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Abstract
Background

Perinatal mortality stillbirths after 28 weeks of gestation and early neonatal deaths within seven days of
birth persists as a major public health challenge in Sub-Saharan Africa. Despite global declines in
neonatal mortality, progress remains uneven in low-resource settings. Limited use of advanced analytics,
especially machine learning, has hindered predictive accuracy and insights into complex risk factors.

Methods

This cross-sectional study analyzed pooled Demographic and Health Survey data from 19 Sub-Saharan
African countries (2016-2023), including a weighted sample of 802,470 women aged 15-49. Seven
supervised machine learning algorithms (Random Forest, Decision Tree, Logistic Regression Voting
Classifier, XGBoost, Naive Bayes, Stacking, LightGBM) predicted perinatal mortality. Synthetic Minority
Over-sampling Technique (SMOTE) addressed class imbalance. Performance was assessed via
accuracy, precision, recall, F1-score, and AUC-ROC; SHAP analysis interpreted feature importance.

Results

Perinatal mortality prevalence was 5.2%, highest in Céte d'lvoire (9.1%), Tanzania (7.5%), and Ghana
(7.0%), lowest in Gabon (2.5%), Zambia (3.4%), and Madagascar (3.6%). Random Forest excelled with
81.7% accuracy, 80% precision, 84% recall, 82% F1-score, and 0.91 AUC-ROC. SHAP analysis highlighted
maternal age, education, and parity (number of living children) as top predictors. Higher maternal
education offered strong protection; first and high-order births elevated risk.

Conclusion

Random Forest effectively predicted perinatal mortality. Low maternal education was the primary risk
factor, with parity showing a U-shaped pattern. Prioritizing female education, antenatal care quality, and
high-risk parity groups could substantially reduce regional perinatal deaths.

Background

Perinatal mortality includes death within seven days of birth and any fatality that occurs at or after 28
weeks of pregnancy stillbirth(1). In many developing nations, these untimely deaths are a public health
issue that has a significant impact on families, society, and the economy(2).

In the world, there are more than 5 million perinatal deaths per year, and many of them are avoidable
(3).Ten and a half million children under five pass away every year, with four million of those deaths
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occurring in the first four weeks of life. Stillbirths total 3.3 million more.

In 2019, the World Health Organization (WHO) reported that out of 2.6 million newborns worldwide, more
than 8,200 died within their first day. Of the 133 million newborns born each year, 2.8 million die in the
first week of life or at birth, and the majority of these deaths take place in developing countries(4).

In comparison to high-income countries, the risk of newborn death is nine times higher, while the risk of
stillbirth is 7.6 times higher in low-income countries(5).

Furthermore, with 27 deaths per 1000 live births in 2017, sub-Saharan Africa had the highest neonatal
mortality rate among the regions designated by the Sustainable Development Goals. Southern Asia,
Oceania, Latin America, and the Caribbean had rates of 26, 21, and 10 deaths per live birth,
respectively(6-8).

In East Africa, perinatal mortality remains a significant issue, with rates varying between countries and
subregions. Eastern Africa has the highest pooled perinatal mortality rate at 34.5 per 1000 births (9).
Globally, the newborn mortality rate decreased from 37 deaths per 1000 live births in 1990 to 19 in 2016,
while the average stillbirth rate per 1000 total births decreased from 24.7 in 2000 to 18.4in(10, 11).The
international community encourages low- and middle-income nations to keep up their commitment to
lowering maternal and infant mortality rates by expanding access to maternal, neonatal, and perinatal
health services, with the Millennium Development Goals deadlines rapidly approaching(12).The region
was committed to achieving the Sustainable Development goals, and it has been working to lower
newborn mortality to less than 12 per 1000 live births by 2030(13). Nevertheless, the reduction of
neonatal, infant, and under-five mortalities cannot be realized without a substantial reduction of perinatal
mortality(14).

Various risk factors for neonatal mortality have been found in numerous studies, such as low birth
weight, preterm, prior history of perinatal deaths, insufficient iron supplementation, and inadequate
tetanus toxoid vaccination(15). furthermore, Factors influencing perinatal outcomes include parity(16,
17), maternal age(18), maternal education(19, 20), attendance of antenatal care visits (ANC)(21),
presence of a skilled birth attendant(22), previous history of perinatal mortality(23), low family income,
birth interval(24), the total number of children under five(23), place of delivery(25), and residency(18).
Although the alarmingly high incidence of perinatal mortality in East Africa, our review of the literature
reveals significant gaps in the methodology of the determinants of prenatal health and death in
resource-limited settings. A significant barrier to the global attempts to instantly reduce perinatal and
under-five child mortality is the absence of the application of machine learning. To overcome these
problems, machine learning algorithms perform better than conventional approaches, allowing for
quicker and more accurate results and learning provides new tools to address issues that traditional
statistical methods are not well adapted. Therefore, this study aimed to address the method gap in
predicting perinatal deaths in East Africa by developing the best model using machine learning
algorithms.
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Methods
Design

