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A B S T R A C T   

Background: Neonatal mortality accounts for an increasing share of under-five deaths, and they 
are declining at a slower rate than postnatal deaths. Apparently, neonatal mortality is increas
ingly becoming a major public health problem in Ghana and the world over. The current study 
sought to analyze neonatal mortality as a function of predictor variables and to estimate and 
understand unobserved household and community-level residual effects on neonatal mortality to 
provide data driven evidence to shape informed policies and interventions aimed at reducing the 
neonatal mortality burden. 
Methods: The current study extracted three-level complex data on 5884 children born in the five 
years preceding the 2014 Ghana Demographic and Health Survey. A two-level and three-level 
multilevel logistic models were applied to estimate unobserved household and community- 
level variations in neonatal mortality in the presence of set of predictor variables. Sampling 
weights were incorporated in both the descriptive and inferential analysis since the data used 
emanated from a complex survey. Model fit statistics such as AIC scores for a weighted two-level 
and three-level random intercept logistic models were compared. The model with the lowest AIC 
score was considered the most preferred model. 
Results: The household-level random intercept model suggested that the odds of neonatal mor
tality was higher among multiple births [OR = 3.15 (95% CI: 1.17, 8.50)], babies born to mothers 
who received prenatal care from non-skilled worker [OR = 5.88 (95% CI: 2.90, 11.91)], babies 
delivered through caesarian section [OR = 2.47 (95% CI: 1.06, 5.79)], a household with 1–4 
members [OR = 10.23 (95% CI: 4.17, 25.50)], a short preceding birth interval (<24 months) [OR 
= 3.05 (95% CI: 1.18, 7.88)], and preceding birth interval between 24 and 47 months [OR = 2.88 
(95% CI: 1.41, 5.91)]. Substantial unobserved household-level residual variations in neonatal 
mortality were observed. 
Conclusion: The findings of the current study provide an actionable information to be used by 
government and other stakeholders in the health sector to renew commitment to reduce neonatal 
mortality to an acceptable level. There is the need to intensify maternal health education by 
health providers to encourage pregnant women to visit antenatal clinics at least four times so they 
could benefit substantially from ANC services.  
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1. Introduction 

The key health metrics for health care quality evaluation and health policy formulation such as maternal and infant mortality are 
major public health problems Ghana is grappling with in recent years. However, adverse birth outcomes are the main drain on human 
capital due to death and disability [1]. The global average of neonatal mortality stands at 18 per 1000 live births and constitutes 47% of 
deaths among children under five in 2017 [2]. As mortality among children under five declines globally, deaths among these children 
are more concentrated in the first days of life. More so, neonatal mortality accounts for an increasing share of under-five deaths, and 
they are declining at a slower rate than child deaths overall [3]. To this end, there is a need to pay more attention to this group of 
children. 

A review of the literature revealed that newborn health and stillbirths are part of the unfinished agenda of the Millennium 
Development Goals (MDGs) for maternal and child health [4]. The Sustainable Development Goals (SDGs) target 3.2 was set to 
challenge all countries to reduce neonatal mortality to 12 deaths per 1000 live births and under-5 mortality to 25 deaths per 1000 live 
births by 2030 [5]. However, seven years into the SDGs implementation, available data shows that it is impossible to reduce neonatal 
mortality to 12 per 1000 by 2030 in all countries. Thus, in the quest to achieve SDG 3.2 (reduction in neonatal deaths) there is the need 
to have deeper understanding of potential risk factors, unobserved household and community-level residual effects on neonatal 
mortality. 

In Ghana, a newborn baby dies every 15 min, and newborn deaths contribute to 50% of all infants’ deaths in 2015 [6]. Thus, this 
presupposes that close to half of under-five deaths are attributable to neonatal mortality. Neonatal mortality rate for five years pre
ceding 2017 Ghana Maternal Health Survey (GMHS) was 25 deaths per 1000 live births, whereas post-neonatal mortality was 12 
deaths per 1000 live birth [7]. Furthermore, 68% of all deaths among children under-5 years in Ghana occurred before a child’s first 
birthday, with 48% occurring during the first month of life [8]. 

These staggering statistics on neonatal deaths are disturbing and pose a significant challenge to a country’s socio-economic 
development and quality of life. Thus, this is a clear indication that the management and delivery of maternal and child health 
care services in Ghana is not yielding positive results. Several initiatives and frameworks have been developed and implemented by the 
health sector to discover sustainable solution to high under-5 mortality in Ghana. Nonetheless, the reality is that most of the in
terventions under these frameworks have focused more on the post-neonatal period with little attention to newborn care [9]. The 
Ministry of Health (MOH), Ghana Health Service, and development partners should renew efforts to reduce neonatal and under-five 
mortality rates significantly to improve the quality of maternal and child health care. 

