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Abstract

Progress toward the fourth Sustainable Development Goal (SDG) —reducing
child mortality under the age of five, to which all countries are committed—
has been slow in several Central African countries in recent years. This study
includes 2,886 observations from Burundi between 2019 and 2022. Early neo-
natal mortality (0-6 days) accounts for 50% of neonatal deaths in the country.
Using survival analysis, I identified several key risk factors—notably malaria
and fetal distress—as primary contributors to early neonatal mortality. Con-
trary to conventional wisdom, many of these health issues can be addressed
with cost-effective, evidence-based interventions that do not require sophisti-
cated skills or advanced technology, even in countries with high infant mor-
tality rates. Improving maternal health through adequate nutrition during
pregnancy, proper management of childbirth, and appropriate care of the
newborn could prevent up to 32.9% of infant deaths. These findings strongly
support the implementation of targeted prevention policies focused on the
mother-child pair—including better monitoring of pregnancies, ensuring
comprehensive vaccination coverage, and strengthening health infrastructure.
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1. Introduction

Maternal health in Burundi remains a critical concern, with alarmingly high
maternal, neonatal, and child mortality rates, significantly surpassing the targets
set by the Sustainable Development Goals. According to the 2021 report from
the Congress of the Obstetrics and Gynecology Association, the country has a

maternal mortality ratio of 334 deaths per 100,000 live births, a neonatal mor-
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tality rate of 23 per 1,000 live births, and an infant and child mortality rate of 78
per 1,000 live births (EDSB III 2016-2017). These high mortality rates are pri-
marily driven by complications during pregnancy, childbirth, and the postpar-
tum period. Burundi’s healthcare system is underdeveloped, grappling with lim-
ited resources, poverty, food insecurity, and inadequate access to healthcare,
particularly in rural areas. The country faces challenges such as insufficient in-
frastructure, a lack of trained healthcare professionals, and inadequate neonatal
care, including the shortage of essential equipment like incubators and resusci-
tation tools. Many women in rural areas also lack proper prenatal care, and tra-
ditional birth attendants often lack the skills to manage serious complications
during childbirth. In the same context, statistics collected by the WHO indicate
that approximately 830 women die every day worldwide due to complications
related to pregnancy or childbirth [1]. According to the same statistics, half of
these deaths occur in Sub-Saharan Africa. Following all these observations, the
following questions arise:

e “How can survival time for newborns be increased during the first four weeks

after birth?”
e “How do neonatal deaths evolve during the first four weeks after birth?”
e “Does the survival time of the newborn differ depending on whether the

mother was exposed to a disease before childbirth?”

2. Research Methodology

This research aims to model the time remaining before the death of a newborn,
presenting the relevance and interpretation of survival curves.

The survival analysis of patients relies on robust biostatistical techniques, such
as the Kaplan-Meier model or Cox regression. We focus on the occurrence of an
event over time, and in the case of death, this goal involves attempting to increase
the survival duration of patients (the newborns).

In practice, estimating the average survival times in hospitals proves impossible
in many situations, as it is rare to follow all patients until the event occurs. To
address this difficulty, survival analysis techniques have been developed [2].

For this purpose, a proportional hazards model (Cox Model) will be used,
which is a class of survival models in Statistics. Survival models relate the time
that elapses before an event occurs based on the survey data collected [3].

Survival analysis was performed using the R software, and SPSS software was

used for descriptive analysis.

3. Data Sources

The data from DHIS2 is used by the Ministry of Public Health and the Fight
Against AIDS of Burundi. This system is installed in all health centers across the
country, and the data is reported daily to the national server. The censoring in the

dataset was random.
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4. Choice of Variable

Statistics indicate that female babies are generally more resilient, while male ba-
bies face higher risks of death, as they are more susceptible to infections, according
to the WHO [1].

Approximately 830 women die each day worldwide due to complications re-
lated to pregnancy or childbirth. In 2015, 303,000 women died during or after
pregnancy, with the majority of these deaths occurring in low-income countries,
many of which could have been avoided. The risk of maternal mortality is higher
among adolescents under the age of 15. Pregnancy and childbirth complications
are among the leading causes of death among adolescents in most developing
countries, according to the WHO [1].

A well-known case study documenting the severe consequences of Plasmodium
falciparum malaria during pregnancy, particularly highlighting higher rates of
maternal anemia and low birth weight [4].

