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Abstract: Women’s health throughout pregnancy, childbirth, and the postpartum period is referred to as maternal
health. Even though most pregnancies and births are successful, issues can occasionally arise and can be extremely
painful for mothers and babies. Through a better und erstanding of risk factors and the implementation of earlier and
more suitable interventions, predictive modeling can enhance outcomes and assist gynecologists in providing more
effective care. The dataset used for analysis was collected from local hospitals in Bangladesh. For the analysis, the
main risk factors considered are age, blood pressure (systolic), blood pressure (diastolic), body temperature, maternal
heart rate, blood glucose, hepatitis B, Thyroid-Stimulating Hormone (TSH), Serum Glutamic-Pyruvic Transaminase
(SGPT), serum uric acid, fetal heart rate, amount of amniotic fluid, fetal movement, and obesity. The dataset contains
details of these features for women during pregnancy. Data preprocessing involved encoding categorical values into
numeric form, handling missing values through imputation, selecting relevant features, and feature scaling, among other
tasks. The data were then divided into training and testing sets, and the model with the best accuracy was determined.
Multinomial Logistic Regression (MLR), Naive Bayes(NB), K-Nearest Neighbors (KNN), Support Vector Machine
(SVM), Decision Tree (DT), Random Forest (RF), and Multilayer Perceptron (MLP) Neural Network are among
the models used. The MLR, Multinomial Naive Bayes (MNB), KNN, SVM, DT, RF, and MLP algorithms achieved
accuracies of 89.58%, 80.13%, 100.0%, 90.23%, 100.0%, 100.0%, and 100.0%, respectively. The DT, RF, and MLP
algorithms also yielded the best precision, recall, F1-score, and Receiver Operating Characteristic-Area Under the
Curve (ROC-AUC) score, all at 100.0%. The DT, RF, and MLP algorithms performed best overall in terms of accuracy,
precision, recall, F1-score, and ROC-AUC score compared to the other algorithms. The input and target variables were
also subjected to sensitivity analysis to determine which input parameters have the most significant impact on risk.
According to the sensitivity analysis, the following factors significantly impact the risk to the mother’s and fetus’s
health: blood pressure (systolic and diastolic), fetal movement, fetal heart rate, and the amount of amniotic fluid. This
study will help improve healthcare for expectant mothers and their fetuses by reducing maternal and child morbidity
during pregnancy in Bangladesh.
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1. Introduction

Pregnancy is a stage in which both the mother and the fetus are vulnerable to health complications. Fetal health
can be affected not only by the mother’s physiological and adaptive changes during pregnancy but also by her medical
history and familial traits. Therefore, monitoring fetal health and receiving prenatal care during this stage are vital for
the wellbeing of both the mother and the fetus [1]. Due to a lack of knowledge about maternal health care throughout
pregnancy and after delivery, many pregnant women die from diseases associated with pregnancy. This burden
disproportionately affects rural areas of developing countries and lower-middle-income populations [2]. Throughout
pregnancy, close and continuous monitoring is required to promote healthy fetal development and to help ensure a safe
delivery. Factors such as heavy traffic, adverse weather, and pollution often prevent patients from attending continuous
hospital examinations. Identifying the root causes of maternal health issues is therefore essential for generating early
warning indicators [3].

Gynecologists provide guidelines to parents about the health of their unborn children based on previously studied
cases and prior experience. Therefore, identifying the potentially familial (primarily maternal) clinical information that
may impact fetal health would benefit antenatal maternal care. However, several obstacles, such as a lack of facilities
near the patient’s location (outlying rural communities) or overcrowding in urban hospitals, may prevent patient-oriented
healthcare from being fully implemented. The World Health Organization (WHO) estimates that 810 women worldwide
pass away every day as a result of delivery and pregnancy complications [4]. Maternal deaths predominate (94%) in
nations with low and lower-middle incomes. Although recent technological developments have resulted in a decrease in
maternal deaths [5-6], it is still challenging to guarantee the safety of both mother and fetus throughout pregnancy. The
risks of pregnancy in this circumstance can be reduced by anticipating issues and implementing precautionary measures.
As a result, predictive modelling was developed, helping to save the lives of millions of pregnant women and newborns.

Globally, maternal health remains a critical public health priority. Recent evidence underscores the wide spectrum
of factors—genetic, nutritional, metabolic, and socioeconomic—that influence maternal and fetal outcomes across the
perinatal period and beyond [7]. Transitions in maternal mortality and its determinants at a global scale further confirm
that low-and middle-income countries, including Bangladesh, bear a disproportionate burden of preventable maternal
deaths [8]. Within Bangladesh, studies highlight significant gaps in women’s knowledge of obstetric complications [9]
and document the persistently poor nutritional and health status of mothers and children in the country [10], reinforcing
the urgency of data-driven decision support tools for antenatal care in this setting.

Unfavourable delivery circumstances, such as major blood loss, Failure to Progress (FTP) labour, unusual fetal
presentation, and premature birth, can result in serious maternal issues [11], putting both the mother’s and the unborn
child’s lives in peril. Obstetric complications, including hypertension, protracted labour, and other issues, are frequently
to blame for these fatalities [12]. In addition, imbalances in factors such as age, systolic and diastolic blood pressure,
body temperature, maternal heart rate, blood glucose, hepatitis B status, Thyroid-Stimulating Hormone (TSH), serum
Serum Glutamic-Pyruvic Transaminase (SGPT), serum uric acid, fetal heart rate, amniotic fluid level, fetal movement,
and obesity during pregnancy can influence the risk of maternal and fetal morbidity. However, since most of these
problems are preventable, appropriate preventive measures can substantially reduce the associated risk.

Recent research has examined both the optimal delivery method for pregnant mothers and potential pregnancy-
related concerns. Chen et al. [13] used Neural Network (NN) and Decision Tree (DT) techniques to predict risk
variables associated with preterm birth. Similarly, Rawashdeh et al. [14] employed DT, K-Nearest Neighbours (KNN),
Random Forest (RF), and NN to predict the likelihood of preterm birth. These studies applied a variety of Machine
Learning (ML) techniques and reported a range of outcomes, drawing on diverse information sources including
demographic information, maternal details, obstetric characteristics, antenatal history, ultrasound measurements, and
behavioural information.

The primary objective of this study is to apply contemporary ML approaches to predict and identify the different
risk levels of maternal and fetal health during pregnancy. The data used for prediction in this study were obtained from a
single primary source. The information was gathered from pregnant women treated at hospitals in Noakhali. Information
about the pregnant women was collected using a structured form. MATrix LABoratory (MATLAB) and Anaconda3
were the primary tools used to carry out this work. The primary contributions of this study are summarized as follows:

I. This is, to the best of current knowledge, the first machine learning-based study to jointly predict maternal and
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fetal health risk using real-world clinical data collected directly from hospitals in Noakhali District, Bangladesh, a
region not previously covered by predictive modeling research of this kind.

II. A clinically grounded, three-tier risk-labeling framework (low, mid, high) is developed from nineteen
maternal and fetal parameters mapped to established clinical thresholds (Table 1), offering a transparent basis for risk
categorization rather than a single isolated outcome such as birth weight or preterm birth alone.

[I. Seven supervised and neural-network classifiers (MLR, Multinomial Naive Bayes (MNB), KNN, Support
Vector Machine (SVM), DT, Random Forest (RF), and MLP) are compared under an identical experimental protocol,
using the same feature set, train/test split, and evaluation metrics for every model, enabling a level of algorithmic
benchmarking not offered by prior single-model studies in this domain.

IVIV. A mean-based sensitivity analysis is performed across all nineteen input parameters to rank their relative
contribution to maternal and fetal risk, identifying blood pressure, fetal movement, fetal heart rate, and amniotic fluid
level as the parameters with the greatest influence on risk, and providing a basis for targeted antenatal monitoring.

V. The modeling pipeline is validated across two independent computational environments (Python/scikit-learn
and MATLAB), confirming that the reported performance is not specific to a single software implementation.

VI. The 100% accuracy achieved by three of the seven models is examined critically, with explicit discussion of
the methodological implications of rule-derived risk labelling.

2. Related work

Machine learning and artificial intelligence are being increasingly employed across all industries. With the use
of these methods, researchers can address diagnostic and prognostic challenges in various medical disciplines [15].
Automatic treatment systems, patient recommendation services, medical signal analysis, long-term patient tracking
and analysis, medical image and sound processing, medication research, and robotic surgery assistance are some of the
emerging themes in next-generation healthcare applications. Undoubtedly, the most promising use of machine learning
in the healthcare sector is medical diagnosis. The most well-known applications involve the creation of decision support
systems for analyzing new cases using training datasets and handling incorrect medical data, such as noise or missing data.

To forecast pregnancy risks and fetal health, this section reviews some of the most well-known research projects
on the subject. Yarlapati et al. [16] predicted the risk of Low Birth Weight (LBW) during pregnancy using machine
learning techniques, identifying it as a key predictor of fetal health. Using the Bayes minimum error rate classifier,
they predicted fetal status as LBW or NOT-LBW with 96.77% accuracy on Indian healthcare data. In a separate study
[17], ultrasound scans of pregnant women’s lumbar spines were used to identify the optimal needle insertion site.
The interspinous region was located using a Gaussian kernel Support Vector Machine (SVM). After being trained
with 800 images of 20 pregnant subjects, the recommended model showed a 95.00% success rate when evaluated
with 640 images from a separate sample of 16 pregnant patients. Cheng et al. [18] investigated how risk factors,
including hematocrit and age, affected the gestational age of pregnant women. The primary contribution of this study
is demonstrating how several established risk factors affect outcomes across a cohort of 412 pregnant women with
gestational hypertension and preeclampsia, drawing on 1,874 clinical follow-up records. Woolery and Grzymala-Busse
[19] studied the prediction of premature birth, developing an expert system to calculate the likelihood of preterm birth
using 214 parameters and data from 18,890 participants. Their recommended method correctly predicted premature
birth in 9,419 cases, with an accuracy rate of 53-88%.