A plethora of public health surveys has been conducted over the years to model neonatal mortality and identify its risk factors 
[10–13]. It is evident from previous studies that complex multiple risk factors such as mothers with a history of previous children who 
died in the first year of life, hospitalization during pregnancy, and low birth weight [14], preterm labor and intrapartum asphyxia [15], 
belonging to the poorest household wealth index quintile, male infants, first rank baby, smaller than average birth size and mothers 
with delivery complications [10], residing in a rural area, being a large body size baby and a mother experiencing pregnancy 
complication [16] were identified to increase the risk of neonatal mortality. However, most of these studies [17–20] have applied a 
single-level modeling approach to the data ignoring the hierarchical data structure. Neonatal mortality cannot be explained entirely by 
individual-level effects because persistent group effects vary across higher levels. Thus, traditional regression models that assume 
independence of observations and ignore the hierarchical structure of the data and the group effects cannot be applied to fit multilevel 
data. The multilevel modeling approach takes into account the individual as well as the group level effects [21]. Thus, there is a need to 
identify and understand why children from certain households and communities are more likely to die before age 28 days while 
simultaneously adjusting for potential predictors using multilevel analysis approach. The findings will provide essential and actionable 
information for making informed policy decisions and intervention strategies related to child health and survival. 

2. Materials and methods 

2.1. Data source and study population 

The current study used the 2014 Ghana Demographic and Health Survey (GDHS) dataset. The 2014 GDHS is a nationally repre
sentative household sample survey. Complex survey design such as stratified and cluster involving two-stage sampling technique with 
the unequal probability of sample selection was used in the 2014 GDHS. The first stage sampling involved the selection of enumeration 
areas (EAs). The second stage involved a systematic sampling technique to select households (Secondary Sampling Units) from each 
cluster (EAs) at random [22] with known and non-zero probabilities to obtain unbiased parameter estimations. The 2010 population 
and Housing census frame was used as a reference to select the enumeration areas (EAs)|. The 2014 GDHS successfully interviewed 
11385 occupied households comprising 9396 women aged 15–49 and 4388 men aged 15–49. However, this study reviewed the birth 
history data collected using the children under-5 year’s questionnaire data on 5884 children born in the five years preceding the 2014 
GDHS [22]. 

2.2. Outcome variable 

The outcome variable is neonatal mortality. Neonatal mortality is the death of the infant within 28 days of life. Neonatal deaths 
within 28 days of life were categorized as ‘dead’ and coded as ‘1’. Those who survived 28 days of life were alive and coded as ‘0’. 
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2.3. Independent variables 

The conceptual framework for the study of child survival in developing countries [23] was the reference material for selecting 
predictor variables that influence neonatal mortality. The current study also extracted the predictor variables from previous studies on 
neonatal and infant mortality [24], and those available in the 2014 GDHS were also selected. Individual-level and household level 
explanatory variables included sex of child, birth type, preceding birth interval, size of a child, maternal age, ever terminated preg
nancy, mode of delivery, parity, and prenatal care assistance, household size, maternal religion, wealth index, maternal marital status, 
health insurance status of the mother. Community-level factors consist of the type of place of residence, ethnic group, and region. 

2.4. Statistical analysis 

Data cleaning and validation were done to ensure data quality before analysis was carried out using STATA/MP version 15.1. Since 
the design of the GDHS is complex, svyset command in STATA was used to declare survey design characteristics for the dataset, 
incorporating all information about the primary sampling unit (PSU), sampling weight, and stratification in the “svyset” syntax. 
Descriptive statistics were performed to compute weighted simple frequency to display and summarize categorical explanatory var
iables while weighted mean and standard deviation were computed to summarize the quantitative explanatory variables. 

A multilevel model was applied in the second part of the analysis. This is because the data emanated from a complex survey where 
individuals were nested within households and households nested within clusters (communities). The sampling technique used in the 
2014 GDHS resulted in a complex hierarchical data structure. Furthermore, an application of classical logistic regression model to the 
hierarchical data, will lead to bias estimation of standard error of parameters because it does not take into account the higher levels (i. 
e., household and community levels) which could subsequently lead to spurious statistical significance for risk factors under 
consideration. To address this concern, the multilevel model was chosen as the most appropriate statistical method because it adjusts 
for the sampling design and properly accounts for dependence attributable to the hierarchical structure of the DHS data to avoid 
potential spurious statistical significance. 

