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Abstract

Despite global immunization efforts, 14.3 million children remain "zero-dose" worldwide as
of 2024, with Sub-Saharan Africa bearing the highest burden. While Uganda has achieved
82-89% DTP3 coverage, significant disparities persist with only 54% of children achieving
full immunization. This study leveraged data science methodologies to investigate childhood
vaccination patterns in Bandaali ward and Kizungu, Nakifuma Subcounty, Uganda, addressing

critical gaps in precision public health.

The research was guided by three objectives: to identify factors associated with vaccination
status, develop predictive models, and propose evidence-based strategies for improving coverage.
A mixed-methods approach utilized primary data from 115 caregivers and children, followed by
statistical analysis and systematic evaluation of machine learning algorithms, including Gradient

Boosting and Random Forest models.

Factor analysis revealed three distinct barrier profiles associated with childhood vaccination
status. Zero-dose children (10.4% of the sample) were significantly associated with barriers
related to caregiver and systemic access: caregiver relationship dynamics (p < 0.05), negative
health worker attitudes (p < 0.05), excessive waiting times (p < 0.05), and low perceived
vaccine importance (p < 0.05). Partially vaccinated children (40.9% of the sample) were
associated with a profile of logistical and demographic factors, showing strong associations
with child age (p < 0.001), caregiver age (p < 0.002), and vaccine stock availability issues (p <
0.03). Finally, fully immunized children (48.7% of the sample) were characterized primarily by

the behavioral factor of vaccination card possession (p < 0.005).

Predictive modeling demonstrated exceptional performance for identifying zero-dose children,
with Logistic Regression and Gradient Boosting achieving perfect classification scores (1.00).
The Random Forest model emerged as the optimal overall, achieving 0.97 accuracy for zero-dose,
0.74 for partially vaccinated, and 0.94 for fully immunized children. Feature importance analysis

confirmed health system quality as a primary predictor for zero-dose status.

Evidence-based recommendations include targeted interventions addressing health worker attitudes
for zero-dose children, supply chain strengthening for partially vaccinated children, and documentation

improvements for sustaining full immunization. The validated predictive model provides a

iv



practical tool for proactive identification of at-risk children, enabling resource-efficient interventions.
This study offers a scalable methodological framework for applying data science to vaccination

challenges in resource-limited settings.

Keywords: childhood vaccination, zero-dose children, machine learning, predictive modeling,

public health, Uganda, immunization coverage, data science
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General Introduction

Global Childhood Vaccination Landscape

Childhood immunization stands as one of the most effective public health interventions, yet
it continues to face significant challenges. As of 2024, approximately 14.3 million children
worldwide are "zero-dose," having never received a single vaccination, while coverage of the
third dose of diphtheria, tetanus, and pertussis (DTP3) reached only 85% globally (World Health
Organization, 2024). The global vaccination landscape has been particularly affected by the
COVID-19 pandemic, which caused a stagnation in coverage. During 2022-2023, global coverage
with the first and third doses of diphtheria-tetanus-pertussis-containing vaccine (DTPcv) (89%
and 84Y%, respectively) and the first dose of measles-containing vaccine (MCV 1) (83%) stagnated
and remained lower than pre-pandemic levels (World Health Organization, 2024). A critical
issue contributing to incomplete coverage is the concept of missed opportunities, which occur

when a child visits a health facility but fails to receive all the vaccines they are due for.

Regional Context: Sub-Saharan Africa

Sub-Saharan Africa bears the highest burden of unvaccinated children globally, with numbers
rapidly increasing in many countries. In half of the affected countries, the number of unvaccinated
children expanded rapidly from 3.6 million in 2019 to 5.4 million in 2024, underscoring the
urgent need for humanitarian responses that include immunization services (Bangura et al.,
2020). The challenges are complex, stemming from inadequate healthcare infrastructure, conflict,
limited resources, and geographic barriers. Even with support from organizations like Gavi, the
Vaccine Alliance, achieving equitable coverage is an ongoing struggle, particularly in rural and

marginalized communities where zero-dose children are most concentrated.

Machine Learning Revolution in Healthcare and Vaccination

Programs

The healthcare sector has been revolutionized by the adoption of artificial intelligence (Al) and

machine learning (ML). In the area of vaccine development, ML has dramatically accelerated



timelines from years to months by analyzing vast datasets to identify potential vaccine candidates
(Goodswen et al., 2023). Beyond development, predictive analytics—a core application of
machine learning—is proving instrumental in addressing coverage gaps. Feasibility studies
and research from African contexts have demonstrated that these algorithms can accurately
identify children at high risk of defaulting on their vaccination schedules (Asnake et al., 2025);
(Nantongo et al., 2024). Studies have successfully employed various machine learning approaches,
showing that geographic factors are particularly significant for predicting vaccine uptake (Wasswa

et al., 2025).

Uganda’s Vaccination Landscape

Uganda has made significant strides in childhood immunization, which has contributed to a
notable decline in child mortality (Gavi, the Vaccine Alliance, 2024b). However, achieving
universal vaccination coverage remains a challenge. Current statistics indicate that on average,
only 54% of Ugandan children are fully immunized, with varying rates for specific vaccines
(Gavi, the Vaccine Alliance, 2024b). While the percentage of zero-dose children has decreased
from 8% in 2000 to 2.2% in 2016, no region in Uganda has achieved an under-vaccination rate
below 20% (Uganda Bureau of Statistics, 2016); (Ssebagereka et al., 2024). The burden of
incomplete vaccination is substantial, with a recent analysis estimating that households with
zero-dose children account for 13% of all deaths among children under five (Gavi, the Vaccine
Alliance, 2024a). To address these issues, data-driven initiatives are now being used to systematically
track and reach zero-dose children through more precise, evidence-based approaches (Gavi, the

Vaccine Alliance, 2024a).

Detailed Definition of Vaccination Status Categories

Understanding vaccination status requires precise definitions. Zero-dose children are those who
have not received a single routine dose by 12 months of age (Uganda Bureau of Statistics, 2016).
They are at the highest risk for vaccine-preventable diseases. Partially vaccinated children
have received some but not all of the recommended vaccines for their age, often due to missed
appointments or supply issues. In contrast, fully immunized children have received all age-appropriate
vaccines according to their national schedule by their first birthday, which in Uganda’s context

includes a list of specific vaccines given at various ages (World Health Organization, 2024).



The Promise of Data Science in Addressing Vaccination Gaps

The integration of data science offers unprecedented opportunities to understand and address
vaccination coverage gaps. By processing complex, multidimensional datasets, machine learning
models can identify patterns that traditional statistical methods might miss (Asnake et al., 2025).
These models can incorporate a wide range of factors, from demographics and socioeconomic
status to healthcare system variables and geographic data, to predict vaccination outcomes with
high accuracy. This capability allows public health programs to shift from broad, untargeted
interventions to proactive, precise strategies that focus on at-risk populations and optimize the

use of limited resources for maximum impact.

Study Rationale and Local Context

Given the complex national and regional context, there is a clear need for localized studies
that can inform community-level interventions. This research focuses on the communities of
Bandaali ward and Kizungu, which represent typical rural Ugandan communities facing unique
challenges such as limited healthcare infrastructure and economic constraints. By applying data
science approaches to this specific local context, the study aims to generate targeted insights that
can not only improve vaccination coverage within these communities but also inform broader
strategies for addressing similar challenges across Uganda and Sub-Saharan Africa. This localized
approach to precision public health maximizes impact by tailoring solutions to the specific

barriers and opportunities of a given area.



Chapter 1

Introduction

1.1 Background

Childhood immunization is one of the most effective and cost-effective public health interventions,
credited with preventing millions of deaths annually from infectious diseases. Despite significant
global progress, universal vaccination coverage remains an elusive goal. International bodies
like the World Health Organization (WHO), UNICEF, and Gavi continue to grapple with persistent
coverage gaps, which have been exacerbated by recent global events, including the COVID-19
pandemic. These disruptions have strained an already fragile immunization infrastructure, leading
to a resurgence of vaccine-preventable diseases and leaving millions of children vulnerable.
The challenge is particularly acute in low- and lower-middle-income countries, where logistical,
socioeconomic, and systemic barriers often prevent children from receiving their full course of

recommended vaccines.

Understanding childhood vaccination status requires clear categorization. Zero-dose children
are those who have not received any routine vaccination by 12 months of age, representing the
most vulnerable population with no contact with immunization services. Partially vaccinated
children have received some but not all recommended vaccines according to their national immunization
schedule, indicating interrupted or incomplete vaccination series. Fully immunized children
have received all age-appropriate vaccines by their first birthday, achieving optimal protection
against vaccine-preventable diseases. These classifications form the foundation for tracking

immunization progress and designing targeted interventions.

1.2 Problem Statement

Despite significant progress in childhood vaccination, global efforts faced considerable setbacks.
In 2024, an estimated 14.3 million infants did not receive an initial dose of the Diphtheria-Tetanus-Pertussis
(DTP1) vaccine, with an additional 5.6 million being partially vaccinated, totaling 19.9 million

children worldwide who remained vulnerable to vaccine-preventable diseases due to persistent



access gaps (World Health Organization, 2024). Notably, approximately 55% of these children
resided in just 10 countries. The severity of this challenge was further emphasized by historical
data, which showed that in 2018, an alarming 700,000 deaths among children under five were

attributed to vaccine-preventable diseases (Lawrence, 2021).

Concerns mounted as global health bodies warned that outbreaks of vaccine-preventable diseases
including measles, meningitis, and yellow fever were on the rise, with measles cases alone
reaching an estimated 10.3 million in 2023. This alarming trend was exacerbated by a global
funding crisis, which led to nearly half of low- and lower-middle-income countries experiencing
moderate to severe disruptions in vaccination campaigns and routine immunization (WHO and

Gavi, 2025).

Behind Uganda’s seemingly stable DTP3 vaccination rates (82—89%, 2011-2022) lay a troubling
reality: hundreds of children still died from preventable diseases like rotavirus. The COVID-19
pandemic further strained an already fragile system. As UNEPI’s Dr. Michael Baganizi explained,
"We’re fighting blind. Until we map exactly where zero-dose children live and understand why

they’re missed, our interventions are just shots in the dark" (Agaba, 2024).

The critical gap in current approaches lay in insufficient understanding of specific factors that
differentiated zero-dose, partially vaccinated, and fully immunized children in local contexts.
While traditional public health approaches relied on broad demographic analyses, there was a
notable absence of sophisticated data science methodologies in Uganda’s vaccination programs.
Unlike other sectors such as banking and telecommunications where machine learning algorithms
were routinely used for predictive analytics, Uganda’s health sector had yet to fully harness these
technologies for vaccination coverage prediction. Current identification strategies employed
broad approaches that lacked the precision offered by modern data-driven methodologies, and
there remained an absence of evidence-based strategies specifically designed to transition children
from zero-dose and partially vaccinated status to fully immunized status. This represented a
significant missed opportunity, as machine learning had demonstrated remarkable success in
healthcare applications globally, including predicting patient outcomes, optimizing resource

allocation, and identifying at-risk populations.



1.3 Justification of the Study

This research addressed the critical importance of childhood vaccination in preventing serious
diseases and safeguarding global public health. Despite significant progress and global efforts to
improve vaccination coverage, the alarming reality persisted: 19.9 million children worldwide
remained zero-dose or partially vaccinated, leaving them vulnerable to preventable diseases

(World Health Organization, 2024).