This investigation adopted a cross-sectional analytical approach, drawing on data from the Demographic
and Health Surveys (26) implemented across 19 sub-Saharan African nations. As a standardized,
nationally representative survey program, the DHS systematically collects health and demographic
information in low- and middle-income countries. The weighted analytical sample consisted of 802,470
women of reproductive age (15-49 years). Data preprocessing and subsequent analyses were
performed using Python (version 3.12). To predict perinatal mortality, a range of supervised machine
learning algorithms—including Random Forest, Decision Tree, Logistic Regression-based voting
classifier, Extreme Gradient Boosting (XGBoost), Naive Bayes, stacking ensemble, and LightGBM—were
employed. LightGBM was prioritized for its computational efficiency in processing large-scale, high-
dimensional datasets (13). The predictive performance of the models was evaluated using standard
classification metrics: accuracy, precision, recall, F1-score, and area under the receiver operating
characteristic curve (AUC-ROC) (9).

Study period and setting

The study used data from recent surveys conducted in 19 Sub—Sharan African countries between 2016
and 2023 G.C. This investigation compiles individual-level data from multiple countries to examine
women who experienced perinatal loss. The pooled dataset, weighted to ensure representativeness,
comprises 802,470 cases. All data utilized in this research are publicly accessible through the
Demographic and Health Surveys (26) program repository at https://dhsprogram.com/data/available-
datasets.cfm.

Study Area

This investigation examines perinatal outcomes across Sub-Saharan Africa's extensive geographic
expanse, targeting 19 nations: Burundi, Cote d'lvoire, Ethiopia, Gabon, Ghana, Gambia, Kenya, Liberia,
Lesotho, Madagascar, Malawi, Mozambique, Rwanda, Sierra Leone, Senegal, Tanzania, Uganda, and
Zambia. Secondary data analysis was conducted using Demographic and Health Surveys (26) as the
primary data source. Among Sub-Saharan African countries, 19 maintain complete and accessible DHS
information; the remaining four possess either outdated datasets or restricted access (including Eritrea).
Consequently, this study incorporated the most recent standardized DHS data from 19 countries meeting
all quality and accessibility criteria.

Target Population
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The source population comprised all women of reproductive age in sub-Saharan Africa who had given
birth within the five years preceding the respective Demographic and Health Surveys. The study
population was restricted to women residing in the selected enumeration areas across the nineteen
included countries, who provided complete information on delivery method during the survey period.

Eligibility Criteria
Women aged 15-49 with ongoing pregnancies of 28 + weeks (seven or more months) at the time of the
survey, within the five-year period preceding the survey, were included. Women with pregnancy losses

before seven months (e.g., abortions) or live births occurring outside the five-year window preceding the
survey were excluded.

Sample Size and Sampling Procedure
Sample Size Determination

A total weighted sample of 802,470 women of reproductive age was drawn using the Demographic and
Health Surveys' two-stage stratified cluster sampling design. In the first stage, enumeration areas were
selected with probability proportional to size. In the second stage, a fixed number of households were
systematically selected from each enumeration area. This sampling approach ensured national
representativeness and permitted disaggregation of estimates by region, urban-rural residence, and
socioeconomic characteristics (15).

Sampling Procedure

This study utilized data from the Demographic and Health Surveys (26), which employ a stratified multi-
stage cluster sampling design. Enumeration areas were initially selected from census regions (strata)
using stratified random sampling, followed by the systematic random selection of households within
each enumeration area. Data were collected via standardized questionnaires covering various aspects of
reproductive health, including the mode of delivery. The 19 sub-Saharan African countries included in this
analysis were selected based on the completeness and recency of their DHS data (16) as shown in Fig. 1
and Table 1
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Table 1
Countries’ years of survey and sample size (annex

