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Abstract

Background - Hypertensive disorders of pregnancy (HDP) are among the leading causes of
adverse perinatal outcomes (APOs) worldwide, with a particularly high burden in low- and middle-
income countries (LMICs) like Ethiopia. Despite advancements in maternal healthcare, traditional
risk assessment methods often fail to account for the complex nature of HDP, resulting in delayed
interventions and preventable maternal and neonatal complications. The lack of efficient and
accurate risk prediction tools in resource-limited settings contributes to high morbidity and
mortality rates among pregnant women and newborns.

Objective - This study aimed to develop a machine learning (ML) predictive model using
electronic medical record (EMR) data to identify women with HDP who are at high risk for APOs.
Methodology - This study applied a retrospective analysis of EMRs collected from selected public
hospitals in Addis Ababa (AA), focusing on predicting APOs among pregnant women diagnosed
with HDP. A total of 1042 instances was collected from four hospitals in AA. After performing
data cleaning and preprocessing, including handling missing values using three imputation
techniques (Median, KNN, and MICE), six supervised ML algorithms—Logistic Regression,
Naive Bayes, Support Vector Machine, Decision Tree, Random Forest, and XGBoost—were
developed. Model performance was evaluated using, internal cross-validation, two hyperparameter
optimization strategies (Grid Search and Bayesian Optimization), and with metrics including
accuracy, sensitivity, precision, F1-score, AUC-PR and ROC-AUC.

Result - Random Forest and XGBoost models had the highest predictive performance, with
XGBoost achieving the best overall results. However, even the best-performing model reached a
maximum recall of only 69% for predicting the positive class, which indicates limitations in
identifying APOs.

Conclusion - The findings indicate that ML models show promise in predicting APOs among
women with HDP using routinely collected clinical data. Most models achieved high specificity
and ROC-AUC value, showing their potential for use in risk stratification. However, the recall
performances were suboptimal for clinical application, which suggests the current models are not
yet suitable for deployment. Further research with larger datasets, more diverse features, and

broader validation is necessary.



CHAPTER-ONE
1. Introduction

1.1 Background
Hypertensive disorders of pregnancy (HDP), including chronic hypertension, gestational

hypertension, preeclampsia, and eclampsia, are significant contributors to adverse maternal and
perinatal outcomes worldwide. Chronic hypertension, which predates pregnancy or is diagnosed
before 20 weeks of gestation, is associated with complications such as preeclampsia, preterm
delivery, fetal growth restriction, and acute maternal organ failure (Roberts et al. 2003). Effective
management involves tight blood pressure control (110-140/85 mm Hg), fetal growth monitoring,

and frequent assessments for preeclampsia development (Brown et al. 2018).

Gestational hypertension, a de novo hypertension occurring after mid-pregnancy, often results in
favorable maternal and fetal outcomes. However, approximately 25% of cases progress to
preeclampsia, especially when diagnosed before 34 weeks of gestation. The development of severe
hypertension in gestational hypertension increases the likelihood of adverse maternal and neonatal
outcomes, including low birth weight, preterm delivery, neonatal morbidity, and maternal

complications such as thrombocytopenia and abnormal liver enzymes (Brown et al. 2018).

Preeclampsia, a pregnancy-specific syndrome defined by hypertension (>140/90 mm Hg) and
proteinuria (>300 mg per 24 hours), remains a major global health challenge (Roberts et al. 2003).
It is responsible for over 500,000 fetal and neonatal deaths and 70,000 maternal deaths annually
(Brown et al. 2018). This condition poses acute risks, including stillbirth, small-for-gestational-
age births, and maternal mortality, particularly in cases of eclampsia, the most severe form of HDP
(Bridwell et al. 2019).

HDP remains one of the leading causes of perinatal mortality, alongside obstructed labor, fetal
mal-presentation, and uterine rupture (Asseffaid and Demissie 2019). Early identification of
women at heightened risk of adverse outcomes is critical for improving maternal and neonatal
health. Prediction models using routinely accessible clinical features, such as blood pressure, fetal
weight, and maternal health indicators, can guide targeted screening and preventative measures.
These models can differentiate between women at high risk requiring closer surveillance and those
with mild disease, reducing unnecessary interventions and associated risks (Muche et al. 2024;

von Dadelszen et al. 2009). In Ethiopia, the integration of electronic medical records (EMRS) in
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health facilities offers a unique opportunity to apply ML algorithms for developing different

prediction models.

In this context, exploring predictive tools such as ML algorithms to anticipate APOs among
women with HDP offers a promising path for improving healthcare delivery. By leveraging data-
driven insights, these tools can improve risk stratification, enable timely interventions, and

ultimately improve perinatal outcomes in resource-limited settings (von Dadelszen et al. 2009).



1.2 Statement of the problem

HDP are among the most common medical complications of pregnancy (Hutcheon, Lisonkova,
and Joseph 2011). The burden of HDP is disproportionately higher in low- and middle-income
countries (LMICs), where most deaths associated with these disorders occur (Bridwell et al. 2019;
Payne et al. 2014). Africa has the highest regional prevalence of HDP globally, with 334.9 cases
per 100,000 women of childbearing age, highlighting the urgency of addressing this issue (Jiang
et al. 2022).

In Ethiopia, the prevalence of HDP is estimated to be 6.07% - 6.82% (Tesfa et al. 2020; Berhe et
al. 2018), with the prevalence of preeclampsia/eclampsia reaching 5.47%. Despite efforts to reduce
HDP rates in Ethiopia, the reduction has been minimal, and HDP remains a prevalent and serious
pregnancy-related disorder in the country (Berhe et al. 2018). HDP is associated with significant
APOs, including low birth weight, preterm delivery, and perinatal mortality. In Ethiopia, the
prevalence of low birth weight among women with HDP is as high as 37%, and perinatal mortality

among this group is estimated to be 25% (Mersha, Abegaz, and Seid 2019).

In LMICs, the high burden of illness and death from HDP is often attributed to delays in triage
(identifying women in need of specialized care who may become seriously ill) and transportation
to facilities capable of providing appropriate care, compounded by a shortage of trained healthcare
workers (Payne et al. 2014). Changes in maternal factors (e.g., maternal age and pre-pregnancy
weight) have also led to secular increases in pre-eclampsia, gestational hypertension, and chronic
hypertension (Hutcheon, Lisonkova, and Joseph 2011). Early detection and referral of pregnant
women with hypertensive disorder could improve the situation by designing a simple tool to
identify those at increased risk of complications or death (Mersha, Abegaz, and Seid 2019; Payne
et al. 2014).

A study done by (Chen et al. 2022) developed a risk assessment tool using ML, with the goal of
identifying patients at risk of adverse maternal outcomes or severe neonatal complications
associated with de novo HDP in suburban population in northern China (Beijing). Even though
the model had strong predictive abilities in identifying women at higher risk for adverse outcomes,
the generalizability of the model needs further study.



A study by (Jaleta, Gebremedhin, and Jebena 2021) tried to determine the risk of APOs among
women with HDP. Different researchers also assessed the existing evidence on the effect of HDP
on various APOs and its associated factors in Ethiopia (eg., Tadese et al. 2024; Yahaya, Adeyemo,
and Kumah 2024, Jaleta and Abdisa 2022). These studies were valuable in identifying different
risk factors related to the different types of HDP. The studies compared clinical, socio-
demographic and obstetric data of patients who developed different adverse maternal and perinatal

outcomes against those who didn’t by using statistical methods.

Therefore, the gap lies in the fact that current clinical practices often rely on traditional risk
assessment methods that may not adequately capture the complexities of HDP and its associated
risks. This limitation highlights the need for more advanced predictive models that can make use
of the great amount of data available in health sectors using ML algorithms which are able to
increase predictive accuracy by analyzing large datasets to identify patterns and risk factors that

traditional methods might overlook.

There is also a lack of localized predictive research focusing on the Ethiopian context, particularly
in urban settings like Addis Ababa. Existing studies have primarily been conducted in high-income
countries and different demographic settings (eg., Bucher et al. 2024; Magee et al. 2016; Rana et
al. 2012), which may not be directly applicable to Ethiopian women with HDP.

This thesis focuses on the critical need to identify women with HDP in Addis Ababa who are at
risk of APOs by creating a ML-based predictive model that is tailored to the local context. It will
focus on women with all types of HDP since including all types of HDP improve the clinical
applicability because it includes a broader population of women at risk (Ukah et al. 2018). By
utilizing easily accessible maternal characteristics that are routinely collected during prenatal
visits, such as demographic and clinical data, prediction models can improve early identification
of at-risk pregnancies. ML techniques can enhance these models’ accuracy and applicability,
enabling evidence-based interventions and reducing the reliance on advanced diagnostics that are
unavailable in resource-limited settings. These algorithms have the potential to bridge critical gaps
in maternal healthcare, reduce unnecessary treatments, and improve outcomes for mothers and
their newborns (Hassen et al. 2020; Feleke et al. 2022; Bogale, Abuhay, and Dejene 2022).



1.3 Research questions

> What are the key predictors of APOs in women with HDP?

> Which ML model has the best performance to develop predictive models for adverse
outcomes among women with HDP?

1.4 Objectives

1.4.1 General objective

> To develop and evaluate ML predictive models for early identification APOs among

women with HDP in AA using routinely collected maternal and clinical data.

1.4.2 Specific objectives
> To develop a ML model for identifying women with HDP at risk for APOs.

> To identify key clinical predictors of APOs among women with HDP

» To compare the performance of different ML classifiers and select the best one



1.5Significance of the study

By using ML algorithms to predict APOs, this study helps in early identification of high-risk
pregnancies and reducing maternal and fetal morbidity and mortality. In addition, it identified risk
factors that can help medical practitioners to control and treat the condition early and improve

quality of care offered in health centers in low-resource settings.

In environments with limited resources, concentrating on high-risk pregnancies can improve the
overall effectiveness of the healthcare system. The creation and improvement of predictive models
for pregnancy outcomes promotes advancements in ML and medical informatics which then can
be applied to other medical conditions. Furthermore, this study could be used as a reference or a
bench mark study for related studies and adds to the existing body of knowledge in using predictive

tools in the health care field.

1.6 Scope of the study

The research focuses on developing a ML predictive model by using data from routinely collected
health metrics from EMRs used in selected hospitals within Addis Ababa, Ethiopia and addressing

different factors influencing APOs in women with all subtypes of HDP.

1.7 Ethical considerations

Ethical approval was obtained from the College of Natural Science Institutional Review Board
(CNS-IRB) and the selected hospitals before using the data. Ethical clearance was also secured
from Addis Ababa Public Health and Emergency Management Directorate prior to data extraction.
The data was anonymized to eliminate personally identifiable information (PIl) and prevent
traceability to individual patients. The data was also used only for academic purposes.

1.8 Application of results (Result Dissemination)

The findings of this research will be disseminated through multiple channels to ensure they reach
key stakeholders, policymakers, and healthcare professionals. Results of the study will also be
submitted to Addis Ababa Public Health and Emergency Management Directorate, where insights

from the study will be shared to inform public health strategies and improve maternal care policies.



Additionally, results will be published in peer-reviewed journals and shared with relevant health

institutions to increase impact and help evidence-based decision-making.

