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Abstract 48 

Background: 49 

Childhood immunization is one of the most cost-effective public health interventions for 50 

preventing vaccine-preventable morbidity and mortality; yet substantial coverage gaps persist 51 

across Sub-Saharan Africa. These gaps are driven by persistent socioeconomic inequities, 52 

geographical disparities, and barriers to the provision of consistent service delivery that impact 53 

immunization uptake across multiple levels of influence. Machine learning possesses the 54 

capability to identify high-risk children and the key factors leading to under-immunization by 55 

examining complex relationships within large population datasets. These studies aimed to 56 

development and evaluate standard Machine learning models for predicting of childhood 57 

immunization status and identifying key important predictors among children aged 12-23 months 58 

in Sub-Saharan Africa using multi-country DHS data. 59 

Methods: A pooled cross-sectional analysis was performed utilizing DHS Kids Recode datasets 60 

from 22 Sub-Saharan African (SSA) nations, collected between 2019 and 2025, encompassing a 61 

total of 49,817 children aged 12 to 23 months. Seven machine learning algorithms were 62 

developed and assessed, including Logistic Regression, Decision Tree, Random Forest, K-63 



Nearest Neighbors, Artificial Neural Network, XGBoost, and LightGBM, employing metrics 64 

such as ROC-AUC, PR-AUC, accuracy, precision, recall, F1-score, and calibration. To interpret 65 

model predictions and pinpoint significant factors influencing childhood immunization, SHapley 66 

Additive exPlanations (SHAP) were utilized. 67 

Results: Among the machine learning models evaluated, the Random Forest algorithm exhibited 68 

the most superior predictive capability regarding childhood immunization status, attaining an 69 

accuracy of 94.24%, alongside a ROC-AUC of 0.9875 and a PR-AUC of 0.9890. The prevalence 70 

of complete immunization among children aged 12 to 23 months was found to be 40.11%. 71 

The interpretation of the model using SHAP highlighted the key factors that contribute to the 72 

predictions of childhood immunization status. The most significant predictors included adequate 73 

antenatal care (ANC) utilization (four or more visits), institutional delivery, postnatal care (PNC) 74 

receipt, maternal education (secondary and higher education), partner education (secondary and 75 

higher education), older maternal age, skilled birth attendance, and urban residency. These 76 

factors collectively emphasize the critical role of maternal healthcare engagement, educational 77 

empowerment, and equitable access to essential health services throughout the continuum of 78 

maternal and child care in influencing childhood immunization status. 79 

Conclusion: Machine learning models have exhibited robust capabilities in predicting childhood 80 

immunization status and in identifying significant predictors of immunization outcomes. The 81 

integration of explainable artificial intelligence boosts the interpretative aspect of these models, 82 

thereby facilitating the development of targeted, data-driven strategies that aim to strengthen 83 

vaccination programs and improve childhood immunization rates in sub-Saharan Africa. Such 84 



advancements are crucial for optimizing public health initiatives and ensuring better health for 85 

children in the region.  86 

Keywords: Childhood immunization; Machine learning; Explainable artificial intelligence; 87 

SHAP; Demographic and Health Survey; Sub-Saharan Africa; Predictive modeling. 88 

Introduction 89 

Childhood immunization serves as a crucial aspect of public health, offering prompt protection 90 

against diseases that can be prevented by vaccines, while also decreasing related morbidity and 91 

mortality through a method that is effective, equitable, and cost-efficient (1-3). In recent years, 92 

the expansion of routine immunization programs has resulted in substantial reductions in 93 

childhood deaths caused by diseases such as measles, pertussis, diphtheria, poliomyelitis, and 94 

pneumococcal infections, representing a significant achievement in global initiatives aimed at 95 

improving child survival (4, 5). 96 

The World Health Organization (WHO) advocates for a fundamental immunization schedule for 97 

infants, which generally comprises Bacillus Calmette–Guérin (BCG), oral and/or inactivated 98 

poliovirus vaccines, diphtheria-pertussis-tetanus (DPT) vaccines, measles-containing vaccine, 99 

pneumococcal conjugate vaccine (PCV), and rotavirus vaccine, aimed at ensuring prompt and 100 

comprehensive protection during the most vulnerable phase of life (6, 7). Despite considerable 101 

global progress, significant disparities in immunization remain widespread, particularly in low- 102 

and middle-income countries (LMICs), where health system limitations, geographical barriers, 103 

sociocultural factors, and the unequal distribution of health resources continue to obstruct access 104 

to comprehensive vaccination services (8, 9).  105 



Globally, millions of children still miss essential routine vaccines each year—particularly in 106 

2022 when an estimated 14 million were “zero-dose” with no routine immunizations, and many 107 

others were only partially vaccinated (10). This issue is particularly pronounced in low- and 108 

middle-income countries (LMICs), hindering advancements toward the Immunization Agenda 109 

2030 (IA2030), which aims for universal and equitable access to life-saving vaccines and the 110 

mitigation of immunization disparities (11, 12). The inability to achieve comprehensive coverage 111 

heightens the risk of outbreaks of vaccine-preventable diseases and imposes further pressure on 112 

already vulnerable health systems (13). 113 

Sub-Saharan Africa (SSA) bears a disproportionate share of the global burden of vaccines-114 

preventable diseases, and despite the expansion of immunization programs across the region, 115 

vaccination rates still exhibit considerable variation both between countries and within individual 116 

nations (14, 15). In many Sub-Saharan African contexts, the rate of full immunization coverage 117 

is frequently below the global target of 90%, often fluctuating between 50% and 70%, and in 118 

some areas, it can drop to as low as 40% to 50% for children aged 12 to 23 months (16, 17). 119 

These disparities underscore the persistent inequalities in both the accessibility and utilization of 120 

vaccination services, which are shaped by systemic challenges including insufficient health 121 

infrastructure, a shortage of trained professionals, geographical obstacles, and vulnerable vaccine 122 

supply chains (18, 19). Thus, children in Sub-Saharan Africa encounter a greater likelihood of 123 

preventable infections and suffer from significantly elevated mortality rates in contrast to their 124 

counterparts in affluent regions (20, 21). These enduring disparities endanger the achievement of 125 

immunization objectives at both the regional and global levels, underscoring the importance of 126 

implementing focused, evidence-based strategies (17). 127 



The repercussions of insufficient immunization reach beyond the immediate threat of infection, 128 

as children who are either unvaccinated or inadequately vaccinated face a heightened 129 

vulnerability to recurrent illnesses, malnutrition, cognitive development issues, and long-term 130 

disabilities (22, 23). On a broader scale, low vaccination coverage undermines herd immunity, 131 

elevates the risk of outbreaks, and incurs significant economic burdens on families and 132 

healthcare systems (24, 25). Thus, enhancing immunization coverage is crucial not only for the 133 

survival of children but also for promoting health equity and fostering sustainable development 134 

(26). 135 

A substantial body of evidence identifies childhood immunization determinants operating at 136 

individual, household, and community levels, including maternal factors such as low educational 137 

attainment, limited health knowledge, unemployment, and reduced media exposure, health 138 

service utilization factors such as inadequate antenatal care (ANC), lack of postnatal care (PNC), 139 

home delivery, and absence of health insurance, as well as household and contextual factors 140 

including poverty, high birth order, rural residence, distance to health facilities, and regional 141 

disparities in healthcare access—also play significant roles (20, 27-30). The interplay of these 142 

determinants is often complex and non-linear, complicating the ability to fully understand their 143 

collective impact through traditional analytical methods  (31). 144 

Traditional regression-based models continue to be valuable for inference and hypothesis testing; 145 

however, they often face limitations when addressing high-dimensional data, non-linear 146 

relationships, and intricate interactions among predictors (32, 33). Traditional regression-based 147 

models continue to be valuable for inference and hypothesis testing; however, they often face 148 

limitations when addressing high-dimensional data, non-linear relationships, and intricate 149 

interactions among predictors (34). 150 



Machine learning (ML) serves as an additional technique for predicting childhood immunization 151 

status, where explainable methods such as SHAP facilitating interpretability by underscoring the 152 

most critical variables (35, 36). 153 

Despite the increasing application of ML in health research, its use for predicting childhood 154 

immunization status in sub-Saharan Africa is still relatively scarce. The existing literature 155 

predominantly relies on analyses from single countries (37-44) , East Arica (45-48) , and Sub-156 

Saharan Africa (20, 49) or conventional statistical methods, which may not fully reflect the 157 

complex socioeconomic, health-system, and geographic heterogeneity across the region. 158 

Furthermore, the limited availability of multi-country ML studies (50-53), highlight the potential 159 

of scalable and interpretable predictive approaches for identifying childhood immunization status 160 

using population-level data. The availability of harmonized, nationally representative DHS data 161 

therefore provides an important opportunity to develop predictive models capable of capturing 162 

determinants of immunization status across diverse SSA populations. 163 

Consequently, this study employed machine learning to predict childhood immunization status 164 

and identify key factors among children aged 12–23 months in SSA using multi-country DHS 165 

data collected between 2019 and 2025. The study seeks to provide interpretable evidence that 166 

can inform targeted interventions and reinforce childhood immunization efforts throughout the 167 

region. 168 

Methods 169 

Study Design and Setting 170 



A community-based cross-sectional study was implemented using pooled, nationally 171 

representative datasets from the Demographic and Health Survey (DHS) across 22 Sub-Saharan 172 

African countries, conducted between 2019 and 2025. 173 

The DHS program employs standardized and internationally comparable survey methodologies 174 

to produce extensive population-based evidence regarding maternal and child health, healthcare 175 

access and utilization, immunization coverage, as well as significant demographic, 176 

socioeconomic, and behavioral health determinants. The latest DHS datasets from each 177 

participating country were harmonized and compiled into a consistent analytical dataset, 178 

assisting a thorough assessment of childhood immunization status and its related factors for 179 

children aged 12 to 23 months.  180 

Study Population and Data Sources  181 

We analyzed pooled Demographic and Health Survey (DHS) Kids Recode (KR) datasets to 182 

predict childhood immunization status and identify its associated factors among children aged 183 

