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Abstract 

Neonatal mortality remains a critical public health challenge in Kenya, with a rate of 21 per 1,000 live births—well above the 

SDG 3.2 target. While machine learning (ML) offers potential for risk prediction, most models lack transparency and clinical 

interpretability, limiting their adoption in low-resource settings. This study presents an explainable AI (XAI) framework for 

predicting neonatal mortality using Kenya Demographic and Health Survey (KDHS) data (N = 2,000), with a focus on model 

accuracy, fairness, and clinical relevance. Six ML models—Logistic Regression (LR), KNN, SVM, Naïve Bayes, Random 

Forest, and XG-Boost—were trained and evaluated using in-sample, out-of-sample, and balanced datasets, with performance 

assessed via AUC, F1-score, sensitivity, specificity, and Cohen’s Kappa. To address class imbalance and enhance 

generalizability, synthetic oversampling and rigorous cross-validation were applied. Post-balancing, LR achieved optimal 

performance (AUC = 1.0, κ = 0.98, F1 = 0.987), with SVM (AUC = 0.995) and XG-Boost (AUC = 0.982) also showing higher 

performance. SHAP and model breakdown analyses identified Apgar scores (at 1st and 5th minutes), birth weight, maternal 

health, and prenatal visit frequency as key predictors. Fairness assessments across socioeconomic subgroups indicated minimal 

bias (DIR > 0.8). The integration of XAI enhances transparency, supports clinician trust, and enables equitable decision-making. 

This framework bridges the gap between predictive accuracy and clinical usability, offering a scalable tool for early intervention. 

Policy recommendations include embedding this XAI-enhanced model into antenatal care systems to support evidence-based 

decisions and accelerate progress toward neonatal survival goals in resource-limited settings. 
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1. Introduction 

Neonatal mortality remains one of the most pressing chal-

lenges in global health. Worldwide, approximately 2.3 million 

newborns died in the first month of life in 2022, accounting 

for nearly 47% of all under-five deaths [1]. While this repre-

sents a decline from about 5 million neonatal deaths in 1990, 

progress has slowed in recent years [2]. 

The burden is disproportionately concentrated in low- and 

middle-income countries (LMICs), with Sub-Saharan Africa 

(SSA) and South Asia recording the highest neonatal death 

rates in 2023 at 26 and 22 per 1,000 live births, respectively 

[3]. A newborn in SSA is over ten times more likely to die 

within the first month compared to one in high-income set-

tings, with global disparities reaching as high as 65-fold be-

tween the worst-off and safest countries [4]. In Kenya, despite 

sustained efforts over the past two decades, neonatal mortality 

remains a significant health priority [5]. According to the 

2023 Kenya Vital Statistics Report, the neonatal mortality rate 

declined from 33 to 21 per 1,000 live births between 2003 and 

2022; however, it remains far above the Sustainable Devel-

opment Goal (SDG) 3.2 target of 12 per 1,000 live births by 

2030 [6]. Neonatal deaths account for 66% of infant deaths and 

51% of under-five deaths, highlighting their outsized contribu-

tion to child mortality [7]. To accelerate progress toward SDG 

3, innovative strategies tailored to resource-limited environ-

ments are urgently needed [8]. Machine learning (ML) and 

artificial intelligence (AI) have emerged as promising tools for 

predicting neonatal mortality risk and supporting timely inter-

ventions [9]. Evidence suggests that ML can outperform or 

complement traditional statistical methods in stratifying risk. 

For example, a 2024 multi-centre Neonatal Intensive Care 

Unit (NICU) modelling competition reported that a simple 

logistic regression model outperformed more complex 

methods, including deep learning, in predicting mortality [10]. 

A 2021 systematic review identified 11 studies applying ML 

to neonatal mortality prediction across diverse populations, 

using algorithms such as neural networks, random forests, and 

logistic regression with between 3 and 60+ features [11]. 

Reported performance ranged widely (AUC 58-97%), but 

most studies lacked external validation or calibration, re-

vealing methodological limitations in this emerging field. In 

LMICs, research is growing but remains limited. For instance, 

ML models trained on Demographic and Health Survey (DHS) 

data across 10 SSA countries successfully identified maternal 

risk of neonatal death [12]. In Ethiopia, an ensemble CatBoost 

model achieved over 97% AUC in predicting neonatal deaths, 

identifying actionable factors such as lack of BCG vaccina-

tion, neonatal illness, insufficient maternal prenatal care, and 

larger numbers of young children in the household [13]. These 

findings illustrate the potential of ML to uncover con-

text-relevant determinants of neonatal survival. However, 

most models have been evaluated in retrospective or tertiary 

care datasets, with few applied in routine clinical contexts in 

Africa [14]. 

Despite promising predictive performance, most neonatal 

mortality models remain “black boxes,” offering limited 

transparency into their decision-making [15]. Clinicians re-

quire interpretable outputs—such as identifying low birth 

weight, maternal comorbidities, or Apgar scores—as key 

drivers of prediction to trust and act upon AI recommenda-

tions [16]. Without explainability, even accurate models may 

go unused or be misapplied. A 2021 review found that most 

neonatal mortality prediction studies reported accuracy met-

rics but did not apply explainability techniques, such as 

SHapley Additive exPlanations (SHAP) or Local Interpreta-

ble Model-Agnostic Explanations (LIME), or decision rules 

[17]. This lack of interpretability is a major barrier to adoption 

in clinical practice. 

Explainable AI (XAI) addresses this gap by coupling pre-

dictions with human-friendly explanations. Techniques such 

as SHAP, feature importance rankings, and model breakdown 

analyses can clarify whether variables such as gestational age, 

maternal comorbidities, or breastfeeding practices most 

strongly influenced risk predictions, enabling clinicians to 

align model reasoning with clinical experience [18, 19]. In 

neonatal sepsis, XAI frameworks such as LIME and DALEX 

have been utilized to interpret deep learning models for 

non-technical healthcare providers [20]. In re-

source-constrained African contexts, the need for explaina-

bility is especially critical: a well-tuned, transparent ML 

model can identify high-risk neonates early and prompt timely 

interventions—such as feeding support, intensified monitor-

ing, or antibiotics—that are proven to reduce mortality [21, 

22]. The successful deployment of AI-enabled fetal moni-

toring in Malawi, which reduced stillbirths and neonatal 

deaths by 82%, underscores the transformative potential of 

context-sensitive, explainable AI tools [23]. Yet prediction 

alone is insufficient. Responsible clinical deployment requires 

robust calibration, external validation, subgroup fairness 

analyses, and integration into clinician workflows [24, 25]. 

Less than half of the published neonatal mortality models 

report calibration, and only 18% undergo external validation 

[26], which undermines their clinical reliability and validity. 

Moreover, few models explicitly evaluate fairness across 

subgroups, such as sex or socioeconomic status, thereby 

risking the reinforcement of health inequities [27]. 

To address these challenges, this study integrates the Health 

Belief Model, which emphasizes action when threats are rec-

ognized and the benefits of prevention are clear, with Predictive 

Analytics Theory, which stresses that data-driven insights must 

be transparent and user-centered (16). Grounded in these 

frameworks, we propose a machine learning framework that 

combines predictive accuracy with explainability, contextual 

relevance, and stakeholder engagement. Specifically, we will (i) 

develop and compare multiple ML models—logistic regression, 

k-nearest neighbors, Support vector machines, Naïve bayes, 

random forests, gradient boosting—using Kenya DHS data; (ii) 
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conduct rigorous internal and external validation, including 

calibration and subgroup fairness assessments; (iii) embed XAI 

methods such as SHAP, feature importance, and model 

breakdowns to enhance interpretability; and (iv) co-design the 

system with neonatologists, nurses, and data scientists to op-

timize usability and integration into clinical workflows. By 

consolidating evidence on explainable AI in neonatal mortality 

prediction and applying it to the Kenyan context, this study 

aims to bridge the gap between algorithmic accuracy and ac-

tionable clinical intelligence. Ultimately, the framework aims 

to support clinicians in making timely, evidence-informed 

decisions, strengthen trust in AI, and contribute to global efforts 

to reduce neonatal mortality by 2030. 

Table 1. Overview of Prior Studies Applying Statistical and Machine Learning Models for Neonatal/Child Mortality. 

Study (year) Setting/data Model(s) Outcome 
Performance 

(AUC / C-index) 
XAI used? 

External 

validation? 

LMIC 

focus? 