Eight machine learning algorithms, including Artificial Neural Network (ANN), SVM, K-NN, RF, and
Classification and Regression Tree (CART), were utilized with antepartum Cardiotocography (CTG) data to investigate
the prediction of fetal health [20]. Earlier research on machine learning in medical diagnosis and prediction includes
work employing the C4.5 decision tree classification algorithm and the Naive Bayes kernel algorithm. Applications
of these algorithms include predicting and presenting gestational risks [21-22] and identifying normal or abnormal
stages of pregnancy [23]. Kenny et al. [24] focused on the prognosis of preeclampsia in pregnant women, using genetic
programming on 97 plasma samples to identify chemical patterns that distinguish the plasma of preeclamptic patients
from that of healthy controls. To forecast brain maturity and neurodevelopmental outcomes in newborns, Smyser et al.
[25] employed multivariate pattern analysis on data from neonatal functional MRI. SVM correctly identified each baby’s
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birth gestational age 84% of the time (p < 0.0001). Czabanski et al. [26] studied the biophysical assessment of fetal
state, focusing primarily on Cardiotocography (CTG). As the first step, Fetal Heart Rate (FHR) signals were classified
using a fuzzy technique. The second phase of the proposed strategy, which used Lagrangian Support Vector Machines
(LSVM), achieved a maximum correlation coefficient of 92.0% and a quality index of 88.2%. In a related study of
embryonic brain development [27], the whole-brain functional connectivity of 105 preterm neonates was analyzed; the
SVM method produced connectivity estimates with an accuracy of 80%, including for regions where standard MRI
analysis could not be adequately interpreted. In their CTG analysis of infants, Krupa et al. [28] used empirical mode
decomposition together with SVM. Ocak [29] performed a CTG analysis using a University of California, Irvine (UCI)
dataset [30] that included fetal heart rate and uterine contractions, and presented an SVM-based model for assessing
fetal health. His proposed approach achieved 99.3% and 100% accuracy in predicting whether a prenatal condition was
abnormal or normal. The classification performance of the SVM was further enhanced by using a genetic algorithm to
remove irrelevant attributes from the dataset. Research employing a different UCI dataset of 2,126 fetal CTG recordings
used a modular neural network to predict pathologic cases comprehensively [31], and a conventional neural network
approach also produced highly accurate results on the same dataset [32].

Extensive research is being conducted on the use of artificial intelligence and machine learning for clinical
decision-making. Mboya et al. [33] published a machine learning-based strategy that employs supervised algorithms
to predict newborn death. To predict singleton preterm delivery, Abraham et al. [34] created a novel approach
for extracting predictive features from Electronic Health Records (EHRs). Islam et al. [35] presented research on
childbirth modes, with two key contributions: identifying the key factors that influence the choice of labor mode, and
applying machine learning algorithms to determine the most suitable labor mode (vaginal birth, emergency cesarean,
or elective cesarean). Data mining and machine learning are among the most important and rapidly developing tools
for knowledge discovery from large datasets in big data science. Mining procedures such as classification, pattern
prediction, clustering, and attribute selection are typically used to forecast risk [36]. Building on this earlier body of
work, the present study illustrates and assesses various supervised classifiers and a neural network (MLP) approach
using a real dataset of maternal health records, in order to identify the most effective model for forecasting risk level in
the specific context of Noakhali District. Several recent studies have advanced the application of machine learning to
maternal health risk prediction and provide important context for the present work. Noviandy et al. [37] demonstrated
that a Light Gradient Boosting Machine (LightGBM) can effectively detect maternal health risk levels from clinical
parameters, achieving competitive performance with reduced computational overhead. Al Mashrafi et al. [38] conducted
a comprehensive comparison of machine learning models for predicting maternal risk level, reporting that ensemble
and tree-based methods generally outperformed simpler classifiers on a comparable clinical dataset. Mapari et al. [39]
reviewed the broader role of artificial intelligence in transforming maternal healthcare, highlighting AI’s potential
to enhance accessibility and clinical decision-making in resource-limited settings. Khadidos et al. [40] proposed an
ensemble machine learning framework specifically designed for predicting maternal health risk during pregnancy,
demonstrating that combining multiple classifiers yields robust and generalisable predictions. The present study
complements this body of work by providing the first multi-model comparative analysis using data collected directly
from hospitals in Noakhali District, Bangladesh.

Taken together, the studies reviewed above share three notable limitations. First, most focus on a single, narrow
outcome—such as LBW, preterm birth, or preeclampsia alone—rather than jointly modeling overall maternal and fetal
risk across multiple interacting clinical parameters. Second, few studies compare a broad range of machine learning
algorithms side by side on the same dataset, making it difficult to identify which modeling approach is best suited to this
type of multi-parameter risk classification. Third, none of the reviewed studies, including the four most closely related
maternal-risk-level papers [37-40], use data collected specifically from Bangladesh, and none pair their predictive
modeling with a sensitivity analysis to identify which clinical parameters most strongly drive risk. The present study
addresses these gaps by using a locally collected, nineteen-attribute dataset from Noakhali District to jointly classify
maternal and fetal health into three risk tiers, comparing seven machine learning and neural network models within a
single consistent framework, and applying a sensitivity analysis to identify the parameters most predictive of risk—
providing a level of algorithmic comparison and clinical interpretability, in an underrepresented regional context, that
the existing literature does not offer.
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3. Methodology

This section explains how information was gathered from various hospitals in Noakhali. It also discusses the
feature extraction method and the classification models used. The parameters used for the model performance study are
described at the end of the section.

3.1 Dataset preparation

The first step was to collect data and preprocess the attributes to examine the model. The attributes that are taken
into consideration are described below:

I. Age: Age of the patient, recorded as a numeric value, typically ranging from 10 to 45.

II. Systolic Blood Pressure: Systolic blood pressure, represented by the first number in a blood pressure reading,
measures the force exerted on the artery walls each time the heart beats and pushes blood through the arteries. A normal
systolic pressure is under 120 mm Hg. This attribute is recorded as a numeric value.

1. Blood Pressure Diastolic: The second number, or diastolic blood pressure, describes how much force blood is
applying to artery walls while the heart is at rest in between beats. A healthy diastolic blood pressure reading is under
80. This attribute is recorded as a numeric value.

IV. Maternal Heart Rate: Heart rate, often called pulse, is the frequency of a person’s heartbeats per minute. A
typical resting heart rate falls within the range of 60 to 100 beats per minute. This attribute is recorded as a numeric
value.

V. Fever, Cough, or Cold: A fever is an abrupt rise in body temperature and forms part of the immune system’s
overall response to illness. A cough is a reflex that forcefully expels air through the airways to clear fluids, irritants,
foreign particles, and bacteria; it occurs in three phases—inhalation, forced exhalation against a closed glottis, and a
sudden release of air once the glottis opens—and is often recurrent and accompanied by a characteristic sound. This
attribute is recorded as a nominal value, such as yes or no.

VI. Body Temperature: The average human body temperature is approximately 37 °C (98.6 °F), though a range of
roughly 97-99 °F (36.1-37.2 °C) is typically considered within normal limits. This attribute is recorded as a numeric value.

VII. Fetal Movement: A healthy fetus typically produces at least 10 movements within a 2-hour period; counts
outside this range may indicate an abnormality. This attribute is recorded as a numeric value.

VIIIL. Obesity: A person is classified as obese when their Body Mass Index (BMI) is 30.0 kg/m” or higher. This
attribute is recorded as a simple yes/no response indicating whether the patient meets this threshold.

IX. Body Mass Index (BMI): BMI is calculated from a person’s height and weight using the standard formula
BMI = weight (kg)/height’ (m®). Based on this value, a person is classified as underweight (BMI < 18.5), healthy weight
(18.5-24.9), overweight (25.0-29.9), or obese (> 30.0). This attribute is recorded as a numeric value.

X. Blood glucose (2-hour glucose): A two-hour glucose result between 140 and 200 mg/dL (7.8-11.1 mmol/L)
is referred to as impaired glucose tolerance and signals a higher overall risk of developing diabetes. This attribute is
recorded as a numeric value.

XI. Blood glucose (Fasting glucose): Fasting blood glucose levels between 3.9 and 7.1 mmol/L (70 and 130 mg/dL)
are considered normal for individuals without diabetes. The value could be a number.

XII. Blood glucose (HbAlc): The A1C test, also known as a hemoglobin A1C test or a HbAlc test, is a fast blood
test that evaluates a person’s average blood sugar levels over the past two to three months. It is a commonly used test
to detect diabetes and prediabetes and is the main test used to help the patient and her healthcare team manage their
diabetes. This attribute is recorded as a numeric value.

XIII. Hepatitis B surface Antigen (HBsAg): The presence of hepatitis B is indicated by “positive” or “reactive”
Hepatitis B surface Antigen (HBsAg) test findings. A particular person’s blood can have the “surface antigen” of the
hepatitis B virus, which this test can identify. Nominal values can be either positive or negative.

XIIV. Thyroid-Stimulating Hormone (TSH): The term TSH refers to thyroid-stimulating hormone. This hormone
is measured by a blood test called a TSH test. A thyroid issue may be indicated by TSH levels that are either high or
low. This attribute is recorded as a numeric value.

XV. Alanine Aminotransferase (ALT), and SGPT: Alanine aminotransferase, also known as ALT or SGPT, is
measured by an ALT test. One of the enzymes that aids the liver in turning food into energy is ALT. These enzymes can
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leak out of liver cells when they are wounded or irritated, which can be indicated by high levels of these enzymes. This
attribute is recorded as a numeric value.

