamed &
Mallick, 2019). Key enablers of financial inclusion include infrastructure, mobile
money agents, and financial knowledge, though their influence varies across different
demographic groups (Ahmad et al., 2020; Sha’ban et al., 2020).

Artificial intelligence further expands financial inclusion through FinTech innovations.
FinTech development has evolved in three phases: infrastructure building (1886-1967),
digital finance transformation marked by the first ATM (1967-2008), and post-2008
expansion driven by regulatory change and mistrust in traditional banks (Arner et al.,
2015; Leong & Sung, 2018). These advancements continue to shape various financial
sectors, particularly asset management.
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Figure 1: Three Phases of FinTech Development (Thakor 2020)

Artificial Intelligence and Machine Learning

Artificial intelligence (Al) and machine learning (ML) are transforming financial
inclusion in developing regions by offering more efficient ways to serve low-income
individuals and small businesses traditionally underserved by banks due to high
transaction costs. Al-driven solutions such as digital lending, alternative credit scoring,
and automated customer support help financial institutions assess creditworthiness
using non-traditional data and deliver services through digital channels (Kshetri, 2019).
This is especially valuable in developing economies where many lack formal credit
histories.

Mobile money has become a major driver of financial inclusion in East Africa,
providing access to financial services in remote areas (Dinku et al., 2018; Awad et al.,
2018). Its uptake is strengthened by factors such as financial literacy, availability of
agents, and infrastructure, though adoption varies across demographics, with urban
areas and men showing higher usage (Ahamed & Mallick, 2019; Sha’ban et al., 2020).
FinTech innovations, fuelled by Al, continue to expand digital finance, following
global technological evolution from early infrastructure building to modern digital and
post-crisis FinTech growth. However, challenges exist. Al systems require large, high-
quality datasets, yet data gaps, hidden biases, and weak regulatory frameworks can
undermine fairness and consumer protection (Sundblad, 2018; Harkut & Kasat, 2019).
Financial institutions also hesitate to rely fully on automated systems without human
oversight, creating tension between automation and risk management (Deloitte, 2018).

The theoretical foundation for analysing financial inclusion in East Africa can be
explained through the Theory of Technological Diffusion, which suggests that new
technologies spread more quickly in populations with stronger infrastructure and
literacy (Lai, 2017). This aligns with empirical findings showing higher mobile money
adoption in urban areas and among men in Kenya, Rwanda, Tanzania, and Uganda
(Central Bank of Kenya, 2018; National Bank of Rwanda, 2019). Mobile money
remains a critical driver of financial inclusion across the region (Jacobs et al., 2018).
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Figure.2: Individuals Saving in East Africa (Lotto 2018)

Financial inclusion has grown significantly across East Africa due to the rapid adoption
of mobile money. In Kenya, access to financial services increased from 30% in 2006 to
86.2% in 2018, with over 90% of adults using mobile money. Rwanda shows similar
trends, with financial inclusion rising to 60.9% in 2018 and nearly 90% of adults using
mobile money. Tanzania and Uganda also report high mobile money usage over 85%
and 80% respectively which has helped low-income households and small businesses
access financial services. Recent empirical studies have explored machine learning as
a tool for predicting financial inclusion. Algorithms such as decision trees, random
forests, and SVMs have shown strong predictive performance, though limitations exist
due to small datasets and varying country contexts. Al-based models have also been
used successfully in other countries, suggesting opportunities for targeted financial
interventions. Research further shows that mobile money adoption depends on
infrastructure, agent networks, financial literacy, and demographic factors. Urban
populations and men consistently exhibit higher adoption rates. Mobile money has
improved access to savings, credit, and remittances, reduced transaction costs, and
increased transaction speeds.