The multilevel model specified in this study predicted neonatal mortality (binary outcome) as a function of risk factors and un
observed household and community-level effects, producing odd ratios and their associated 95% confidence intervals, including 
household- and community-level residual effect variances. First, we set up a weighted two-level (household-level) variance component 
model where no risk factors were included and then extended this model to simultaneously adjust for available risk factors. Secondly, 
we extended the two-level model to a three-level (i.e., child, household- and community-levels) model while adjusting for the risk 
factors. In all the multilevel models fitted to the data in this study, we allowed only the intercept to vary across households and/or 
communities, allowing for the estimation of the unobserved household- and community-level residual variation in neonatal mortality 
in Ghana. 

2.5. Multilevel model for three-level complex survey data 

The variance component only model is expressed in the form: 

ηijk = log
(

πijk

1 − πijk

)

= γ000 + υ00k + μ0jk (1)  

μ0jk ∼ N
(

0, σ2
μ

)

υ00k ∼ N
(
0, σ2

v

)

where ηijk represents the odds of a neonate dying within 28 days of life, γ000 is the overall intercept of odds of a neonate dying within 28 
days of life across all communities, υ00k represent the random effect of community k, μ0jk is the random effect of household j within 
community k, it is assumed that the random effects, μ0jk and υ00k, are independent and normally distributed with the means equal to 
zero (0) and constant variances σ2

μ and σ2
v , respectively [25]. More so, the individual-level variance of a traditional logistic model is 

expressed as π2

3 which is approximately 3.29 [26]. 
The variance component model would help to observe the variance in neonatal mortality at the household- and community-level. 

However, since our interest is in the influence of the predictor variables on the odds of neonatal mortality, the three-level random 
intercept model that incorporates predictor variables at the individual-level was specified. Thus, the random intercept model has both 
fixed and random parts. 

To fit three-level random intercept model predictor variables were added to the single-level model (child-level – i.e., level-1). 
Substituting level-2 model and level-3 model into level-1 model created a combined equation or mixed model. The three-level 
random intercept model with multiple explanatory variables, where X1, …, Xp denote explanatory variables could be expressed in 
the form: 

ηijk = log
(

πijk

1 − πijk

)

= γ000 + γ100X1ijk +…+ γp00Xpijk + υ00k + μ0jk (2) 
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The variance partitioning coefficient (VPC) which coincides with the Intra-class correlation coefficient (ICC) in the random 
intercept model explains the proportion of variation in neonatal mortality that is due to between households or between community- 
level differences were used to measure dependency in the data. A higher value of ICC or VPC is interpreted as a higher cluster effect. 
Two types of intra-class correlation were considered for the models. They are correlation across households within the same com
munity (Intra-community correlation) and Correlation between children within the same household and living in the same community 
(Intra-household correlation). ICC is expressed mathematically as: 

Intra − community correlation= ρ(comm)=
σ2

v

σ2
μ + σ2

v + π2 /3
(3)  

Intra − household correlation= ρ(Household, comm)=
σ2

μ + σ2
v

σ2
μ + σ2

v + π2 /3
(4) 

The model parameters were estimated using the adaptive Gaussian quadrature (AGQ) algorithm by integration over quadrature 
points. The adaptive Gaussian quadrature (AGQ) algorithm depends on the number of random effects in the model. The algorithm 
suffers a convergence problem as the number of random effects in the mode increases [27]. 

The bounds-and-leaps method or information criterion-based procedures for variable selection such as the Log-Likelihood (LL), 
Akaike Information Criterion (AIC), and the Schwarz’s Bayes Information Criterion (BIC) [28] were applied. The information 
criterion-based procedures select the optimal model with the relevant number of variables that best fit the data. A lower AIC or BIC 

Table 1 
Weighted Percentage Distribution of Neonatal Mortality by Risk factors selected for births within five years preceding the 2014 Ghana demographic 
and Health Survey (0–59 months).   

