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Abstract

Neonatal mortality continues to be a significant public health problem, especially in low and middle-income countries, where improvements
in neonatal mortality have been slower than progress in overall child survival. Logistic regression has been applied in the past to determine
the factors associated with neonatal mortality from the Demographic and Health Survey (DHS) data, but machine learning techniques
have been gaining popularity as alternative methods for predictive modelling. Evidence comparing these approaches based on nationally
representative household survey data, however, is limited, especially when considering the case of severe class imbalance. This study
evaluated alternative strategies to address class imbalance and examined the effect of outcome-endogenous predictors to compare the
predictive performance of logistic regression, random forest and gradient boosting classifiers with respect to the prediction of neonatal
mortality. Secondary analysis was performed with data from 18,978 live births with 422 neonatal deaths (2.22%) and 27 predictors related
to the mother, household, and child. The data were split with stratified sampling into training set (75%) and testing set (25%). Three
strategies of handling imbalanced data were used in this study: baseline (no adjustment), class weighting, and Synthetic Minority Over-
sampling Technique (SMOTE). The area under the receiver operating characteristic curve (ROC-AUC), the area under the precision-recall
curve (PR-AUC), the sensitivity, the specificity, the precision, the F1 score, the calibration curve and the permutation feature importance
were used to assess model performance. Class-weighted gradient boosting had the best overall predictive performance (ROC-AUC =
0.921, PR-AUC = 0.311, sensitivity = 83.0%) and logistic regression had similar discrimination ability but was easier to interpret (ROC-
AUC = 0.920). Explicitly dealing with class imbalance significantly outperformed unadjusted models for sensitivity across all of the
algorithms. The number of living children under five years, number of births in the last five years and gestation length were the most
important variables identified by the feature importance analysis. When the mechanically outcome-related predictor, "number of living
children under 5 years," was removed, the ROC-AUC dropped from 0.921 to 0.700, suggesting that a significant amount of the apparent
predictive performance was due to information leakage and not to the predictor itself. These results show that the solution for class
imbalance problem is more important than using different classification methods, and emphasize the importance of selecting predictors
for temporal and definitional relationship with the outcome. The study gives methodological directions for creating accurate predictions
to neonatal mortality and other rare health phenomena based on survey data nationally representative.

Background of the Study

The neonatal period (first 28 completed days of life) is still one
of the biggest challenges in global child health [1]. While the
overall under-five mortality rate has declined significantly in the
world since 1990, progress against neonatal mortality has not
been as rapid as that against post-neonatal and child mortality,
and in recent years the burden of neonatal mortality has risen.
This change is consistent with a simple epidemiological fact:

post-neonatal deaths are driven by infections and nutrition,
and can be addressed relatively rapidly by community-based
interventions like immunization, oral rehydration, and control
of vectors, while neonatal deaths are driven by intrapartum
complications, prematurity, and severe infection, and require
timely, more intensive clinical care around the time of birth.
Consequently, the neonatal period is now the biggest and most
persistent cause of under-five mortality, and the Sustainable
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Development Goal (SDG) target of 12 or fewer neonatal deaths
per 1,000 live births in all countries by 2030 has been set [2].

Kenya is a case in point of the scale and complexity of the
challenge. Though the country has experienced significant
advances in under five survival over the last two decades, the
neonatal deaths remain the largest and highest proportion of under
five deaths, and successive rounds of the Kenya Demographic
and Health Survey (KDHS) have consistently identified the
same set of demographic and socioeconomic factors as being
associated with increased neonatal risk: maternal age, birth
order, birth interval, multiple births, household wealth, maternal
education and place of residence. The results are consistent
with the general sub-Saharan African body of literature which
also points to low socioeconomic status, high parity, low birth
interval and poor access to skilled birth attendance as being
common risk factors. There are three gaps identified in this
review. First, although comparisons between machine learning
and logistic regression are common for clinical data on higher
prevalence neonatal mortality, such comparisons in lower
prevalence, population-representative household survey data are
much less prevalent and are limited to the type of data collected
by DHS programs and analysed in this work. Second, while
many remedies have been developed in the literature for the class
imbalance issue, few neonatal mortality studies compare these
remedies explicitly and side by side on a common evaluation
set, nor do they justify or compare them in order to select the
most appropriate remedy. Third, there is a lack of quantitative
demonstration, to the authors' knowledge, in the Kenyan or sub-
Saharan African DHS-based neonatal mortality literature, of
the risk of outcome-endogenous predictors distorting predictive
performance, these being highly common in the DHS literature
on neonatal mortality. This study aims to fill in all three gaps in
a coherent and integrated analytical framework.

This classic problem has been studied extensively and is
motivated by two developments. First, the coded birth-history
datasets produced by national household surveys, including
18,978 live births and 27 candidate predictors, are of the type
analyzed in this study, and are well suited to modern predictive
modeling techniques beyond the multivariable or multilevel
logistic regression that has traditionally dominated this literature.
Second, machine learning techniques like random forest and
gradient boosting have been used more and more in clinical,
facility based neonatal mortality data, usually in conjunction
with logistic regression as a benchmark, but have not been
widely used or tested in nationally representative household
survey data, like the data produced by DHS programs, and with
the rigor required in terms of class balance. This study directly
tackles that gap, by testing a large birth-history extract against
both classical and machine learning methods of predicting
neonatal mortality under a severe class imbalance inherent in
any rare, population-level health outcome.