Fetal distress refers to signs before and during birth indicating that the fetus is
in trouble. It usually occurs when the fetus does not receive enough oxygen. Each
year, between 4 and 9 million newborns develop asphyxia. It is estimated that one
million newborns die annually from birth asphyxia in many developing countries,
with causes such as cord compression, placental abruption with retroplacental he-
matoma, and excessive uterine contractions [1].

The study concluded that gestational diabetes mellitus (GDM) is a condition
with profound effects on both maternal and fetal health. Women with GDM are
at increased risk of maternal anemia, and their infants are at higher risk for low
birth weight due to placental insufficiency. Poorly controlled glucose levels during
pregnancy increase the risk of pregnancy complications, including preterm birth,
neonatal hypoglycemia, and fetal distress [5].

A study titled “Maternal mortality and severe morbidity associated with low-
risk planned cesarean delivery versus planned vaginal delivery at term” [6], exam-
ined the risks associated with planned cesarean deliveries in low-risk women. The
study found that while the overall in-hospital maternal mortality rate was not sig-
nificantly different between the planned cesarean and planned vaginal delivery
groups, the planned cesarean group had an increased risk of severe maternal mor-
bidity, with an adjusted odds ratio of 3.1.

5. Survival Analysis
5.1. Survival Estimation: Kaplan-Meier Method

The survival curve is the most commonly used representation to describe the dy-
namics of death occurrences over time. It is a curve that represents the survival
rate S (the probability of surviving at least until time t) as a function of time. The
estimation of survival curves primarily uses the Kaplan-Meier technique 1, a non-
parametric method (Ze., one that does not use a model where the distribution of
survival durations is a function of time) in which an estimate of the survival prob-

ability is calculated at each occurrence of the event of interest (e.g., death). In the

DOI: 10.4236/0js.2025.152009

152 Open Journal of Statistics


https://doi.org/10.4236/ojs.2025.152009

C. Mugisha

Kaplan-Meier method, the observed participation time is divided into time inter-
vals, starting at the time when a death occurs and ending just before the next
death. Survival is estimated for each time interval, giving the curve a “staircase”

appearance [7].

5.2. Cox

The proportional hazards regression model proposed by Cox in 1972 to study the
relationship between the time to occurrence of an event (e.g., death) and a set of
explanatory variables (e.g., genes) has had a significant impact on survival data
analysis, both theoretically and practically, and has quickly become the most
widely used model. However, it assumes (like any multiple linear regression
model) that there are more observations than variables, complete data, and varia-
bles that are not strongly correlated with each other. These assumptions are often
impossible to meet in practice [8].

Cox’s semi-parametric regression (estimating the influence of exogenous fac-
tors without assumptions about the baseline distribution) is the standard method
for analyzing longitudinal data from cohort studies or clinical trials. The goal is to
model the logarithm of the instantaneous risk as a function of a set of explanatory
variables x that may change over time [8].

Inh(r,x) = BO(1) + Y BKXK (1)

k=0
I (t,x) = O(e) + X5
Equivalently:
h(t,x)= hO(t)eZ}c:oﬂka(t)
h(t,x)= ho(,)ew

The term hO0(t) is a baseline hazard independent of the explanatory factors of
the model. No assumption is made about the duration distribution, Ze., the form
of ho(t). As with a survival curve, two special variables are required to estimate
the Cox model: the follow-up times and the event indicator (whether or not the

event occurred).

6. Data Processing
6.1. Survival Curves by Sex of Newborns

We use the median time rather than the mean time here because as soon as some
of the observations are censored, we cannot calculate a mean time [7].
The Kaplan-Meier method shows the survival curve of infants over the 30 days
following birth, with a survival probability ranging from 0 to 1 (100%).
Additionally, the median time, which corresponds to a 50% survival chance, is
equal to 3 days, meaning that from the 3rd day, these newborns have a 50% chance
of dying within the next 30 days. Although very close, it is observed that the sur-

vival curve for female infants is higher than that for male infants.
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Figure 1. Survival curves by sex of newborns.

Figure 1 shows that among 1,278 female infants, 653 (51.09%) died, while 854
(53.10%) of the 1,608 male infants died. Do neonatal death rates differ signifi-
cantly based on the infant’s sex? We will now test whether this difference is statis-
tically significant. Hypotheses:

e HO: No difference in survival between the two studied groups, meaning neo-
natal deaths affect both girls and boys equally;
¢ Ha: Difference in survival between the two studied groups, meaning neonatal

deaths affect girls and boys differently.