Countries Years of survey  Unweighted sample  Weighted sample
Burundi 2016-17 48,745 45,419
Ethiopia 2016 90,838 41,392
Kenya 2022 39,979 77,381
Madagascar 2021 41,392 47,720
Malawi 2015-16 23,232 68,074
Mozambique 2022-23 34,663 33,900
Rwanda 2019-20 31,665 30,820
Tanzania 2022 77,381 40,394
Uganda 2016 24,765 57,906
Zambia 2018 10,445 38,446
Burkina Fasso 2021 47,720 48,745
Cote d'lvoire 2021 68,074 39,979
Gabon 2019 33,900 23,232
Ghana 2022 30,820 34,663
Gambia 2019 40,543 31,665
Liberia 2019 21,562 24,765
Lesotho 2023 40,394 10,445
Sierra Leone 2019 57,906 40,543
Senegal 2019 38,446 21,562
Total 1,279,054 802,470

Source demographic and health survey dataset survey 2016-2023
Variables and Operational Definitions
Study Variable

The primary outcome variable in this study was perinatal mortality, defined as the composite of
stillbirths specifically, fetal deaths occurring after seven completed months of gestation—and early
neonatal deaths, referring to the death of live-born infants within the first seven days following birth(27).
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Perinatal death was operationalized as a binary variable, coded as “yes” for cases in which death
occurred during the perinatal period and “no” for all other outcomes.

A total of 25 predictor variables were included in the machine learning models, selected on the basis of
prior evidence from the literature(28, 29), which are available in DHS dataset. These encompassed
maternal and paternal sociodemographic characteristics, including age (in years), area of residence
(rural or urban), educational status (highest level of education attained (no, primary, secondary, or
higher), marital status (single, married, or widowed/divorced), and occupation (unemployed, employed),
sex of the house hold leader( male, female), sex of child(male, female) place of delivery(home, Health
institution) and clinical characteristics antenatal care visit status, Postnatal care visits status, numbers
of living children, current family planning status, numbers of tetanus toxoid vaccine injection taken
during pregnancy, and mode of and delivery.

Data Sources and Tools

The analysis drew on data from The DHS Program database (https://dhsprogram.com), with the primary
source being the birth record components of Demographic and Health Surveys implemented in ten sub-
Saharan African nations. As these surveys utilize standardized questionnaires, they facilitate valid and
reliable cross-country comparisons.(26).

Data and Management Preprocessing

Data processing and analysis were carried out using STATA version 17 and Python. Following initial data
management in STATA, the datasets were converted to. DTA format and imported into Python. Within
this environment, data manipulation was facilitated by Pandas and NumPy, and visualizations were
generated using Matplotlib and Seaborn. The model development phase relied on the Scikit-learn and
random forest libraries. The preprocessing strategy included mean imputation for missing data, the
removal of outliers, and the application of the Synthetic Minority Over-sampling Technique (SMOTE) to
address class imbalance where necessary(30).

Data Analysis Framework

The analytical approach adhered to stage machine learning workflow delineated by Guo (2018). This
framework encompasses data cleaning, feature selection, model selection, training, validation,
hyperparameter tuning, testing, and interpretation(31).

Feature Engineering

As part of the data preprocessing pipeline, categorical variables were transformed via one-hot encoding.
Subsequently, feature normalization was applied to standardize all variables to a common scale, thereby
facilitating unbiased comparisons across different algorithms.

Machine learning models
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This schematic depicts the sequential analytical process, beginning with data acquisition from the
Demographic and Health Surveys (2016-2023) and proceeding through data preprocessing, model
development using seven classifiers, performance assessment, optimal model identification via
hyperparameter tuning, and concluding with validation on a 20% test sample shown in Fig. 2.

Model Evaluation

The performance of the predictive models was evaluated using both train-test split and cross-validation
techniques. Model performance on the test set was assessed using standard classification metrics,
including accuracy, precision, recall, F-measure, and the receiver operating characteristic (ROC) curve. To
provide a detailed account of classification outcomes, a confusion matrix was generated for each
model. This N x N matrix (where N represents the number of classes) tabulates the counts of correct
and incorrect predictions, thereby illustrating the model's ability to correctly identify cases of perinatal
mortality versus instances of misclassification.

Model performance was assessed using metrics derived from the confusion matrix, which tabulates the
counts of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) predictions. In
the context of this study, true positives refer to cases of perinatal mortality that were correctly classified
by the model. True negatives denote non-mortality cases that were correctly identified as such. False
positives represent instances where the model incorrectly predicted perinatal mortality for a non-case,
while false negatives indicate actual mortality cases that were misclassified as negative (32).

TP + TN
TP +FP +FN + TN

Accuracy =

Model performance was evaluated using several standard classification metrics derived from the
confusion matrix.