Study Variable 
Weighted 
Frequency 

Neonatal Death Study Variable Weighted Frequency Neonatal 
Death 

n(%) n(%) n(%) N(%) 

NEONATAL FACTORS   Maternal Age   
Sex of child   15–24 1175(20.6) 29.0(2.5) 
male 2970(52.2) 88.8(3.0) 25–34 2839(49.9) 70.4(2.5) 
female 2725(47.8) 70.8(2.6) 35–49 1681(29.5) 60.2(3.6) 
Size of child   Household Wealth Index   
Average/large 4799(84.3) 116.6(2.4) Poor 2459(43.2) 69.3(2.8) 
Small 895.5(15.7) 43.0(4.8) Medium 1114(19.6) 25.8(2.3) 
Low birth weight   Rich 2122(37.3) 64.5(3.0) 
No 3107(90.5) 21.1(0.7) Maternal Highest Level of Education   
Yes 327.6(6.1) 9.2(2.8) No Education 1561(27.4) 39.2(2.5) 
Type of birth   Primary Education 1141(20.0) 36.8(3.2) 
Single birth 5403(94.9) 130.0(2.4) Secondary Education 2739(48.1) 80.1(2.9) 
Multiple birth 291.8(5.1) 29.6(10.1) Higher Education 253.9(4.5) 3.4(1.4) 
MATERNAL FACTORS   Maternal Occupation   
Preceding Birth Interval   Employed 4679(82.4) 135.9(2.9) 
<24 month 561.5(13.0) 27.5(4.9) Unemployed 1002(17.6) 23.4(2.3) 
24-47 2203(51.1) 72.6(3.3) Household size   
48+ month 1544(35.8) 20.4(1.3) 1-4 members 2118(37.2) 73.1(3.4) 
Covered by Health Insurance   5-7 members 2634(46.3) 60.3(2.3) 
No 1847(32.4) 32.8(1.8) 8+ members 943.1(16.6) 26.2(2.8) 
Yes 3847(67.6) 126.8(3.3) Maternal Religion   
Ever terminated Pregnancy   No religion 238.6(4.2) 2.0(0.8) 
No 4235(74.4) 116.2(2.7) Christian 4303(75.6) 129.6(3.0) 
Yes 1460(25.6) 43.4(3.0) Islam 969.8(17.0) 26.8(2.8) 
Mode of Delivery   Traditional 183.4(3.2) 1.1(0.6) 
No Caesarean Section 4966(87.2) 124.3(2.5) Community Level Factors   
Caesarean Section 728.7(12.8) 35.3(4.9) Place of Residence   
Children ever Born   Urban 2563(45.0) 71.4(2.8) 
1 944(16.6) 16.3(1.7) Rural 3132(55.0) 88.2(2.8) 
2 1213(21.3) 24.6(2.0) Ethnicity   
3 1108(19.5) 28.0(2.5) Akan 2701(47.4) 82.6(3.1) 
4 827.2(14.5) 28.6(3.5) Ga/Dangme 353.4(6.2) 7.6(2.2) 
5+ 1603(28.1) 62.0(3.9) Ewe 735.5(12.9) 24.0(3.3) 
Prenatal care by   Mole-Dangbani 985.5(17.3) 25.1(2.5) 
Non-Skilled Worker 1664(29.2) 101.8(6.1) Grusi/Gurma 624.6(11.0) 10.7(1.7) 
Skilled Worker 4031(70.8) 57.8(1.4) Other 294.4(5.2) 9.6(3.3) 
SOCIO-DEMOGRAPHIC FACTORS      
Maternal Marital Status      
Single 436.6(7.7) 11.1(2.6)    
Currently Married 4879(85.7) 141.2(2.9)    
Formally Married 379.4(6.7) 7.3(1.9)     
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value indicates a better fit. 
The model fit statistics such as Akaike Information Criterion (AIC) and the Schwarz’s Bayes Information Criterion (BIC) scores were 

computed to evaluate the performance of the fitted models. 
The model with the lowest value of AIC score was the most preferred model. The estimated area under the curves (AUC) scores for 

each model were compared to evaluate the predictive accuracy of the models. The model with the highest AUC score was selected as 
the model with the best predictive ability. Brier score was used to evaluate the calibration and accuracy of probabilistic prediction of 
the models [29–31]. The lower the value of the Brier score, the better the prediction. A p-value <0.05 was considered for statistical 
significance. 

2.6. Ethics approval 

The 2014 GDHS protocol was reviewed and approved by the Ghana Health Service Ethical Review Committee and the Institutional 
Review Board of ICF International. Thus, ethical per-mission for the current study was not needed since the required GDHS dataset was 
available publicly. However, ethical procedures were strictly observed at the time of the GDH surveys to ensure that human rights were 
protected as required by US Department of Health and Human Services. Detail information on DHS data and ethical standards can be 
accessed at: http://goo. gl/ny8T6X. 