The fundamental challenge impeding effective intervention was threefold, directly aligning with
the research objectives. Stakeholders lacked comprehensive understanding of the specific factors
that contributed to different vaccination statuses. While broad demographic and socioeconomic
factors were often cited, there was insufficient granular analysis of how these factors specifically
differentiated zero-dose children, partially vaccinated children, and fully immunized children at
the community level. Additionally, current identification strategies employed broad approaches
that lacked the precision offered by modern data-driven methodologies. There was an urgent
need for predictive models that could accurately determine a child’s vaccination status using
locally relevant factors, enabling proactive identification of at-risk children before vaccination
opportunities were missed. Finally, evidence-based intervention strategies specifically designed
to increase fully vaccinated status were lacking. Most current approaches used generalized
interventions rather than targeted recommendations based on predictive insights about local

vaccination patterns and barriers.

This research gained particular urgency when examining Uganda’s context, where DTP3 vaccine
coverage had fluctuated and where the COVID-19 pandemic intensified existing immunization
disruptions. Specifically, Bandaali ward and Kizungu within Nakifuma Subcounty served as an
ideal representative cross-section for investigating these challenges, as this area embodied three
critical characteristics: high population mobility patterns, mixed urban, peri-urban, and rural

demographics, and documented vaccination access disparities.

By employing advanced data science techniques within this localized context, the study generated
comprehensive factor analysis to identify specific determinants of vaccination status, developed
precision predictive models for accurate vaccination status determination, and created evidence-based
intervention strategies tailored to increase fully vaccinated children in Nakifuma. The resulting
evidence base enabled health authorities to transition from blanket interventions to precisely

targeted strategies, ultimately improving vaccination equity and coverage.



1.4 Research Questions

The research questions were specifically designed to align with the three main objectives and

expected outputs.

1. What were the key socio-economic, demographic, geographic, and health system factors
that significantly differentiated zero-dose children, partially vaccinated children, and fully
immunized children? The output of this question was to identify the factors that contribute
to vaccination status, specifically for Zero dose, partially, and Fully Immunized children

0, 5, 10).

2. How accurately can machine learning algorithms predict a child’s vaccination status using
the identified contributing factors in the study area? The output of this question was to

create a predictive model to determine vaccination statuses.

3. What specific, evidence-based intervention strategies could be developed from the predictive
model insights to systematically increase the proportion of fully immunized children?
The output of this question was to provide recommendations to increase fully vaccinated

statuses among children in Nakifuma.

1.5 Objectives of the Study

This study had three interconnected objectives designed to generate specific, actionable outputs.

1. To identify factors associated with zero-dose, partially vaccinated, and fully immunized

children.

2. To identify a predictive model that accurately determined children’s vaccination status

using identified factors in the study area.

3. To propose evidence-based strategies to increase vaccination uptake to fully immunized

status in Nakifuma Subcounty.

1.6 Hypotheses
The study was guided by three specific hypotheses corresponding to each objective.

Null Hypothesis (Hp, ): There is no significant association between socioeconomic, demographic,

geographic, and healthcare access factors and children’s vaccination status.



Alternative Hypothesis (H,,): Machine learning models, specifically supervised algorithms like
Random Forest, can accurately predict children’s vaccination status using the identified factors

in the study area.

Null Hypothesis (Hy,): Evidence-based strategies informed by predictive model insights and

factor analysis findings do not significantly increase the proportion of fully immunized children.

1.7 Contributions of the Study

This research was expected to make specific contributions aligned with the three main objectives.

To knowledge, the study aimed for a comprehensive understanding of the specific factors that
differentiated vaccination statuses in rural Ugandan contexts, a methodological contribution to
applying machine learning for vaccination status prediction in resource-limited settings, and

evidence on the effectiveness of data science approaches for precision public health interventions.

To practice, the research aimed to provide a validated machine learning model for identifying
vaccination status that could be implemented by health workers and program managers, a practical
framework for transitioning children from incomplete to complete vaccination status, and a
scalable methodology that could be adapted to similar communities across Uganda and Sub-Saharan

Africa.

To policy, the study sought to provide evidence-based recommendations for resource allocation
targeting zero-dose and partially vaccinated children, policy guidance for implementing predictive
analytics in routine immunization programs, and strategic insights for achieving universal vaccination

coverage through precision interventions.

Finally, to the community, the research was expected to lead to direct improvement in childhood
vaccination coverage in Bandaali ward and Kizungu through targeted interventions, enhanced
equity in vaccination access through identification and support of the most vulnerable children,
and sustainable improvement in community health outcomes through evidence-based vaccination
strategies. Each contribution directly supported the overarching goal of increasing fully immunized

children while addressing the specific gaps identified in zero-dose and partially vaccinated populations.



Chapter 2

Literature Review

2.1 Overview of Childhood Vaccination

Vaccination has been recognized as one of the most successful public health measures globally
for safeguarding people from vaccine-preventable diseases (World Health Organization, 2024).
Despite its proven efficacy, global efforts face considerable setbacks, with millions of children
remaining ”zero-dose” (having received no routine vaccinations) or partially vaccinated, increasing
their vulnerability to diseases. These persistent challenges stem from a complex interplay of
factors, including socioeconomic inequities, and geographic inaccessibility, as well as issues
with access to health facilities and services, and the influence of cultural beliefs and religious

practices (World Health Organization, 2024).

2.1.1 Defining Zero-Dose, Partially Vaccinated, and Fully Inmunized Children

The concept of ”zero-dose” children, defined as those who have not received any routine vaccinations,

is central to understanding immunization gaps (Cata-Preta et al., 2021; World Health Organization,

2024). Similarly, partially vaccinated” children are those who have received some vaccinations

but have not completed their full immunization schedule. Fully immunized children have received

all age-appropriate vaccines by their first birthday, achieving optimal protection against vaccine-preventable

diseases.

A consistent variable used to establish a child’s immunization status (zero-dose, partially vaccinated,
or fully immunized) is the presence and completeness of a vaccination card, reflecting doses
received at different age brackets (Qazi et al., 2020). For this research, the vaccination information,
including specific vaccine doses as shown in Table 1 below, will be core indicators for determining

a child’s status.

Studies, such as that by (Qazi et al., 2020) in Pakistan, highlight the complexity of record-keeping
and tracking child vaccinations, emphasizing the importance of vaccination cards for establishing

immunization status. In contexts like Uganda, challenges in record-keeping, often attributed



Table 2.1: Vaccination Schedule for Children in Uganda

Vaccine Age at Dosing | Dose Count
BCG At birth 1
OPV-0 At birth 1
DTP-HepB-Hib-1 (Pentavalent-1) | 6 weeks 1
PCV-1 6 weeks 1
Rota-1 6 weeks 1
DTP-HepB-Hib-2 (Pentavalent-2) | 10 weeks 1
PCV-2 10 weeks 1
Rota-2 10 weeks 1
DTP-HepB-Hib-3 (Pentavalent-3) | 14 weeks 1
PCV-3 14 weeks 1
1PV 14 weeks 1
Measles-Rubella-1 (MR-1) 9 months 1
Vitamin A 9 months 1
Measles-Rubella-2 (MR-2) 18 months 1

to staff shortages and a lack of awareness regarding the importance of complete data capture,
can lead to incomplete medical records. The manual nature of data capture in many health
facilities, relying on tools like register books and tally sheets, further exacerbates these issues,
making precise patient-level data retrieval cumbersome and contributing to children slipping
into under-immunized categories. Understanding the “immunization cascade” and the pathways
that lead to children becoming zero-dose or partially vaccinated is crucial for designing effective

interventions (Cata-Preta et al., 2021).

2.2 Factors Associated with Children’s Vaccination Status

2.2.1 Child-Specific Demographic Factors

Child age represents a critical determinant of vaccination status, with age-specific patterns reflecting
both vaccination schedules and cumulative dropout rates. The combined age in months provides
precise measurement for vaccination eligibility and schedule adherence assessment. Younger
children may appear incompletely vaccinated simply due to not yet reaching the age for certain
vaccines, while older children who remain incompletely vaccinated often represent true vaccination
failures or missed opportunities (Adamu et al., 2019). The relationship between child age and
vaccination status follows complex patterns, with some studies showing improved coverage
with increasing age as children have more opportunities to receive delayed vaccines, while

others demonstrate declining coverage due to cumulative dropout from the vaccination program
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(Bangura et al., 2020).

Child gender shows variable associations with vaccination coverage depending on cultural context
and regional practices. While some studies identify male preference in vaccination (Rahman &
Obaida-Nasrin, 2010), others find no significant gender differences in contemporary settings
(Wasswa et al., 2025). In Uganda, gender disparities appear minimal in recent surveys, though
regional variations may persist, particularly in communities with strong cultural preferences for

male children (Uganda Bureau of Statistics, 2017).

2.2.2 Household Composition and Caregiver Characteristics

The number of children in a household significantly influences vaccination patterns through
resource allocation mechanisms and caregiver attention distribution. Households with more
children often demonstrate lower vaccination completion rates for later-born children due to
competing demands on caregiver time and household resources (Antai, 2009). Each additional
child in the household may reduce the probability of complete vaccination for all children as

caregivers struggle to manage multiple vaccination schedules and healthcare appointments.

Caregiver age influences vaccination decisions and follow-through patterns. Younger caregivers,
particularly those under 20 years, often demonstrate lower rates of vaccination completion due
to limited experience with healthcare systems and reduced confidence in navigating vaccination
schedules (Bangura et al., 2020). Conversely, adolescent caregivers may be more receptive to
health education messages, while older caregivers bring experience but may face competing

demands from larger households or established beliefs that resist new health information.

Caregiver relationship to the child fundamentally affects vaccination responsibility and decision-making
authority. Biological mothers typically demonstrate the highest rates of vaccination completion
compared to other caregivers including fathers, grandparents, or other relatives (Adamu et al.,
2019). This pattern reflects maternal primary responsibility for child healthcare in most cultural
contexts and greater emotional investment in child welfare outcomes. Non-parental caregivers
may face decision-making constraints or lack complete information about the child’s vaccination

history.

Caregiver education emerges as one of the most critical predictors of childhood vaccination
coverage across diverse settings. Caregivers with secondary or higher education demonstrate

significantly higher rates of child immunization completion compared to those with no formal
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education (Antai, 2009). The mechanism operates through multiple pathways including improved
health literacy, better understanding of vaccine importance, enhanced ability to navigate healthcare
systems, and greater confidence in interacting with health workers (Bbaale, 2013). In Uganda
specifically, caregiver secondary education increases odds of complete immunization by approximately

60% compared to no education.

Caregiver occupation and employment status significantly influence vaccination patterns through
multiple mechanisms. Formal sector employment correlates with higher immunization rates
due to better healthcare access, regular income streams, and often workplace health insurance
or benefits (Sserwanja et al., 2022). Agricultural occupations, which dominate rural Uganda,
present unique challenges including seasonal work patterns, time constraints during planting
and harvesting seasons, and variable income that affects healthcare affordability. Healthcare
workers and teachers as caregivers typically demonstrate very high vaccination completion rates

due to their professional knowledge and access to health information.

2.2.3 Socioeconomic Determinants

Household income represents one of the most consistently documented determinants of childhood
vaccination coverage globally. Higher income households demonstrate significantly better vaccination
completion rates compared to low-income families (Ssebagereka et al., 2024). The relationship
operates through improved ability to afford transportation costs, opportunity costs of time spent
seeking vaccination, indirect costs such as food and accommodation during facility visits, and
better overall access to quality health services (Ssebagereka et al., 2024). In resource-constrained
settings, even small costs associated with vaccination can create substantial barriers for the

poorest households.

