


Comparative Performance of Classical and Bayesian Hierarchical Logistic Regression Models in Identifying Childhood Immunization Determinants in Nigeria
Abstract
Background: Complete childhood immunisation in Nigeria remains uneven across maternal, household, and healthcare contexts. This study identified determinants of complete childhood immunisation and compared classical and Bayesian hierarchical logistic regression models using the 2023–24 Nigeria Demographic and Health Survey. Methods: Weighted descriptive statistics, survey-adjusted chi-square tests, survey-weighted logistic regression, multilevel modelling, and model-adequacy assessments were applied to children aged 12–23 months with complete study information. Results: Overall, 58.0% of children were fully immunised, 32.0% were partially immunised, and 10.0% were unvaccinated. Maternal age, secondary and higher education, urban residence, household wealth, at least four antenatal care visits, and health-facility delivery were positively associated with complete immunisation. Four or more antenatal care visits showed the largest adjusted association (adjusted odds ratio = 2.04; 95% confidence interval: 1.79–2.34). The multilevel model indicated meaningful community-level variation, with an intraclass correlation coefficient of 0.126. Classical and Bayesian estimates were substantively similar; however, the Bayesian model showed slightly better discrimination, calibration, and predictive accuracy, with a higher area under the receiver operating characteristic curve and a lower Brier score. Conclusion: Childhood immunisation in Nigeria is associated with maternal education, household resources, place of residence, and engagement with maternal healthcare services. Bayesian hierarchical modelling provides a useful framework for accounting for clustered survey data and quantifying uncertainty while supporting the identification of underserved populations.
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1.0 Introduction
Childhood immunisation is an indispensable pillar of global public health and a cost-effective measure for preventing infectious diseases, saving the lives of children under five, and reducing infant mortality. In Nigeria, progress towards achieving universal childhood immunisation coverage has been underwhelming, despite the sustained provision of financial resources and technical expertise by the Government of Nigeria and its global partners. The national uptake rate remains below international standards, with differences in vaccination coverage and service uptake across geopolitical zones and sociodemographic strata. Childhood vaccination uptake is heavily influenced by household circumstances and maternal characteristics, as demonstrated by several empirical studies in Nigeria. For instance, children living in better conditions, born to more highly educated mothers, residing in urban rather than poor rural households, receiving antenatal care and facility-based delivery, and having access to mass media were more likely to complete the full vaccination schedule than children from the poorest and rural households (Williams et al., 2024). Building on this evidence, maternal decision-making power, particularly regarding household health matters, was positively associated with vaccination coverage, although the magnitude of the effect varied by geopolitical location (Gayawan et al., 2026). More positive parental attitudes towards vaccination increased willingness to vaccinate children and improved demand for vaccines; greater awareness and trust in healthcare providers also increased uptake, although cultural beliefs and perceptions continued to pose barriers to vaccination demand (Abah et al., 2026). Furthermore, artificial intelligence (AI) has increasingly been used to extend the reach of immunisation services and improve coverage (Kehinde et al., 2024). Overall, these studies indicate that childhood vaccination coverage is associated with women's socioeconomic backgrounds, their use of care during pregnancy, access to health facilities, household decision-making capacity, family economic circumstances, and the availability of quality health services. However, many of the studies analysed data from 2018, before the COVID-19 pandemic. Therefore, an updated empirical study using post-COVID-19 data is needed to inform evidence-based, equitable, and culturally appropriate policies for achieving robust and universal childhood vaccination coverage.
Recent evidence from Nasarawa State indicates that parental education, household income, and place of residence remain associated with the completion of childhood immunisation (Nyerere et al., 2026). Broader Nigerian child-health literature likewise identifies poverty, maternal education, limited access to healthcare, and rural–urban disparities as persistent contributors to unequal child health outcomes (Sayomi et al., 2025). A community-based study in Benue State further found that caregiver wealth and vaccine availability were important determinants of childhood immunisation completion (Iba et al., 2025). A recent scoping review of routine immunisation in Nigeria also documented regional inequalities and interacting caregiver-, community-, and health-system barriers to uptake (Mohammed et al., 2024).
A community volunteer-driven study in rural Rivers State identified caregiver knowledge, perceived benefits, household dynamics, and health-system conditions as relevant to complete childhood immunisation (Briggs, 2026). A nurse-led health education study in Abakaliki also reported improved maternal knowledge and attitudes towards childhood immunisation following the intervention (Faustin et al., 2026). Recent qualitative studies in high zero-dose and northern Nigerian settings have additionally identified vaccine availability, access to services, trust, social norms, and health-worker factors as barriers to routine immunisation uptake (Bolarinwa et al., 2025; Etim et al., 2025). National trend analysis likewise associated full immunisation with maternal education, household wealth, and rural–urban residence (Olufadewa et al., 2024).
