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ABSTRACTS
The reduction of maternal mortality is part of the steps to realize the actualization of the human right to health, which is stated in the United Nations Sustainable Development Goals (SDG). As this research work contribute, this research proposes some machine learning decision tree-based models such as Decision Tree (DT), ensemble bagging with DT, AdaBoost with DT, and Random Forest, which may inspire parties who have health authority to implement machine learning approaches into their Internet of Things (IoT) system based systems for supporting health professionals to predict the risk of pregnancy for mothers. The dataset used was the Maternal Health Risk dataset gathered from Kaggle. The result showed that the best machine learning DT-based model was Random Forest with 50 DT models inside, which achieved the best overall accuracy (81%) and best recall on predicting low-risk and high-risk classes with 77% and 80%, respectively, even though that model achieved 86% recall on predicting medium-risk.
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CHAPTER ONE
GENERAL INTRODUCTION

1.1 BACKGROUND OF THE STUDY
Maternal health is the physical, mental, and emotional well-being of the mother during pregnancy, childbirth, and all postpartum periods. Maternal morbidity and mortality rates during pregnancy are important health data, as they provide information on accessibility to maternal and other medical resources. Pregnancy complications such as hypertension, diabetes, bleeding, and premature birth are among the leading causes of maternal death. It is important to detect pregnancy-related risks before they cause premature birth or death and to provide treatment for them. Machine learning methods have an important place in determining maternal health risks (Pawar et al. 2022). By analyzing the health data and risk factors of a pregnant woman with machine learning methods, the risk level can be monitored and estimated. In this way, the use of models based on machine learning is thought to be effective in reducing maternal mortality rates as a result of complications arising from changes in risk factors (Umoren, et al., (2020). This study, it is aimed to use machine learning methods for the estimation of maternal health risk intensity level with the classification approach in the analysis of risk factors. During pregnancy, age, systolic and diastolic blood pressure (BP), body temperature (BodyTemp), pulse (heart rate), blood oxygen (BO), or breathing speed (BS) are among the risk factors that should be measured. In order to protect the health of the pregnant woman, taking these factors into account, timely identification of risks with machine learning algorithms can help reduce both maternal and infant mortality rates (Ahmed, and Kashem 2020).
The right to health, which is one of the basic freedoms that society must realize (Azhar et al., 2020), this research proposed a comparison study of machine learning (ML) models for helping health professionals decrease the number of maternal mortalities that may be implemented on the Internet of Things (IoT) system. As our research contribution, various non-parametric machine learning models, especially machine learning decision tree-based models, were investigated to determine which were most suitable to implement in the IoT system, which may help health professionals work in detecting the risk level of women during pregnancy (Setiawan et al., 2023). This research investigated the capability of some ML decision tree-based models such as Decision Tree (DT), ensemble bagging with DT, ensemble boosting with DT, and Random Forest using the Maternal Risk dataset, which was obtained from an IoT-based monitoring system for expectant mothers. The reason why this research chose decision tree-based ML models was due to our curiosity.
							
1.2 STATEMENT OF THE PROBLEM
	Maternal health remains a significant challenge, particularly in developing regions, where childbirth-related complications lead to maternal mortality. The World Health Organization (WHO) reports a daily occurrence of maternal deaths during childbirth among women of childbearing age. In Less Developed Countries (LDCs), the risk of maternal mortality is substantial, with an average maternal mortality ratio of 531 deaths per 100,000 live births. Some emerging nations exhibit even higher rates, with recorded ratios of 1223, 1063, and 1047 deaths per 100,000 live births, respectively (WHO, 2023). 
	The reduction of maternal mortality is part of the steps to realize the actualization of the human right to health, which is stated in the Sustainable Development Goals (SDG). As in the contribution, this research proposes some machine learning decision tree-based models such as Decision Tree (DT), ensemble bagging with DT, AdaBoost with DT, and Random Forest, which may inspire parties who have health authority to implement machine learning approaches into their Internet of Things (IoT) system based systems for supporting health professionals to predict the risk of pregnancy for mothers. Predicting maternal health risks can also help healthcare systems to allocate resources more effectively. Healthcare providers can prioritize their care by
identifying women at higher risk. It can also empower pregnant women with information about
their risk factors and allow them to make informed decisions about their health.  Therefore, this work target to develop a development of a decision tree-based risk prediction model for pregnant woman while the dataset for Maternal Health Risk dataset will be gathered from Kaggle.
				