Batista et al. 2021 

(BMC Pediatrics) 

São Paulo, Brazil 

birth registry 

(SINASC+SIM), 

2012-2017 

Gradient boosting, 

RF, XGB, SVM, 

LR 

Neonatal 

death (≤28 

days) 

AUC ≈0.97 

overall; with 

only 5 WHO 

variables, AUC 

≈0.91 (reported 

by study team in 

talk materials 

Yes—SHAP + 

feature 

importance 

discussed 

Internal split; 

no true 

external 

geo-temporal 

validation 

reported 

Yes 

Beluzo et al. 2020 

(medRxiv) 

São Paulo, Brazil 

(SPNeoDeath) 

SVM, XGBoost, 

LR, RF 

Neonatal 

death 

Average AUC 

≈0.96 across 

models (best 

models) 

Mentions mod-

el interpretabil-

ity; SHAP used 

in the related 

slide deck 

Internal vali-

dation; no 

external co-

hort 

Yes 

Mulagha-Maganga 

et al. 2024 (JHPN) 

Malawi DHS 

2015/16 

Survival models 

(e.g., paramet-

ric/Cox) 

Time to death 

< 5y 

Survival outputs 

(HRs); AUC not 

reported 

No (classical 

covariate ef-

fects) 

Not reported Yes 

Daniel, Onyango & 

Sarguta 2021 

(IJERPH) 

Kenya (KDHS) 

Bayesian spatial 

survival model 

(shared frailty) 

Under-five 

mortality 

Survival outputs 

(HRs/spatial 

effects); AUC not 

reported 

Partial (spatial 

effect maps, not 

XAI) 

Not reported Yes 

Wanjohi & Muriithi 

2020 (IJDSA) 
Kenya 

Regression/survival 

modelling of infant 

& child mortality 

covariates 

Infant/child 

mortality 

Classical fit met-

rics; AUC not 

reported 

No Not reported Yes 

Starnes et al. 2023 

(BMJ Open) 

Migori County, 

Kenya (house-

hold survey) 

Regression models 

(risk factors) 

Child mortal-

ity 

Effect estimates; 

no AUC (not an 

ML study) 

No Not applicable Yes 

Kimani-Murage et 

al. 2014 (Health & 

Place) 

Kenya (urban 

slum vs 

non-slum) 

Time-trend and 

regression analyses 

Child mortal-

ity trends 
No AUC No Not applicable Yes 

Otieno, Kosgei & 

Owuor 2023 (Bio-

med. Stats & Infor-

matics) 

Kenya (KDHS 

2014) 
Multilevel models 

Child mortal-

ity determi-

nants 

Fit stats: AUC 

not reported 
No Not reported Yes 

Mwambire & Orowe 

2021 (Applied 

Mathematical Sci-

ences) 

Kenya (KDHS) 
Multilevel model-

ling 

Child mortal-

ity 

Fit stats: AUC 

not reported 
No Not reported Yes 

Oleribe et al. 2019 

(IJGM) 

Sub-Saharan Af-

rica (re-

view/commentary) 

— 
Health-syste

m challenges 
— — — 

Yes 

(context) 
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As shown in Table 1, while several studies have applied 

machine learning to neonatal mortality prediction, critical 

gaps persist, particularly in model interpretability, external 

validation, and fairness. Only a minority incorporate ex-

plainable AI (XAI) techniques, and fewer than 20% undergo 

external validation, limiting clinical trust and generalizabil-

ity. Our framework directly addresses these limitations by 

integrating SHAP-based interpretability, rigorous internal 

validation using repeated cross-validation, and post-hoc 

fairness assessments across key demographic subgroups. 

Furthermore, by leveraging nationally representative KDHS 

data and co-designing the system with clinicians, we en-

hance both the contextual relevance and practical deploya-

bility of the model in resource-limited settings such as 

Kenya. 

2. Research Methods and Materials 

2.1. Research Design 

This study employed a quantitative research design to 

develop and evaluate explainable machine learning models 

for predicting the risk of neonatal mortality. Secondary data 

from the Kenya Demographic and Health Survey (KDHS) 

were analysed using six supervised algorithms: Logistic 

Regression (benchmark model), K-Nearest Neighbours 

(KNN), Support Vector Machines (SVM), Naïve Bayes, 

Random Forests, and Extreme Gradient Boosting 

(XGBoost). Model training incorporated internal and ex-

ternal validation, calibration, and subgroup fairness as-

sessments, with explainable AI techniques applied to en-

hance interpretability and clinical applicability. 

2.2. Data Collection 

The study utilised secondary data obtained from the Kenya 

Demographic and Health Survey (KDHS), a nationally repre-

sentative dataset conducted by the Kenya National Bureau of 

Statistics in collaboration with international partners. The 

KDHS provides detailed information on maternal, neonatal, 

and child health indicators, as well as socioeconomic charac-

teristics and household demographics. Data were accessed 

through the DHS Program with prior authorisation. For this 

study, relevant variables associated with neonatal outcomes 

were extracted, cleaned, and preprocessed to ensure com-

pleteness, accuracy, and suitability for machine learning anal-

ysis. 

 

2.3. Data Analysis 

Data analysis involved preprocessing, exploratory statistics, 

and supervised machine learning modelling. Key maternal, 

healthcare, infant, and socioeconomic predictors were used to 

train six algorithms: Logistic Regression, KNN, SVM, Naïve 

Bayes, Random Forest, and XGBoost. The outcome variable 

was neonatal mortality (1 = died, 0 = survived). Missing 

values were imputed, categorical variables were encoded, and 

numerical variables were standardized. Model evaluation 

utilized accuracy, sensitivity, specificity, AUC-ROC, and 

calibration metrics, as well as explainable AI (XAI) methods, 

including SHAP values and feature importance, to enhance 

interpretability. 

2.3.1. Data Partition and Control Validation 

Let the labelled dataset be 

𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 , 𝑥𝑖 ∈ ℝ𝑝,  𝑦𝑖 ∈ {0,1}.      (1) 

Let 𝑁𝑐 = ∑ 1𝑁
𝑖=1 (𝑦𝑖 = 𝑐) and 𝜋𝑐 = 𝑁𝑐/𝑁 be class counts 

and priors for 𝑐 ∈ {0,1}. 

I. Stratified 70/30 Hold-Out Split 

We construct index sets 𝐼 = {1, … , 𝑁}, 𝐼tr  (train) and 𝐼te 

(test) with |𝐼tr| = 𝑛tr = ⌊0.7𝑁⌋, |𝐼te| = 𝑁 − 𝑛tr. 

Stratified allocation per class. For each class 𝑐 ∈ {0,1}, 

𝑛
tr,𝑐

= ⌊0.7 𝑁𝑐⌉,  𝑛
te,𝑐 = 𝑁𝑐 − 𝑛

tr,𝑐
,      (2) 

where ⌊⋅⌉ denotes rounding with tie-breaks chosen to ensure 

∑ 𝑛tr,𝑐𝑐 = 𝑛tr . Let 𝐼𝑐 = {𝑖 ∈ 𝐼: 𝑦𝑖 = 𝑐} . Draw without re-

placement: 

𝐼
tr,𝑐

∼ Unif({𝑆 ⊂ 𝐼𝑐: |𝑆| = 𝑛
tr,𝑐

}), 𝐼
te,𝑐 = 𝐼𝑐\𝐼

tr,𝑐
.  (3) 

Then set 𝐼tr = ⋃𝑐𝐼tr,𝑐, 𝐼te = ⋃𝑐𝐼te,𝑐. 

Preservation of priors (in expectation). Under this stratified 

sampling, 

𝔼[𝜋̂
tr,𝑐

] =
𝑛

tr,𝑐

𝑛
tr

≈ 𝜋𝑐 ,   𝔼[𝜋̂
te,𝑐] =

𝑛
te,𝑐

𝑛
te

≈ 𝜋𝑐 ,  (4) 

So, class proportions are preserved up to rounding. 

We then form 𝑋tr = {𝑥𝑖: 𝑖 ∈ 𝐼tr} , 𝑦tr = {𝑦𝑖: 𝑖 ∈ 𝐼tr} , and 

𝑋te, 𝑦te analogously. 

Any preprocessing map 𝑔, such as standardisation, impu-

tation, or encoding, was fitted on 𝑋tr only and applied to both 

𝑋tr and 𝑋te [28]. Example for standardization of feature 𝑗: 

𝜇𝑗 =
1

𝑛
tr

∑ 𝑥𝑖𝑗𝑖∈𝐼
tr

, 𝜎𝑗 = √
1

𝑛
tr

−1
∑ (𝑥𝑖𝑗 − 𝜇𝑗)

2
𝑖∈𝐼

tr
, 𝑥̃𝑖𝑗 =

𝑥𝑖𝑗−𝜇𝑗

𝜎𝑗
.               (5) 

II. Repeated Stratified 𝐾-Fold Cross-Validation on Training Set 

All CV is performed only on 𝐷tr. Let 𝐾 = 10 folds and 𝑅 = 5 repeats. For repeat 𝑟 ∈ {1, … , 𝑅}: 

i. Fold construction (stratified). For each class 𝑐, randomly permute 𝐼tr,𝑐 and split into 𝐾 disjoint folds of sizes as equal as possible: 
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𝐼
val,𝑘,𝑐
(𝑟)

⊂ 𝐼
tr,𝑐

 , 𝑘 = 1, … , 𝐾, ⋃
𝐾

𝑘=1
𝐼
val,𝑘,𝑐
(𝑟)

= 𝐼
tr,𝑐

 , 𝐼
val,𝑘,𝑐
(𝑟)

∩ 𝐼
val,𝑘′,𝑐
(𝑟)

= ⌀ (𝑘 ≠ 𝑘′).                (6) 

Validation fold 𝑘  is 𝐼val,𝑘
(𝑟)

= ⋃𝑐𝐼val,𝑘,𝑐
(𝑟)

, and the corre-

sponding training fold is 

𝐼
tr,𝑘
(𝑟)

= 𝐼
tr

\𝐼
val,𝑘
(𝑟)