3. Results 

3.1. Sample characteristics 

Table 1 depicts the relationship between neonatal mortality and risk factors. It is evident that the majority of babies (84.3%) who 
were included in the sample were average or large body size. Here again, single births constituted 94.9% of the babies surveyed, 67.6% 
of mothers were covered by health insurance, and 82.3% of mothers were employed. The results of the descriptive statistics also 
indicated that neonatal mortality is more pronounced among babies with small size bodies (4.8%) relative to babies with average or 
large body size. Additionally, the neonatal mortality recorded for multiple births is five times the neonatal mortality recorded among 
single births. The findings also showed that the majority of neonatal mortality was registered among babies born through cesarean 
section 35.3(4.9%) compared to those born via vaginal delivery 124.3 (2.5%). The results presented in Table 1 also revealed that the 
risk of neonatal mortality was higher among mothers who received prenatal care from the non-skilled worker (6.1%), multiple births 
(10.1%), under 24 months preceding birth interval (4.9%), and household size of 1–4 members (3.3%) 

3.2. Variable selection for the models using leaps-and-bounds method 

Table 2 displays the bounds-and-leaps methods for variable selection and its associated statistics. The results of the variable se
lection procedure indicated that 16 predictor variables were initially entered into the model. The model with 8 predictor variables was 
favored by AIC while the model with 6 predictor variables was favored by BIC. Even though any one of these two-predictor variable 
optimal models can be selected to fit the data, we consider the model with 8 predictor variables as the most plausible choice. Thus, 
multilevel models were applied to investigate the contribution of the 8 predictor variables (i.e., child size, prenatal care assistants, 
household size, number of children ever born, type of birth, preceding birth interval, mode of delivery and health insurance status of 
mother) selected by AIC. 

Table 2 
Optimal models for variable selection.  

No. of Predictors Optimal Models 

LL AIC BIC 

1 − 504.851 1013.702 1026.531 
2 − 491.532 989.0644 1008.309 
3 − 476.579 961.1569 986.8167 
4 − 464.999 939.9974 972.0721 
5 − 459.523 931.0453 969.535 
6 − 454.145 922.2909 967.1954 
7 − 451.543 919.0869 970.4064 
8 − 450.125 918.2501 975.9845 
9 − 449.325 918.6496 982.799 
10 − 448.714 919.4287 989.993 
11 − 448.227 920.4543 997.4336 
12 − 448.081 922.1623 1005.556 
13 − 448.026 924.0524 1013.862 
14 − 447.977 925.9537 1022.178 
15 − 447.96 927.9192 1030.558 
16 − 447.954 929.9071 1038.961  
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3.3. Evaluating calibration and predictive accuracy of the models 

Table 3 depicts the models’ performance test results of predictive accuracy of the two-level random intercept model, and the 
weighted three-level random intercept model. The AUC score computed for the weighted two-level random intercept model is 0.963 
and the AUC score for the weighted three-level random intercept model is 0.932. The predictive ability of the weighted two-level 
random intercept model is better than the weighted three-level random intercept model. 

Fig. 1 shows a 93.2% likelihood that the weighted three-level random intercept model would accurately predict the odds of 
neonatal mortality. The predictive ability of the weighted two-level random intercept model is 96.3%. Thus, both the two- and three- 
level random intercept models exhibit an outstanding predictive accuracy of the odds of predicting neonatal mortality in this group of 
children with model 2 providing the best predictive accuracy. 

Table 4 displays the results of the evaluation of calibration and accuracy of probabilistic predictions or forecasting of the models. 
The results show that the Brier score for the weighted two-level and three-level random intercept model stands at 0.018 and 0.020 
respectively. It is clear from the results that both models have the same probability predictive accuracy of 2.6% and are well-calibrated. 
However, the two-level random intercept model had better calibration with the lowest Brier score (0.018) than the three-level model. 
The calibration of the models was measured using metric statistics such as Spiegelhalter’s z-statistic, Sanders-modified Brier score, 
Sanders resolution, Outcome index variance, and Murphy resolution. 

3.4. Measure of variation and intra-class correlation 

The intra-class correlation coefficients (ICC) for the weighted two-level and three-level random intercept models were computed to 
measure clustering effect (correlation) in the data both at the household level (level-2 ICC) and community level (level-3 ICC) 
(Table 5). 