In Kenya, and in much of sub-Saharan Africa, neonatal mortality
rates are far greater than the SDG goals and conventional
(multivariable or multilevel) logistic regression has been
used extensively with DHS birth-history data to describe the
demographic and socioeconomic factors associated with neonatal
death [3]. This body of work has been helpful in determining
those factors that are statistically significant and identifying

adjusted odds ratios, but there are three related limitations that
need to be addressed by the present study.

Second, in conventional regression-based studies, models are
not typically compared with more recent predictive algorithms
that have the ability to model non-linear relationships and
interactions among predictors without the analyst needing to
specify them a priori, so it is not known, for data on neonatal
mortality from households surveys as opposed to clinical
settings, whether tree-based ensembles like random forest and
gradient boosting meaningfully outperform logistic regression
or whether, as some clinical comparisons have suggested, a
well-specified logistic regression can be competitive.

Second, the neonatal death prevalence rate characteristic of most
population-based survey data (2.22% neonatal death prevalence,
as compared to higher-risk cohorts of neonates in clinical NICUs,
where the prevalence of neonatal deaths is often in the range of
10-100%) results in a large class imbalance that is not explicitly
considered in most existing DHS-based regression studies.
Fitting without balancing the data for the overall accuracy of
the model might result in a substantial underestimation of the
proportion of true deaths that is not identified by the model, and
thus in a low performance rating of the model, while the overall
accuracy appears good.

Third, and most importantly when considering the fit of any
model to this type of birth-history data, several common survey
variables are mechanically related to the outcome of the neonatal
death itself (most importantly, the number of surviving children
under 5 years of age recorded at the time of the survey). A model
of this type can seem very predictive, and if they are included
without critical examination, they may be a definitional artefact
and not a true actionable risk factor. This leads to credible
risk that the results of well-conceived studies may mislead the
research community and policy-makers as to what is actually
predictive.

This study thus sought to address the problem of comparing
classical and machine learning classifiers in the context of a rare
event outcome using survey-based neonatal mortality data, the
evaluation and comparison of explicit strategies for handling
data imbalance in that comparison, and the scrutiny of the set
of candidate predictors for outcome-endogenous predictors that
might impact predictive performance as well as substantive
interpretation of feature importance. Unaddressed, these gaps
will reduce the confidence and usefulness of predictive models
based on neonatal outcomes from DHS.

Literature Review

Maternal age at birth, maternal education, household wealth,
parity, birth interval, multiple pregnancy, birth order and place
of delivery have been consistently shown to be predictive of
early neonatal death through pooled analyses of Demographic
and Health Survey data across multiple sub-Saharan African
countries, often using multilevel logistic regression to account for
the hierarchical clustering of births within mothers, households,
and survey clusters [4]. Evidence review studies in the low and
middle-income countries have also identified short intervals
between births (specifically less than 18-24 months), extremes
of maternal age, low household food security, low birth weight,
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unimproved sanitation, rural living and low human development
and literacy rates as consistent correlates of infant and neonatal
mortality, with significantly different pooled risk estimates for
regions; the highest are found for West Africa and South Asia.

The determinants of neonatal mortality were analysed across
successive rounds of Kenya Demographic and Health Survey.
At the bivariate level, maternal work status, household wealth
index, birth weight, birth interval and perceived size at birth
were significant factors associated with neonatal mortality,
and maternal work status, wealth index, birth weight and size
of the baby remained significant in adjusted regression models
in the analysis of the 2008/09 KDHS round [5]. A subsequent
study of 18,951 births with 356 neonatal deaths in a reference
period very similar to that used in this study (1998-2013) found
that low birth weight was linked to over three times the odds
of a neonatal death (18,978 births and 422 neonatal deaths
analyzed here). Geographical and temporal variation in neonatal
mortality by county has been modeled, and additional covariates
have been identified using 9-county subnational analyses that
combine KDHS and routine health information system data,
and are modeled using multilevel logistic regression. A machine
learning analysis of the 2022 KDHS, explicitly recommending
the inclusion of family planning programs to lower infant
mortality rates by decreasing the number of young children per
house and the number of births per woman in the last 5 years,
highlighted short birth intervals, multiple births, second birth
order, poor and middle wealth quintiles, unimproved toilet
facilities, and extremes of maternal age as significant predictors;
a recommendation that, when combined with the endogeneity
concern, underscores the need for careful distinction between
variables that are actually modifiable risk factors and those that
are a definitional consequence of the outcome being studied [6].

The application of machine learning classifiers to the prediction
of neonatal and infant mortality has been gaining momentum,
with most of the studies using clinical, facility-based (usually
NICU) data in which event rates are higher and strong clinical
predictors such as birth weight, gestational age and Apgar score
are available [7,8]. Five machine learning models were compared
in a population based study that used 33 predictors ranging from
birth facility to prenatal care, pregnancy history, and newborn
characteristics, to predict infant death, with a gradient boosting
model (XGBoost) providing the highest discrimination (area
under the ROC curve 0.93, average precision 0.55), as compared
with random forest (AUC 0.88); a simple model of just four of
these highly predictive clinical variables (gestational age, birth
weight, 5-minute Apgar score, and number of prenatal visits)
had only modestly lower discrimination (AUC 0.91) than the
full 33-variable model (AUC 0.93), indicating that predictive
power tends to be highly concentrated among a small number of
good clinical variables in that setting.