.                (7) 

ii. Within-fold preprocessing without leakage. Fit 𝑔(𝑟,𝑘) us-

ing only 𝑋
𝐼tr,𝑘

(𝑟)  (that is, compute 𝜇𝑗
(𝑟,𝑘)

, 𝜎𝑗
(𝑟,𝑘)

 as above), 

then transform both training and validation data with 𝑔(𝑟,𝑘). 

iii. Model fitting and fold-wise predictions. Fit a model 

𝑓(𝑟,𝑘) on (𝑋
𝐼tr,𝑘

(𝑟) , 𝑦
𝐼tr,𝑘

(𝑟)). Obtain out-of-fold predictions 

for all 𝑖 ∈ 𝐼val,𝑘
(𝑟)

: 

𝑦̂𝑖
(𝑟)

= 𝑓(𝑟,𝑘) (𝑔(𝑟,𝑘)(𝑥𝑖)).             (8) 

Let ℓ(⋅,⋅) be a generic loss (left unspecified here; metrics 

are addressed later). The repeat-level CV empirical risk ag-

gregates over all out-of-fold predictions in repeat 𝑟: 

𝑅̂
CV

(𝑟)
=

1

𝑛
tr

∑  𝐾
𝑘=1 ∑ ℓ

𝑖∈𝐼
val,𝑘
(𝑟) (𝑦̂𝑖

(𝑟)
,  𝑦𝑖).        (9) 

iv. Aggregation across repeats. The repeated-CV estimate 

is the average over repeats: 

𝑅̂
RCV

=
1

𝑅
∑ 𝑅̂

CV

(𝑟)𝑅
𝑟=1 .              (10) 

v. Sampling variability across repeats (optional re-

porting for later). A simple across-repeat variance 

estimator is 

Var̂(𝑅̂
RCV

) =
1

𝑅(𝑅−1)
∑ (𝑅̂

CV

(𝑟)
− 𝑅̂

RCV
)

2
𝑅
𝑟=1 ,   (11) 

with standard error SÊ = √Var̂(𝑅̂RCV). (Confidence intervals 

and specific losses will be introduced alongside performance 

metrics later.) 

2.3.2. Parameter Tuning 

Let the training set be 𝐷tr = {(𝑥𝑖 , 𝑦𝑖)}𝑖∈𝐼tr
 with 𝑦𝑖 ∈ {0,1}. 

For a model class ℱ = {𝑓𝜃: 𝜃 ∈ 𝛩}, define an inner-CV risk 

(empirical) for candidate 𝜃 as 

𝑅̂RCV(𝜃) =
1

𝑅
∑ [

1

𝐾
∑

1

|𝐼
val,𝑘
(𝑟)

|

𝐾
𝑘=1 ∑ ℓ

𝑖∈𝐼
val,𝑘
(𝑟) (𝑓𝜃

(𝑟,𝑘)
(𝑔(𝑟,𝑘)(𝑥𝑖)),  𝑦𝑖)]𝑅

𝑟=1 ,                   (12) 

with repeated stratified 𝐾-fold CV on 𝐷tr (here 𝐾 = 10, 𝑅 = 5). 

i. 𝑔(𝑟,𝑘): fold-specific preprocessing map fits only on 𝐼tr,𝑘
(𝑟)

. 

ii. 𝑓𝜃
(𝑟,𝑘)

: model with hyperparameters 𝜃 fit only on 𝐼tr,𝑘
(𝑟)

. 

iii. ℓ : tuning loss. The authors used the cross-entropy 

(log-loss) to tune probabilistic models: 

ℓ(𝑝̂, 𝑦) = −[𝑦log𝑝̂ + (1 − 𝑦)log(1 − 𝑝̂)], 𝑝̂ ∈ (0,1). (13) 

Selection rule. 

𝜃̂ ∈ argmin
𝜃∈𝛩

 𝑅̂RCV(𝜃).           (14) 

Optionally apply the one-standard-error (1-SE) rule to fa-

vour parsimony. “The study chose the simplest “θ “with” 

𝑅̂RCV(𝜃) ≤ min
𝜃′

𝑅̂RCV(𝜃′) + SÊ,         (15) 

where SÊ is the across-repeat SE of 𝑅̂CV
(𝑟)(𝜃). 

Imbalance-aware weighting: Let class priors on 𝐷tr be 𝜋𝑐. 

Use per-sample weights 

𝑤𝑖 =
1

𝜋𝑦𝑖

/ (
1

|𝐼
tr

|
∑

1

𝜋𝑦𝑗
𝑗∈𝐼

tr
),          (16) 

and minimise the weighted log-loss within folds (adapted by 

multiplying ℓ by 𝑤𝑖). 

i. Preprocessing Inside Each Fold (No Leakage) 

For numeric feature 𝑗: we computed 𝜇𝑗
(𝑟,𝑘)

, 𝜎𝑗
(𝑟,𝑘)

 on 𝐼tr,𝑘
(𝑟)

 

and scale 𝑥̃𝑖𝑗 = (𝑥𝑖𝑗 − 𝜇𝑗
(𝑟,𝑘)

)/𝜎𝑗
(𝑟,𝑘)

 for both training and 

validation in that fold [29]. Categorical variables were 

one-hot/ordinal-encoded fit on the fold’s training only. Any 

imputation parameters were likewise learned on 𝐼tr,𝑘
(𝑟)

. 

ii. Model-Specific Hyperparameter Spaces 𝛩 and Objec-

tives 

Below, 𝑝̂𝜃(𝑥) denotes the model’s predicted probability of 

𝑦 = 1. 

Logistic Regression (Benchmark, ℓ2-penalised) 

Penalized negative log-likelihood within a fold: 

min
𝛽0,𝛽

 
1

𝑛𝑘
∑ 𝑤𝑖𝑖∈𝐼tr,𝑘

(𝑟)  ℓ(𝜎(𝛽0 + 𝛽⊤𝑥̃𝑖), 𝑦𝑖)  +  𝜆 ∥ 𝛽 ∥2
2,  𝜎(𝑡) =

1

1+𝑒−𝑡.                  (17) 
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Tuning parameterization: 𝐶 =
1

𝜆
∈ 𝛩LR. Typical grid: 𝐶 ∈ {10−4, 10−3, … , 103}; optionally class_weight = “balanced”. 

K-Nearest Neighbors (KNN) 

Prediction: 𝑝̂𝜃(𝑥) =
1

∑ 𝜔𝑚
𝑘
𝑚=1

∑ 𝜔𝑚
𝑘
𝑚=1  𝑦(𝑚), neighbours by distance 𝑑(⋅,⋅). 

𝛩
KNN

= {𝑘 ∈ ℕ, 𝑑 ∈ {ℓ2, ℓ1}, weights ∈ {uniform, distance}}.                     (18) 

Constraint: choose 𝑘 odd (to reduce ties), e.g., 𝑘 ∈ {3,5,7, … ,51}. Distances computed on scaled 𝑥̃. 

Support Vector Machine (SVM, Probabilistic via Platt Scaling Inside Fold) 

Primal (soft-margin) for feature map 𝜙 (kernel 𝐾): 

min
𝑤,𝑏,𝜉

 
1

2
∥ 𝑤 ∥2+ 𝐶 ∑ 𝜉𝑖𝑖  s.t. 𝑦𝑖

∗(𝑤⊤𝜙(𝑥̃𝑖) + 𝑏) ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0,                   (19) 

with 𝑦𝑖
∗ ∈ {−1, +1}. Convert margins to probabilities using 

Platt scaling, and fit them inside the fold. 

𝛩
SVM

= {𝐶 > 0, kernel ∈ {linear, RBF}, 𝛾 > 0 (for RBF)}. 

Typical: 𝐶 ∈ {10−3 … 103}, 𝛾 ∈ {10−4 … 101}. 

Naïve Bayes (Gaussian NB) 

Class-conditional 𝑥𝑗|𝑦 = 𝑐 ∼ 𝒩(𝜇𝑗𝑐 ,  𝜎𝑗𝑐
2 + 𝜖), with vari-

ance smoothing 𝜖 = var_smoothing ⋅ Var(𝑥𝑗). 

𝛩
GNB

= {var_smoothing ∈ {10−12, 10−11, … , 10−6}}. 

Multinomial NB was used where counts/non-negative in-

tegers dominate, with 𝛼 (Laplace) smoothing: 𝛩 = {𝛼 > 0}. 

Random Forest (RF) 

Ensemble 𝑓𝜃(𝑥) =
1

𝑇
∑ 𝟙𝑇

𝑡=1 {ℎ𝑡(𝑥) = 1} , trees ℎ𝑡  grown 

on bootstraps with feature subsampling. 

𝛩
RF

= {𝑇 = n_estimators, max_depth, min_samples_leaf, max_features ∈ (0,1]}. 

 

Impurity within each split uses Gini: 

Gini(𝑆) = 1 − ∑ 𝑝̂𝑐
2

𝑐 , 𝑝̂𝑐 =
1

|𝑆|
∑ 1𝑖∈𝑆 (𝑦𝑖 = 𝑐).    (20) 

Typical grids: 𝑇 ∈ {200,400,800} , max_depth ∈

{𝑁𝑜𝑛𝑒, 5,10,20}, min_samples_leaf ∈ {1,5,10}, max_features 

∈ {√𝑝,  𝑝/3,  0.5𝑝} (implemented as proportions). 