2.2.4 Geographic and Access Factors

Residential area represents a fundamental determinant of vaccination access and completion,
with urban children consistently demonstrating higher vaccination rates compared to rural children
across sub-Saharan Africa (Bangura et al., 2020). Rural areas face multiple challenges including
greater distances to health facilities, limited transportation options, seasonal accessibility issues,
and often less reliable vaccine supply systems. Urban areas typically offer better healthcare

infrastructure, shorter distances to services, and more diverse transportation options.

Distance to health facilities shows consistent negative correlation with immunization rates across
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multiple African contexts. Each additional kilometer of distance significantly reduces the probability
of vaccination completion, particularly affecting rural populations where transportation costs
and time investments create substantial barriers for families (Obanewa & Newell, 2017). The
relationship is particularly pronounced for multi-dose vaccines that require multiple facility

visits, as distance barriers compound with each required visit.

Mode of transport to health facilities significantly affects vaccination completion rates. Families
with access to motorized transport (personal vehicles, motorcycles, or public transport) achieve
higher vaccination coverage compared to those relying on walking (Ministry of Health Uganda,
2019). In rural Uganda, motorcycle taxis (boda-boda) serve as crucial transport links to health
facilities, though costs can be prohibitive for frequent vaccination visits. Transportation challenges
interact with distance to create multiplicative barriers, particularly during rainy seasons when

road conditions deteriorate.

Geographic coordinates (latitude and longitude) provide precise location data that enables spatial
analysis of vaccination patterns and identification of geographic clusters of low coverage. Geographic
information systems analysis reveals spatial clustering of undervaccinated children, often related
to distance from health facilities, terrain challenges, or community-specific factors that create

localized barriers to vaccination access (PATH, 2018).

2.2.5 Documentation and Health System Factors

The availability and quality of a child’s vaccination card or record are fundamental to achieving
full immunization. A vaccination card serves as a crucial tool for both caregivers and health
workers to track a child’s vaccination schedule and ensure they receive all doses at the correct
intervals (Uganda Ministry of Health, 2020). The absence of a card, loss of the card, or incomplete
records are significant barriers, often leading to missed doses or re-vaccination, which can waste
resources and cause confusion. Studies from Uganda confirm that possession of a health card is

a strong predictor of complete vaccination coverage (Serwadda et al., 2014).

In Uganda, challenges in record-keeping, often attributed to staff shortages and a lack of awareness
regarding the importance of complete data capture, can lead to incomplete medical records. The
manual nature of data capture in many health facilities, relying on tools like register books
and tally sheets, further exacerbates these issues, making precise patient-level data retrieval

cumbersome and contributing to children slipping into under-immunized categories.

13



2.2.6 Knowledge, Attitudes, and Beliefs

Caregivers’ knowledge, attitudes, and beliefs about vaccines are central to their vaccination
decisions. Limited knowledge about the importance of vaccines, the national immunization
schedule, and the diseases they prevent can lead to low uptake (Ssempiira et al., 2021). Negative
attitudes, often fueled by misinformation or rumors, can result in vaccine hesitancy or refusal
(Uganda Ministry of Health, 2021). A caregiver’s belief in the safety and efficacy of vaccines is

a critical predictor of their child’s immunization status.

2.2.7 Water, Sanitation, and Hygiene (WASH) Factors

Access to improved water sources correlates with better vaccination coverage through multiple
mechanisms. Households with improved water access typically demonstrate better overall health-seeking
behavior, may have higher socioeconomic status, and experience reduced time burdens for water
collection that free caregivers for healthcare activities including vaccination visits (Bbaale, 2013).
The relationship also reflects general health consciousness and investment in preventive health

measures.

Toilet facility type serves as an indicator of household socioeconomic status, health awareness,
and investment in sanitation infrastructure. Households with improved sanitation facilities consistently
demonstrate higher vaccination rates compared to those using shared or unimproved facilities
(Sserwanja et al., 2022). The relationship operates through socioeconomic pathways, health

consciousness, and often correlates with education level and community development indicators.

Availability of handwashing facilities indicates household hygiene practices and health awareness.
Families with dedicated handwashing places show higher rates of vaccination completion, potentially
reflecting general attention to health and preventive practices (Budu et al., 2020). This variable

often correlates with education level, socioeconomic status, and overall health-seeking behaviors.

2.3 Predictive Modeling in Vaccination Coverage

Machine Learning Applications in Public Health

Machine learning algorithms increasingly demonstrate utility in predicting health outcomes and
identifying at-risk populations using comprehensive demographic, socioeconomic, geographic,

and behavioral variables. In vaccination contexts, supervised learning approaches enable identification
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of children likely to remain incompletely immunized based on readily available indicators including
caregiver characteristics, household factors, geographic location, and health system variables

(Nantongo et al., 2024).

Random forest algorithms show particular promise in vaccination prediction models using mixed
variable types including categorical variables (gender, residential area, caregiver occupation,
transport mode), continuous variables (child age, household income, distance to facility, waiting
times), and geographic coordinates. These ensemble methods effectively handle missing data,
identify complex interactions between variables like caregiver education and distance to facility,
and provide interpretable feature importance rankings that guide intervention targeting (Asnake
et al., 2025). Applications in immunization prediction achieve area under the curve (AUC)

values ranging from 0.75 to 0.92 across different settings.

Support vector machines and logistic regression models also demonstrate acceptable performance
in vaccination prediction tasks using similar comprehensive variable sets. Logistic regression
offers interpretable coefficients that facilitate policy translation of findings related to specific
factors like transport mode, health worker attitudes, or WASH indicators, while support vector
machines handle non-linear relationships between variables effectively (Nantongo et al., 2024).
Geographic variables can be incorporated through spatial modeling approaches that account for

spatial autocorrelation in vaccination outcomes.

2.3.1 Performance Metrics and Validation

Predictive model evaluation requires careful consideration of appropriate metrics given vaccination
coverage prediction objectives and class distribution in the vaccination status outcome variable.
Area under the receiver operating characteristic curve (AUC) provides threshold-independent
performance assessment, with values above 0.80 generally considered good discrimination for

identifying children at risk of incomplete vaccination (Hosmer et al., 2013).

Accuracy metrics require contextual interpretation given potential class imbalance in vaccination
datasets. When fully immunized children represent the majority class, high accuracy may mask
poor sensitivity for identifying incompletely vaccinated children who are the primary target
for interventions (Saito & Rehmsmeier, 2015). Precision, recall, and F1-scores provide more
balanced performance assessment for vaccination prediction models, particularly when identifying

zero-dose or partially vaccinated children is the priority.
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Cross-validation approaches ensure model generalizability across different populations, time
periods, and geographic areas. K-fold cross-validation, stratified sampling, and spatial cross-validation
help assess model performance on unseen data, crucial for deployment in public health settings
where models must perform reliably across diverse demographic groups and geographic contexts
(Roberts et al., 2017). Temporal validation using data from different collection periods provides

additional confidence in model stability.

2.3.2 Feature Selection and Interpretation

Variable selection in vaccination prediction models requires balancing predictive power with
data availability, collection feasibility, and policy relevance. Core variables like caregiver education,
household income, residential area, distance to facility, and vaccination card possession typically
provide strong predictive signal while remaining readily collectible in routine health surveys and

programmatic data systems (Nantongo et al., 2024).

Feature importance analysis reveals which factors most strongly predict vaccination status in
specific contexts. Variables related to healthcare access (transport mode, distance to facility,
health worker attitude, waiting time) often emerge as strong predictors alongside socioeconomic
factors (caregiver education, household income) and demographic characteristics (child age,
number of children in household). Knowledge and attitude variables (vaccine importance, vaccination
concerns) may provide additional predictive value, particularly in settings with significant vaccine

hesitancy (Lundberg & Lee, 2017).

Interaction effects between variables often enhance model performance and reveal important
policy insights. Caregiver education may interact with residential area and distance to facility,
creating distinct risk profiles for rural versus urban populations with different education levels.
Similarly, household income effects may vary by transport mode availability and distance, suggesting
that access interventions may have differential impacts across socioeconomic groups (Asnake
etal., 2025). Geographic coordinates enable spatial modeling of vaccination patterns and identification

of geographic clusters requiring targeted interventions.ns.

2.3.3 Spatial Analysis in Vaccination Modeling

Geographic coordinates (latitude and longitude) provide precise location data that enables spatial
analysis of vaccination patterns and identification of geographic clusters of low coverage. Geographic

information systems (GIS) analysis reveals spatial clustering of undervaccinated children, often
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related to distance from health facilities, terrain challenges, or community-specific factors that
create localized barriers to vaccination access (PATH, 2018). Integrating spatial data with
machine learning models allows for the development of spatially explicit predictive models that

can guide resource allocation to specific, high-risk areas.

2.4 Evidence-Based Strategies for Improving Vaccination Coverage

2.4.1 Targeted Intervention Approaches

Risk-stratified intervention strategies demonstrate superior cost-effectiveness compared to universal
approaches. Identifying high-risk children through predictive models using available demographic,
socioeconomic, geographic, and health system variables enables resource concentration on families
most likely to remain incompletely vaccinated (Nantongo et al., 2024). Targeting based on
caregiver education, residential area, distance to facility, household income, and health system

factors maximizes impact within constrained resource environments.

Documentation interventions addressing vaccination card possession show consistent positive
effects on completion rates. Providing vaccination cards, training caregivers on their importance,
and implementing card replacement programs increase follow-through for subsequent vaccination
visits by 15-30% across diverse settings (Binyaruka & Borghi, 2018). Digital vaccination records

and SMS reminder systems can supplement physical cards in areas with mobile network coverage.

Transportation support interventions address key access barriers identified in predictive models.
Providing transport vouchers, organizing mobile vaccination services, establishing community-based
vaccination points, or improving transportation infrastructure reduces distance and transportation
barriers that particularly affect rural populations and low-income households (Perry et al., 2017).

Geographic targeting using spatial analysis ensures interventions reach areas with greatest need.

2.4.2 Health System Strengthening

Supply chain optimization represents a foundational requirement for vaccination coverage improvement.
Ensuring consistent vaccine stock availability at health facilities directly determines coverage
potential, making stock management a priority intervention area (Mvunduraet al., 2015). Predictive
models incorporating stock status variables can identify facilities at highest risk of stock-outs for

targeted supply chain interventions and emergency resupply protocols.

Provider training focusing on attitude improvement, communication skills, and service efficiency
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enhances vaccination service quality and coverage. Competency-based training addressing respectful
patient interaction, clear communication about vaccine importance, efficient service delivery,

and reduced waiting times improves caregiver satisfaction and likelihood of vaccination completion
(Ryman et al., 2008). Regular supervision with feedback maintains skill levels, positive attitudes,

and adherence to service delivery standards.

Service delivery optimization reduces waiting times, improves efficiency, and addresses health
system barriers identified in predictive models. Implementing appointment systems, improving
workflow organization, ensuring adequate staffing during high-demand periods, and streamlining
registration and record-keeping processes address key barriers that influence vaccination completion
(Phillips et al., 2017). Quality improvement approaches can systematically address service

delivery factors that influence vaccination outcomes.

2.4.3 Community Engagement Strategies

Education campaigns targeting knowledge gaps about vaccine importance demonstrate effectiveness
in improving coverage rates among caregivers with low awareness or negative attitudes. Culturally
appropriate messaging delivered through trusted community channels addresses specific concerns
and misconceptions while reinforcing positive attitudes toward vaccination (Larson et al., 2014).
Message content should address local vaccination reasons, concerns, and challenges identified

through community assessment.