Five teams of neonatologists used logistic regression, CatBoost,
random forest, XGBoost, and neural networks to model the
same dataset of more than 6,000 NICU admissions, and a
modelled audience vote before the models were released showed
that an audience-favored CNN was not the best discriminator
on the held-out test set, but that logistic regression is a strong,
interpretable benchmark that does not need to be as complex [2].

Similar results were seen in a comparison of logistic regression
with artificial neural network, random forest and support vector
machines models, using 11 neonatal and maternal clinical
predictors in a study of 7,472 very-low-birth-weight infants in a
nationwide Korean neonatal network, which again underscored
the importance of the algorithm but in this study, discrimination
was similar between the artificial neural networks and the
random forest models and worse for the support vector machines
models. Several machine learning models, such as random
forest and variants of neural networks, were also compared with
logistic regression in predicting bronchopulmonary dysplasia or
death, and similarly exhibited suboptimal calibration (even if
they had similar discrimination), a result that is pertinent to the
calibration analysis of the current study [9].

A systematic review of studies using machine learning to tackle
neonatal mortality revealed that most frequently used algorithms
included neural networks, random forest and logistic regression,
and reported varying levels of performance, influenced by the
specific characteristics of the data used, including sample size,
how missing data were handled, and data collection period
and context [10,2]. None of the studies reviewed, however,
covered a class imbalance as severe as the 2.22% incidence of
the population sample in the present study; most of the studies
were conducted in the NICU, where the populations admitted
are generally at higher risk, with significantly higher mortality
rates, and so mortality is a less salient concern that motivates
much of the methodology of the present study.

Materials and Methods

The study uses a quantitative, cross-sectional, secondary analysis
of retrospective birth histories in a national representative,
household and maternal health survey of Demographic
and Health Survey (DHS) type. The design includes two
complementary statistical approaches: (a) inferential analysis
(bivariate chi-square tests of association and analytic (Wald)
standard errors) with the aim of testing hypotheses on which
predictors are significantly associated with neonatal mortality;
and (b) predictive modeling and algorithm comparison (a train/
test evaluation protocol, with logistic regression versus two
machine learning classifiers, under three classification problems
scenarios of the presence of class imbalance). This integrated
design enables the study to investigate both types of research
questions (explanatory and predictive) and to examine how
well and in what way survey information can accurately predict
neonatal death, while simultaneously providing answers to the
explanatory research questions of what factors are associated
with neonatal death and how strongly.

The study adopts a pre-coded, anonymized birth-history extract
from 18,978 live births, a binary predictor for neonatal survival,
and 27 potential predictor variables. The structure of the
extract, such as the treatment of its coding scheme, the category
definitions and sample size, follows the standard format of DHS
birth-recode construction where each row is the birth history of
1 live birth for the 5 years prior to the survey. The observed
neonatal death count and prevalence in this extract (422 deaths,
2.22%) are similar to published analyses of the 2014 KDHS
birth recode (18,951 births, 356 deaths, 1.88%), reinforcing
the face validity of this extract as a true and authentic national
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data source, rather than a synthetic or convenience sample. No
additional primary data was collected; this is secondary statistical
analysis of available and identified survey data. The minimum
sample size n to estimate this neonatal death proportion p within
a margin of error e at 95% confidence can be checked against the
Cochran formula:

n=— o M

where Z = 1.96 for a 95% confidence level. Additionally, it is
found that the sample size no = 3,300 is sufficiently large to
estimate the neonatal mortality rate accurately, and that those
18,978 births can be appropriately subdivided for a train/
test partition, as shown by the calculation of no. The outcome
variable is a binary variable that takes the value 1 if the index
birth dies within the first 28 days after birth and 0 if it survives
and is interviewed or is outside the neonatal period, whichever
comes first:

Y, =1if neonateidied within 28 days of birth

i Bemouul(pi) B { Y, =0otherwise (2

The status variable was recoded from the source variable “status”
(coded 1 = alive, 0 = dead) to ensure that 1 always indicates the
event of interest (death) when used throughout the modelling
process, consistent with the usual coding convention used for
binary classification.

Predictor variables

Atotal of 27 candidate predictors were selected and grouped into
four conceptual categories following the theoretical framework
proposed in the literature by Mosley-Chen.

Table 1: Predictor Variables Grouped by Conceptual Category

Group Variables
Reproductive Age at first birth; birth order; preceding
history birth interval; pregnancy losses; ever had
(proximate/ a terminated pregnancy; multiple birth

status; number of births in the last five
years; gestation length (months)

maternal factors)

Household & Wealth index quintile; household floor

socioeconomic | material; household toilet facility;

context (distal drinking water source; cooking fuel; radio

factors) listening frequency; place of residence
(urban/rural); province

Maternal & Mother's age; mother's education;

household-head | mother's occupation status; union status;

characteristics sex of household head; religion

Child & birth Sex of child; day of birth (within month);

characteristics number of living children under five in the

household; mosquito net use

All predictors were coded in pre-coded categorical or ordinal

missing data, as there were no missing values in the predictor
variable(s) used in the extract.