Table 1. Sex of newborns.

N Observed Expected (O-E)A2/E (O-E)A2 /E
Sex =F 1278 653 3 2.05 4.64
Sex =M 1608 854 3 1.74 4.64

Chisq = 4.6 on 1 degrees of freedom, p = 0.03

Table 1 shows that the Chi-squared value is 4.6, with 1 degree of freedom (df),
and a p-value of 0.03, which is less than 0.05. Therefore, we reject the null hypoth-
esis (HO) at the 5% significance level. This indicates that boys are more affected

by neonatal mortality compared to girls.

6.2. Survival Curves of Newborns Based on Whether the Mothers
Have Malaria

Figure 2 shows that newborns of mothers not affected by malaria have a better
survival curve, indicating improved survival outcomes compared to those whose
mothers were affected by malaria. Furthermore, the median time is on the 2nd
day for newborns of mothers with malaria, and for mothers without malaria, the

median time for their newborns is on the 3rd day. However, the survival curve for
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newborns of mothers with malaria stops at the 23rd day, meaning that from the

23rd day these newborns have a 0% chance of survival.

Strata Mpalu=0 ~ Mpalu=1
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Time

Source: Analysis in R

Figure 2. Survival curves by malaria in mothers.

It is observed that a large majority of mothers (2609) were not sick with malaria,
and only a small minority of mothers (277) had malaria. Note that 1299, or 48.9%,
of newborns died among mothers who did not have malaria, while 208, or 75.1%,

died among mothers who were affected by malaria.

Table 2. Malaria in mothers.

N Observed  Expected (O-E)A2/E (O-E)A2/E
Malaria=0 2609 1299 1345 1.55 17.7
Malaria = 1 277 208 162 12.80 17.7

Chisq = 17.7 on 1 degrees of freedom, p = 3e-05

Table 2 shows that the Chi-squared = 17.7, df = 1, p-value = 3e-05 < 0.05, we
reject HO at 5%. There is a statistically significant difference in neonatal mortality
between newborns with mothers who have malaria and those whose mothers are

not sick.

6.3. Survival Curves of Newborns Based on Diabetic Mothers

Figure 3 shows that the median survival time for newborns of diabetic mothers is
between the 3rd and 4th days, while for mothers who are not diabetic, the median
time is 3 days. It is observed that newborns of diabetic mothers show a better sur-
vival curve until the 20th day because these women received quality medical fol-
low-up during their pregnancy. However, it is observed that the two survival
curves for newborns converge after the 20th day, but with a sharp drop at the 27th
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day for newborns of diabetic mothers, meaning that from the 27th day, these new-

borns have a 0% chance of survival.

Strata Diabete=0 ~+ Diabete=1
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Source: Analysis in R

Figure 3. Survival curves by diabetes in mothers.

It is observed that the vast majority of mothers (2835) did not suffer from dia-
betes, but a small minority of them (249) were diabetic. It is worth noting that
1385, or 52.2%, of newborns died among mothers without diabetes, and 122, or
49.0%, of deaths occurred among diabetic mothers. I will test whether this differ-

ence is significant or not.

Table 3. Diabetes in mothers.

N Observed  Expected (O-E)A\2/E (O-E)A\2/E
Diabetes = 0 2637 1385 1356 0.601 7.4
Diabetes = 1 249 122 151 5.415 7.4
Chisq = 7.4 on 1 degrees of freedom, p = 0.007

Table 3 shows that the Chi-squared = 7.4, df = 1, p-value = 0.007 < 0.05, we
reject HO at 5%. Therefore, there is a statistically significant difference in neonatal

deaths between newborns of diabetic and non-diabetic mothers.

6.4. Survival Curves of Newborns Based on Fetal Distress

Figure 4 shows that the median survival time corresponding to a 50% chance of
survival is 3 days for both groups, meaning that from the 3rd day these infants
have a 50% chance of dying within the 30 days. Although it is very close, we ob-
serve that the survival curve for fetuses without fetal distress is higher than that of

fetuses showing signs of fetal distress.
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Figure 4. Survival curves by fetal distress.

We observe that 1238 refers to the fetuses that showed signs of fetal distress,
and 700, or 56.5%, of the newborns died among them. While 807, or 49.0% of the

deaths among the 1648 newborns, showed no signs of fetal distress.

Table 4. Fetal Distress.