The ICC computed for weighted two-level null model was 46.97% which means that 47% of the total variation in neonatal mortality 
was accounted for by the household level differences. On the other hand, the ICC computed for weighted two-level random intercept 
model with fixed effect predictors was positive (ICC = 49.64%). This means that with fixed effect predictors, about 50% of total 
variation in neonatal mortality was explained by household which each neonate belongs to and individual-level fixed effect predictors. 
It is observed that adding fixed effect predictors to the two-level random intercept model had increased the ICC from 46.97% to 49.64% 
with significant household level residual, and this justifies the need for performing multilevel modeling (Table 5) instead of the 
classical single-level logistic regression model. 

The results of the current study also show that conditional on the fixed effect predictors in the three-level model, there is almost no 
correlation (ICC = 9.35 × 10^-34) in neonatal mortality between neonates in the same community. Thus, the study did not find 
significant unobserved community-level residual effects in neonatal mortality after adjusting for the household level and the fixed 
effect predictors. 

3.5. Assessing model fit 

The model fit statistics such as AIC indicated that the weighted two-level random intercept model (AIC = 810.06) fit the data better 
than the weighted three-level random intercept model (AIC = 856.27) and the empty two-level variance component model (AIC =
1362.00). Thus, the most preferred model choice for the current study based on the lowest AIC score is the weighted two - level random 
intercept model (Table 5). We therefore interpret the results from the weighted two-level random intercept model. 

3.6. Risk factors associated with neonatal mortality 

Table 5 displays results of modeling risk factors of neonatal mortality using a weighted two-level random intercept model and 
weighted three-level random intercept model. The weighted two-level random intercept model reveals that the small body size babies 
are more likely to die within 28 days of life relative to large body size babies [OR = 1.70 (95% CI: 0.79,3.67)]. It is observed in the 
weighted two-level random intercept model that there is a higher probability of neonatal death among multiple births [OR = 3.15 
(95% CI: 1.17, 8.50)], babies delivered through caesarian section [OR = 2.47 (95% CI: 1.06, 5.79)], a short preceding birth interval 
(<24 months) [OR = 3.05 (95% CI: 1.18, 7.88)] and preceding birth interval between 24 and 47 months [OR = 2.88 (95% CI: 1.41, 
5.91)], babies born to mothers who received prenatal care from non-skilled worker [OR = 5.88 (95% CI: 2.90, 11.91)] and household 
with 1–4 members [OR = 10.23 (95% CI: 4.17, 25.50)] 

Table 3 
Model evaluation using area under the receiver operating characteristic (ROC) curves.  

Model n ROC (AUC) SE 95% CI  Chi Square Pvalue 

Model 2 4514 0.963 0.007 0.950 0.976 15.63 <0.001 
Model 3 4514 0.932 0.011 0.911 0.952 

model 2 = weighted two-level random intercept model, Model 3 = weighted three-level random intercept model. 
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4. Discussion 

The current study investigated the residual household and community-level effects, and the contribution of predictor variables to 
the odds of neonatal mortality in Ghana, incorporating random effects by allowing the intercept to vary both at the household- and the 
community-levels. The weighted two-level random intercept model also revealed that the unobserved residual variation at the 
household level accounted for 49.64% of the total variance in neonatal mortality. The presence of substantial (i.e., significant) un
observed residual variation in neonatal mortality at the household level justified the need for the multilevel modeling approach in this 
study. The large proportion of variance in the neonatal mortality was accounted for by households because of different data generating 
processes or some underlying phenomenon. Thus, this finding has policy implications because any interventions targeted at reducing 
neonatal mortality in Ghana may or may not work for some households. Furthermore, there is almost no residual variability in the 
probability of neonatal mortality between neonates across communities after we adjusted for the household-level random effects and 
predictor variables in the model. In other words, there is no similarity in neonatal mortality among neonates from the same community 
after adjusting for the household-level random effects and the predictor variables in the three-level model. Our two-level (AUC value =
96.2%) and three-level (AUC value = 93.2%) random effect models show outstanding predictive accuracy [32] of the odds of pre
dicting neonatal mortality with the two-level model providing a better fit to the data. 

Fig. 1. Area under the ROC curve comparing the predictive ability of weighted two-level random intercept model (Model 2) and weighted three- 
level random intercept model (Model 2). 

Table 4 
Calibration and accuracy of probability predictions of the models.   