1.9 Organization of the research

This thesis is divided into five chapters, each describing the process of building a predictive model.
Chapter One provides the background, significance, and objectives of the study, highlighting the
clinical and public health relevance of early prediction in maternal care. The second chapter
reviews existing research on hypertensive disorders in pregnancy, factors associated with neonatal
complications and current applications of ML in obstetrics and identifies the gap that this study
aims to address. Chapter Three outlines the study design, data sources, variables, the preprocessing
steps to be performed and about the selected models. Chapter Four explains about the data
preprocessing conducted, implementation of ML algorithms, model training and validation,
performance evaluation metrics and discussion of the results. The fifth chapter summarizes key

findings, discusses limitations, and offers recommendations for future research.



CHAPTER-TWO
2. Literature review

2.1 Pathogenesis of HDPs

Pregnant women who suffer from hypertensive disorders are at high risk for maternal and fetal
morbidity and mortality which makes it a major medical concern. These disorders include chronic
hypertension, gestational hypertension, preeclampsia, and eclampsia. All have different
pathophysiological features but share a common underlying mechanism that complicate pregnancy
outcomes (Khedagi and Bello 2020). A crucial area of study and clinical focusis HDP
pathogenesis, which is complex and involves intricate interactions between genetic,
immunological, and environmental variables. One of the most prominent types of HDPs,
preeclampsia, usually manifests after 20 weeks of pregnancy and is characterized by proteinuria
and hypertension. The disorder arises from a combination of abnormal placentation, systemic
inflammation, and endothelial dysfunction with impaired angiogenesis being central to its

development (Torres-Torres et al. 2024).

Gestational hypertension, occurring without proteinuria, may act as a precursor to preeclampsia
and is similarly associated with endothelial dysfunction. Pregnancy-related or pre-existing chronic
hypertension can exacerbate these illnesses and have negative effects on the mother and fetus,
including higher cardiovascular risks and intrauterine growth restriction (Khedagi and Bello 2020;
Mammaro et al. 2009).

Understanding the pathophysiology of HDP is crucial for efficient care and preventative methods,
given the potential for serious consequences, such as HELLP syndrome and premature birth. In
order to reduce the dangers associated with these disorders, clinicians highlight the significance of
early detection, monitoring, and appropriate therapeutic approaches (Bisson et al. 2023; Gao et al.
2023).

2.2 Impact of HDPs on neonatal health

Preeclampsia and gestational hypertension are examples of HDP, which have serious clinical
implications for both the mother and the fetus. Intrauterine growth restriction is one of the main
issues, as high blood pressure can cause fetal growth to be slowed or lowered, which could have
negative effects on the baby (Bisson et al. 2023; Gao et al. 2023). Furthermore, if left unchecked,
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hypertension can harm the mother's brain, eyes, heart, lungs, kidneys, and liver, among other
organs, potentially resulting in death. Preeclampsia can induce premature delivery as a preventive
measure against further complications from high blood pressure during pregnancy. Although
occasionally necessary, this early birth carries its own risks and challenges for the health of the
neonate (Bisson et al. 2023; Gao et al. 2023).

Detection of high blood pressure during pregnancy is important, as the condition can escalate to
HELLP syndrome, a medical emergency characterized by hemolysis, elevated liver enzymes, and
low platelet counts (Bisson et al. 2023; Umesawa and Kobashi 2016). In cases of severe
preeclampsia, placental abruption may occur, leading to stillbirth, which underscores the need for

close monitoring and management (Bisson et al. 2023; Gao et al. 2023).

2.3 Strategies for managing and preventing APOs in HDP

Controlling blood pressure and protecting the mother and fetus are the main goals of managing
hypertensive diseases during pregnancy. Pharmacological therapies, ongoing monitoring, and
lifestyle changes based on the particular kind of hypertension are examples of therapeutic
approaches. Initial antihypertensive therapy for managing chronic hypertension or gestational
hypertension should typically involve monotherapy from a selection of first-line medications.
These include long-acting oral nifedipine, oral labetalol, oral methyldopa, and other oral B-
blockers such propranolol, acebutolol, metoprolol, and pindolol (LEEMAN, DRESANG, and
FONTAINE 2016; ACOG 2022). Urine and blood should be continuously tested in the lab to look
for abnormalities that could indicate preeclampsia or a worsening of prenatal hypertension (Poye
Laney 2023; Radparvar et al. 2024). Although magnesium sulfate is not used as an
antihypertensive medication, it is the preferred medication for seizure prophylaxis in situations of
severe preeclampsia and for seizure management in eclampsia (Brown et al. 2018; Poye Laney

2023). Effective management of hypertension diseases during pregnancy requires proper

therapeutic approaches in addition to close monitoring of the mother's clinical status and the health
of the fetus.

2.4 Factors associated with APOs among women with HDP
APOs in women with HDP are associated with multiple interrelated factors. Disease severity plays
the main role, with early diagnosis of HDP, severe hypertension and symptoms like headache,

epigastric pain, and blurred vision substantially increasing risks, particularly for eclampsia and
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HELLP syndrome (Chen et al. 2022; Thi Huyen Anh, Manh Thang, and Thanh Huong 2024). Fetal
and neonatal factors, including low birth weight (<2500 g), impaired fetal growth (reduced
abdominal circumference, abnormal femur length), and abnormal umbilical artery Doppler flow
are strongly predictive of poor outcomes (Thi Huyen Anh, Manh Thang, and Thanh Huong 2024;
Chen et al. 2022). Biochemical markers such as elevated liver enzymes (AST, ALT), high
creatinine and uric acid levels, thrombocytopenia, and significant proteinuria serve as important
indicators of disease progression and adverse outcomes (Alemie et al. 2023; Chen et al. 2022,
Sarno et al. 2022). Socioeconomic determinants and healthcare access issues, including low
maternal education, inadequate antenatal care, rural residence, and delayed administration of
antihypertensive or anticonvulsant medications, further exacerbate risks (Amare et al. 2021;
Tadese et al. 2024; Syoum et al. 2022). Pregnancy-related characteristics such as primiparity,
early-onset preeclampsia (<34 weeks gestation), and need for cesarean delivery or labor induction
also contribute to complications (Sarno et al. 2022; Amare et al. 2021; Alemie et al. 2023).
Additionally, maternal factors including family history of hypertension and development of severe
complications like HELLP syndrome or acute kidney injury significantly worsen prognosis
(Tadese et al. 2024; Alemie et al. 2023).

2.5 Machine Learning methodology: Preprocessing, Models and Tuning

2.5.1 Data Preprocessing

Data preprocessing is a critical phase in the development of reliable and efficient ML models,
particularly when working with secondary data that contains noisy, inconsistent, erroneous,
irrelevant, or incomplete values. It includes data cleaning, which entails the removal of missing
values, outliers, and duplicate entries, as well as applying appropriate imputation strategies for any
remaining missing data. Additionally, data discretization, feature selection, feature transformation

techniques and variable encoding are part of the data preparation process.
l. Handling missing values

Missing data is a common issue in clinical research, including studies involving EMRs. Even in
well-controlled environments, missing values can occur due to technical errors, incomplete patient

documentation, or procedural inconsistencies. The implications of missing data are broad: they
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can reduce statistical power, introduce bias in parameter estimation, and impair the
representativeness of the sample, potentially leading to invalid conclusions (Kang 2013). Missing
data may also complicate the analysis process, especially in ML workflows where most algorithms

require complete data.

Mechanisms of Missingness
Understanding the mechanism behind the missing data is critical before selecting appropriate

imputation techniques. There are three main mechanisms:

e Missing Completely at Random (MCAR): Data is MCAR when the likelihood of
missingness is unrelated to any observed or unobserved values. Under MCAR, analyses

remain unbiased, although power may be reduced. (Kang 2013).

e Missing at Random (MAR): A more realistic assumption in real-world datasets, MAR
implies that missingness depends only on observed data, not on the missing values
themselves. This allows for valid imputation using other known variables (Kang 2013; Li
et al. 2024).

« Missing Not at Random (MNAR): When the probability of missingness is related to the
unobserved values themselves, the data is MNAR. These cases are especially difficult to
handle and often require explicit modeling of the missingness process (Li et al. 2024; Kang
2013).

Various imputation methods exist for handling MCAR-type missing data.
a. Listwise Deletion

One of the most commonly used approaches is listwise deletion (also known as complete case
analysis), where any case with missing data is excluded from analysis entirely. While simple to
implement, listwise deletion can significantly reduce the sample size and statistical power,
especially in small datasets (Kang 2013).

b. Simple Imputation
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Simple imputation replaces each missing value with a single statistic calculated from the observed
data. Common techniques include substituting the mean for continuous variables and the mode for
categorical ones. This method is straightforward, computationally efficient, and widely used in
applied studies. However, it assumes that the data are MCAR and can result in underestimated
variance, distorted distributions, and biased results especially in datasets with complex inter-

variable relationships (Li et al. 2024).

Median imputation is a simple yet effective technique for numeric variables, particularly when the
data are skewed or contain outliers. This method substitutes missing values with the median of the
observed values within the same column. It is computationally efficient and non-parametric,
making no distributional assumptions. Although basic, it is a robust approach often used in initial

stages of data preprocessing (Hang et al. 2021).
c. K-Nearest Neighbors (KNN) Imputation

KNN imputation estimates missing values by identifying k most similar records (neighbors) using
a defined distance metric and imputing based on their values (Hang et al. 2021; Ngusie et al. 2024).
This technique is highly adaptable and can handle both numerical and categorical variables. Its
key advantage is in preserving local data structures and relationships, which is particularly
important in heterogeneous datasets like EMRs. KNN has also been widely adopted in recent

literature due to its consistency and ease of implementation (Ngusie et al. 2024).
d. Multiple Imputation by Chained Equations (MICE)

MICE is a more sophisticated method involving the creation of multiple imputed datasets. Each
variable with missing data is modeled conditionally based on other variables, and missing values
are iteratively imputed in a chained sequence (Li et al. 2024; Hang et al. 2021). The process
produces multiple complete datasets that reflect both the estimated values and the uncertainty
surrounding them. These datasets are then analyzed separately, and results are pooled to produce
final estimates. MICE is particularly advantageous when dealing with high-dimensional data or
when missingness is extensive. It also performs well even when the assumptions of normality are

violated or when sample sizes are small (Kang 2013; Li et al. 2024).

Il. Variable Encoding
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In data preprocessing, handling categorical variables is a major step. Unlike numerical variables,
the categories in a categorical variable do not have mathematical meaning. Therefore, these values
must be converted into a numerical form before they can be used in ML models. Simply removing
these non-numeric fields may lead to a loss of information, which will also negatively impact the
model’s performance. To overcome this, categorical data must be encoded into a format that
maintains its original context while making it usable by algorithms (Bolikulov et al. 2024). This

transformation process is known as categorical variable encoding.
A. Label Encoding

Label encoding is one of the simplest and most straightforward techniques for encoding categorical
data. In this method, each unique category is assigned a sequential integer value. However, this
encoding method introduces a limitation where by the numeric values assigned to categories may
be interpreted by ML models as having ordinal or hierarchical relationships, even when none
exists. This can lead to misinterpretation and decreased model accuracy, especially for nominal

variables where no inherent order exists (Bolikulov et al. 2024).

Label encoding is therefore best suited for binary categorical variables. In such cases, the risk of
incorrect magnitude interpretation is minimal (Bolikulov et al. 2024).