Recall (Sensitivity)

Recall, also referred to as sensitivity or the true positive rate, measures the proportion of actual positive
cases that were correctly identified by the model. It quantifies the model's ability to detect positive
events and was calculated as follows (33)

TP

Recall(Sensitivity, truepositiverate) = TP TN

Precision (Positive Predictive Value)

Precision, or positive predictive value, assesses the accuracy of positive predictions by measuring the
proportion of predicted positive cases that were truly positive. It indicates how many of the cases
identified as high-risk for perinatal mortality were correctly classified (34). The formula used was

TP

Precision (Positivepredictivevalue) = TP TP
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F1-Score

The F1-score represents the harmonic mean of precision and recall, providing a balanced measure that
accounts for both false positives and false negatives. It is particularly useful when dealing with
imbalanced classes, as a higher F1-score indicates better model performance (35). It was computed as

2*Precision*Recall

F1 =
SeoTe Precision + Recall

Area Under the Receiver Operating Characteristic Curve (AUC-ROC)

The Receiver Operating Characteristic (ROC) curve illustrates the trade-off between sensitivity (true
positive rate) and specificity (true negative rate) across different classification thresholds. The area
under this curve (AUC) provides a single measure of the model's ability to discriminate between positive
and negative classes. AUC values range from 0 to 1, with higher values indicating better discriminatory
power. In this study, model efficiency was assessed using the AUC, where values closer to 1.0 signify
superior predictive performance (36).

Model Development and Evaluation

The dataset was randomly partitioned into training (80%) and testing (20%) subsets.

To enhance model robustness and generalizability, 10-fold cross-validation was applied during the
training phase. Model performance was subsequently assessed on the test set using standard
classification metrics, including accuracy, precision, recall, F1-score, and the area under the receiver
operating characteristic curve (AUC)(32).

Model Interpretability using SHAP

To improve the interpretability of the model outputs, shapley Additive exPlanations (SHAP) values were
calculated. This game-theoretic framework quantifies the contribution of each feature to individual
predictions, thereby enhancing transparency and illuminating the underlying decision-making processes
of the machine learning models(33).

Ethical Considerations

Permission to access and utilize the data was sought from the Demographic and Health Surveys
Program. This was accomplished by submitting the study title and objectives through their online
request platform, which resulted in the issuance of an official authentication letter authorizing data
access(34).

Results

A total of 802,470 weighted participants were included in the analysis to predict perinatal mortality and
identify its determinants in sub-Saharan Africa (SSA). The largest contributors to the sample were
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Burundi (90,838; 11.3%), Kenya (77,381; 9.6%), Malawi (68,074; 8.3%), and Uganda (57,906; 7.2%).
Conversely, the smallest sample sizes were observed in Lesotho (10,445; 1.3%), Senegal (21,562; 2.6%),
Gabon (23,232; 2.9%), and Liberia (24,765; 3.1%). With respect to maternal age, women aged 35-49
years constituted the largest proportion (57.2%). The majority of participants resided in rural areas
(72.2%), while 27.8% lived in urban settings. Regarding educational attainment, 305,982 participants
(40.4%) had no formal education, while 148,064 (37.4%) had completed primary education, and only
21,961 (2.9%) had attained higher education. Furthermore, approximately 362,263 participants (47.9%)
were from households classified as having poor wealth status. A detailed summary of participant
characteristics is presented in 2 and Table 3.
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Table 2

Frequency distribution of weighted samples from selected
sub-Saharan countries, 2016—2023 (N = 802470)

Country

Yes
BurkinaFasso
Burundi

Cote d'lovore
Ethiopia
Gabon
Ghana
Gambia
Kenya
Liberia
Lesotho
Madagascar
Malawi
Mozambique
Rwanda
Sierra Leone
Senegal
Tanzania
Uganda
Zambia

Total

Pregnancy loss and early neonatal death

Perinatal death

No Mortality %
3,037 45,708
4,342 86,496
3,645 36,334
2,085 39,307

581 22,651
2,429 32,234
1,701 29,964
4,739 72,642

1,332 23,433
658 9,787
1,711 46,009

2,568 65,506
2,133 31,767

1,191 29,629
1,650 38,893
1,054 20,508

3,048 37,346
2,576 55,330
1,296 37,150
41,776 760,694

Total
6.2
4.8
9.1
5.0
2.5
7.0
5.4
6.1
5.4
6.3
3.6
3.8
6.3
3.9
4.1
49
7.5
4.4
3.4
5.2

48,745
90,838
39,979
41,392
23,232
34,663
31,665
77,381
24,765
10,445
47,720
68,074
33,900
30,820
40,543
21,562
40,394
57,906
38,446
802,470
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Table 3

Sociodemographic characteristics of the study participants in the Sub-Saharan Africa
demographic and health survey, 2016 - 203