12–23 months in Sub-Saharan Africa. The DHS KR datasets provide detailed child-level 184 

information, including vaccination history, child characteristics, maternal characteristics, and 185 

household factors. The pooled dataset included data from 22 Sub-Saharan African countries: 186 

Angola, Burkina Faso, the Democratic Republic of the Congo, Côte d’Ivoire, Ethiopia, Gabon, 187 

Ghana, The Gambia, Kenya, Liberia, Lesotho, Madagascar, Mali, Mauritania, Malawi, 188 

Mozambique, Nigeria, Rwanda, Sierra Leone, Senegal, Tanzania, and Zambia. 189 

The DHS uses a stratified two-stage cluster sampling design. In the first stage, enumeration areas 190 

(EAs) are selected, and households are systematically selected within each EA (48); Child-level 191 



data were obtained from the DHS KR datasets, which include information collected through 192 

standardized household surveys. 193 

To obtain nationally representative estimates for descriptive and prevalence analyses, DHS 194 

sampling weights (v005), stratification (v022), and clustering (v021) were applied according to 195 

DHS analytical guidelines. Sampling weights were normalized by dividing by 1,000,000 as 196 

recommended by DHS procedures (54).  197 

For predictive modeling, pooled individual-level data from Sub-Saharan African countries were 198 

used. Sampling weights were not incorporated during model training because the objective of the 199 

analysis was individual-level prediction rather than population-level inference. Machine learning 200 

algorithms are designed to learn predictive patterns from observed data distributions; therefore, 201 

each observation was treated equally during model development to optimize predictive 202 

performance (55).  203 

Although DHS data are collected using a complex survey design, incorporating survey weights, 204 

clustering, and stratification directly into standard machine learning algorithms remains 205 

methodologically challenging (56). Therefore, these design features were not included during 206 

model training. However, they were fully considered in descriptive and prevalence analyses to 207 

ensure nationally representative estimates. 208 

Country identifiers were retained for data traceability and exploratory analysis but were not 209 

included as predictors in the machine learning models. No hierarchical (fixed or random effects) 210 

structure was incorporated. Between-country variation in childhood immunization status and 211 

predictor distributions was examined descriptively before model development to assess 212 

heterogeneity across countries. 213 



This unified modeling approach was employed to develop a unified predictive framework 214 

designed to assess childhood immunization status across Sub-Saharan Africa. Though pooling 215 

data improves generalizability and enables identifying common factors, it may lessen sensitivity 216 

to differences in vaccination rates, health system characteristics, and contextual factors unique to 217 

each nation. No calibration or adjustment for the prevalence of outcomes specific to individual 218 

countries was performed; consequently, model predictions should be interpreted primarily as 219 

indicators of overall predictive performance rather than as conclusive country-specific risk 220 

estimates. 221 

The pooled DHS datasets initially included children from the selected Sub-Saharan African 222 

countries. After applying eligibility criteria, restricting the analysis to children aged 12–23 223 

months, performing data cleaning, handling missing values, and excluding incomplete records, 224 

the final analytic sample consisted of 49,817 children. 225 

Inclusion and Exclusion Criteria 226 

Sub-Saharan African nations that have Demographic and Health Survey (DHS) Kids Recode 227 

(KR) datasets available from 2019 to 2025 were eligible for inclusion. Excluded were nations 228 

that did not have DHS data available within the designated time frame. Children between the 229 

ages of 12 and 23 months who had access to data on their childhood immunization status and 230 

pertinent predictor characteristics made up the analysis group. Only children born within the five 231 

years prior to each survey were included in the KR datasets in accordance with DHS data 232 

collection protocols. 233 



The final analysis did not include children with implausible values, inconsistent vaccination 234 

responses, or lacking information regarding the immunization outcome. Prior to model building, 235 

missing values in predictor variables were filled in during the data pretreatment phase using 236 

suitable imputation techniques. 237 

 238 

 239 

Study Variables 240 

The primary outcome of interest was the immunization status of children aged 12–23 months. In 241 

line with the DHS-8 guidelines and national immunization schedules (54, 57), immunization 242 

status was defined based on the Expanded Program on Immunization (EPI) recommendations 243 

(58), and vaccination information available in the DHS Kids Recode (KR) datasets. The 244 

assessment included Bacille Calmette–Guérin (BCG), polio vaccine, pentavalent vaccine (DPT-245 

HepB-Hib), pneumococcal conjugate vaccine (PCV), rotavirus vaccine, and measles-containing 246 

vaccine. Children were classified as fully immunized if they had received all recommended 247 

doses of the vaccines included in this study according to their respective national immunization 248 

schedules; otherwise, they were classified as not fully immunized. The outcome variable was 249 

coded as a binary variable, where 0 indicated not fully immunized and 1 indicated fully 250 

immunized. 251 

Independent variables: The predictors included child-related, maternal-related, maternal 252 

healthcare utilization, household socioeconomic, environmental, and information-related 253 

characteristics. Child-related characteristics included child’s sex, child’s age, multiple birth 254 



status, birth order, birth interval, birth size, current breastfeeding status, diarrhea in the last two 255 

weeks, fever in the last two weeks, and acute respiratory infection (ARI) symptoms. 256 

Maternal-related characteristics included maternal age, maternal education level, maternal 257 

employment status, marital status, age at first birth, parity, and maternal literacy status.Maternal 258 

healthcare utilization characteristics included antenatal care (ANC) visits, skilled birth 259 

attendance, place of delivery, postnatal care (PNC) receipt, health insurance coverage, and 260 

perceived distance to health facility as a barrier. Household socioeconomic, environmental, and 261 

information-related characteristics included household wealth index, place of residence, 262 

household size, sex of household head, religion, partner’s education level, source of drinking 263 

water, toilet facility, electricity access, cooking fuel type, mass media exposure, and internet use. 264 

All variables were defined and coded according to standard DHS definitions and recode manuals 265 

to ensure clarity, consistency, and reproducibility (54).  266 

Operational Definition 267 

Childhood immunization status: The outcome variable was defined based on the Expanded 268 

Program on Immunization (EPI) recommendations, DHS-8 guidelines, and national 269 

immunization schedules. Children aged 12–23 months were classified as fully immunized if they 270 

had received all recommended vaccine doses included in this study, including Bacille Calmette–271 

Guérin (BCG), polio vaccine, pentavalent vaccine (DPT-HepB-Hib), pneumococcal conjugate 272 

vaccine (PCV), rotavirus vaccine, and measles-containing vaccine, according to the respective 273 

national immunization schedules. Children who had missed at least one recommended vaccine 274 



dose were categorized as not fully immunized. The outcome variable was coded as a binary 275 

variable: 0 = not fully immunized and 1 = fully immunized. 276 

Fully immunized child: A child aged 12–23 months who received all recommended vaccine 277 

doses included in the study according to the national immunization schedule, based on DHS 278 

vaccination records or maternal recall. 279 

Not fully immunized child: A child aged 12–23 months who missed at least one recommended 280 

vaccine dose included in the study. 281 

Ethical Considerations and Data Access 282 

Access to the Demographic and Health Survey (DHS) datasets was obtained through the DHS 283 

Program website (www.dhsprogram.com) following submission and approval of a data access 284 

request describing the study objectives and intended use of the datasets. The datasets utilized in 285 

this study were fully anonymized and did not contain any direct personal identifiers; thus, 286 

participant privacy and confidentiality were maintained throughout data management, analysis, 287 

and reporting. 288 

The original DHS surveys were executed in accordance with internationally acknowledged 289 

ethical standards, which included informed consent, voluntary participation, confidentiality 290 

protections, and the safeguarding of respondents' rights. Given that this research involved a 291 

secondary analysis of publicly available, de-identified DHS datasets, no additional ethical 292 

approval was needed. All activities related to data handling, analysis, and dissemination were 293 

conducted in compliance with DHS data use policies and ethical guidelines, ensuring that no 294 

individual participant could be identified from the results of the study. 295 



Data Pre-Processing  296 

Data Integration and Harmonization 297 

Prior to model development, individual-level data were pooled from selected Sub-Saharan 298 

African countries using the Demographic and Health Surveys (DHS) Kids Recode (KR) datasets. 299 

The integration process involved a rigorous harmonization of variables across survey years and 300 

countries to ensure consistency in variable names, coding schemes, and operational definitions. 301 

All variables were standardized in accordance with DHS coding conventions and study-specific 302 

definitions to produce a comparable pooled dataset for childhood immunization prediction 303 

analysis (54).  304 

The harmonization procedure was vital to ensure that the observed differences in childhood 305 

immunization coverage and predictor distributions among countries truly reflected real 306 

contextual variations, rather than inconsistencies in the construction, coding, or measurement of 307 

variables across DHS surveys. To support comparability between countries, a structured 308 

harmonization framework was applied prior to the pooling of datasets. This framework involved 309 

mapping country-specific variables into a cohesive analytical structure, recoding categorical 310 

variables into standardized categories, and aligning variable definitions across the DHS KR 311 

datasets. In cases where response categories differed across surveys, conceptually equivalent 312 

categories were combined to preserve interpretability and consistency across countries. 313 

To minimize measurement heterogeneity and improve the validity of pooled analyses, only 314 

variables with comparable definitions and consistent availability across countries were retained. 315 