1.3 AIM AND OBJECTIVES

The aim of this research work is to develop a development of a decision tree-based risk prediction model for pregnant woman. In other to achieve this aim, the following specific objectives were formulated to:
i. Develop a model to predict pregnancy at risk of complications
ii. Implement the model develop in (i) using decision tree-based algorithm 
iii. Evaluate the performance of decision tree-based algorithm in pregnancy risk prediction
								
1.4 SIGNIFICANT OF THE STUDY 
Predicting MHR aims to improve the overall health of pregnant women and their babies. MHR can occur during pregnancy, childbirth, and the postpartum period. However, it is most prevalent during pregnancy when women are at a higher risk of developing health issues, which can lead to miscarriage and death in certain circumstances (Hussain et al., 2014). By identifying and assessing the potential health risks early on, healthcare professionals can take measures to prevent, manage, or treat these conditions.		
1.5 SCOPE AND LIMITATION
Decision tree (DT) is one of powerful non parametric approach for finding the pattern within data for classification task and predictions. A recursive partition of the instance space can be used to define a decision tree classifier. DT has some terminologies, such as the root node, the beginning of the DT, which has no incoming edges; decision nodes, which have outgoing edges and a single incoming edge.; leaf node, the end point of DT, which has no outgoing edges and has exactly one incoming edge; splitting, a process of dividing a node into sub-nodes; and pruning, an action involving the deletion of a sub-node. The work of a decision tree can be explained as follows: begin with any features or inputs in our dataset, then split it based on whether the rule result is true or false, then do it again until the class proportion is homogeneous and becomes the leaf. To measure the homogenous class of our data in a node, entropy and Gini can be used.											
1.6	ORGANIZATION OF REPORT

Chapter one contains the background to the project, statement of the problem, the  aim and objectives, significance of the study, scope of the study, and organization of the report. Chapter two entails the review of related past work, overview of biometric used in security systems, biometrics in identity management, types of biometric, fingerprint biometric,  face biometric, iris biometric, and palm geometry biometric.
          More so, chapter three examines the method of the proposed system, the, the description and advantages of proposed system. Chapter Four, explains the implementation and documentation of the system which contains design, implementation techniques, documentation, hardware and software requirements. 
Lastly, chapter five includes the summary, conclusions and recommendations.