Variables Category Frequency Percentage
Age 15-24 72,032 9.5

25-34 252,258 333

35-49 | 432,761 57.2
Residence Urban 210,847 27.9

Rural 546,204 72.1
Respondent education status  No education 330,850 411

primary education 314,183 39.2
secondary education 135,179 16.9
higher education 22,258 2.8

Husband educational status No education 347,939 41
primary education

secondary education 129,404 80

higher education 55,180 7.29
Male 559,719 73.93
Sex of the house hold Female 197,332 26.07
Married 631,903 83.47
Marital status Single 125,148 16.53
poor 362,263 47.85
Wealth status Middle 152,129 20.09
Rich 242,659 32.05

Maternal and prenatal-related characteristics

The study comprised a weighted sample of 802,470 women. Regarding antenatal care (ANC) utilization,
the vast majority of participants (703,190; 92.9%) attended at least four ANC visits, while only 6,841
women (0.9%) had no ANC contact during their pregnancy. With respect to postnatal care (PNC), the
proportion of women who received a postnatal check-up within 24 hours of delivery was 3,055 (0.4%). In
contrast, 741,202 women (92.4%) received their first postnatal care after seven days or later as shown in
Table 4.
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Table 4

Maternal health and fertility-related factors inthe Sub-Saharan Africa
demographic and health survey, 2016 - 203

Variables

ANC visit

Place of delivery
delivery by caesarean
section

sex of child

multiple birth

number of living children

Postnatal care

pregnancy, given or

bought iron tablets/syrup

tetanus injections

before birth

Category

no visit

1-4

4 and above
home delivery
institutional delivery
No

Yes

male

female

single birth
1st multiple |
2nd multiple
3rd multiple |
zero

one-Two
Three and above
Within 24 hrs.
25-48 hrs.
49-72 hrs.
73hrs-7days
After 7days
No

Yes

Unknown
Less than 2

greater than 2
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Frequency
6,841
703,190
47,020
38,368
718,683
745,587
11,464
383,743
373,308
733,761
11,579
11,577
121
2,780
145,052
609,219
3,055

51

5,067
7,676
741,202
20,683
736,082
286
63,418
693,633

Percentage
0.90
92.89
6.21
5.07
94.93
98.49
1.51
50.69
49.31
96.92
1.53
1.53
0.02
0.37
19.16
80.47
0.40
0.01
0.67
1.01
97.91
2.73
97.23
0.04
8.38
91.62




Variables Category Frequency Percentage
ANC visit no visit 6,841 0.90

1-4 703,190 92.89
anemia level severe 4,369 0.58

Moderate 56,971 7.53

Mild 77,600 10.25

Not Anemic 618,111 81.65

Machine learning Analysis
Balancing data set

Descriptive statistics revealed that the prevalence of prenatal mortality among births was 5.2%,
indicating a class imbalance where approximately 95% of observations fell into the majority class. To
address this and support the development of reliable predictive models, the dataset was balanced by
adjusting the class distribution to 50 instances per category, resulting in a symmetric distribution. The
selected machine learning models were then trained on this balanced dataset using an 80:20 train-test
split and 10-fold cross-validation, as illustrated in Fig. 3.

SMOTE oversampling technique

To address the class imbalance inherent in the dataset, the Synthetic Minority Over-sampling Technique
(SMOTE) was implemented. This method augments the minority class by generating synthetic instances
to achieve parity with the majority class, thereby producing a more balanced class distribution, as
depicted in Fig. 3

Model evaluation and ROC analysis

The confusion matrix provides a comprehensive breakdown of the model's predictions, detailing the
counts for true positives, true negatives, false positives, and false negatives.

False Positives (FP): 26,523 — These are cases where the model incorrectly predicted perinatal mortality
for babies who did not actually experience it.

False Negatives (FN): 20,529 — These are cases where the model failed to detect perinatal mortality,
predicting "no mortality" for babies who did experience it.

True Negatives (TN): 102,126 — These are cases where the model correctly predicted that no mortality
occurred.
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True Positives (TP): 108,120 - These are cases where the model correctly identified the presence of
perinatal mortality.

The high number of true positives indicates that the model is effective at detecting perinatal mortality
when it occurs. Overall, the model achieved an accuracy of 81.7%, meaning it correctly classified the
outcome in more than 8 out of every 10 cases. While this reflects solid performance overall, it is
important to interpret accuracy alongside the class distribution shown in the confusion matrix as shown
in Fig. 4.