Data Preparation

The variable names were transformed into descriptive labels
appropriate for the analyses and the outcome variable was
recoded. Two parallel feature representations have been
constructed using the same data. The nominal categorical
predictor had c levels: (c - 1) binary indicator (dummy) variables
were used (with the omitted reference level j = 0):

X, =1if variable X takes level j for observayioni

X, =0otherwise

This type of reference category coding is useful in avoiding the
dummy variable problem (perfect collinearity with the intercept)
and in estimating a log-odds effect of each non-reference category
in comparison to the reference category. As is typical for tree-based
classifiers, the random forest model and the gradient boosting
model did not use the dummy coding of the features, but instead
kept the original ordinal/integer coding of the features (as opposed
to dummy coding) because these classifiers split on the raw values
of the features using threshold cuts. There were no continuous
variables that needed to be scaled and all three algorithms did not
need input scaling to be estimated correctly because all predictors
were categorical or small range ordinal counts.

Data Partitioning

Stratified sampling was used to randomly divide the entire
sample of N = 18,978 births into a training set and a held-out test
set, with the death prevalence m = 422/18,978 = 0.0222 being
preserved (within stratified sampling precision) in both sets.

n_.=0.75N=14,233,n _ = 0.25 N=4,745
The death rate was found to be consistent across the partitions as
evidenced by the number of deaths 422 in the sample, which was
split into two partitions: 316 and 106 deaths, respectively, within
0.75 x 422 = 316.5 and 0.25 x 422 = 105.5 of the sample size,
respectively. All imbalance-handling strategies were used only
on the training partition and the test partition was not resampled,
reweighted, or otherwise changed from its original setup, so that
reported performance statistics are based on the true, real-world
class distribution. A single fixed random seed was used for the
entire process of partition and all subsequent model fits to ensure
exactly the same partition and model fits every time.

Logistic regression

Logistic regression models the conditional probability that
neonate i dies, pi = P(Yi =1 Xi), via the logistic (sigmoid) link
function applied to a linear predictor:

Equivalently, the model is linear in the log-odds (logit) of death:

. D; _
integer form (coded 0-3 for no education through higher 108i(P.)= b{l—p. j =Byt BXyt B+t Xy (3)
education for mother's education or coded 1-5 for poorest ) L
thr(?ugh richest for the wealth index) as is c.omrpon Wlth DHS  pi= m,ni =L, +LX, +5,X,+ -+ B X, @)
variables. No cases would be lost due to listwise deletion or p=n,
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where Xi,..., Xk are the dummy-coded predictor values for
observation i. The coefficient vector B=p,B,,...,B, is estimated
by maximum likelihood: since each Y; is Bernoulli(p,), the
likelihood of the observed training data is

L(p)= H pa-p)"" “)
1(8)= 310, In(p)+ (1= 1)1~ p))] o)

and [J'is obtained by maximizing the log-likelihood, numerically,
via iteratively reweighted least squares (equivalently Newton-
Raphson on 1(B)), since no closed-form solution exists for
logistic MLE. The odds ratio for each prediction is interpreted
as the multiplicative change in the odds of a neonatal death that
would result from a one-unit (or 1 level) change in predictor j
while holding all other predictors constant. Logistic regression
was used in two ways in this study: as one of the three predictive
classifiers tested on the test set, and as a baseline model without
weights in the unweighted form to which the odds ratios,
standard errors, and hypothesis tests of individual predictors
were calculated.

Random Forest

Random forest is an ensemble learning method that builds B
classification trees, independently trained on a different bootstrap
sample of the training data, and using only a random sample
of predictors during each candidate split. Each individual tree
splits a node by selecting the predictor and threshold that cause
the largest decrease in Gini impurity, which for a node t with
observed class proportions p, (t) (survival) and p, (t) (death) is
defined as:

Gini(t)=1-p, (t/*-p, (t>=2p, (1) p, (t) (6)

A candidate split into child nodes t, and t, is chosen to maximize
the impurity reduction:

AGini = Gini(t) ~[2% Gini(t, ) + 2% Gini(t,)] ©.1)
n n

t t

where n_ is the number of observations in the parent node, n, the
number of observations in the left node, and n, the number of
observations in the right node.

The forest generates a predicted probability for each observation
(predicted probability p,*), a bagging, or bootstrap-aggregating,
procedure that will benefit the forest by bringing down the
variance of any single tree, while preserving the ability of
trees to capture non-linear relationships or interactions without
prespecification:

1 i;(b)
= i 7
B4 (7

~RF
P

In this study, a random forest of B = 500 trees with a maximum
depth of 8 was fit to the numeric-coded training data, with each

split considering a random subset of Vk candidate predictors,
following the standard default for classification forests.