CHAPTER TWO
LITERATURE REVIEW

2.1	REVIEW OF RELATED PAST WORKS				

Pawar et al. (2022) used machine learning methods in their study to determine the risk to maternal health. In this study, the researchers stated that machine learning methods can be used to determine maternal health risks. In addition, the researchers stated that the model they developed was more successful than traditional machine learning models. The accuracy value reached by the researchers in the developed model was 70.21%.
Ahmed et al. (2020) developed an IoT-based maternal health system to detect maternal health risk factors. As a result of comparing the machine learning algorithm among some groups in the classification of the risk level in the analysis of maternal health risk factors, they obtained 97% accuracy by using the modified decision tree algorithm. They implemented machine learning algorithms in both Weka and using Python. They collected maternal health risk factor data from hospitals and maternity clinics in Bangladesh and classified them into three categories as low, medium, and high-risk levels and classified a total of 1014 data.
Ahmed et al. (2020) used machine learning algorithms to discover the risk level in pregnancy based on risk factors in their research. They used the Pima-Indian diabetes dataset for risk factor analysis and comparison of some machine learning algorithms. They showed that the Logistic Model Tree (LMT) gives the highest accuracy when classifying and estimating the risk level. In addition, the data of a few selected pregnant women were collected via IoT-enabled devices, and the same process was applied to this dataset, as well as LMT. In the comparison results, they showed that the risk estimation was the same for the current Pima-Indian diabetes dataset and the actual dataset.
Umoren et al. (2020) examined risk estimation models for maternal mortality and made risk estimations applicable by using the model based on the decision tree classification approach. With the decision tree approach, 89.2% of 100% of clinical data samples were correctly classified and compared with the Support Vector Machine (SVM) model. In this analysis, they achieved an accuracy of 89.2% and 69.5%.
Rai et al. (2021) suggested a method of evaluating the parameters of increased maternal and infant mortality risk levels as a result of pregnancy complications, according to a questionnaire conducted with experts in the field. They selected 14 features from the data taken from 117 pregnant women and used the feed-forward feature of artificial neural network (ANN) and Naïve Bayes (NB) algorithms to estimate the risk level. The number of data in the training of each class was determined as 80% and 20% for the test. While they achieved 80% accuracy with ANN, they reached an accuracy rate of 70% with NB. In addition, the researchers increased the level of accuracy by using a hybrid algorithm
Lakshmi, et al., (2020) employed the C.5 Decision Tree algorithm to forecast the likelihood of risk during pregnancy. In their investigation, the researchers used a total of 12 attributes and out of the 230 data samples, 152 were accurately predicted, while 78 were projected wrongly. Consequently, the model obtained an accuracy rate of 66.08% when applied to the un-standardized dataset. In the same study, with a standardized dataset, out of 230 samples, 164 were accurately predicted, while 66 were forecasted incorrectly, resulting in an overall accuracy rate of 71.03%.
Pereira et al., (2021) conducted a study aimed at predicting the type of delivery by leveraging obstetric risk factors during pregnancy through the application of various machine learning algorithms, including DT, GLM, SVM, and NB. The researchers employed a range of factors including body weight, body mass index (BMI), height, blood pressure (HBP and LBP), marital status, number of gestation weeks, and blood group type. The study achieved an accuracy of 83.91% using the Decision Tree (DT) algorithm.
Akbulut et al., (2022) used a total of nine algorithms, including DT, LR, NN, SVM, LD-SVM, DF, B-DT, BPM, and AP, to make predictions regarding the health of the fetus. The researchers reported an accuracy rate of 89.5% for four specific algorithms: AP, B-DT, DJ, and DF. Bautista et al., (2020) used a set of nine parameters and conducted a comparative analysis utilizing the DT, RDT, KNN, and SVM algorithms. Bautista et al., (2020) reported a 90% accuracy rate using the Random Forest Decision Tree (RDT) algorithm. Raja et al., (2021) conducted a study aimed at predicting preterm birth (PTB) in rural India. The researchers applied the DT and LR algorithms for this purpose. According to the authors, the Support Vector Machine (SVM) methods achieved an accuracy of 91%.
Macrohon et al., (2022) various machine learning algorithms, including DT, RF, KNN, NB, and MLP, were employed to forecast highrisk pregnancies. Authors used six included six parameters in their study and achieved a 97.01% accuracy with the Multilayer Perceptron (MLP) algorithm. Table 1 presents a comparison of similar studies, including the authors, the accuracy of the suggested approach, and the performance of the best-performing method.
Moreira et al., (2022) conducted research on the provision of care for high-risk pregnancies, employing the Multilayer Perceptron (MLP) technique. The authors reported an accuracy rate of 93% in their findings. In their study, Paydar et al., (2021) employed a Multilayer Perceptron (MLP) model to forecast pregnancy outcomes in pregnant women, attaining a notable accuracy rate of 97%