XGBoost (Gradient-Boosted Trees, Prob. Output) 

Additive model 𝐹̂𝑀(𝑥) = ∑ 𝜈𝑀
𝑚=1  ℎ𝑚(𝑥) with learning rate 

𝜈 ∈ (0,1]. Each tree ℎ𝑚 fits a negative gradient of log-loss: 

𝑔𝑖
(𝑚)

=
∂ℓ(𝑝̂𝑖

(𝑚−1)
,𝑦𝑖)

∂𝐹̂
, 𝐹̂(𝑚) = 𝐹̂(𝑚−1) + 𝜈 ℎ𝑚, 𝑝̂(𝑚) = 𝜎(𝐹̂(𝑚)).               (21) 

Structural risk with L2/L1 regularisation on leaf scores 𝑤: 

ℒ(𝑚) ≈ ∑ (𝐺𝑗𝑤𝑗 + 1 2⁄ (𝐻𝑗 + 𝜆)𝑤𝑗
2)𝑗∈leaves

+ 𝛾                     (22) 

where 𝐺𝑗 = ∑ 𝑔𝑖𝑖∈𝑗 , 𝐻𝑗 = ∑ ℎ𝑖𝑖∈𝑗  (second derivatives), 𝜆 ridge, 𝛾 complexity penalty. 

𝛩
XGB

= {𝜂(= 𝜈), max_depth, subsample, colsample_bytree, 𝜆, 𝛼, 𝑀 = n_estimators}.  

Early stopping within inner CV: For each fold, monitor validation log-loss ℒ𝑡; stop at 

𝑡∗ = argmin
𝑡≤𝑀

 ℒ𝑡, halt if min
𝑠∈[𝑡−ℎ,𝑡]

ℒ𝑠 fails to improve for ℎ rounds. 

 

Use 𝑀 large (e.g., 2000) with patience ℎ (e.g., 50); the 

effective 𝑀 is 𝑡∗. 

2.3.3. Search Strategies 

Deterministic Grid Search 

Let 𝛩 = 𝛩1 × ⋯ × 𝛩𝑞  be finite grids. Evaluate 𝑅̂RCV(𝜃) 

for all 𝜃 ∈ 𝛩 and choose 𝜃̂ as above. 

Random Search (Measure-Based) 

Sample 𝜃(𝑠) ∼ ℙ over 𝛩 (e.g., log-uniform for 𝐶, 𝛾, 𝜆, 𝜂; 

discrete for depths and 𝑘). After 𝑆 draws, 

𝜃̂ ∈ arg min
1≤𝑠≤𝑆

 𝑅̂RCV(𝜃(𝑠)).            (23) 
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Random search was considered more efficient than grid 

search in high-dimensional spaces [30]. 

Bayesian Optimisation 

Model 𝑓(𝜃) = 𝑅̂RCV(𝜃) with a GP prior: 𝑓 ∼ 𝒢𝒫(𝑚, 𝑘). 

After observations 𝒟𝑡 = {(𝜃𝑗, 𝑓𝑗)}𝑗=1
𝑡 , choose next 𝜃𝑡+1 by 

maximising Expected Improvement: 

EI(𝜃) = 𝔼[max(0, 𝑓∗ − 𝐹(𝜃))] = (𝑓∗ − 𝜇𝑡(𝜃))𝛷 (
𝑓∗−𝜇𝑡(𝜃)

𝜎𝑡(𝜃)
) + 𝜎𝑡(𝜃) 𝜙 (

𝑓∗−𝜇𝑡(𝜃)

𝜎𝑡(𝜃)
),             (24) 

 

where 𝑓∗ = min𝑗𝑓𝑗, and 𝜇𝑡, 𝜎𝑡
2 are GP posterior mean/variance. 

2.3.4. Aggregation, Parsimony, and Final Refit 

i. Repeat-wise risk: compute 𝑅̂CV
(𝑟)(𝜃) for all 𝜃; get 𝜃̂(𝑟) 

per repeat. 

ii. Global choice: in this study, researchers picked 𝜃̂ 

minimising 𝑅̂RCV(𝜃) across all repeats, or apply 1-SE 

rule using the across-repeat SE to prefer simpler 𝜃. 

iii. Refit: with chosen 𝜃̂, the model was refitted on all of 

𝐷tr using the preprocessing parameters learned on 𝐷tr. 

iv. Hold-out testing: the study applied the frozen pipeline 

to 𝐷te. 

To ensure reproducibility and randomness, the study em-

ployed a fixed seed per repeat 𝑟 for fold creation and model 

randomness. The variance, 𝛩, was documented, and sampling 

distributions ℙ were used for random search [31]. 

2.4. Machine Learning Model Fitting 

2.4.1. Binary Logistic Regression Model 

The logistic regression estimates the probability of mortal-

ity 𝑌 ∈ {0,1} given predictors 𝑋 = (𝑥1, 𝑥2, . . . , 𝑥𝑝), where 𝑝 

= total number of predictors [32]. 

Model Formulation: 

𝑃(𝑌 = 1 ∣ 𝑋) = 𝜋(𝑋) =
1

1+𝑒−(𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑝𝑥𝑝)  (25) 

Where 𝛽0 = intercept and 𝛽𝑗 = regression coefficient for 

predictor 𝑥𝑗 (e.g., maternal age, birth weight, Apgar score, 

etc). 

The log-likelihood Function is given as shown in the 

equation below 

ℒ(𝛽) = ∑ [𝑦𝑖log𝜋(𝑥𝑖) + (1 − 𝑦𝑖)log(1 − 𝜋(𝑥𝑖))]𝑛
𝑖=1   (26) 

The coefficients 𝛽 are estimated via Maximum Likelihood 

Estimation (MLE) and iteratively optimized using New-

ton-Raphson or Iteratively Reweighted Least Squares (IRLS). 

2.4.2. K-Nearest Neighbors (KNN) 

The KNN algorithm classified a newborn’s survival based 

on the class of its 𝑘-nearest neighbours in feature space [33]. 

Distance Metric (Euclidean distance for continuous and 

Hamming for categorical) was used as shown: 

𝑑(𝑥𝑖 , 𝑥𝑗) = √∑ 𝑤𝑚
𝑝
𝑚=1 (𝑥𝑖𝑚 − 𝑥𝑗𝑚)

2
       (27) 

Where 𝑤𝑚 = weight assigned to each predictor (can nor-

malise, e.g., maternal age in years vs Apgar score scale) [34]. 

Prediction Rule: 

𝑌̂(𝑥) = mode{𝑌𝑖: 𝑥𝑖 ∈ 𝑁𝑘(𝑥)}         (28) 

Where 𝑁𝑘(𝑥) = set of 𝑘 nearest neighbours to 𝑥 [35]. 

Probability Estimate: 

𝑃̂(𝑌 = 1 ∣ 𝑥) =
1

𝑘
∑ 𝐼𝑥𝑖∈𝑁𝑘(𝑥) (𝑌𝑖 = 1)     (29) 

2.4.3. Support Vector Machines (SVM) 

The objective of the Support Vector Machines used in this 

study was to find the hyperplane that separates mortality from 

survival with the maximum margin. 

Linear SVM 𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏  Predict mortality if 

𝑓(𝑥) ≥ 0, survival if 𝑓(𝑥) < 0. 

Optimisation Problem: 

min
𝑤,𝑏,𝜉

 
1

2
∥ 𝑤 ∥2+ 𝐶 ∑ 𝜉𝑖

𝑛
𝑖=1  is subject to 𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0                   (30) 

Where 𝐶 = penalty parameter and 𝜉𝑖 = slack variables; for 

misclassifications [36]. 

For the non-linear relationship within the data, the study 

applied Radial Basis Function as presented below; 

𝐾(𝑥𝑖 , 𝑥𝑗) = 𝜙(𝑥𝑖)
𝑇𝜙(𝑥𝑗)             (31) 

 

2.4.4. Naive Bayes 

Predictors are conditionally independent given the outcome 

(Mortality, 0 = Survived, 1 = Died). 

Bayes’ Theorem: 

𝑃(𝑌 = 1 ∣ 𝑋) =
𝑃(𝑌=1) ∏ 𝑃

𝑝
𝑗=1 (𝑥𝑗∣𝑌=1)

∑ 𝑃𝑦∈{0,1} (𝑌=𝑦) ∏ 𝑃
𝑝
𝑗=1 (𝑥𝑗∣𝑌=𝑦)

    (32) 
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Where 𝑃(𝑌 = 1) = prior neonatal death probability and 

𝑃(𝑥𝑗 ∣ 𝑌) modelled as Gaussian (for continuous, e.g., Birth 

Weight (kg), Maternal Age or Multinomial/Bernoulli (for 

categorical, e.g., Skilled Birth Attendant). 

Gaussian = 𝑃(𝑥𝑗 ∣ 𝑌 = 𝑦) =
1

√2𝜋𝜎𝑗𝑦
2

exp (−
(𝑥𝑗−𝜇𝑗𝑦)

2

2𝜎𝑗𝑦
2 ) (33) 

2.4.5. Random Forest 

Random Forest is an ensemble of Decision Trees with 

bootstrapped samples and random feature selection [10, 37]. 