Comparisons of model performance metrics
figure 4: confusion matrix

The performance of seven machine learning models was evaluated using Accuracy, Precision, Recall, F1
Score, and ROC/AUC on both imbalanced and balanced datasets. Balancing the data led to improved
performance across most models. Random Forest demonstrated consistent results across all metrics,
achieving an AUC of 91.9%, an F1 score of 82%, accuracy of 81.7%, precision of 80%, and recall of 84%.
In contrast, Naive Bayes showed comparatively lower performance, with an AUC of 59.4%, F1 score of
65.5%, accuracy of 54%, and precision of 52.4%. These findings highlight Random Forest’s superior
robustness in handling class imbalance and capturing complex patterns. Moreover, data balancing
significantly enhanced predictive reliability for perinatal mortality risk modeling, as illustrated in Fig. 5.

Feature ranking

Understanding the reasoning behind machine learning predictions is essential for effectively applying
these models in practice. By using the Random Forest algorithm to assess predictor importance for
nutritional status, we can identify which factors most strongly influence prenatal mortality. Features with
longer bars at the top of the importance ranking have the strongest associations with the outcome. The
most influential predictors include the participnats age, , educational status level, and the number of
living children key insights that offer actionable guidance for healthcare providers. Interestingly, factors
such as the number of antenatal care visits and the use of contraceptive family planning methods
ranked low in importance. This unexpected finding may be due to data quality issues, such as missing
values or measurement errors in self-reported responses. Nonetheless, clinicians should continue to
prioritize these established risk factors during patient assessments as shown in Fig. 6.

Figure. 6 Feature Importance from Random Forest Model for perinatal mortality Prediction Among gave
birth mothers demographic and health survey, 2016—-2023

The Receiver Operating Characteristic (ROC) curve was used to evaluate the performance of the support
vector machine (random forest classifier applied to a balanced dataset. Each curve represents the true
positive rate against the false positive rate for a specific class, along with its area under the curve (AUC)
score. The model demonstrated consistently high performance across all perinatal mortality see Figure.
7.
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SHAP Summary Plot

The SHAP dependence plots show that red and pink colors correspond to higher values of the
interacting variable, while blue indicates lower values. The analysis identified maternal education, parity,
and maternal age as key predictors of perinatal mortality. Higher levels of maternal education and
greater household wealth were associated with a lower predicted risk, demonstrating their protective
effect. In contrast, an increase in the number of living children substantially raised the predicted
probability of perinatal mortality, reflecting the detrimental impact of high parity. Maternal age
contributed modestly and positively to the risk, which is consistent with the greater obstetric
complications observed at advanced ages. Moreover, the interaction patterns indicate that these
associations are influenced by the socioeconomic context.

SHAP analysis was employed to assess the contribution of individual predictors to perinatal mortality.
Maternal education emerged as the most influential factor, exhibiting the widest SHAP value range and
thus the strongest impact on the model output. Higher educational attainment was associated with a
reduced predicted risk of perinatal mortality. The number of living children ranked as the second most
important predictor, with increasing parity markedly elevating the predicted risk. Maternal age showed a
smaller yet consistent positive effect on perinatal mortality. Furthermore, interaction patterns revealed
that the protective effect of maternal education was more pronounced among women from wealthier
households. Overall, the SHAP summary plot demonstrated that maternal education was the leading
predictor of perinatal mortality, followed by parity and maternal age, as illustrated in the Fig. 8.

Discussion

Seven machine-learning models were developed to predict perinatal mortality in Sub-Saharan Africa
using Demographic and Health Survey data from 2016-2023. Cote d’Ivoire (9.1%), Tanzania (7.5%),
Ghana (7.0%), Lesotho (6.3%), and Mozambique (6.3%) recorded the highest proportions of perinatal
deaths, whereas Gabon (2.5%), Sierra Leone (2.8%), Zambia (4.0%), and Madagascar (3.6%) had the
lowest. The Random Forest model outperformed the other algorithms, with an accuracy of 81.7%,
precision of 80%, recall of 84%, F1-score of 82%, and an AUC-ROC of 0.91. Class imbalance was handled
using the Synthetic Minority Over-sampling Technique (SMOTE).

The primary objective of this study was to determine the optimal machine learning model for predicting
perinatal mortality, identify the most influential predictors, and extract decision rules that describe the
underlying relationships in the dataset across selected Sub-Saharan African countries. SHAP results
from the Random Forest model demonstrated that maternal age, maternal educational status, number of
living children, multiple gestion were among the most significant predictors variables. Women with
higher levels of education showed substantially lower SHAP values, indicating a protective effect against
perinatal mortality.
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The findings indicated that low maternal educational attainment was associated with an increased risk
of perinatal mortality. This result is in line with earlier studies from Indonesia (35), the United States,
Canada, and India (36), and the WHO Global Survey conducted in 24 countries across Africa, Asia, and
Latin America between 2004 and 2005, which also documented a higher burden of perinatal deaths
among women with limited education (37).