B. One-Hot Encoding

To overcome the shortcomings of label encoding for nominal variables, one-hot encoding is used.
For a categorical variable with k unique values, one-hot encoding creates k new columns, each
corresponding to one category. Only one of these columns will contain a 1 for any given
observation, while the rest will be 0, effectively indicating mutual exclusivity (Zheng and Casari
2018).

However, it comes with a trade-off: when the number of unique categories is large, the
dimensionality of the dataset increases significantly, which can lead to sparsity and computational
inefficiency (Bolikulov et al. 2024).

1. Feature Engineering
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The effectiveness of classification models depends on the dataset and its features. A well-designed
feature should be informative, never change for the set of transformations, and computationally
efficient. Feature engineering is foundation to the learning algorithms by applying domain
knowledge to improve model effectiveness, with variable creation being a key step in generating

new features from existing data attributes (Zheng and Casari 2018).

IV.  Data Splitting
The data is split into different sections. The training set is used to train a learning algorithm and

consists of a set of instances along with their associated labels. Validation set are examples of
instances used to tune the parameters of a learning algorithm when working with labeled data. The
test sample is used to evaluate the performance of a learning algorithm. It is separate from the
training and validation data and is not made available in the learning stage. It consists of a
collection of instances for which the learning algorithm must predict labels based on features
(Mohri, Rostamizadeh, and Talwalkar 2012).

V. Feature Scaling
Feature scaling, often called feature normalization, is essential for models sensitive to input scale

such as linear and logistic regression while tree-based models remain unaffected. It adjusts feature
values individually for each feature, to ensure consistency. Standardization, also known as
variance scaling, is one way of feature scaling where by it transforms a feature by subtracting its
mean and dividing by its variance, resulting in a feature with a mean of 0 and variance of 1. This
ensures that all features contribute equally to model learning without being dominated by large-
scale variables (Zheng and Casari 2018).

V. Feature Selection
Feature selection is an important technique in ML that removes irrelevant or redundant features

that aims to simplify the model without sacrificing predictive accuracy. The objective is to create
a model that performs well while being computationally efficient. Filtering techniques, which are
more cost-effective, help remove features that are unlikely to be useful for a model by applying
preprocessing steps, such as computing feature correlation and discarding those below a threshold
(Rawat T. 2017).
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2.5.2 Classification Machine Learning Models

Classification is a fundamental task in ML where the goal is to assign a label or category to a given
input based on previously labeled training data. It is a form of supervised learning where the model
learns a mapping from input features to predefined classes using known examples. This process is
called inductive inference, where general models are developed from specific examples. Typically,
each instance is represented as an attribute-value vector, and the model learns a function that can

generalize to both known and unseen data (Shah et al. 2018).

2.5.2.1 Logistic Regression
One of the most widely used models for binary classification is Logistic Regression (LR). It models

the probability of a binary outcome (0 or 1) as a function of independent variables, using the
sigmoid or logistic function. It is especially suited for datasets where the dependent variable is
categorical and the independent variables can be continuous, discrete, or a mix of both. LR is
simple, fast, and effective, and regularization techniques (L1 and L2) can be used to address
overfitting, particularly in high-dimensional datasets (Shah et al. 2018; Sarker 2021; Sarno et al.
2022).

2.5.2.2 Naive Bayes
Another probabilistic model is Naive Bayes (NB), which is based in Bayes’ theorem and assumes

strong independence between features. Despite its simplicity, NB performs well in many real-
world classification problems such as spam detection and document classification. It requires a
small amount of training data and can handle both binary and multi-class problems efficiently
(Shah et al. 2018; Sarker 2021).

2.5.2.3 Decision Trees
Decision Trees (DT) are non-parametric models used for both classification and regression tasks.

They operate by recursively splitting the dataset based on the value of input features, resulting in
a tree-like structure of decisions. Decision trees are highly interpretable and commonly used in
medical diagnostics due to their clear logic and ease of understanding (Sarker 2021; Shah et al.
2018; Teshome et al., n.d.).
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Figure 1 Decision Tree Structure (Sarker 2021)

2.5.2.4 Random Forests
To increase the predictive power of decision trees and reduce overfitting, Random Forests (RF)

were developed as an ensemble learning technique. RF builds multiple decision trees on
bootstrapped subsets of the data and aggregates their predictions using majority voting. This model
improves accuracy, handles both continuous and categorical variables, and requires minimal data
preprocessing. It is known for being robust and efficient, even with large feature sets (Sarker 2021;
Bekele 2022).
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Figure 2 A structure of RF made up of multiple DTs (Sarker 2021)

2.5.2.5 Support Vector Machines
Support Vector Machines (SVMs) are another classifier that try to find the optimal hyperplane that

separates classes with the maximum margin. They are well-suited for high-dimensional spaces and
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can effectively model complex non-linear relationships. SVMs are particularly useful for smaller
datasets and have been widely applied in the health domain due to their robustness and
generalization capabilities(Sarker 2021; Shah et al. 2018; Sarno et al. 2022; Hang et al. 2021).

2.5.2.6 Extreme Gradient Boosting
Extreme Gradient Boosting (XGBoost) is an advanced implementation of gradient boosting

algorithms. Like Random Forests, it is an ensemble of decision trees, but it builds trees sequentially
and improves model accuracy by minimizing a loss function using gradient descent. XGBoost
incorporates second-order gradient information and regularization techniques (L1 and L2), making
it resistant to overfitting while maintaining fast performance. It is considered one of the most

accurate and efficient models for structured data problems (Sarker 2021).

2.5.3 Hyperparameter Tuning

Hyperparameter tuning plays a major role in ML, as hyperparameters control the learning process
and significantly influence the behavior and complexity of the model. Unlike model parameters,
which are learned from data during training, hyperparameters must be carefully selected
beforehand. By properly adjusting the hyperparameters, the model may better capture patterns and
prevent overfitting while also improving performance and generalization (A llemobayo et al.
2024).

In different ML models, various hyperparameters contribute to model performance. For decision
trees and random forests, parameters such as tree depth, minimum samples per leaf, and the number
of trees directly affect model complexity. Similarly, in gradient boosting machines like XGBoost,
hyperparameters like learning rate, number of estimators, and maximum tree depth are crucial for
capturing complex patterns. Support vector machines (SVM) rely on kernel parameters, such as
gamma in the radial basis function (RBF) kernel, to manage non-linearly separable data effectively
(A llemobayo et al. 2024).

Several approaches are used to optimize hyperparameters. Grid search is a brute-force method that
systematically examines all possible combinations within a predefined set of hyperparameters.
Although simple to implement, grid search can be computationally expensive when the number of
hyperparameters is high (Hossain R, et al. 2021).
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Bayesian optimization takes a more probabilistic approach, building a surrogate model to
approximate the objective function (A llemobayo et al. 2024). It is more efficient than grid and
random search because it can detect optimal combinations of hyperparameters by analyzing
previously tested values (Hossain Riyad, Timmer Douglas, and Moya Hiram 2021). Techniques
such as cross-validation and regularization further help mitigate overfitting risks during the tuning

process, improving model robustness (A Ilemobayo et al. 2024).

Hyperparameter tuning is often challenging due to computational costs. Many ML software
packages offer default hyperparameter settings which are refined to increase model accuracy and
efficiency. The right selection of hyperparameters ensures optimal performance and better
generalization which makes hyperparameter tuning an essential step in developing high-

performing ML models (A llemobayo et al. 2024).

2.6 Model Evaluation

A ML model is validated by evaluating its prediction performance. Ideally, this evaluation should
be representative of how the model would perform when used in a real-life setting. Metrics allow
to quantify the performance of an ML model and for classification tasks, the metrics results can be
summarized in a matrix called the confusion matrix. For binary classification, the confusion matrix

divides the test samples into four categories, depending on their true and predicted labels

(Varoquaux and Colliot 2023):

True label
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9,
2
2zd TP FP
T o
Q
5 2
T%< FN TN
E =2

Figure 3 Confusion Matrix (Varoquaux and Colliot 2023)
True Positives (TP): are samples for which the true and predicted labels are both 1.

True Negatives (TN): are samples for which the true and predicted labels are both 0.
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False Positives (FP): are samples for which the true label is 0 and the predicted label is 1.

False Negatives (FN): are samples for which the true label is 1 and the predicted label is 0
(Varoquaux and Colliot 2023).

Accuracy: is defined as the proportion of true instances retrieved, both positive and negative,
among all instances retrieved and is calculated by:
Ip+in

Accuracy :A =
tp+in+ [p+ /1 (Dalianis 2018)

Precision: measures the number of correct instances retrieved divided by all retrieved instances.
Recall: measures the number of correct instances retrieved divided by all correct instances.

The F1-score: means the harmonic mean between precision and recall (Dalianis 2018).

. . p
Precision : P = —
tp+ fp
1
Recall :R = L
Iip+ fn
F-score : Fg = (1 + ﬁZ) *;‘32:—:!—?

R
(Dalianis 2018)

Specificity: measures the proportion of negatives that are correctly identified as negative, or not

having the condition.

Sensitivity (the same as recall): measures the proportion of positives that are correctly identified
(Dalianis 2018).

Negative predictive value (NPV): A fraction of the negatively classified samples that are indeed

negative (Varoquaux and Colliot 2023).

Positive predictive value (PPV): corresponds to precision (Dalianis 2018)

. TP
PPV = 5555
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_ TN
NPV = TN+FN (Varoquaux and Colliot 2023)

The ROC curve plots the Sensitivity as a function of 1 — Specificity. It is the probability that a
positive sample has a higher classification score (as positive) than a negative sample. A perfect
classification corresponds to an ROC AUC of 1 and a random classification to an ROC AUC of
0.5. Chance stays at 0.5 regardless of the class imbalance, but for severely imbalanced classes, the
ROC curve is less useful because a small difference on specificity or sensitivity might have a
significant impact on the application without significantly altering the ROC curve. Therefore, it is
often used together with the precision-recall (PR) curve that focuses on the minority class
(Varoquaux and Colliot 2023).

The PR curve plots the precision as a function of recall and can be summarized using the PR AUC,
also called average precision. Just like the ROC AUC, a perfect classification corresponds to a
value of 1. However, unlike for ROC AUC, a chance classification does not necessarily lead to a
value of 0.5. It depends on the prevalence (Varoquaux and Colliot 2023). Model evaluation can
have many different purposes. In some cases, high recall is considered a priority over high
precision, and in some cases, it is the opposite (Dalianis 2018).

n-Fold Cross-Validation is also a technique used in ML to evaluate model performance. It involves
randomly partitioning a dataset of m labeled examples into n equal subsets (folds). The process
follows these steps; initially, the model is trained on n-1 folds and tested on the remaining fold.
Then this process repeats n times, each time using a different fold for testing (Mobhri,
Rostamizadeh, and Talwalkar 2012).

The average accuracy across all folds is computed as the cross-validation accuracy. This helps in
model selection, where the best parameter is chosen based on the highest accuracy. Typically, n is
set to 5 or 10 in ML applications to balance bias and variance while ensuring reliable model

evaluation (Mohri, Rostamizadeh, and Talwalkar 2012).