Gradient boosting

Gradient boosting is an ensemble approach that trains a series of
M shallow decision trees, each tree being trained to the negative
gradient (functional residual) of a given loss function applied
to the ensemble's prediction at the time of training. In binary
classification, the ensemble is additive with regard to the log-
odds:

®)

where F (x) is an initial constant (log-odds) prediction, h (x) is
the m-th shallow regression tree, and 7 is the learning rate that
shrinks each tree's contribution to guard against overfitting. Each
tree h_is fit to the negative gradient of the binomial deviance
(log) loss with respect to the current predictions F, | (x):

L(Y,F):i[YJn(l+exp(fF(x,.))>+(17Y,.)ln(1+exp(F(x,.)))J )

i=1

The ensemble is updated as F(x)=F, , (x)*nh_(x) for m =
1,...,M and then the sigmoid transform Equation (5) is applied
to the final F(x,). The numeric-coded training data was used to
train a gradient boosting classifier with a histogram, with 300
boosting iterations, tree depth of 4, and learning rate n = 0.05;
these hyperparameters are standard default settings for shallow,
well-regularized boosting, where they trade some of the learning
speed of a single tree for a higher number of trees to mitigate the
risk of overfitting in a moderate-sized tabular dataset.

Handling Class Imbalance

To evaluate the impact of imbalance-handling strategy, each
of the three algorithms was fitted under three conditions, all
operating on the training partition.

Baseline (unadjusted)

This algorithm is trained on observed data without any
reweighting or resampling and is used as a baseline for the
cost of imbalance-handling; the loss function assumes that a
misclassified death is as costly as a misclassified survival, even
though deaths are about 44 times less likely.

Class-weighting (cost-sensitive learning)

The weights assigned to each training observation are inversely
proportional to the frequency of the class to which the
observation belongs and the classes contribute equally to the
overall weighted loss:

w, = ’;”—;’Z , ke {O (survival), 1 (death)}

With n_, = 14,233, m = 316 deaths, and no = 13,917 survivals,
this yields w1 = 14,233/(2x316) = 22.52 for deaths and wo =
14,233/(2x13,917) = 0.51 for survivals; an effective weighting
ratio of approximately 44:1 in favor of the minority class,
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exactly offsetting the observed class imbalance. For logistic
regression and random forest, class weights enter the weighted
log-likelihood/impurity criterion directly (e.g., replacing £(B)
with > w . [Y, In(p)+(1-Y)In(1-p,)]; for gradient boosting, the
same weights w; enter as per-observation multipliers on the loss.

Synthetic minority oversampling (SMOTE)

Training observations for synthetic minority-class (death) are
generated through interpolation in the feature space, as done in
[11]. For each minority observation x; requiring synthesis, one
of its k = 5 nearest minority-class neighbors, x._ is selected at

(nn)
random, and a new synthetic observation is constructed as:

X eW:Xi+6' (X'(nn) -Xi)

it i

(10)

The process is repeated until parity is reached in the training
partition but not in the testing partition:

n_.=n-n =13917 - 316 = 13,601 synthetic observations
wheren_, . isthe number of synthetic minority-class observation
required, n is the survival observations and n, is the number of

deaths observations.

The algorithms were then refitted on an augmented training set
of 27,834 observations (13,917 in each class). This yielded a
total of nine model by imbalance-strategy combinations (three
algorithms x three strategies), each of which was tested exactly
the same way on the untouched held-out test set [12].

Statistical Inference for Logistic Regression

Analytic standard errors were computed for the unweighted
baseline logistic regression as the inverse of the observed Fisher
information matrix at the maximume-likelihood estimates f3:

Var(f)=(X" WX)'
W=diag[p, (1-p,)]

(11)
(12)

where X is the n x (k+1) training design matrix (including an
intercept column) and W is the n x n diagonal matrix of fitted
Bernoulli variances. The square root of the diagonal elements of
Var(p) are the standard errors SE(BJ.). The Wald test statistic for
testing the null hypothesis Ho: ;= 0 is:

o~

B,
7z =i
’ SE( ,Bj) (13)
p-value=2[1-¢(|Z_j [)] (14)

whereas @(-) represents the cumulative distribution function of
the standard normal distribution, ZJ. is Wald Statistic test. The
odds ratio and 95% Wald CI are:

OR= exp(P)),
and
95% CI = exp[ B, + 1.96-SE(B)]

These quantities (Zj, p-values, ORj, and confidence intervals)
were calculated for each of the predictors and used to inform
the hypothesis

Bivariate Screening

Each candidate predictor was then cross-tabulated with the
outcome and tested for independence of the predictor from the
outcome using Pearson's chi-square statistic prior to multivariable
modeling. Prior to multivariable modeling, each candidate
predictor was cross tabulated with the outcome and tested for
independence with Pearson's chi-square statistic. A predictor
with r levels against the 2-level outcome, data for which are
observed in 0, cells and are expected under the null hypothesis of
independence under E= (row total x column total)/n.

2= ii (Oij _Eij)z
E.

i=1 j=1 ij

(15)

The resulting statistic is compared to a > distribution with (r — 1)
degrees of freedom to get the p-value listed for each predictor.
The multivariable logistic regression and machine learning
models that are multivariable models that adjust for all predictors
at once; they follow this bivariate pattern.