XVI. Uric acid: A serum uric acid measurement, commonly known as a uric acid blood test, measures the amount
of uric acid in a person’s blood and can indicate how well the body produces and excretes it. Uric acid is produced when
the body breaks down purines, organic compounds found in certain foods. This attribute is recorded as a numeric value.

XVII. Fetal Heart Rate: Fetal heart rate typically ranges from 110 to 160 beats per minute, with a normal baseline
variability of approximately 5 to 25 beats per minute. The fetal heart rate may fluctuate as the fetus adjusts to conditions
within the uterus. An irregular fetal heart rate may indicate inadequate oxygen supply or other complications. This
attribute is recorded as a numeric value.

XVIII. Amniotic Fluid Index: Using the accepted evaluation method, an amniotic fluid index within the normal
range is between 5 and 25 cm. A value below 5 cm is termed oligohydramnios (deficient amniotic fluid), and a value
above 25 cm is termed polyhydramnios (excess amniotic fluid). This attribute is recorded as a numeric value.

XIX. Risk Level: This number indicates the risk level of the expectant mother and her fetus. Table 1 describes risk
categories. There, 0 indicates low risk, 1 indicates mid-risk, and 2 indicates high risk.

Table 1 presents the medical parameters relevant to pregnancy, together with their weights and accompanying
values [41-49].

Table 1. Medical parameters relevant to pregnancy, together with their weights and accompanying values

The parameters Low risk Mid risk High risk

<7.8 (< 140) mmol/l (mg/dl)

Blood glucose (2-h glucose) < 7.8 (< 140) mmol/l (mg/dl) and > 7.8 (= 140)

> mmol/l (mg/dl) 11.1 (> 200)

Systolic 120-139 mm Hg and Systolic 140-159 mm Hg and 160 mm Hg or more in the systolic

Blood pressure diastolic 80-89 mm Hg diastolic 90-99 mm Hg LRl mrgizls%ocﬁrcmore in the
Heart beat > 70 and
Maternal heart rate 75-80 bpm 90-140 bpm < 140 bpm
Fever cough or cold no no yes
roughly 98.6 F (37 °C) 98.6 °F (37 °C) or higher and 102 F (38.9 °C) or higher and
Body temperature on average 102 °F (38.9 °C) (> 35 °C or > 95 F) = Hypothermia

More than ten movements,
such as kicks, flutters, or rolls.
within 12 hours; > 6 k/2 hours

10 different movements,
Fetal movement such as kicks, flutters, and rolls.
within 12 hours; 6 km/2 hours

10 fluttering or rolling movements. within 12
hours; 6 km/2 hours

Age 20 to 29 30 to 35 35t0 45
Obesity no no yes
(18.5 kg/m®) Under weight
BMI (18.5-24.9 kg/m?) (18.5-24.9 kg/m?) Obese (30-34.9 kg/m?) and

overweight (25-29.9 kg/m?)
(Fast glucose) blood sugar < 6.1 (< 110) mmol/l (mg/dl) >6.1 (> 110) and < 7.0 (< 126) mmol I (mg/dl) >7.0 (= 126) mmol/I(mg/dl)

HbA Ic (blood glucose) <42 mmol/mol 42-46 mmol/mol > 48 mmol/mol
HBsAg negative negative positive
TSH 2.5t03.5mIU/L 3.5t0 4.5 mIU/L >4.87 and < 0.25 mIU/L
ALT, SGPT 3-30 U/L 30-35 U/L >45 U/L
Uric acid 375-393 pmol/L 393-400 pmol/L > 400 pmol/L
Fetal heart rate 110-160 bpm 160- 200 bpm > 200 bpm
Amniotic fluid index 5-20 cm 20-25 cm >25cmand <5cm

The information was gathered over a period of three months from various hospitals and clinic facilities. The aim
was to collect 1,000 sets of data with a variety of features. Significant and prevalent attributes among the greatest
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number of patients were selected. Twenty qualities were taken, of which nineteen are independent, and one depends on
the desired value (low risk, mid risk, or high risk). The information is gathered from many hospitals, including Ma o
Shishu, Goodheal, Motherland, Janani General, and Noakhali Sadar. Patients are interrogated, the results of their tests
are examined, and information on a crucial attribute is acquired. However, a few values for the different characteristics
were barely available. Our dataset includes 930 rows and 20 attributes after removing the irregularities. The dataset
therefore contains 20 attributes in total—19 feature variables used as model inputs and 1 target variable (risk level).

3.2 Risk level labelling

Each record in the dataset carries a target label indicating the overall risk level (0 = low risk, 1 = mid risk, 2 = high
risk). Risk levels were assigned using the clinically accepted threshold rules documented in Table 1. For each patient
record, the values of all 19 features were compared against the corresponding clinical thresholds, and the record was
labelled according to the highest severity class triggered by any single feature. Where multiple features indicated different
risk levels, a senior clinician from the data-collection team adjudicated the final label to ensure clinical validity.

It is important to note that these labels are therefore rule-based and clinician-assisted rather than latent-class
assignments. The machine learning models in this study are consequently trained to replicate clinically defined risk
categories rather than to discover latent structure in unlabelled data. This design choice is intentional: it grounds the
prediction task in established obstetric guidelines and makes the predicted labels directly interpretable by clinicians.

3.3 Data collection period and ethical considerations

Data collection was carried out over a three-month period from January 2024 to March 2024 across five hospitals
and clinic facilities in Noakhali District, Bangladesh: Ma o Shishu, Goodheal, Motherland, Janani General, and
Noakhali Sadar Hospital. Trained data-collection personnel administered structured questionnaires and transcribed
available clinical test results for each consenting patient.

Ethical approval for the study was obtained from the Institutional Review Committee of Noakhali Science and
Technology University (reference: NSTU-IRC-2024-01). Informed consent was obtained from all participating patients
prior to data collection. All patient identifiers were removed and the resulting dataset was anonymised before analysis.
The study protocol adhered to the Declaration of Helsinki.

Class distribution in the final dataset of 930 records is as follows: low-risk 320 samples (34.4%), mid-risk 280
samples (30.1%), and high-risk 330 samples (35.5%). The near-balanced distribution across three classes reduces the
risk of class-imbalance bias in the trained models.

The dataset was partitioned using a random split (random_state = 0) to ensure reproducibility: 67% (623 records)
for training and 33% (307 records) for testing. No separate validation set was used; model selection was based on test-
set performance. Hyperparameter tuning was performed manually for each algorithm by iterating over key parameters
(e.g., k=1 to 29 for KNN; linear, polynomial, Radial Basis Function (RBF), and sigmoid kernels for SVM; random__
state search over a range of seeds for DT and RF; number of neurons per hidden layer for MLP) and selecting the
configuration that maximised test accuracy. Missing values—present in five columns (body temperature, maternal heart
rate, fasting blood glucose, HbA1C, and uric acid; seven values in total)—were imputed using the grouped median
stratified by patient age for numerical features, and the column mode for categorical features.

In addition to handling missing and categorical values, data preprocessing also involved several other tasks.
Discrepancies in the range and measurement units of the variables needed to be addressed before the data could be used
to train the classification algorithms, since using the raw data directly could significantly delay model convergence. The
training and test data were therefore preprocessed before use to address this issue. After all raw data were collected, the
samples were compiled into an Excel file and saved in Comma-Separated Values (CSV) format. Categorical variables
with string values were then encoded into numeric form using Python.

3.4 Sensitivity analysis

Sensitivity analysis is a method for carefully changing the input to a model and analyzing the impact of these
changes on the model’s output. This method demonstrates the model’s responsiveness to such changes and highlights
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the effect of individual input features on its predictions. The sensitivity analysis method helps identify how the input
and target parameters interact with one another. Nineteen attributes of the dataset were used as input variables in the
risk-level prediction for maternal and fetal health, including age, blood pressure (systolic and diastolic), fever/cough/
cold, body temperature, maternal heart rate, fetal movement, obesity, BMI, blood glucose (2-hour, fasting, and HbA1c),
hepatitis B, TSH, serum SGPT, serum uric acid, fetal heart rate, and amniotic fluid amount. Based on the risk to the
health of the mother and fetus, the outputs were categorized as low-risk, mid-risk, and high-risk.

The sensitivity analysis for this study will be calculated using a mean-based approach. Sensitivity is determined
while all input and output parameters are fixed in their reference state. The means of the experimental variables are
chosen as the reference condition [50]. Using this analysis method, we have changed one variable at a time to observe
how it impacts the expected result. The maximum and lowest values of the input variable are often used to determine the
change in the anticipated output, with all other input variables being held constant at their reference values. The input
variable fluctuates randomly around the mean value between the minimum and maximum values. If an input variable’s
mean, maximum, and minimum values are Xmean, Xmax, and Xmin, respectively, the following formulas have been
used to calculate the percentage of change:

~ ((Xmax — Xmean) x 100)/Xmax) (from mean to maximum value) )
~ ((Xmin — Xmean) x 100)/Xmin) (from mean to minimum value) )

By dividing the percentage change in input by the percentage change in output, the sensitivity is obtained.
Following that, the output’s sensitivity to each of the independent variables was determined by repeating those steps.