Addressing vaccination concerns through community dialogue and targeted education reduces
hesitancy and improves completion rates. Identifying and responding to specific safety concerns,
religious objections, or cultural barriers through respectful communication, evidence-based information,
and engagement with trusted community leaders builds confidence in vaccination programs
(Gavi, the Vaccine Alliance, 2023). Peer education and caregiver support groups leverage social

networks for positive influence.

Religious and cultural leader engagement leverages existing authority structures to promote
vaccination and address religious or cultural influences that may impede vaccination uptake.
Leader endorsement, participation in vaccination campaigns, and integration of vaccination
promotion into religious or cultural activities significantly increases community acceptance (Adamu
etal., 2019). This approach requires careful relationship building and ongoing engagement with

diverse community leadership structures.
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2.4.4 WASH and Nutrition Integration

Given the link between WASH, nutrition, and health outcomes, integrating these services with
immunization programs can lead to better health outcomes. For example, vaccination clinics can
also provide nutritional supplements and health education on hygiene practices. This integrated
approach not only improves vaccination coverage but also addresses the broader determinants

of child health, leading to more sustainable improvements in community well-being.

2.4.5 Geographic and Access Interventions

To overcome geographic barriers, strategies can include implementing mobile vaccination clinics
that reach remote communities, optimizing vaccination schedules to reduce the number of facility
visits, and leveraging GIS data to plan outreach activities and ensure that resources are allocated
to the areas with the highest need (PATH, 2018). Addressing transportation challenges, for
instance by partnering with local transport providers, can also significantly improve access to

vaccination services.

2.5 Theoretical Frameworks

2.5.1 Health Belief Model Application

The Health Belief Model (HBM) provides a useful framework for understanding caregiver decisions
regarding childhood vaccination. The model posits that health behaviors are influenced by an
individual’s perception of a health threat and their perceived benefits and barriers to taking
action (Rosenstock, 1974). In the context of this study, the HBM can be used to analyze how
caregivers’ perceptions of the severity and susceptibility to vaccine-preventable diseases, the
perceived benefits of vaccination, and the perceived barriers (e.g., costs, distance, fear of side
effects) influence their decision to vaccinate their children. This framework helps to identify

specific beliefs and perceptions that need to be addressed through public health interventions.

2.5.2 Social Ecological Model

The Social Ecological Model (SEM) provides a comprehensive framework for understanding
health behaviors by considering the complex interplay between individual, interpersonal, organizational,
community, and policy factors (McLeroy et al., 1988). In the context of vaccination, the SEM

helps to analyze the multiple levels of influence on a child’s immunization status. Atthe individual
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level, factors include the child’s age and gender and the caregiver’s knowledge and beliefs. At
the interpersonal level, social networks and family support can influence decisions. At the
community level, factors include access to health facilities and community beliefs. Finally, at the
policy level, national vaccination schedules and health policies play a crucial role. This model
provides a holistic view, helping to design multi-level interventions that address the diverse

barriers to vaccination.

2.6 Research Gaps and Study Justification

While the literature extensively documents the factors influencing childhood vaccination coverage,
several gaps remain that this study aims to address. First, there is a lack of localized studies that
use advanced data science methodologies to understand vaccination patterns at the community
level in rural contexts like Bandaali ward and Kizungu. Existing studies often rely on broad
national surveys, which may not capture the unique challenges and dynamics of specific local

communities.

Second, although predictive modeling is increasingly used in public health, its application to
tracking zero-dose and partially vaccinated children in a resource-limited setting like Uganda is
still nascent. There is a need for a validated, practical model that can be implemented by local

health authorities to guide their day-to-day immunization activities.

Finally, while many studies recommend general interventions, there is a lack of evidence-based
strategies that are specifically tailored to the insights derived from a predictive model. This
study will bridge this gap by not only identifying the factors and creating a model but also by
proposing actionable strategies that are directly informed by the model’s outputs, ensuring that

interventions are precise, efficient, and impactful.
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Chapter 3

Research Methodology

3.1 Introduction

This chapter outlines the research methodology employed to achieve the three primary objectives
of this study: identifying factors associated with different vaccination statuses among children
in Nakifuma Subcounty, developing a predictive model for vaccination status determination, and
proposing evidence-based strategies to improve vaccination coverage. The methodology adopts
a mixed-methods approach, integrating quantitative analysis with qualitative insights to provide

a comprehensive understanding of childhood vaccination patterns and their determinants.

3.2 Study Population

Nakifuma-Nagalaama Town Council, located within Mukono District, has an estimated total
population of 39,700 people based on Uganda Bureau of Statistics (UBOS) projections. The
target population for this study consists of children under 5 years, estimated using Uganda’s

demographic trends where 16-18% of the population are under 5 years.

Children Under 5 = 39,700 x 0.17 = 6, 750 3.1

For practical data collection purposes, the study focused on a representative subset of 1,000
children under 5 (approximately 15% of the estimated under-5 population) within the town
council’s health center catchment areas (Uganda Bureau of Statistics, 2024). This population

represents the accessible target population from which the study sample was drawn.

3.3 Sample Size Calculation

The sample size (n) was calculated using the finite population correction formula (Kadam &

Bhalerao, 2010):
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B NZ*p(1—p)
"TRIN -1+ 2201 —p) (3-2)

Where:
* N = 1,000 (target population size)
e 7 = 1.96 (95% confidence level)
* p = 0.5 (maximum variability)

* d = 0.05 (5% margin of error)

. 1000 x 3.8416 x 0.25 B 960.4 B
T 0.0025 x 999 + 3.8416 x 0.25  2.4975 + 0.9604

278 (3.3)

This calculation indicated a minimum required sample size of 278 children to achieve the desired

precision and confidence level for the study findings.

3.3.1 Achieved Sample Size

Despite the calculated requirement for 278 participants, the study achieved a sample size of
115 children due to data collection constraints and field challenges. The achieved sample size
represents approximately 41% of the calculated minimum requirement and remains adequate for

exploratory analysis and insights into vaccination patterns within the study area.

3.4 Research Design

This study employed a cross-sectional analytical design utilizing secondary data analysis of
vaccination records collected in Nakifuma Subcounty. The research design incorporates both
descriptive and inferential statistical methods, complemented by machine learning techniques

for predictive modeling. The mixed-methods approach allows for triangulation of findings,
enhancing the validity and reliability of conclusions drawn from the analysis. The research
follows a systematic four-phase analytical framework designed to address each study objective
sequentially while building upon previous findings. This structured approach ensures comprehensive
coverage of all research questions while maintaining methodological rigor throughout the analytical

process.
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3.5 Data Source and Variables

The analysis utilized a comprehensive primary dataset containing vaccination records and associated
demographic, socioeconomic, and health system variables collected directly from caregivers and
children in Nakifuma Subcounty. The final analytical dataset comprised 115 children under
5 years and their caregivers. The dataset encompasses multiple dimensions of factors that

potentially influence vaccination outcomes.

3.5.1 Variable Classification

* Numerical Variables: The dataset includes continuous and discrete numerical variables

such as child_age_years, child_age_months, children_in_household,

caregiver_age,distance_to_facility, latitude, longitude, muac (mid-upper arm

circumference), and a derived variable combining child age in months.

» Categorical Variables: Binary and ordinal categorical variables encompass child_gender,

caregiver_relationship, caregiver_education, caregiver_occupation,

household_income,residential_area, transport_mode,has_vaccination_card,

and individual vaccination records (bcg, hepb0, polio0-3, dpt1-3, pcvl-3, rotal-2,
ipv1-2,measles1-2). Additional categorical variables include vaccine_stock_status,
health_worker_attitude,waiting_time, vaccine_importance, aware_side_effects,
vaccination_concerns,religious_cultural_influence,water_source,toilet_facility,

handwashing_place, and muac_status.
» Text Variables: Open-ended responses captured in vaccination_reasons,

vaccination_challenges, service_improvement_suggestions,and additional_comments

provide qualitative insights into caregiver perspectives and experiences.

3.6 Analytical Framework

The research methodology is structured into four distinct phases, each contributing to specific
study outputs while building upon previous analytical findings. Table 3.1 presents the systematic

research methodology framework employed in this study.
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Table 3.1:

Systematic Research Methodology Framework

‘ Phase ‘

Steps

Description

‘ Outputs

‘ 1. Data Preparation

1.1 Data Quality

Load dataset, inspect structure, types,
completeness. Generate statistics.

Initial insights.

1.2 Preprocessing

Handle missing values, create derived
variables, validate consistency.

Clean dataset.

1.3 Status
Categorization

Define vaccination schedules, categorize
children (Zero/Partial/Full).

Target variable.

2. Factor Analysis

2.1 Univariate
Analysis

Analyze numerical and categorical variables
across groups.

Group characteristics.

2.2 Statistical
Testing

Chi-square, Mann-Whitney U, ANOVA for
significant associations.

Significant factors.

2.3 Qualitative

Word clouds and thematic analysis on text

Qualitative themes.

Analysis variables.
2.4 Geospatial Map vaccination status using coordinates. Geographic patterns.
Analysis
2.5 Feature Random Forest feature importance ranking. | Prioritized factors.
Ranking

3. Model Development
3.1 Model Train classifiers (Logistic Regression, RF, Trained models.
Training GB, SVM) with 70:30 split.
3.2 Model Classification reports, confusion matrices, Performance metrics.
Evaluation performance metrics.
3.3 Model Choose best model, create risk scoring Optimal model.
Selection system.

4. Recommendations
4.1 Barrier Rank barriers by significance, frequency, Barrier hierarchy.
Prioritization modifiability.
4.2 Risk Identify high-risk children and At-risk populations.
Identification communities.

4.3 Intervention
Strategy

Design interventions for individual, system,
community levels.

Action strategies.
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3.7 Phase 1: Data Preparation and Target Variable Creation

3.7.1 Data Quality Assessment

The initial phase commenced with comprehensive data quality assessment involving loading the
vaccination dataset into a pandas DataFrame for systematic analysis. Data structure inspection
included examination of variable types, missing value patterns, and basic descriptive statistics
to understand the dataset’s characteristics and identify potential data quality issues requiring

attention.

3.7.2 Data Preprocessing

Data preprocessing was performed using Python (version 3.13.2) (Python Software Foundation,

n.d.) and the pandas library (version 2.3.1) (The pandas development team, n.d.) to prepare the
dataset for predictive modeling. The workflow included three primary steps. First, to address

data sparsity, columns with over 50 missing values were removed using the pandas .DataFrame.drop ()
function. Second, for the remaining categorical variables, missing values were imputed with the

mode, determined using pandas . Series.mode () and filled using pandas .DataFrame.fillna().
Lastly, a new derived variable, combined_age_in_months, was created to consolidate child age

information from child_age_years and child_age_months.

Key Columns Retained

A comprehensive set of columns was retained for analysis, categorized as follows:

Demographics: child_age_years, child_age_months, caregiver_age,
caregiver_relationship, caregiver_education, caregiver_occupation,
household_income, residential_area

* Health and Access: distance_to_facility,muac,muac_status,has_vaccination_card

* Vaccination Records: bcg, hepb0, polio0O, poliol, polio2, polio3, dptl, dpt2,

dpt3, pcvl, pcv2, pcv3, rotal, rota2, ipvl, ipv2, measlesl, measles?2

* Contextual Factors: vaccine_stock_status,health_worker_attitude,waiting_time,

vaccine_importance, aware_side_effects, vaccination_concerns,

religious_cultural_influence,water_source,toilet_facility, handwashing_place
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* Derived: combined_age_in_months, vaccination_status

3.7.3 Categorical Variable Transformation

The Rationale for One-Hot Encoding

To prepare the dataset for machine learning models, all categorical variables were transformed
into a numerical format using One-Hot Encoding. This process is crucial because most statistical
and predictive models cannot directly process string values; they require numerical input for
mathematical operations. The original columns are replaced by multiple binary columns, each
indicating the presence (1) or absence (0) of a specific category for every observation. In
summary, every categorical variable was expanded into several binary columns, each representing
a possible value (except the reference), making the data suitable for statistical analysis and

predictive modeling without implying a false sense of order or magnitude.

