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Abstract

Background The under-five child mortality in sub-Saharan African (sSA) countries is a persistent problem with
limited effort being made to explore the determinants of disparities across countries and their lower administrative
districts. A child’s survival may depend on several known and unknown covariates and vary across the study areas.
The main objective of this study is to assess the time to death of under-five children and its associated risk factors by
comparing the performance of semiparametric and parametric frailty models across sSA regions.

Methods We used a dataset from the Demographic and Health Survey (DHS) across 33 sSA countries. The
semiparametric and parametric models with different frailty distributions were used to model the under-five survival
time of children across the administrative districts of 33 sSA countries.

Results A total of 330,373 under-five children were included in the study, of whom 19,893 (6.02%) died before
reaching their 5th birthday. Unobserved country-level variance (0.421) and district-level variance (0.183) effects
considerably impacted the survival time of under-five children in sSA countries. Under-five children born to mothers
aged 25-29 and 30-49 were 16% and 20% less likely to die compared to children born to mothers younger than 24
years. Moreover, children born in rural areas were 8.3% more likely to die than those who were born in urban areas.
Children who were born from mothers with better access to improved water sources and clean fuel were 9% and 11%
less likely to die than their counterparts, respectively.

Conclusions The exponential shared frailty hazard model with lognormal frailty distribution demonstrated better
performance compared to the Cox semiparametric model for identifying risk factors for under-five children across sSA
countries. Place of residence, wealth index, media exposure, birth order, birth interval, access to improved water, and
use of clean fuels for cooking were the significant risk factors on time to death of under-five children in sSA.
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Introduction

The estimation of the under-five mortality rate (USMR)
is one of the basic priorities for Sustainable Develop-
ment Goals (SDG) 3.2: reducing the USMR to at least
25 per 1000 live births by 2030 [1]. To achieve this goal,
the United Nations (UN) gives high priority to interven-
tion for low- and middle-income countries (LMICs) over
high-income countries. Nationally acceptable estimates
can be found in the previous literatures on country level
[2—4], but the estimates at the sub-nation (district) level
is vital since this is where any potential interventions
occur [2, 5]. Although promising progress has been made
in improving survival rates of children in Africa through
the reduction of diseases and improved access to health
facilities, sub-Saharan Africa (sSA) carries about half of
the burden of the world’s under-five deaths in 2015 [6].
Children’s survival prospects continue to be influenced
by broad geographical and socioeconomic differences
[7-10]. The sSA suffers the greatest burden of child mor-
tality due to limited access to quality healthcare, inad-
equate nutrition, high prevalence of infectious diseases,
and insufficient infrastructure [7, 8].

Survival (time to event) data are usually modelled with
Cox proportional hazards (CPH), sometimes called the
semi-parametric CPHs regression model, which esti-
mates the effects of the covariates as log hazard ratios
[11]. However, alternative parametric approach including
exponential, Weibull, log-normal, and log-logistic models
[11-13] can also be used and a parametric model some-
times can give more efficient estimates [14, 15] than the
semiparametric models. Various studies have been done
to compare different survival regression methods, of
which some authors proposed parametric models as the
most appropriate models [16—24] than others semi-para-
metric methods like Cox regression [25, 26]. A researcher
applied both nonparametric and parametric methods
in a survival analysis of patients with gastric cancer and
the result of Cox regression and parametric models
were almost consistent [17]. The other researchers sug-
gested that log-logistic model best fitted in the analyses
of patients with gastrointestinal cancer [23] and Weibull
model was selected as the best fitted model in survival
time of diabetic nephropathy [20] and acute myocardial
infection [21]. In addition, log-normal model revealed an
excellent fit to the event of time of retinopathy [18, 22,
24] and regression model showed best fit for the risk fac-
tors for lower-limb assumption due to neuropathy [26,
27].

The distribution of the survival model in a homoge-
neous population, described by the hazard function is
the same for each subject. However, the data may pres-
ent extra variation due to unmeasured and unobserv-
able factors and the inclusion of the frailty term in the
hazard distribution function accounts this unmeasured
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heterogeneity [11-13, 28-30].The significant variance
of frailty implies a large heterogeneity across the strata
and hence greater correlation among individuals from
the same community, but a variance close to zero in the
frailty term indicates that there is minimal unobserved
heterogeneity between clusters, but this does not imply
complete independence of observations within the same
cluster [12, 29].

Most of the previous studies had tried to investigate the
risk factors of under-five mortality using DHS datasets in
different sSA countries [7—10]. Those studies [7-10, 31—
33] focused on the risk factors of U5C at country level,
and did not address the unobserved heterogeneity at
district levels. However, ignoring the frailty term which
account such unobserved variability at the district level in
the survival model may lead to biased survival estimates
of the parameters [29, 30]. Previous studies had a meth-
odological gap in identifying the determinant factors of
under-five survival times among children across the sSA
countries by incorporating the unobserved heterogeneity
at district level. Therefore, this study aims to fill this gap
to assess the associated factors for time to death of U5C
by incorporating district and country level frailty terms
in the survival model by comparing the performance of
semi-parametric and parametric shared frailty models.