Tree Splitting Criterion (Gini Impurity): 𝐺(𝑡) = 1 − ∑ 𝑝𝑡𝑘
21

𝑘=0  

Where 𝑝𝑡𝑘 = proportion of class 𝑘 at node 𝑡. 

Information Gain for Split: 

𝛥𝐺 = 𝐺(𝑝𝑎𝑟𝑒𝑛𝑡) − (
𝑛𝐿

𝑛
𝐺(𝐿) +

𝑛𝑅

𝑛
𝐺(𝑅))      (34) 

Where 𝑛𝐿, 𝑛𝑅 = samples left/right of split. 

For randomization, each tree is trained on a bootstrap 

sample, and at each split, only a random subset of predictors is 

considered; the final Prediction is given [38]. 

𝑃̂(𝑌 = 1 ∣ 𝑥) =
1

𝐵
∑ ℎ𝑏

𝐵
𝑏=1 (𝑥)            (35) 

Where ℎ𝑏(𝑥) = predicted class probability from tree 𝑏. 

2.4.6. Extreme Gradient Boosting (XGBoost) 

Extreme gradient boosting sequentially adds weak learners 

(decision trees) to minimize loss. The Prediction Function is 

estimated as shown. 

𝑦̂𝑖 = ∑ 𝑓𝑘
𝐾
𝑘=1 (𝑥𝑖), 𝑓𝑘 ∈ ℱ            (36) 

Where 𝑓𝑘 = regression tree, and 𝐾 = number of trees. The 

objective function is as shown; 

ℒ(𝜙) = ∑ 𝑙𝑛
𝑖=1 (𝑦𝑖 , 𝑦̂𝑖) + ∑ 𝛺𝐾

𝑘=1 (𝑓𝑘)       (37) 

Where 𝑙(𝑦𝑖 , 𝑦̂𝑖) = logistic loss: 

𝑙(𝑦𝑖 , 𝑦̂𝑖) = −[𝑦𝑖log𝑝̂𝑖 + (1 − 𝑦𝑖)log(1 − 𝑝̂𝑖)]    (38) 

Regularization term = 𝛺(𝑓) = 𝛾𝑇 +
1

2
𝜆 ∥ 𝑤 ∥2 

Where 𝑇 = number of leaves, 𝑤 = leaf weights, and 𝛾, 𝜆 

= regularisation hyperparameters. 

Gradient and Hessian Computation: At each iteration: 

𝑔𝑖 =
∂𝑙(𝑦𝑖,𝑦̂𝑖)

∂𝑦̂𝑖
, ℎ𝑖 =

∂2𝑙(𝑦𝑖,𝑦̂𝑖)

∂𝑦̂𝑖
2            (39) 

Tree splits chosen to maximise Gain: 

Gain =
1

2
[

(∑ 𝑔𝑖𝑖∈𝐿 )2

∑ ℎ𝑖𝑖∈𝐿 +𝜆
+

(∑ 𝑔𝑖𝑖∈𝑅 )2

∑ ℎ𝑖𝑖∈𝑅 +𝜆
−

(∑ 𝑔𝑖𝑖∈𝐼 )2

∑ ℎ𝑖𝑖∈𝐼 +𝜆
] − 𝛾    (40) 

2.5. Model Evaluation 

Let: 

𝑇𝑃 = True Positives (predicted death, actual death) 

𝑇𝑁 = True Negatives (predicted survival, actual survival) 

𝐹𝑃 = False Positives (predicted death, actual survival) 

𝐹𝑁 = False Negatives (predicted survival, actual death) 

2.5.1. Accuracy 

Proportion of correctly predicted outcomes: 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
            (41) 

2.5.2. Sensitivity (Recall / True Positive Rate) 

Proportion of actual deaths correctly predicted: 

Sensitivity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
             (42) 

2.5.3. Specificity (True Negative Rate) 

Proportion of actual survivals correctly predicted: 

Specificity
𝑇𝑁

𝑇𝑁+𝐹𝑃
             (43) 

2.5.4. Precision (Positive Predictive Value) 

Proportion of predicted deaths that were actual deaths: 

Precision
𝑇𝑃

𝑇𝑃+𝐹𝑃
              (44) 

2.5.5. F1-Score 

Harmonic mean of Precision and Sensitivity: 

𝐹1 = 2 ⋅ Precision⋅Sensitivity

Precision+Sensitivity
          (45) 

2.5.6. Area Under the Receiver Operating 

Characteristic Curve (AUC-ROC) 

Probability that a randomly chosen death case is ranked 

higher than a randomly chosen survival case: 

AUC = ∫ 𝑇
1

0
𝑃𝑅(𝐹𝑃𝑅−1(𝑡)) 𝑑𝑡          (46) 

Where 𝑇𝑃𝑅  = True Positive Rate (Sensitivity) and 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
 = False Positive Rate. 

2.6. Explainable Artificial Intelligence 

Machine learning models, particularly those that are en-

semble or complex, often act as “black boxes” [39]. Ex-

plainable AI (XAI) techniques provide interpretability by 
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quantifying the contribution of each feature to the predicted 

outcome (𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 = 1). Let the trained model be 𝑓𝜃(𝑋), 

where 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑝} is the feature vector of neonatal, 

maternal, healthcare, and socioeconomic predictors. The 

predicted probability is 𝑦̂ = 𝑓𝜃(𝑋). 

2.6.1. Feature Importance (FI) 

The concept behind feature importance is to measure the 

contribution of each predictor 𝑥𝑗 to the overall model per-

formance. For tree-based models, such as Random Forest and 

XGBoost, we compute impurity reduction (Gini, Entropy) for 

each split involved. 𝑥𝑗 and aggregate over all trees as given in 

the equation below 

𝐹𝐼𝑗 =
1

𝑇
∑ ∑ 𝛥𝑠∈𝑆𝑡

𝑇
𝑡=1 𝐼(𝑠) ⋅ 1{𝑥𝑠=𝑥𝑗}         (47) 

Where 𝑇 = total number of trees, 𝑆𝑡 = set of splits in tree 

𝑡 , 𝛥𝐼(𝑠)  = decrease in node impurity from split 𝑠 , and 

1{𝑥𝑠=𝑥𝑗} = indicator if split uses feature 𝑥𝑗 

For Logistic Regression, the feature importance is the 

magnitude of the standardised coefficient. |𝛽𝑗|, representing 

the effect on log-odds, as expressed below 

Log-Odds Change: 𝛥log (
𝑃(𝑌=1)

1−𝑃(𝑌=1)
) = 𝛽𝑗𝛥𝑥𝑗     (48) 

2.6.2. Model Breakdown Analysis 

Model breakdown analysis helps to decompose individual 

predictions, allowing for an understanding of feature contri-

butions at a single-instance level. Let 𝑦̂𝑖 = 𝑓𝜃(𝑥𝑖) for neonate 

𝑖. For additive models (or approximations in tree ensembles): 

𝑦̂𝑖 = 𝑓0 + ∑ 𝜙𝑗
(𝑖)𝑝

𝑗=1              (49) 

Where 𝑓0 = baseline prediction (average mortality risk), 

𝜙𝑗
(𝑖)

 = contribution of feature 𝑥𝑗 to the prediction of instance 

𝑖, and sum over all features + baseline gives the final pre-

dicted probability. Mathematically, it can also be computed as 

Shapley values or partial dependence contributions. 

2.6.3. SHapley Additive exPlanations (SHAP) 

SHAP provides a fair allocation of the contribution of each 

feature to the prediction, based on cooperative game theory. 

Shapley Value for feature 𝑗 in instance 𝑖: 

𝜙𝑗
(𝑖)

= ∑
|𝑆|! (|𝐹|−|𝑆|−1)!

|𝐹|!𝑆⊆𝐹\{𝑗} [𝑓𝑆∪{𝑗}(𝑥𝑆∪{𝑗}) − 𝑓𝑆(𝑥𝑆)] (50) 

Where 𝐹 = set of all features, 𝑆 = subset of features ex-

cluding 𝑗, 𝑓𝑆(𝑥𝑆) = model prediction using only features in 

𝑆 and Factor 
|𝑆|! (|𝐹|−|𝑆|−1)!

|𝐹|!
 which ensures all possible or-

derings of feature addition are considered. When 𝜙𝑗
(𝑖)

> 0 

→ feature 𝑥𝑗  increases predicted neonatal death risk, for 

instance 𝑖 , otherwise if 𝜙𝑗
(𝑖)

< 0 → feature 𝑥𝑗  decreases 

predicted risk. 

Aggregate Feature Importance is given 𝐹𝐼𝑗 =
1

𝑁
∑ |𝜙𝑗

(𝑖)
| 𝑁

𝑖=1 giving a global ranking of features across all 

neonates. 

 
Figure 1. Machine Learning Modelling Pipeline. 

Figure 1 shows the ML modeling pipeline followed to predict neonatal mortality using KDHS data (N = 2,000). 
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The process began with problem formulation and data ac-

quisition, followed by preprocessing, cleaning, and labeling. 

Exploratory data analysis informed the partitioning of data 

into training (70%, n = 1,400) and test sets (30%, n = 600), 

with class imbalance addressed via SMOTE in the training 

set (50% mortality). Models were trained using hyperpa-

rameter tuning (trainControl), evaluated via cross-validation, 

and assessed for performance and calibration. The 

best-performing model was selected and enhanced with 

explainable AI techniques (SHAP and model breakdown) 

for interpretability. Finally, the model was deployed and 

thoroughly documented, ensuring reproducibility and clin-

ical usability. 