2.2	 DECISION TREE CLASSIFICATION ALGORITHMS 
Classification a technique most suitable in the area of medical diagnosis for automatic discovery of valid, novel, unknown, useful and understandable information from very big databases consisting of data obtained from several applications. Among all classification methods the best suitable classifier for the present study consisting of medical data is C4.5 decision tree classification algorithm. The decision tree algorithms are powerful, popular, logic based, easily interpretable, straight forward and widely applicable for several problems in data mining. These algorithms are off-the-shelf algorithms providing very good performance and are easily understandable. C4.5 Decision Tree Classification Algorithm was developed by Ross Quinlan as extension from ID3 algorithm also developed by him. These classifiers construct a decision tree as a learning model from the data samples. The divide and conquer approach is followed for construction of decision tree models using a measure called information gain to select the attribute from the dataset for the tree. Consider a possible test is to be selected with n outcomes which divides the data set L with training samples into subsets {L1, L2, L3.........Ln}. Distribution of classes in L and its subsets Li is the only information available for tree construction. Considering P to be any set of samples, then freq (Ci,P) are the total number of samples in P belonging to Ci and |P| is denoted by the number of samples in P.
This versatility and effectiveness position decision tree algorithms as pivotal in the evolution of machine learning applications within healthcare, fostering advancements in accurate disease diagnosis and efficient patient management (Charbuty and Abdulazeez, 2021).
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2.3	DECISION TREE MODEL
Decision tree is the technology which is mainly used for classification and prediction. Learning of a decision tree is a typically algorithm based on instance, which mainly focus on classification rules. (Qing-yun et al., 2022). It is one of the popular techniques in the emerging field of data mining (Shikha, 2023). Decision tree classification algorithms are have been used for machine learning and artificial intelligence. One frequent algorithm in machine learning is ID3 i.e., iterative dichotomiser 3 to generate a decision tree from dataset it is used. And it is invented by Ross quinlan (Chung, 2023). Decision tree impacts in the development of machine learning algorithms. A tree-like structure of decisions is drawn that can be visually represented and can be saved in the file format (Alan, 2023).
Decision tree is a representation for classifying examples. It is constructed in a top-down method which involves separation of the data items into subsets. Those subsets contains instances with homogeneous values. A decision tree can be drawn like upside-down tree. It starts from the root node and then we split the nodes at each and every level until we reach the leaf nodes which represents the outcomes (Alan, 2023). In this artificial intelligence in healthcare decision tree is built based on the good health condition and healthy lifestyle practices.
The patient who practices healthy life style and
i. Balanced diet will have less probability of getting diseases.  The patient who consumes more alcohol, follows
ii. Unhealthy diet and does not follow healthy lifestyle have more chances of suffering from diseases.
2.4	MATERNAL HEALTH RISK SYSTEM

Maternal Health Risk (MHR) refers to potential health problems arising during pregnancy, childbirth, and postpartum. According to WHO, there are around 280,000 fatalities of women due to pregnancy complications, which means a woman dies approximately every two minutes (WHO, 2023). The various factors increase the mortality rate of maternal women and childbirth, including the shortage of doctors and nurses and the localization, time, and distance (Redondi et al., 2013). According to WHO's report in 2020, around 800 women die daily due to poor resources and care (Castillejo et al., 2013). Despite recent technological advances, the rate of maternal death is decreasing, making it difficult to ensure both the mother’s and child’s safety during pregnancy. Pregnancy-related risks can be reduced in this scenario by anticipating complications and taking precautions.

Some studies have been conducted in recent years to predict certain risks that can occur during pregnancy and to predict the birth method best suited to mothers' pregnancy characteristics. 
For example, Pereira et al. (2015) used different supervised ML algorithms to predict the best delivery method among vaginal, cesarean, forceps, and vacuum delivery. In another study, Chen et al. (2011) used a Neural Network (NN) and Decision Tree (DT) algorithm to predict the factors associated with preterm birth. Similarly, Rawashdeh et al. (2020) used Random Forest (RF), DT, KNearest Neighbors (KNN), and NN to predict the risk of premature birth. For different data types, different Machine Learning techniques are used, with varying results and performance.
This research study focuses on deploying the ML classifiers prediction model that determined maternal time frame health risk. Initial, five ML classifiers, namely RF, DT, KNN, Logistic Regression, and Support Vector Machine, were deployed after performing some data preprocessing techniques on the acquired dataset consisting of 1014 instances and six related factors that contribute to determining the “Risk Level” as target outcomes in multiclass classification in the First Stage. In the second stage of the prediction model, an immense data analysis approach was performed on the entire feature levels by considering the Exploratory Data Analysis (EDA) techniques in multifold to decide the more contributing features that predict the outcome level. The best-performing RF model is deployed on the processed dataset after eliminating the noncontributing feature using EDA. Under the best configurable test condition, the processed RF model performed well with an improved accuracy of 91.18%. The hyper-parameter tuning approach was applied using the Grid Search CV to derive the best estimator values corresponding to each parameter. The best hyper-parameterized RF model was employed to tune the experimental results under the same test condition and achieved the highest accuracy of 93.14%.