Data sources and variables

We used the Demographic and Health Survey (DHS),
which consists of nationally representative surveys
mainly conducted in low-income countries (https://dhs
program.com). The DHS employs a multistage sampling
method to select participants for each survey across
various countries. The initial step in this sampling pro-
cess involves choosing clusters, known as enumeration
areas (EAs), followed by a systematic selection of house-
holds within those EAs. The clusters are selected from
a list of EAs created during the latest population census
in each country, and households are randomly chosen
within each EA. Women aged 15-49 years from these
selected households are then interviewed in detail [34].
Many recent DHS waves incorporate global positioning
systems (GPS) coordinates (latitude and longitude) for
household clusters, enabling the collection of geospatial
data to pinpoint the central location of each EA. The GPS
urban and rural locations have been masked for confi-
dentiality reasons as a result, utilizing DHS geo-masking,
urban clusters are moved up to 2 km, rural clusters up
to 5 km, and 1% of rural clusters up to 10 km [35]. Fur-
thermore, the DHS geo-referenced data displacement
process and the geographical variability of the produced
data are described in further depth [36, 37]. Additionally,
birth record files from under-five children across 33 sSA
countries provide comprehensive birth history data for
all reproductive women interviewed, along with health
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indicators related to fertility and mortality rates (Fig. 1;
Table 1).

Study variables

Outcome variable

The outcome variable for this study is the time-to-under-
five children mortality (from birth up to 59 months of
age), quantified by the number of months a child sur-
vives after birth. To create the outcome variable for the
survival “time to event” analysis [38—40], the children’s
survival status and their age at death in months or the
last month they were confirmed to be alive were com-
bined. Children who died under the age of five years were
deemed to have experienced the event and were assigned
the number 1, while children who did not die within
the specified period were censored (right censored) and
assigned the number 0.

Independent variables

The independent variables were extracted based on a
review of the earlier studies [31, 38—48]. The variables
included in the analysis are summarized in Fig. 2.

Methodology

Suppose that the covariates are represented by X and
let T be the non-negative random variable representing
an individual’s survival time, with ¢ being a realization
of random variable T. Then the Cox Proportional Hazard
(CPH) model is:

ht, X) = ho () exp (X7B) (1)
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where X =[X;, X5,. .., X,] and B =[81,Ba.- .-, B,
are the covariate and regression parameters respec-
tively, hg (t) is the baseline hazard function, when all the
covariates are equal to zero [11, 29, 33].

The estimation methods for this model include
the partial Likelihood Eq. 2 and Log- partial Likeli-
hood Eq. 3 respectively [28]. Assume that there are n
individuals and D uncensored (observed) events at
t1 <t < ...<tp.

eap (575)
2le R(Ly) €TP (§ T 6)

L(8) =TI, 2)

B)= % {%-TB — log (Zje e P (w?ﬂ))} (3)

Where 7 index the individual with an event at time ¢; and

R (t;) be the risk at time ¢; that individuals still under
observation just before ¢;. This maximizes with respect
to B using numerical optimization (e.g., Newton-Raph-
son) [49].

The cumulative hazard function is the integral of the
hazard function up to time t and different approaches
are used to estimate the cumulative hazard functions
[33]. In the CPH model, the unknown hazard function
ho is the nonparametric part whereas the unknown g
is the parametric part, which together makes a semi-
parametric model and the baseline hazard function
does not assume any specific distributions [11, 12, 29,

sSA countries with their total no. of districts

1. Angola(4) 18. Malawi (3)

2. Benin (6) 19. Mali (9)

3.  Burkina Faso (10) 20. Mauritania (14)
4. Cameroon(12)  21. Mozambique (11]
5. Chad(21) 22. Namibia (13)
6. Comoros (3) 23. Nigeria (6)

7. Cotedevore (10)  24. Senegal (14)
8. CongoDR (11) 25. Sierra Leone (5)
9. Ethiopia (11) 26. South Africa (8)
10. Gabon (10) 27. Burundi (18)
11. Gambia (8) 28. Togo (6)

12. Ghana (6) 29. Uganda (2)

13. Guinea (8) 30. Tanzania (26)
14. Kenya (47) 31. Zambia (8)

15. Lesotho (10) 32. Zimbabwe (10)
16. Liberia (4) 33. Rwanda (5)

17. Madagascar (23)

Fig. 1 Eligible sub-Saharan African countries and their total number of lower-level administrative areas included in the study. Source: Authors drawings
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Table 1 Selection of study participants from 33 sSA countries with recent DHS reports

A total of 49 countries are located in Sub-Saharan Africa

East African regions
18 countries

West African regions
17 countries

A total of 16 countries were excluded for the following reasons

6 countries were excluded.

] 3 countries no DHS report

| 3 countries no GPS is available

A total of 33 countries included

East African regions

1 12 countries (Burundi, Comoros, Ethiopia, Mada-
gascar, Malawi, Mozambique, Rwanda, Tanzania,

West African regions

4 countries were excluded.
11 country with no DHS report
] 3 countries no GPS available

1 13 countries (Benin, Burkina Faso,
Gambia, Ghana, Guinea, Ivery Coast,

Central Africa regions
9 countries

Southern Africa regions
5 countries

2 countries were
excluded.