Model 2 Model 3 

Mean probability of outcome 0.026 0.026 
Forecast 0.012 0.017 
Correlation 0.577 0.526 
Brier score 0.018 0.020 
Spiegelhalter’s z-statistic 7.781 2.944 
Spiegelhalter’s pvalue 0.000 0.002 
Sanders-modified Brier score 0.022 0.022 
Sanders resolution 0.021 0.021 
Outcome index variance 0.025 0.025 
Murphy resolution 0.004 0.003 
Reliability-in-the-small 0.002 0.001 
Forecast variance 0.003 0.002 
Excess forecast variance 0.002 0.001 
Minimum forecast variance 0.001 0.001 
Reliability-in-the-large 0.000 0.000 
2*Forecast-Outcome-Covar 0.010 0.007 

model 2 = weighted two-level random intercept model, Model 3 = weighted three-level random 
intercept model. 
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Comparing the findings from a weighted single level logistic multivariable regression model used in our previous study [20] and the 
findings from a weighted two-level random intercept model used in the current study, notable differences were observed. For example, 
type of birth was not significant in our previous study but significant in the present study. Furthermore, remarkable varying effect sizes 
and level of uncertainty were observed for the predictors between the two studies. The results obtained from the weighted single level 
logistic multivariable regression and weighted two-level random intercept model differ because the former assumes independent 
observations and does not take into account clusters which in effect leads to underestimation of coefficients and standard error of the 
parameter estimates, narrow confidence interval, and erroneous rejection of the null hypothesis. The current study used multilevel 
data which presented correlation between observations. 

The fixed effects part of the two-level random intercept model suggests that there is higher odds of neonatal death among multiple 
births [OR = 3.15 (95% CI: 1.17, 8.50)] compared to single births. The results of the current study is consistent with the results of a 
similar study carried out in Jimma Zone, Southwest Ethiopia [12]. Other previous studies including [33,34] confirmed the results of 
the current study and further explained that multiple births had an increased risk of low birth weight which in the long run would 
result in neonatal mortality if proper care is not given. 

It is evident from the results that babies delivered through cesarean section have a higher probability of dying within 28 days of life 
relative to vagina delivery [OR = 2.47 (95% CI: 1.06, 5.79)]. Similar studies supported the findings of the current research findings 
(32,40). A review of the literature showed that cesarean sections have the likelihood of impacting negatively on the health of the 
mother, her child, and future pregnancies over a short and long period [35]. In this vein, it is prudent for a pregnant woman to avoid 
any health and health-related issues that will increase the risk of delivery through cesarean section. Pregnancy related conditions such 
as preeclampsia and eclampsia are highly associated with maternal outcomes and neonatal deaths. Thus, interventions such as 
low-dose aspirin and dietary supplementation with calcium which were identified to effectively reduce the risk of preeclampsia and 
eclampsia should be administered to pregnant women with hypertension [36,37]. The risk of postpartum hemorrhage should also be 
reduced by administering uterotonics. Prophylactic oxytocin and misoprostol given during the third stage of labor were identified as 

Table 5 
Weighted two- and three-level random intercept logit model for predicting the Odds of Neonate Dying within 28 days of Life.   

Variable 
Model 1 Model 2  Model 3  

Parameters (95%CI) OR (95%CI) p-value OR (95%CI) p-value 

Neonatal factors 
Size of child 
large  1.00(Ref) 1.00(Ref)  
Small  1.70 (0.79,3.67) 0.175 1.76 (0.86,3.61) 0.124 
Type of birth 
Single birth  1.00(Ref) 1.00(Ref)  
Multiple birth  3.15 (1.17, 8.50) 0.023 1.82 (0.70,4.76) 0.219 
Maternal Factors 
Preceding Birth Interval 
<24 months  3.05 (1.18, 7.88) 0.021 3.58 (1.56,8.22) 0.003 
24-47  2.89 (1.41, 5.91) 0.004 3.08 (1.63,5.81) 0.001 
48+ month  1.00(Ref)  1.00(Ref)  
Covered by Health Insurance 
No  1.00(Ref)  1.00(Ref)  
yes  2.47 (1.27,4.82) 0.008 2.73 (1.46,5.10) 0.002 
Number of children ever born  1.45 (1.28, 1.66) <0.0001 1.40 (1.22,1.60) <0.0001 
Mode of Delivery 
No Caesarean Section  1.00(Ref)  1.00(Ref)  
Caesarean Section  2.47 (1.06, 5.79) 0.037 3.13 (1.34,7.27) 0.008 
Prenatal care by 
Skilled worker  1.00(Ref)  1.00(Ref)  
Non-Skilled Worker  5.88 (2.90, 11.91) <0.0001 5.12 (2.69,9.76) <0.0001 
Socio-Demographic Factors 
Household size 
5-7 members  1.70 (0.78, 3.73) 0.183 1.61 (0.77,3.34) 0.202 
1-4 members  10.23 (4.17, 25.10) <0.0001 7.51 (3.08,18.33) <0.0001 
8+ members  1.00(Ref)  1.00(Ref)  
Random effects Parameters 
Household level variance (SE) 2.91 (0.52) 3.24 (0.95)  1.32 (0.76)  
Community level variance (SE)    4.31 × 10^-33 (4.34 × 10^-33)  
ICC OR VPC 
Household level ICC (%) 46.97 49.64  28.6  
Community level ICC (%)    9.35 × 10^-34  
Model fit statistics 
AIC 1362.00 810.06  856.27  
BIC 1375.36 887.04  933.24  
− 2 log likelihood − 679.00 − 393.03  − 440.77  