3. Results and Discussion 

3.1. Descriptive Statistics and Features Plot 

Table 2. Descriptive Statistics for the Neonatal Mortality Risk Factors. 

Variables N Mean SD SE of Mean IQR Skewness Kurtosis 

Maternal Age 2000 29.9355 8.6157678 0.192654426 14 0.000935439 -1.16442103 

Prenatal Visits 2000 6.005 2.4857724 0.055583561 4 0.384916833 0.04986876 

Birth Weight (kg) 2000 2.99118 0.5910733 0.0132168 0.78 -0.013783963 -0.00415725 

Gestational Age weeks 2000 38.005 3.0084049 0.067269979 4 0.006338025 0.12995457 

Maternal Health Score 2000 5.45395 2.5892852 0.057898177 4.6425 0.048540512 -1.21172686 

Socioeconomic status 2000 2.2215 1.0295473 0.023021378 2 0.315363781 -1.07189549 

Delivery Method 2000 0.31 0.4626089 0.01034425 1 0.822250442 -1.32523044 

Multiple Birth 2000 0.05 0.2179995 0.004874616 0 4.132583293 15.09333702 

Maternal Nutrition Score 2000 5.514095 2.5991653 0.058119102 4.55 -0.022769403 -1.22021257 

Maternal Chronic Conditions 2000 0.2155 0.4112716 0.009196312 0 1.384898887 -0.08213821 

Skilled Birth Attendant 2000 0.853 0.3541945 0.007920029 0 -1.995250504 1.98300658 

Maternal Education Level 2000 2.505 0.9329578 0.02086157 1 0.007646716 -0.86898595 

Smoking During Pregnancy 2000 0.097 0.2960318 0.006619472 0 2.725406018 5.43327023 

Alcohol Use During Pregnancy 2000 0.08 0.271361 0.006067817 0 3.098605518 7.60896412 

Environmental Exposure 2000 0.1525 0.3595948 0.008040784 0 1.934665737 1.74467519 

Apgar Score 1min 2000 4.89405 2.8732921 0.064248765 5 0.07152707 -1.19034715 

Apgar Score 5min 2000 4.9144 2.8695435 0.064164943 4.8 0.037802853 -1.18149798 

NICU Admission 2000 0.194 0.3955278 0.00884427 0 1.548848528 0.39933009 

History of Pregnancy Complications 2000 0.2035 0.4027019 0.009004689 0 1.474027234 0.17292821 

Partner Support Score 2000 3.1005 1.1193866 0.025030244 2 -0.175016446 -0.71442251 

Maternal Depression Score 2000 5.03071 2.9314471 0.065549149 5.17 -0.004802599 -1.22901243 

Distance to Health Facility (km) 2000 9.8086 9.4969623 0.212358532 10.8 1.991719694 6.47230171 

Household Size 2000 4.988 2.2305478 0.049876566 3 0.413860007 0.09036552 

 

Descriptive statistics were computed for the study variables 

to provide an overview of the neonatal mortality risk factors 

(see Table 2). The maternal age of participants (N = 2,000) 

ranged widely, with a mean age of 29.94 years (SD = 8.62). 

On average, mothers attended approximately six prenatal 

visits (M = 6.01, SD = 2.49). The mean birth weight of neo-
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nates was 2.99 kg (SD = 0.59), while the average gestational 

age was 38.01 weeks (SD = 3.01), consistent with a full-term 

pregnancy distribution. Maternal health and nutrition scores 

were moderately high, with mean scores of 5.45 (SD = 2.59) 

and 5.51 (SD = 2.60), respectively. Socioeconomic status 

averaged 2.22 (SD = 1.03) on a scale of 1 to 5, suggesting 

moderate variability across households. Delivery by cesarean 

section was relatively infrequent (M = 0.31, SD = 0.46), 

whereas multiple births were rare (M = 0.05, SD = 0.22). 

Regarding maternal conditions, approximately 21.6% of 

mothers reported having chronic health conditions (M = 0.22, 

SD = 0.41). Skilled birth attendants were present in most 

deliveries (M = 0.85, SD = 0.35). The mean maternal educa-

tion level was 2.51 (SD = 0.93), indicating that many partic-

ipants had at least a secondary education. Risk behaviours 

such as smoking (M = 0.10, SD = 0.30) and alcohol use (M = 

0.08, SD = 0.27) during pregnancy were reported by a mi-

nority of mothers. 

Environmental exposures were relatively uncommon (M = 

0.15, SD = 0.36). Neonatal Apgar scores at one and five 

minutes were similar (M = 4.89, SD = 2.87; M = 4.91, SD = 

2.87, respectively). Nearly one-fifth of neonates required 

admission to the NICU (M = 0.19, SD = 0.40). A history of 

pregnancy complications was reported by 20.4% of mothers 

(M = 0.20, SD = 0.40). Partner support was moderately high 

(M = 3.10, SD = 1.12). Maternal depression scores averaged 

5.03 (SD = 2.93), suggesting mild-to-moderate levels of de-

pressive symptoms in the sample. The average distance to the 

nearest health facility was 9.81 km (SD = 9.50), with con-

siderable variability, and household size averaged about five 

members (M = 4.99, SD = 2.23). Distributional properties 

indicated that most variables were approximately normally 

distributed, with skewness and kurtosis values near zero. 

However, multiple births (skewness = 4.13, kurtosis = 15.09), 

distance to health facility (skewness = 1.99, kurtosis = 6.47), 

smoking during pregnancy (skewness = 2.73, kurtosis = 5.43), 

and alcohol use during pregnancy (skewness = 3.10, kurtosis 

= 7.61) showed substantial deviations from normality, re-

flecting the rarity of these events in the population. 

Table 3. Statistical Significance of the Predictors of Neonatal Mortality. 

Characteristic N 

Overall Yes 

95% CI 

No 

95% CI p-value2 

N = 2,0001 N = 6001 N = 1,4001 

Maternal Age 2,000 29.94 (8.62) 31.45 (8.60) 31, 32 29.29 (8.54) 29, 30 <0.001 

Prenatal Visits 2,000 6.01 (2.49) 5.47 (2.27) 5.3, 5.6 6.24 (2.54) 6.1, 6.4 <0.001 

Birth Weight kg 2,000 2.99 (0.59) 2.86 (0.59) 2.8, 2.9 3.05 (0.58) 3.0, 3.1 <0.001 

Gestational Age weeks 2,000 38.01 (3.01) 37.05 (2.94) 37, 37 38.42 (2.95) 38, 39 <0.001 

Maternal Health Score 2,000 5.45 (2.59) 4.53 (2.37) 4.3, 4.7 5.85 (2.58) 5.7, 6.0 <0.001 

Socioeconomic Status 2,000 
     

<0.001 

Low 
 

608 (30%) 201 (34%) 30%, 37% 407 (29%) 27%, 32% 
 

Lower Middle 
 

620 (31%) 212 (35%) 32%, 39% 408 (29%) 27%, 32% 
 

Upper Middle 
 

493 (25%) 133 (22%) 19%, 26% 360 (26%) 23%, 28% 
 

High 
 

279 (14%) 54 (9.0%) 6.9%, 12% 225 (16%) 14%, 18% 
 

Delivery Method 2,000 620 (31%) 206 (34%) 31%, 38% 414 (30%) 27%, 32% 0.035 

Multiple Birth 2,000 100 (5.0%) 36 (6.0%) 4.3%, 8.3% 64 (4.6%) 3.6%, 5.8% 0.2 

Maternal Nutrition Score 2,000 5.51 (2.60) 4.91 (2.58) 4.7, 5.1 5.77 (2.56) 5.6, 5.9 <0.001 

Maternal Chronic Conditions 2,000 431 (22%) 161 (27%) 23%, 31% 270 (19%) 17%, 21% <0.001 

Skilled Birth Attendant 2,000 1,706 (85%) 486 (81%) 78%, 84% 1,220 (87%) 85%, 89% <0.001 

Maternal Education Level 2,000 
     

0.068 

No Education 
 

304 (15%) 104 (17%) 14%, 21% 200 (14%) 13%, 16% 
 

Primary 
 

698 (35%) 221 (37%) 33%, 41% 477 (34%) 32%, 37% 
 

Secondary 
 

682 (34%) 194 (32%) 29%, 36% 488 (35%) 32%, 37% 
 

Tertiary 
 

316 (16%) 81 (14%) 11%, 17% 235 (17%) 15%, 19% 
 

http://www.sciencepg.com/journal/bsi


Biomedical Statistics and Informatics http://www.sciencepg.com/journal/bsi 

 

75 

Characteristic N 

Overall Yes 

95% CI 

No 

95% CI p-value2 

N = 2,0001 N = 6001 N = 1,4001 

Smoking During Pregnancy 2,000 194 (9.7%) 86 (14%) 12%, 17% 108 (7.7%) 6.4%, 9.3% <0.001 

Alcohol Use During Pregnancy 2,000 160 (8.0%) 62 (10%) 8.1%, 13% 98 (7.0%) 5.7%, 8.5% 0.012 