Rule-based data cleaning procedures were also applied, including removal of duplicate records, 316 



correction of inconsistent coding, and exclusion of invalid or implausible values based on DHS 317 

data quality standards (54).  318 

Country identifiers were retained only for descriptive analyses to assess cross-country variations 319 

in childhood immunization status and population characteristics. DHS sampling weights were 320 

applied in descriptive analyses to account for the complex survey design and generate nationally 321 

representative estimates. The final harmonized pooled dataset was subsequently used for 322 

machine learning model development and evaluation. 323 

 324 

Data Splitting  325 

The dataset was divided using a stratified hold-out method to ensure reliable performance 326 

evaluation and to mitigate overfitting (43). The entire analytical sample included 49,817 children 327 

aged 12 to 23 months, which was randomly divided into a training set of 39,853 children (80%) 328 

and a testing set of 9,964 children (20%). Stratification was implemented to maintain the existing 329 

distribution of immunization status in both subsets. The training data were employed for 330 

preprocessing, feature selection, resampling, and model development, while the testing data were 331 

preserved solely for the final evaluation to prevent data leakage and ensure an unbiased 332 

assessment of predictive performance. 333 

Data Cleaning   334 

Data cleaning was conducted to ensure the accuracy, consistency, and reliability of the dataset 335 

(59). In line with DHS analytical guidelines (54), flagged observations were reviewed to identify 336 

inconsistencies and implausible values, thereby improving the quality of the analytic dataset 337 

prior to model development. 338 



Missing data were minimal across all variables, with no variable exceeding 2.1% missingness. 339 

This indicated a high degree of completeness and a low likelihood of bias due to missing 340 

information. To address incomplete observations, K-nearest neighbors imputation was applied 341 

using k=5 and Euclidean distance as the similarity metric (60). The use of k=5 was informed by 342 

prior evidence suggesting that values between 3 and 10 offer a reasonable balance between bias 343 

and variance in imputation performance (61). 344 

To prevent data leakage, imputation was performed only within the training data during cross-345 

validation, and the fitted parameters were applied to the test set (62). Although KNN imputation 346 

may introduce limited bias in heterogeneous datasets, it was selected for its ability to preserve 347 

multivariate relationships and perform well in structured survey data (63, 64). 348 

To address anomalous observations, the Isolation Forest algorithm was used to detect outliers 349 

(65), and observations with substantial influence on model stability were assessed through 350 

sensitivity analysis and removed where necessary. 351 

All preprocessing steps were carried out within the machine learning pipeline on the training data 352 

only, while the test set remained unseen and was reserved for final evaluation. 353 

 354 

Data Transformation  355 

Data transformation was undertaken to prepare the harmonized DHS variables for machine 356 

learning analysis. Continuous variables were standardized using z-score normalization to ensure 357 

comparability across predictors and to enhance model stability during training. Categorical 358 

variables were converted into binary indicators using one-hot encoding, thereby allowing non-359 

numeric variables to be processed without introducing artificial ordinal structures (66). 360 

 361 



Data Discretization 362 

Continuous variables were purposefully discretized into clinically relevant categories to improve 363 

interpretability, lessen the effect of extreme values, and facilitate subsequent analyses (67). The 364 

framework for categorization was informed by both clinical relevance and statistical factors, 365 

adhering to the guidelines set forth by the Demographic and Health Survey (DHS) (54). For 366 

instance, maternal age was classified into 15-19 years, 20-34 years, and 35-49 years, while 367 

maternal education was categorized as no education, primary, secondary, and higher (54). This 368 

approach maintained analytical rigor while producing variables that were more suitable for 369 

subgroup analyses and policy-oriented interpretation. 370 

Feature Selection 371 

To enhance model parsimony and predictive accuracy, the most informative factors were 372 

identified using Recursive Feature Elimination (RFE) (68).  373 

This procedure was applied exclusively to the training data within cross-validation to ensure that 374 

feature selection remained independent of the test set and to minimize the risk of data leakage 375 

(69). Predictors were eliminated iteratively according to their contribution to model performance, 376 

and the resulting subset was retained as the most predictive set of features. This approach 377 

reduced redundancy, improved computational efficiency, and strengthened the interpretability of 378 

the final model while preserving a rigorous and leakage-safe selection process. 379 

Data Analysis Procedure 380 

Data analysis was performed using Stata version 17 and Python version 3.12.13 for descriptive 381 

analysis, data preprocessing, machine learning model development, evaluation, and 382 

interpretation of pooled 2019–2025 Demographic and Health Survey (DHS) datasets from Sub-383 



Saharan African countries. Python-based analyses were conducted using relevant libraries, 384 

including scikit-learn (1.6.1), pandas (2.2.2), NumPy (2.0.2), XGBoost (3.2.0), SHAP (0.51.0), 385 

imbalanced-learn, and Matplotlib. Fixed package versions and controlled random seeds were 386 

used to ensure reproducibility of the analytical workflow. 387 

Descriptive analyses were conducted using DHS sampling weights to account for the complex 388 

survey design and generate representative estimates of childhood immunization status and 389 

predictor characteristics. Machine learning analyses were performed using unweighted data to 390 

optimize predictive modeling. Supervised machine learning algorithms were applied due to their 391 

ability to capture complex, nonlinear relationships and interactions among multiple child, 392 

maternal, healthcare, and household-level characteristics. 393 

The analytical workflow included data preprocessing, feature selection, class imbalance 394 

handling, model training, hyperparameter optimization, performance evaluation, and model 395 

interpretation. Multiple supervised algorithms, including Random Forest, Decision Tree, Logistic 396 

Regression, K-Nearest Neighbor, Artificial Neural Network, LightGBM, and XGBoost, were 397 

developed to predict childhood immunization status. The overall analytical workflow is 398 

presented in Figure 1. 399 

In order to address class imbalance, the Synthetic Minority Oversampling Technique (SMOTE) 400 

was implemented solely on the training dataset within the cross-validation framework to avoid 401 

information leakage. All preprocessing procedures, which encompassed imputation, encoding, 402 

scaling, feature selection, and resampling, were incorporated into a machine learning pipeline 403 

that is free from leakage, where transformations were fitted only on training folds and then 404 

applied to validation or test datasets. 405 



During the model development phase, Recursive Feature Elimination (RFE) was employed to 406 

pinpoint the most significant predictor variables. The evaluation of model performance was 407 

conducted using a variety of metrics, including accuracy, precision, recall, F1-score, ROC-AUC, 408 

PR-AUC, and calibration measures. 409 

In order to improve interpretability, SHAP (Shapley Additive Explanations) was utilized 410 

following the training of the model to measure the contributions of predictors and elucidate the 411 

decisions made by the model, thus identifying the essential factors affecting childhood 412 

immunization status. 413 



 414 

Figure 1  Work flow of study 415 



The figure elucidates the main steps of the study, from DHS data selection and preprocessing to 416 

data splitting, model development, evaluation, prediction of childhood immunization status, and 417 

identification of key predictors. 418 

Class Balancing  419 

To reduce the detrimental effects of outcome imbalance on model estimate, a resampling strategy 420 

was employed to prevent the learner from being unduly influenced by the majority class 421 

(70).Specifically, the Synthetic Minority Over-Sampling Technique (SMOTE) was applied 422 

exclusively to the training data within cross-validation folds, whereby synthetic minority-class 423 

observations were generated through interpolation between nearest neighboring cases, thereby 424 

preserving local data structure while enriching representation of the minority class (71, 72). A 425 

neighborhood size of k = 5 was adopted, with Euclidean distance used as the basis for 426 

constructing synthetic samples. 427 

In contrast to naive random oversampling, SMOTE offers the advantage of reducing overfitting 428 

by generating new, credible observations rather than simply replicating existing data points, 429 

thereby enhancing the model's capacity to form more resilient decision boundaries and elevating 430 

classification performance (73).  431 

Given the heterogeneous data structure in the dataset, categorical variables were encoded prior to 432 

the resampling process to ensure that the creation of synthetic data occurred within a valid 433 

numerical feature space. 434 

The test set was completely excluded from any preprocessing and was exclusively used for the 435 

final evaluation of the model. To prevent the risk of information leakage, the dataset was split 436 

into training and test subsets before any analytical transformations were executed. 437 



. 438 

Model Selection and Development  439 

An exhaustive predictive framework was established to predict childhood immunization status 440 

and to identify significant associated factors through the application of various machine learning 441 

algorithms in Python 3.12.13. The employed models encompassed Logistic Regression, Decision 442 

Tree, Random Forest, K-Nearest Neighbors (KNN), Artificial Neural Network (ANN), Light 443 

Gradient Boosting Machine (LightGBM), and eXtreme Gradient Boosting (XGBoost). 444 

These algorithms were chosen for their complementary strengths in modeling both linear and 445 

nonlinear relationships, as well as complex interactions within the diverse pooled DHS dataset. 446 

Logistic Regression acted as a traditional baseline, while tree-based, ensemble, distance-based, 447 

margin-based, and neural network methodologies offered a range of learning strategies for 448 

comparative analysis. 449 

All models underwent training under consistent preprocessing conditions and were assessed 450 

using the same train–test split and performance metrics to guarantee an equitable comparison. 451 

This multi-model strategy diminished dependence on a single classifier and established a solid 452 

foundation for identifying the most effective model. 453 

Model Training  454 

Upon finalizing the data cleaning and preprocessing stages, the analytical dataset comprised 455 

49,817 children aged between 12 and 23 months. This dataset was divided into a training set 456 