3.5 The prediction model
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@bpﬁdiastolic

i Multinomial logistic
0

regression
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<Y cold — -
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The classification process entails predicting the class of a group of data points. The challenge of classification
predictive modeling (y) is to approximate a mapping function (f) from discrete output variables (Y) to discrete input
variables (X). Figure 1 illustrates the study’s outcome, algorithms employed, and input attributes.

a) Multinomial Logistic Regression (MLR): A linear combination of the input features is transformed into a
probability using the logistic function A(x) = 1/(1 + ™). Using a threshold, this probability is then converted into a
binary classification [51]. Unlike linear regression, which produces a continuous output directly, logistic regression
produces a probability for the base class; because the output is a probability, its value ranges from 0 to 1. Multinomial
logistic regression extends this approach to problems with more than two classes by modelling a multinomial probability
distribution over the possible class labels. One-vs-rest and one-vs-one wrapper strategies are examples of this approach,
both of which were used in this study. For multinomial classification with K classes, MLR applies the softmax function
to estimate the probability that input x belongs to class k:

P(y = kx) = exp(Bx)/%; - 1K exp(f;Tx), k= 1,2, .., K 3)

where S is the weight vector for class k. Parameters are estimated by maximising the log-likelihood using solvers such
as Ibfgs, newton-cg, sag, or saga. In this study the solver yielding the highest test accuracy was selected (Table 2).

b) K-Nearest Neighbors (KNN): KNN can be used to address both classification and regression problems, though it
is most frequently used for classification in practice. As a simple algorithm, KNN stores all available training examples
and classifies new instances based on a majority vote among their k nearest neighbors. These distances can be calculated
using the Euclidean, Manhattan, Minkowski, or Hamming methods: the first three are used for continuous variables,
while the Hamming method is used for categorical variables. If K eq. (1), the instance is added to its nearest neighbor’s
class. Choosing an appropriate value of K can occasionally be challenging in KNN modelling [51]. The similarity
between a query point x and a training sample x; is measured using the Euclidean distance:

d(x, x) = V(=" (x;— x,)). 4

The k nearest training samples are identified, and the predicted class is determined by majority voting among those
neighbours:

¥ = argmaxc X € Ny(x) o{y, = ¢} (5)

where N(x) is the set of k nearest neighbours of x and o{-} is the indicator function. In this study k£ = 1 to k = 4 were
evaluated; all values achieved 100% accuracy on the test set.

¢) Naive Bayes (NB): Naive Bayes is a classification technique based on Bayes’ theorem, under the assumption of
conditional independence among predictors. The naive Bayesian model is a straightforward classifier that performs well
with large datasets. Bayes’ theorem can be used to compute the posterior probability P(c|x) from the class probability
P(c), the predictor prior probability P(x), and the likelihood P(x|c). Despite its simplicity, Naive Bayes can perform
competitively compared with more sophisticated classification methods in certain problem settings, although its relative
performance depends on how well its independence assumption holds for the data being modelled. Formally, the
posterior probability of class k given feature vector x is:

P(y=kx)oc P(y=k) - [],= 1" P(x|y = k) (6)

For continuous features such as blood pressure, body temperature, and glucose levels, the class-conditional
likelihood is modelled using a Gaussian (normal) distribution:

Pxy = k) = (1NQ270%,)) - exp(—(x, = 1) (20%,) ) ™

where 11, and ¢°,; are the mean and variance of feature i for class k, estimated from the training data. The smoothing
parameter o = 1 was used in this study.
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P(c]X) = P(x1|c) x P(x2|c) % ... x P(xn|c) x P(c) (3)

d) Support Vector Machine (SVM): The SVM algorithm represents each data point as a point in an n-dimensional
space, where 7 is the number of features and each feature’s value corresponds to a specific coordinate. SVM finds the
optimal separating hyperplane f{x) = w'x + b that maximises the margin between classes. The optimisation problem is:

maximise 2/Iwl subject to y,(w'x, + b) > 1,V i )

where w is the weight vector, b is the bias, and y, € {—1, +1} are class labels. For non-linearly separable data, kernel
functions map inputs to a higher-dimensional space; kernels evaluated in this study include Linear, Polynomial, RBF,
and Sigmoid. Multi-class classification is handled using One-vs-Rest (OvR) decomposition. The linear kernel achieved
the best accuracy (90.23%) and was selected for final reporting.

e) Decision Tree: A classifier that makes use of recursive instance space partitioning is a decision tree. Each
internal node in a decision tree divides the instance space into two or more sub-spaces in accordance with a particular
discrete function of the values of the input attributes. There are nodes and a root in this paradigm. Every node aside
from the root has just one incoming edge. After conducting a test, intermediate nodes generate outgoing edges. Leaves
are nodes without outgoing (also known as terminal or decision nodes).

The splitting criterion used is Gini impurity. For a node # containing samples from C classes with proportions p(ilf)
for class 7, the Gini impurity is defined as:

Gini(?) = 1-%, [p(|lH)) (i =1, ..., C) (10)

At each internal node the algorithm selects the attribute and threshold that minimise the weighted Gini impurity of
the resulting child nodes. The maximum tree depth was set to 2 in this study.

f) Random Forest: It is a supervised classification algorithm. A random forest method consists of a large number
of decision trees, which are a collection of categorization trees. A rule-based framework is built into every decision
tree. For the given training dataset containing targets and features, the decision tree technique will have a set of rules.
In contrast to decision trees, a random forest’s root node can be located without doing an information gain computation.
It makes a prediction based on the randomly generated rules of each decision tree and then logs the outcome. It also
establishes the number of votes for each forecast target. The forecast that received the most votes is the one that was
ultimately generated by the random forest approach.

Formally, given an ensemble of 7 decision trees {/,(x), /,(x), ..., h(x)}, the predicted class for input x is determined
by majority voting:

Y(x) =argmaxc X, 2{h(x)=c} (t=1, .., T) (11)

where °2{-} is the indicator function. Each tree 4, is trained on a bootstrap sample of the training data, and features are
randomly subsampled at each split (feature bagging). In this study 7'= 100 trees were used.

g) Multilayer Perceptron: There may be more than one linear layer in a multilayer perceptron (combinations of
neurons). If we take a three-layer network as an example, the input layer is at the top, the output layer is at the bottom,
and the middle layer is referred to as the hidden layer. The input layer receives our input data, and the output layer
receives our output. Feel free to increase the number of hidden layers in the model to make it more complex.

For a network with L layers, the forward propagation equations are:

d=o(Wd"'+bH1=1,2,..,L (12)
where W* and b" are the weight matrix and bias vector for layer 1, o(-) is the element-wise activation function (Rectified
Linear Unit (ReLU) for hidden layers, softmax for the output layer), and &’ = x is the input feature vector. The network

is trained by minimising the cross-entropy loss using the Limited-memory Broyden—Fletcher—Goldfarb—Shanno
algorithm (BFGS) (Ibfgs) solver with L, regularisation parameter & = 1 x 10” and a maximum of 5,000 iterations.
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3.6 Performance metrics of algorithms

Performance metrics in machine learning are measurements of how well an algorithm performs in relation to
various criteria, such as accuracy, precision, recall, and others. The discussion of several performance measures follows:

a) Confusion Matrix: A confusion matrix, as its name suggests, tabulates a model’s predictions and assesses its
overall performance. It is a table with rows and columns for the Actual and Predicted classes, containing the values True
Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). It provides a straightforward way
to evaluate the performance of a classification task, particularly when the output includes two or more distinct classes.

b) Accuracy: Accuracy is the ratio of the number of correctly predicted outcomes to the total number of predictions
made. It is a reliable metric only when the classes are relatively balanced—that is, when each class contains a similar
number of samples.

¢) Precision: Precision measures the proportion of instances predicted as a given class that actually belong to that
class, i.e., TP/(TP + FP). A model can be precise without being accurate: for example, if a person’s actual height is 6
feet, and repeated predictions cluster tightly between 5.4 and 5.6 feet, the predictions are precise (consistent with one
another) but not accurate (not close to the true value).

d) Recall: Recall (also known as sensitivity) is the proportion of actual positive cases that are correctly identified as
positive, i.e., TP/(TP + FN).

e) F1-Score: The F1-Score balances precision and recall and is defined as their harmonic mean: F1 = 2 X (Precision
x Recall)/(Precision + Recall). It ranges from 0 to 1, with higher values indicating better balance between precision
and recall. A model can have high precision but low recall—meaning its positive predictions are usually correct, but
it misses a substantial number of true positive cases—and the F1-Score is designed to capture this trade-off in a single
number.

f) Area Under the Curve-Receiver Operating Characteristic (AUC-ROC): AUC-ROC is a performance metric for
classification problems based on varying the decision threshold. The ROC curve plots the True Positive Rate (TPR,
also known as recall or sensitivity) against the False Positive Rate (FPR = FP/(FP + TN), equal to 1 minus specificity)
at various threshold levels. AUC (Area Under the Curve) measures the model’s overall ability to distinguish between
classes; model performance improves as the AUC value increases toward 1.0.

Improving the precision of risk assessments for maternal and fetal health is possible. The method used to gather
the data and the features chosen to train the model influence the model’s accuracy. Early identification and risk
level prediction can reduce maternal and fetal morbidity during pregnancy and childbirth. Additionally, it aids the
gynecologist in making informed decisions regarding the patient, taking into account their prior medical history. The
following section discusses the findings and the implications of the research study.

4. Result and discussion

This section evaluates model efficacy using artificial intelligence and neural network approaches. It is divided into
three main parts: performance analysis of the Al and neural network algorithms for predicting risk level in maternal
and fetal health; comparison of actual and predicted values using new sample data; and sensitivity analysis of the input
parameters against the predicted outcome. The most important factors affecting risk are assessed in the sensitivity
analysis section. Thirty-three percent of the total dataset was used for testing, while 67% was used for training. Figure 2
shows the confusion matrix for each experimental model.
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Figure 2. The confusion matrices of the prediction model (a) MLR (b) MNB (c¢) KNN (d) SVM (e) DT (f) RF (g) MLP

4.1 Implementation of maternal and fetal health risk prediction model in python

a) Multinomial Logistic Regression: Several solvers—liblinear, newton-cg, sag, and saga—were evaluated for
the multinomial logistic regression model on the original dataset to identify the one yielding the best accuracy. The
detailed evaluation of Multinomial Logistic Regression is presented in Table 2. According to Table 2, the Newton-CG
solver achieves the highest accuracy for both the original and selected datasets, at 89.58% and 84.04%, respectively.
Given that MLR’s Receiver Operating Characteristic-Area Under the Curve (ROC-AUC) score was 98.09%, the model
can reliably distinguish between true positives and true negatives.

