


Comparative Performance of Classical and Bayesian Hierarchical Logistic Regression Models in Identifying Childhood Immunization Determinants in Nigeria
Abstract
Childhood immunisation remains one of the most cost-effective public health interventions for reducing under-five morbidity and mortality. However, Nigeria continues to experience suboptimal vaccination coverage, with marked socioeconomic and regional disparities. This study examined the influence of maternal and household characteristics on childhood immunisation using data from the 2023–2024 Nigeria Demographic and Health Survey (NDHS). A cross-sectional analytical design was adopted, and the data were analysed using survey-weighted descriptive statistics, Rao–Scott adjusted chi-square tests, survey-weighted logistic regression, multilevel logistic regression, and Bayesian logistic regression. The complex survey design was accounted for through sampling weights, clustering, and stratification. Results showed that 58.0% of children were fully immunised, while 32.0% were partially immunised and 10.0% had not received any vaccination. Maternal age, educational attainment, household wealth, urban residence, antenatal care attendance, and health facility delivery were significant determinants of complete childhood immunisation (p < 0.001). Mothers with higher education were more than twice as likely to fully immunise their children (AOR = 2.13; 95% CI: 1.73–2.67), while attending at least four antenatal care visits significantly increased vaccination uptake (AOR = 2.04; 95% CI: 1.79–2.34). Multilevel analysis revealed significant community-level variation (ICC = 12.6%). Comparative evaluation further demonstrated that the Bayesian model outperformed the classical approach, achieving higher predictive accuracy (AUC = 0.851 vs. 0.842), better calibration (Brier score = 0.139 vs. 0.146), and superior model fit. These findings highlight the importance of improving maternal education, expanding access to quality maternal healthcare services, and addressing community-level disparities to enhance childhood immunisation coverage in Nigeria.
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1.0 Introduction
Childhood immunization is a key tool in global public health. It offers a cost-effective intervention for preventing infections and significantly reduces mortality among children under 5 years of age. In Nigeria, the process towards universal childhood immunization coverage has remained behind expectations, even with consistent financial and technical assistance from the government and global development partners. National vaccination coverage rates are still lagging far behind global standards, with considerable disparities among regions and socioeconomic groups. Empirical research over the past few years suggests that household conditions and maternal attributes critically influence children’s vaccine uptake. Based on the analysis of data from the 2018 Nigeria Demographic and Health Survey (NDHS), Williams et al. (2024) found that children whose mothers were highly educated, attended antenatal care, delivered at a health facility, were living in wealthier urban homes, and were exposed to mass media were more likely to receive the complete schedule of vaccines compared to children from poor and rural homes. Expanding on this evidence, Gayawan et al. (2026) found that maternal empowerment (reflected by women's role in household decision-making, particularly health-related decision-making) also positively affected vaccination uptake and that the effect varies by geopolitical region of the country. At the community level, Ibrahim et al. (2026) documented the positive role of increased parental awareness, acceptance and favourable views about vaccines, and confidence in healthcare providers in promoting childhood immunization acceptance, as well as continued barriers such as cultural practices and religious misconceptions. Additionally, the use of artificial intelligence for the identification of underserved communities has helped in intensifying vaccination reach and enhancing the quality of immunization service delivery in Nigeria, as illustrated by Kehinde et al. (2023). Collectively, the existing evidence highlights that the childhood immunization process in Nigeria is determined by factors related to women’s socioeconomic background and utilization of healthcare services, women’s decision-making capacity, household economic circumstances, and access to quality healthcare. However, many of these empirical findings are based on the 2018 NDHS, thus reflecting the pre-COVID-19 pandemic scenario. Therefore, updated empirical research using the latest national representative data are needed to understand contemporary vaccination patterns and provide a basis for designing equitable, effective, and contextually appropriate immunization policies in Nigeria
2.0 Literature Review
Child immunization is recognized worldwide as one of the most successful and cost-effective interventions in public health for protecting children from vaccine-preventable diseases and reducing child mortality among under-five children. Despite the considerable progress made in increasing immunization services coverage, vaccination coverage is still low in many low- and middle-income countries (LMICs), due to factors such as socio-economic disadvantages, lack of access to quality healthcare, and growing vaccine hesitancy, which hinders achieving the goals of universal immunization. According to Ayo-Farai et al. (2025), evidence from a variety of countries shows that the children whose mothers are well-educated, informed about the benefits of immunization, financially well-off and trust healthcare providers are far more likely to receive a full immunization schedule. Conversely, false information, cultural misunderstandings and concerns about vaccine safety are the major obstacles for vaccination acceptance and timely immunization. A more recent global statistics revealed that while nearly nine in ten infants worldwide were vaccinated with the first dose of diphtheria-tetanus-pertussis (DTP) in 2025, 13.5 million infants did not receive any routine vaccination, with a high concentration in low-income and conflict-affected countries, and also shows widening disparities in vaccination. Nigeria is one of the countries with the largest number of under-immunized children. Recently studies clearly show that maternal and household characteristics significantly influenced child immunization outcomes. Using the2018 Nigeria Demographic and Health Survey (NDHS), Williams et al. (2024) reported that the likelihood of receiving a full set of childhood vaccinations increased with the level of education of the mother, as well as age of the mother, utilization of antenatal services, delivery at health facilities, the wealth status of the household, urban living area and geographic regions.  