Literature also highlights the importance of digital financial inclusion, as traditional
banking often excludes low-income populations. Al and big data enable alternative
credit scoring using non-traditional information, helping expand access. However,
challenges such as data quality, algorithmic bias, regulatory gaps, and reluctance to rely
fully on automation still hinder AI’s full potential. Studies in other regions show that
factors such as education, age, gender, income, and regulatory environments also
influence financial inclusion. Machine learning models have proven effective for credit
risk assessment, borrower classification, and predicting loan defaults, often
outperforming traditional statistical methods.
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Methodology

This study used Kaggle survey data from Kenya, Rwanda, Tanzania, and Uganda,
covering 23,525 respondents and 13 attributes. Data preprocessing includes cleaning,
feature selection, handling missing values, encoding categorical variables, balancing
classes, splitting into training/testing sets, and scaling features. Several machine
learning algorithms including Logistic Regression, Naive Bayes, Random Forest,
Decision Tree, Gradient Boosting, XGBoost, SVM, KNN, and Multinomial Logistic
Regression are developed and evaluated through cross-validation. The best-performing
model is tuned using hyperparameter optimization and assessed using accuracy,
precision, recall, and F1-score.

Data Analysis

This involves identifying key features that drive financial inclusion and evaluating
model predictions. Descriptive statistics summarize demographic and socio-economic
characteristics such as gender, education, age, location, and access to financial services.
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Figure 3 Data information
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Results

The output presented provides a summary of all columns in the dataset, detailing their
respective data types and the count of non-null values for each column. Furthermore, |
was able to determine the presence of null values within the dataset as we know that
the total number of rows is 23,524, with a specific count of 13 rows containing null
values.

Table 1 data showing total number of Columns and rows.

No. Variable/Columns Data Context
Type
0. Country Object Uganda, Tanzania, Kenya, Rwanda
1. Year Int64 2016 — 2018
2. Uniqueid Object Identifier specific to each interviewee
3. Has a Bank Object Yes, No
account
4. Type of location Object Urban, rural
5. Cell Phone Access Object If the interviewee is in possession of a cell phone:
Yes/No
6. Household size Float64 number of residents per household
7. Respondent Age Float64 The interviewee's age
8. Gender of Object Male or Female
respondent
9. The relationship Object Relationship with Other non-relatives, Spouse, Head
with Head of Household,  Child/Children, Parent, Other
relative, Don't know
10. Marital status Object Divorced/Separated, Single/Never Married,
Widowed, Married/Living together, Don’t know.
11. Level of Object Vocational/Specialised  training, no  formal
Education education,  Primary  education,  Other/Dont
know/RTA, Secondary education,  Tertiary
education.
12. Type of job Object Government Dependent, Formally employed Private,

Self-employed, Remittance Dependent, Formally
employed Government,, Informally employed,
Other Income, Farming and Fishing, No Income,
Don’t Know/Refuse to answer.
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Exploratory Data Analysis

Exploratory Data Analysis (EDA) involves visually examining a dataset to extract
significant insights. It is a powerful approach that enables us to obtain the most
comprehensive understanding of the dataset by utilizing diverse charts and graphs.
Building our model
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Figure 0
The dataset was splitted into features and target variables.
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Figure 5 Boxplot Visual representation of Algorithm Performance on Financial
Dataset.

Result.

The resulting visualization displays the distribution of results for each algorithm,
allowing for a visual comparison of their performance on the financial dataset. The box
plot shows that Gradient Boosting classifier has the best performance.

Precision: Precision measures how many of the instances predicted as positive are
actually positive. High precision means few false positives.

Recall: Recall measures how many of the actual positive instances a model correctly
identifies. High recall means the model misses very few positive cases.

F1 Score: The F1 score is the harmonic mean of precision and recall:
F1 =2 x (precision x recall) / (precision + recall)

It balances both metrics and is useful when precision and recall are equally important.
Accuracy: Accuracy is the proportion of all correct predictions (both positive and
negative) out of all instances.
Accuracy = (TP +TN) /(TP + FP + TN + FN)
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It shows overall correctness but can be misleading when classes are imbalanced.
Support: Support is the number of data samples belonging to each class. It helps
interpret evaluation metrics, especially in imbalanced datasets where a class with low
support may result in unreliable performance scores.
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Figure 6 Model confusion matrix showing target variable class performance.

The model properly anticipated most of the data, as was demonstrated above. All
indicators for evaluation are excellent. It was observed that false negative (FN), or the
proportion of real values that are accurate but were projected to be negative. A false
positive (FP) occurs when a value is projected to be positive but really turns out to be
negative. The true positive (TP) displays the positively predicted instances, whereas the
true negative (TN) displays the negatively predicted instances. The values for True
Positive (TP), True Negative (TN), False Negative (FN), and False Positive (FP) are
0.35, 0.97, 0.65, and 0.027, respectively.
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Figure 7 ROC curve for Logististic Regression.
The area under curve (AUC) value indicates how well a model performs and 85% of
the respondent satisfaction level can be reliably predicted by this model.
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Figure 8 Accuracy performance for Logistic Regression.