] 2 countries where no
GPS is available

4 countries were excluded.
11 country with no DHS report
] 3 countries no GPS available

Central African regions
1 5 countries (Angola, Camer-
oon, Chad, Democratic Repub-

Southern African regions
1 3 countries (South
Africa, Lesotho, and

Uganda, Zambia, Zimbabwe, and Kenya) Liberia, Mali, Mauritania. Nigeria, lic Congo, and Gabon) Namibia)
1 167 Districts Senegal, Sierra Leone, and Togo ] 58 Districts ] 31 Districts
17,148 PSU 1 106 Districts 12,565 PSU 11,605 PSU
1 119,515 under-five children 16,453 PSU 1 67,094 under-five children 111,732 under-five
1 132,032 under-five children children
A total of
] 33 countries
] 362 Districts
117,771 PSU
] 330,373 under-five children
PSU primary sampling unit (Enumeration areas) where the GPS location is collected
h(tlz) =zh(t), z>0 (6)

33]. However, for the parametric approach, the baseline
hazard is defined as a parametric function and the vec-
tor parameters, say ¢ , are estimated together with the
regression parameter(s) in the model [11, 15, 29, 33]. The
common parametric distributions for the hazard baseline
include Weibull, exponential, Gompertz, log-normal, and
log-logistic distributions [13, 14, 33] which are summa-
rized in Table 2.

The frailty models are equivalent to mixed effects (ran-
dom effect) models in survival analysis [13, 14, 33]. The
frailty model includes the unobserved effects which are
represented by ,and included in equation 1 as:

h (ﬁ, Zij, Ui) = h() (t) EXTP (:BijT,B + ’U,i) . (4)

h(t, zij, wi) = ho (t) exp (xi;" B +w;) . (4)
Let Z = exp (u;) then
h(t, @ij, w;) = Zho (t) exp (zi;7 B ), (5)

where wu; is the frailty term of all subjects in the
group, and x;; the vector of covariates for subject
j=A{1, ., mi},ingroup i = {1, . .., G}

The frailty, U has different distributions [50] and in
this paper, we focus on gamma, log-normal, positive sta-
ble, and inverse Gaussian frailty distributions. The frailty
models are classified in two different forms (univariate
and multivariate). In the univariate context, the frailty
model introduces an unobservable multiplicative effect of
z on the hazard, so that conditional on the frailty as:

where z is some random quantity assumed to have a
unit mean and a constant variance 6. However, in the
multivariate survival model, which is an extension of uni-
variate case, individuals are allowed to share the same
frailty value. This indicates that a frailty value also gen-
erates dependence between those individuals who share
frailties, whereas conditional on frailty, those individu-
als are independent [13, 14, 50]. Let the data consist of n
stratum with the " strata comprised of n; individuals
(t=1,...,G)givenas:

hij (t|zi) = zihij (t), (7)

where h;; (t) = h (t|z;;). This means, that any member
of the i strata, the standard hazard function is mul-
tiplied by the shared frailty term z;. Before we fit the
standard CPH model, we have to check the proportional
hazard (PH) assumptions [11, 50]. The model assumes
that the hazard of the different clusters formed by the
level of the covariates is proportional [11, 12, 50]. If the
PH assumption does not hold, the results from a CPH
model are misleading, and alternative approach strategies
should be carried out [11, 12, 50, 51]. To check the CPH
assumption, we can use the Kaplan-Meier plot but this
graphical approach may be insufficient in cases where the
violation of the assumption is marginal [52]. Grambsch
and Therneau [53] presented a goodness of fit testing
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Socio-demographic covariates
e Age of mother
e Place of residence
e Education

Page 5 of 14

Child related covariates
e Gender of a child
e Breastfeeding
e Anemia status

e Employment y . e Stunted

¢ Wealth index e Wasted CIAF
AJ

e Media exposure USCM < e Underweight

e Autonomous

e NUSC NS
e HHS

e Sexof hosehold head

e Place of delivery

e Dietary diversity score (DDS)
/ ¢ Birth order

e Birthinterval

e Birth type

Enviromental covariates
e Types of cooking fuels
e Types of toilet use
e Sources of drinking

CIAF: composite index for anthropometric failure [49] and DDS: dietary diversity score [49, 50]

Fig. 2 Conceptual framework for variables description

Table 2 The hazard and cumulative hazard functions of the common parametric distributions

Distribution ho (t) Ho(t) = [ f,ho (s) ds Parameter space

Exponential A At A >0

Weibull AptP—1 AtP A,p,>0

Gompertz Aexp (1) %(exp (vt)—1) A,y >0

log-normal » (log(t)—p /o) —log[1—® (log(t) —pu /o weE R o>0
e o e g [ (log (t) — p /o))

log-logistic exp(a )kthF—1 log(1 + exp () tF) a € R k>0

1+exp(a )tk

¢ and @  respectively denote the probability density and cumulative hazard functions for each of these distributions

approach, which gives a test statistic for checking the PH
assumption.