Conversely, children belonging to lower household economic status, from poor family conditions, with low utilization of maternal services and rural areas were found to be at increased risk of incompletion of immunization schedule. Gayawan et al. (2025) also documented that the decision making power of the woman positively impacted on childhood vaccination in Nigeria although with varying magnitude across the various geopolitical zones. In addition to the traditional interventions, digital technologies have become indispensable in the delivery of vaccination interventions. Kehinde et al. (2023) demonstrate the effectiveness of Artificial Intelligence-Driven Vaccination Intervention Optimiser (ADVISER) in identifying unimmunized households and intensifying vaccine delivery for more than 13,000 families in Oyo State. It appears that childhood immunization in Nigeria depends on several determinants including maternal socio-economic factors, female empowerment, healthcare utilization, parental awareness, household financial status and accessibility to health services. However, the extant literature predominantly utilize the2018 NDHS and other pre-COVID19 datasets thus offering less insights on the impact of post-COVID-19 response on immunization services, latest demographic trends and the evolving household conditions. Further empirical research using current national representative datasets is therefore necessary to provide the evidence to guide future Nigeria childhood immunization strategies that is equitable, targeted and sustainable. On the global scene, the most extensive systematic review of children’s immunisation determinants from 96 low-and-middle countries was performed by Bosch-Capblanch et al. In 2012. They demonstrated that greater vaccination coverage rates were achieved in children who received better schooling for mothers, lived with a better financial background, attended more frequent to primary healthcare services, and utilised maternal healthcare services. The above research team stated that overcoming the gap of socioeconomic inequalities still remains the key barrier for equitable worldwide children immunisation. Restrepo-Mndez et al. Analysed DHS data for all 86 low-and-middle-income countries with sufficient D’s for D’s DHS analyses on inequality in full immunisation of all children. Their results implied there were considerable gaps regarding households in terms of wealth and mothers’ educational attainment as well as rural-urban disparity with higher full immunisation proportions for those from wealthier, more schooled mothers. Similarly, Hosseinpoor et al. Utilising international WHO data investigated disparities in vaccination completeness to the age of DTP 3 across 69 countries across the world. These studies indicate that household and educational attributes and parental living conditions was of major importance to influence overall coverage which indicates that reducing social and economic disparities ought to have considerable positive consequences. Another global Systematic Reviews and meta-analyses by Forshaw et al in 2017 including 37 studies have assessed ‘the effect of the level of education of mothers on the completion rates for children.’ The findings showed that ‘children born to mothers that completed their high school or completed another level of education had almost 2.3 times more chance to complete their immunisation than children whose mother has no prior formal schooling education’ while revealing that ’the more higher the level of education on mothers, children more completely receive vaccination’. This report has affirmed: ' maternal education is indeed the strongest determinants of vaccination rates for children globally'. Lastly, in a recent report by Arsenault et al in 2017: 'child vaccination', utilising nation representative survey results from 45 countries for the entire group of low and middle countries, observed that having visited antenatal clinics, born in a health institution, attended a professional Birth Assistant and having received a more thorough education on the mothers' side and high social status have all been linked to significantly increase odds of full childhood immunisation.' As a result, the combination of maternal care and childhood immunization should be given more attention. Other studies published in more recent years include the one by Ozawa et al (2019) who identified from global perspective vaccine confidence and trust in healthcare systems, parents’ education and accessibility of vaccination services and adequate information of immunisation schedules as critical determinants of childhood immunisation, and further recognised the emergence of the vaccine hesitant phenomenon challenging childhood immunization all over the world. A recent systematic review by Portnoy et al. Synthesized evidence from 49 studies across LMICs and found household wealth, mother education, age, mother education, mother religion, maternal ethnicity, birth order, and urban residence, antenatal care attendance, and place of delivery at health facilities to be the key predictors of children immunization outcomes and concluded that decreasing inequalities and improving mother’s access to health care services is crucial to improving worldwide immunization rates.
3.0 Methodology
Empirical analyses for this study were conducted using data from the Nigeria Demographic and Health Survey (NDHS). Since the dependent variable, childhood immunization status, is a dichotomous variable (either fully immunized or not fully immunized), a survey-adjusted binary logistic regression model will be used to examine the influence of maternal and household characteristics on child’s full immunization status. In the analysis, the NDHS survey design will be appropriately adjusted for clustering, stratification and sampling weights in order to obtain unbiased parameter estimates and results that are nationally representative of the Nigerian population.
3.1 Mathematical Formulation of the Rao–Scott Adjusted Chi-square Test
The ordinary Pearson Chi-square statistic is computed as