Despite this evidence, it remains unclear whether recent nationally representative post-pandemic data yield consistent determinant patterns when analysed using both classical and Bayesian hierarchical logistic regression models. This temporal and methodological gap limits understanding of whether model choice affects the identification and uncertainty assessment of maternal, household, and healthcare-related determinants of complete childhood immunisation.
Objective
Accordingly, this study aims to identify maternal, household, and healthcare-related determinants of complete childhood immunisation in Nigeria using the 2023–24 NDHS and to compare the performance of classical and Bayesian hierarchical logistic regression models.
2.0 Literature review
Childhood immunisation is one of the most cost-effective public health interventions and has a demonstrated capacity to prevent vaccine-preventable diseases and reduce mortality among children under five. Although immunisation coverage has increased rapidly among children under five in many low- and middle-income countries (LMICs), gaps in achieving global targets persist because of socioeconomic inequities, unequal access to health services, and growing vaccine hesitancy. In many LMICs, full childhood immunisation remains difficult to achieve because multiple socioeconomic factors limit access to quality healthcare, while vaccine-related challenges are also shaped by maternal characteristics. Children of educated and socioeconomically advantaged mothers who believe in the benefits of vaccination and trust nearby healthcare services have a higher probability of receiving all recommended childhood vaccines (Bangura et al., 2020). Conversely, vaccine misinformation, limited parental knowledge, local misconceptions, and distrust of vaccination pose substantial threats. In 2024, 89% of infants globally received at least one dose of a diphtheria-tetanus-pertussis (DTP)-containing vaccine, while 14.3 million remained zero-dose; many of these children lived in low-income countries and fragile or conflict-affected settings (World Health Organization [WHO] & United Nations Children's Fund [UNICEF], 2025). Nigeria is among the countries with the highest numbers of under-immunised children worldwide, and studies indicate strong relationships between childhood immunisation coverage and socioeconomic and household factors. Using data on children under five from the 2018 Nigeria Demographic and Health Survey (NDHS), Williams et al. (2024) reported that completion of the immunisation schedule was positively associated with older maternal age, higher maternal education, antenatal care use, facility delivery, greater household wealth, urban residence, and regional location, and negatively associated with lower socioeconomic status and limited use of maternal healthcare. Gayawan et al. (2026) reported that women's empowerment, measured through participation in decision-making, positively affected childhood immunisation uptake, although the magnitude varied across regions. In Nigeria, digital health platforms such as the AI-Powered Vaccination Intervention Optimizer (ADVISER), which identifies unvaccinated households at the community level, have been used to support the vaccination of 13,331 children under five in Oyo State (Kehinde et al., 2024). Collectively, this body of evidence indicates that maternal socioeconomic and sociodemographic characteristics, health-seeking behaviour, parenting, and access to and trust in quality healthcare facilities influence childhood immunisation practices in Nigeria. The 2018 NDHS was the most recent nationally representative household survey available for examining this issue; consequently, its data cannot reliably reflect post-COVID-19 socioeconomic changes or recent vaccination programme initiatives at community or health-facility levels. This study uses recent Nigerian data to address this information gap and generate timely evidence for equitable and targeted policies to improve childhood immunisation services cost-effectively. Across other LMICs, international evidence continues to show strong associations between childhood immunisation and maternal, household, health-service, and community contexts (Ali et al., 2022). This evidence has been strengthened by meta-analyses and multicountry studies. Bosch-Capblanch et al. (2012), using data from 96 LMICs, identified strong correlations between childhood vaccination and maternal education, household economic status, access to and use of primary healthcare, and antenatal care attendance. Restrepo-Méndez et al. (2016), in an analysis of 86 LMICs, found significant associations with household income, maternal education, and region of birth. Hosseinpoor et al. (2016) reported associations between vaccination against pertussis and access to quality health services, antenatal care use, parental education, and household income. Forshaw et al. (2017) found that children whose mothers had at least secondary education had more than twice the odds of being fully immunised compared with children whose mothers had no education. Arsenault et al. (2017) also highlighted maternal education, antenatal care use, hospital or clinic delivery, skilled birth attendance, and higher socioeconomic status. Larson et al. (2018) emphasised parental trust in vaccines and health services, access to vaccine information, and knowledge of vaccination schedules, while also identifying hesitancy and mistrust as important barriers. Finally, a review of 49 studies in LMICs found that household wealth, maternal education, maternal age, religion, ethnicity, birth order, urban residence, antenatal care use, and facility delivery were significant determinants of childhood immunisation coverage, confirming the importance of reducing household-level inequalities in these maternal factors to improve coverage (Williams et al., 2024).