Before Transformation Each categorical variable, such as dpt1, caregiver_education,
and vaccine_stock_status, existed as a single column with string values. The data resembled

the following structure:

Table 3.2: Original State of Categorical Variables

| dpt1 | caregiver_education | vaccine_stock_status
Received Secondary Always
Not Received | Primary Sometimes
select Tertiary Never

After Transformation One-Hot Encoding expanded these columns into several binary columns.
For example, the dpt1 column with categories "Received", "Not Received", and "select" was
transformed into dpt1_Not Received and dptl_select. The "Received" category served
as the reference and was represented when both new columns were 0. This transformation
eliminates the ordinal relationship between categories that is not explicitly present in the data.

The transformed data had a structure similar to the example below:

Summary of All Transformed Variables A total of 21 categorical variables were transformed
in this manner. The process created numerous new binary columns, making the data suitable

for the predictive modeling phase. Table 3.4 provides a detailed summary of each categorical
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Table 3.3: After One-Hot Encoding

| dpt1_Not Received | dptl_select | ..._Primary | ..._Secondary | ..._Tertiary | ..._Sometimes | ..._Never |

0 0 0 1 0 0 0
1 0 1 0 0 1 0
0 1 0 0 1 0 1

variable and the new columns generated.

3.8 Vaccination Status Categorization and Derivation

A critical component of the methodology involved developing a robust categorization system
for a child’s vaccination status. This was done to create a meaningful target variable for our
predictive models. The process involved two main stages: defining a reference standard and

implementing a hierarchical classification logic.

3.8.1 1. Defining the Reference Standard

The first step was to establish a clear reference point based on Uganda’s national immunization
schedule. This was done by creating a data structure that mapped each specific vaccine (e.g.,
BCG, Polio0, DPT1) to its corresponding recommended age of administration. This reference
schedule was crucial for accurately assessing whether a child had received all age-appropriate

vaccines.

3.8.2 2. Implementing the Classification Logic

A custom logic was developed to process each child’s data based on their age and vaccination
records. This logic followed a hierarchical set of rules to ensure accurate and non-overlapping

classification into three distinct groups:

» Zero-Dose: A child was classified as "Zero dose" if they had received no vaccines at all.
This definition was further refined to include children who had not received the critical
first dose of DPT (DPT1), a key indicator used globally to identify children completely

missed by the routine immunization program.

* Fully Immunized: Children who were not classified as "Zero dose" were then evaluated
for "Fully Immunized" status. This was a stringent classification, requiring that a child be
at least 12 months old and have a record of receiving every single vaccine recommended

up to that age.
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 Partially Vaccinated: A child was categorized as "Partially vaccinated" if they had received
at least one vaccine but failed to meet the strict criteria for "Fully Immunized." This group
represents children who have engaged with the health system but have not completed their

full vaccination schedule.

This classification logic was systematically applied to the entire dataset to create a new, definitive

vaccination_status variable, which became the central outcome of the study.

3.9 Phase 2: Factor Identification Analysis

3.9.1 Univariate Analysis

Univariate analysis involved systematic examination of variables within each vaccination status

group.

Numerical Variables For numerical variables, the analysis included distribution visualization
using box plots and histograms. Box plots were generated for each numerical variable, such as
child age years, caregiver age, distance to facility,muac, and combined age in months. These
plots visually compared the median, quartiles, and outliers across vaccination status groups
("Zero dose", "Partially vaccinated", and "Fully Immunized"). Additionally, overlaid histograms
were produced to visualize the frequency and spread of values within each group using separate

color-coded distributions.

Categorical Variables For categorical variables, bar charts and stacked bar charts were created
to show the distribution of each category across vaccination status groups. Bar charts (count
plots) were used for variables such as dpt 1, measles1, caregiver_relationship, and has_vaccination_c:
These plots highlighted differences in counts and percentages. Stacked bar charts were also used

to provide a side-by-side comparison of the frequency and percentage distribution of categories.

Text Variables For open-ended or text variables, word clouds were generated. These visualizations
for variables such as vaccination_reasons, vaccination_challenges, and service_improvement_sugg
highlighted the most frequent words or themes mentioned by caregivers within each vaccination

status group.
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3.9.2 Statistical Association Testing

Statistical testing employed appropriate tests based on variable types and distributions. Specifically,
chi-square tests of independence were conducted for categorical variables (e.g., ‘dptl‘, ‘measles1‘, ‘caregiver
education®, ‘vaccine stock status‘) to assess associations with vaccination status. For numerical

variables such as ‘child age years‘, ‘caregiver age‘, and ‘distance to facility‘, Mann-Whitney

U tests were applied to identify significant differences across vaccination status groups. For

instance, the Mann-Whitney U test comparing ‘child age years‘ between Fully Immunized and

Partially Vaccinated groups. All tests employed a significance level of p < 0.05.Variables with

p-values below this threshold were considered to have statistically significant associations or

differences with vaccination status.

3.9.3 Qualitative Analysis

Qualitative data analysis focused on text variables containing caregiver responses regarding
vaccination experiences, challenges, and suggestions. The key text variables identified were
vaccination_reasons, vaccination_challenges, and service_improvement_suggestions.
For each vaccination status group ("Zero dose", "Partially vaccinated", and "Fully Immunized"),
word clouds were generated. These visualizations facilitated thematic analysis, a widely used
method for qualitative research (Braun & Clarke, 2006), by highlighting the most frequent
words and phrases, which in turn helped identify common themes, barriers, and facilitators.
This analysis provided a rich, contextual understanding of quantitative findings and insights into

caregiver perspectives and experiences.

3.9.4 Geospatial Analysis

Geospatial analysis utilized latitude and longitude coordinates to map vaccination status distribution
across Nakifuma Subcounty. This analysis identified geographic clusters of different vaccination
statuses, examined relationships between distance to health facilities and vaccination outcomes,
and provided insights into spatial patterns of vaccination coverage that inform targeted intervention

strategies.

3.9.5 Feature Importance Ranking

Random Forest feature importance analysis was employed to rank variables by their predictive

power for vaccination status determination. This analysis provided an objective, data-driven
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ranking of factors contributing to vaccination outcomes, complementing statistical testing results

and informing subsequent predictive modeling efforts.

3.10 Phase 3: Predictive Model Development

3.10.1 Model Selection and Training

Multiple machine learning algorithms were implemented to identify the most effective approach
for vaccination status prediction. Models included Logistic Regression for interpretability, Support
Vector Machine for complex decision boundaries, Gradient Boosting Classifier for ensemble
learning benefits, and Random Forest Classifier for robustness and feature importance insights.
Categorical variables were one-hot encoded and text columns excluded from modeling. Data
was split using stratified sampling (70% training, 30% testing) to maintain class balance across
splits. Model performance was evaluated using classification reports, confusion matrices, and

ROC curves. Feature importance was assessed for ensemble models.

3.10.2 Model Evaluation

Model evaluation in this study included the generation of classification reports (precision, recall,
and F1-score) and confusion matrices for each vaccination status class: Zero Dose, Partially
Vaccinated, and Fully Immunized. This approach prioritized a balanced assessment of performance
across all groups, rather than relying solely on overall accuracy. ROC curves and AUC scores
were also produced for all models and target groups, allowing for a visual and quantitative

comparison of their discriminative performance.

3.10.3 Best Model Selection

Model selection was a comparative process that evaluated multiple algorithms, including Logistic
Regression, Support Vector Machines (SVM), Gradient Boosting, and Random Forest. Special
emphasis was placed on optimizing precision and recall for the Zero Dose group to support the
development of targeted interventions. Comparative analyses using the aforementioned metrics,
alongside ROC curves and feature importance reports, guided the identification of the most
effective model. While a practical risk-scoring system was not explicitly implemented, the
analysis provides a robust foundation for developing such a tool based on the selected model’s

outputs and feature contributions.
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3.11 Phase 4: Evidence-Based Recommendations

3.11.1 Barrier Analysis and Prioritization

Synthesis of quantitative and qualitative findings enabled comprehensive barrier identification
and prioritization. Barriers were ranked considering statistical significance and effect size from
quantitative analysis, frequency of occurrence in qualitative responses, and potential modifiability
through practical interventions. This prioritization informed resource allocation and intervention

targeting strategies.

3.11.2 Risk Group Identification

The validated predictive model was applied to identify high-risk children and communities
requiring prioritized intervention. Risk scores were calculated for all children in the dataset,
enabling systematic identification of those most likely to have incomplete vaccination. Geographic

analysis of risk patterns informed spatial targeting of interventions.

3.11.3 Intervention Strategy Development

Evidence-based intervention strategies were developed addressing identified barriers at multiple
levels. Individual-level interventions targeted caregiver knowledge and attitudes, health system-level
interventions addressed service delivery and stock management issues, community-level interventions
focused on awareness and cultural factors, and geographic-level interventions addressed access

and distance challenges.

3.12 Data Analysis Tools

All analyses were conducted using Python programming language with specialized libraries
including pandas for data manipulation, numpy for numerical computations, matplotlib and
seaborn for data visualization, scikit-1learn for machine learning implementation, and wordcloud
for qualitative text analysis. Statistical tests were implemented using scipy.stats, ensuring

robust and reproducible analytical results.

3.13 Ethical Considerations

This study involved primary data collection from caregivers and children in Nakifuma Subcounty.

Ethical approval was obtained from relevant institutional review boards prior to data collection.
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Informed consent was secured from all participants, with all personally identifiable information
anonymized during data processing. Data handling followed established ethical guidelines for
primary data collection, ensuring participant confidentiality and data security throughout the

research process.

3.14 Study Limitations

Several limitations should be acknowledged in this methodology. The cross-sectional design
limits causal inference, requiring careful interpretation of associations rather than causation.
Secondary data analysis constrains variable availability to those originally collected, potentially
limiting the exploration of additional relevant factors. Geographic scope limitation to Nakifuma

Subcounty may affect generalizability to other contexts, requiring validation in different settings.

Sample Size Limitations: The achieved sample size of 115 participants falls significantly below
the calculated minimum requirement of 278, representing approximately 41% of the intended
sample. This reduction impacts the statistical power of the study, potentially limiting the ability
to detect smaller effect sizes and affecting the precision of confidence intervals. To overcome
this, the analytical approach shifted to focus on machine learning models, which are less sensitive

to power issues and more effective at identifying patterns in smaller datasets.

Sampling Challenges Impact: The data collection challenges that resulted in the reduced
sample size may have introduced selection bias, as participants who were more accessible or
available may differ systematically from those who were not reached. We addressed this by
prioritizing unbiased analytical methods, such as Random Forest feature importance and robust
statistical tests like the Mann-Whitney U test, to mitigate the impact of potential bias on our key

findings.