The estimation method includes the Log-Likelihood
approach presented in Eq. 8) Assume i=1, ... G
index clusters and j =1, ., n; index individuals
in group i, observed time (T};)event indicator (0 ;;)
1 = event, 0 = censored), hence the individual likeli-
hood contribution given the frailty z; [29, 49] is:

Lij (%) = [Zi,ho (tij) exp (551T7/5 )]6 Y.exp [_ZiHO (tiz) exp (551T7/5 )]

(8)

’

the group level contribution:

L= [ ks @] Fea0)dse @

0

where f(z;;0)is the density of the frailty distribution
and O is the dispersion parameter.

Moreover the flexible parametric survival models
such as Royston and Lambert (ref) and the Exponenti-
ated Exponential Sinh Cauchy [54, 55]can be used. These
models are flexible parametric model (FPSM) which
extends beyond the Cox proportional hazards models
by modelling the baseline hazard or log cumulative haz-
ard directly, using the restricted cubic splines (natural
splines).

Identifiability of frailty models

It is a foundational and subtle issue in the analysis of
survival data, particularly when the unobserved hetero-
geneity is incorporated via random effects (frailty term)
[29, 55, 56]. This model uniquely estimates model param-
eters from the observed data and a model is identifiable if
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different values of the parameters lead to different distri-
butions of the observed data.

Dependence of shared frailty model
The correlation between any two event times from the
same cluster is measured using Kendall’s tau (7 ). This is
measured from the frailty term (0 ) [57] given as.
Kendall’s tau (7) = eeﬁ,
where 7 € (0, 1) and 6 is the frailty distribution
parameter which provides information on the heteroge-
neity (variability) of the population of clusters (strata).
The larger the value of 6, the higher the degree of

Model selection

To compare the group of parametric frailty and semipara-
metric frailty models, Akaike Information Criteria (AIC)
and Bayesian Information Criterion (BIC) were used [58].
The model with the smaller AIC fits the data better than
the model with the larger AIC [51, 52]. All the statistical
analysis were carried out with R software and the statisti-
cal significance level was set at p-value <0.05.

Ethical consideration

The study conducted was a secondary analysis of pub-
licly available survey data obtained from the MEASURE
DHS program. The MEASURE DHS Program is a global
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initiative that collects and analyzes data on population,
health, and nutrition in developing countries. Funded
by USAID, it provides key information on topics such
as maternal and child health, family planning, and HIV,
supporting evidence-based policymaking and health
program development. Since no original data collection
was involved, the research was exempted from obtaining
ethical approval and participant consent. Permission to
access and utilize the data was granted by [www.dhspro-
gram.com]. It is essential to mention that the datasets
contained no personal information, such as names or
household addresses, to safeguard the privacy of the indi-
viduals involved.

Results

This study included a total of 330,373 under-five chil-
dren (U5C), with time-to-death as the primary outcome
of interest. A total of 19,893 (6.02%) U5C died before
celebrating their fifth birthday, of whom 14,719 (74%)
resided in rural areas. Most women fell within the 30-49
age group, and a significant proportion had completed
their primary education or higher, 201,718 (61.1%>50%).
A notable number (227,695) of these women were
employed, and the majority of children came from poor
households. Moreover, a significant percentage of dead
children (6.40%) were from women who had low levels of

Table 3 Background characteristics and percentage distribution of under-five mortality by survival determinants of sampled children

Variables Categories N (Total) Child if dead n (%) Variables Categories N (Total) Child if dead n (%)
Woman's age 15-24 94,061 5,883 (6.25) Sex of child Male 167,124 10,893 (6.52)
25-29 87,859 4,870 (5.54) Female 163,249 9,000 (5.51)
30-49 148,453 9,140 (6.16) NU5C 1-2 244113 16,773 (6.86)
Mother’s educ. llliterate 128,405 9,035 (7.04) 3-4 71,422 2,536 (3.55)
Primary 106,288 6,333 (5.96) 5+ 14,838 584 (3.94)
Secondary 83,288 4,133 (4.95) Breastfeed No 146,633 13,119 (8.95)
Higher 12,142 392 (3.23) Yes 183,740 6,774 (3.69)
Occupation Yes 227,695 14,719 (6.46) DDS < minimum 165, 589 6,582 (3.97)
No 102,678 5,174 (5.04) Minimum 164,784 13,311 (8.08)
Place residence Urban 104,212 5,53 (5.04) Birth order First 74,685 4,440 (5.94)
Rural 226,161 14,640 (6.47) 2nd =3rd 116,820 6,017 (5.15)
Wealth index Poorest 84,234 5,759 (6.84) >=4th 138,868 9,436 (6.79)
Poorer 71,638 4,816 (6.72) Birth-type Single 318,839 17,666 (5.54)
Middle 67,066 4,024 (6.00) Multiple 11,534 2,227 (19.31)
Richer 58,960 3,160 (5.36) Birth interval <18 months 95,808 6,941 (7.24)
Richest 48,475 (2,134 (4.40) 18-23 months 32,570 2,832 (8.70)
Media exposure Yes 194,549 10,709 (5.50) > 24 months 201,995 10,120 (5.01
No 135,824 9,184 (6.76) Toilet Unimproved 101,478 6,772 (6.67)
Autonomous Low 123,834 7924 (6.40) Improved 228,895 13,121 (5.73)
Medium 112,753 6,853 (6.08) Water Unimproved 99,551 7,014 (7.05)
High 93,786 5117 (5.46) Improved 230,822 12,879 (5.58)
Sex of household head Male 258,931 16,071 (6.21) Fuel use Unclean 290,688 18,301 (6.30)
Female 71,442 3,822 (5.35) Clean 39,685 1,592 (4.01)
Place of delivery Home 101,151 8,052 (7.96)
Health fa. 229,221 11,841 (5.17)