model 1 = weighted two-level null model, Model 2 = Weighted two-level random intercept with covariates, model 3 = Weighted three-level random 
intercept with covariates. 
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effective interventions for treating and preventing postpartum hemorrhage [38,39] Most importantly, the odds of neonatal mortality is 
monotonically related to household size (Table 5). A previous study identified family size as a risk factor of neonatal mortality [46–47] 
and this corroborated the findings from the current study. Further research is needed to elucidate the findings in this regard. 

Practically, for a unit increase in parity the odds of neonatal mortality increases by 45% [OR = 1.45 (95% CI: 1.28, 1.66)]. The 
results of the current study agreed with the results obtained in a previous study [40]. The most plausible explanation adduced con
cerning this result could be that mothers who lost their babies few days after delivery or during delivery might resume sex almost 
immediately even though they are not properly healed and would eventually become pregnant again in the process [48]. Besides, 
women who married at an older age might want to have several children at a very short interval. To this end, this will likely impact 
negatively on the health of the fetus and live births which could lead to both maternal and neonatal deaths if not properly managed. 

Furthermore, the odds of babies born to mothers who received prenatal care provided by non-skilled workers dying within 28 
days of life is over 5 times the odds of mothers who received prenatal care provided by a skilled worker [OR = 5.88 (95% CI: 
2.90, 11.91)]. Similarly, recent studies reported that a pregnant woman who visits an antenatal clinic at least four times is less 
likely to lose her baby within 28 days of life in sub-Saharan Africa [12,35]. The possible explanation for this is that antenatal 
clinics or health facilities and trained midwives in deprived and rural communities are not available. On the other hand, cultural 
and religious beliefs might be barriers to receiving prenatal care provided by skilled and well-trained health personnel. Thus, to 
ensure that pregnant women stay healthy, they must be encouraged through maternal health education to attend the antenatal 
clinic so that trained health personnel such as a nurse or midwife could monitor their fetal development and conduct routine 
checks to prevent and manage any health challenge that might lurk its ugly head. 

5. Conclusion 

The weighted two-level random intercept model was the best performing and probabilistic prediction model for accurately pre
dicting neonatal mortality, suggesting the need for multilevel modeling approaches used in this study. Substantial differences in the 
probability of neonatal mortality across households were found. The fixed effects part of the weighted two-level random intercept 
model suggested an increased odds of neonatal mortality among children born multiple, shorter proceeding birth intervals, delivered 
through caesarean section, prenatal care assisted by non-skilled worker and belonging to small size households. The findings obtained 
from this study will arm the health policymakers and managers with actionable and insightful information for data-driven policy 
formulation and to put strategies in place to target households and the identified risk factors to reduce the risk of neonatal mortality. 

The significant unobserved household level residuals in neonatal mortality found in this study warrant further investigation to 
identify as yet factors that might be responsible for this. Also, our finding that children belonging to mothers who possessed health 
insurance and smaller household sizes had increased odds of neonatal mortality needs further examination. 
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AIC Akaike Information Criterion 
BIC Bayes Information Criterion 
DHS Demographic and Health Surveys 
EAs Enumeration Areas 
GDHS Ghana Demographic and Health Survey 
PSU primary sampling unit 
CI Confidence Interval 
OR Odds Ratio 
ICC Intraclass Correlation Coefficients 
ROC Receiver Operating Characteristics 
AUC Area under Curve 
VPC Variance Partition Coefficient 
IUGR Intrauterine Growth Restriction 
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