N Observed  Expected (O-E)A2/E (O-E)A2 /E
Fetaldistress =0 1648 861 861 3.37 9.2
Fetaldistress =1 1238 700 646 4.48 9.2
Chisq = 8.1 on 1 degrees of freedom, p = 0.002

Table 4 shows that the Chi-squared = 8.1, df = 1, p-value = 0.002 < 0.05, we
reject HO at 5%. There is a statistically significant difference in newborn deaths

between fetuses born with fetal distress and those born without it.

6.5. Survival Curves of Newborns According to Mothers Who
Received Fetal Iron Supplement

Figure 5 shows that the median survival time corresponding to a 50% chance of
survival is 3 days for both groups, meaning that from the 3rd day these infants
have a 50% chance of dying within the 30 days. Although it is very close, it is
noted that the survival curve for fetuses whose mothers received fetal iron sup-
plements is lower than that of fetuses whose mothers did not receive fetal iron
supplements from the 2nd day to the 15th day. Indeed, iron accumulates in the
body, and its excess can cause severe poisoning: joint pain, diabetes, heart dis-
orders, liver cirrhosis, and even colon and rectal cancers. However, from the
15th day to the 30th day, the two curves cross and therefore have the same sur-

vival probability.
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Figure 5. Survival curves according to maternal fetal iron supplement.

It is observed that the majority of mothers (2129) received iron supplements,
but only a small proportion (757, or 35.5%) did not receive them. It is worth not-
ing that 413, or 56.4% of the fetuses died among the mothers who did not receive
iron supplements, and 1094, or 51.4% of the deaths were recorded among the fe-

tuses whose mothers received iron supplements.

Table 5. Fetal iron.

N Observed  Expected (O-E)A2/E (O-E)A2/E
Fetal Iron = 0 757 413 444 2.205 3.85
Fetal Iron= 1 2129 1094 1063 4.48 3.85
Chisq = 8.1 on 1 degrees of freedom, p = 0.002

Table 5 shows that the Chi-squared = 3.9, df = 1, p-value = 0.05, we reject
HO at 5%. There is a statistically significant difference in newborn deaths be-
tween fetuses whose mothers received fetal iron supplementation and those who
did not.

6.6. Survival Curves According to the Type of Delivery

Figure 6 shows that the survival curves for cesarean and eutocic births are very
similar. However, we can see that the survival curve for newborns born by vacuum
or forceps is much higher than the cesarean and eutocic curves. The median time
corresponding to a 50% chance of survival is 3 days for newborns whose mothers
had a eutocic or cesarean delivery, meaning that from the 3rd day, these newborns

have a 50% chance of dying within 30 days. On the other hand, newborns born by
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Survival probability

vacuum or forceps have a median time of 6 days, meaning that from the 6th day,

these newborns have a 50% chance of dying.

Strata ~ Accouchement=Cesarienne =+ A b tocique = A b Ventous|Forceps
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Accouchement=Ventous|Forceps 320 12 8 0
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Time

Source: Analysis in R

Figure 6. Survival curves according to the type of delivery.

We have 741 newborns who were born by cesarean section, of which 48.9%
died. While 1065, or 58.4% of the newborns, died among the 1825 newborns who
were born eutocically. It should be noted that 80, or 25% of the deaths, were rec-

orded among the 320 newborns born by vacuum or forceps.

Table 6. Type of delivery.

N Observed Expected (O-E)A2/E (O -E)A2/E

Vacuum|Forceps =0 320 80 152 33.95 46.05
Caesarean = 1 741 362 342 1.21 1.91
Eutocic =2 1825 1065 1014 2.61 9.79

Chisq = 46.1 on 2 degrees of freedom, p = 1e-10

Table 6 shows that the Khi2 = 46.1, ddl = 2, the calculated probability = le-10
< 0.05, we reject HO at 5%. There is a statistically significant difference in deaths

according to the type of delivery used.