		
3.1.1  Rao–Scott First-Order Adjustment
The Rao–Scott first-order adjusted Chi-square statistic is given as 

		

	
3.1.2 Rao–Scott Second-Order Adjustment

	
Mathematical Formulation of the Survey-Weighted Binary Logistic Regression

	
This is estimated using Maximum likelihood Estimation (MLE)
Likelihood Function

	
Log-Likelihood Function

	

		
The probability that the i-th child is fully vaccinated

	

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
NDHS observations are clustered within Enumeration Areas (EAs), a random intercept is often estimated
Model 
Level1

		
Level  2

	

Where 
Survey-weighted Poisson Regression

	
This could equivalently written be written as 

	
Logit Transformation Taking the natural logarithm of the odds gives


The weighted likelihood is


Taking logarithms gives the weighted log-likelihood function

	
3.4   Empirical Model specification

	

 3.5    Definition of Variables as listed 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 will be presenting weighted descriptive statistics for maternal, household and child-level variables among NDHS population. Secondly, survey-adjusted chi-square tests will determine the relationship of each explanatory variable with childhood vaccination uptake. Survey-weighted binary logistic regression was then applied in the third step, to identify the independent effects of maternal and household variables on childhood vaccination uptake. The logistic regression model coefficients was then presented as Adjusted Odds Ratios (AORs) with 95% Confidence Intervals (95% CIs). Lastly, several tests of the goodness-of-fit will be carried out for the logistic model including test of multicollinearity by using Variance Inflation Factor (VIF), the Hosmer-Lemeshow goodness-of-fit test and the Receiver Operating Characteristic (ROC) curve.
3.7 Research Design
The study uses a cross sectional analytical research design by using secondary data from the latest Nigeria demographic and health survey (NDHS). The design is good because it is used to analyze the association of mother and household characteristics on child immunization status at a given time using national representative data. The survey uses the latest available national Demographic health survey NDHS) data for 2024 (sometimes called 2023-24 NDHS), which is the eighth and the last comprehensive NDHS conducted so far in Nigeria. It was carried out by the National Population Commission (NPC) in collaboration with the Federal Ministry of health and social welfare and was launched on October 2025. It sampled about 40,000 households across 36 states plus the Federal Capital Territory. The study population is the children aged 12-23 months and mothers (or primary caregivers) that participated in the survey with complete vaccination and predictor variables. The methods used by NDHS typically consists of a stratified two-stage cluster sampling. Stage one consists of the selection of Enumeration Areas (EAs) with probability proportional to size while stage two consists of systematic selection of households within each sampled EA. The children should be 12-23 months, have complete information of vaccination status while the mothers should have complete information of demographic and household variables. Those excluded in the sample population are children below the age range specified, incomplete records of major variables, contradictory records of vaccination status.
4.0 Data Analysis and Interpretation
This section looks at classical (frequentist) approach to estimation of NDHS data and Bayesian approach was also look into. The essence is to look at the better model and recommend it accordingly. It is an empirical study of the effects of maternal and household factors on childhood immunization coverage in Nigeria using the NDHS. These approach follow the established procedures for NDHS data by using sample weights, cluster, and stratification. 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.