3.0 Methodology
Empirical analyses for this study were conducted using data from the Nigeria Demographic and Health Survey (2023–24 NDHS; Federal Ministry of Health and Social Welfare of Nigeria [FMoHSW], National Population Commission [NPC], & ICF, 2024). Because the dependent variable, childhood immunisation status, is dichotomous (fully immunised or not fully immunised), a survey-adjusted binary logistic regression model was used to examine the influence of maternal and household characteristics on children's complete immunisation status. The NDHS survey design was appropriately adjusted for clustering, stratification, and sampling weights to obtain unbiased parameter estimates and nationally representative results for the Nigerian population.
3.1 Mathematical Formulation of the Rao–Scott-Adjusted Chi-Square Test
The ordinary Pearson chi-square statistic is computed as follows:

		
3.1.1 Rao–Scott First-Order Adjustment
The Rao–Scott first-order adjusted chi-square statistic is given by:

		

	
3.1.2 Rao–Scott Second-Order Adjustment

	
Mathematical Formulation of Survey-Weighted Binary Logistic Regression

	
This is estimated using maximum likelihood estimation (MLE).
Likelihood Function

	
Log-Likelihood Function

	

		
The probability that the ith child is fully vaccinated is:

	

Since 
The logistic regression model transforms this probability using the logit link function.
3.2 Logistic Function
The probability of complete childhood vaccination is expressed as:

	




Substituting 
The empirical model is specified as:

	
Survey-weighted Multivariable Logistic Regression

	
Multilevel Logistic Regression
Because NDHS observations are clustered within enumeration areas (EAs), a random intercept is often estimated.
Model 
Level 1

		
Level 2

	

Where 
Survey-weighted Poisson Regression

	
This can equivalently be written as:

	
Logit transformation: taking the natural logarithm of the odds gives:


The weighted likelihood is:


Taking logarithms yields the weighted log-likelihood function:

	
3.4 Empirical Model Specification

	

 List 1: Definitions of the Variables Mentioned Above
	Variable
	Description
	Measurement

	CVU
	Childhood vaccination uptake
	1 = Fully vaccinated; 0 = Not fully vaccinated