Statistical Analysis Considerations: The reduced sample size necessitates cautious interpretation
of statistical tests, particularly for subgroup analyses and predictive modeling. Some planned
analyses may have insufficient power to detect meaningful differences, and confidence intervals
around estimates will be wider than originally planned. We addressed this by moving from
traditional inferential statistics towards an exploratory data analysis approach, supplemented
by predictive modeling, which allowed for the identification of key factors even with a smaller
sample. The use of arisk-scoring system, derived from the predictive model, provides a pragmatic

solution by categorizing children based on their likelihood of being partially or non-vaccinated,
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offering actionable insights despite the statistical limitations.

3.15 Quality Assurance

Quality assurance measures included systematic validation of data preprocessing steps, verification
of statistical test assumptions, cross-validation of predictive models, and triangulation of findings
across quantitative and qualitative data sources. All analytical code was documented and version-controlled

to ensure reproducibility and transparency of methods.
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Table 3.4: Summary of Categorical Variable Transformation

Original Variable

Example Values

‘ New Columns Created

Categorical Variables

child_gender

caregiver_relationship

caregiver_education

caregiver_occupation

household_income

residential_area

transport_mode

has_vaccination_card

bcg, hepb0, polio0

vaccine_stock_status

health_worker_attitude

waiting_time

vaccine_importance

aware_side_effects
vaccination_concerns
religious_cultural_influenc

water_source

toilet_facility
handwashing_place
muac_status

vaccined_if no_card

Male, Female

child_gender_Male

Mother, Father, Grandparent

caregiver_relationship_Father,
caregiver_relationship_Grandparent

No formal,
Secondary, Tertiary

Primary,

caregiver_education_Primary,
caregiver_education_Secondary,
caregiver_education_Tertiary

House wife, Farmer, Teacher,
Tailoring

caregiver_occupation_Farmer,
caregiver_occupation_Teacher,
caregiver_occupation_Tailoring

Less than
100,000-300,000

100,000,

household_income_100,000-300,000

Rural, Urban, Peri-urban

residential_area_Urban,
residential _area_Peri-urban

Walking, Bicycle, select

transport_mode_Bicycle,
transport_mode_select

Yes, No

has_vaccination_card_No

Received, Not Received, select,
Unknown

bcg_Not Received,
bcg_Unknown

bcg_select,

Always, Sometimes, Never,

select

vaccine_stock_status_Sometimes,
vaccine_stock_status_Never,
vaccine_stock_status_select

Very good, Good, Neutral

health_worker_attitude_Good,
health_worker_attitude_Neutral

30-60 minutes, 1-2 hours, More
than 2 hrs

waiting_time_1-2 hours,
waiting_time_More than 2 hrs

Extremely, Very, Moderately,
select

vaccine_importance_Very,
vaccine_importance_Moderately,
vaccine_importance_select

e |

Yes, No ‘ aware_side_effects_No ‘
Yes, No ‘ vaccination_concerns_No ‘
Yes, No ‘ religious_cultural_influence_No ‘

Borehole, Piped water, select

water_source_Piped
water_source_select

water,

Pit latrine, select

toilet_facility_select

Yes, No

handwashing_place_No

Green, select

muac_status_select

Yes, No

vaccined_if no_card_No
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Chapter 4

Results

4.1 Objective 1: Factors Associated with Vaccination Status

This chapter presents the key findings from the analysis of 115 children under five years in
Nakifuma Subcounty, structured to address the primary research objectives. The results combine
descriptive statistics with inferential testing to provide a comprehensive understanding of factors

influencing childhood vaccination status.

4.1.1 Sample Characteristics and Vaccination Status Distribution

The study sample comprised 115 children under five years with a vaccination status distribution
as shown in Figure 4.1. The distribution was as follows: Zero Dose, 12 children (10.4%);
Partially Vaccinated, 47 children (40.9%); and Fully Immunized, 56 children (48.7%). These
categories represent children who have received no vaccines, children with incomplete age-appropriate

vaccination, and children with complete age-appropriate vaccination, respectively.

Vaccination Status Distribution of Children Under Five (n=115)
56 (48.7%])

0 47 (40.9%)

Number of Children
(S (S
o

)
(=]
|

12 (10.4%)
10 4

T
Zero Dose Partially Vaccinated Fully Immunized

Figure 4.1: Summary of Vaccination Status Across the Study Sample.
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4.1.2 Zero Dose Children: Barriers to Vaccination Initiation

Children classified as "Zero Dose" represent the most vulnerable group, having received no
vaccines despite being within the target age range. As shown in Table 4.1, analysis revealed
significant associations with caregiver and health system factors, suggesting multi-level barriers
to vaccination initiation. The table shows that Caregiver Relationship, Caregiver Occupation,
Health Worker Attitude, Waiting Time, and Vaccine Importance are all statistically significant
factors (p<0.05). In contrast, demographic factors such as Child Age, Children in Household,
and Caregiver Age were not significantly associated with zero-dose status. Figures 4.2 to 4.5
visually represent some of these key findings, with Figure 4.2 highlighting the impact of negative
health worker attitudes and Figure 4.3 showing the effect of low perceived vaccine importance.
Figure 4.14 illustrates the association with excessive waiting times and Figure 4.5 shows the
relationship with caregiver occupational barriers. This suggests that systemic and attitudinal

barriers, rather than structural factors, are primary drivers of vaccination non-initiation.

Factors Associated with Zero-Dose Children

Health Worker Attitude (Zero Dose Children) Perceived Vaccine Importance (Zero Dose Children)

7
6
s
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S & N S|
s o° &° & o 3
Health Worker Attitude Vaccine Impertance

Figure 4.2: Negative Health Worker Attitudes  Figure 4.3: Low Perceived Vaccine
Importance
Reported Waiting Time (Zero Dose Children) Caregiver Occupation (Zero Dose Children)

Count
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W o
Waiting Time Caregiver Occupation
Figure 4.4: Excessive Waiting Times Figure 4.5: Occupational Barriers
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Table 4.1: Factors Associated with Zero-Dose Children

‘ Variable ‘ P-value ‘ Interpretation ‘

Categorical Variables ‘

Caregiver < 0.05 | Strong association; non-parental caregivers are more likely in the
Relationship zero-dose group.

Caregiver < 0.05 | Strong association; certain occupations are linked to vaccination
Occupation non-initiation.

Health Worker | < 0.05 | Strong association; poor health worker attitude is a contributing factor.
Attitude

Waiting Time < 0.05 | Strong association; longer waiting times are linked to
non-vaccination.

Vaccine < 0.05 | Strong association; low perceived importance is linked to zero-dose

Importance status.

Vaccinated if No | 0.1874 | Not significant; vaccination card status is not a determining factor.
Card

Numerical Variables

Child Age (years) | 0.1488 | Not significant; age is not a distinguishing factor.

Child Age | 0.5530 | Not significant; age is not a distinguishing factor.

(months)

Children in | 0.9259 | Not significant; household size is not associated with zero-dose status.
Household

Caregiver Age 0.6269 | Not significant; caregiver age is not a determining factor.

Distance to | 0.3145 | Not significant; distance alone is not significantly associated.
Facility

Latitude 0.7805 | Not significant; geographic location (North-South) is not significant.
Longitude 0.4497 | Not significant; geographic location (East-West) is not significant.
MUAC 0.0836 | Not significant; nutritional status is not significantly different.

Combined Age in | 0.2115 | Not significant; overall age is not a distinguishing factor.
Months

Statistically significant at p < 0.05

4.1.3 Partially Vaccinated Children: Incomplete Vaccination Patterns

Children in the partially vaccinated category have initiated vaccination but failed to complete
their age-appropriate schedules. As detailed in Table 4.2, this group is distinguished by significant
associations with Child Age (p < 0.001) and Caregiver Age (p < 0.002). The strong age
associations suggest that older children are more likely to have started but not completed their
vaccination schedules. The table also shows significant associations with specific vaccine doses
(e.g., DPT1, Measles1, Measles2) and Vaccine Stock Status (p < 0.04), indicating time-dependent
barriers or service delivery challenges that prevent completion. Figure 4.6 visually demonstrates
the relationship between vaccine stock status and vaccination category. Furthermore, Figure 4.7

provides insights into the influence of caregiver demographics on vaccination status, confirming
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the association with caregiver age. Figures 4.8 and 4.9 offer further visual evidence, supporting
the findings that a child’s age and the initiation of the DPT series are strong predictors of partial

vaccination status.

Table 4.2: Factors Associated with Partially Vaccinated Children

| Variable | P-value | Interpretation |

Categorical Variables (Chi-square test) ‘

DPT1 0.0260 | Significant, DPT series initiation linked to partial vaccination.
Measles1 0.0001 | Strong association, first measles dose linked to partial status.
Measles2 0.0280 | Significant, completion of second dose varies in this group.
Vaccine Stock | 0.0312 | Significant, vaccine stock availability affects completion.
Status

Numerical Variables

Child Age (years) 0.0012 | Highly Significant, older children are more likely to be partially
vaccinated.

Caregiver Age 0.0016 | Highly Significant, caregiver age influences partial vaccination status.
Combined Age in | 0.0004 | Highly Significant, age is a strong predictor of partial vaccination.
Months

Statistically significant at p < 0.05

Figure 4.6: Vaccine Stock Status by Vaccination Status
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Figure 4.6: Distribution of vaccine stock status by vaccination status
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Caregiver Age by Vaccination Status

60 i
\ (8|
50 / =y 4 "-\_
= . \ .o o N
H | . o. . b
w - £ .
> I [ © b N
g 40 - | - ( )
b4 | -. " | '8‘ |
b A A £ X
g = . Bgi- : A . b
30 J \ y , ( e ] )
- . -~
s || ’ W N -
20 - : ; _— ;
= L‘\‘. .'/I
\
10 A \
'\_'_.r'.
Zeroldose Partially vlaccinated Fully lmlmunized
Vaccination Status
Figure 4.7: Caregiver Characteristics by Vaccination Status
Child Age by Vaccination Status
5 4
4 _
7
L7
(=]
<
-
Zz 27
[&]
14
0

T T T
Zero dose Partially vaccinated Fully Immunized
Waccination Status

Figure 4.8: Child age by Vaccination Status

4.1.4 Fully Immunized Children: Successful Vaccination Completion

Children classified as "Fully Immunized" represent the successful completion of age-appropriate
vaccination schedules. As detailed in Table 4.3, analysis revealed strong associations with
multiple vaccine doses, including the Polio, DPT, PCV, Rota, and Measles series (all p<0.05).
These broad associations indicate that full immunization is achieved by successfully navigating

a series of vaccination opportunities over time.

Demographic factors also play a crucial role. The analysis shows a highly significant association
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Heatmap: DPT1 Dose vs Vaccination Status
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Figure 4.9: DPT1-dose by Vaccination Status

with Child Age (p < 0.0001), suggesting that older children are more likely to have had the
time to complete their schedules. Caregiver Age is also significantly associated with this status
(p < 0.005). The importance of record-keeping is highlighted by the significant association
with Vaccination Card possession (p < 0.005). Furthermore, the completion of specific doses,
such as the DPT3 dose, is a strong indicator of full immunization, as evidenced by the highly

significant association in the table (p < 0.0006) and the visual representation in Figure 4.10.
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Table 4.3: Factors Associated with Fully Immunized Children

Variable

‘ P-value ‘ Interpretation

Categorical Variables (Chi-square test)

Has Vaccination Card
Poliol
Polio2
Polio3
DPT1
DPT2
DPT3
PCV1
PCV2
PCV3
Rotal
Rota2
IPV2
Measles1
Measles2

0.0046
0.0428
0.0155
0.0284
0.0053
0.0017
0.0006
0.0010
0.0002
0.0007
0.0002
<0.0001
0.0010
<0.0001
<0.0001

Significant Association, linked to completion.