N number of children in the analysis, DDS dietary diversity score, NU5C number of under five children
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Fig. 3 Distribution of deaths by (a) country (b) by age groups (in months)

Table 4 Testing the proportional hazard assumption using the
scaled Schoenfeld residuals

Variables Global Variables Global

X2 p-value X2 p-value
Mother’s age 402 013 Breastfeed 444 0.035
Mother's educ. 252 047 DDS 7.24 0.007
Occupation 4.06 0.044 CIAF 845 <0.001
Place residence 209 015 Birth order 204 036
Wealth index 537 025 Birth-type 30 0.083
Media exposure 0417 052 Toilet 5.03 0.025
Autonomous 3.78 0.15 Water 171 0.19
Sex of household 6.5 0.011 Fuel use 337 0.066
Place of delivery 852 0004  NU5C 17.7 <0.001
Sex of child 9.17  0.003 Birth interval  19.09  <0.001

CIAF Composite index for anthropometric failure

decision-making power regarding their healthcare, and
a small proportion (5.50%) were from women who had
media exposure. The majority of the under-five deaths
were associated with unimproved sources of drinking
water, unimproved toilet facilities, and unclean use of
fuels (Table 3).

Figure 3 displays the number of under-five deaths
among children by country (Fig. 3a) and by age category
(Fig. 3b). Nigeria had the highest number of under-five
deaths, with 3,211, followed by Chad (1,722), and the
Democratic Congo Republic (1,488), suggesting a need

for targeted interventions to increase awareness and pro-
mote strategies to reduce under-five mortality in these
areas. In contrast, Comoros (127), South Africa (135),
and Mozambique (165) had a lower number of under-five
deaths (Fig. 3a). Moreover, the distribution of the number
of under-five deaths among children by age group is also
summarized in Fig. 3b. The number of deaths was greater
in the lower age group than in the others.

Table 4 shows the scaled Schoenfeld residual test
results. The variables, including the mother’s age, moth-
er’s education, place of residence, wealth index of the
household, media exposure of the household, number of
under-five children in the house, birth order of the child,
birth type of the child, use of improved water and use
of cleaned fuels were satisfied the proportional hazard
assumptions (p-values were greater than 0.05) and they
were considered in the multiple covariates semiparamet-
ric CPH model and parametric models.

The frailty model (both Cox semiparametric and para-
metric) was found to fit better than the PH (without
frailty), which indicates that district level unobserved
random effects had a considerable impact on time to
death of U5C across sSA countries. The model selection
criteria (AIC and BIC) values for the CPH model were the
highest, and the exponential hazard baseline distribution
with log-normal frailty distribution was the best model
since it has the lowest BIC and AIC values (Table 5).
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Table 5 The comparison of the AIC between the Cox proportional hazard model and shared frailty parametric model
Model types Baseline hazard Frailty distribution AIC BIC LR
distribution
Semiparametric Cox NA 34166.15 34167.50 —17080.075
Gamma 311894 31194.75 —15593.7
Flexible parametric Roston and Mambert NA 165689.3 1657534 —82838.7
Flexible parametric Roston and Mambert Gamma 161,296 1615415 —80,625
Parametric Exponential Gamma 14426.89 1445144 —721045
Lognormal 14423.66 14448.2 —7208.83
. gaussian 14424.69 14449.23 —7209.34
Stable positive 1444591 1447046 —7219.96
NA (UAPHM) 14574.21 14590.58 —7285.11

NA no specific distribution (without frailty term), AIC Akaike Information Criteria, BIC Bayesian Information Criteria, LR Loglikelihood Ratio, l.gaussian inverse gaussian