2.7 The role of ML in predicting APOs

ML models have become increasingly valuable in the healthcare domain, particularly for

predicting APOs and complications associated with pregnancy. These models offer advanced
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abilities to process and analyze complex, high-dimensional data from diverse sources such as
EMRs, self-reported questionnaires, and national demographic health surveys. For example,
predictive models for HDP built using self-reported early pregnancy lifestyle data have shown a
remarkable performance, achieving an area under the curve (AUC) of 0.93 with SVM classifiers,
significantly outperforming traditional statistical methods (MIZUNO et al. 2024). Similarly,
EMR-based models using algorithms like logistic regression, random forests, and XGBoost have
shown high accuracy and recall in identifying patients at risk of maternal and neonatal
complications (Hang et al. 2021). ML algorithms such as ensemble methods and neural networks
have also shown a near-perfect performance (AUC = 0.98) in predicting neonatal mortality based
on clinical data (Sheikhtaheri et al. 2021).

These models are capable of identifying and interpreting critical risk factors, increasing clinical
decision-making. Techniques such as normalized regression coefficients, Gini importance, and
SHAP values have been applied to interpret and rank the influence of different features (MIZUNO
et al. 2024; Ngusie et al. 2024; Bogale, Abuhay, and Dejene 2022). Across these studies, ML has
proven to be effective in prediction tasks particularly in handling non-linear relationships and high-

dimensional datasets which shows their advantage over conventional statistical methods.
2.8 Related Works

Predicting poor perinatal outcomes in women with HDP has attracted a lot of attention from
researchers, who have looked at biomarkers, clinical traits, and advanced computational models.
These studies aim to improve risk stratification, enhance clinical decision-making, and optimize

resource allocation.

The systematic review and meta-analysis conducted by (Bucher et al. 2024) provides a
comprehensive evaluation of predictive tests for APOs among women with HDP. The authors
emphasize that early identification of women at high risk for complications could facilitate
appropriate triage and resource allocation, ultimately leading to targeted interventions. For
perinatal outcomes, biomarkers such as the soluble FMS-like tyrosine kinase-1 (sFlt-1)/placental
growth factor (PIGF) ratio showed promising predictive performance; however, they lacked

external validation.
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The study conducted by (Rana et al. 2012) adds to this discourse by investigating the predictive
value of circulating angiogenic factors, specifically the soluble fms-like tyrosine kinase 1 (sFlt1)
and placental growth factor (PIGF), in assessing APOs among women with suspected
preeclampsia. The researchers analyzed a cohort of 616 women who presented for evaluation of
suspected preeclampsia, measuring plasma levels of sFlt1 and PIGF at presentation. The regression
results indicated that an elevated sFIt1/PIGF ratio was significantly associated with adverse
maternal and perinatal outcomes within two weeks of presentation. The study found that the
highest tertile of the sFIt1/PIGF ratio was linked to a staggering odds ratio of 47.8 for adverse
outcomes, indicating its strong predictive capability. Furthermore, the addition of the sFIt1/PIGF
ratio to traditional clinical parameters such as hypertension and proteinuria significantly improved
prediction accuracy (AUC = 0.93 vs. 0.84), highlighting its potential use in risk stratification and

management decisions for women with suspected preeclampsia.

The article by (Magee et al. 2016) investigates the predictive ability of clinical characteristics for
APOs among women with HDP. The study analyzed data from 987 women with chronic or
gestational hypertension, using logistic regression to evaluate 19 candidate predictors, including
maternal age, body mass index, and blood pressure measurements. Despite the comprehensive
approach, the findings revealed that none of the predictive models achieved an area under the
receiver operating characteristic curve (AUC ROC) of 0.70 or higher for most adverse outcomes,
indicating insufficient predictive accuracy. Notably, only severe hypertension and delivery before
34 weeks demonstrated borderline predictive value (AUC ROC = 0.70 and 0.71, respectively).
The authors conclude that when women with chronic hypertension develop elevated blood
pressure during pregnancy, existing clinical predictors are inadequate for reliably predicting APOs.
But this study did not use any laboratory serum or urinary biomarkers which have been regarded
as predictors in the other studies.

Two studies conducted in China focused on developing and validating predictive models for
adverse maternal and neonatal outcomes among women with HDP, using advanced methods and
ML algorithms. The first study (Chen et al. 2022) used EMRs from a birth cohort in Beijing, China,
to create prognostic models for adverse maternal and neonatal outcomes in women with de novo
HDP. Adverse outcomes included various maternal and neonatal complications. Multiple ML

algorithms, including random forest and boosted tree methods, were employed. Predictor
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variables, such as gestational age at diagnosis, fetal measurements, and laboratory results, were
selected based on their association with outcomes and validated using 10-fold cross-validation.
The maternal model achieved an AUC of 0.972, indicating high predictive accuracy, while the
neonatal model had an AUC of 0.925. For adverse maternal outcomes, the random forest algorithm
performed best, whereas for adverse neonatal outcomes, the boosted tree algorithm was the top
performer, followed by random forest. This study used a wide range of clinical variables readily

available in EMRs and utilized relatively large datasets to have a robust model performance.

The second study (Sarno et al., 2022.), a retrospective cohort analysis, compared ML models and
LR in predicting adverse maternal and neonatal outcomes among 867 women diagnosed with
preeclampsia. Two separate models were developed, one for maternal outcomes and another for
neonatal outcomes, and AUC values were calculated to evaluate the discrimination efficiency on
the testing datasets. For maternal outcomes, the SVM model achieved the highest performance,
with an AUC of 0.976 and sensitivity, specificity, PPV, and NPV of 92.3%, 92.3%, 83.3%, and
96.6%, respectively. For neonatal outcomes, RF (sensitivity: 93.8%, specificity: 87.9%, PPV:
91.7%, NPV: 90.9%) and multilayer perceptron (MLP) were the top-performing models, with
AUC values of 0.967. The study also noted that predictions spanning longer time intervals tend to
have lower accuracy, suggesting that short-term predictions might be more effective when

integrated into a customized predictive set for individual risk assessment.

(Payne et al. 2014) and a study conducted in India (Kumar et al. 2021) both used LR to develop
predictive models for adverse outcomes associated with HDP in LMICs. (Payne et al. 2014)
developed the miniPIERS (Pre-eclampsia Integrated Estimate of RiSk) model to predict adverse
maternal outcomes among women with HDP in LMICs. Using data from 2,081 women across five
LMICs, the researchers identified key predictors, including parity, gestational age, symptoms (e.g.,
headache, chest pain), systolic blood pressure, and proteinuria. LR analysis yielded a model with
an area under the receiver operating characteristic curve (AUC ROC) of 0.768 for internal
validation and 0.713 for external validation, showing moderate predictive performance. However,
the authors also acknowledged limitations, such as modest sensitivity (41.4%) at the recommended
threshold for high-risk classification, and emphasized that the model should be externally validated

in community-based settings before routine implementation.
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Similarly, the study conducted in India aimed to develop a predictive model for late stillbirth
among women with HDP in LMICs. This observational, analytical case-control study was
conducted from November 2015 to December 2020 at a single tertiary care center. LR was
employed to analyze all stillbirths occurring in the facility, with controls being age- and parity-
matched women with HDP who had live births. The predictive model achieved a sensitivity of
80.3% and specificity of 70.03%, with an area under the curve (AUC) of 0.846, indicating good
predictive capability.

Research using multivariable regression analysis on the perinatal outcomes of women with HDP
at Jimma Medical Center found that these women experienced a significantly higher incidence of
adverse outcomes compared to normotensive women (64.1% vs. 32.8%). The study reported that
women with HDP had increased risks for low birth weight (adjusted RR = 2.88), preterm birth
(adjusted RR = 2.31), and perinatal mortality (adjusted RR = 3.88). These findings further
highlight the need for healthcare providers to enhance prevention and management efforts for HDP

to improve perinatal outcomes (Jaleta, Gebremedhin, and Jebena 2021).

Overall, this limited review demonstrates a range of research aimed at predicting distinct adverse
conditions in pregnancies. It emphasizes how important it is to create highly sensitive predictive
models in order to identify women who may experience unfavorable outcomes. A variety of
approaches are used in the reviewed studies, ranging from ML models that employ various
predictors to statistical methods. Conclusions from these studies show that various predictive
models are effective; some of them achieve high area under the curve (AUC) values, which
indicate strong predictive performance. Nonetheless, the above-mentioned researches use
predictors that require advanced resources for testing (Rana et al. 2012), used statistical methods,
didn’t incorporate relevant predictors and few are focused on a subtype of HDP. So, this study
tried to generate a prediction model using ML algorithms that can effectively predict APOs
associated with HDP using routinely collected maternal and fetal data found in hospitals that can

be utilized in low-resource settings.
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CHAPTER-THREE

3. Data and Methodology
ML has revolutionized health science research by its ability to handle complex data and perform
various tasks. ML models excel at finding intricate and unexpected patterns within datasets that
traditional methods might miss. The health science field, rich with data from genomics sequencing
and electronic health records (EHR), is particularly well-suited for these advanced models (Cho et
al. 2024). An experimental research design was used to achieve the objectives of this research and
have reliable results.

3.1 Data Source
This study was conducted based on selected hospitals within Addis Ababa, the capital city of

Ethiopia. The city's healthcare facilities include tertiary-level hospitals equipped with EMR
systems. The EMR is widely regarded as a critical health information technology tool for
improving the quality of medical care (Oumer et al. 2021). The data for this study was sourced
from EMRs of selected hospitals, which document different clinical, demographic, and obstetric
information. Hospitals were selected based on accessibility of high-quality EMR data and volume
of maternal healthcare services provided. The selected hospitals were Gandhi Memorial General
Hospital, Zewditu Memorial Hospital, Yekatit 12 General Hospital Medical College and Tirunesh
Beijing hospital. These hospitals share a common EMR system which is a web application
designed by Pulse Techs. This ensures consistency in attribute structure, naming, and data
formatting across facilities. Despite having this uniform system, there are differences in data
completeness and the number of records contributed by each hospital, which can be attributed to
varying levels of resource availability, documentation practices, and patient volume. Secondary

data was extracted from EMRs and exported into a standardized format (CSV).

The dataset exclusively included pregnant women diagnosed with the different types of HDP. This
selection criteria reflects the objective of the study which is to build a ML model for prediction of
adverse neonatal outcomes among women with HDP. By restricting visit time to early gestational
ages, the model created will support early identification and intervention, potentially improving

maternal and neonatal care.
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Name of Hospital Number
Gandhi Memorial General Hospital 314
Zewditu Memorial Hospital 226
Yekatit 12 General Hospital Medical College | 423
Tirunesh Beijing hospital. 79

Table 1 Name of hospital and amount of data from each hospital

Each record in the dataset contained the earliest recorded antenatal visit for the mother, along with
the corresponding delivery summary. This structure was important because it enabled the model
to make predictions based only on information available at or shortly after the initial ANC visit.
This represents situations where decisions must be made early, before full pregnancy progression.
The delivery outcomes are used as the target variable, identifying whether or not an adverse

neonatal outcome occurred (e.g., stillbirth, low birth weight or other complications).

Across the four hospitals, the dataset comprised a total of 1042 patient records and 71 attributes.

These attributes covered a wide range of data types and domains:

Category Attributes

Demographic Data Age, Marital status, Education, Occupation

Clinical Measurements BP, BMI, SPO2, MUAC, PR, RR

Lab tests CBC, LFTs, Urine analysis, Kidney function tests

Gestational age, ultrasound result (lie, presentation)

Pregnancy related data

Table 2 Summary of Categories and Attributes in the Data

The data was a mix of categorical and continuous variables, with float-type values representing
clinical measurements and lab results, object-type values used for patient history and qualitative

assessments and integer data types representing ID of patients and age.