Table1 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 (Table1) revealed that more than half of the mothers (50.8%) were aged l25-34 years, with a considerable number (24.7%) aged 15-24 years, and 24.5% were aged 35-49 years. Educationally, high percentages had either no education (32.1%) or had completed secondary education (33.4%), indicating variation in educational level. High proportion of mothers (58.8%) lives in rural areas and about 39.5% of them were found to be rich while 36.6% are poor. High percentages of mothers reported attending at least four ANCs (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 from this study demonstrate that 58.0% of the children included in the sample were completely immunized. These children received all required vaccine doses and are considered protected against targeted infectious diseases. On the contrary, a percentage of 32.0% of children were partially vaccinated. This subset of children received some but not all scheduled vaccine doses and, therefore, remain susceptible to certain diseases. An estimated 10.0% of children were unvaccinated. These children are referred to as “zero dose children”. It is apparent from these findings that while a majority of the children were completely immunized, the total of 42.0% who were partially vaccinated or unvaccinated reveals that immunization coverage needs 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, socio-demographic status, and healthcare access remained significant predictors of complete childhood immunization. Mothers’ age was positively associated with vaccine status (Odds Ratio [OR]=1.03; 95% Confidence Interval [CI]: 1.02-1.05; p <0.001); likely due to more maternal childcare experience and better awareness regarding health information. Education level was a very important factor: compared to no education, secondary-educated mothers (OR=1.67; CI: 1.48-1.88; p<0.001) and those with at least higher education (OR=2.50; CI: 2.02-3.09; p<0.001) were more likely to complete children’s vaccination. Residence in urban areas (OR=1.43; CI: 1.24-1.65; p<0.001) and increased wealth were both positively related to complete immunization. Healthcare access had the greatest impact; mothers with at least four prenatal visits (OR=2.21; CI: 1.94-2.52; p<0.001) and childbirths at health facilities (OR=1.89; CI: 1.69-2.11; p<0.001) reported higher rates of full childhood immunization, highlighting the needs for access improvement in healthcare services and decreasing the gap between 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)
From the adjusted logistic regression model, maternal, socioeconomic, and healthcare utilization characteristics were identified to be individually associated with complete childhood immunization. The results suggested maternal age at child birth had remained as an independent predictor of complete immunization with each year of age increasing odds of achieving complete child immunization by 2% (Adjusted OR=1.02, 95% CI: 1.01-1.04, P=0.003). Secondary (Adjusted OR=1.48, 95% CI: 1.29-1.69, P<0.001) and tertiary educated mother (Adjusted OR=2.13, 95% CI: 1.73-2.67, P<0.001) appeared to show odds more than one and a half (i.e., >50%) in comparison to mothers without formal education. Children in urban setting (Adjusted OR=1.24, 95% CI: 1.08-1.42, P=0.001) as well as from wealthier households also showed increased odds of achieving full childhood immunization (Adjusted OR=1.67, 95% CI: 1.43-1.94, P<0.001). Highest impact was observed on complete childhood immunization with four or more ANC visits (Adjusted OR=2.04, 95% CI: 1.79-2.34, P<0.001). Policy that encourages mothers to attend school, have more ANC contacts, and can access 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) suggests 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, 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 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 shows the multilevel logistic regression random-effects model fitting; there is large between-cluster variance for childhood immunisation coverage, whereby estimates for cluster variance equal 0.472 (se=0.061) meaning a large unexplained difference existed between communities after accounting for mother, household and healthcare factors; indicating presence of community contexts affecting childcare health . The estimated ICC (value is 0.126, showing 12.6% of variation is due to cluster level factors, and 87.4% is due to household or child factors), justifies multilevel modeling with a sample structure from survey data. This random-effects model is appropriately fit with a log-likelihood of 5138.2, and an AIC of 10302.4. The results from random-effects multilevel regression indicate that the interventions have the potential to enhance immunisation coverage equity between any two 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)