This may be attributed to the fact that low maternal education is closely linked to reduced use of
antenatal care services. In many settings, the availability of ANC does not guarantee its utilization, as
sociocultural and economic constraints such as low female social status, limited access to formal
education, and poor decision-making power indirectly hinder women from seeking appropriate care.
Lower levels of education may be a proxy for poor health-seeking behavior, suboptimal lifestyle choices.
As study as shown in Indonesia (35), India(36).

Educated mothers are more likely to practice optimal neonatal care behaviors, particularly clean cord
care and early initiation of breastfeeding, which are essential for improving newborn survival. Enhances
the uptake of antenatal care services, increases the likelihood of institutional delivery, promotes
appropriate newborn care practices, and improves timely healthcare-seeking behavior. Across different
outcomes, the results provide strong and consistent support for the research question, indicating that
maternal education is a key determinant of increased utilization of maternal and newborn health
services. The education of women is a critical determinant of maternal and child health, primarily
through its effect on the utilization of essential health services. Core maternal healthcare indicators
reflecting this utilization include tetanus toxoid immunization, consumption of iron and folic acid
supplements, antenatal care visits, skilled delivery care, and institutional deliver as the study supported
in Bangladesh(37), Pakistan(38), Nepal(39), India(40).Nigeria(41)and Ethiopia(42)

Low maternal education consistently increases perinatal, neonatal, and under-five mortality across
countries, largely through preventable pathways, supporting investments in girls’ education and
improved maternal-newborn care.

According to this study large number of living children indicated that attainment was associated
increased risk of perinatal mortality, particularly in low-resource contexts. Importantly, the risk pattern is
often U-shaped, meaning that both first births and very high-order births are linked to greater mortality
compared with intermediate parity levels. this finding was supported by research conducted in(43), (44),
(45), (46)and (47)

One of the possible reasons could be delays in reaching health facilities among high-parity women may
be explained by a combination of structural and individual-level factors. The cumulative burden of
repeated childbirth, extensive domestic responsibilities, financial hardship, low educational attainment,
restricted decision-making autonomy, and reduced perception of pregnancy risk may collectively hinder
timely access to appropriate care(48). Evidence from the literature suggests that factors such as
financial capacity, women's empowerment, physical distance to healthcare facilities, and level of
knowledge play significant roles in shaping maternal healthcare utilization(49-51).

Page 18/33



Repeated childbearing may lead to maternal depletion syndrome; whereby cumulative nutritional
deficiencies develop over successive pregnancies. High parity is also associated with a higher likelihood
of obstetric complications, such as pregnancy-induced hypertension and hemorrhage, which can
adversely affect perinatal outcomes(52, 53).

The risk of perinatal and neonatal mortality follows a U-shaped pattern, with both first births and very
high-order births carrying greater risk than moderate parity. This pattern is particularly evident in
resource-constrained settings where access to quality maternal and newborn care is limited.
Implementing targeted surveillance for high-risk pregnancies and strengthening family planning
programs to prevent early and high-order births are key measures to reduce perinatal mortality.

Strength and limitations
Strength

This study offered several notable strengths. It leveraged a large, multi-country dataset from the
Demographic and Health Surveys, which enhanced the generalizability of the findings across Sub-
Saharan Africa. The application of advanced machine learning algorithms enabled more accurate
prediction of perinatal mortality and uncovered complex patterns that traditional statistical methods
might have overlooked. To improve interpretability, the study employed SHAP analysis, which clarified
how individual predictors contributed to the model's outputs. Additionally, the researchers conducted
validation procedures to mitigate the limitations often associated with the "black-box" nature of machine
learning models.

Limitations of the study

This study had several limitations. First, the DHS data relied on self-reported information from
respondents, which may introduce recall bias, particularly when participants were asked to recall events
that occurred years earlier. Second, the cross-sectional design limited the ability to establish causal
relationships, as it could only identify associations rather than determine the direction of effects. Third,
although the findings provide valuable insights for Sub-Saharan Africa, they may not be generalizable to
other regions with distinct cultural practices or healthcare systems. Lastly, to enhance cross-country
comparability, the analysis excluded country-specific variables, which may have reduced the
representativeness of the data and omitted certain contextual factors that could have enriched the
investigation.