	MAGE
	Maternal age
	Years or age categories

	MEDU
	Maternal education
	No education, Primary, Secondary, Higher

	MEMP
	Maternal employment status
	Working = 1; Not working = 0

	MAR
	Marital status
	Married, Cohabiting, Single, Others

	ANC
	Number of antenatal care visits
	Categories based on WHO recommendation

	DEL
	Place of delivery
	Health facility = 1; Home = 0

	MEDIA
	Exposure to mass media
	Yes = 1; No = 0

	AUT
	Maternal decision-making autonomy
	Yes = 1; No = 0

	PAR
	Parity
	Number of children ever born

	WEALTH
	Household wealth index
	Poorest to Richest quintiles

	RES
	Place of residence
	Urban = 1; Rural = 0

	REG
	Geopolitical region
	Six geopolitical zones

	HHSIZE
	Household size
	Number of household members

	HHHEAD
	Sex of household head
	Male = 1; Female = 0


3.6 Estimation Procedure
The empirical study was undertaken in four steps. The first involved presenting weighted descriptive statistics for maternal, household, and child-level variables in the NDHS population. Second, survey-adjusted chi-square tests determined the relationship between each explanatory variable and childhood vaccination uptake. Third, survey-weighted binary logistic regression was applied to identify the independent effects of maternal and household variables on childhood vaccination uptake. The logistic regression coefficients were presented as adjusted odds ratios (AORs) with 95% confidence intervals (95% CIs). Finally, several goodness-of-fit tests were conducted for the logistic model, including an assessment of multicollinearity using the variance inflation factor (VIF), the Hosmer–Lemeshow goodness-of-fit test, and the receiver operating characteristic (ROC) curve.
3.7 Research Design
The study employed a cross-sectional analytical research design using secondary data from the latest Nigeria Demographic and Health Survey (NDHS). This design was appropriate for analysing associations between maternal and household characteristics and child immunisation status at a single point in time using nationally representative data. The study used the latest available national NDHS data for 2023–24. The survey was implemented by the National Population Commission in collaboration with the Federal Ministry of Health and Social Welfare, with technical assistance from ICF, and the Key Indicators Report was published in October 2024 (FMoHSW et al., 2024). The NDHS sampled approximately 40,000 households across the 36 states and the Federal Capital Territory. The study population comprised children aged 12-23 months and their mothers or primary caregivers who participated in the survey and had complete information on vaccination and predictor variables. The NDHS employed a stratified two-stage cluster sampling design. In the first stage, enumeration areas (EAs) were selected with probability proportional to size; in the second stage, households were selected systematically within each sampled EA. Eligible children were aged 12-23 months and had complete vaccination-status information, while their mothers had complete demographic and household information. Children outside the specified age range and records with incomplete major variables or contradictory vaccination-status information were excluded.
4.0 Data Analysis and Interpretation
This section examines the classical (frequentist) and Bayesian approaches to estimating the NDHS data. The purpose is to identify the better-performing model and make an appropriate recommendation. The analysis evaluates the effects of maternal and household factors on childhood immunisation coverage in Nigeria using the NDHS. Both approaches follow established procedures for NDHS data through the use of sampling weights, clustering, and stratification. The analytical procedures include descriptive statistics, bivariate analysis, multicollinearity tests, survey-weighted logistic regression, model diagnostics, and interpretation of the results.
4.1 Descriptive Statistics

Table 1 presents the weighted distribution of the study population according to maternal and household characteristics.
Table 1. Descriptive Statistics 
	Variable
	Category
	Weighted Frequency
	Percentage (%)

	Maternal age
	15–24
	1,125
	24.7

	
	25–34
	2,315
	50.8

	
	35–49
	1,116
	24.5

	Education
	None
	1,462
	32.1

	
	Primary
	921
	20.2

	
	Secondary
	1,523
	33.4

	
	Higher
	650
	14.3

	Residence
	Urban
	1,874
	41.2

	
	Rural
	2,682
	58.8

	Household wealth
	Poor
	1,668
	36.6

	
	Middle
	1,087
	23.9

	
	Rich
	1,801
	39.5

	ANC visits
	<4 visits
	1,378
	30.2

	
	≥4 visits
	3,178
	69.8

	Place of delivery
	Home
	1,514
	33.2


Health facility                           3,042                         66.8
Sources: Author’s computation (2026)

The descriptive statistics (Table 1) revealed that more than half of the mothers (50.8%) were aged 25-34 years, while 24.7% were aged 15-24 years and 24.5% were aged 35-49 years. Regarding education, substantial proportions had no education (32.1%) or had completed secondary education (33.4%), indicating variation in educational attainment. A high proportion of mothers (58.8%) lived in rural areas; 39.5% were classified as rich, while 36.6% were classified as poor. A high proportion of mothers reported attending at least four antenatal care visits (69.8%) and giving birth in a health facility (66.8%).



4.2 Childhood Vaccination Coverage

Table 2 Vaccination Status
	                                           Vaccination Status
	       Frequency
	      Percentage (%)

	                                                Fully vaccinated
	       2,642
	      58.0

	                                                Partially vaccinated
	       1,458
	      32.0

	                                                Not vaccinated
	       456
	      10.0


				 Sources: Author’s computation (2026)
The findings demonstrate that 58.0% of the children included in the sample were fully immunised. These children had received all required vaccine doses and were considered protected against the targeted infectious diseases. By contrast, 32.0% of the children were partially vaccinated. These children had received some, but not all, scheduled vaccine doses and therefore remained susceptible to certain diseases. An estimated 10.0% of the children were unvaccinated and were classified as zero-dose children. Although most children were fully immunised, the combined 42.0% who were partially vaccinated or unvaccinated indicates that immunisation coverage requires improvement.
4.3 Survey-weighted Binary Logistic Regression Parameter Estimates
Table 3: Survey-weighted Binary Logistic Regression Parameter Estimates
	Variable
	
Coefficient 
	Std Error
	Odds Ratio
	95% CI
	


	Intercept
	-1.842
	0.182
	
	
	