2.5	DECISION TREE IN DIAGNOSIS AND DECISION TREE IN PROGNOSIS 
2.5.1	DECISION TREE IN DIAGNOSIS 
Decision Trees has been used heavily in Diagnostics; Recent research has highlighted the potential of artificial intelligence-based tools in revolutionizing healthcare diagnosis (Gupta, 2021).
Oğuz et al. (2021) demonstrated the application of deep learning techniques in analyzing CT images for identifying potential COVID-19 cases swiftly, aiming to streamline healthcare worker workflows and alleviate the burden on healthcare systems.
Alabdulkarim et al. (2021) proposed a novel Privacy-Preserving Single Decision Tree Algorithm (PPSDT) for clinical decision-support systems using IoT devices. The algorithm enables diagnosing new symptoms without exposing patients' data to network attacks, thus ensuring privacy and security in healthcare applications.
In a different study, Zhou et al. (2022) Created an ensemble learning algorithm for diagnosing machinery faults, which combines convolutional neural networks and gradient boosting decision trees. The authors highlighted the algorithm's effectiveness, reliability, and accuracy in detecting hidden fault states, showcasing the potential of decision tree algorithms in fault diagnosis applications.
Moreover, Madyatmadja et al. (2021) conducted an analysis of Big Data in healthcare using decision tree algorithms to provide effective solutions for cardiovascular disease management. The study emphasized the importance of utilizing big data analytics to address healthcare challenges, demonstrating the significance of decision tree algorithms in data-driven healthcare solutions.
Furthermore, Srivastava et al. (2023) introduced Medi-Assist, a Decision Tree-based Chronic Diseases Detection Model that predicts heart disease, diabetes, and breast cancer. 
The user-friendly system enhances disease prediction and contributes to early diagnosis, showcasing the potential of decision tree algorithms in chronic disease management. 
Abdollahi et al. (2021) presented deep neural network-based ensemble learning algorithms designed for diagnosing chronic diseases in the healthcare system. The study highlighted the superior effectiveness of group algorithms compared to baseline methods, emphasizing the crucial role of advanced classification techniques in improving disease diagnosis.

2.5.2	DECISION TREE IN PROGNOSIS 
Decision Tree algorithms have been extensively utilized across various research endeavors focusing on prognosis. For instance, Shamrat et al. (2023) employed decision tree algorithms in conjunction with other supervised classification learning techniques to predict the prognosis rate of kidney disease. Their study demonstrated the effectiveness of leveraging pre-processed datasets for disease prognosis.
Similarly, et al., (2021) conducted a comparative analysis of the ID3 and CART decision tree models in medical diagnosis and prognosis assessment. Their research aimed to assess the performance of each algorithm under different processing conditions, providing valuable insights into the practical applications of decision tree models in clinical studies.
Moreover, Conrad et al. (2022) developed a statistical decision tree model tailored for personalized prognosis stratification in newly diagnosed glioblastoma patients. By integrating key prognostic indicators, their risk stratification model facilitated personalized early prognosis estimation, enhancing individualized patient counseling.
Chen et al. (2022) proposed a method utilizing Gradient Boosting Decision Tree (GBDT) for identifying susceptible genes related to gastric cancer. Their findings indicated that GBDT outperformed other algorithms, underscoring the efficacy of decision trees in genetic prognosis research.
In the realm of medical imaging, Drukker et al. (2023) crafted decision-tree-based tools for evaluating machine learning algorithm performance. These tools, available on the MIDRC website, aid researchers in tasks like classification and segmentation, highlighting the versatile applications of decision tree algorithms in medical prognosis assessment. Additionally,
In personalized medicine, Conrad et al. (2022) introduced a statistical decision tree model for personalized prognosis stratification in glioblastoma cases, emphasizing the potential of decision trees in tailoring medical interventions. Dias et al. (2021) utilized a decision-tree-based approach for predicting the risk of disabling surgery and reoperation in Crohn's disease, showcasing the utility of decision trees in forecasting patient outcomes in chronic conditions.