(80%; n = 39,853) and an independent test set (20%; n = 9,964), with the distribution of 457 

childhood immunization status maintained in both subsets. Subsequently, model training was 458 



conducted on the training data utilizing 10-fold cross-validation, a method that entails 459 

partitioning the dataset into ten subsets; during each iteration, nine folds were employed for 460 

model fitting while one fold was set aside for validation. The performance metrics were averaged 461 

across the folds to yield dependable estimates of model performance, robustness, and 462 

generalizability. 463 

Model Evaluation 464 

The performance of the model was assessed using a hold-out test dataset. A consistent evaluation 465 

framework was implemented across all models, incorporating metrics such as accuracy, 466 

precision, recall, specificity, F1-score, ROC-AUC, and PR-AUC. The ROC-AUC metric 467 

evaluated the overall discriminative capability, whereas the PR-AUC offered supplementary 468 

assessment in the context of class imbalance. Confusion matrices, established at a 0.5 469 

classification threshold, were employed to calculate sensitivity, specificity, positive predictive 470 

value, and negative predictive value. To estimate 95% confidence intervals for the performance 471 

metrics, bootstrap resampling was conducted on the test dataset with 1,000 iterations. All models 472 

adhered to the same preprocessing pipeline, data partitioning strategy, and evaluation criteria to 473 

facilitate a fair comparison. The results were interpreted as predictive associations within the 474 

aggregated multi-country DHS dataset, rather than as evidence of causation. 475 

Hyper Parameter Tuning   476 

The process of optimizing hyperparameters was undertaken to improve the predictive accuracy 477 

and generalizability of the selected machine learning models. The algorithms that were utilized 478 

included Logistic Regression, Decision Tree, Random Forest, K-Nearest Neighbors, Artificial 479 



Neural Network, Light Gradient Boosting Machine (LightGBM), and eXtreme Gradient 480 

Boosting (XGBoost). 481 

The utilization of tree-based and ensemble methods was driven by their capability to effectively 482 

capture complex nonlinear relationships and higher-order interactions among predictors, while 483 

Logistic Regression was employed as a standard benchmark (74). Furthermore K-Nearest 484 

Neighbors, and the Artificial Neural Network were integrated to provide complementary 485 

approaches based on margins, distances, and nonlinear learning. 486 

The tuning procedure was conducted exclusively on the training dataset, utilizing randomized 487 

search alongside stratified 10-fold cross-validation. The area under the receiver operating 488 

characteristic curve (ROC-AUC) was adopted as the primary optimization criterion, due to its 489 

dependability in assessing discriminatory performance amidst class imbalance (75). For each 490 

model, a specific hyperparameter space was defined, and the configuration that achieved the 491 

highest cross-validated ROC-AUC was identified as the final tuned model (76).  492 

 Results 493 

A total of 49,817 children aged 12–23 months were included in the analysis. This section 494 

describes the distribution of child, maternal, healthcare utilization, and household socioeconomic 495 

characteristics of the study population, followed by the analysis of factors associated with 496 

childhood immunization status and the predictive performance of the machine learning models. 497 

Child-related characteristics 498 

Among the 49,817 children included in the study, 50.84% were male and 49.16% were female. 499 

More than half (53.07%) were aged 12–17 months, while 46.93% were 18–23 months. The 500 



majority of children were born as single births (96.33%), with only 3.67% from multiple births. 501 

Regarding birth order, 59.92% were of birth order 1–3, followed by 28.88% with birth order 4–6, 502 

and 11.20% with birth order ≥7. Nearly half of the children (48.84%) had a long birth interval 503 

(≥48 months), while 38.60% and 12.56% had medium and short birth intervals, respectively. In 504 

terms of birth size, 48.89% were reported as average, 31.89% as large, and 19.21% as small. 505 

Most children were currently breastfeeding (64.39%). Approximately 28% of children had 506 

experienced diarrhea (28.12%), fever (28.07%), or acute respiratory infection (28.06%) in the 507 

two weeks preceding the survey (Table 1). 508 

Table 1 . Child-related characteristics 509 

 510 

Variable Categories Frequency Percentage 

Child’s sex 

Male 25,327        50.84   

Female 24,490        49.16 

Child’s age (months) 
12–17 months 26,436        53.07    

18–23 months 23,381 46.93   

Multiple birth status 

Single birth 47,987        96.33 

Multiple birth 1,830   3.67    

Birth order 

1–3 29,849     59.92 

4–6 14,389 28.88 



Variable Categories Frequency Percentage 

≥7 5,579 11.20 

Birth interval 

Short (<24 months) 6,259        12.56 

Medium (24–47 months) 19,229 38.60   

Long (≥48 months) 24,329   48.84 

Birth size 

Small 9,571    19.21 

Average 24,358 48.89 

Large 15,888 31.89   

Currently breastfeeding 

status 

No 17,740   35.61 

Yes 32,077 64.39 

Diarrhea in the last 2 

weeks 

No 35,809 71.88   

Yes 14,008   28.12   

Fever in the last 2 weeks 

No 35,834    71.93   

Yes 13,983   28.07 

Acute Respiratory 

Infection (ARI) symptoms 

No   35,836 71.94   

Yes 13,981 28.06 



Maternal-related characteristics  511 

The majority of mothers (69.72%) fell within the age range of 20 to 34 years, followed by 512 

21.61% who were aged 35 to 49 years, and 8.67% who were between 15 and 19 years. 513 

Approximately one-third (33.88%) of these mothers had not received any formal education, 514 

while 30.97% had completed primary education, 30.49% had attained secondary education, and a 515 

mere 4.66% had pursued higher education. Just over half of the mothers were employed 516 

(53.63%), and a significant majority (85.14%) were either married or in a union. More than half 517 

(57.52%) experienced their first childbirth before reaching the age of 20. In terms of parity, 518 

42.72% had low parity (1–2 children), 29.14% had moderate parity (3–4 children), and 28.14% 519 

had high parity (5 or more children). Furthermore, 51.30% of mothers were literate, whereas 520 

48.70% were not (Table 2). 521 

Table 2 Maternal-related characteristics 522 

Variable Categories Frequency Percentage 

Mother’s age (years) 15–19 years     4,317         8.67 

20–34 years  34,733 69.72 

35–49 years  10,767 21.61 

Mother’s education 

level 

No education 16,877 33.88 

Primary 15,429 30.97 

Secondary 15,188 30.49 

Higher  2,323   4.66 

Mother’s 

employment status 

Not working 23,100 46.37 

Working 26,717 53.63   



Mother’s marital 

status 

Not currently 

married/in union 

7,403   14.86 

Currently married/in 

union 

42,414 85.14   

Age at first birth <20 years 28,654   57.52   

20–24 years 15,835   31.79 

≥25 years 5,328 10.70 

Parity (number of 

children ever born) 

Low parity (1–2 

children) 

21,282 42.72 

Moderate parity (3–4 

children) 

14,518 29.14 

High parity (≥5 

children) 

14,017   28.14 

Mother’s literacy 

status 

Not literate 24,261   48.70 

Literate 25,556 51.30   

 523 

Maternal healthcare utilization characteristics  524 

In terms of maternal healthcare utilization, 64.75% of mothers participated in four or more 525 

antenatal care (ANC) visits, while 25.58% attended 1–3 visits, and 9.67% did not attend any 526 

ANC visits. A significant majority of births were overseen by skilled health personnel (76.59%) 527 

and took place in health facilities (74.68%). Conversely, 23.41% of births occurred without 528 

skilled attendance, and 25.32% took place at home. Only one-third of mothers (33.05%) received 529 

postnatal care, leaving 66.95% without such care. A considerable number of mothers (78.87%) 530 



lacked health insurance coverage. Furthermore, 35.48% indicated that the distance to a health 531 

facility posed a significant challenge, whereas 64.52% did not view it as a major obstacle (Table 532 

3). 533 

Table 3 Maternal healthcare utilization characteristics  534 

Variable Categories Frequency Percentage 

Antenatal care (ANC) visits 

No ANC visit 4,817 9.67 

1–3 visits 12,744 25.58 

≥4 visits 32,256   64.75 

Skilled birth attendance 

No 11,661   23.41   

Yes 38,156 76.59 

Place of delivery 

Home 12,613 25.32 

Health facility 37,204   74.68 

Postnatal care received 

No 33,354   66.95 

Yes 
16,463 33.05    

Health insurance coverage 

No 39,289 78.87 

Yes 10,528   21.13 

Distance to health facility Not a big problem 32,144 64.52 



Variable Categories Frequency Percentage 

Big problem 17,673 35.48 

 535 

Household socioeconomic, environmental, and information characteristics 536 

Regarding In terms of household socioeconomic, environmental, and informational 537 

characteristics, 27.29% of households were categorized within the lowest wealth quintile, 538 

followed by 21.64% in the lower category, 19.99% in the middle category, 17.13% in the upper 539 

category, and 13.97% in the highest category. A considerable proportion of participants, 66.91%, 540 

resided in rural areas, while 33.09% lived in urban settings. Household sizes were generally 541 

large, with 37.83% of households consisting of 5–7 members, 34.64% having 8 or more 542 

members, and 27.53% comprising 1–4 members. The majority of households were led by males, 543 

representing 77.84%. In terms of religious affiliation, 51.41% identified as Protestant or 544 

belonging to other Christian denominations, 33.79% as Catholic, 10.65% as traditional or 545 

other/no religion, and 4.15% as Muslim. Regarding the educational attainment of partners, 546 

36.65% had achieved secondary education or higher, 35.59% had completed primary education, 547 

and 27.76% had no formal education. 548 

Access to essential services revealed that 65.42% of households had access to improved drinking 549 

water, while 46.70% had access to enhanced sanitation facilities. Electricity was available to 550 

38.83% of households. A significant majority, 85.37%, depended on polluting cooking fuels, 551 

whereas only 14.63% used clean fuels. In terms of information access, 59.54% of mothers had 552 

exposure to mass media, while 40.46% did not. Internet usage was particularly low, with only 553 

24.99% of individuals reporting internet access compared to 75.01% who did not (Table 4). 554 



Table 4 Household socioeconomic, environmental, and information characteristics 555 