Conclusion and recommendation

Conclusion

In this research applied seven distinct machine-learning algorithms to Demographic and Health Survey
datasets (2016-2023) from selected Sub-Saharan African nations to predict perinatal mortality. The
prevalence of perinatal deaths varied significantly across countries, with the highest rates observed in
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Cote d'lvoire (9.1%), Tanzania (7.5%), Ghana (7.0%), Lesotho (6.3%), and Mozambique (6.3%). Conversely,
the lowest figures were recorded in Gabon (2.5%), Sierra Leone (2.8%), Madagascar (3.6%), and Zambia
(4.0%). The Random Forest algorithm emerged as the most effective model, delivering the best
performance metrics: 81.7% accuracy, 80% precision, 84% recall, an 82% F1-score, and an AUC-ROC of
0.91. To ensure the model's reliability despite imbalanced data, the Synthetic Minority Over-sampling
Technique was employed.

The study aimed to pinpoint the most effective predictive model, uncover the key drivers of perinatal
mortality, and elucidate the complex relationships within the data. Through SHAP analysis of the top-
performing Random Forest model, several critical factors were identified. These included the mother's
age, her total number of living children, the educational levels of both the mother and her husband, and
whether she received a tetanus toxoid vaccination during pregnancy. The analysis revealed a clear
pattern: women with advanced education exhibited significantly lower SHAP values, reinforcing the idea
that education serves as a strong protective factor.

The evidence consistently pointed to a mother's lack of formal education as a major contributor to
higher perinatal mortality risks. This connection likely stems from the broader challenges faced by less-
educated women, including socioeconomic barriers that limit their access to and use of antenatal care.
Even when services are available, factors like limited autonomy and social standing can prevent women
from seeking timely care. Education appears to empower women to make healthier choices, such as
attending regular check-ups, adopting proper newborn care practices like immediate breastfeeding and
hygienic cord management, and opting for skilled birth attendance in a health facility. This
empowerment also translates into greater use of vital maternal health services, including necessary
vaccinations and nutritional supplements.

Furthermore, the study highlighted that the number of children a woman has previously given birth to
also plays a significant role. The relationship between parity and perinatal death was found to be U-
shaped; both first-time mothers and those with many previous children faced a heightened risk,
especially in settings with limited resources.

Ultimately, these findings strongly affirm that improving educational opportunities for girls is a
foundational strategy for enhancing maternal and newborn health. The evidence suggests that the
benefits of maternal education are multifaceted, directly influencing health-seeking behavior and the
utilization of essential healthcare services. Therefore, sustained efforts to promote female education,
coupled with strengthened maternal and neonatal care systems, are vital interventions for lowering
perinatal mortality rates across Sub-Saharan Africa.

Recommendation
Promote girls' Education and Female Empowerment
Since maternal education strongly protects against perinatal death, governments should:
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Invest in girls' access to secondary and higher education, remove school fees, offer scholarships, and
tackle cultural barriers that disrupt girls' schooling, provide literacy programs for women who missed
formal education, incorporate maternal and child health topics into school lessons and women's group
activities

Improve Antenatal Care Quality and Reach

Given the role of tetanus vaccination and ANC services in reducing perinatal risks:

Guarantee universal access to quality ANC, especially for rural and marginalized women

Deliver comprehensive care packages including immunization, supplements, and routine monitoring
Use community outreach to connect with pregnant women not attending ANC

Focus on Parity-Based Risk Groups

Design tailored care for first-time mothers, with extra education and support throughout pregnancy and
delivery expand family planning services to enable healthy birth spacing and limit high-order pregnancies
in resource-limited areas offer intensified monitoring and skilled delivery access for mothers with many
previous children and educate women of reproductive age on the dangers of both very low and very high

parity

Abbreviations

ANC Antenatal Care
AUC Area Under the Curve
AUC-ROC Area Under the Receiver Operating Characteristic Curve
CSV Comma-Separated Values
DHS Demographic and Health Surveys
DTA Data (STATA data file format)
FN False Negative
FP False Positive
GBM Gradient Boosting Machine
IRB Institutional Review Board
LightGBM Light Gradient Boosting Machine
ML Machine Learning
NN Neural Network
PNC Postnatal Care
ROC Receiver Operating Characteristic
SDG Sustainable Development Goals
SHAP Shapley Additive exPlanations
SMOTE Synthetic Minority Over-sampling Technique
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SSA - Sub-Saharan Africa

STATA Statistics and Data (software)
TN True Negative

TP True Positive

WHO World Health Organization
XGBoost xtreme Gradient Boosting
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