Table7 presents important sizes of associations, where prevalence ratios recommend the positive protective effects of maternal education, where of residence and type of maternal antenatal care used are highly favorable towards the completeness of immunization and constitute significant predictors of overall completion rate. All three factors had prevalent ratios (PRs) strictly over one, containing entirely confidence interval over one, denoting positive direct relation to the Child vaccination Coverage: Table 7odds and95 confidence intervals child schooling Increased by 43% to wonderfully great Chance of becoming fully vaccinated (full vaccination Dose: PR=1.43 CI 95%:(1-42-1.59) children Live in an Urban Town will get Better vaccination coverage, than all other with PR=1,19%:CI95%(1-10)-1.30 the higher protection  against this condition comes from having attended at least four visits of antenatal attendance with PR=1.58. These results corroborate several previous results with respect to the relation of the mothers’ education with the rate of complete vaccination for Children, the influence of living in a town; whereas those contrasts with preceding results like the effect of ANC. Visits(mothers attending three or more antenatal clinic visits had an odds ratio for comprehensive Child vaccincotion of 376, compared to mothers attending four or more antenatal clinic 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 testing showed a reasonable model fit with good predictive accuracy. The Hosmer-Lemeshow goodness-of-fit test (=8.41,p=0.39) did not reveal any evidence of a systematic difference between the observed and the predicted outcomes, indicating that the  model was well calibrated. Similarly, the Likelihood Ratio test(=546.2,p<0.001) revealed that the fitted model provided a better explanation of the children’s immunisation status than the null model. The Nagelkerke pseudo R of 0.36 suggested that the model explained around36% of the variation in immunisation coverage. An area under the receiver operating characteristics curve (AUC) of 0.842 indicated excellent prediction discrimination between those that were totally or partially immunized and not. A Brier score of 0.146 demonstrated good calibration. None of the variance Inflation Factor values  were higher than 4 (1.18 to 2.45), meaning there was only minidence de-multicollinearity. In brief the models seems to be sound,well specified and useful to identify factors that impact on children’s immunisation.
4.9 Empirical Comparison of Classical (Frequentist) and Bayesian Estimation for NDHS 2024 Childhood Immunization 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 effects, 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. While both approaches yielded comparable conclusions, the Bayesian model offered richer probabilistic inference, enhancing 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)
Model comparison (Table 10) suggested that both the classic maximum likelihood, as well as both Bayesian methods for logistic regression were acceptable representations of childhood immunisation outcomes. The Bayesian model performed better overall, under several of the performance metrics. Table 10 The classic model had accepted fit statistic measurements, such as a log-likelihood,AIC and BIC of, respectively; 5138.2, 10302.4, and 10395.6. Compared to the lower DIC, WAIC, and LOOIC from the Bayesian method; 10258.7, 10244.5, and 10247.1; which shows better fit that is accounted for complexity.  As with the previous model, the bayesian approach had greater predicting performance with an AUC that of 0.851 opposed to the classical models 0.842 and a lower Brier score, 0.139 instead of the classical 0.146, and met convergence criteria with a large effective sample size,greater than 3000,and ^R= 1.00. Although the parameter estimates from the classic maximum likelihood estimate are consistent with the bayesian model and give similar result, bayesian method offered better predicting and greater predictive uncertainty than the use of classic 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, level of mother’s education, wealth of the household, the place of residence, Antenatal Care (ANC) utilization and the place of child birth all influenced childhood vaccination coverage positively among others. It further identified that as mothers grow older and get more educated their odds of having fully vaccinated children increase remarkably compared with younger less educated mothers. Similarly, children living in urban residence, those who belongs to a richer households were more likely to be fully immunized than others who were residing in rural areas, living in poor households. Moreover, among all the variables found to have positively determined fully vaccination, antenatal visits (24) visits or more attended) and place of child birth (health facility was strongest positive determinants respectively. Furthermore, the multilevel analysis results disclosed remarkable between-community heterogeneity (12.6%). The multilevel approach accounted for unexplained heterogeneity due to within-community common characteristics as reflected by the community-level random effects. The analysis with both classic and Bayesian multilevel logistic model resulted in acceptable model fits for this data set however, Bayesian model fit, predictive accuracy and calibration was better than the classical model