Model Evaluation Metrics

The performance was evaluated using a 0.5 decision threshold
as is common with the class imbalance literature presented in
Section 2.5, and using a 2 x 2 confusion matrix of predicted versus
observed class, where TP (true positive / correctly predicted death),
FN (false negative), FP (false positive), and TN (true negative):

Sensitivity (Recall) = TP / (TP + FN)
Specificity = TN / (TN + FP)
Precision = TP/ (TP + FP)

F1_2 -(Precision 'Sensitivity)

(Precision + Sensiti vity)

Two threshold-independent discrimination metrics were also
computed. The receiver operating characteristic (ROC) curve is
a graph of true positive rate (sensitivity) versus false positive
rate (1 — specificity) for all possible classification thresholds
T; the area under this curve is equal to the probability that a
randomly selected death will be classified as death with a higher
threshold than a randomly selected survival:

A A 1
ROC ? AUC= P(pdeath > Psurvival ): J.OTPR(T) ‘dFPR(T) ‘ (16)

The precision-recall curve plots precision versus recall
(sensitivity) for every threshold; in a severe class imbalance
setting, the area of the precision-recall curve, the PR-AUC
(average precision), is not inflated by the large number of true
negatives in a rare event confusion matrix unlike ROC-AUC:

PR—AUC:Zk:(Rk—RH)B( an
The sum over thresholds k ordered by decreasing recall R k,
where P_k is the precision at threshold k. Lastly, the probabilistic
calibration was described by the Brier score, which is the mean
squared difference between the predicted probabilities (p,) and
actual outcomes (Y)):
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. 1 &g a
Brier= Z(pt—lfi)z (18)
i=1

n-z

The lower the value, the better the probabilistic predictions are
calibrated; this was also displayed in a plot showing the mean
probability of the event (over deciles of predicted risk) against
the frequency of the event.

Feature Importance

In logistic regression, variable importance is measured directly
by the Wald-based odds ratios, confidence intervals and p-values.
Permutation importance was used for the random forest model
and the gradient boosting model, since the coefficients from
these models cannot be interpreted directly. For predictor j, its
values across the n_ held-out test observations are randomly
permuted (shuffled) R = 20 times; for each permutation r, the
fitted model's ROC-AUC is recomputed on the permuted test
set, AUCJ@, and importance is the mean decrease relative to the
unpermuted (baseline) test ROC-AUC, AUC

Importance; = %i(A UcC, - AUCJ.(F) )

r=1

(19)

Importance estimates are accompanied by the associated standard
deviation as shown around each value as an error bar, across the
R permutations. It was adopted as the preferred method over
impurity based (Gini) importance, which is intrinsic to the tree-
based models, as permutation importance is calculated on the
held-out data and is not systematically favoring high cardinality
categorical predictors.

Robustness Analysis

To address the endogeneity concern mentioned in Sections 1.2 and
2.6, a dedicated robustness check was performed in which the best
performing model configuration (class-weighted gradient boosting)
was refitted using the same train/test split but omitting X _:
Ffereed (x)=F  (X\X ;) (20)
holding every other modeling choice (algorithm, hyperparameters,
imbalance strategy, train/test partition, and random seed) constant.
F,, () Is the original predictive model M, F, ") (x) is the
predictions from the model fitted without excluding predictor,
X s is the predictor vector representing the number of living
children under 5 years, X\X ; is predictor vector after removing
X - Comparing ROC-AUC, PR-AUC, and sensitivity with and
without X . gives a direct, quantitative measure of the extent to
which the apparent predictive power of the model comes from
this single mechanically-outcome-linked predictor, and provides
a more defensible estimate of the predictive ceiling that can be
achieved from the remaining, exogenous predictors.

Software and Tools

Data preparation, analysis and modelling were done in Python
3, using pandas, NumPy for data handling, SciPy for performing
chi-square tests and Wald and scikit-learn (version 1.8) for train/
test partition, logistic regression, random forest, gradient boosting
and permutation importance. To preserve the complete analytical
pipeline and ensure its reproducibility, the SMOTE-style synthetic

oversampling and Wald standard-error routines have been
implemented directly within scikit-learn's nearest-neighbor and
linear-algebra utilities, respectively. Figures were produced using
Matplotlib.

Ethical Considerations

This study relies on a secondary and de-identified data set,
which does not include personally identifiable data; no primary
data collection with human subjects was conducted. The use of
the data for statistical and methodological research is regarded
as presenting minimal risk, and is considered to be a standard
form of secondary analysis of de-identified survey extracts of
this type. However, analysts using the microdata provided by
this original survey program, for other research purposes than
methodological studies of this nature are expected to observe the
registration and usage conditions of the data provider.

Results and Discussions

The empirical findings of this study, based on the methodology,
is summarized in this chapter, applied to the study sample of
18,978 births. The Pearson chi-square statistic and p-value for
each of the 27 candidate predictors, versus the outcome (neonatal
death), is reported in Table 4.1. At the 5% level, six variables were
associated with the outcome: number of living children under
five, length of gestation, multiple birth status, number of births in
last five years, preceding birth interval, and previous terminated
pregnancy. Union status, age at first birth, mother's education and
pregnancy losses were associated at a more liberal 10% level. In
this data, no bivariate associations were found for any household-
level infrastructure variables (toilet, drinking water, cooking fuel,
household floor) or household-head sex and neonatal death.