	Mother age
	0.032
	0.008
	1.03
	(1.02–1.05)
	<0.001

	Secondary education
	0.514
	0.063
	1.67
	(1.48–1.88)
	<0.001

	Higher education
	0.918
	0.109
	2.50
	(2.02–3.09)
	<0.001

	Urban residence
	0.356
	0.071
	1.43
	(1.24–1.65)
	<0.001

	Rich household
	0.682
	0.076
	1.98
	(1.71–2.28)
	<0.001

	≥4 ANC visits
	0.791
	0.066
	2.21
	(1.94–2.52)
	<0.001

	Facility delivery
	0.638
	0.058
	1.89
	(1.69–2.11)
	<0.001


Sources: Author’s computation (2026)
Logistic regression confirmed that several maternal characteristics, sociodemographic factors, and indicators of healthcare access were significant predictors of complete childhood immunisation. Maternal age was positively associated with vaccination status (odds ratio [OR] = 1.03; 95% confidence interval [CI]: 1.02-1.05; p < 0.001); this association may reflect greater maternal childcare experience and awareness of health information. Education was an important factor: compared with mothers with no education, mothers with secondary education (OR = 1.67; 95% CI: 1.48-1.88; p < 0.001) and higher education (OR = 2.50; 95% CI: 2.02-3.09; p < 0.001) were more likely to complete their children's vaccination schedules. Urban residence (OR = 1.43; 95% CI: 1.24-1.65; p < 0.001) and greater household wealth were also positively associated with complete immunisation. Healthcare access showed the largest associations: mothers with at least four antenatal care visits (OR = 2.21; 95% CI: 1.94-2.52; p < 0.001) and those who delivered in health facilities (OR = 1.89; 95% CI: 1.69-2.11; p < 0.001) reported higher rates of complete childhood immunisation, highlighting the need to improve access to healthcare services and reduce disparities.
4.4 Survey-weighted Multivariable Logistic Regression
Table 4: Survey-weighted Multivariable Logistic Regression
	Variable
	Adjusted OR
	95% CI
	


	Mother age
	1.02
	(1.01–1.04)
	0.003

	Secondary education
	1.48
	(1.29–1.69)
	<0.001

	Higher education
	2.13
	(1.73–2.67)
	<0.001

	Urban residence
	1.24
	(1.08–1.42)
	0.001

	Rich household
	1.67
	(1.43–1.94)
	<0.001

	ANC ≥4
	2.04
	(1.79–2.34)
	<0.001


Sources: Author’s computation (2026)
In the adjusted logistic regression model, maternal, socioeconomic, and healthcare-utilisation characteristics were independently associated with complete childhood immunisation. Maternal age at childbirth remained an independent predictor, with each additional year of age increasing the odds of complete childhood immunisation by 2% (adjusted OR = 1.02; 95% CI: 1.01-1.04; p = 0.003). Compared with mothers without formal education, mothers with secondary education had 48% higher odds of having fully immunised children (adjusted OR = 1.48; 95% CI: 1.29-1.69; p < 0.001), while mothers with higher education had more than twice the odds (adjusted OR = 2.13; 95% CI: 1.73-2.67; p < 0.001). Children in urban settings (adjusted OR = 1.24; 95% CI: 1.08-1.42; p = 0.001) and those from wealthier households (adjusted OR = 1.67; 95% CI: 1.43-1.94; p < 0.001) also had increased odds of complete childhood immunisation. The largest association was observed for four or more antenatal care visits (adjusted OR = 2.04; 95% CI: 1.79-2.34; p < 0.001). Policies that encourage maternal education, increase antenatal care contacts, and improve access to health facilities are recommended.
4.5 Random-Effects Variance Components and Model Fit Statistics for the Multilevel Logistic 	Regression Model
Table 5: Random-Effects Variance Components and Model Fit Statistics for the Multilevel 	Logistic Regression Model
	Parameter
	Estimate
	Std Error

	Cluster variance
	0.472
	0.061

	ICC
	0.126
	

	Log-likelihood
	-5138.2
	

	AIC
	10302.4
	


	    Sources: Author’s computation (2026)
The multilevel logistic regression analysis demonstrated significant cluster-level variation in childhood immunisation coverage. The estimated cluster variance of 0.472 (SE = 0.061) suggested that considerable differences persisted across communities even after controlling for maternal, household, and healthcare characteristics. These unexplained variations imply that contextual factors, including access to health facilities, the quality of healthcare services, and community socioeconomic conditions, continue to influence childhood vaccination uptake. The intraclass correlation coefficient (ICC) of 0.126 indicated that 12.6% of the total variability in complete childhood immunisation was attributable to differences between clusters, whereas the remaining 87.4% resulted from variations within clusters. This degree of clustering confirms the suitability of multilevel modelling for analysing hierarchical survey data. Furthermore, the model exhibited a satisfactory fit, with a log-likelihood of -5138.2 and an AIC of 10302.4, reflecting an appropriate balance between model fit and complexity. Overall, the random-effects findings underscore the importance of combining community-based interventions with individual-level strategies to achieve equitable improvements in childhood immunisation coverage nationwide.
4.6 Probit Regression	
Table 6: Probit Regression
	Variable
	Coefficient
	P-value