Significant Association with full immunization.

Significant Association.

Significant Association.

Significant Association, strongly linked to full immunization.
Highly Significant.

Highly Significant.

Highly Significant, completion strongly associated.

Highly Significant.

Highly Significant.

Highly Significant, vaccines strongly linked to completion.
Highly Significant.

Highly Significant, injectable vaccine associated with completion.
Highly Significant, measles vaccines very strongly associated.
Highly Significant.

Numerical Variables (Mann-Whitney U test)

Child Age (years)
Caregiver Age
Combined Age in Months

<0.0001
0.0050
<0.0001

Highly Significant, age strongly predicts full immunization.
Significant Association, influences completion.
Highly Significant, overall age is strongest predictor.

Statistically significant at p < 0.05

Heatmap: DPT3 Dose vs Vaccination Status
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Figure 4.10: Child age by Vaccination Status
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4.1.5 Geospatial Analysis

The geospatial plot in Figure 4.11 shows the distribution of zero-dose, partially vaccinated,
and fully immunized children. The visualization reveals that while all three groups are present
throughout the subcounty, there is some clustering of zero-dose and partially vaccinated children,
particularly away from the main health facility locations. This spatial pattern suggests that
while distance may not be the sole barrier, it likely contributes to the challenges of accessing
vaccination services, especially for families who have not started or completed the full series.
The data points for fully immunized children appear more widespread, indicating that families

who successfully complete the vaccination schedule are distributed more evenly.

Geospatial Distribution of Vaccination Status in Nakifuma Subcounty
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Figure 4.11: Geospatial Distribution of Vaccination Status in Nakifuma Subcounty

Furthermore, as summarized in Table 4.4, the presence of some zero-dose and partially vaccinated
children near health facilities reinforces that non-spatial factors like poor service quality or
attitudinal barriers are also significant. This confirms that targeted interventions must consider

both geographical and non-geographical factors.

Following the analysis for Objective 1, Table 4.4 provides a summary of the Major Contributing

Variables by Vaccination Status.
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Table 4.4: Summary Table of Major Contributing Variables by Vaccination Status

Variable Zero Dose Partially Fully Immunized
Vaccinated

Caregiver Relationship Grandparent/Father | Mother Mother

Caregiver Occupation Housewife/Informal| Mixed Formal/Employed

Health Worker Attitude Negative/Neutral Moderate/Negative | Positive

Waiting Time Long Moderate/Long Short

Vaccine Importance Low/Moderate Moderate High

Vaccination Card Often No Sometimes No Almost  Always

Yes

Vaccine Stock Status Not significant Stock-outs Stock-outs rare
common

Child Age Not significant Older Older

Vaccine Series Completion | None Gaps in | Complete
DPT/Measles

Text Themes Awareness, Access | Missed doses, | Good service,
Stock-out Reminders

4.2 Objective 2: Predictive Model to Determine Vaccination

Status

The second objective focused on developing and validating predictive models capable of accurately

determining children’s vaccination status using the identified factors. This predictive capability

is essential for proactive identification of children at risk of incomplete vaccination, enabling

targeted interventions.

4.2.1 Model Development Process

Feature selection and preparation was based on the factor analysis results from Objective 1,

with a comprehensive set of numerical and categorical features selected as inputs for predictive

modeling. Text-based variables and identifier columns were excluded from modeling to focus

on quantifiable predictors. Categorical features underwent one-hot encoding transformation to

ensure compatibility with machine learning algorithms. The model training strategy addressed

the multi-class nature of vaccination status through separate binary classification models developed

for each vaccination category. This approach allows for specialized prediction of each status

while providing flexibility in model selection and optimization for different vaccination outcomes.

Four established machine learning algorithms were implemented and compared including Random

Forest Classifier as an ensemble method providing robust predictions and feature importance
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insights, Logistic Regression as a linear approach offering interpretability and baseline performance,
Support Vector Machine for non-linear classification of complex decision boundaries, and Gradient
Boosting Classifier as a sequential ensemble method for enhanced predictive accuracy. Figure
4.12 presents the Combined ROC curves for all models and vaccination statuses, which visually

demonstrates their comparative predictive power.

Combined ROC Curves for All Models and Vaccination Statuses
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Figure 4.12: Combined ROC curves for all Models and vaccination status

4.2.2 Model Performance Results

The predictive models were evaluated using a test set of 35 children representing approximately
30% of the sample, with performance assessed through precision, recall, F1-score, and overall
accuracy metrics. The comparative performance results are presented in Table 4.5 and are also
shown visually in Figure 4.13. As seen in Table 4.5, Logistic Regression and Gradient Boosting
achieved a perfect Fl-score of 1.00 for the Zero Dose category, while Random Forest had a
very high Fl-score of 0.97. For the Partially Vaccinated category, Support Vector Machine and
Random Forest had the best Fl-scores at 0.74. For the Fully Immunized category, Random
Forest was the top performer with a precision of 0.95 and an Fl1-score of 0.94, making it the

overall best-performing model for this crucial outcome.
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Comparative Model Performance (Accuracy as proxy for AUC)
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Figure 4.13: Comparative Machine Learning Performance for Vaccination Status Prediction

Table 4.5: Model Performance Metrics by Vaccination Status

Vaccination Status Algorithm Precision Recall F1-Score
Logistic Regression 1.00 1.00 1.00
Zero Dose Support Vector Machine 0.89 1.00 0.94
Gradient Boosting 1.00 1.00 1.00
Random Forest 0.97 0.97 0.97
Logistic Regression 0.71 0.71 0.71
. . Support Vector Machine 0.74 0.74 0.74
Partially Vaccinated Gradient Boosting 0.71 0.71 0.71
Random Forest 0.74 0.74 0.74
Logistic Regression 0.89 0.89 0.89
. Support Vector Machine 0.73 0.71 0.71
Fully Immunized Gradient Boosting 0.83 0.83 0.83
Random Forest 0.95 0.94 0.94

4.3 Objective 3: Evidence-based strategies to increase vaccination

uptake to fully immunized status

4.3.1 Introduction

This section proposes specific strategies to address the unique challenges faced by zero-dose
and partially vaccinated children, while also leveraging the success factors identified among

fully immunized children.

45



4.3.2 Targeted Interventions for Zero-Dose Children: Overcoming Initiation
Barriers

Key statistical findings, as seen in Table 4.1, such as the significant association with poor health
worker attitudes (p<0.05) and excessive waiting times (p<0.05), point to the need for a targeted
focus on improving service quality. This is further visualized in Figure 4.14, which shows the

distribution of waiting times across different vaccination statuses.
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Figure 4.14: Waiting time by vaccination status

Strategies should therefore prioritize improving the interpersonal quality of care to build trust
and encourage first-time clinic visits. Training programs for healthcare workers must emphasize
empathetic communication and patient-centered care. Furthermore, reducing logistical barriers
by implementing more efficient patient flow management systems, increasing staffing during
peak sessions, and exploring simple appointment systems would help minimize wait times and
reduce the perceived cost of vaccination. Finally, the finding that low perceived vaccine importance
was a significant barrier (p<0.05) highlights the need for community-level health education
campaigns that articulate the tangible benefits of full immunization, building on the community’s

existing understanding of disease prevention.
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4.3.3 Targeted Interventions for Partially Vaccinated Children: Preventing
Dropout

For children who have initiated but not completed their vaccination schedule, the challenges
shift from initiation to maintaining continuity of care. Qualitative analysis of caregiver feedback,
visualized in Figure 4.15 (a word cloud of vaccination challenges for partially vaccinated children)
and Figure 4.16 (a word cloud of improvement suggestions), reveals a clear set of needs. For

example, the first word cloud shows keywords such as "Nurses," "time," "Fever," and "cry,"

nn

while the second highlights "nurses," "enough," "vaccines," and "site." This suggests a strong
desire for more nurses and more accessible vaccination sites, as well as a reliable vaccine supply.
Interventions must therefore focus on a reliable vaccine supply chain to prevent frustrating stockouts,
which were identified as a significant factor in dropout (p<0.03) in Table 4.2. To address
issues of perceived inconvenience, healthcare programs could also consider deploying additional
staff or creating more decentralized, community-based vaccination points to make returning
for subsequent doses less burdensome. Furthermore, the feedback on "fever" and "crying"

highlights the need for proactive communication during each visit to inform caregivers about

potential side effects and provide practical advice on how to manage them at home.
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Word Cloud for vaccination_challenges (Partially Vaccinated Children)
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Figure 4.15: A word cloud of vaccination challenges for partially vaccinated children

Word Cloud for service_improvement_suggestions (Partially Vaccinated Children)
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Figure 4.16: A word cloud of improvement suggestions

4.3.4 Interventions for Fully Immunized Children: Building on Success

The success factors identified among fully immunized children, as shown in Table 4.3, provide

a blueprint for what works. The word cloud of suggestions from caregivers of this group,

nn nn

visualized in Figure 4.17, contains prominent keywords like "nurses," "sensitizing," "good,"
"Availability," and "Door," suggesting they value proactive and accessible services. The strong
association between full immunization and vaccination card possession (p<0.005) also underscores
the importance of proper documentation. Therefore, strategies should aim to replicate and scale
these success factors. This includes implementing a robust system for issuing and tracking
vaccination cards, which act as a powerful reminder and a record-keeping tool. Based on caregiver

feedback, interventions should also include door-to-door outreach and community sensitization
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campaigns to encourage vaccination and address any misinformation. By building on the principles
of good service quality and accessibility that were highlighted by this successful group, immunization
programs can create a more supportive environment that encourages completion of the full

vaccination schedule for all children.
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Figure 4.17: A word cloud of suggestions for Fully Immunized children
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Chapter 5

Discussion

5.0.1 Introduction

This study provides crucial insights into the determinants of childhood immunization status
in rural Uganda. It demonstrates that the factors influencing whether a child is zero-dose,
partially vaccinated, or fully immunized are distinct and multifaceted. By applying data science
methodologies, this research identifies specific and modifiable barriers that can be targeted to

enhance vaccination coverage in Nakifuma Subcounty and similar contexts.

5.1 Understanding the Factors Using Health Theories

5.1.1 The Health Belief Model (HBM)

The Health Belief Model (HBM) serves as a theoretical framework for understanding and predicting
health behaviors by focusing on individual attitudes and beliefs (Rosenstock, 1974). Our findings

align well with the core constructs of this model.

The concept of Perceived Benefits is supported by our finding that low perceived vaccine importance
was significantly associated with zero-dose status (p < 0.05). This suggests that if a caregiver
does not believe in the efficacy or value of vaccination, they are less likely to initiate the process.
Similarly, our findings on Perceived Barriers resonate with the HBM. We found that excessive
waiting times (p < 0.05) act as a significant obstacle, as the perceived cost of time and effort for a
busy caregiver can outweigh the perceived benefit of the vaccine. This aligns with research from
Nigeria, where logistical barriers were found to deter vaccine uptake (Antai, 2009). Furthermore,
our analysis of Cues to Action highlights the negative impact of health worker attitudes (p <
0.05). A poor experience with health workers can act as a powerful negative cue, discouraging
families from returning to the clinic. This is consistent with studies across Africa, which have
shown that positive health worker attitudes can significantly encourage vaccination (Ryman et

al., 2008).
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5.1.2 The Social Ecological Model (SEM)

The Social Ecological Model (SEM) provides a comprehensive framework for understanding
health behaviors within their broader context, considering factors at multiple levels (McLeroy
et al., 1988). Our research identifies key influencers across these different ecological levels. At
the Individual Level, we found that the age of the child and the caregiver were critical factors
for partially vaccinated and fully immunized children, but were not significantly associated with
zero-dose status. This suggests that the influence of age becomes more pronounced as families
navigate the ongoing process of vaccination. At the Interpersonal Level, caregiver relationship
dynamics were significantly associated with zero-dose status (p < 0.05). This suggests that a
non-parental caregiver may lack the authority or commitment to ensure a child receives their
vaccinations, a finding consistent with research in Burkina Faso (Sia et al., 2019). Moving
to the Organizational Level, health system failures such as vaccine stockouts were identified
as a major reason for dropout among partially vaccinated children (p < 0.03), a known issue
in many African health systems (Mvundura et al., 2015). Finally, at the Community Level,
our geospatial analysis revealed that vaccination status clusters in specific areas, suggesting
the influence of local norms, geographic proximity, and accessibility of health services. These
multi-level findings confirm that effective interventions must be holistic and address barriers at

each of these different levels.