The exponential baseline hazard model with log-nor-
mal frailty was found to fit the dataset better than the
CPH model and other exponential parametric models
with different frailty distributions, indicating that country
(district) level unobserved random effects impact on the
survival of under-five children. The heterogeneity (unob-
served) in the population of the country (district), which
was used as a cluster, was estimated by the exponential
baseline hazard model with log-normal frailty param-
eters (02=0.421&0.183 and X =0.033 & 0.032)
within the countries (districts) was measured by Kend-
all's tau at 7 = 0.163 & 0.082, respectively. The result
revealed that the frailty component had a significant
contribution to modelling the survival of U5C across
the sSA countries. After controlling for the district-level
frailty term, the results from the exponential parametric
baseline hazard distribution revealed that maternal char-
acteristics such as age, educational status, and decision-
making ability were statistically significant covariates for
under-five death. Moreover, household characteristics
such as place of residence, wealth index, media exposure,
access to improved water, use of clean fuel for cooking,
and the number of under-five children in the household
were also important covariates for predicting under-five
child death. Finally, child-level characteristics such as
birth order, and birth intervals were also significant vari-
ables for under-five deaths. Specifically, the estimated
hazard ratios of under-five death for children born to
mothers aged 25-29 and 30-49 were (HR:0.84, 95% CI:
0.81-0.88, HR=0.8, 95% CI: 0.76-0.84) higher respec-
tively compared with the baseline age (15-24 vyears).
This revealed that lower-age pregnancy was at a risk
for under-five mortality implying that children born to
mothers aged 25-29 and 30-49 were 16% and 20% less
likely to die compared with children born from mothers
younger than 24 years. Moreover, children born from
women with high autonomy were 8.5% (AHR=0.941, 95%
CI: 0.91-0.98) less likely to be died than those from low
autonomy levels. Children who were born in rural areas
were 8.3% (AHR=1.083,95% CI: 1.04—1.13) more likely to

die than those born in urban areas. Women who had long
birth intervals (spacing) such as 18—-23 months and > =24
months had a lower AHR [28%, 95% CI:0.689, 0.769 and
56%, 95% CI. 0.417, 0.456], respectively of under-five
mortality compared to women with birth interval of less
than 18 months. Moreover, under-five children born to
mothers with 1-2 and 3-4 parities are around [63.5%,
95% CI:0.349, 0.381] and [62.4%, 95% CI: 0.0.345, 0.410],
respectively were less likely to face the risk of mortal-
ity than those mothers of 5+ parities. Children born
in households that used improved water sources and
uncleaned fuel use were 9% (AHR=0.90, 95% CI: 0.87—
0.93, 11% (AHR =0.895:95% CI: 84-0.96) less likely to die
than their counterparts, respectively. The risk of death
among under-five children with birth intervals of more
than two years (>24 months) was 54% (AHR=0.464, 95%
CI: 0.396- 0,544) less likely to die than those with birth
intervals of less than 18 months, but children with a birth
interval of 18-23 months had a similar risk compared
with those who had less than 18 months of birth interval
(Fig. 4). Moreover, a frailty model that considered coun-
try or districts as a frailty term is summarized in Figs. 5
and 6. The result showed that estimates of the frailty vari-
ance are 0.42 [95% CI:0.17, 0.68] (country level) and 0.18
[95% CI: 0.15, 0.22] (district level), indicating that under-
five survival time varies more across countries than
across districts. In addition, estimates of Kendall’s tau are
0.163 (country level) and 0.082 (district level) for frailty
models.

Predicted frailty plots Fig. 5 for countries and Fig. 6
(Additional file 1) for districts indicate an unobserved
term (frailty) exists. Predicted values above one indi-
cate, an increasing risk while those below one indicate
a decreasing risk. Figure 5 reveals that countries like
Kenya, Ghana, Cote d’Ivoire, Guinea, and South Africa
had the lowest risk of death, respectively. However, coun-
tries such as Togo, Lesotho, Mauritania, Senegal, and
Benin had the highest risk of under-five mortality in sSA,
respectively.
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frailty
= Districts = Country
age_mother (25-29 vs 15-24) :
age_mother (30-49 vs 15-24) F 3
Education (Primary vs illiterate) s
Education (Secondary vs illiterate) &
Education (Higher vs illiterate) ——
place_residence (Rural vs Urban) 3
Wealth Index (Poorer vs poorest) s
Wealth Index (Medium vs poorest) s
Wealth Index (Richer vs poorest) -
Wealth Index (Richest vs poorest) s
Media (Yes vs No) 3
Autonomy (Medium vs Low) s
Autonomy (High vs Low) . !
NU5C (1-2 vs 5+)
NUSC (3-4 vs 5+)
Birth_order (2-3 vs first) 3

covariates
# »

Fuel use (Cleaned vs uncleaned)

Water (improved vs unimproved) ®
Birth_interval (18-24 vs <18 months) *
Birth_interval (>=24 vs <18 months) 3

The estimated AHR by covariates

*AHR: Adjusted Hazard Ratio, CI: Confidence Interval.