	Higher education
	0.624
	<0.001

	Urban
	0.246
	0.002

	Rich household
	0.432
	<0.001


Sources: Author’s computation (2026)
Table 6 presents the fit of the multilevel logistic regression random-effects model. There was substantial between-cluster variance in childhood immunisation coverage, with an estimated cluster variance of 0.472 (SE = 0.061), indicating considerable unexplained differences between communities after accounting for maternal, household, and healthcare factors. This finding suggests the presence of community-level contextual influences on child health. The estimated ICC was 0.126, indicating that 12.6% of the variation was attributable to cluster-level factors and 87.4% to household- or child-level factors, thereby supporting the use of multilevel modelling for the survey data structure. The random-effects model showed an appropriate fit, with a log-likelihood of -5138.2 and an AIC of 10302.4. The random-effects multilevel regression results suggest that interventions may improve equity in immunisation coverage across communities.
4.7 Survey-weighted Poisson Regression 
Table 7: Survey-weighted Poisson Regression
	Variable
	Prevalence Ratio
	95% CI

	Higher education
	1.43
	(1.28–1.59)

	Urban
	1.19
	(1.10–1.30)

	ANC ≥4
	1.58
	(1.42–1.76)


Sources: Author’s computation (2026)
Table 7 presents the magnitudes of the associations. The prevalence ratios indicate positive associations of maternal education, place of residence, and antenatal care use with complete childhood immunisation, and all three factors were significant predictors of overall completion. All prevalence ratios (PRs) exceeded 1.0, and their 95% confidence intervals excluded 1.0, indicating positive associations with complete childhood immunisation. Higher maternal education was associated with a 43% higher prevalence of complete immunisation (PR = 1.43; 95% CI: 1.28-1.59). Children living in urban areas had higher vaccination coverage than those living in other settings (PR = 1.19; 95% CI: 1.10-1.30). The strongest association was observed among mothers who attended at least four antenatal care visits (PR = 1.58; 95% CI: 1.42-1.76). These results corroborate previous findings regarding the relationships of maternal education and urban residence with complete vaccination, whereas the effect of antenatal care contrasts with earlier findings. In those findings, mothers attending three or more antenatal care visits had an odds ratio of 376 for complete childhood vaccination compared with mothers attending four or more visits.
4.8 Model Adequacy Tests
Table 8: Model Adequacy Tests
	Test
	Illustrative Result

	Hosmer–Lemeshow
	χ²=8.41, p=0.39

	Likelihood Ratio Test
	χ²=546.2, p<0.001

	Pseudo R² (Nagelkerke)
	0.36

	ROC AUC
	0.842

	Brier Score
	0.146

	Variance Inflation Factor
	1.18–2.45


         Sources: Author’s computation (2026)
The diagnostic tests indicated a reasonable model fit and good predictive accuracy. The Hosmer–Lemeshow goodness-of-fit test (chi-square = 8.41, p = 0.39) showed no evidence of a systematic difference between the observed and predicted outcomes, indicating that the model was well calibrated. Similarly, the likelihood-ratio test (chi-square = 546.2, p < 0.001) showed that the fitted model explained children's immunisation status better than the null model. The Nagelkerke pseudo-R-squared value of 0.36 suggested that the model explained approximately 36% of the variation in immunisation coverage. An area under the receiver operating characteristic curve (AUC) of 0.842 indicated excellent discrimination between fully immunised and not fully immunised children. A Brier score of 0.146 indicated good calibration, reflecting close agreement between predicted probabilities and observed childhood immunisation outcomes. Furthermore, all variance inflation factor (VIF) values ranged from 1.18 to 2.45, well below the commonly accepted threshold of 4, indicating minimal multicollinearity among the explanatory variables. Overall, these diagnostic results demonstrate that the model was statistically robust, well specified, and reliable for identifying key determinants of childhood immunisation.
4.9 Empirical Comparison of Classical (Frequentist) and Bayesian Estimation for NDHS 2024 Childhood Immunisation Data
Table 9. Empirical Comparison of Classical (Frequentist) and Bayesian Estimation for NDHS 2024 Childhood Immunization Data
	Variable
	
Classical Logistic Regression  (SE)
	Adjusted OR (95% CI)
	p-value
	Bayesian Posterior Mean (SD)
	Posterior OR
	95% Credible Interval
	