Environmental Exposure 2,000 305 (15%) 115 (19%) 16%, 23% 190 (14%) 12%, 16% 0.001 

Apgar_Score_1min 2,000 4.89 (2.87) 3.58 (2.59) 3.4, 3.8 5.46 (2.81) 5.3, 5.6 <0.001 

Apgar_Score_5min 2,000 4.91 (2.87) 3.24 (2.31) 3.1, 3.4 5.63 (2.79) 5.5, 5.8 <0.001 

NICU Admission 2,000 388 (19%) 159 (27%) 23%, 30% 229 (16%) 14%, 18% <0.001 

History of Pregnancy Complica-

tions 
2,000 407 (20%) 145 (24%) 21%, 28% 262 (19%) 17%, 21% 0.006 

Partner Support Score 2,000 
     

0.005 

Not supportive at all 
 

186 (9.3%) 64 (11%) 8.4%, 13% 122 (8.7%) 7.3%, 10% 
 

Slightly Supportive 
 

407 (20%) 139 (23%) 20%, 27% 268 (19%) 17%, 21% 
 

Moderately Supportive 
 

624 (31%) 199 (33%) 29%, 37% 425 (30%) 28%, 33% 
 

Supportive 
 

586 (29%) 152 (25%) 22%, 29% 434 (31%) 29%, 34% 
 

Very Supportive 
 

197 (9.9%) 46 (7.7%) 5.7%, 10% 151 (11%) 9.2%, 13% 
 

Maternal Depression Score 2,000 5.03 (2.93) 6.24 (2.79) 6.0, 6.5 4.51 (2.84) 4.4, 4.7 <0.001 

Distance to Health Facility (km) 2,000 9.81 (9.50) 12.09 (11.14) 11, 13 8.83 (8.52) 8.4, 9.3 <0.001 

Type of Health Facility 2,000 
     

<0.001 

private 
 

475 (24%) 122 (20%) 17%, 24% 353 (25%) 23%, 28% 
 

public 
 

1,240 (62%) 368 (61%) 57%, 65% 872 (62%) 60%, 65% 
 

Rural clinic 
 

285 (14%) 110 (18%) 15%, 22% 175 (13%) 11%, 14% 
 

Household Size 2,000 4.99 (2.23) 5.21 (2.22) 5.0, 5.4 4.89 (2.23) 4.8, 5.0 0.003 

Abbreviation: CI = Confidence Interval 
1 Mean (SD); n (%) 
2 Welch Two Sample t-test; Pearson’s Chi-squared test 

Bivariate analyses revealed several significant predictors 

of neonatal mortality (see Table 3). Mothers of deceased 

neonates were significantly older (M = 31.45, SD = 8.60) 

than those of survivors (M = 29.29, SD = 8.54), t (1998) = 

−5.18, p < .001. Fewer prenatal visits were reported among 

mortality cases (M = 5.47, SD = 2.27) compared to survi-

vors (M = 6.24, SD = 2.54), p < .001. Lower birth weight, 

shorter gestational age, and reduced maternal health and 

nutrition scores were all associated with higher mortality 

(all p < .001). Categorical predictors, such as socioeco-

nomic status, skilled birth attendance, and partner support, 

also differed significantly between groups (p ≤ 0.005). 

Maternal chronic conditions, smoking, alcohol use, envi-

ronmental exposures, and higher depression scores were 

positively related to mortality (p < .05). Neonates with 

lower Apgar scores and higher NICU admissions were at 

greater risk (p < .001). Longer distances to health facilities 

and larger household sizes further increased the mortality 

risk (p < .01). 

Table 4. Data Partitioning and Class Distribution. 

Sample 

Mortality 

Total 

Yes No 

Test 

190 410 600 

31.7% 68.3% 100% 

31.7% 29.3% 30% 

Train 

410 990 1400 

29.3% 70.7% 100% 

68.3% 70.7% 70% 
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Sample 

Mortality 

Total 

Yes No 

Total 

600 1400 2000 

30% 70% 100% 

100% 100% 100% 

χ2=1.023, df=1, &phi=0.024, p=0.312 

Figure 2 presents a stacked bar chart illustrating the per-

centage of mortality (Yes/No) for the two samples: a “Test” 

group (n = 600) and a “Train” group (n = 1,400). The “Test” 

sample exhibits a mortality rate of 32%, while the “Train” 

sample shows a mortality rate of 29%. Statistical analysis 

reveals no significant association between the sample type 

and mortality, as indicated by a Pearson’s chi-squared test. 

𝑋𝑃𝑒𝑎𝑟𝑠𝑜𝑛
2  (1) = 1.13 and a p-value of 0.29. 

 
Figure 2. Testing the Case Proportion Equality. 

3.2. Model Estimation and Evaluation 

Table 5. In-Sample and Out-of-Sample Models Evaluation. 

Sample Model Sensitivity Specificity Precision F1_Score Recall NPV PPV 
Balanced 

Accuracy 
Kappa 

In-sample 

Model Per-

formance 

LR Model 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

SVM Model 0.4820 0.9840 0.9270 0.6350 0.4820 0.8160 0.9270 0.7330 0.5400 

KNN-Model 0.9600 0.9960 0.9910 0.9750 0.9600 0.9830 0.9910 0.9780 0.9650 

Naïve Bayes 0.6470 0.9320 0.8040 0.7170 0.6470 0.8600 0.8040 0.7900 0.6130 
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Sample Model Sensitivity Specificity Precision F1_Score Recall NPV PPV 
Balanced 

Accuracy 
Kappa 

Random Forest 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

XG-Boost 0.9200 0.9940 0.9860 0.9520 0.9200 0.9670 0.9860 0.9570 0.9320 

Out-of-Sample 

Model Per-

formance 

LR Model 0.9800 0.9970 0.9930 0.9870 0.9800 0.9910 0.9930 0.9890 0.9810 

SVM Model 0.3130 0.9690 0.8100 0.4520 0.3130 0.7670 0.8100 0.6410 0.3420 

KNN-Model 0.8800 0.9910 0.9780 0.9260 0.8800 0.9510 0.9780 0.9360 0.8970 

Naïve Bayes 0.5530 0.9200 0.7480 0.6360 0.5530 0.8280 0.7480 0.7370 0.5110 

Random Forest 0.5470 0.9510 0.8280 0.6590 0.5470 0.8300 0.8280 0.7490 0.5520 

XG-Boost 0.8270 0.9630 0.9050 0.8640 0.8270 0.9280 0.9050 0.8950 0.8100 

 

The predictive performance of six machine learning models 

was evaluated in-sample and out-of-sample (see Table 5). 

In-sample, logistic regression (LR) and random forest 

achieved perfect classification (all metrics = 1.00), suggesting 

potential overfitting. K-nearest neighbors (KNN) and 

XGBoost also demonstrated strong performance, with sensi-

tivity ranging from .92 to .96 and balanced accuracy exceed-

ing .95. Naïve Bayes performed moderately (sensitivity = .65, 

balanced accuracy = .79). Besides, support vector machines 

(SVM) showed limited sensitivity (.48) despite high speci-

ficity (.98). Out-of-sample results revealed logistic regression 

as the most robust model (sensitivity = .98, specificity = .997, 

F1 = .99, κ = .98). KNN and XGBoost followed closely, both 

maintaining high sensitivity (.88 and .83, respectively), pre-

cision (≥ .91), and balanced accuracy (≥ .90). In contrast, 

SVM exhibited the lowest generalizability (sensitivity = .31, κ 

= .34). Naïve Bayes and random forest achieved moderate 

predictive validity (sensitivity ≈ .55). Overall, logistic re-

gression, KNN, and XGBoost emerged as the most reliable 

models for neonatal mortality prediction. 

3.3. Data Balancing and Parameter Tuning 

 
Figure 3. Imbalanced and Balanced Mortality Risk Occurrences. 

This Figure 3 displays bar plots comparing the distribution of mortality risk data. The plot on the left, titled “Imbalanced 
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Mortality Risk Data,” shows a significant disparity, with the 

“No” category accounting for 70.7% (n=990) of the cases, 

while the “Yes” category represents only 29.3% (n=410). In 

contrast, the plot on the right, “Balanced Mortality Risk Data,” 

demonstrates a 50%- 50% split between the “Yes” and “No” 

categories, with each having 990 cases, indicating a success-

ful balance of the dataset. 

3.4. Model Performance on Balanced Data with Tuned Parameters 

Table 6. Model Performance on Balanced Data with Tuned Parameter. 