District-level AHR (95% Cl) ®

District-level AHR (95% Cl) &

0.712 (0.682, 0.743)

0.707 (0.677, 0.738)

0.636 (0.606, 0.668)

0.627 (0.597, 0.658)

1.008 (0.971, 1.046)

1.010 (0.973, 1.048)

0.882 (0.841, 0.924)

0.862 (0.824, 0.901)

0.696 (0.622, 0.778)

0.673 (0.602, 0.753)

1.051 (1.009, 1.095)

1.065 (1.024, 1.108)

0.979 (0.942, 1.018)

0.964 (0.927, 1.002)

0.930 (0.889, 0.972)

0.888 (0.850, 0.927)

0.880 (0.835, 0.928)

0.820 (0.779, 0.862)

0.823 (0.768, 0.881)

0.778 (0.728, 0.832)

1.038 (1.004, 1.073)

1.061 (1.026, 1.097)

0.961 (0.929, 0.993)

0.937 (0.906, 0.969)

0.899 (0.867, 0.934)

0.856 (0.824, 0.888)

0.365 (0.349, 0.381)

0.368 (0.352, 0.384)

0.376 (0.345, 0.410)

0.395 (0.363, 0.430)

1.365 (1.292, 1.442)

1.369 (1.296, 1.446)

Birth_order (>=4 vs first) : S

1.562 (1.467, 1.663)

1.626 (1.527, 1.731)

0.969 (0.937, 1.001)

0.850 (0.797, 0.907)

0.865 (0.809, 0.925)

0.983 (0.951, 1.016)

0.728 (0.689, 0.769)

0.715 (0.677, 0.756)

0.0 0.5 1.0 15

0.436 (0.417, 0.456) 0.430 (0.411, 0.450)
Districts Countries
Sigma2 (c2) 0.183 (0.148,0.218)  0.421 (0.166, 0.676)
Lambda (1) 0.032 (0.03, 0.034) 0.033 (0.025, 0.041)
Kendall's Tau () 0.082 0.163

Fig. 4 Comparisons of cox PH frailty model with exponential parametric frailty models among under-five children across sSA countries

Moreover, the frailty estimate for each of the local dis-
tricts is mapped in Fig. 6. The green colour corresponds
to the lowest risk of death among children and the red
colour towards the highest risk of death. As a result dis-
tricts in Chad (N’Djamena and Logone Occidental),
Nigeria (northwest and northeast), Guinea (Konkan), and
the Democratic Congo (Katanga and Sud-Kivu) had the
highest risk of under-five child death, respectively, while
regions in Mali (Kidal), Kenya (Kwale and Marsabit), and
Tanzania (Mtwara) had the lowest risk of death com-
pared to other districts across the sSA countries (Fig. 6
and Additional file 1).

Discussions

The present study was conducted to determine the tim-
ing of death of under-five children in sSA countries. The
choice of the random effects (frailty) distribution is very
critical and different frailty models have been used in lit-
erature [13, 59]. For modelling the time-to-event datas-
ets, the semiparametric CPH is more common rather

than the shared frailty parametric models [11, 12]. The
frailty model accounts for unobserved heterogeneity
(random effect) in survival analysis rather than models
without frailty implicitly assuming that populations are
homogeneous [13, 14], meaning that all subjects have
the same risk of an event. However, in reality, the unob-
served heterogeneity is assumed to represent different
strata, and the strata are assumed to be independent and
considered proportional hazard structures conditional
on random effects [11, 29]. Therefore, the present study
aimed to identify the risk factors of time-to-death among
under-five children across the countries (districts) of sSA
and determine the most efficient model for the analysis
among semi-parametric and parametric models.

There are different views on the most efficient model in
prediction of the time to death of U5C including the semi-
parametric CPH and the five possible parametric models
with four frailty distributions by considering countries
(districts) as frailty components. The frailty term was sta-
tistically significant for semiparametric CPH and all the
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Fig. 5 The plot of predicted frailty values for the lognormal frailty model with exponential baseline

parametric models. The shared frailty model is the com-
mon model used to model the survival data with frailty
terms, however, it is not valid in all cases, especially when
the PH assumption does not hold or the survival data
follow a parametric frailty model [11, 12, 15, 29, 31, 53].
Based on the Akaike’s information criteria, the parametric
shared frailty model (exponential with lognormal frailty)
had better performance in predicting the survival time of
under-five children across districts in sSA countries. How-
ever, the log-logistic, the log-normal, Weibull and Gom-
pertz baseline distributions with different frailty terms
did not converge in the algorithm used [51, 57, 60]. This
might be due to the number of parameters included in the
models. From the exponential baseline distribution with
the log-normal frailty model, the estimated heterogeneity
(variability) in the countries and districts was 0.163 and
0.082, respectively, which implies that a significant varia-
tion in survival of under-five children was accounted for
unobservable children/district-level effects. The inclusion
of the frailty in the model thereby minimizes both over-
estimation and underestimation of the model parameters
and also correctly measure the effect of the covariates on

the outcome variable (s) [33, 51, 57, 60, 61]. This is con-
sistent with several previous studies that compared para-
metric models with the Cox proportional hazards model.
For example, a study conducted on 197 children with
acute leukaemia in Iran found that parametric models
were preferred, with the Weibull model being the most
efficient among them [23]. Similarly, another study involv-
ing 484 patients with gastrointestinal cancer reported
that the logistic-log parametric model outperformed the
Cox model in terms of efficiency [62]. Additional studies
involving 3,421 [63] and 408 [64] participants, respectively,
also demonstrated that the parametric gamma and para-
metric Weibull models were the most efficient compared
to other models respectively. Furthermore, various stud-
ies [65—67] that compared Cox regression with parametric
models concluded that parametric models were generally
more effective in predicting survival outcomes across dif-
ferent conditions. These findings align well with the results
of our study.