5.2 Conclusions
These findings are in accordance with extensive international and African research identifying maternal education, household wealth, utilisation of antenatal care, facility-based delivery and urban residence as the most significant predictors of full childhood immunisation (Bosch-Capblanch et al., 2012; Restrepo-Mndez et al., 2016; Forshaw et al., 2017; Arsenault et al., 2017; Portnoy et al., 2024). The strong beneficial impact of maternal education is consistent with evidence showing that educated mothers may be equipped with more relevant information on vaccination schedules, possess greater health literacy, and are more apt to utilise preventive healthcare services. The high significance of attending antenatal care services and facility-based delivery supports the concept of care continuum, emphasizing that sustained mother child service engagement leads to improved uptake of immunisation services. The high degree of variation noted between communities is also in agreement with previous multi-level study findings which note that individual outcomes, service access, service quality, and neighbourhood level social economic factors determine the utilisation of immunisation services. Finally, superior performance of the Bayesian multi-level model conforms with recent methodological evidence which claims that, for analysing multi-level surveys data, Bayesian methods offer significant benefits for improving predictions accuracy and generating more reliable uncertainty estimations along with their ability to better accommodate correlated observations.
5.3 Recommendations
The study suggests the need for further investment into women education, increasing access to female education and adult literacy classes will result in greater knowledge regarding maternal health and seeking of health services. The study also indicates that the use of and accessibility to good quality antenatal care needs further investigation to increase access with focus on health-facility births for women by overcoming financial, geographic and other access barrier challenges particularly in remote and resource poor environments, particularly remote areas. It is also proposed that public health interventions should provide stronger support for low income households and most vulnerable through enhancement of the reach of social protection schemes, community education, mobile immunization services, vaccination awareness programmes utilizing radio messages and public community health workers; also by raising awareness of routine childhood immunization schedules. Given the strong impact of community factors in the study, policy interventions need to supplement individual care approaches with increased community infrastructure investments and effective vaccination support programmes including efficient vaccine delivery networks, improved management and delivery of primary health care.
5.4 Needs for further studies
Further work could extend this study, by considering Bayesian spatial and spatiotemporal approaches including CAR, BYM models to identify spatial variations and areas and hot spots/cold spots for poor child vaccination coverage. It may be beneficial to examine successive rounds of Nigerian Demographic and Health Survey data to assess changes in coverage over time. Health systems factors including availability of vaccine stock; cold chain infrastructure, manpower and preparedness would contribute to a more complete picture of factors related to service-delivery, while future research should also consider behavioral and social/cultural factors, including vaccine hesitancy, misinformation, parental perceptions and beliefs, and cultural factors that are not completely represented within DHS data sets. Comparisons between Bayesian multilevel models and more sophisticated machine learning techniques in conjunction with causal modeling techniques, such as SEM and causal mediation analysis, will aid predictions of outcomes and explanations thereof. Adding informative priors and hierarchical spatiotemporal Bayesian models will also aid small-area estimation and inform vaccination policy.
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