Data Type Number of Attributes
Float 36 Columns
Object & Categorical | 33 columns
Integer 2 columns
Table 3 Summary of data types in the data
3.2 Variables
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The outcome variable in this study was APOs; a binary variable identifying participants as having
adverse outcome and not having adverse outcome. The most prevalent APOs selected as outcomes
of interest were preterm birth, low birth weight, still births (Gedefaw, Alemnew, and Demis 2020).

Predictor selection was guided by the literature and their availability in the respective EMRs. The

predictors initially included in this study are shown in the table below.

No | Attribute Name Description Data type
1 | MRN ID of the patient Integer
2 | Age Age of the patient Integer
3 | Marital Status Marital Status of the mother Object
4 | Educational Level | Educational Level of the mother Object
5 | History Past Medical or Surgical history of the mother Object
6 | Occupation Occupation of the mother Object
7 | Birth type Type of birth (single, twin, or multiple gestation) Object
8 | Gestational Age The first recorded gestational age of the mother Object
9 | SBP/DBP Blood pressure of the mother Object
10 | Height Height of the mother Object
11 | Weight Weight of the mother Object
12 | BMI Body mass index of the mother Object
13 | PR Pulse rate of the mother Float
14 | RR Respiratory rate of the mother Object
15 | Temperature Temperature of the mother Object
16 | SPO2 Oxygen saturation level Float
17 | Blood Group Blood Group of the mother Object
18 | WBC White blood cell count Float
19 | Neu Neutrophile count Float
20 | Lym Lymphocyte count Float
21 | Mono Monocyte count Float
22 | eos Eosinophile count Float
23 | baso Basophile count Float
24 | RBC Red blood cell count Float
25 | hemo Hemoglobin level Float
26 | hema Hematocrite level Float
27 | mev Mean cellular volume Float
28 | mch Mean corpuscular hemoglobin Float
29 | mche Mean corpuscular hemoglobin concentration Float
30 | RDW-CV Red Cell Distribution Width Float
31 | Reticulocyte Reticulocyte count Float
32 | PDW Platelet Distribution Width Float
33 | MID Mid-sized Cell Count Float
34 | MPV Mean Platelet Volume Float
35 | Platelet Platelet count Float
36 | Appearance Appearance of the urine sample Object
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37 | PH PH level of the urine Float
38 | SG Specific gravity of the urine Float
39 | Protein Amount of protein found in the urine Object
40 | Glucose Amount of glucose found in the urine Object
41 | Ketone Amount of ketone in the urine Object
42 | Ester Leukocyte esterase amount in the urine Object
43 | Blood Amount of RBCs found in the urine Object
44 | Bilirubin Amount of bilirubin found in the urine Object
45 | Urobilin Amount of urobilinogen found in the urine Object
46 | Nitrite Amount of nitrite in the urine Object
47 | Urea Amount of urea in the urine Float
48 | BUN Blood urea nitrogen in the blood Float
49 | Creatinine Amount of creatinine in the blood Float
50 | Cr-Clearance Creatinine clearance test Float
51 | AST Amount of aspartate transaminase found in the serum Float
52 | ALT Amount of alanine transaminase found in the serum Float
53 | ALP Amount of alkaline phosphatase found in the serum Float
54 | Total bilirubin Amount of total bilirubin found in the serum Float
55 | Direct Bilirubin Amount of direct bilirubin found in the serum Float
56 | Total protein Amount of protein found in the serum Float
57 | Albumin Amount of albumin found in the serum Float
58 | Globulin Amount of globulin found in the serum Float
59 | GA Gestational age of the newborn Object
60 | SDP Systolic blood pressure Float
61 | DBP Diastolic blood pressure Float
62 | MUAC Middle upper arm circumference Object
63 | Malnutrition Whether the mother is malnourished or not Object
64 | Anemia Presence or absence of anemia Object
65 | Presentation Part of the baby that is leading the way through the birth | Object
canal
66 | Lie Position of the fetus in relation to the mother's uterus Object
67 | Physician Diagnosis of the mother Object
Diagnosis
68 | HC Head Circumference Object
69 | Neonatal Status Outcome of a newborn Object
70 | Stillbirth Whether stillbirth has occurred or not Object
71 | Assessment Diagnosis of the newborn Object

Table 4 List of all variables included initially
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3.3 Exploratory Data Analysis

The first step of this stage involved importing the datasets into a Python environment using pandas.
Four Excel files which were obtained from four hospitals were loaded, each containing clinical
and demographic records.

An initial inspection of the data revealed the composition of the data, which had different datatypes
including numerical variables (e.g., age, hemoglobin, blood cell counts) and categorical
variables (e.g., marital status, blood group, physician diagnosis). There were also some
misclassified numerical data type attributes such as ‘BMI’, ‘height’, ‘weight’... into object data

type which was processed in the later stages.

There was also significant missing data across some columns. Variables, such as different lab
measurements like RDW_CV and Globulin, had high amount of missingness possibly due to these
tests being unavailable or rarely ordered. Others, such as height, BMI, and blood_group_rh, had
moderate missingness, while key clinical indicators like blood pressure (SBP and DBP) were fully

recorded.

Furthermore, there is evidence of inconsistent data formatting (e.g., blood pressure recorded as
strings like "120/80") and variability in categorical value casing and spelling (e.g., "Married",
"married”, "MARRIED"), since the EMRs rely heavily on manual data entry. Thorough
preprocessing, cleaning, and imputation strategies was applied to increase data quality and make

it usable for ML models in the following stages.
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Figure 4 Example of inconsistency in categorical attribute

3.4 Data Preprocessing

3.4.1 Data Cleaning
I. Data Integration

As part of the initial preprocessing steps, column name standardization was performed across the
datasets to ensure consistency. The column headers in the datasets were processed to:

A. Convert all characters to lowercase (e.g., "AGE" — "age") which prevents case-sensitivity
issues during column referencing.

B. Remove leading/trailing whitespace which eliminates hidden formatting errors if there are
any.

C. Replace spaces with underscores for better readability and compatibility with Python

variable naming conventions (e.g., ['marital status'] -> ['marital_status'])

Before merging, the column names of the datasets were also renamed and standardized to match
and have consistent naming across all the data sets. Then, all four data sets were integrated while
retaining all instances. Datasets that contained different number of attributes were merged based

on their common attributes.

Il. Data Standardization
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During the initial data exploration, significant inconsistencies were identified in the ‘bmi’, ‘height’,

‘weight” and ‘rr’ variables, in which the attributes contained mixed data types and formats:

e Numeric values (e.g. 59, 64, 57)
e String values with units (e.g. '63.00kg', ‘158 Cm', "20")
e Inconsistent formatting (e.g. '63.00KG" & '65.00 kg', ‘159 CM’ & <158 Cm’) and

e Invalid entries (e.g." ", -

To ensure numerical consistency for analysis, data transformation was applied which converted
all string values to numeric by extracting numbers from strings with units and removing

whitespace and case sensitivity issues

Next, as part of the data preprocessing step, the unique identifier column ‘mrn' was removed since
the presence of the identifier served no statistical or ML purpose. Removal of this attribute prevents
the potential bias in models that might incorrectly interpret sequential IDs as meaningful numerical
data.

Then categorical variables were standardized. Different invalid entries (-, ‘=") were converted to
missing values (NaN) which ensures only valid categorical values remain for analysis. Whitespace
Removal, Case Normalization and Value Consolidation (e.g. "term,” to "term", "neg" to
"negative™) were applied across the dataset to have consistent value entries. Other blank space

entries were also properly converted to missing values.
The gestational age variable (‘ga’) had significant formatting inconsistencies:

e Week+day notation ("25+4", "20+3")

e Free-text annotations ("19+2 weeks", 26 wks")
e Inconsistent spacing (" 26+5", "22 wk")

e Standalone numbers (23, 17)

e lrregular values ("23+", "20+ week"™)

From these entries, the week component from week+day notation was initially selected. Then any

textual annotations were removed. All values were reduced to whole weeks only which maintained
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essential gestational age information and enables proper numerical analysis. It resolved 100+

variations to 14 discrete values.

Functions were also created that standardize clinical status classifications from text entries. The
first function was applied on the ‘assessment’ attribute which contained information about the new

born neonate. On this attribute;

- 15+ observed spelling variations were handled and distinctions between low-birth-weight

classifications, preterm conditions and normal cases were made following the following logic:

o If“VLBW”/”LBW” with preterm -> Preterm regardless of weight
e If"LBW” only -> Low Birth Weight and

e If “other” -> Normal (‘no’) classification.

Distribution of Neonatal Outcomes

preterm

10.5%

— 81.2%
| . _— no

Figure 5 Pie chart showing distribution of APOs

The second function was applied on the ‘physician diagnosis’ attribute which contained
information about the type of HDP the mothers were diagnosed with. Based on the inputs, the HDP

were classified into four namely;

e GHTN: Gestational hypertension
e PE: Preeclampsia without severe features
e Preeclampsia w SF: Preeclampsia with severe features and

e CHTN: Chronic hypertension
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Overall, these standardization processes transformed a highly inconsistent data values into clean,
analysis-ready numerical and categorical data types. These steps improved the quality of the
variables by eliminating inconsistent formatting, reducing arbitrary variation, properly handling

invalid entries and ensuring consistency across all datasets.
I1l.  Missing Value Handling

Initially, attributes with high amount of missing data were removed since imputing them may not

be representative and become potentially misleading, especially in a clinical setting.

No | Attribute Name
1 | RDW-CV

2 | PDW

3 | MID

4 | Reticulocyte

5 | Occupation

6 | HC

7 | Educational Level
8 | Marital Status
9 | Total protein
10 | Height

11 | Albumin

12 | Globulin

13 | History

14 | Ester

15 | Bilirubin

16 | BUN

17 | Creatinine

18 | Cr-Clearance
19 | Direct Bilirubin
20 | SPO2

21 | Temperature
22 | SBP/DBP

23 | Weight

Table 5 List of variables removed due to relatively high amount of missingness

Before imputation, Little’s MCAR test, done using the 'naniar' library in R Studio, confirmed that
the missing data followed a Missing Completely at Random (MCAR) pattern. After that, a
combination of methods to handle missing data were used. Median imputation, KNN, MICE and
mode were selected based on the characteristics of the data.
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Median imputation was used for continuous variables, ensuring central tendency preservation
without being distorted by outliers (Hang et al. 2021). It is also fast and simple to apply. KNN
imputation was chosen for mixed-type data, benefiting from its ability to utilize structural and
contextual information (Hang et al. 2021; Ngusie et al. 2024). MICE was selected for continuous
variables since it can deal with complex inter-variable relationships, particularly where the
preservation of multivariate patterns and accurate reflection of uncertainty are important (Li et al.
2024; Hang et al. 2021). For the categorical variables, mode (most frequent value) was used for

imputation.

After applying the above four imputation techniques, the resulting datasets were three each with
different imputation methods. Number of instances was the same across all datasets and
consistency of data types for each variable in each dataset was also the same. This imputation
helped in analyzing the data without reducing sample size.