Children from rural areas have a higher risk of death
than those who are from urban counterparts, which is in
line with the studies conducted in different countries [31,
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Fig. 6 Estimated predicted frailty values among districts across the sSA countries

46, 47, 68]. This might be the reason that there are differ-
ences in the distribution of healthcare facilities in rural
and urban communities. Our study revealed that children
born to younger mothers have a higher risk of mortality,
which is consistent with the previous studies [42, 68-72].
This is because children born to adolescent mothers
experience fragile health outcomes and have a higher risk
of death [73]. Our finding revealed that the educational
status of mothers was negatively associated with under-
five mortality, which is in agreement with the previous
studies [31, 42, 68, 71-73]. This might be the reason
that education increases awareness of maternal-related
healthcare services and practices, which ensures the sur-
vival of their children [31, 73, 74]. Moreover, short birth
spacing is highly associated with the high risk of under-
five child mortality. This finding is in line with the studies
that indicate an association between child mortality and
preceding birth interval [31, 42, 47, 68, 69]. This may be
due to the fact that short birth intervals have been linked
to negative health outcomes, such as maternal, newborn,
and child mortality, and they are in violation of WHO
birth spacing recommendations [61]. On the other hand,
improved toilet facilities are also negatively associated
with under five mortalities [75]. This is the reason that an
intervention to improve existing sanitations facilities may
reduce under five mortality rates.

This is study is used to identify the importance of
access to improved water and the use of clean fuel for
cooking for under five mortalities. Access to improved
water and the use of clean fuel for cooking are negatively
associated with under-five mortality risk. These findings
are consistent with other studies conducted [31, 42, 73,
74]. This might be the reason that utilizing clean cook-
ing fuels results in significantly lower emissions of pol-
lutants than using unclean fuels, which emit toxic smoke
into the air. In the same way, children who live in homes
with better water facilities are more likely to survive than
those who live in homes with unimproved water [76-78].
Therefore, the usage of clean cooking fuels and improved
water has a negative relationship with the consequences
of under-five mortality.

This study has several strengths. Firstly, we employed
nationally representative cross-sectional data providing a
comprehensive view of the population in sSA countries.
Moreover, the selection of respondents for the study was
random and covered a large population in sSA allowing
us to make accurate conclusions about under-five chil-
dren mortality in the region. Another strength of this
study is that the DHS program used is transparent and
has a high response rate which helps us to obtain accu-
rate estimates when analyzing the data. Despite these
strengths, the study has some limitations. The study
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did not include several important factors that signifi-
cantly contribute to under-five mortality. Additionally,
the cross-sectional nature of the DHS program datasets
allows us to conclude associations but does not enable
researchers to establish causal links. The study also
couldn’t see all possible baseline distributions (Weibull,
Gompertz, lognormal, and logistic distributions) to fully
leverage the performance of the parametric model due to
the convergence problem. This might be the reason for
the rigidly defined assumptions of each model under sur-
vival frailty analysis. This gap may be filled with the use of
different machine learning and deep learning algorithm
approaches for all frailty models.

Conclusions

Understanding the survival probability of under-five chil-
dren and the associated risk factors is crucial for both
practitioners and researchers in sub-Saharan Africa
(sSA). This study emphasizes the significant impact of
various factors on under-five mortality across sSA. By
comparing semiparametric and parametric frailty mod-
els, we found that the exponential CPH model with
log-normal frailty provided the best fit, outperform-
ing the Cox CPH model, which did not account for the
frailty effects adequately. The inclusion of a frailty com-
ponent revealed unobserved heterogeneity in under-five
mortality risks across different districts. This approach
highlighted that children in some districts were at a sig-
nificantly higher or lower risk of dying, necessitating
district-specific interventions. Key risk factors identified
include maternal characteristics (age, educational status,
decision-making ability), household factors (place of resi-
dence, wealth index, media exposure, access to improved
water, clean cooking fuel, number of under-five chil-
dren), and child-level variables (birth order, birth inter-
val). These findings underscore the multifaceted nature
of under-five mortality and the importance of tailored
public health strategies. Interventions should priori-
tize improving maternal education, enhancing women’s
autonomy, and ensuring access to clean water and cook-
ing fuel. Additionally, focusing resources on high-risk
districts identified through frailty modelling can optimize
the effectiveness of public health strategies and reduce
regional disparities in child survival.

Finally, our findings suggest that addressing district-
level unobserved heterogeneity is crucial for understand-
ing under-five mortality disparities across the region. We
recommend that targeted interventions in high-risk dis-
tricts and countries, such as those identified in our frailty
models, can help reduce under-five mortality rates. Fur-
ther research should incorporate infrastructure and other
variables to provide a more comprehensive understand-
ing of the determinants of under-five mortality.
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