The false negative (FN), or number of true actual values but were projected to be
negative, can be seen in the confusion matrix below. A false positive (FP) occurs when
a value is projected to be positive but really turns out to be negative. The true positive
(TP) displays the positively predicted instances, whereas the true negative (TN)
displays the negatively predicted instances. The values for True Positive (TP), True
Negative (TN), False Negative (FN), and False Positive (FP) are 0.35, 0.97, 0.65, and
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0.031, respectively.
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Figure 9 Model confusion matrix showing target variable class performance.
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Figure 10 ROC Curve for Decision Tree
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Figure 11. Accuracy performance for Decision Tree

The false negative (FN), or number of true actual values but were projected to be
negative, can be seen in the confusion matrix below. A false positive (FP) occurs when
a value is projected to be positive but really turns out to be negative. The true positive
(TP) displays the positively predicted instances, whereas the true negative (TN)
displays the negatively predicted instances. The values for True Positive (TP), True
Negative (TN), False Negative (FN), and False Positive (FP) are 0.37, 0.97, 0.63, and
0.033, respectively.
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0.37
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Figure 12 Model confusion matrix showing target variable class performance.
The area under curve (AUC) value indicates how well a model performs and 84% of
the respondent satisfaction level can be reliably predicted by this model.
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Figure 13 ROC for Random Forest Classier

AF

E_EE = e
& _ 8 a.&7 &_3a L
& _H a.== &_8 L

Figure 14 Accuracy performance for Random Forest Classier

The false negative (FN), or number of true actual values but were projected to be
negative, can be seen in the confusion matrix below. A false positive (FP) occurs when
a value is projected to be positive but really turns out to be negative. The true positive
(TP) displays the positively predicted instances, whereas the true negative (TN)
displays the negatively predicted instances. The values for True Positive (TP), True

Negative (TN), False Negative (FN), and False Positive (FP) are 0.34, 0.98, 0.66, and
0.025, respectively.
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Figure 15 Model confusion matrix showing target variable class performance.
The area under curve (AUC) value indicates how well a model performs and 86% of
the respondent satisfaction level can be reliably predicted by this model.
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Figure 16 ROC curve for Gradient Boosting Classifier
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Figure 17 accuracy for Gradient Boosting Classifier

The false negative (FN), or number of true actual values but were projected to be
negative, can be seen in the confusion matrix below. A false positive (FP) occurs when
a value is projected to be positive but really turns out to be negative. The true positive
(TP) displays the positively predicted instances, whereas the true negative (TN)
displays the negatively predicted instances. The values for True Positive (TP), True
Negative (TN), False Negative (FN), and False Positive (FP) are 0.37, 0.97, 0.63, and

0.03, respectively.
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Figure 18 Model confusion matrix showing target variable class performance.
The area under curve (AUC) value indicates how well a model performs and 86% of
the respondent satisfaction level can be reliably predicted by this model.
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Figure 19 ROC Curve for XGBoosting classifier
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Figure 20 Accuracy performance for XGBoosting classifier

The false negative (FN), or number of true actual values but were projected to be
negative, can be seen in the confusion matrix below. A false positive (FP) occurs when
a value is projected to be positive but really turns out to be negative. The true positive
(TP) displays the positively predicted instances, whereas the true negative (TN)
displays the negatively predicted instances. The values for True Positive (TP), True
Negative (TN), False Negative (FN), and False Positive (FP) are 0.33, 0.98, 0.67, and
0.023, respectively.
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Figure 21 Model confusion matrix showing target variable class performance
The area under curve (AUC) value indicates how well a model performs and 79% of
the respondent satisfaction level can be reliably predicted by this model.
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Figure 22 ROC Curve for Support Vector Classifier

Figure 23. Accuracy performance for Support Vector Classifier

The false negative (FN), or number of true actual values but were projected to be
negative, can be seen in the confusion matrix below. A false positive (FP) occurs when
a value is projected to be positive but really turns out to be negative. The true positive
(TP) displays the positively predicted instances, whereas the true negative (TN)
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displays the negatively predicted instances. The values for True Positive (TP), True

Negative (TN), False Negative (FN), and False Positive (FP) are 0.37, 0.96, 0.63, and
0.042, respectively.