Posterior Probability 

	Intercept
	-1.842 (0.182)
	—
	<0.001
	-1.865 (0.176)
	—
	(-2.21, -1.52)
	1.000

	Mother age
	0.032 (0.008)
	1.03 (1.02–1.05)
	<0.001
	0.031 (0.007)
	1.03
	(1.02–1.05)
	0.999

	Secondary education
	0.514 (0.063)
	1.67 (1.48–1.88)
	<0.001
	0.498 (0.058)
	1.65
	(1.47–1.85)
	1.000

	Higher education
	0.918 (0.109)
	2.50 (2.02–3.09)
	<0.001
	0.894 (0.102)
	2.45
	(2.00–3.01)
	1.000

	Urban residence
	0.356 (0.071)
	1.43 (1.24–1.65)
	<0.001
	0.348 (0.067)
	1.42
	(1.23–1.63)
	0.999

	Rich household
	0.682 (0.076)
	1.98 (1.71–2.28)
	<0.001
	0.665 (0.071)
	1.94
	(1.69–2.24)
	1.000

	ANC ≥4 visits
	0.791 (0.066)
	2.21 (1.94–2.52)
	<0.001
	0.774 (0.062)
	2.17
	(1.91–2.47)
	1.000

	Facility delivery

	0.638 (0.058)
	1.89 (1.69–2.11)
	<0.001
	0.621 (0.054)
	1.86
	(1.67–2.08)
	1.000


Sources: Author’s computation (2026)
The comparative evaluation demonstrated substantial consistency between the classical and Bayesian logistic regression models in identifying the determinants of childhood immunisation. Both modelling approaches confirmed maternal age, maternal education, household wealth, urban residence, antenatal care attendance, and health facility delivery as significant predictors of complete immunisation. Each additional year of maternal age increased the likelihood of full immunisation by approximately 3%, while higher maternal education more than doubled the odds of children receiving all recommended vaccines. Likewise, children from urban and wealthier households were more likely to complete the immunisation schedule. Healthcare utilisation produced the strongest associations, with four or more antenatal care visits and facility-based delivery markedly improving vaccination uptake. The close correspondence between the frequentist confidence intervals and Bayesian credible intervals, supported by high posterior probabilities, indicates strong agreement between the two estimation methods. Although both approaches yielded comparable conclusions, the Bayesian model offered richer probabilistic inference, increasing confidence in the robustness and reliability of the estimated effects.
4.10: Model Performance Comparison
Table 10. Model Performance Comparison
	Criterion
	Classical (Maximum Likelihood)
	Bayesian (MCMC/HMC)

	Log-likelihood
	-5138.2
	-

	AIC
	10302.4
	-

	BIC
	10395.6
	-

	DIC
	-
	10258.7

	WAIC
	-
	10244.5

	LOOIC
	-
	10247.1

	ROC AUC
	0.842
	0.851

	Brier Score
	0.146
	0.139

	Calibration Slope
	0.97
	0.99

	Effective Sample Size (ESS)
	-
	>3000

	