IV.  Feature Engineering

In this study, one created attribute was 'outcome’, which was the target variable for predicting
presence or absence of adverse outcome based on existing attributes in the data. The attribute was
derived from indicators 'stillbirth’ (occurrence of still birth), gestational age (gestational age when
the child was born), ‘Neonatal status’ and ‘assessment' (neonatal assessment given by the
physician), using a conditional function that categorizes observations into 'yes' or 'no' based on
predefined criteria. If a patient was not classified as stillbirth and had not been medically assessed,
the outcome was assigned as 'no’ (no adverse outcome), while cases involving preterm birth, low

birth weight, or confirmed stillbirth were categorized as 'yes' (having adverse outcome).

Stillbirth | Assessment Gestational age | Neonatal status | Outcome
No No Term Alive No

No Preterm Preterm Alive Yes

No Low birthweight | Term Alive Yes

Yes Any Any Not-Alive Yes

Table 6 Outcome variable engineering

These four attributes were also dropped after creating the outcome attribute. By including this new

feature, the dataset can further be used for binary classification models.
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V. Variable encoding

One hot encoding was applied on the categorical attributes since none of the attributes had order
in the classes. Label encoding was applied on the outcome variable to convert it into a model
friendly format.

Class Distribution of Adverse Outcome
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Figure 6 Label encoded target class and distribution
VI.  Data Splitting into Train-Test sets

Next, the data was split into an 80-20 ratio, where 80% of the dataset was chosen as the training
sample and 20% as the test sample. The 80-20 ratio was used since the amount of positive class
labels is relatively small. When the labeled sample is relatively small, the amount of training data
is often chosen to be larger than the test data since the learning performance of the model directly
depends on the training sample (Mohri, Rostamizadeh, and Talwalkar 2012).

Class Number of Training sample | Number of Testing sample | Total
0 (non-risk women) | 676 170 846
1 (at-risk women) | 157 39 196

Table 7 Number of instances in training and testing set
VII.  Data Scaling/Normalization
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In this study, data normalization was applied on all the numeric features found in the training
dataset after splitting the data into training and test set. This made sure that no variable dominates

because of differences in units or scales and avoid data leakage.
VIII.  Feature Selection

The attribute ‘muac’ (middle upper arm circumference), a binary attribute with values > 23 or <
23 which is also an indicator of malnutrition, was removed because it was highly correlated with

the attribute ‘malnutrition’ (0.96).

Other variable dropped in the feature selection process was the variable ‘lie’, an attribute that refers
to the orientation of the fetus in the womb relative to the mother's spine, which offers limited

clinical relevance to outcome since it had the same value for all instances (‘longitudinal”).

3.5 Selection of ML models
The choice of ML models largely depends on the type of task and data type (Cho et al. 2024).
Different supervised ML models were selected for use in this study since they are used for

classification tasks and based on their wide application in similar public health setting.

Models | Reason for Selection

LR Baseline model
Simple, fast and Interpretable
NB Requires small amount of data

Fast and Simple

SVM Good for high dimensional & small data
Handles complex boundaries well

DT Handles non-linear relationship
Interpretable

XGBoost | Good for small and structured data

High Accuracy

Resistant to overfitting & Fast

RF Good for high dimensional & small data
Handles complex interaction

Reduces Overfitting

Table 8 Selected ML models for experiment
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3.6 Software and Tools

Python in google colab and R-studio version 2024.12.1 version tools were used for the various

data handling, cleaning, application of ML models and visualization of the study.
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Figure 7 Architecture of adverse outcome risk prediction model

37



CHAPTER FOUR

4. Experimentation and Analysis of Results

4.1 Overview

After the data was prepared following different interrelated preprocessing steps which resulted
with three final data sets that used different imputation techniques (median, MICE, KNN) to
handle missing data of the original dataset. Each dataset contained 1042 instances with 42
attributes. Then, using each imputation method, six different ML models were trained, ensuring
each model was evaluated across all three techniques using cross-validation. From each
combination, the best-performing version of each model was selected based on evaluation of
classification report of the cross-validation. Next, Bayesian optimization and Grid Search were
used to fine-tune hyperparameters, comparing their effectiveness. After selecting the best
parameter configurations between the two approaches, the final six models were also evaluated
using cross-validation on the training set. Performance metrics, like the classification report, was
used to compare models. Finally, the optimized models were applied to the test set for final
evaluation, measuring their generalization and classification abilities of instances into risk and no

risk.

4.2 Experimentation

Model 1: LR
In this section, the first prediction model was built using logistic regression. The type of logistic
regression used was binary logistic regression where the dependent variable can only take two

values. The ‘sklearn’ library in Python was used to import and build the LR model.
» Model Training

The training set was fitted into a created function that trains a LR model and evaluates it using
stratified K-Fold cross-validation (5 splits). The model was initially created with default
hyperparameters. The function then performs predictions on the cross-validation, ensuring that the
model is tested on different subsets of the training data while preserving class distribution with

stratified sampling. Finally, it prints a classification report showing accuracy, precision, recall, and
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F1-score for performance testing of the model which was useful for evaluating the LR model

before hyperparameter tuning.

So, initially, the three datasets with different imputation strategies were fitted using the created
function. Of the three, the one that performed well was selected for further hyperparameter tuning

and prediction using the LR model.

After training the LR model using three different imputation methods, the version trained on the

dataset imputed with the MICE technique achieved the best performance on the training set.
» Hyperparameter Tuning

After selecting the best model from the three initially created, hyperparameter tuning was

performed.

e Grid search: A function was created that trains the selected LR model while performing
hyperparameter tuning using ‘GridSearchCV()’ with 5-fold cross-validation by defining a
dictionary of hyperparameters. The function searches for the best hyperparameter
combination by evaluating different combinations and after identifying the best
parameters, the model is trained on the best parameters and further evaluated using
stratified K-Fold cross-validation. It then prints a classification report of the cross

validation to assess model performance.

e Bayesian Optimization: A function was created that trains the selected LR model while
performing hyperparameter tuning using ‘BayesSearchCV’. It first defines a search space
for hyperparameters with 5-fold cross-validation. After finding the best hyperparameters,
the optimized model is retrained using stratified K-Fold cross-validation. Then, it evaluates

the model by generating a classification for performance assessment.

From the two methods experimented with, for LR model, hyperparameters tuned with Bayesian
optimization yielded a better result.

> Model Prediction

After hyperparameter tuning, the final model was trained using the best hyperparameters on the

entire training set and used to predict on the test set.

39



» Model Evaluation

After training the tuned LR model, the model was then evaluated on the test set using Accuracy,

Precision, Recall, f1-Score, Confusion Matrix, AUC-ROC curve and Precision-Recall curve.

Classification Report

Precision | Recall | F1-score | Support
0 0.90 095 [0.92 170
1 0.70 054 |0.61 39
Accuracy 0.87 209

Table 9 Test set classification report

This classification report shows the LR model’s ability to generalize to the unseen test set. It can
be seen that the LR model has an accuracy of 0.87. A recall value of 95% & 54% indicates that
the model has a strong performance in detecting “no risk™ class but struggles with detecting “at-
risk” women. This means that the model only captures 54% of actual "at-risk™ women and misses
46%. Of the women predicted as at-risk by the model, only 70%, are correctly classified as shown
by the precision. The fl1-score value of 61% indicates moderate effectiveness for detecting the at-

risk class.
Confusion Matrix

After predicting on the test set, a confusion matrix was created to compare the correct and incorrect

predictions by the model.

Confusion Matrix
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Figure Confusion Matrix of LR model

40



This confusion matrix shows that of the total 209 test data instances, 182 instances are correctly
classified in their respective classes.161 women from a total of 170 women are correctly classified
as no-risk (0) and 21 women from a total of 39 women are correctly classified as risk (1). However,
9 women from a total of 170 women are incorrectly classified as at-risk and 18 women from a total

of 39 are incorrectly classified as no-risk.

AUC-ROC curve
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Figure AUC-ROC curve of LR model

The AUC-ROC curve value of 0.85 for the LR model indicates that the model has good
discriminatory ability to differentiate between the at-risk women for unfavorable outcome and
non-risk women. The plot indicates that the model has a relatively high sensitivity without many

false positives.

Precision-Recall curve

41



Precision-Recall Curve
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Figure PR-AUC curve of LR model

The LR model achieved a Precision-Recall (PR) score of 67%, which shows a moderate balance
between precision and recall in detecting positive instances. The high precision values at low recall

values shows that the model predicts few false positives but misses more true positives.

Model 2 : Naive Bayes
In this section, the second prediction model built was naive bayes. The ‘sklearn’ library in Python

was used to import and build the model.
» Model Training

For model training, a function was created with default hyperparameters that trains a NB model
and evaluates it using stratified K-Fold cross-validation (5 splits) on a given training dataset. It
then performs cross-validation predictions and prints a classification report.

Similarly, as the previous LR model, the three datasets with different imputation strategies were
fitted using the created function. Of the three, the one that performed well was selected for further

hyperparameter tuning and prediction using the NB model.

For the NB model, the data set imputed with KNN method performed better than the rest.
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» Hyperparameter Tuning

After selecting the best model from the three initially created, hyperparameter tuning was

performed. For NB model, both of the two tuning methods experimented with gave the same result.
» Model Prediction

Then, the tuned NB model was used to train on the entire training data and used to predict on the

test set.
> Model Evaluation

After training the NB model using the best hyperparameters, the model was then evaluated on the

test set.

Classification Report

Precision | Recall | F1-score | Support
0 0.91 0.88 |0.89 170
1 0.54 0.64 |0.59 39
Accuracy 0.83 209

Table 10 Test set classification report

This classification report shows the model’s ability to generalize to the unseen test set. It can be
seen that the NB model has an accuracy of 0.83. A recall value of 88% & 64% indicates that the
model has a strong performance in detecting “no risk” class but struggles with detecting “at-risk”
women. This shows that the model only correctly predicts 64% of actual "at-risk" women and
misses 36% of the women. Of the women predicted as at-risk, only 54%, are correctly classified.

The f1-score value of 59% indicates slightly poor effectiveness for detecting the at-risk class.
Confusion Matrix

After predicting on the test set, a confusion matrix was created to compare the correct and incorrect

predictions by the model.

43



Confusion Matrix
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Figure Confusion Matrix of NB model

This confusion matrix shows that of the total 209 test data instances, 174 instances are correctly
classified in their respective classes.149 women from a total of 170 women are correctly classified
as no-risk (0) and 25 women from a total of 39 women are correctly classified as risk (1). However,
21 women from a total of 170 women are incorrectly classified as at-risk and 14 women from a

total of 39 are incorrectly classified as no-risk.

AUC-ROC curve

Receiver Operating Characteristic (ROC) Curve

1.0 1

0.8 1

0.6

0.4

True Positive Rate

0.2 1

0.0- —— AUC-ROC Curve (AUC = 0.80)

T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure AUC-ROC curve of NB model
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The AUC-ROC curve value of 0.80 for the NB model indicates that the model has good
discriminatory ability to differentiate between the at-risk women for unfavorable outcome and
non-risk women. The curve's blue line, above the dashed diagonal, shows the model performs
much better than random guessing (AUC=0.5).

Precision-Recall Curve
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Figure PR-AUC curve of NB model

The NB model achieved a Precision-Recall (PR) score of 56%, which shows a poor balance
between precision and recall in detecting positive instances. The curve shows a fluctuating pattern,
with precision very initially high at low recall then sharply dropping, and then increasing
gradually.