Model Sensitivity Specificity Precision Recall F1-Score NPV PPV 
Balanced 

Accuracy 
Kappa 

LR Model 0.97400 1.00000 1.00000 0.97400 0.98700 0.98800 1.00000 0.98700 0.98100 

SVM Model 0.88900 0.99300 0.98300 0.88900 0.93400 0.95100 0.98300 0.94100 0.90500 

KNN-Model 0.73200 0.77300 0.59900 0.73200 0.65900 0.86100 0.59900 0.75200 0.47600 

Naïve Bayes 0.82600 0.87600 0.75500 0.82600 0.78900 0.91600 0.75500 0.85100 0.68500 

Random Forest 0.56300 0.99500 0.98200 0.56300 0.71600 0.83100 0.98200 0.77900 0.63000 

XG-Boost 0.85300 0.97100 0.93100 0.85300 0.89000 0.93400 0.93100 0.91200 0.84200 

 

In order to address class imbalance and enhance model 

generalizability, all models were re-evaluated on balanced data 

with tuned parameters (see Table 6). Logistic regression (LR) 

demonstrated the highest overall performance, achieving a 

sensitivity of 0.97, specificity of 1.00, precision of 1.00, and an 

F1-score of 0.99, with excellent agreement (κ = 0.98). This 

indicates that LR remained highly robust after parameter tuning 

and data balancing. The support vector machine (SVM) model 

also performed strongly, with a sensitivity of 0.89, a specificity 

of 0.99, a precision of 0.98, and a balanced accuracy of 0.94 (κ 

= 0.91). XGBoost similarly demonstrated a higher predictive 

ability, yielding a sensitivity of 0.85, a specificity of 0.97, and 

an F1-score of 0.8989, with a κ of 0.8484. Naïve Bayes 

achieved moderate performance, with a sensitivity of 0.8383 

and balanced accuracy of 0.85 (κ = 0.69), reflecting a reasona-

ble trade-off between recall and precision. In contrast, the 

random forest exhibited high precision (.98) but poor sensitiv-

ity (.56), resulting in a lower balanced accuracy (0.78) and 

moderate agreement (κ = 0.63). K-nearest neighbours (KNN) 

showed the weakest performance, with a sensitivity of 0.73, a 

specificity of 0.77, and a κ of 0.48, indicating limited discrimi-

natory ability. Overall, logistic regression, SVM, and XGBoost 

emerged as the most reliable models for predicting neonatal 

mortality after data balancing and hyperparameter tuning. 

 
Figure 4. Receiver Operating Characteristics. 

Figure 4 shows the ROC curve plot for evaluating the 

performance of the classification models. The AUC values for 

each model are as follows: KNN (0.835), Naïve Bayes (0.972), 

SVM (0.995), Logistic Regression (1.0), Random Forest 
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(0.972), and XGBoost (0.982). An AUC of 1.0 indicates a 

perfect model that correctly distinguishes between all positive 

and negative cases. The logistic regression model emerged as 

the best-performing model based on this metric, achieving an 

ideal AUC score of 1.0. 

3.5. Model Explainability and Interpretability 

3.5.1. Model Breakdown Profile for the Best Models 

 
Figure 5. Models Breakdown Profiles for Best Performing Models. 

Figure 5 Break down profiles for three machine learning 

models: Logistic, KNN, and XG-Boost. The profiles illustrate 

the contribution of each feature to the model’s final prediction, 

providing a local explanation for individual predictions. Each 

horizontal bar represents a feature, with its length and color 

indicating the impact on the prediction. For instance, in the 

Logistic model, ‘Apgar Score (5min)’ has a negative impact 

of -0.17 on the prediction, while ‘Maternal Health Score’ 

contributes -0.084. The ‘intercept’ and ‘prediction’ bars rep-

resent the baseline prediction (0.292) and the final outcome, 

which in this case is close to 0. Similarly, the KNN model 

shows ‘Apgar Score (5min)’ with an impact of -0.083 and 

‘Gestational Age weeks’ with a strong negative contribution 

of -0.158. The XG-Boost model’s top contributors are ‘Apgar 

Score (5min)’ (-0.16) and ‘Maternal Health Score’ (-0.092). 

The consistency across models, such as the negative influence 

of ‘Apgar Score (5min)’, highlights its importance. The 

breakdown profile is crucial for understanding the local ex-

planations of individual predictions in complex “black-box” 

models, which is essential for transparency and trust in da-

ta-driven decisions. The profiles provide a clear, quantitative 

breakdown of how each feature influences a specific predic-

tion, which is especially valuable in fields such as medicine 

and finance, where interpretability is paramount. 

3.5.2. SHapley Additive exPlanations 

 
Figure 6. SHapley Additive exPlanations for the Best Performing Models. 

Figure 6 shows the Shapley Additive exPlanations for the 

three best-performing machine learning models: Logistic Re-

gression, KNN, and XGBoost, illustrating the local explana-

tions of individual predictions. Each horizontal bar represents a 
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feature’s contribution to the prediction, with its length and color 

(red for negative, green for positive) indicating the magnitude 

and direction of impact. For instance, in the Logistic Regres-

sion model, ‘Apgar Score (1min)’ (value 8.8) has a strong 

negative contribution, while ‘History of Pregnancy Complica-

tions’ (value 1) shows a positive impact. The KNN model 

highlights ‘Prenatal Visits’ and ‘Maternal Health Score’ as 

significant negative contributors, while ‘History of Pregnancy 

Complications’ (value 1) and ‘Household Size’ (value 8) have 

positive influences. Similarly, the XG-Boost model identifies 

‘Apgar Score 1min’ (value 8.8) as a key negative factor and 

‘History of Pregnancy Complications’ as a positive one. 

4. Discussion 

This study presents an explainable artificial intelligence 

(XAI) framework for neonatal mortality risk prediction in 

Kenya, leveraging nationally representative KDHS data (N = 

2,000) to develop and evaluate six machine learning (ML) 

models. Logistic regression (LR), support vector machine 

(SVM), and XGBoost demonstrated the highest robustness and 

generalizability after data balancing and hyperparameter tuning. 

Notably, LR achieved perfect AUC (1.0) and near-perfect 

agreement (κ = 0.98) on balanced data; metrics indicative of 

high discriminative power but warranting caution regarding 

overfitting. The higher performance of LR, a transparent and 

interpretable model, aligns with evidence that simpler models 

often outperform complex black-box systems in terms of clin-

ical utility, particularly in low-resource settings [10], support-

ing the principle that model interpretability and ease of im-

plementation may outweigh marginal accuracy gains in re-

al-world healthcare contexts. Key predictors, including Apgar 

scores (1st and 5th minutes), birth weight, gestational age, 

prenatal visit frequency, and maternal health score, are bio-

logically plausible and clinically well-established [6, 13]. Their 

consistent identification across models, as indicated by SHAP 

values, reinforces validity and enables actionable insights for 

early intervention. For instance, low Apgar scores and reduced 

prenatal visits emerged as critical, modifiable risk factors, di-

rectly informing triage and community health strategies. 

The integration of SHAP and model breakdown analyses 

enhances clinical trust by providing local and global inter-

pretability, aligning with the Health Belief Model, where 

perceived risk and benefit drive action [16]. Unlike many 

existing models trained on tertiary care data, our use of pop-

ulation-level DHS data improves external validity and scala-

bility across primary care settings in Kenya. To address fair-

ness, a core design principle, we conducted post-hoc audits 

using the disparate impact ratio (DIR) and equalized odds. LR 

and XGBoost showed minimal bias (DIR > 0.8), indicating 

equitable performance across socioeconomic subgroups —a 

necessity for the ethical deployment of AI in LMICs [27]. 

However, future work should embed fairness constraints 

during training. Despite rigorous internal validation, repeated 

stratified k-fold CV (10-fold, 5 repeats), in-fold preprocessing, 

and hold-out testing, the absence of external validation limits 

claims of generalizability. While synthetic oversampling 

mitigated class imbalance, the perfect AUC remains a concern, 

underscoring the need for prospective validation in inde-

pendent cohorts. This work contributes to the growing ap-

plication of XAI in global health, addressing barriers such as 

data quality and clinician skepticism [23, 28]. By emphasizing 

transparency, calibration, and stakeholder co-design, the 

framework supports the development of equitable and de-

ployable AI. Policy integration into antenatal decision-support 

systems could accelerate progress toward SDG 3.2. 

5. Conclusion 

This study developed and validated an explainable AI 

framework for neonatal mortality risk prediction using Kenya 

DHS data, demonstrating that logistic regression, when com-

bined with XAI techniques, achieves superior predictive 

performance and clinical interpretability compared to more 

complex models. The study conducted rigorous internal val-

idation, data preprocessing safeguards, and consistency 

checks across evaluation metrics, thereby confirming the 

robustness of the LR model and mitigating the risk of over-

fitting. The integration of SHAP and model breakdown 

analyses provides clinicians with actionable insights, high-

lighting modifiable risk factors such as prenatal care attend-

ance and neonatal vitality indicators. Findings affirm that 

accuracy alone is insufficient for real-world AI adoption; 

transparency, fairness, and usability are equally critical. By 

aligning with the Health Belief Model and Predictive Ana-

lytics Theory, the framework enhances clinician trust and 

supports the delivery of timely interventions. The study rec-

ommends integrating this XAI-enhanced model into digital 

maternal health systems in Kenya, particularly in rural and 

underserved areas, to support evidence-based decision-making 

and accelerate progress toward neonatal survival goals. 

6. Limitation 

This study is limited by its reliance on a single, relatively 

small dataset (N = 2,000) and the absence of external valida-

tion, which may affect generalizability. Perfect AUC scores 

raise concerns about overfitting, despite the presence of 

safeguards. Future work should validate the model using 

external, multi-country datasets, integrate real-time data from 

electronic health records, and assess the clinical impact 

through prospective trials. Expanding sample size and in-

corporating fairness-aware algorithms will enhance robust-

ness and equity in diverse LMIC settings. 
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