7. Estimation of the Cox model: Selection of Significant
Variables Using the Stepwise Procedure

First, we will focus on selecting the variables that should be included in our model
and those that do not need to be retained. To do this, I will use the Stepwise pro-
cedure, which also retests all variables (whether included or not in the model) at
each step and can re-enter or remove a variable that was previously removed or

entered but whose significance has changed.
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STEPWISE in R :

Model 1 :
Start : AIC=20592.11

Surv(dureeHop, statut) ~ Sexe + AgeM + Mpalu 4+ mpresentation + Vaccantitetanique +

Diabete + Accouchement + ProfessionMere + SitMat + Ferfoetale 4+ souffrance

Df AIC

mpresentation 1 20589
ProfessionMere 1 20589
Vaccantitetanique 1 20589
SitMat 1 20589
<none>> 20591
Sexe 1 20593
AgeM 1 20594
Ferfeetale 1 20595
souffrance 1 20599
Diabete 1 20599
Mpalu 1 20603
Accouchement 2 20640
Model 2 :

Step : AIC=20590.11

Surv(dureeHop, statut) ~ Sexe + AgeM + Mpalu 4+ Vaccantitetanique + Diabete 4
Accouchement + ProfessionMere + SitMat + Ferfoetale + souffrance

DE  AIC

ProfessionMere 1 20587
Vaccantitetanique 1 20587
SitMat 1 20587
<none 20589
Sexe 1 20591
AgeM 1 20592
Ferfeetale 1 20593
souffrance 1 20597
Diabete 1 20597
Mpalu 1 20601
Accouchement 2 20638
Model 3 :

Step : AIC=20588.2

Surv(dureeHop, statut) ~ Sexe + AgeM + Mpalu 4+ Vaccantitetanique
+Diabete + Accouchement + SitMat + Ferfoetale + souffrance

DE  AIC
Vaccantitetanique 1 20585
SitMat 1 20585
<none> 20587
Sexe 1 20589
AgeM 1 20590
Ferfeetale 1 20591
souffrance 1 20595
Diabete 1 20595
Mpalu 1 20600
Accouchement 2 20636
Model 4 :

Step : AIC=20586.41

Surv(dureeHop, statut) ~ Sexe + AgeM + Mpalu + Diabete + Accouchement + SitMat
Ferfoetale + souffrance

Df AIC

SitMat 1 20584
<none 20585
Sexe 1 20587
AgeM 1 20588
Ferfoetale 1 20590
souffrance 1 20593
Diabete 1 20593
Mpalu 1 20598
Accouchement 2 20634
Model 5 :

Step : AIC=20583.51

Surv(dureeHop, statut)~ Sexe + AgeM + Mpalu + Diabete + Accouchement +
Ferfoetale + souffrance

Df AIC
<none: 20584
Sexe 1 20585
AgeM 1 20587
Ferfeetale 1 20588
souffrance 1 20591
Diabete 1 20592
Mpalu 1 20596
Accouchement 2 20633

7.1. Partial Schoenfeld Residuals

e In a traditional linear regression model, residuals measure the difference be-
tween the observed values of the dependent variable and the values predicted
by the model;

e In the case of a Cox model, it is the instantaneous risk that is explained, and
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Beta(t) for Diabete  Beta(t) for Sexe

Beta(t) for Accouchement

the notion of residual does not make sense, because there is no way to calculate
a difference between observed and predicted values;

e Schoenfeld residuals primarily concern the covariates and not the instantane-
ous risk function;

e These residuals only concern uncensored cases. The Schoenfeld residual rep-
resents the deviation between the value taken by this covariate for an individ-
ual at the time of the event’s occurrence and the mean of this covariate among

all individuals exposed to the risk at that moment.

Global Schoenfeld Test p: 0.6907
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Source: Analysis in R

Figure 7. Survival curves according to the type of delivery.

Figure 7 shows that the residuals are normally distributed around 0 for each
variable, indicating that the data follows a normal distribution. However, the evo-
lution of the Schoenfeld residuals over time did not allow for a graphical verifica-
tion of the proportional hazards assumption for the variables in this model, as the
proportionality of the hazards over time is difficult to see on the survival curve
(survival rate S(t) versus time). More simply, it is often considered that as long as
the survival curves from different groups do not cross, the proportional hazards

assumption is “acceptable”.

Test of Residuals :

chisq df P

Sex 0.0529 1 0.818
AgeM 0.0968 1 0.756
Mpalu 09119 1 0.340
Diabetes  0.5006 1 0.479
Folate 0.1161 1 0.733
Suffering  2.8490 1 0.091
Delivery 1.1863 2 0.553
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Residuals (type = dfbeta)

A variation in risk over time can lead to contradictory conclusions [7]. The
function cox.zph allows testing whether the condition of independence of the
explanatory variables X7 over time is met. In my case, a p-value less than 5%
indicatesand text heads. That the hypothesis of independence of the explana-
tory variables over time is not verified. It appears that p is greater than 5%
(0.69 > 0.05) overall and for each variable individually, so the hypothesis of in-
dependence of the explanatory variables over time is verified. Therefore, my

model is valid.