Model 3: SVM

Here, the general process follows the same procedure as the previous two models.
» Model Training

So first, similar as the previous models, the three datasets with different imputation strategies were
fitted using the created function. Of the three, the one that performed well was selected for further

hyperparameter tuning and prediction using the SVM model.
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For the SVM model, all of the data set with different imputations performed the same when fitted

in the baseline model.
» Hyperparameter Tuning

In this model experiment, since all the imputation methods had similar performance, all variants
of the data set were further tuned using grid search. After tuning, the dataset that was imputed

using MICE method performed slightly better than the rest and was selected.

For this model, the grid search hyperparameter tuning performed better than the Bayesian

optimization on the training data.
» Model Prediction

Then, the SVM model was used to train on the entire training data and used to predict on the test

set.
> Model Evaluation

After training the SVM model on the whole training set using the best hyperparameters, the model

was then evaluated on the test set.

Classification Report

Precision | Recall | F1-score | Support
0 0.89 098 [0.93 170
1 0.83 049 |0.61 39
Accuracy 0.89 209

Table 11 Test set classification report

From this classification report it can be seen that the SVM model has an accuracy of 0.89 which
shows a good overall predictive ability. A recall value of 98% & 49% indicates that the model has
a strong performance in detecting “no risk™ class but struggles with detecting “at-risk” women.
This means the model only captures 49% of actual "at-risk" women and misses more than half. Of
the women predicted as at-risk, 83%, are correctly identified. The f1-score value of 61% indicates

moderate effectiveness for detecting the at-risk class.
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Confusion Matrix

After predicting on the test set, a confusion matrix was created to compare the correct and incorrect

predictions by the model.
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Figure Confusion Matrix of SVM model

This confusion matrix shows that of the total 209 test data instances, 185 instances are correctly
classified in their respective classes.166 women from a total of 170 women are correctly classified
as no-risk (0) and 19 women from a total of 39 women are correctly classified as risk (1). However,
only 4 women from a total of 170 women are incorrectly classified as at-risk and while 20 women

from a total of 39 are incorrectly classified as no-risk.

AUC-ROC curve
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Receiver Operating Characteristic (ROC) Curve
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Figure AUC-ROC curve of SVM model

The AUC-ROC curve value of 0.79 for the SVM model indicates that the model has good
predictive ability to differentiate between the two classes (at-risk women for APOs and non-risk

women).
Precision-Recall curve
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Figure PR-AUC curve of SVM model

The SVM model achieved a Precision-Recall (PR) score of 66%, which shows a moderate balance

between precision and recall in detecting positive instances.

Model 4: DT
The fourth model experimented with was the DT classifier model.

» Model Training

After fitting the three datasets with different imputation strategies in the baseline model, for DT
classifier, the one that performed well was selected for further hyperparameter tuning and

prediction.
For the DT model, the dataset variant imputed with KNN performed better than the others.
» Hyperparameter Tuning

After experimenting with both hyperparameter tuning methods, for the DT model, Bayesian

Optimization gave better performance result on the training set.
» Model Prediction

Then, the DT model with the selected best hyperparameters was used to train on the entire training

data and used to predict on the test set.
» Model Evaluation

After training the DT model using the best hyperparameters, the model was then evaluated on the

test set.

Classification Report of the test set

Precision | Recall | F1-score | Support
0 0.89 096 |0.93 170
1 0.76 049 |0.59 39
Accuracy 0.88 209

Table 12 Test set classification report
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The above classification report shows that the DT model has an accuracy of 0.88. A recall value
of 96% & 49% indicates that the model has a strong performance in detecting “no risk” class but
has problems with detecting “at-risk” women meaning that the model only captures 49% of actual
"at-risk" women and misclassifies 51% of the women. Of the women predicted as at-risk, only
76%, are correctly identified. The f1-score value of 59% indicates poor effectiveness for detecting

the at-risk class.
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Figure Confusion Matrix of DT model

This confusion matrix shows that of the total 209 test data instances, 183 instances were correctly
classified in their respective classes.164 women from a total of 170 women were correctly
classified as no-risk (0) and 19 women from a total of 39 women were correctly classified as risk
(1). However, only 6 women from a total of 170 women were incorrectly classified as at-risk and

while 20 women from a total of 39 were incorrectly classified as no-risk.

AUC-ROC curve
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Receiver Operating Characteristic (ROC) Curve
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Figure AUC-ROC curve of DT model

The AUC-ROC curve value of 0.83 for the DT model indicates that the model has moderate

predictive ability to differentiate between the positive and negative classes.
Precision-Recall curve
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Figure PR-AUC curve of DT model

The DT model achieved a Precision-Recall (PR) score of 71%, which shows a fair ability to

correctly distinguish the at-risk group.
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Model 5: XGBoost
The fifth model used was the XGBoost classifier model.

Model Training

For this ML model, the dataset variant imputed with simple imputation (median) performed
slightly better than the others.

» Hyperparameter Tuning

After experimenting with both hyperparameter tuning methods, for the XGBoost classification

model, Bayesian Optimization gave better performance result on the training set.
» Model Prediction

Then, the XGBoost model with the selected best hyperparameters was used to train on the entire

training data and used to predict on the test set.
» Model Evaluation

After training the XGBoost model using the best hyperparameters, the model was then evaluated
on the test set.

Classification Report of the test set

Precision | Recall | F1-score | Support
0 0.93 099 |0.96 170
1 0.93 069 |0.79 39
Accuracy 0.93 209

Table 13 Test set classification report

From this classification report, it can be seen that the XGBoost model has an accuracy of 0.93
which indicates relatively good overall predictive ability of the model. A recall value of 99% &
69% indicates that the model has a near perfect performance in detecting “no risk” class but slightly
lower performance with detecting “at-risk” women. The recall value shows that the model captures

69% of actual "at-risk" women and misses 31%. Of the women predicted as at-risk by the model,
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93% are correctly identified. The f1-score value of 79% indicates good effectiveness for detecting

the at-risk class.
Confusion Matrix
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Figure Confusion Matrix of XGBoost model

This confusion matrix shows that of the total 209 test data instances, 195 instances were correctly
classified in their respective classes.168 women from a total of 170 women were correctly
classified as no-risk (0) and 27 women from a total of 39 women were correctly classified as risk
(1). However, only 2 women from a total of 170 women were incorrectly classified as at-risk and

while 12 women from a total of 39 were incorrectly classified as no-risk.

AUC-ROC curve
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Receiver Operating Characteristic (ROC) Curve
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Figure AUC-ROC curve of XGBoost model

The AUC-ROC curve value of 0.89 for the XGBoost model indicates that the model has a strong
classification ability to differentiate between the two classes (at-risk women for APOs and non-

risk women).

Precision-Recall curve
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Figure PR-AUC curve of XGBoost model
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The XGBoost model achieved a Precision-Recall (PR) score of 79%, which shows a really good
ability to distinguish the at-risk group and balance between precision and recall in detecting
positive instances. Even as recall increases (>0.7), precision is relatively high (>0.7) before falling
off, indicating the model initially captures most positive cases without being much affected by

noise.

Model 6: RF
The final model selected and experimented with was the RF tree-based model.

Model Training

For this ML model, the dataset variant imputed with KNN strategy performed slightly better than
the others.

» Hyperparameter Tuning

After experimenting with both hyperparameter tuning methods, for the RF classification model,

grid search optimization gave better performance result on the training set.
» Model Prediction

Then, the RF model with the tuned best hyperparameters was used to train on the entire training
data and used to predict on the test set.
» Model Evaluation

After training the RF model using the best hyperparameters, the model was then evaluated on the
test set.

Classification Report of the test set

Precision | Recall | F1-score | Support
0 0.91 0.98 0.95 170
1 0.88 0.59 0.71 39
Accuracy 0.91 209

Table 14 Test set classification report
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From this classification report, it can be seen that the RF model has an accuracy of 0.91. A recall
value of 98% & 59% indicates that the model has a strong performance in detecting “no risk” class
but lower performance with detecting “at-risk” women. This shows that the model captures 59%
of actual "at-risk" women and misclassifies 41%. It also means that it correctly classifies 98% of
non-risk women as non-risk and misclassifies 2%. Of the 59% of women predicted as at-risk, 88%,
are correctly identified. The f1-score value of 71% indicates good effectiveness for detecting the

at-risk class.

Confusion Matrix

Confusion Matrix
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0 1
Model Prediction

Figure Confusion Matrix of RF model

This confusion matrix shows that of the total 209 test data instances, 190 instances were correctly
classified in their respective classes.167 women from a total of 170 women were correctly
classified as no-risk (0) and 23 women from a total of 39 women were correctly classified as risk
(1). However, only 3 women from a total of 170 women were incorrectly classified as at-risk and

while 16 women from a total of 39 were incorrectly classified as no-risk.

AUC-ROC curve
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Figure AUC-ROC curve of RF model

The AUC-ROC curve value of 0.87 for the RF model indicates that the model has a strong
classification ability to differentiate between the two classes (at-risk women for APOs and non-

risk women).
Precision-Recall curve

Precision-Recall Curve

1.0 A

0.9 4

0.8

0.7 1

0.6

Precision

0.5

0.4 1

0.3

0.2 4 —— Precision-Recall Curve(AUC=0.75)

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure PR-AUC curve of RF model
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The RF model achieved a Precision-Recall (PR) score of 75%, which shows a good ability in
identifying the positive class and balance between precision and recall. It classifies at-risk class

with higher values of precision (>0.7) for higher values of recall (0.6-0.7).

Model | Imputation | Tuning Class | Precision | Recall chlo_re Accuracy é‘gg QI;J C-
TR et mt S Py P
NB KNN Grid Search (1) gi 23 gg 83 80 56
SVM MICE Grid Siearch (1) gg Zg 2:; 89 79 66
SCTI|  —tt R PR
R s et et m R P
RF | KNN Grid Search -2 > ot o1 87 |75

Table 15 Summary of the final tuned models’ performance on the test set

4.3 ldentifying Key Features for Prediction

To determine the most influential factors affecting the prediction model, the XGBoost’s default
importance scoring method was used to extract the top 15 features. The more an attribute is used
to make key decisions, the higher its relative importance. This importance is calculated explicitly
for each attribute in the dataset, which allows for the attributes to be ranked and compared to each
other (Brownlee Jason 2020). After preprocessing steps were done, the final obtained 42 attributes
were all used to train the XGBoost model. Identifying which indicators are the most influential on
the model can help identify possible risk factors that are associated with APOs among women with
HDP.
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Top 15 Important Features
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Figure 8 Feature importance plot using XGBoost model

From this feature importance plot, we can observe that among the total 42 evaluated factors, these
were the top 15 attributes that had more contribution to the performance of the model. Platelets
(PLT) play the most significant role in the model's prediction with aspartate aminotransferase

(AST), which is a liver function test, together making up almost 14% of the importance.

Other highly ranked features by the model include rr (respiratory rate), hemo (hemoglobin),
birthtype_twin (giving birth to twins), ket 2 (having urinary ketone value of +2) and lym
(lymphocyte blood cell count) which are mostly laboratory indicators. Other features, such as
white blood cell count, urea, neutrophile count and presence of anemia, have relatively lower

importance scores, which shows that their role in prediction is low.