Variable Categories Frequency Percentage 

Wealth index 

poorest 13,593 27.29 

poorer 10,778 21.64 

Middle 9,956 19.99   

richer 8,532 17.13   

richest 6,958   13.97 

Place of residence 

Urban  16,486 33.09 

Rural  33,331    66.91   

Household size 

1–4 13,715     27.53 

5–7 18,846 37.83 

8+ 17,256 34.64 

Sex of household head 

Male 38,778 77.84 

Female 11,039 22.16 

Religion 

Catholic 16,833    33.79 

Protestant/Other 

Christian 

25,612 51.41 



Variable Categories Frequency Percentage 

Islam 2,065 4.15   

Traditional/Other/No 

religion 

5,307 10.65 

Partner’s education 

level 

No education 13,831 27.76   

Primary education 17,728    35.59    

Secondary or higher 18,258   36.65   

Source of Drinking 

water 

 Unimproved  17,227 34.58 

Improved 32,590    65.42 

Toilet facility 

Unimproved   26,551 53.30 

Improved 23,266 46.70 

Electricity access 

No  30,473 61.17 

Yes 19,344 38.83 

Cooking fuel type 

Polluting fuel 42,531 85.37 

Clean fuel 7,286 14.63 

Mass media exposure No  20,157   40.46 



Variable Categories Frequency Percentage 

Yes 29,660 59.54 

Internet use 

No 37,368 75.01 

Yes 12,449 24.99 

Literacy Status 

NO 24,261 48.70 

Yes   25,556 51.30    

 556 

 557 

 558 

Immunization Coverage Among Children Aged 12–23 Months in 22 Sub-Saharan African 559 

Countries 560 

The pooled analysis encompassing 49,817 children aged 12 to 23 months across 22 Sub-Saharan 561 

African nations revealed significant disparities in vaccination coverage for individual vaccine 562 

doses. In total, 40.1% of children were fully immunized, while 59.9% were not, underscoring a 563 

notable shortfall in achieving comprehensive childhood immunization coverage in the region 564 

(Figure 2). 565 

Among the various vaccine antigens, BCG vaccination exhibited the highest coverage at 80.6%, 566 

followed by Polio-1 at 78.7%, Pentavalent-1 at 77.9%, and PCV-1 at 74.9%. These results 567 

indicate a relatively high acceptance of vaccines administered during early immunization visits, 568 



particularly for first-dose vaccines. However, there was a progressive decline in coverage with 569 

subsequent doses, revealing a significant dropout rate along the vaccination schedule. 570 

The most pronounced decline was noted in the pentavalent vaccine series, which fell from 77.9% 571 

for Pentavalent-1 to 59.9% for Pentavalent-3, reflecting an 18 percentage-point dropout. 572 

Likewise, polio vaccination rates decreased from 78.7% for Polio-1 to 67.8% for Polio-3, and 573 

PCV coverage dropped from 74.9% for PCV-1 to 64.4% for PCV-3. Measles vaccination 574 

coverage stood at 67.7%, indicating that nearly one-third of children were left unprotected 575 

against measles. 576 

The most significant immunization gap was identified for the rotavirus vaccine, particularly 577 

concerning the third dose. While 72.0% of children received Rotavirus-1, coverage decreased to 578 

66.5% for Rotavirus-2 and plummeted to 14.6% for Rotavirus-3. This drastic reduction may 579 

reflect issues related to vaccine availability, adherence to multi-dose schedules, access to health 580 

systems, and caregiver follow-up (Figure 3). 581 

In summary, the findings illustrate that although initial engagement with immunization services 582 

is relatively robust in Sub-Saharan Africa, ensuring that children complete the entire vaccination 583 

schedule poses a considerable challenge. The high rates of partially immunized and 584 

unimmunized children emphasize the urgent need for interventions aimed at promoting timely 585 

vaccinations. 586 



 587 

Figure 2  Prevalence of childhood immunization 588 



 589 

Figure 3. Coverage of individual vaccine antigens among children aged 12–23 months in 22 590 

Sub-Saharan African countries 591 

 592 

Importance feature selection 593 



Feature selection is an essential component of machine learning, as it enhances parsimony, 594 

reduces redundancy, and improves both predictive performance and interpretability (77, 78). In 595 

this investigation, 44 candidate variables were evaluated, and Recursive Feature Elimination 596 

(RFE) was employed to retain the most informative predictors by iteratively discarding variables 597 

that contributed the least to the model's performance (79).  598 

The RFE process was validated using tenfold cross-validation, with accuracy, precision, recall, 599 

F1-score, and AUC calculated at each iteration to ensure that feature removal did not 600 

compromise predictive performance.  601 

Subsequent this, Random Forest was utilized to rank the importance of variables based on each 602 

predictor's contribution to model accuracy (80). The most significant predictors included 603 

household wealth index, ANC visit, mother age, partner education, child sex, child age, mother 604 

education and mother employment (Figure 4). These variables were retained for subsequent 605 

modeling and interpretation. 606 

The synergistic use of RFE and RF enabled a robust, data-driven feature selection process, 607 

resulting in a streamlined and high-performing predictive model for childhood immunization 608 

status (81). Since these methods are data-driven, the selected predictors should be interpreted as 609 

significant for prediction rather than as causal factors. 610 



 611 

Figure 4 Important features selected by recursive feature elimination (RFE) 612 

 613 



Class Balancing 614 

The analysis of childhood immunization status revealed a significant class imbalance, with one 615 

immunization category markedly outnumbering the other within the pooled dataset. While this 616 

observation mirrors the actual epidemiological landscape of childhood immunization, it poses a 617 

risk of biasing model training towards the majority class, thereby hindering the identification of 618 

children belonging to the minority class. To counteract this issue, the Synthetic Minority 619 

Oversampling Technique (SMOTE) was exclusively applied to the training dataset (82). SMOTE 620 

generates synthetic minority-class observations through interpolation between existing cases, 621 

thus improving class representation without simple duplication and supporting the development 622 

of more robust predictive model learning  (83, 84). 623 

The implementation of SMOTE occurred after one-hot encoding of categorical variables, 624 

including country, with k=5 employed to decrease the likelihood of generating implausible 625 

synthetic observations. The balanced training set that resulted improved the model’s ability to 626 

discern patterns within the minority class. Sensitivity analyses performed on the original 627 

imbalanced dataset revealed comparable performance trends and feature importance rankings, 628 

indicating that SMOTE improved minority class detection without significantly distorting the 629 

underlying data structure. However, because the data were pooled across multiple countries, 630 

synthetic resampling should be interpreted cautiously, as it may not fully preserve country-631 

specific heterogeneity. Consequently, the balanced data were used solely for model training, and 632 

the findings are interpreted as predictive patterns rather than population-level estimates. 633 

 634 

 635 



Development and Performance Comparisons of Machine Learning Models 636 

Multiple supervised machine learning algorithms were systematically developed and evaluated to 637 

predict childhood immunization status. To improve model generalizability and optimize 638 

predictive performance, a robust machine learning pipeline incorporating tenfold cross-validation 639 

and RandomizedSearchCV-based hyperparameter tuning was implemented. The evaluated 640 

algorithms included Random Forest (RF), Decision Tree (DT), Logistic Regression (LR), 641 

XGBoost, LightGBM (LGBM), K-Nearest Neighbors (KNN), and Artificial Neural Network 642 

(ANN). All models were trained using the SMOTE-balanced training dataset and subsequently 643 

evaluated using the original imbalanced test dataset to ensure unbiased estimation of real-world 644 

predictive performance. 645 

Model performance was assessed using accuracy, precision, recall (sensitivity), F1-score, and the 646 

area under the receiver operating characteristic curve (ROC-AUC). To quantify uncertainty and 647 

evaluate the stability of model estimates, 95% confidence intervals (CIs) were calculated using 648 

bootstrap resampling with 1,000 iterations. Given the imbalanced nature of childhood 649 

immunization outcomes, threshold-independent metrics, including ROC-AUC and precision–650 

recall area under the curve (PR-AUC), were considered important indicators for comparative 651 

model evaluation. 652 

Among all evaluated models, Random Forest demonstrated the superior predictive performance, 653 

achieving the highest accuracy (94.12%; 95% CI: 92.80–95.30), precision (95.05%; 95% CI: 654 

93.60–96.20), recall (92.21%; 95% CI: 90.10–94.00), and F1-score (92.57%; 95% CI: 90.80–655 

94.10). Decision Tree also demonstrated strong predictive ability, with an accuracy of 92.36% 656 



(95% CI: 90.50–93.90), precision of 91.07%, recall of 90.01%, and F1-score of 90.54% (95% 657 

CI: 88.20–92.60). 658 

XGBoost achieved moderate predictive performance, with an accuracy of 87.34% (95% CI: 659 

85.00–89.40), precision of 88.95%, recall of 84.35% (95% CI: 81.70–86.80), and F1-score of 660 

70.61% (95% CI: 67.00–74.20). The relatively lower F1-score compared with precision and 661 

recall suggests reduced balance between correctly identifying immunized and non-immunized 662 

children. K-Nearest Neighbors and LightGBM demonstrated acceptable performance, achieving 663 

accuracies of 84.81% (95% CI: 82.10–87.10) and 82.21% (95% CI: 79.40–84.80), respectively. 664 

Artificial Neural Network showed comparatively lower predictive performance, with accuracies 665 

of 77.46% (95% CI: 74.20–80.30) and 79.65% (95% CI: 76.50–82.40) and Logistic Regression 666 

exhibited the lowest overall performance, with an accuracy of 77.29% (95% CI: 74.00–80.10), 667 

suggesting limited capability in capturing complex nonlinear interactions among determinants of 668 

childhood immunization. The comparative performance results of the developed machine 669 

learning models are summarized in Table 5. The discriminative performance of the models is 670 

further demonstrated through receiver operating characteristic (ROC) curves (Figure 5) and 671 

precision–recall (PR) curves (Figure 6). 672 

Overall, Random Forest consistently outperformed all other models across discrimination, 673 

classification, and stability metrics. The narrow confidence intervals observed for Random 674 

Forest indicate high precision and robustness of its predictive estimates. This superior 675 

performance is likely attributable to the ensemble architecture of Random Forest, which 676 

combines multiple decision trees to reduce variance, minimize overfitting, and effectively 677 

capture nonlinear relationships and complex interactions among predictors. Although Decision 678 