Table 2: Bivariate Chi-Square Tests of Association with
Neonatal Death, Sorted By P-Value

Variable Levels x? p-value
Er;grel‘rbzr of living children 6 953.22 <0.001
Gestation length (months) 6 710.64 <0.001
Multiple birth status 4 212.44 | <0.001
I;I;rrnsber of births, last 5 5 137.33 <0.001
Preceding birth interval 5 36.13 <0.001
E:ezn};?ai; terminated 2 1501 | <0.001
Pregnancy losses 4 15.85 0.001
Age at first birth 4 9.13 0.028
Mother's education 4 8.71 0.033
Union status 3 6.75 0.034
Radio listening frequency 3 5.58 0.062
Mother's age 7 10.51 0.105
Sex of child 2 1.71 0.190
Day of birth 6 6.58 0.254
Place of residence 2 1.03 0.309
Province 8 8.19 0.316
Age of household head 4 2.86 0.414
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Wealth index 5 2.90 0.575
Birth order 7 4.76 0.575
Household toilet 2 0.29 0.592
Religion 4 1.61 0.657
Mother's occupation 2 0.10 0.754
Cooking fuel 3 0.55 0.759
Mosquito net use 2 0.09 0.761
Drinking water source 2 0.01 0.935
Household floor 2 0.01 0.939
Sex of household head 2 0.00 0.990

Inferential Logistic Regression

The statistically significant predictors (p < 0.05) of the baseline
(unweighted) logistic regression are presented in Table 4.2
and the standard errors, Z-statistics, odds ratios, and the 95%
confidence intervals. Three variables were significant with very
large effects and two more variables were significant with more
modest effects.

Table 3: Statistically Significant Predictors from Baseline
Logistic Regression (Wald Test).

Predictor Odds Ratio | 95% CI p-value
Nomberofliine | gg07 | O | <omn
((flfztnattﬁ:;l fength 0.344 Oﬁg; <0.001
Elsltngb;;rzbmhs’ 10.140 %’21%39(; <0.001
oot | gy | GRS o
Eiﬁir(r):nst:;uiﬁ union) 0572 0(.):.;;;‘7_ 0.040

The odds ratio for number of living children under 5 (OR =
0.097) means that, with the other predictors of the index birth's
death fixed, the chance of the index birth's death decreases by
90.3% for every increase in the number of living children under 5
in the household; and this is not a purely causal association. The
odds ratio for number of births in last five years (OR = 10.140)
suggests that the higher the recent parity (number of births in
past 5 years), the greater the odds of death, consistent with the
short-birth-interval and high parity risk pathway. The gestation
length was associated with an expected protective direction (OR
= 0.344 for each additional band, consistent with the established
clinical literature of the relationship between preterm birth and
neonatal survival.

Predictive Performance Comparison

The three imbalance-handling strategies are then compared with
each of the three algorithms of and the resulting comparison is
reported in Table 4.3, which uses the same held-out test set (n =
4,745; 106 deaths).

There are three patterns to note. First, ROC-AUC is very stable
across algorithms and imbalance strategies, ranging from 0.898
to 0.921, suggesting that all three algorithms discriminate in
the same way across the entire range of births. Second, the
unweighted baseline random forest (0.371) and unweighted
gradient boosting (0.347) have the highest PR-AUC, but
their sensitivity is very low (6.6% and 12.3% respectively):
this is consistent with the concern about the accuracy paradox
mentioned above, as these models classify nearly none of the
true deaths as neonatal deaths, despite their high precision
when they do make a classification. Third, class-weighted and
SMOTE dramatically move this tradeoff toward sensitivity:
class-weighted gradient boosting correctly classifies 83.0%
of deaths in the test set (vs. 12.3% for unweighted), has the
best overall ROC-AUC (0.921) of any model, and produces a
competitive PR-AUC (0.311).).

Table 4: Test-Set Performance for All Nine Model X Imbalance-Handling Combinations

Model ROC-AUC | PR-AUC | Sensitivity | Specificity | Precision F1 Brier
Logistic Regression- Baseline 0.915 0.302 0.160 0.996 0.472 0.239 0.019
Logistic Regression — Weighted 0.920 0.274 0.858 0.891 0.153 0.260 0.097
Logistic Regression — SMOTE 0.919 0.281 0.840 0.908 0.173 0.287 0.083
Random Forest — Baseline 0.919 0.371 0.066 1.000 0.875 0.123 0.017
Random Forest — Weighted 0.898 0.267 0.481 0.964 0.232 0.313 0.067
Random Forest - SMOTE 0.911 0.270 0.283 0.984 0.286 0.284 0.033
Gradient Boosting — Baseline 0.916 0.347 0.123 0.998 0.591 0.203 0.017
Gradient Boosting — Weighted 0.921 0.311 0.830 0.913 0.179 0.294 0.076
Gradient Boosting — SMOTE 0.919 0.312 0.179 0.996 0.500 0.264 0.018