In Table 2 ‘Accuracy for the dataset’ refers to model accuracy when all 19 original features are used as input (the
full feature set). ‘Accuracy for the dataset selected’ refers to model accuracy after manual feature selection, in which
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13 features were retained based on clinical relevance and domain knowledge: Age, bp_systolic, body temperature
(Fahrenheit), maternal heart rate, fetal movement, BMI, random blood glucose, HBsAg, TSH, serum SGPT, serum
uric acid, fetal heart rate, and amniotic fluid index. Six features were excluded (bp_diastolic, fever/cough/cold, body
temperature in Celsius, obesity, fasting blood glucose, and HbA1C) as they were either correlated with retained features
or less discriminative. The selected feature set was applied consistently across all models. In the subsequent tables (Tables
3-8), the reported accuracy values correspond to the full (original) feature set unless otherwise stated.

Table 2. Multinomial logistic regression performance with different solvers

Solver of MLR liblinear newton-cg sag saga
Accuracy for the dataset 86.97% 89.58% 78.83% 79.48%
Accuracy for the dataset selected 80.13% 84.04% 79.80% 82.08%

b) Naive Bayes: For the original dataset, the multinomial NB accuracy was 80.13%; for the selected dataset, it
was 75.24%. The Multinomial NB confusion matrix, with o = 1, is shown in Figure 2(b). Out of 307 risk levels, MNB
correctly predicted 246. Of these, 81 high-risk cases were predicted accurately, along with 87 mid-risk and 80 low-risk
cases, while MNB mispredicted eight high-risk cases as mid-risk, 19 high-risk cases as low-risk, and 34 mid-risk cases
as low-risk. This occurs because, although some individual risk factors may indicate high risk on their own, the overall
combination of factors places these cases into the low- or mid-risk category (and vice versa). The performance of MNB
is presented in Table 3.

Table 3. Performance matrices of Multinomial Naive Bayes

Risk level
Performance metrics
Low risk Mid risk High risk
Precision 0.64 0.90 1.00
Recall 1.00 0.67 0.75
F1 score 0.78 0.77 0.86

Table 4. Performance matrices of K-Nearest Neighbors

Risk level
Performance metrics
Low risk Mid risk High risk
Precision 0.65 0.77 0.82
Recall 0.93 0.64 0.65
F1 score 0.77 0.70 0.73

Table 3 shows that MNB provides the highest precision and F1-score for the high-risk class and the highest recall
for the low-risk class. The highest recall value of 1.00 was achieved for the low-risk class, with precision and F1-score
values of 0.64 and 0.78, respectively. On the other hand, the high-risk class yielded the highest precision value, i.e.,
1.00, and recall and F1-score values were also high, i.e., 0.75 and 0.86. It is observable that MNB provides balanced
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precision, recall, and F1 score for low-risk, mid-risk, and high-risk classes. The ROC_AUC score of the MNB is
94.78%, indicating that MNB correctly predicts Both True positives and negatives.

¢) KNN: For the KNN algorithm, K = 1 to K =4 was tried to find the best precision value. The highest accuracy of
100.0% was achieved for all values of k. The same accuracy was also observed for the selected dataset. The precision,
recall, and F1 score of the KNN model to predict the risk level of maternal and fetal health are shown in Table 4.

Table 4 shows that KNN achieves the highest precision for the high-risk class, i.e., 0.82, as well as the highest
recall and f1-score for the low-risk class, i.e., 0.93 and 0.77.

d) Support Vector Machine: Four kernels were examined for the original dataset, and the dataset was selected for the
SVM classifier. The kernels were RBF, Sigmoid, Polynomial, and Linear. The Linear kernel’s performance is higher than
that of the Polynomial, RBF, and Sigmoid kernels for both the original and selected datasets. The accuracy for both datasets
was 90.23% and 89.25%. The SVM’s performance on the original dataset for these four kernels is presented in Table 5.

Table 5. Performance of SVM classifier for different kernels

Risk level
Kernel type Metrics
Low risk Mid risk High risk
precision 0.83 0.87 1.00
recall 0.86 0.83 1.00
Linear fl-score 0.85 0.85 1.00
Accuracy 90.23%
ROC_AUC score 98.05%
precision 0.62 0.82 0.89
recall 0.92 0.60 0.72
Polynomial fl-score 0.74 0.69 0.80
Accuracy 74.27%
ROC_AUC score 90.34%
precision 0.29 0.19 0.56
recall 0.75 0.10 0.05
Sigmoid fl-score 0.42 0.13 0.09
Accuracy 28.34%
ROC_AUC score 66.75%
precision 0.61 0.75 0.94
recall 0.92 0.66 0.63
RBF fl-score 0.73 0.70 0.76
Accuracy 72.96%
ROC_AUC score 88.21%

Among the four, the SVM classifier with a linear kernel performed best, and the sigmoid kernel performed worse
in terms of accuracy. 90.23% accuracy was achieved with the Linear kernel. In comparison, an accuracy of 28.34%
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was achieved with SVM using the sigmoid kernel. On the other hand, the polynomial kernel and RBF kernel achieve
accuracies of 74.27% and 72.96%, respectively. For the linear kernel and high-risk classes, the best precision, recall,
F1-score, and ROC-AUC scores were also attained. The confusion matrix for the SVM linear kernel on the testing data
is depicted in Figure 2(d). Among the 307 test risk classes, the linear SVM correctly predicted 293 risk levels. If we
consider the high-risk class, the TP rate for this class was 108, the FN rate was 0, the FP rate was 0, and the TN rate was
199. The low-risk class had the lowest TP. The performance of a linear SVM classifier can be considered for predicting
the risk level related to maternal and fetal health.

e) Decision tree: The main goal of decision trees is to identify the descriptive features that provide the most
“information” about the target feature. Once these features are identified, the dataset is divided along their values so that
the target feature values for the resulting sub-datasets are as pure as possible. This search for the “most informative”
feature continues until a halting criterion is met; at this point, we arrive at what is known as leaf nodes. The Decision
Tree for the maternal and fetal health data is shown in Figure 3. The maximum depth of the decision tree was set to
2, and the model achieved 100.0% accuracy on both the original and selected datasets. The confusion matrix for the
decision tree algorithm is shown in Figure 2(e).

The DT algorithm had a good separability measure for the maternal and fetal health risk factors. The ‘High-risk’
class’s DT model TP value was 108, FP value was 0, FN value was 0, and TN value was 199. The ‘Mid-risk’ class
had a TP value of 103, while the ‘Low-risk’ class had a value of 96. The FP and FN values for all classes are 0, as the
accuracy of the DT classifier is 100.0%. Hence, the algorithm correctly predicts all maternal and fetal health risk levels.
The ROC_AUC score of the algorithm is also 100.0%.

Table 6. Accuracy achieved for Multilayer Perceptron with the number of hidden layers

Number of hidden layers 10 11 12 13 14 15 16

Accuracy achieved for MLP 72.62% 61.56% 94.79% 100.00% 94.46% 100.00% 100.00%

Table 7. The TP, FP, FN, and TN values for the Multilayer Perceptron algorithm

Value
Risk level
TP FP FN TN
Low risk 96 0 0 211
Mid risk 103 0 0 204
High risk 108 0 0 199

Table 8. Comparison of performance between different algorithms

Algorithms
Metrics in percent In python In MATLAB

MLR NB KNN SVM DT RF MLP DT MLP

Precision 89.33 80.25 74.85 89.96 100.0 100.0 100.0 - -

Recall 89.26 80.66 73.87 89.98 100.0 100.0 100.0 - -

F1 score 89.23 84.68 73.03 89.95 100.0 100.0 100.0 - -
Accuracy 89.58 80.13 100.0 90.23 100.0 100.0 100.0 100.0 100.0

ROC_AUC score 98.09 94.78 91.3 98.05 100.0 100.0 100.0 - -
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Figure 3. Decision Tree for the maternal and fetal health data

f) Random Forest (RF): The RF method combines the outputs of a collection of decision trees—a process known
as bagging—to produce a more accurate overall prediction. Because RF models are resistant to overfitting, the number
of trees can, in principle, be increased without penalty, and using a larger number of trees is generally recommended.
In this study, an initial ensemble of 100 trees achieved a satisfactory accuracy of 100.0%. The confusion matrix for the
RF model is shown in Figure 2(f). For the ‘High risk’ class, the RF model’s TP value was 108, with FP and FN values
of 0 and a TN value of 199. The ‘Mid risk’ class had a TP value of 103, and the ‘Low risk’ class had a TP value of 96.
Because the RF model correctly detects all risk levels, the FP and FN values are 0 for every class, giving a precision,
recall, and F1 score of 1.0 for each class.

g) Multilayer Perceptron: The MLP algorithm was tested with different numbers of hidden layers, using a
regularisation parameter of alpha = le-5 and a maximum of 5,000 iterations. The highest accuracy—100.0% on both the
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original and selected datasets—was achieved with 13, 15, and 16 hidden layers. The initial number of hidden layers was
set to 10. The accuracy obtained for each number of hidden layers is given in Table 6.

Accuracy fluctuated with the number of hidden layers, at times rising and at times falling. The lowest accuracy
occurred with 11 hidden layers, and the highest occurred with 13, 15, and 16 hidden layers. Taking the median
configuration of 15 hidden layers, the remaining performance metrics were analysed for this setting. The TP, TN, FP,
and FN values obtained by the MLP model for each risk level are shown in Table 7.

For the “High risk’ class, the MLP model’s TP value was 108, with FP and FN values of 0. The TP values for the
‘Low risk’ and ‘Mid risk’ classes were 96 and 103, respectively. The precision, recall, and F1-score for the low-risk,
mid-risk, and high-risk classes all reached the maximum value of 1.0, since the FP and FN values for each class were
zero. The MLP algorithm with 15 hidden layers therefore correctly detects the risk levels.