4.4 Comparison of ML models

After performing model training, hyperparameter tuning and modeling steps, the final six models
were compared with each other using key metrics such as accuracy, precision, recall, AUC-PR and
AUC-ROC curves. The following figures are used to show the performances of the models on the

key evaluation metrics.
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0.90 0.91 0.930.93

0.89 0.89 0.91 .28
0.83
081 0.76
0.70
0.6 |
0.54
Class 0: No Risk

N Class 1: At-Risk

0.4 1

0.2

0.0

LR NB SVM DT XGB RF

Machine Learning Models

Precision

Figure 9 Comparison of the models by Precision

When comparing on precision, XGBoost model had the best performance in classifying the non-
risk group followed by RF, NB and Logistic regression. For the minority class, at-risk group, the
XGBoost model still had the best performance followed by RF and SVM respectively. The LR
and NB models had the lowest precisions.
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Figure 10 Comparison of the models by Recall

When comparing based on recall, all models had a really good performance in predicting mothers
not at risk of developing adverse outcomes and XGBoost model had a near perfect value followed
by SVM and RF. For predicting the at-risk mothers, the XGBoost still out performed better than
the rest of the algorithms followed by NB model. The DT and SVM models had the lowest
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sensitivity in predicting women who are at-risk for developing adverse outcomes. The figure also
shows that all models had better performance in predicting the majority class than the minority

class.

Lo Comparison of ML Model AUC-ROC
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Figure 11 Comparison of the models by AUC-ROC

The AUC-ROC plot shows that XGBoost algorithm has the highest performance showing a better
ability to discriminate between classes. RF follows closely together with LR outperforming the
other models.

Comparison of ML Model PR-ROC
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Figure 12 Comparison of the models by PR-AUC
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The AUC-PR comparison plot evaluates the performance of the six models on their ability to
balance high precision and recall. From the above plot, we can see that XGBoost performs best
with followed by the RF model.

4.5 Discussion of the result
The main objective of this research was to build a ML model that can identify women with HDP
at-risk of developing APO. All the experiments were done on the same data and the same training

and testing dataset split so that it wouldn’t influence the performance of the models.

This study experimented with six ML models used for developing a predictive model. All models
achieved overall accuracies greater than 80% which means the models have good overall
predictive ability. But out of these models, the results show that XGBoost outperformed other
models which was similar with other studies (Hang et al. 2021; Chen et al. 2022; Thi Huyen Anh,
Manh Thang, and Thanh Huong 2024). It had achieved a 69% recall (sensitivity) and 99%
specificity and also had the highest AUC-PR (0.79), which shows the model’s good performance
on imbalanced data. The RF model had the next best performance with 59% recall (sensitivity)
and 98% specificity. In contrast, SVM and DT showed very poor performances, with recall rates
of only 49%, which makes them completely unsuitable for clinical decision-making. This
contradicts findings from (Sarno et al. 2022) in which DT had better sensitivity than other models
that may be attributed to the use of feature selection methods in the pre-processing steps in their

study.

For this study, sensitivity (ability to correctly identify individuals who have the disease) was
primarily prioritized since false negative (classifying a woman who is at-risk as non-risk) has more
consequence. It could lead to delays in initializing treatment which puts the mother and the fetus
at more risk for worse health conditions. Specificity (ability to correctly identify individuals who
do not have the disease) is also important because a false positive (classifying a mother who is
non-risk as at-risk) can lead to unnecessary treatments and further tests. It may also cause undue
stress and psychological harm on the mother. So even though most of the models have good
accuracy, it can’t be used as the only metric for evaluating the performance of the models since it
takes into account all the correctly predicted instances in both classes. So, a model having high

specificity and low sensitivity (as most of the models in this study) might have good accuracy.
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Based on this, XGBoost is chosen as the best predictive model for the problem presented in the

study since it has a better sensitivity and specificity balance.

The rest of the models (LR, NB, SVM, DT, RF) had good AUC values and good specificity values
but lower sensitivity values which were similar with other studies (Chen et al. 2022; Hang et al.
2021). However, these results contrast with the work of (Sarno et al. 2022), who had higher
sensitivity results for all models used including LR, SVM, DT and RF models which can be due
to higher proportion of APOs in their data which enabled the models to learn more from the
underlying patterns.

Among the features that were identified as important by the XGBoost model, platelet count was
identified as the most important feature for the model’s performance. This variable was also
identified as an important predictor by other studies (Thi Huyen Anh, Manh Thang, and Thanh
Huong 2024; Jaleta and Abdisa 2022). Other attributes identified as important by the model is AST
(aspartate aminotransferase) which was also identified as another important predictor for APO
among women with HDP (Chen et al. 2022) alongside neutrophile count (Sarno et al. 2022). There
were also notable differences in the important features selected by this study and other studies
which may be because of differences in the predictors used. The study by (Chen et al. 2022)
identified fetal femur length, fetal head-to-abdominal ratio and fetal biparietal diameter among

other predictors as some of the important features which were not used in this study.

Based on this study, the choice of imputation method (MICE, KNN, or Median) had low impact
on determining the best model for prediction. This was shown by the lack of performance
difference of the baseline models trained with different imputation techniques (see annex). From
the hyperparameter tuning methods experimented with, Bayesian optimization was preferred since
it had lower computation time and gave the XGBoost model which had the best performance. The

models tuned with Bayesian optimization also gave better average AUC-PR values (see annex).

63



CHAPTER FIVE

5. Conclusion & Recommendation

5.1 Conclusion

The main objective of this study was to develop a predictive model for APOs among women with
HDP using ML techniques. The study was conducted by following a structured data science
methodology, involving data understanding, data preprocessing, model building, hyperparameter
tuning, and performance evaluation. The dataset used for this research was obtained from
electronic medical records of four hospitals under the Addis Ababa Health Bureau, including
antenatal and delivery information of pregnant women. For model development and
experimentation, six ML algorithms were used; Logistic Regression, Naive Bayes, Support Vector
Machines, Decision Tree, Random Forest, and XGBoost combined with three missing value
imputation techniques: Median, KNN, and MICE. Each model was evaluated based on multiple
performance metrics using cross-validation and the unseen test datasets.

This study has several strengths. First, it utilized routinely collected clinical and laboratory
variables already part of standard antenatal care in Ethiopian health facilities. This increases the
usability and applicability of model implementation in low-resource settings. Additionally, the
features identified as important for prediction are non-invasive and inexpensive tests that can be
done easily. However, the study also had limitations. The fact that the dataset was obtained from
selected hospitals in Addis Ababa limits the generalizability of the findings to broader populations
or other regions. Additionally, the sample size was relatively small, and rare outcomes (adverse
outcomes) were underrepresented, which affects model reliability.

Finally, while the models showed promise, the best-performing model achieved only 69% recall
for identifying women at risk of adverse outcomes. Since there is clinical significance of missing
high-risk cases, this level of sensitivity is suboptimal for real-world application. Therefore, the
current models should not be deployed and used in clinical settings without further development
and validation.

The results of this study achieved the research questions previously stated which were to identify
key clinical predictors and to identify the best ML model for prediction of APOs among women
with HDP. In regards to the first research question, this study has identified the main clinical factor

to have an effect on APOs among women with HDP to be the number of platelets count of the
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mother followed by AST levels of the mother. Other important predictors include respiratory rate
and hemoglobin levels of the mother, having multiple pregnancy and ketone levels of +2 found in
the urine.

With respect to the second research question, after performing different experimentations, the
study revealed that XGBoost and Random Forest classifiers demonstrated the best overall
predictive performance, particularly in terms of sensitivity and AUC. So, based on these findings,
XGBoost model when paired with Bayesian optimization, has the potential to be used for
predicting APOs in early pregnancy.

5.2 Recommendation

This study has shown the potential application of ML in predicting APOs among women with
HDP. Using routinely collected medical data showed that meaningful insights can be derived from
existing EMRs, which can be used to support timely risk stratification and targeted care. Based on
this research’s findings, there are some areas that need further investigation to have a better risk
prediction model.

Future researchers should focus on:

Explore more advanced ML models: In this study, only six commonly used models were used. So,
future work should consider testing advanced models such as deep learning and hybrid ensembles

that may give an improved predictive performance, especially in imbalanced datasets.

Include other adverse outcomes: Including other APOs like IUGR, Birth asphyxia, Low APGAR
scores can address the class imbalance. Since rare outcomes may suffer from having low

sensitivity, adding related but more frequent outcomes can improve model training.

Incorporate other relevant features: Features that were selected as important in other similar studies
like fetal femur length, fetal head-to-abdominal ratio and fetal biparietal diameter, 24- hour urine
protein among others were not used in this research since they were not available or had high
missingness. Including such variables could possibly increase the models’ performances and

clinical value.
Clinicians and health institutions should:

Ensure complete registration of patient data: Some variables in this study were not used since they

had high proportion of missingness. One reason for missingness could be due to limitations in
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routine EMR data documentation. So, healthcare workers should try to ensure complete patient

data registration in the EMRs.

Provide awareness and education about the use of ML in maternal healthcare: As ML based tools
continue to be developed, it is important to educate the users and the public about how these kinds
of tools work and how they can support rather than replace clinical judgment. Having this
awareness among the public will be useful when models with sufficient performance are ready for

clinical use.
Public Health Stakeholders and Policymakers should:

Establish ethical and regulatory frameworks: Policies must be developed that guarantee that ML

models used in maternal health are ethical, transparent and secure.
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Annex

A: Table One: List of final attributes selected for modelling

Attribute Name
Age

BMI

PR

RR

Blood Group
Gestational Age
WBC

Neu

Lym

10 | Mono

11 | eos

12 | baso

13 | RBC

14 | hemo

15 | hema

16 | mev

17 | mch

18 | mche

19 | mpv

20 | plt

21 | appearance
22 | ph

23 | sg

24 | prot

25 | glu

26 | ket

27 | blood

28 | Urobili

29 | Nitrite

30 | urea

31 | AST

32 | ALT

33 | ALP

34 | Total bilirubin
35 | SBP

36 | DBP

37 | Anemia

38 | Presentation
39 | Malnutrition
40 | Type of HDP

o

©o|o|Nlo|u|Mlw(N|F|=
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41 | Birth type

42 | Outcome

B: Table Two: Performance of models using different imputation methods

Model Imputation Method | Precision(%o) Recall(%) | F1-Score(%) | Accuracy(%o)
LR Median 80 52 63 89
*MICE 84 54 65 89
KNN 83 52 64 89
NB Median 22 78 34 43
MICE 22 78 34 43
*KNN 22 78 35 44
SVM Median 72 26 38 84
*MICE 72 26 38 84
KNN 72 26 38 84
DT Median 52 53 52 82
MICE 54 54 54 83
*KNN 56 57 57 84
XGBoost | *Median 85 55 67 90
MICE 84 51 63 89
KNN 81 52 64 89
RF Median 95 51 66 90
MICE 95 50 65 90
*KNN 95 52 67 90

*Models and imputation methods selected for hyperparameter tuning

C: Table Three: Performance of models using different tuning methods

Model Hyperparameter Tuning | Precision(%) Recall(%) | F1-Score(%) | Accuracy(%o)

LR Grid Search 84 52 64 89
*Bayesian 85 52 64 89
Optimization

NB *Grid Search 51 60 55 82
Bayesian Optimization | 51 60 55 82

SVM *Grid Search 81 50 62 88
Bayesian Optimization | 71 48 57 87

DT Grid Search 73 36 48 85
*Bayesian 62 38 47 84
Optimization

XGBoost | Grid Search 89 54 67 90
*Bayesian 91 56 69 91
Optimization

RF *Grid Search 93 52 66 90
Bayesian Optimization | 91 50 65 90

*Models selected as best from the two tuning methods
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