CHAPTER THREE
RESEARCHMETHODOLOGY AND ANALYSIS OF THE EXISTING SYSTEM

3.1	RESEARCH METHODOLOGY	
 (
Figure 3.1: Proposed Design Model
)[image: ]In this study, which was conducted to determine maternal risk health, machine learning methods were used. In this study, the first method used for dataset analysis is the decision trees algorithm. Decision trees are a popular machine learning technique that has the ability to analyze datasets by generating a set of decision rules. These rules are organized in a tree-like model where each feature creates a decision node. The data travels through the tree and eventually ends up at a decision node. The decision tree model was applied to the training dataset and the parameters of the model were optimized by cross-validation method. The decision tree algorithm has advantages such as being able to work with categorical and continuous data, being easy to understand, and having fast computation times.


3.2	ANALYSIS OF THE PROPOSED  SYSTEM
Pregnancy Dataset Creation: A pregnancy dataset is constituted by pregnancy data obtained from primary data collection using the interview schedule. x Un-standardized Pregnancy Dataset: The un-standardized pregnancy dataset is the pregnancy dataset obtained from interview schedule. The dataset is checked for abnormal, error-prone, missing and irrelevant data samples. If irrelevant data samples are identified they are replaced by valid values or removed from the data set. The dataset is then partitioned into training and testing datasets. The partitioning of dataset is done to subject the pregnancy dataset to analysis using C4.5 classification algorithm. The dataset is randomly divided and around 370 data samples constitute the training data and remaining 230 data samples constitute the test data. 
Standardized Pregnancy Dataset: Standardization is a statistical procedure followed by many researchers in various fields. Standardization of study parameters provides with valid, precise, reliable, meaningful and accurate set of parameters leading to elevated performance by the selected classifier. The procedure of standardization is followed since pregnancy is a delicate medical issue and parameters influencing pregnancy can be better determined by medical experts, who can provide a reliable set of parameters used for the study. A total number of 40 judges who are knowledgeable and experts in the field of gynaecology and obstetrics were selected in random. These judges were requested to give their opinion regarding suitability of the selected broad parameters for standardization.

	


3.3	DESCRIPTION OF THE PROPOSED SYSTEM
A set of attributes for the study are identified from the literature survey and suggestions of experts. Extensive literature survey is done to identify the problems faced by pregnant women in terms of changes induced by pregnant women and a set of parameters are selected. These parameters were subjected to further analysis by four doctoral committee members to suggest a set of valid parameters. Based on the suggestions from the committee members a total of twelve parameters are considered as shown in table 3.1.
Table 3.1: Pregnant Women attribute and descriptions
	S/NO
	ATTRIBUTE 
	DESCRIPTION 
	DATA TYPE

	1 
	Age
	Age of the pregnant women in years
	Numeric

	2
	Pregnancy Parity 
	Present pregnancy number
	Numeric

	3
	History of Pre-eclampsia 
	Did the pregnant woman experience pre-eclampsia state in previous pregnancies (Yes/No)
	Textual

	4
	History of Gestational Diabetes
	Did the pregnant woman experience gestational diabetes state in previous pregnancies (Yes/No) 
	Textual

	5
	Mother/Sister with preeclampsia
	Did the pregnant woman’s mother/sister experience pre-eclampsia state any of their pregnancies (Yes/No)
	Textual