Confusion Matrix - KNMN
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Figure 24 Model confusion matrix showing target variable class performance.
The area under curve (AUC) value indicates how well a model performs and 79% of
the respondent satisfaction level can be reliably predicted by this model.
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Figure 25 ROC Curve for K- Nearest Neighbour Classifier
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Figure 26 Accuracy performance for K- Nearest Neighbour Classifier

The false negative (FN), or number of true actual values but were projected to be
negative, can be seen in the confusion matrix below. A false positive (FP) occurs when
a value is projected to be positive but really turns out to be negative. The true positive
(TP) displays the positively predicted instances, whereas the true negative (TN)
displays the negatively predicted instances. The values for True Positive (TP), True

Negative (TN), False Negative (FN), and False Positive (FP) are 0.48, 0.93, 0.52, and
0.066, respectively.
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Figure 27 Model confusion matrix showing target variable class performance.

This model predicts 83% of respondent satisfaction using its AUC value.
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Figure 28 ROC Curve for Gaussian NB
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Figure 29 Accuracy performance for Gaussian NB
The model anticipated most of the data properly. Starting with accuracy, precision,
recall, and F1 score, all evaluation indicators are excellent.

False negatives (FN) are visible in the confusion matrix below. False positives (FPs)
occur when the actual value is negative yet expected to be positive. True positive (TP)
and true negative (TN) reflect correctly predicted positive and negative events,
respectively. The values of True Positive (TP), True Negative (TN), False Negative
(FN), and False Positive (FP) are 0.33, 0.98, 0.67, and 0.023, respectively.

Figure 30 Model confusion matrix showing target variable class performance.
The area under curve (AUC) value indicates how well a model performs and 85% of
the respondent satisfaction level can be reliably predicted by this model.
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Figure 31 ROC Curve for Multinomial Logistic Regression
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Figure 32 Accuracy performance for Multinomial Logistic Regression

Model Accuracies

Accuracy

GMNEB DT RF KNN LR XGBMLRSVC GB
Models

Figure 33 Model Accuracies performance

Model Comparison
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Figure 34 Model Comparison performance

As we can see from the Model Comparison and Model Accuracies, we have discovered
that the Highest performed model is Gradient Boosting as Those that achieve 88.96%
accuracy. We used machine learning techniques to estimate whether a person has a bank
account. Some classifier algorithms are Logistic Regression, Naive Bayes, Random
Forest Classifier, Decision Tree, Gradient Boosting, XGBoost, SVM, and K-Nearest
Neighbours. The highest and outperformed model is Gradient Booting Model.

Figure 35 Correlation Chart of Performance.
We can see that the variables most highly correlated to our y- varaiable are:
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Figure 36 Correlation performance of dependent and independent variables

Result.

The above correlation matrix is visualized using a heatmap, with each cell color-coded
based on its correlation value. The ‘annot=True' parameter adds the numerical values to
the heatmap cells. Finally, the title 'Correlation Matrix for Financial Inclusion in East
Africa’ is added to the heatmap, and it is displayed using the 'plt. show ()' command.
The large figure size of (80,60) ensures that the heatmap is displayed in a clear and
legible manner.
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Figure 37 Feature Importance Chart indicators

Summary.
The above feature importance diagram shows that education level predicts financial
inclusion.

218



Journal of the Management Sciences, Vol. 62 (2) Nove,ber, 2025 - Adesanya, A.O. & Emilia, V.Y.

Discussion and Conclusion

The study developed a machine learning model to predict financial inclusion in East
Africa using demographic and economic data. After preprocessing, balancing the
dataset, and testing nine machine learning algorithms, Gradient Boosting achieved the
highest accuracy (0.889667). Key determinants of financial inclusion included
education level, type of employment, cell phone access, and relationship to the
household head.

The findings provide actionable insights for policymakers and financial institutions,
emphasizing the need to improve access to education, expand mobile phone
penetration, and design financial services tailored to different occupational groups.
Although Gradient Boosting performed best, other models also showed strong accuracy
and offer additional insights for enhancing financial inclusion across the region.
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