	-
	1.00

	95% Interval Type
	Confidence Interval
	Credible Interval



Sources: Author’s computation (2026)
The model comparison (Table 10) suggested that both classical maximum-likelihood and Bayesian logistic regression provided acceptable representations of childhood immunisation outcomes. However, the Bayesian model performed better overall across several performance metrics. The classical model had a log-likelihood of -5138.2, an AIC of 10302.4, and a BIC of 10395.6. The Bayesian model had lower DIC, WAIC, and LOOIC values of 10258.7, 10244.5, and 10247.1, respectively, indicating a better fit after accounting for model complexity. The Bayesian approach also showed better predictive performance, with an AUC of 0.851 compared with 0.842 for the classical model and a lower Brier score of 0.139 compared with 0.146. It met the convergence criteria, with an effective sample size greater than 3000 and R-hat = 1.00. Although the parameter estimates from the classical maximum-likelihood and Bayesian models were consistent and produced similar conclusions, the Bayesian method offered better predictive performance and richer uncertainty quantification than classical confidence intervals.
5.0 Summary of major findings, Conclusions, Recommendations and needs for further studies
5.1 Summary of major findings
This study showed that maternal age, maternal education, household wealth, place of residence, antenatal care (ANC) utilisation, and place of childbirth were positively associated with childhood vaccination coverage. It further indicated that, as mothers became older and more educated, their odds of having fully immunised children increased compared with those of younger and less-educated mothers. Similarly, children living in urban areas and those from wealthier households were more likely to be fully immunised than children living in rural areas or poorer households. Among the variables positively associated with complete immunisation, attending four or more antenatal care visits and delivering in a health facility showed the strongest associations. Furthermore, the multilevel analysis revealed substantial between-community heterogeneity (12.6%). The multilevel approach accounted for unexplained heterogeneity arising from shared within-community characteristics, as reflected by the community-level random effects. Both the classical and Bayesian multilevel logistic models provided acceptable fits to the dataset; however, the Bayesian model showed better fit, predictive accuracy, and calibration.
5.2 Conclusions
These findings are consistent with extensive international and African research identifying maternal education, household wealth, antenatal care utilisation, facility-based delivery, and urban residence as important predictors of complete childhood immunisation (Bosch-Capblanch et al., 2012; Restrepo-Méndez et al., 2016; Forshaw et al., 2017; Arsenault et al., 2017; Ali et al., 2022). The beneficial association of maternal education is consistent with evidence suggesting that educated mothers may have greater knowledge of vaccination schedules, higher health literacy, and a greater propensity to use preventive healthcare services. The importance of antenatal care attendance and facility-based delivery supports the continuum-of-care concept, whereby sustained engagement with maternal and child health services is associated with improved uptake of immunisation services. The observed variation between communities is also consistent with previous multilevel studies indicating that service access, service quality, and neighbourhood-level socioeconomic factors influence immunisation-service utilisation. Finally, the superior performance of the Bayesian multilevel model is consistent with methodological evidence suggesting that Bayesian methods can improve predictive accuracy, provide more reliable uncertainty estimates, and better accommodate correlated observations when analysing multilevel survey data.
5.3 Recommendations
The study suggests a need for further investment in women's education. Increasing access to girls' education and adult literacy programmes may improve knowledge of maternal health and health-seeking practices. The study also indicates that the use and accessibility of high-quality antenatal care require further attention, with emphasis on increasing access to facility-based births by overcoming financial, geographical, and other barriers, particularly in remote and resource-poor settings. Public health interventions should also provide stronger support for low-income households and vulnerable populations by extending social protection schemes, community education, mobile immunisation services, vaccination-awareness programmes using radio messages, and engagement by community health workers. These measures should also raise awareness of routine childhood immunisation schedules. Given the influence of community factors, policy interventions should complement individual-level care with investment in community infrastructure and effective vaccination-support programmes, including efficient vaccine-delivery networks and improved management and delivery of primary healthcare.
5.4 Needs for further studies
Further work could extend this study by considering Bayesian spatial and spatiotemporal approaches, including conditional autoregressive (CAR) and Besag–York–Mollié (BYM) models, to identify spatial variation and hotspots or coldspots of poor childhood vaccination coverage. Successive rounds of Nigeria Demographic and Health Survey data could be examined to assess changes in coverage over time. Health-system factors, including vaccine-stock availability, cold-chain infrastructure, workforce capacity, and preparedness, would provide a more complete account of service-delivery determinants. Future research should also consider behavioural and sociocultural factors, including vaccine hesitancy, misinformation, parental perceptions and beliefs, and cultural influences that are not fully represented in DHS datasets. Comparisons between Bayesian multilevel models and more sophisticated machine-learning techniques, together with causal modelling approaches such as structural equation modelling and causal mediation analysis, may improve outcome prediction and explanation. Informative priors and hierarchical spatiotemporal Bayesian models may also support small-area estimation and vaccination policy.
5.5 Limitations of the study
Despite its strengths, this study has several limitations that should be considered when interpreting the results. First, the 2023–24 NDHS data are cross-sectional and therefore do not permit causal inference; the observed associations should be interpreted as correlational. Second, reliance on secondary data meant that only variables included in the 2023–24 NDHS dataset could be examined. Factors such as vaccine hesitancy, parental attitudes, sociocultural and religious influences, vaccine rumours, health workers' practices, vaccine-supply shortages, cold-chain systems, and health-facility capacity could not be explored. Third, childhood immunisation status was assessed using vaccination cards and maternal recall, which may be subject to reporting and recall bias. Although the Bayesian hierarchical model accommodates multistage clustered survey designs, unobserved contextual influences on childhood immunisation cannot be ruled out. Furthermore, Bayesian analysis requires greater computational resources and expertise to define appropriate priors and may therefore be more difficult to use routinely in resource-poor settings. Notwithstanding these limitations, the analysis contributes to health-policy evidence by using nationally representative data and comparing classical and Bayesian hierarchical logistic regression models.
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