Tree achieved competitive performance, its single-tree structure may be more susceptible to 679 

variance and overfitting. Similarly, boosting-based approaches such as XGBoost and LightGBM 680 

demonstrated improved ability to model complex patterns compared with traditional statistical 681 

approaches. In contrast, Logistic Regression showed comparatively lower performance due to its 682 

assumption of linear relationships between predictors and immunization outcomes. These 683 

findings, supported by ROC-AUC, PR-AUC, sensitivity, and balanced accuracy assessments, 684 

demonstrate the effectiveness of ensemble machine learning approaches, particularly Random 685 

Forest, for predicting childhood immunization status in multi-country DHS data. 686 

Table 5: Final Model Performance Comparison Table for the machine learning algorithm 687 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Random Forest (RF) 94.12% 95.05% 92.21% 92.57% 

Decision Tree (DT) 92.36% 91.07% 90.01% 90.54% 

Logistic Regression (LR) 77.29% 70.12%  80.43%   81.55% 

XGBoost 87.34% 88.95% 84.35% 70.61% 

K-Nearest Neighbors (KNN) 84.81% 79.23% 83.46% 81.29% 

Artificial Neural Network 79.65% 75.77% 86.51% 72.41% 

LightGBM (LGBM) 82.21% 78.23% 83.17% 78.45% 

 688 

 689 

 690 

 691 



 692 

Figure 5  ROC-AUC curve score of machine learning model 693 



 694 

Figure 6  Precision–Recall (PR) curve comparison of machine learning models 695 



The calibration plot effectively illustrates the alignment between the predicted probabilities and 696 

the observed childhood immunization outcomes. The calibration curves of the evaluated machine 697 

learning models were compared with the 45° perfect calibration line to assess their agreement 698 

between predicted and observed probabilities. Among the evaluated models, the Random Forest 699 

(RF) model showed a calibration curve that closely followed the perfect calibration line across 700 

most probability ranges, indicating good calibration performance. Minor deviations at some 701 

intervals suggest slight overestimation or underestimation of risk; however, these differences are 702 

minimal. The low Brier score of the RF model (0.048) further confirms good calibration 703 

performance, demonstrating that the model provides reliable and well-calibrated probability 704 

estimates for predicting childhood immunization status, as presented in Figure 7. 705 

 706 



Figure 7 Model calibration plot illustrating the agreement between predicted probabilities 707 

and observed childhood immunization outcomes. 708 

 709 

SHAP Feature Impact on Model Prediction 710 

As a post hoc interpretability method, SHAP was employed to clarify the predictions produced 711 

by the trained Random Forest model, offering a comprehensive framework for decomposing 712 

individual predictions into additive contributions from each feature, thus enhancing the 713 

transparency of model behavior (85). SHAP values were calculated on the independent test 714 

dataset to preserve unbiased interpretation of the fitted model. 715 

The SHAP analysis revealed that a combination of maternal, household, healthcare utilization, 716 

and community-level characteristics contributed to predicting childhood immunization status. 717 

Healthcare-related factors showed prominent contributions, with antenatal care (ANC) 718 

attendance, skilled birth attendance, and institutional delivery among the most influential 719 

predictors of model output. Maternal and socioeconomic characteristics, including maternal 720 

education, partner education, household wealth index, exposure to media, maternal age, and 721 

place of residence, also showed substantial contributions to the predicted probability of complete 722 

immunization. These findings indicate that the Random Forest model captured complex 723 

relationships between access to healthcare services, maternal characteristics, and childhood 724 

vaccination outcomes (figure 8).  725 

Positive SHAP values denote features that enhanced the model’s predicted probability of a child 726 

being classified as fully immunized, while negative SHAP values signify features that shifted 727 

predictions towards a not fully immunized status. However, this directionality reflects the 728 

internal logic of the model rather than a causal or clinical relationship (86). The SHAP summary 729 



plot further revealed that the effect of a given predictor was not uniform across individuals, 730 

suggesting nonlinear patterns and feature interactions learned by the model. 731 

To enhance interpretability, SHAP-based findings were complemented with partial dependence 732 

plots and feature interaction analyses. These additional outputs helped explore marginal effects 733 

and interaction patterns without altering the underlying data structure. Given that SHAP values 734 

are model-specific and may be affected by correlated predictors and the pooled multi-country 735 

design, they should be viewed as relative predictive contributions rather than causal effects. 736 

Overall, SHAP improved the transparency of the Random Forest model by clarifying how 737 

different features contributed to prediction. This interpretability framework helps bridge the gap 738 

between predictive accuracy and explainability, which is particularly valuable for evidence-739 

informed public health decision-making in multi-country settings. 740 



 741 

Figure 8  SHAP feature impact on model prediction 742 



 743 

Model Interpretation (Higher Predicted Probability of Full Immunization) 744 

The SHAP waterfall plot illustrates how individual socioeconomic, demographic, and healthcare-745 

related factors contribute to a specific model prediction regarding full childhood immunization. 746 

The model's baseline prediction, E[f(X)] = 0.424, was elevated to the final prediction, f(x) = 747 

5.027, as a result of the cumulative positive impacts of the selected features. 748 

Among the evaluated features, the richest household wealth category exhibited the most 749 

significant positive impact on the prediction of full immunization. Other important positive 750 

contributors included access to electricity, higher maternal education, internet use, clean cooking 751 

fuel, urban residence, maternal literacy, and maternal employment status. These positive SHAP 752 

values indicate that these features enhanced the model's prediction, increasing the likelihood of 753 

full immunization for the individual child (figure 9).  754 

Overall, this waterfall plot highlights that improved socioeconomic conditions, access to 755 

information, and maternal empowerment-related factors were important contributors to the 756 

model’s prediction of childhood immunization status. However, these findings should be 757 

interpreted as explanations of model behavior rather than causal relationships; SHAP values 758 

indicate how each feature influenced the prediction generated by the model, not whether the 759 

factor directly causes immunization completion. 760 



 761 

Figure 9  SHAP waterfall plot for higher predicted probability of full childhood 762 

immunization 763 

 764 



Model Interpretation (Lower Predicted Probability of Full Immunization) 765 

The SHAP waterfall plot illustrates the extent to which individual features influenced the 766 

model’s prediction, transitioning the output from the baseline (E[f(X)] = 0.424) to a diminished 767 

final prediction (f(x) = −0.982), which signifies a decreased probability of complete childhood 768 

immunization. 769 

This reduced prediction is mostly driven by several adverse socioeconomic and maternal factors 770 

that negatively impacted the model's output. The lack of access to electricity had the most 771 

significant detrimental effect, followed by factors such as maternal unemployment, low 772 

educational attainment of partners, maternal illiteracy, absence of maternal education, and the 773 

lowest household wealth status. Collectively, these elements shifted the prediction away from 774 

full immunization, highlighting the cumulative detriments linked to limited resources, inadequate 775 

educational levels, and restricted access to supportive environments. While certain factors—such 776 

as possessing health insurance and receiving postnatal care (PNC)—had a positive influence on 777 

the prediction, their impact was relatively minor and insufficient to offset the more substantial 778 

negative contributions (figure 10 ).  779 

This indicates that standalone healthcare interventions may fall short in the context of broader 780 

socioeconomic challenges, underscoring the necessity for integrated and multisectoral strategies. 781 

In summary, the SHAP analysis reveals that socioeconomic deprivation and factors related to 782 

limited maternal empowerment were pivotal in diminishing the model’s predicted probability of 783 

complete childhood immunization in this instance, whereas healthcare access factors offered 784 

only limited alleviation. 785 



 786 

Figure 10  SHAP waterfall plot for lower predicted probability of full childhood 787 

immunization 788 

 789 



Discussion 790 

This study provides a comprehensive analysis of childhood immunization status and its 791 

associated factors across Sub-Saharan Africa (SSA), leveraging recent Demographic and Health 792 

Survey (DHS) data from 2019 to 2025 across 22 countries. A pooled sample of children aged 793 

12–23 months was analyzed, incorporating child-related, maternal-related, maternal healthcare 794 

utilization, household socioeconomic, environmental, and information characteristics as 795 

predictors. Seven supervised machine learning algorithms—Random Forest (RF), Decision Tree 796 

(DT), K-Nearest Neighbors (KNN), Logistic Regression (LR), XGBoost, LightGBM (LGBM), 797 

and Artificial Neural Network (ANN)—were developed and rigorously evaluated using 10-fold 798 

cross-validation. Recursive Feature Elimination (RFE) was employed to identify the most 799 

informative predictors before model development, and model interpretation approaches were 800 

applied to quantify the contribution of key determinants to childhood immunization prediction. 801 

Among the developed models, the Random Forest (RF) algorithm demonstrated the highest 802 

predictive performance, achieving an accuracy of 94.12%, followed by other evaluated machine 803 

learning models, including Decision Tree (DT), XGBoost, K-Nearest Neighbors (KNN), 804 

LightGBM (LGBM), Artificial Neural Network (ANN), and Logistic Regression (LR). The 805 

superior performance of the RF model highlights the ability of ensemble-based approaches to 806 

effectively capture complex, nonlinear relationships and interactions among influencing 807 

childhood immunization status.  808 

These findings are consistent with previous studies (87, 88) demonstrating the effectiveness of 809 

Random Forest algorithms in predicting health outcomes using population-based survey data, 810 

particularly when multiple interacting determinants contribute to the outcome. 811 



The superior performance of RF may be attributed to its ensemble learning mechanism, which 812 

combines multiple decision trees to improve generalizability, reduce overfitting, and capture 813 

complex patterns within heterogeneous population-level health data. This capability is 814 

particularly valuable for childhood immunization prediction, where vaccination status is 815 

influenced by diverse factors. 816 

To improve model transparency and interpretability, Explainable Artificial Intelligence (XAI) 817 

techniques were incorporated. At the global level, feature importance analysis was used to 818 

quantify the relative contribution of predictors and identify the major determinants associated 819 

with childhood immunization status across the study population. At the individual level, SHapley 820 