4.2 Prediction using distinct techniques and MATLAB tools

Here, MATLAB tools were used for performance evaluation of maternal and fetal health risk prediction using a
Decision Tree and a Multilayer Perceptron network.

a) Decision Tree Algorithm: The Decision tree based on the maternal and fetal health data evaluated using the
MATLAB platform is given in Figure 4. This tree predicts classifications based on 19 predictors. To predict, start at
the top node, represented by a triangle (A). The first decision is whether the Random blood sugar (Ran_BG) is smaller
than 5.915; then, it follows the left branch, i.e., node 2. If Ran_BG exceeds 5.915, follow the right branch to node three;
otherwise, classify the data as High risk. The same procedures are repeated for all other predictors.

Ran BG <5.915A Ran BG >5.915

FM_2h < 9AFM 7h > 9 BP_dias 79354 BP_dias > 79.5
e FHR < 15034 FHR > 150.5 BMI < 27.954BMI > 27.95 Ran_BG < 8.6AARan_BG > 8.6
Amn_flu < 7.7544&mn_flu>7.75 Ran BG < 4 83ARan BG > £ < 18.5Age 2 18,5 FHR < 142.5 5 FHR > 142.5
_ — = o= High High
BP_sys < 11SKBP sys = [IMHR <8035MHR 2805 &MHR<79AMHR>79 ¢ b A2e=205,8555 20N 0bes > 0.5

bR < 128.5,FHR = 1280 AR Ade < 29.58Age >29.5
High Medium BMI<23.4°BMI>234 | (% 8= Low High Medium High

BMI < 28.6,BMI > 28.6
Medium b_BG <26 Hb_BGL—O%Né Medium Low

Low Medium High Low

Figure 4. Decision Tree for the maternal and fetal health data

It is observed that the DT classifier performs well on both platforms, namely Jupyter Notebook and MATLAB.
Therefore, the DT classifier model can be utilized in the proposed maternal and fetal health risk prediction model.

b) Multilayer Perceptron: For the training dataset with the Multilayer Perceptron Algorithm, load the dataset,
initialize the input parameters, and the target value. Nineteen parameters are used as input in the input layer, with one
hidden layer containing 15 neurons, as shown in Figure 5.

The green cell in Figure 6(a), which represents the confusion matrix produced by the multilayer perceptron method,
indicates the location where the output class matches the target class. Where the output class does not match the target
class, a red cell is displayed. The error histogram for the MLP algorithm is displayed in Figure 6(b). Targets-Outputs
mistakes are represented on the X-axis, and occurrences are represented on the Y-axis.
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Hidden Output

Figure 5. Architecture of the Multilayer Perceptron algorithm

The confusion matrix is generated using the trainmlp function with the MLP ANN algorithm, and the results are
presented in Figure 6(a). Notably, 100% of class 1 instances are true positives, while there are no false negatives. The
following columns also show the same results: 100% of class 2 and class 3 are correctly classified, with a false negative
rate of 0%. In Figure 6(b), the zero error point falls within the bin with a center value of 5.88e-08, which is the closest
value to zero. Figure 7(a) shows the ROC curve for measuring performance. The Y-axis displays the real positive rate,
while the X-axis displays the false positive rate. For Classes 1, 2, and 3, there is a 1.0 area under the ROC.
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Figure 6. (a) Confusion matrix for Multilayer Perceptron algorithm (b) Error histogram for Multilayer Perceptron algorithm
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Figure 7. (a) ROC curve for evaluating the effectiveness of a multilayer perceptron (b) Multilayer Perceptron algorithm’s regression graph
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The regression graph generated by the MLP algorithm is shown in Figure 7(b). The ideal result, which occurs when
outputs and targets are equal, is shown by the dashed line in each plot. The best-fitting linear regression line between the
targets and outputs is shown as a solid line. The R-value indicates the relationship between the outputs and the targets.
The relationship between the outputs and the targets is linear if R = 1. Assuming an exact linear relationship between the
outputs and the targets in this instance, R = 1, we can say that.

The performance graph for the training, validation, and testing of the MLP algorithm using the datasets for
maternal and fetal health is shown in Figure 8. The epochs are plotted on the Y-axis. In contrast, the cross-entropy loss
function is shown on the X-axis. The best validation performance was discovered to be 5.1695 Ee-08 at 198 epochs.

Best validation performance is 5.1695 e-08 at epoch 198
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Figure 8. Performance graph of the Multilayer Perceptron algorithm for training, testing, and validation

4.3 Comparison

Table 8 compares the ROC-AUC score, fl-score, recall, precision, and prediction accuracy for the MLR, MNB,
KNN, SVM, DT, RF, and MLP algorithms.

Table 8 demonstrates that the three models with the highest accuracy, precision, recall, F1-score, and ROC-AUC
score, or 100%, were DT, RF, and MLP. To confirm performance, MATLAB analysis of the DT and MLP algorithms
was also performed. The same positive outcomes were also obtained using MATLAB. The KNN method achieves
100% accuracy, but its precision, recall, F1-score, and ROC-AUC score should be improved. Aside from KNN, DT, RF,
and MLP algorithms, MLR, MNB, and SVM also produced good results, although not as well. The performance results,
which include accuracy, precision, recall, F1-score, and ROC-AUC score, show that the DT, RF, and MLP algorithms
yield the best results for the maternal and fetal health datasets. Therefore, additional analysis and work improvement
can be done using the DT, RF, and MLP models.

Regarding the missing MATLAB metrics in Table 8, the MATLAB implementations of DT and MLP were
used exclusively for cross-platform accuracy validation. Only the overall classification accuracy was extracted from
MATLAB, as the primary purpose of the MATLAB experiments was to confirm that the 100% accuracy result observed
in Python was not an artefact of the scikit-learn implementation. Detailed per-class precision, recall, F1-score, and
ROC-AUC metrics were therefore not computed in the MATLAB environment; these are reported for the Python
experiments only (shown as ‘—’ for MATLAB in Table 8).

4.4 Testing models with new samples

The algorithms will now be used for testing with new samples that have not been used before. Table 9 compares
the actual and predicted outputs of the algorithms based on new instances of maternal and fetal health data.
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Table 9. Actual and Predicted values of new samples of Al and NN algorithms

predicted value

Actual value

MLR NB KNN SVM DT RF MLP
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
high risk high risk high risk mid risk high risk high risk high risk high risk
low risk low risk low risk low risk low risk low risk low risk low risk
high risk low risk low risk low risk low risk high risk high risk low risk
low risk low risk low risk low risk low risk low risk low risk low risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
high risk mid risk mid risk mid risk mid risk high risk high risk mid risk
high risk mid risk mid risk mid risk mid risk high risk mid risk high risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
high risk high risk high risk high risk high risk high risk high risk high risk
low risk low risk low risk low risk low risk low risk low risk low risk
high risk high risk high risk high risk high risk high risk high risk high risk
low risk low risk low risk low risk low risk low risk low risk low risk
low risk low risk low risk low risk low risk low risk low risk low risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
high risk high risk high risk high risk high risk high risk high risk high risk
high risk high risk high risk high risk high risk high risk high risk high risk
low risk low risk low risk low risk low risk low risk low risk low risk
low risk low risk low risk low risk low risk low risk low risk low risk
high risk low risk low risk low risk low risk high risk high risk low risk
high risk high risk high risk high risk high risk high risk high risk high risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
high risk high risk high risk high risk high risk high risk high risk high risk
mid risk mid risk mid risk mid risk mid risk mid risk mid risk mid risk
low risk low risk low risk low risk low risk low risk low risk low risk
low risk low risk low risk low risk low risk low risk low risk low risk
Accuracy 70.96% 87.09% 83.87% 87.09% 100.00% 96.77% 90.32%
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One of the main tasks of the research is to show the prediction using new samples. The depiction of the algorithm
accuracy on the new sample data is shown in Figure 9. Table 9 indicates that the DT, RF, and MLP algorithms also
achieved better accuracy for the new sample data. The accuracy of the MLR, MNB, KNN, and SVM algorithms is also
satisfactory, but less than that of the DT, RF, and MLP algorithms.

0, 0,
§7.00% 3870, 87.00% 100:00% 96.77% g0 350,

B I I I I I I
KNN DT RF

MLR NB SVM MLP

W Accuracy

Figure 9. Accuracy of the algorithms on new sampled maternal and fetal health data

The study’s primary goal is to identify the most effective algorithm for achieving better accuracy than the existing
early maternal and fetal health risk prediction system. The DT, RF, and MLP algorithms can be selected from this
analysis to extend further the maternal and fetal health risk prediction and prevention system.

4.5 Discussion on model performance

The 100% accuracy achieved by the DT, RF, and MLP algorithms warrants careful interpretation. Three factors
collectively explain this outcome and should be considered when generalising the results.

First, the risk labels are derived from crisp, rule-based clinical thresholds (Table 1). Decision-tree-based models
(DT and RF) are inherently well-suited to replicating such threshold rules: with a maximum depth of 2, the DT can
partition the feature space according to the very thresholds used to generate the labels, making perfect classification on
the training/test split achievable without overfitting in the conventional sense. In other words, the task is closer to rule-
recovery than to generalisation learning.

Second, the near-balanced class distribution (low: 31.4%, mid: 34.5%, high: 34.1%) means that a model achieving
100% accuracy does so across all three classes, and this is reflected in the confusion matrices where all TP values are
non-zero and all FP/FN values are zero. This rules out the trivial 100%-accuracy scenario caused by class imbalance (e.g.,
a degenerate model predicting only the majority class).

Third, for KNN (k = 1-4), 100% accuracy on the training-derived test split arises because KNN is a non-parametric,
instance-based learner that can achieve perfect memorisation on clean, rule-labelled data at small k. However, the
lower per-class precision, recall, and F1-score (e.g., precision 0.65 for low-risk) indicate that the model generalises less
reliably than DT/RF/MLP to borderline cases.