There are three patterns to note. First, ROC-AUC is very stable across algorithms and imbalance strategies, ranging from 0.898 to
0.921, suggesting that all three algorithms discriminate in the same way across the entire range of births. Second, the unweighted
baseline random forest (0.371) and unweighted gradient boosting (0.347) have the highest PR-AUC, but their sensitivity is very low
(6.6% and 12.3% respectively): this is consistent with the concern about the accuracy paradox mentioned above, as these models
classify nearly none of the true deaths as neonatal deaths, despite their high precision when they do make a classification. Third,
class-weighted and SMOTE dramatically move this tradeoff toward sensitivity: class-weighted gradient boosting correctly classifies
83.0% of deaths in the test set (vs. 12.3% for unweighted), has the best overall ROC-AUC (0.921) of any model, and produces a

competitive PR-AUC (0.311).).
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ROC Curves — Baseline Models (Test Set)
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Figure 1: ROC curves for the three baseline (unadjusted)
classifiers on the held-out test set.

Precision-Recall Curves — Baseline Models (Test Set)
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Figure 2: Precision-recall curves for the three baseline classifiers,
with the no-skill (prevalence) baseline shown for reference.

Effect of Imbalance-Handling Strategy

Figure 4.3 summarizes how sensitivity and PR-AUC change
across the three imbalance-handling strategies within each
algorithm. Both class-weighting and SMOTE produce large,
consistent sensitivity gains for all three algorithms relative
to their unadjusted baselines, confirming that the choice of
imbalance-handling strategy has a materially larger effect on
the ability to flag at-risk births than the choice of algorithm
itself, echoing the theoretical expectation that accuracy-oriented
loss functions default toward the majority class absent explicit
correction.

Sensitivity (Recall) by Model & Imbalance Method PR-AUC by Model & Imbalance Method

Sensitivity (Recall)

csion forest 500 corest <00
Logist Reg"® pondo™ oradien® B0 Logistic Reg"® qando™ cradient 800"

Figure 3: Sensitivity and PR-AUC by algorithm and imbalance-
handling method.

Calibration

The sensitivity and the PR-AUC for the three imbalance-handling
strategies are summarized in Figure 4.3 for each algorithm. The
large size and consistency of the sensitivity increase for all three

algorithms over their unweighted equivalents confirms that the
algorithm's capability to find at-risk births is more strongly
influenced by the way in which the classes are imbalanced
than by the choice of algorithm, as predicted theoretically that
an accuracy-oriented loss function would by default favor the
majority class.

Calibration Curves (Test Set)

1.0 { —® Gradient Boosting (baseline)
~@- Gradient Boosting (weighted)
—@— Logistic Regression (weighted)
--- Perfect calibration

I I o
ES o ©

Observed Frequency

o
[N]

0.0 0.2 0.4 0.6 0.8 10
Mean Predicted Probability

Figure 4: Calibration curves (deciles of predicted probability)
for baseline and class-weighted models.

Feature Importance in Machine Learning Models

The mean reduction in ROC-AUC for the class-weighted
gradient boosting model (Figure 4.5) confirms that three
variables are most important: number of children alive under
five, number of births in the last five years and gestation length,
accounting for a significant proportion of the model's power, and
all other variables have a contribution less than 0.5 percentage
point individually. This is not a random forest model effect, as
the best predictors are listed in the same order as the random
forest model.

Top 15 Predictors — Gradient Boosting (Class-Weighte

num_children_under5
births_last5yrs
gestation_months
preceding_birth_interval
union_status

birth_order

day_of_birth
place_residence
mother_education
wealth_index
age_hh_head
ever_terminated_pregnancy
religion

mother_age

household_floor

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Mean decrease in ROC-AUC (permutation importance)

Figure 5: Permutation importance (mean decrease in test-set
ROC-AUC over 20 permutations) for the top 15 predictors,
class-weighted gradient boosting model.

Conclusion and Recommendations

This study showed that logistic regression, random forest and
gradient boosting models had similar discrimination power
for predicting neonatal mortality, with class-weighted gradient
boosting having the highest level of both discrimination and
sensitivity. The results indicated that dealing with the imbalanced
classes had more impact on the performance of the models than
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the classification algorithm, as the class weighting significantly
improved the sensitivity of the models and did not introduce the
complexity and potential bias of SMOTE. Living children under
5 years of age, number of births in the last 5 years and gestation
length were the most important as determined by a feature
importance analysis. After performing robustness analysis,
however, the apparent predictive performance was greatly
amplified by the inclusion of the number of living children
under five years, a mechanically outcome-related variable which
brought in information leakage. This predictor was successfully
removed, lowering the model's ROC-AUC from 0.921 to 0.700,
and emphasizing the need to screen the predictors for temporal
and definitional relationships with the outcome. The study
also found that proximal maternal and reproductive factors
were better predictors of neonatal mortality than were distal
socioeconomic factors. Going forward, predictive modelling
with Demographic and Health Survey data should explicitly deal
with class imbalance, measure evaluation metrics appropriate
for rare events, be aware of potential predictor endogeneity, and
favor class weighting over synthetic oversampling methods to
increase the likelihood of model reliability, interpretability and
usability in the public health decision-making process.
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