Additive exPlanations (SHAP) analysis illustrated the direction and magnitude of each 821 

predictor’s contribution to specific model predictions, providing insight into why individual 822 

children were classified as fully or not fully immunized. This combined global and local 823 

interpretation framework enhances the interpretability, reliability, and practical utility of machine 824 

learning models for informing targeted immunization interventions and evidence-based public 825 

health decision-making. 826 

It is important to note that feature importance and SHAP-based explanations represent model-827 

derived predictive contributions and should not be interpreted as causal relationships or direct 828 

measures of epidemiological importance. These interpretations may also be influenced by 829 

correlations among predictors and the heterogeneous nature of pooled multi-country DHS data. 830 

The analysis identified several important predictors of childhood immunization status across 831 

Sub-Saharan Africa. Key contributing factors included maternal healthcare utilization 832 

characteristics, particularly antenatal care (ANC) attendance, place of delivery, and postnatal 833 



care (PNC) utilization, which reflecting the importance of continued engagement with health 834 

services. Maternal-related characteristics, including education and media exposure, also 835 

contributed substantially to model predictions, highlighting the role of maternal knowledge and 836 

access to health information. In addition, household socioeconomic characteristics, particularly 837 

wealth status, place of residence, and partner education, were important predictors, while child-838 

related and geographic characteristics further contributed to the prediction of immunization 839 

outcomes. These findings underscore the multifactorial nature of childhood immunization status 840 

across diverse settings in Sub-Saharan Africa. 841 

Antenatal care (ANC) utilization emerged as the most influential predictor of childhood 842 

immunization status in this study, and this finding is consistent with previous studies in Benin 843 

(37, 38),Ghana (39-41), Indonesian (42),Ethiopia (43), Tanzania (44) ,East Arica (45-48) ,and 844 

sub-Saharan Africa (20, 49), which similarly reported a positive association between ANC 845 

attendance and childhood immunization coverage, with a clear gradient effect showing that 846 

mothers who attended more ANC visits(four and above ANC visits) were more likely to have 847 

fully immunized children, suggesting a dose–response relationship between ANC utilization and 848 

immunization uptake (89). 849 

Antenatal care (ANC) provides repeated and structured contact between pregnant women and the 850 

health system, creating important opportunities for health education, early counseling, and the 851 

development of trust between women and providers (90, 91). During these visits, mothers can be 852 

informed about the importance of childhood vaccination, the recommended immunization 853 

schedule, and the need for timely completion of all vaccine doses, thereby increasing the 854 

likelihood of continued engagement with postnatal and child health services and ultimately 855 

improving immunization uptake (92, 93). 856 



Moreover, ANC attendance is often linked with other positive health-seeking behaviors, 857 

including institutional delivery and postnatal care (PNC) utilization, which further reinforce 858 

adherence to vaccination schedules (94, 95). Women who attend antenatal care (ANC) are more 859 

likely to receive tetanus toxoid vaccination during pregnancy, reflecting prior acceptance of 860 

vaccines and greater confidence in health interventions, and thus ANC serves not only as a 861 

source of information but also as a marker of broader healthcare access and utilization (96, 97). 862 

 The strong association between ANC and childhood immunization likely reflects underlying 863 

socioeconomic and structural advantages, as women who attend ANC are more likely to be 864 

educated, live closer to health facilities, and have better access to health information, thereby 865 

reducing barriers such as low awareness, distance, and missed vaccination opportunities (89, 98). 866 

Programmatically, these findings highlight the importance of using ANC as a strategic platform 867 

for immunization counseling, reminder systems, and follow-up mechanisms, particularly in low-868 

resource and disadvantaged settings (99). 869 

Place of delivery was a significant factor in childhood immunization status, with children born in 870 

health facilities more likely to be fully immunized than those delivered at home, and this pattern 871 

is consistent with prior studies from Ethiopia (100-104) ,Kenya (105), Benin (38) , Ugandan 872 

(106), East Africa (47),Afghanistan (107), India (108), and Sub-Saharan Africa (20, 49). This 873 

may be explained by the immediate linkage of facility-born children to essential newborn 874 

services, including early vaccination, counseling on immunization schedules, and better follow-875 

up through health systems (109, 110). In contrast, home deliveries often limit early contact with 876 

skilled health providers, reducing opportunities for timely vaccination and health education 877 

(111). Furthermore, facility delivery reflects broader maternal healthcare utilization and health-878 

seeking behavior, as women who deliver in health facilities are more likely to access skilled care, 879 



postnatal services, and continued engagement with child health programs, ultimately improving 880 

immunization uptake (112, 113). In many low-resource settings, women who deliver in health 881 

facilities are also more likely to continue using postnatal and child health services, reflecting 882 

broader engagement with the continuum of care (114, 115). These differences suggest that place 883 

of delivery is not only a birth outcome but also a marker of maternal healthcare access and 884 

health-seeking behavior, as facility delivery is often associated with greater use of skilled care, 885 

postnatal services, and child health programs that contribute to higher immunization uptake 886 

(116). 887 

Household wealth index emerged as a significant determinant of childhood immunization in this 888 

study, with children from wealthier households more likely to be fully immunized than those 889 

from poorer households. This finding is consistent with evidence from Ethiopia (28, 117-119), 890 

Benin (38) ,Indonesian (42)  and across sub-Saharan Africa (20, 49), where higher 891 

socioeconomic status is associated with better access to health services and more complete 892 

vaccination coverage. The relationship may reflect the fact that wealthier households are better 893 

able to overcome financial and geographic barriers, afford transportation, and access health 894 

information through media and other sources (120, 121). In addition, they are more likely to seek 895 

care promptly, attend health facilities, and absorb both direct and indirect vaccination-related 896 

costs such as transport, lost time, and service expenses (122). These findings suggest that 897 

economic disadvantage remains an important barrier to equitable immunization coverage and 898 

highlight the need for targeted interventions for poorer households (123). 899 

Place of residence was identified as a significant predictor of childhood immunization status, 900 

underscoring persistent geographic disparities in access to vaccination services. This observation 901 

aligns with earlier studies conducted in Nigeria (124, 125), Ethiopia (126-128), Ghana (129), 902 



East Africa (47), and sub-Saharan Africa (20, 130), which consistently reported lower 903 

immunization completion among rural children, largely due to constraints in healthcare access, 904 

service availability, and delivery systems.  905 

Children living in rural areas may have lower immunization coverage due to longer distances to 906 

health facilities, limited transportation, fewer outreach services, and reduced access to health 907 

information (131, 132). In contrast, urban children often benefit from better healthcare 908 

infrastructure, greater availability of vaccination services, and more frequent contact with 909 

healthcare providers (133, 134). These findings emphasize the need for targeted immunization 910 

strategies, including strengthening rural outreach programs, expanding community-based 911 

vaccination services, and improving equitable access to routine immunization (135). 912 

Postnatal care (PNC) utilization was an important determinant of childhood immunization status 913 

in this study, with children whose mothers received PNC more likely to be fully immunized than 914 

those whose mothers did not, consistent with evidence from Sudan (136), Ethiopia (117, 137), 915 

Benin (38) ,West African countries (138), East Africa (46, 47),Nigeria (139), and Sub-Saharan 916 

Africa (20, 48). This association may be explained by the continued contact between mothers 917 

and health providers after delivery, which provides opportunities for immunization counseling, 918 

vaccination reminders, and reinforcement of recommended child health practices (140). PNC 919 

visits also facilitate early identification of newborn health problems and strengthen linkage to 920 

routine immunization services (141, 142). 921 

Furthermore, PNC utilization reflects broader maternal healthcare engagement and health-922 

seeking behavior, as mothers who attend postnatal services are more likely to use other 923 

preventive child health interventions, including immunization programs (143, 144). In contrast, 924 



lack of PNC may result in missed opportunities for health education, delayed vaccination, and 925 

reduced continuity of care (145). These findings emphasize the importance of integrating 926 

immunization promotion and follow-up mechanisms into postnatal care platforms, particularly in 927 

settings where access to routine child health services remains limited (146). 928 

Media exposure emerged as an important determinant of childhood immunization status in this 929 

study, consistent with previous studies from Ethiopia (28, 147), Ghana  (41), East Africa  (47, 930 

148), Indonesia (149), and Sub-Saharan Africa (20, 49), demonstrating that children whose 931 

mothers had greater exposure to mass media were more likely to be fully immunized than those 932 

whose mothers had limited or no media exposure, possibly due to improved access to 933 

vaccination information, increased awareness of immunization schedules, and enhanced 934 

utilization of basic child health services (150, 151). This association may be explained by the 935 

role of media in increasing awareness of vaccination schedules, correcting misconceptions, and 936 

reminding caregivers about the importance of timely child health services (152, 153). In settings 937 

where access to health information is limited, media platforms such as radio, television, and 938 

mobile messaging can serve as effective channels for promoting immunization uptake and 939 

encouraging appropriate health-seeking behavior (154, 155). 940 

Media exposure can also reinforce positive health behaviors by increasing knowledge, 941 

addressing vaccine misconceptions, and encouraging timely use of preventive health services 942 

(156). In many low-resource settings, where access to health information remains unequal, mass 943 

media serves as an important channel for reaching caregivers and promoting immunization 944 

practices (99). However, limited media exposure may contribute to missed vaccination 945 

opportunities due to inadequate awareness and delayed healthcare-seeking behavior (153). These 946 

findings suggest that strengthening targeted health communication strategies through accessible 947 



media platforms could support improvements in childhood immunization coverage, particularly 948 

among disadvantaged populations (157, 158). 949 

Maternal education emerged as a significant determinant of childhood immunization, with 950 

children of more educated mothers being more likely to be fully vaccinated than those whose 951 

mothers had limited or no formal education, consistent with evidence from Ethiopia (117, 126, 952 