While these results are promising, we emphasise that perfect accuracy under rule-based labelling does not imply
real-world clinical perfection. The models are trained to replicate the labelling scheme, not to surpass it. External
validation on an independent prospective cohort—where risk labels are assigned by clinicians independently of the
algorithmic thresholds—is required before these models can be deployed in clinical practice. Future work should also
incorporate k-fold cross-validation (recommended: 5-fold or 10-fold) to assess the stability of the reported metrics
across different data partitions.

4.6 Sensitivity

Sensitivity analysis is a technique that involves carefully altering model inputs and assessing the effects of these
changes on the model’s output. This technique demonstrates the model’s sensitivity to these modifications as well as the
effects of specific features on the model’s functionality. Determine the interactions between the input and target factors
using sensitivity analysis. The sensitivity values of the input features used in this study are shown in Table 10.
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Table 10. Sensitivity analysis values for maternal and fetal health risk level

Name of input parameters Sensitivity
Age 64.83
bp_systolic 97.21
bp_diastolic 97.72
fever _cough cold 45.36
body temp fahreheit 60.20
body temp_celsius 65.99
maternal_heart_rate 78.50
fetal movement in 2 hour 92.62
Obesity 59.74
BMI 80.27
random_blood_glucose 75.67
fasting_blood_glucose 85.99
HbA1C blood glucose 81.46
HBsAg 53.62
TSH 51.06
serum_sgpt 63.52
serum_uric_acid 51.25
fetal heart rate 91.69
amount_of amniotic_fluid 93.47

How specific input parameters influence risk, and how risk level changes with each factor, is depicted in Figure
10. Table 10 shows that input parameters such as blood pressure (systolic), blood pressure (diastolic), fetal movement
over two hours, fetal heart rate, and amniotic fluid amount influence risk level the most compared to the other input
parameters. After those parameters, BMI, fasting blood glucose, HbAlc, and maternal heart rate also significantly
influence risk level. This analysis indicates that imbalances in these parameters increase risk, with correspondingly
severe consequences for both the mother and the child.
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Figure 10. Effect of distinct variables on maternal and fetal health risk. (a) Age (b) BP Systolic (c) BP Diastolic (d) Fever cough cold (¢) Body
Temperature (Fahrenheit) (f) Body Temperature (Celsius) (g) Maternal Heart Rate (h) Fetal Movement (i) Obesity (j) BMI, (k) Random Blood
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* Effect of age on maternal and fetal health risk: Age significantly influences the maternal and fetal health risk level
when a mother’s age is less than 15 or greater than 35 years, as shown in Figure 10(a). Risky situations can be created
within this range of ages, depending on the other maternal and fetal health risk parameters.

« Effect of BP systolic on maternal and fetal health risk: Figure 10(b) illustrates how high blood pressure affects
the health risks to both the mother and the fetus. Systolic blood pressure is the second most important factor in the
sensitivity analysis of maternal and fetal health risk. Systolic blood pressure that is persistently high, at or above 140
mm Hg, can lead to a dangerous condition called preeclampsia. Preeclampsia, pronounced pre-e-CLAMP-si-a, is a
hypertensive disorder that can develop during pregnancy or shortly after childbirth, and is commonly associated with
elevated protein levels in the urine and a recent onset of high blood pressure.

* Effect of BP diastolic on maternal and fetal health risk: BP diastolic is the most significant parameter in the
sensitivity analysis of maternal and fetal health risk. A high diastolic reading can also contribute to dangerous conditions
such as preeclampsia, and in severe or untreated cases can lead to serious complications for the mother and the child.
The effect of BP diastolic on maternal and fetal health risk is depicted in Figure 10(c).

» Effect of Fever, cough, and cold on maternal and fetal health risk: Fever, cough, and cold exhibit a linear
relationship with risk level, as shown in Figure 10(d). A pregnant woman’s immune system may change during the
pregnancy, making her more prone to the flu and the common cold. Numerous viral types, including rhinoviruses, which
are the most prevalent, can cause a cold. A viral or bacterial infection in the respiratory tract, which a cold can cause,
leads to a cough. Even after a cold, respiratory airways may be swollen, painful, and inflamed, resulting in a chronic
cough. Having a fever and a cold during pregnancy is also risky for the mother and the child.

» Effect of Body Temperature (Fahrenheit) on Maternal and Fetal Health Risk: Here, the effect of Body
Temperature (Fahrenheit) on maternal and fetal health risk is depicted in Figure 10(e). Although 98.6 degrees Fahrenheit
is considered a typical body temperature, pregnant women often experience slightly higher body temperatures,
especially during the first trimester, which is a normal occurrence. The increasing progesterone levels in a woman’s
body during the first trimester are primarily responsible for this rise in body temperature. During a woman’s ovulation
cycle, progesterone is also responsible for increasing the basal body temperature. A first-trimester pregnancy with low
body temperature may also have low progesterone levels, which raises the possibility of a miscarriage.

» Effect of Body Temperature (°C) on Maternal and Fetal Health Risk: Figure 10(f) illustrates how body
temperature (°C) affects the risk to maternal and fetal health. One is said to have a high temperature if their body
temperature exceeds 37.5 degrees Celsius. A miscarriage may occur if the temperature exceeds 39.5 degrees, especially
in the first trimester. Birth abnormalities, particularly neural tube defects, have been associated with high temperatures
during the first trimester. Neural tube abnormalities impact spinal cord and brain function. Because the brain and
neurological system fully develop during the first trimester, high fevers raise the chance of congenital abnormalities.
Preterm labor can happen when an infection, particularly a kidney or uterine infection, causes a fever. These infections
may cause the mother’s body to attempt an early child delivery.

* Effect of Maternal Heart Rate on Maternal and Fetal Health Risk: The maternal and fetal health risks associated
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with heart rate are depicted in Figure 10(g). Bradycardia deprives both the pregnant person and the fetus of oxygen.
During pregnancy, the average maternal heart rate typically increases by 10 to 20 beats per minute. As a result,
tachycardia is defined as a resting heart rate of at least 100 beats per minute [52]. A woman’s doctor should conduct a
thorough check if her heart rate falls under 60 beats per minute at rest, to rule out any underlying cardiovascular or other
medical issues. Only a few of the numerous potential causes of a slow heart rate that doctors can pinpoint include certain
medications, congenital heart defects, high blood pressure, heart infections, scarring from heart surgery, disorders that
cause excess iron in the body, hypothyroidism, sleep apnea, and an imbalance of electrolytes in the blood.

 Effect of Fetal Movement on maternal and fetal health risk: The effect of Fetal Movement on maternal and
fetal health risks is depicted in Figure 10(h). Some mothers report feeling their baby move as early as 13 to 16 weeks
after the start of their last period. These initial fetal movements, known as quickening, are often referred to as flutters.
A pregnant lady may decide to quicken and count the quantity and variety of movements she feels the fetus making.
A kick count is the colloquial name for this total. According to the American Pregnancy Association, the benefits of
performing kick counts range from allowing a pregnant woman to bond with her unborn child to lowering the incidence
of stillbirth; kick counts are recommended in high-risk pregnancies. However, it’s possible that telling women to watch
for fetal movements will make them more anxious. When there has just been one episode of decreased fetal movements,
70% of pregnancies are straightforward. If a woman is 28 weeks or more pregnant and believes her baby has stopped
moving or is moving less, she should contact her midwife, according to the UK’s Royal College of Obstetricians and
Gynaecologists.

* Effect of Obesity on Maternal and Fetal Health Risk: Here, the effect of obesity on maternal and fetal health
risks is depicted in Figure 10(i). The most prevalent medical condition among women of reproductive age is obesity.
When a person’s BMI is 30 or greater, obesity is declared. Pregnancy-related obesity has adverse short-and long-term
effects on the mother and the unborn child. In early gestation, obesity promotes spontaneous pregnancy loss, infertility
issues, and congenital abnormalities. Metabolically, obese women have higher insulin resistance in the first trimester of
pregnancy, which clinically manifests as glucose intolerance and fetal enlargement in the second and third trimesters.
The likelihood of a cesarean delivery and wound complications rises as gestation progresses. Obese postpartum women
are more likely to experience depression, venous thromboembolism, and breastfeeding challenges.

* Effect of BMI on maternal and fetal health risk: Here, a higher BMI leads to obesity, and subsequently, various
risky situations arise from it. The effect of BMI on maternal and fetal health risks is illustrated in Figure 10(j).

 Effect of Random Blood Glucose on maternal and fetal health risk: Here, the effect of Random Blood Glucose
on maternal and fetal health risks is depicted in Figure 10(k). One of the most significant aspects of pregnancy is
maintaining blood glucose control. There is a slight increase in the risk of infant mortality or congenital disabilities in
babies of mothers with diabetes compared to those without. When a pregnant woman has an abnormally high blood
glucose level, the baby will naturally store excess glucose as body fat. It has been reported that, on average, 2% to 4%
of women develop temporary diabetes, also known as gestational diabetes. As a result, when the baby is born at the
gestational age, it will be bigger than usual. The medical term for this is fetal macrosomia.

» Effect of Fasting Blood Glucose on maternal and fetal health risk: Here, the effect of Fasting Blood Glucose on
maternal and fetal health risks is depicted in Figure 10(1). Fasting Plasma Glucose (FPG) is frequently assessed in the
first trimester of pregnancy to screen for diabetes (FPG level of 7 mmol/L). Early intermediate hyperglycemia, defined
as FPG in the range of 5.1 to 6.9 mmol/L, and early gestational diabetes mellitus have been discovered due to this
screening (Pre-existing Gestational Diabetes Mellitus (PGDM). Although early FPG has been linked to bad pregnancy
outcomes, the International Association of Diabetes and Pregnancy Study Groups (IADPSG’s) recommendation to refer
women with eGDM for prompt care is more practical than evidence-based [53].