7.2. Test of Influential Observations

To test for influential observations or outliers, I can visualize either:
e The deviance residuals or;
e The dfbeta values.

By specifying the argument type = “dfbeta”, we trace the estimated changes in
the regression coefficients when each observation is removed one at a time; simi-
larly, type = “dfbetas” produces the estimated changes in the coefficients divided

by their standard errors.
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Figure 8. Representation of influential observations.

The index plots above (Figure 8) show that the comparison of the amplitudes of
the largest dfbeta values with the regression coefficients suggests that none of the

observations are particularly influential individually, even though some dfbeta val-
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ues for delivery (amplitudes between 0.02 and —0.01) and diabetes (amplitudes be-
tween 0.009 and —0.02) are important compared to others. It is also possible to check
outliers by visualizing the deviance residuals. The deviance residual is a normalized
transformation of the martingale residual. These residuals should be approximately

symmetrically distributed around zero with a standard deviation of 1.
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Figure 9. Representation of deviance residuals.

1) Positive values correspond to individuals “who died too early” compared to
the expected survival durations;

2) Negative values correspond to individuals who “lived too long”;

3) Very large or small values are outliers, poorly predicted by the model.

The deviance residuals of the model appear quite symmetric around 0 in Figure
9.

7.3. Martingale Residuals

In the Cox model, the relationship between instantaneous risk and covariates is log-
linear. Often, it is assumed that continuous covariates have a linear form. However,
this assumption should be verified. Plotting the martingale residuals against the ex-
planatory variables included in the model can be used to indicate whether certain
variables need to be transformed before being incorporated into the model. To do
this, a smoothed curve is added over the points obtained. The functional form is
then suggested by the shape of the smoothed curve. Thus, a slow growth of the curve
suggests a logarithmic or root transformation. Conversely, a rapid growth suggests
a power transformation with a power greater than 1 [8].

The fitted line has a flatter function; it is linear to satisfy the assumptions of the
Cox proportional hazards model. The martingale residuals are therefore linear

(Figure 9).
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Figure 10. Model visualization and interpretation.

7.4. Model Visualization and Interpretation

Figure 11 shows that the survival probability is highest at the beginning of the
cycle, but the risk of death increases with the duration of hospitalization. The es-
timated model indicates that the median time for a 50% survival chance within
the 30-day period is 4 days. This probability is reached on the 4th day because
nearly half of the newborns die before this time, due to factors such as hypother-
mia (body temperature below 35°C), hypoglycemia (abnormal drop in blood
sugar from insufficient breastfeeding), fetal infections, and other complications.

By day 30, the survival probability of newborns drops to less than 10%.
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Figure 11. Survival curve from the final model.
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n= 2886, number of events= 1507

coef exp(coef) se(coef) z Pr(>|z])
SexM 0.102790 1.108259 0.052083 1.974 0.04843 *
AgeMl -0.009108 0.990934 0.003865 -2.356 0.01847 *
Mpalu 0.299596 1.349314 0.075173 3.985 6.74e-05 ***
Diabetes -0.294842 0.744649 0.094889 -3.107 0.00189 **
Fetal Folate 0.150444 1.162351 0.058376 2.577 0.00996 **
Suffering 0.163092 1.177144 0.051869 3.144 0.00166 **
Eutocic Delivery -0.0007 796 0.9992207 0.0611545 -0.013 0.98983
Forceps|Vacuum Delivery  -0.7510318  0.4T18794  0.1237277 -6.070 1.28e-09 ***

Signif. codes : 0 “*¥*¥' 0,001 “*** 0.01 “* 0.05 0.1 71
exp(coef) exp(-coef) lower .93  upper .95

SexM 1.1083 0.9023 1.0007 1.2274
AgeM 0.9909 1.0091 0.9835 0.9985
Mpalu 1.3493 0.7411 1.1645 1.5635
Diabetes 0.7446 1.3429 0.6183 0.8969
Fetal Folate 1.1624 0.8603 1.0367 1.3032
Suffering 1.1771 0.8495 1.0634 1.3031
Eutocic Delivery 0.9992 1.0008 0.8864 1.1265
Forceps|Vacuum Delivery 0.4719 2.1192 0.3703 0.6014

Concordance= 0.584 (se = 0.01 )

Likelihood ratio test= 103.6 on 8 df, p=<2e-16
Wald test = 93.52 on 8 df, p=<2e-16

Score (logrank) test = 95.94 on 8 df, p=<2e-16

Estimated model:

h (t x[) _ 604 10SexM -0.009 AgeM -0.29 Diabetes+0.29 Mpalu+0.15 FetalFolate+0.16 Suffering -0.75VacuumForceps
s =

The model is globally significant (Wald statistic of 93.52 with a p-value of 2e-
16 < 0.05). The Concordance = 0.584, meaning a concordance of 58.4%. This per-
centage also helps verify the model’s strength, indicating that it is correct 58.4%
of the time. In other words, the predictions from this model align with reality
58.4% of the time.