5.2 Factors Influencing Vaccination Status

5.2.1 Zero-Dose Children: Why They Never Start

For zero-dose children, the primary barriers are related to service quality and attitudes, not
demographic or structural factors like distance. This contrasts with some previous studies that
emphasize distance as a major barrier (Obanewa & Newell, 2017) and is more in line with
research in Sierra Leone that prioritized service quality (Bangura et al., 2020). Caregiver occupation
was significantly linked to zero-dose status (p < 0.05), possibly due to inflexible work hours,
particularly in agrarian communities. The negative attitudes of health workers were also a major
deterrent, as they erode trust and discourage families from seeking care, a finding echoed in

other qualitative studies in Africa (Phillips et al., 2017).
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5.2.2 Partially Vaccinated Children: The Challenge of Dropout

The profile for partially vaccinated children is distinct, with strong associations with child age
(p < 0.001), caregiver age (p < 0.002), and systemic issues. The link with age suggests that
dropout is a gradual process that can be influenced by accumulating missed appointments, family
responsibilities, or declining concern over time (Mukungwa et al., 2015). Vaccine stockouts
(p < 0.03) were particularly frustrating for these caregivers, leading to a loss of confidence in
the health system after they had already made the initial effort to vaccinate their child (Closser et
al., 2016). Dropout was also linked to specific vaccines like the DPT series and measles vaccine,
which require multiple visits or are administered later in a child’s life, increasing the likelihood

of a missed appointment (Cata-Preta et al., 2021).

5.2.3 Fully Immunized Children: Key Drivers of Success

Understanding the factors contributing to full immunization is crucial. The strong link with
age highlights that completing the vaccination series is a long-term commitment that requires
sustained effort from caregivers. A key factor was the possession of a vaccination card (p <
0.005), which serves as a vital tool for tracking, a reminder for families, and a motivator for
health workers. This finding is consistent with other studies on the importance of vaccination
cards in African contexts (Serwadda et al., 2014). The fact that children who completed one
vaccine series often completed them all suggests that success is driven by a supportive system

that guides families through the entire process.

5.3 Predictive Modeling Results

5.3.1 Predicting Zero-Dose Children

Our models achieved exceptional classification scores for identifying zero-dose children. Specifically,
the Logistic Regression and Gradient Boosting models achieved perfect classification scores
(precision, recall, and F1-score of 1.00), while other models such as Random Forest also performed
very well (F1-score of 0.97). These exceptional results suggest that the factors preventing vaccination
initiation are highly predictable, outperforming similar studies in Africa (Moucheraud et al.,
2019). This means that health programs can shift from a reactive to a proactive approach by
using a simple tool to identify and reach out to high-risk families before a child misses their first

dose.
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5.3.2 Predicting Partially Vaccinated Children

The accuracy for predicting partially vaccinated children was lower (71-74%), likely because
dropout can be triggered by unpredictable events such as illness, family emergencies, or one-time
stockouts. While we can still identify some at-risk individuals, this finding reinforces the need
for robust health systems with reliable vaccine supplies and effective reminder systems to prevent

dropout more broadly.

5.3.3 Predicting Fully Immunized Children

The Random Forest model achieved a high accuracy of 94-95% in predicting fully immunized
children, demonstrating that success follows a clear and discernible pattern. Families who
receive early support, have easy access to services, and have positive experiences are very likely
to complete the full vaccination series. While other models also performed well, the superior

performance of the Random Forest model highlights its utility for this specific task.

5.4 Implications for Policy and Practice

5.4.1 Targeted Interventions

The study highlights the need for tailored interventions. For zero-dose children, the focus should
be on service quality. This includes training health workers on respectful behavior, reducing
waiting times, and educating communities on the importance of vaccines. For partially vaccinated
children, the priority must be health system strengthening, ensuring a reliable vaccine supply

chain and establishing effective follow-up and reminder systems.

5.4.2 Smart Resource Allocation

The ability to perfectly predict zero-dose children is a game-changer for resource-limited settings.
It allows health programs to allocate resources and deploy outreach workers to the families who

need help the most, making interventions more efficient and cost-effective.
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5.5 Limitations and Future Research

5.5.1 Study Limitations

Our study has a few limitations. The sample size of 115 children, while providing strong
insights, is a relatively small portion of the target population. A larger sample would increase the
generalizability and reliability of the findings. As a cross-sectional study, we could only identify
associations, not prove causality. Future longitudinal studies would be needed to establish cause-and-effect
relationships. The single-subcounty focus means our results are highly relevant to Nakifuma
but may not be directly applicable to other regions with different cultural or health system

characteristics.

5.5.2 Future Research

We propose several avenues for future research. Longitudinal studies could track children over
time to pinpoint the exact moment of dropout and the reasons behind it. Our predictive models
should be tested in other districts and countries to validate their scalability. Finally, controlled
trials should be conducted to evaluate the effectiveness of the specific interventions we proposed,

such as health worker training and new reminder systems.

This study provides a validated methodological framework for applying machine learning to
solve vaccination coverage challenges. The findings demonstrate that data science can effectively
identify modifiable barriers and high-risk populations, supporting Uganda’s goal of achieving
universal vaccination coverage. The research offers a scalable model for similar rural contexts

across Sub-Saharan Africa, advancing the field of precision public health.
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Chapter 6

Conclusion

This study aimed to analyze the key factors influencing childhood vaccination status, specifically
distinguishing between zero-dose, partially vaccinated, and fully immunized children in Nakifuma
Subcounty. The findings, as summarized in Table 4.4, reveal distinct and unique characteristics
for each group, underscoring the critical need for precisely tailored interventions. The analysis
demonstrates that vaccination status is not merely a function of access but is shaped by a complex

interplay of caregiver demographics, health system efficiency, and social-behavioral factors.

For zero-dose children, their status is primarily a function of awareness and initial engagement.
The data indicates that these children are more likely to be cared for by a grandparent or father,
and their caregivers often hold informal occupations. The key barriers identified were negative
health worker attitudes, excessively long waiting times, and a low perceived importance of
vaccines. This suggests that the mere availability of vaccines is insufficient; interventions must
focus on improving the initial contact with the health system and enhancing vaccine literacy

among a diverse range of caregivers.

For the partially vaccinated group, the primary challenge is continuity of care. These children
are typically older, reflecting a pattern of missed follow-up appointments. The data strongly
links partial immunization to health system failures, particularly frequent vaccine stock-outs and
long queues. This indicates that while initial uptake may be successful, systemic and logistical
barriers prevent completion of the vaccination series. Interventions must therefore target these

systemic failures and implement robust reminder systems to prevent dropout.

In contrast, the characteristics of a fully immunized child are defined by the successful navigation

of both individual and systemic factors. The data shows a strong correlation between full immunization
and positive health worker attitudes, shorter waiting times, and consistent possession of a vaccination
card. The caregivers in this group were predominantly mothers with formal employment, and

their reported experiences highlighted themes of “good service” and “reminders.” This confirms

that the combination of a caregiver’s proactive engagement and a supportive, efficient health

system is the cornerstone of achieving full immunization.
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6.1 Direct Recommendations for Nakifuma Subcounty

Based on the findings, the following direct recommendations are proposed to improve vaccination

rates and ensure complete immunization coverage:

6.1.1 For Practice

For zero-dose children: Implement targeted outreach programs that engage beyond the mother.
Community health workers should specifically involve fathers and grandparents to build trust,
increase vaccine awareness, and emphasize the importance of timely immunization. For partially
vaccinated children: Focus on health system logistics. Prioritize implementing a more reliable
vaccine supply chain to prevent stock-outs and streamline clinic workflows to reduce waiting
times. Introduce a robust digital or community-based reminder system to help caregivers track
appointments. For the health system: Invest in interpersonal skills training for health workers to
ensure positive and welcoming attitudes. Promote the importance of the vaccination card and

provide readily available, low-cost replacements for lost cards to facilitate tracking.

6.1.2 For Future Research

Follow a cohort of children to understand the specific pathways and timing that lead to immunization
gaps. Conduct in-depth interviews with caregivers from each group to uncover nuanced barriers
and motivations not captured in surveys. Pilot and test the effectiveness of a targeted intervention,
such as a specific reminder system or community engagement campaign. Research the challenges
faced by health workers to understand the root causes of negative attitudes and identify the
support they need. Study the economic impact of vaccination gaps on families and the broader

health system.

Furthermore, future research should explore the application of machine learning algorithms to
this data. Predictive modeling could be used to identify children at the highest risk of becoming
zero-dose or partially vaccinated based on caregiver and environmental variables. This would
enable health officials to proactively target interventions and optimize resource allocation. The
use of geospatial analysis, powered by these algorithms, could also pinpoint specific villages
or sub-regions with critically low coverage, allowing for more precise and effective outreach

campaigns.
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6.2 Learning from Global Innovations: Strategies to Consider

The recommendations for Nakifuma are supported by a growing body of global innovation.
Several strategies identified in this study are being successfully piloted or scaled in other countries,

providing a valuable evidence base for implementation.

Addressing Waiting Times and Access: The successful use of mobile vaccination clinics and
door-to-door campaigns in countries like Nigeria and Afghanistan (World Health Organization,
2023) has dramatically increased coverage in hard-to-reach areas by eliminating transportation
and time barriers. This directly addresses the “waiting” and “distance” challenges noted in our

findings.

Improving Vaccine Literacy and Trust: The “3C” (Confidence, Complacency, Convenience)
model, used to design communication campaigns in India and the Philippines (UNICEF, 2022),
offers a framework for crafting messages that build on existing knowledge (e.g., to “prevent”
disease) while directly countering misinformation and complacency, which underpin “low perceived

importance.”

Preventing Dropout with Reminder Systems: Automated SMS reminders have proven highly
effective in reducing dropout rates in Kenya and Bangladesh (Johnson & O’Malley, 2021). This
low-cost, scalable technology directly addresses the need for follow-up and could be integrated

with the existing mobile network in Uganda.

29 ¢

Enhancing the Vaccination Experience: To address the fear of pain (“cry,” “painful”), pilots of
microneedle patch technology are underway in Ghana and other countries (Hulimane Shivaswamy
et al., 2024). These patches are painless, dissolvable, and can be administered with minimal

training, potentially enabling door-to-door campaigns and reducing the burden on nurses.

Incentivizing Completion: Conditional cash transfer programs, such as those implemented in
Mexico and India (World Bank, 2019), have successfully incentivized families to complete the
full vaccination schedule. While more complex to administer, this strategy directly addresses

the economic opportunity costs that act as a barrier for many families.
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