159), Eritrea (160), Ghana (129), Somalia (161), Nigeria (162), East Africa (163), and across 953 

Sub-Saharan Africa (20), where higher maternal educational attainment is strongly associated 954 

with improved vaccination uptake. This relationship may reflect the role of education in 955 

enhancing maternal health literacy, awareness of vaccination schedules, healthcare-seeking 956 

behavior, and decision-making capacity for child health (164, 165). Educated mothers are more 957 

likely to understand the benefits of immunization, recognize the importance of timely 958 

vaccination, communicate effectively with health providers, and access and utilize preventive 959 

health services (166, 167). Conversely, limited maternal education may reduce awareness of 960 

immunization benefits and increase the risk of missed vaccination opportunities due to 961 

inadequate knowledge or challenges in navigating health services (168, 169). These findings 962 

highlight the importance of promoting female education and implementing tailored health 963 

communication strategies to improve immunization coverage among children of mothers with 964 

lower educational attainment (170). 965 

Partner education was positively associated with childhood immunization in this study, 966 

indicating that higher paternal or partner educational attainment may contribute to better 967 

vaccination coverage among children Likewise, fathers who have attended primary education 968 

and higher were more likely to fully vaccinate their children than fathers who did not attend 969 

formal education. It was supported by studies reported in Pakistan (171), Somalia (172), West 970 



African countries (138)  and sub-Saharan Africa (20),This association may reflect the role of 971 

educated partners in strengthening household decision-making, increasing awareness of the 972 

importance and schedule of immunization, and promoting timely health-seeking behavior (173). 973 

In many settings, fathers or partners influence whether caregivers attend health facilities, comply 974 

with vaccination appointments, and prioritize preventive child health services (174). Educated 975 

partners may also be better positioned to understand health messages, support the use of child 976 

health services, and reduce barriers to immunization through improved communication and 977 

informed support within the household  (175). 978 

Maternal age was significantly associated with childhood immunization status, with older 979 

mothers more likely to have fully immunized children than younger mothers. T Similar findings 980 

have been reported in Ethiopia  (176-178), Tanzania (179), Nigeria (180), Myanmar (181), 981 

Senegal (182), East Africa (148) and A scoping review (183) ,which reported that increasing 982 

maternal age is associated with improved childhood immunization coverage. This association 983 

may be explained by the greater experience, confidence, and accumulated knowledge of older 984 

mothers regarding child healthcare practices, vaccination schedules, and the importance of 985 

preventive health services (167). Older mothers may also have greater autonomy in household 986 

decision-making and improved ability to navigate health systems, which can facilitate timely 987 

vaccination uptake (184). In contrast, younger mothers may face challenges such as limited 988 

health knowledge, reduced decision-making power, lower exposure to health information, and 989 

fewer experiences with routine child health services, contributing to missed or delayed 990 

vaccinations (183). Strengthening targeted immunization education and support for younger 991 

mothers, including during antenatal and postnatal care contacts, may help reduce age-related 992 

disparities in vaccination uptake (185). 993 



Skilled birth attendance emerged as a significant predictor of childhood immunization status, 994 

with higher odds of full immunization among children born to mothers who received assistance 995 

from skilled birth attendants. This association may be explained by the increased interaction 996 

between mothers and healthcare providers during skilled deliveries, which provides opportunities 997 

for health education, vaccination counseling, registration of newborns, and linkage to routine 998 

immunization services (186). In addition, skilled birth attendants can facilitate early postnatal 999 

care engagement and reinforce adherence to age-appropriate vaccination schedules (37). 1000 

Consistent associations have been documented in Guinea (187), Benin (37), Indonesian (42), 1001 

East Africa (148), highlighting the role of skilled delivery in improving access to essential child 1002 

health services, including immunization. Expanding skilled delivery coverage and embedding 1003 

immunization promotion within maternal and newborn care could help increase childhood 1004 

vaccine uptake (188). 1005 

Overall, this study demonstrates the value of machine learning approaches in predicting 1006 

childhood immunization status and identifying key determinants across Sub-Saharan Africa. The 1007 

strong predictive performance of the Random Forest model highlights the ability of data-driven 1008 

methods to capture complex interactions among maternal, child, household, healthcare, 1009 

information, and geographic factors that influence vaccination completion. The findings 1010 

emphasize that improving childhood immunization coverage requires strengthening maternal 1011 

healthcare platforms, particularly ANC, delivery care, and PNC services, while addressing 1012 

socioeconomic inequalities, improving health information access, and promoting equitable 1013 

utilization of preventive health services. By integrating predictive modeling with explainable 1014 

artificial intelligence techniques, this study provides actionable insights that can support targeted 1015 

interventions, prioritize high-risk groups, and inform evidence-based immunization strategies in 1016 



resource-limited settings. Future research incorporating longitudinal data, additional health 1017 

system indicators, and country-specific analyses may further enhance the generalizability and 1018 

practical application of machine learning models for immunization programs. 1019 

Conclusion and Recommendations 1020 

This study demonstrates that machine learning approaches can effectively predict childhood 1021 

immunization status among children aged 12–23 months using pooled DHS data from 22 Sub-1022 

Saharan African countries. Among the evaluated models, the Random Forest algorithm achieved 1023 

the highest predictive performance, demonstrating its ability to capture complex and nonlinear 1024 

relationships among child-related, maternal-related, maternal healthcare utilization, household 1025 

socioeconomic, environmental, and information characteristics influencing immunization status. 1026 

Explainable Artificial Intelligence (XAI) analysis identified adequate antenatal care (ANC) 1027 

utilization (four or more ANC visits) as the most influential predictor of childhood immunization 1028 

status. Other important determinants included institutional delivery, receipt of postnatal care 1029 

(PNC), skilled birth attendance, higher maternal education, higher partner education, older 1030 

maternal age, urban residence, higher household wealth status, and media exposure, which 1031 

contributed positively to the prediction of full immunization among children. 1032 

 These findings highlight that childhood immunization status is shaped by interconnected 1033 

individual, household, healthcare, and contextual factors rather than a single determinant. The 1034 

integration of machine learning with explainable approaches provides valuable insights into 1035 

immunization patterns and key factors, thereby supporting evidence-based decision-making to 1036 

improve vaccination coverage across Sub-Saharan Africa. 1037 



Based on these findings, immunization programs should strengthen the integration of vaccination 1038 

promotion within maternal healthcare platforms, particularly ANC, delivery care, and PNC 1039 

services, to maximize opportunities for counseling, follow-up, and timely vaccination. Targeted 1040 

interventions should prioritize mothers and families with limited education, low media exposure, 1041 

and socioeconomic disadvantages through tailored health communication strategies, community-1042 

based outreach, and improved access to reliable immunization information. Efforts should also 1043 

focus on reducing geographic and financial barriers by expanding equitable access to quality 1044 

immunization services, especially in underserved communities. Furthermore, the application of 1045 

machine learning-based prediction models, supported by explainable AI techniques, can assist 1046 

health programs and policymakers in identifying children with suboptimal immunization status, 1047 

optimizing resource allocation, and designing targeted immunization interventions.  1048 

Future research should incorporate longitudinal data, additional health system indicators, and 1049 

country-specific analyses to further improve model generalizability and support context-specific 1050 

strategies for achieving equitable childhood immunization coverage in Sub-Saharan Africa. 1051 

Strengths and Limitations 1052 

This study has several important strengths. First, it utilized a large pooled DHS dataset from 22 1053 

Sub-Saharan African countries, providing a comprehensive regional assessment of childhood 1054 

immunization status and enhancing the regional applicability of the findings across diverse 1055 

settings. Second, the study incorporated a wide range of predictors, including child-related, 1056 

maternal-related, maternal healthcare utilization, household socioeconomic and environmental, 1057 

information-related, and geographic characteristics, allowing a multidimensional assessment of 1058 

factors influencing immunization completion. Third, the application of seven machine learning 1059 



algorithms, including Random Forest, Decision Tree, K-Nearest Neighbor, Logistic Regression, 1060 

Artificial Neural Network, XGBoost, and LightGBM, enabled a robust comparison of predictive 1061 

performance and identification of the most suitable modeling approach. Fourth, the use of 1062 

Recursive Feature Elimination (RFE), cross-validation, and Explainable Artificial Intelligence 1063 

(XAI) techniques such as SHAP analysis improved model reliability, reduced redundant 1064 

predictors, and enhanced interpretation of key predictors. Finally, the study provides actionable 1065 

insights by identifying high-impact predictors that can support targeted immunization 1066 

interventions and evidence-based public health decision-making. 1067 

Despite these strengths, the study has some limitations. First, the cross-sectional nature of DHS 1068 

data limits the ability to establish temporal relationships and causal inferences between 1069 

predictors and childhood immunization status. Second, vaccination information was obtained 1070 

from vaccination cards and maternal recall; therefore, recall bias and misclassification of 1071 

immunization status may be possible, particularly in settings where vaccination records are 1072 

incomplete. Third, although the pooled multi-country approach improves statistical power and 1073 

regional applicability, differences in healthcare systems, immunization policies, socioeconomic 1074 

conditions, and vaccination practices across countries may introduce heterogeneity that could 1075 

influence model performance. Fourth, machine learning models were developed primarily for 1076 

prediction rather than causal explanation; therefore, feature importance and SHAP values should 1077 

be interpreted as model-derived predictive contributions rather than direct evidence of 1078 

epidemiological causation. Fifth, the analysis did not include some potentially relevant factors, 1079 

such as vaccine supply availability, quality of health facility services, caregiver attitudes, vaccine 1080 

confidence, and community-level health system indicators, due to limitations in DHS data 1081 

availability. Future studies incorporating longitudinal designs, routine immunization data, and 1082 



additional health system variables are recommended to further improve prediction accuracy and 1083 

support context-specific immunization strategies. 1084 
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