Likelihood ratio test = 103.6, this value can roughly be interpreted as the dis-
tance between the predictions made by this model and the observations. However,
this value alone doesn’t tell us much but is useful as a reference for judging the
contribution of explanatory factors introduced later.

We see that the estimated effect of the child’s sex has a logarithmic hazard ratio
B equal to 0.102790. Since its coefficient is positive, higher risks are associated with
male infants. In other words, at any given moment in time, the risk of death for
male infants is over 10% higher than for female infants, as they are more prone to
infections. Very significant and negative (p = —0.009108), the mother’s age coef-
ficient reduces the risk of death for newborns, meaning that regardless of time t,
each additional. Year of life for the mother decreases the overall risk of newborn
death by a factor of 0.990934 (1%) per year.

For malaria, significant at the 5% level (6.74e-05 < 0.05), the value 1.349314
indicates that at any given time, newborns of mothers with malaria are estimated
to have a 34.9% higher risk of death compared to newborns of mothers without
malaria.

Although significant (0.00996 < 0.05), the fetal iron supplementation for moth-
ers, at any moment during the first 4 weeks after birth, increases the risk of death
for newborns by a factor of 1.162351, meaning the risk of death for newborns
whose mothers received iron supplementation is 16% higher than for those whose
mothers did not receive this treatment. In fact, iron accumulates in the body, and

its excess can lead to severe poisoning: joint pain, diabetes, heart issues, liver cir-
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rhosis, and even colon and rectum cancers.

Significant at the 5% level (0.00166 < 0.05), the effect of fetal distress in new-
borns, at any time, increases the risk of death for newborns by a factor of 1.177144,
about 17.7% higher risk of death for distressed newborns. Also significant at the
5% level (0.00189 < 0.05), the effect of diabetes in mothers, at any time, reduces
the risk of death for newborns by a factor of 0.744649, meaning the neonatal mor-
tality risk in the group of diabetic mothers is 0.74 times lower than in the group
of non-diabetic mothers. Since diabetic mothers and their children receive high-
quality medical care (prenatal care), this contributes to reducing the risk of death.

Vaginal delivery (eutocic) is found to be non-significant in my model and has
no effect on the neonatal death risk. However, assisted delivery by vacuum or for-
ceps is significant at the 5% level (1.28e-09 < 0.05), and the value 0.4718794 indi-
cates that at any time, newborns born via assisted delivery with vacuum or forceps

have a 52.8% lower risk of death than newborns born via caesarean section.

8. General Conclusion and Discussion of Results
8.1. Iron Supplementation and Mortality Risk

The study challenges the common belief that iron is crucial for neonatal health by
suggesting that iron supplementation may actually increase the risk of neonatal
mortality. This discrepancy could be due to a range of factors, such as the dosage
of iron, the timing of supplementation, and underlying comorbidities, which may
contribute to negative outcomes, including iron toxicity. The risk of iron overload
is a well-established concern, particularly for newborns, and studies provide ad-
ditional evidence supporting this hypothesis [9].

One study emphasized that excessive iron intake can lead to oxidative stress and
damage to vital organs, which may have severe consequences for neonates, par-
ticularly in regions where healthcare monitoring is inadequate. Another study
similarly found that iron overload can impair antioxidant defenses in neonates,
increasing susceptibility to various infections and diseases, thereby negatively af-
fecting survival. On the other hand, several studies have highlighted the im-
portance of iron supplementation in preventing iron deficiency anemia, one of
the leading causes of poor neonatal health outcomes. Other studies demonstrated
that iron supplementation helps reduce the risks of preterm birth, low birth
weight, and developmental delays when properly administered. This indicates that
the timing, dosage, and method of supplementation are key factors in determining

whether iron supplementation is beneficial or harmful.