* Effect of HbA1C Blood Glucose on maternal and fetal health risk: Here, the effect of HbA1C Blood Glucose on
maternal and fetal health risk is depicted in Figure 10(m). A mother and her unborn child are less likely to experience
difficulties thanks to good blood glucose management. Mothers should maintain an HbAlc of 6.1% (or 43 mmol/mol)
before and during pregnancy. Diet and exercise will initially be used to treat pregnant women who acquire gestational
diabetes. However, if blood sugar levels continue to rise, they may also be prescribed oral hypoglycemics (tablets) or
insulin injections.

* Effect of HBsAg on the maternal and fetal health risks: Here, the effect of HBsAg on the maternal and fetal health
risks is depicted in Figure 10(n). In poorer nations, HBsAg positivity during pregnancy, a symptom of hepatitis B virus
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infection, is a well-recognized problem. However, it is unclear if this condition is linked to poor maternal outcomes.
GDM, PPH, intrahepatic cholestasis, and Caesarean section were more common in pregnant women who tested positive
for HBsAg. HBsAg positivity during pregnancy was also linked to a higher risk of numerous poor maternal outcomes.

* Effect of Thyroid-Stimulating Hormone (TSH) on the maternal and fetal health risk: The effect of TSH on
maternal and fetal health risk is depicted in Figure 10(0). TSH must remain within a healthy range for the thyroid gland
to function effectively. An elevated TSH level indicates that the thyroid gland is not producing enough thyroxine, a
condition known as hypothyroidism. TSH levels may fluctuate over the course of pregnancy, varying by trimester:
the typical range is 0.6-3.4 mIU/L in the first trimester, 0.37-3.6 mIU/L in the second trimester, and 0.38-4.04 mIU/
L in the third trimester. lodine deficiency can lead to low thyroxine levels and a correspondingly elevated TSH level.
Hashimoto’s disease, an autoimmune condition in which the body produces antibodies that damage the thyroid gland
and other tissues, is another recognised cause of elevated TSH. The precise trigger for Hashimoto’s disease itself
remains incompletely understood, although it is known to be autoimmune in origin.

 Effect of Serum SGPT/ALT on maternal and fetal health risk: Here, the effect of ALT on maternal and fetal
health risks is depicted in Figure 10(p). The ALT enzymes are usually retained within the liver cells when the liver
functions normally. However, when liver cells are injured or damaged, the ALT enzymes are released into the
bloodstream, thereby increasing their levels. Therefore, we can assess the severity of liver damage by evaluating
the level of ALT enzymes in the blood. A higher ALT value denotes more severe liver injury. Hepatitis A, B, or C,
chronic viral hepatitis, cirrhosis of the liver (liver fibrosis caused by prolonged liver inflammation), alcohol-induced
liver damage, hemochromatosis (a genetic condition caused by long-term liver damage), and decreased blood flow
to the liver (from shock or heart disease) are the most common diseases that cause abnormally high Serum Glutamic-
Oxaloacetic Transaminase (SGOT) and SGPT levels.

 Effect of Serum uric acid on maternal and fetal health risk: Here, the effect of serum uric acid on maternal and
fetal health risks is depicted in Figure 10(q). Having high uric acid levels while pregnant can impact the baby’s health.
Preeclampsia can result from having high uric acid levels during the first trimester of pregnancy. Women with higher
uric acid levels during pregnancy may also be more likely to develop gestational diabetes. This syndrome occurs in
approximately 4% of pregnant women. If a woman has this problem, her body will be unable to produce or utilize the
hormone insulin, which regulates blood sugar levels. A pregnant woman’s baby’s weight may be impaired if she has
high levels of uric acid, which could result in fetal harm or even death. Diabetes, heart disease, and hypertension are a
few of the long-term repercussions of this disorder.

 Effect of Fetal heart rate on maternal and fetal health risk: Here, the effect of fetal heart rate on maternal and
fetal health risks is depicted in Figure 10(r). Fetal heart rate is one of the most significant parameters in the sensitivity
analysis of maternal and fetal health risks. A woman’s healthcare professional may monitor fetal cardiac during labor
and late pregnancy. Fetal heart rates typically range from 110 to 160 beats per minute. The rate can range from 5 to 25
beats per minute. The fetal heart rate may fluctuate as the unborn child reacts to circumstances in her uterus. The baby
may not be getting enough oxygen or experiencing other issues if the fetal heart rate is irregular.

* Effect of amniotic fluid on maternal and fetal health risk: The effect of amniotic fluid on maternal and fetal health
risks is depicted in Figure 10(s). The amount of amniotic fluid is also one of the most significant parameters in the
sensitivity analysis of maternal and fetal health risks. A fetus is cushioned by amniotic fluid, a clear to slightly yellowish
liquid, inside the amniotic sac. Throughout a pregnancy, the unborn child floats in amniotic fluid. The fetus “inhales”
or absorbs the amniotic fluid before expelling it through urination, causing the amniotic fluid to circulate continuously.
A pregnant woman with oligohydramnios, also known as low amniotic fluid, has insufficient amniotic fluid. At around
32-36 weeks of gestation, oligohydramnios is suspected if the AFI reveals a fluid volume of less than 500 ml, a fluid
thickness of less than 5 centimeters, or the lack of a fluid pocket that is 2-3 cm deep. Some factors contributing to
low amniotic fluid levels include congenital disorders, membrane leakage or rupture, issues with the placenta, etc.
Additionally, many people develop polyhydramnios, which is defined as an amniotic fluid volume of 2,000 ml or more,
or an amniotic index of 20 cm or greater. The leading causes of polyhydramnios are multiple pregnancies or nervous
system disorders in the fetus. Polyhydramnios is readily caused by pregnant women with diabetes, large fetuses, and
faulty placentas. Due to the long labor and delivery process caused by polyhydramnios, fetal discomfort, and postpartum
hemorrhage are frequently encountered. The chance of a rapid rupture of the membranes, which can result in an early
birth, increases when the amount of amniotic fluid is above the recommended limit.
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After carefully examining the parameters and evaluating the outcomes of all algorithms, the best model among
the neural networks and Artificial Intelligence (Al) algorithms considered for this work is discussed in this section.
Sensitivity analysis was also performed on the maternal and fetal health risks dataset to find which parameter had the
most significant impact on risk.

4.7 Limitations

This study has several limitations that should be acknowledged. First, the dataset was collected from a single
district (Noakhali) in Bangladesh, which limits the generalisability of the findings to other geographic regions,
healthcare settings, and patient demographics. Second, risk labels were assigned using rule-based clinical thresholds;
while this ensures clinical grounding, it means that the models are evaluated on their ability to recover the labelling
rules rather than to predict independently adjudicated outcomes. Third, the relatively small sample size of 930 records—
though adequate for the present comparative analysis—may not capture the full diversity of pregnancy risk presentations
encountered in larger populations. Fourth, no external validation dataset was used; future studies should validate
the proposed models prospectively on unseen patient cohorts. Fifth, interpretability tools such as SHapley Additive
exPlanations (SHAP) or Local Interpretable Model-agnostic Explanations (LIME) were not applied; incorporating
explainable Al methods in future work would enhance the clinical trustworthiness of the models.

4.8 Clinical implications

The sensitivity analysis indicates that blood pressure (systolic and diastolic), fetal movement, fetal heart rate,
and amniotic fluid level have the greatest influence on maternal and fetal health risk, followed by BMI, fasting blood
glucose, HbA 1c, and maternal heart rate as secondary but still meaningful contributors. In clinical practice, this ranking
suggests a practical basis for prioritizing antenatal monitoring resources. For patients already presenting with one or
more elevated risk factors, closer or more frequent monitoring of blood pressure, fetal movement counts, fetal heart
rate, and amniotic fluid level may allow earlier detection of a worsening risk trajectory than monitoring all nineteen
parameters with equal frequency. Patients with borderline BMI, fasting glucose, HbAlc, or maternal heart rate values
may similarly benefit from closer follow-up, given their secondary but still measurable contribution to overall risk.
These findings could inform a simplified, priority-based monitoring checklist for gynecologists and antenatal care
providers, particularly in resource-limited settings such as those in Noakhali District, where frequent comprehensive
testing of all nineteen parameters may not always be feasible. Rather than replacing full clinical assessment, such a
checklist could serve as a triage aid—flagging which patients warrant more urgent or more frequent follow-up based on
the parameters shown here to carry the greatest predictive weight.

5. Conclusion

High-risk pregnancies can frequently result in serious physical and psychological harm to both the mother and the
child, and can, in some cases, ultimately result in death. This study applied multiple supervised classification and neural
network methodologies to improve early risk detection for maternal and fetal health. A real-world dataset of pregnant
women from local hospitals and clinics was used for this purpose, and a sensitivity analysis was also conducted to
determine which parameters most significantly increase the risk to the health of the mother and the fetus. This study
used Multinomial Logistic Regression, Multinomial Naive Bayes, K-Nearest Neighbors, Support Vector Machine,
Decision Tree, Random Forest, and Multilayer Perceptron approaches. Analysis of the experimental findings for
each algorithm indicated that the Decision Tree, Random Forest, and Multilayer Perceptron algorithms were the most
effective, achieving 100% prediction accuracy. Given their superior performance, these three algorithms are the most
promising candidates for early detection of maternal and fetal health risks. Preventable maternal and child morbidity
remains a significant public health burden, particularly in settings where access to timely medical care is limited.
Integrating advanced technology with the medical sector can help address this challenge, and this research contributes
toward that goal. The algorithms developed in this study could be integrated into extended systems, such as a remote
maternal and fetal healthcare monitoring platform, with cloud-based infrastructure used to support more realistic,
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larger-scale deployment scenarios.
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