8.2. The Protective Effect of Diabetic Mothers

The finding that maternal diabetes may offer a protective effect for neonatal out-
comes is intriguing but likely reflects the quality of prenatal care received rather
than a direct protective benefit of the condition itself. As the study suggests, more
intensive prenatal care for diabetic mothers could lead to better neonatal out-

comes, skewing results and potentially leading to a false assumption of protection.
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Studies like those by Schoenleber et al and Radaelli e al have shown that better
management of maternal diabetes, through blood glucose control and close mon-
itoring, can reduce the risks of neonatal complications. However, they also cau-
tion that the underlying risks of maternal diabetes—such as preterm birth, mac-
rosomia (large birth weight), and fetal hypoglycemia—remain significant despite
improved care. This suggests that while intensive prenatal care can improve out-

comes, diabetes itself is not inherently protective.

8.3. Malaria and Neonatal Mortality

The study also highlights the well-documented link between maternal malaria and
increased neonatal mortality. Malaria is a leading cause of neonatal death, espe-
cially in sub-Saharan Africa, due to its association with preterm birth, low birth
weight, and intrauterine growth restriction. This finding is consistent with studies
by Mwakagile et al. and Akinmoladun et al, which reported higher rates of neo-
natal mortality in malaria-endemic regions. Mwakagile noted that maternal ma-
laria during pregnancy significantly impairs placental function, leading to poor
fetal development and increased susceptibility to infections after birth. This rein-
forces the need for malaria prevention and treatment interventions to reduce ne-

onatal mortality in malaria-endemic areas.

8.4. Caesarean Delivery and Neonatal Mortality

Perhaps one of the most surprising findings is that caesarean sections, generally
considered protective for neonatal health by preventing complications associated
with vaginal delivery, appear to increase the risk of neonatal mortality in this
study. While caesarean sections are essential in cases of obstructed labor, fetal dis-
tress, or other complications, unnecessary or non-medically indicated caesarean
sections can be associated with increased neonatal risks. Research by Guise et al.
and Barros et al. supports this concern, showing that elective caesarean deliveries
in low-risk pregnancies may expose newborns to greater respiratory complica-
tions, infections, or longer recovery times, particularly in settings with limited ac-
cess to specialized neonatal care. It’s also important to consider that caesareans
are often performed in higher-risk pregnancies, which may inherently carry a
higher risk of adverse neonatal outcomes. This suggests that the apparent increase
in neonatal mortality may be linked to factors such as underlying maternal health
conditions, complications during pregnancy, or the context in which the caesar-

ean is performed.

8.5. Data Limitations and Implications for Policy

A significant limitation of the study, as acknowledged by the authors, is the reli-
ance on retrospective data, which may introduce biases due to inaccurate or in-
complete records. Retrospective studies, particularly those relying on administra-
tive data from systems like DHIS2, are susceptible to data entry errors, inconsist-

encies in reporting, and lack of standardized monitoring. These issues could un-

DOI: 10.4236/0js.2025.152009

167 Open Journal of Statistics


https://doi.org/10.4236/ojs.2025.152009

C. Mugisha

dermine the validity of the findings, as seen in previous studies examining mater-
nal and neonatal outcomes based on administrative records. Future prospective
studies with more rigorous data collection and standardization could provide
more reliable insights into the relationships between iron supplementation, ma-
ternal health conditions, and neonatal outcomes.

From a policy perspective, the study advocates for improving prenatal and post-
natal care, with a focus on providing effective interventions, such as iron supple-
mentation and malaria prevention, tailored to the specific needs of mothers and
newborns. Addressing the quality of healthcare services, expanding access to care,
and ensuring accurate data collection should be central to policies aimed at reduc-
ing neonatal mortality, particularly in low-resource settings. Additionally,
strengthening surveillance during pregnancy and the postpartum period, as well
as ensuring high-quality neonatal care in the first days of life, could significantly

improve survival rates.

9. Conclusion

In summary, while this study offers important insights into the factors affecting
neonatal mortality, including the role of iron supplementation, caesarean deliv-
ery, and maternal diabetes, it also underscores the complexity of neonatal health
outcomes. Further research is needed to clarify the causality of these associations,
especially with respect to the timing and dosage of interventions like iron supple-
mentation, the true impact of maternal health conditions, and the consequences
of caesarean deliveries. The study also highlights the need for improved data ac-
curacy and healthcare policies that prioritize equitable access to high-quality pre-

natal, delivery, and neonatal care, particularly in resource-limited settings.
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