	6
	Mother/Sister with Gestational Diabetes
	Did the pregnant woman’s mother/sister experience gestational diabetes state any of their pregnancies (Yes/No)
	Textual

	7
	State
	 The present health status of the pregnant woman (Hypertensive/Normal/Overweight/Underweight)
	Textual

	8
	Trimester
	Present trimester of pregnancy (2/3)
	Numeric

	9
	Present
	Month Present month of pregnancy (4/5/6/7/8/9)
	Numeric

	10
	Blood Pressure
	Blood Pressure recorded presently in mm/Hg
	Numeric

	11
	Presence of Gestational
	Diabetes Blood Sugar Levels recorded presently in mg/d
	Numeric

	12
	Weight Gain
	Present weight gain from the previous month in Kgs
	Numeric


	
These attributes are the input variables identified for the study and the outcome is the risk level in pregnancy represented by tone of the status as Mild Risk, High Risk or No Risk. All the parameters are interlinked, abnormality in one parameter will lead to many severe complications during pregnancy. Hence efficiency of each parameter is important for health of pregnant women						
3.4	ADVANTAGES OF THE PROPOSED SYSTEM	
Decision tree-based risk prediction models are a popular method for assessing risks in various fields, including healthcare. In the context of pregnant women, such models can be valuable for predicting potential risks during pregnancy, such as complications like gestational diabetes, preeclampsia, or premature birth. Below are some advantages of using decision tree-based risk prediction models for pregnant women: 
i. Simplicity and Interpretability & Easily understandable:- Decision trees are easy to interpret, even for healthcare professionals who may not have extensive technical expertise. The model’s decision-making process is visualized as a tree structure, where each branch represents a decision rule based on specific features (e.g., age, medical history, etc.). This makes it easy to explain why a certain risk level is predicted. - **Transparent decisions:** Every split in the decision tree corresponds to a particular condition or risk factor, making the logic behind the prediction transparent. This is crucial in healthcare settings where clinicians need to understand the rationale behind a risk prediction. 
ii. Handling of Both Categorical and Numerical Data: - Decision trees can easily handle both numerical data (e.g., age, blood pressure readings) and categorical data (e.g., marital status, ethnicity, presence of specific symptoms). This flexibility is beneficial in healthcare, where different types of data may be collected for assessing a pregnant woman's health. 
iii. Ability to Handle Non-linearity:- Many risk factors in pregnancy do not follow a linear relationship (e.g., age-related risks, gestational weight gain, or blood sugar levels). Decision trees can model complex, **non-linear relationships** between risk factors and outcomes, making them more accurate in predicting risks compared to linear models. 
iv. Risk Stratification: - Decision trees can help in stratifying risk into different categories such as low, medium, and high risk. This is valuable for prioritizing interventions and providing more focused care. For example, a woman identified as high-risk can be closely monitored for conditions like preeclampsia, while a woman categorized as low-risk may receive less frequent check-ups. 
v. Handling Missing Data: - Decision trees can tolerate missing data to some extent, especially if they are implemented with methods like surrogate splits or missing value imputation. This is particularly useful in real-world healthcare scenarios, where it may not always be possible to collect all the necessary data points for every patient.
vi. Improved Clinical Decision-Making: - Decision trees can assist healthcare professionals in making more informed and **evidence-based decisions**. For instance, they can identify the risk of complications early on, which may lead to earlier interventions or more personalized care plans. - This tool can help clinicians with **early warning** signs of potential complications, thereby reducing maternal and fetal morbidity and mortality. 
vii. Scalability: - Decision tree models are computationally efficient and can be easily scaled to large datasets. This allows for the processing of large volumes of patient data, enabling better resource allocation and facilitating the identification of new patterns in pregnancy-related complications. 



CHAPTER FOUR
DESIGN, IMPLEMENTATIONAND DOCUMENTATION OF THE SYSTEM

0. DESIGN OF THE SYSTEM
The proposed system is designed in modules  with each modules working together to perform the decision tree in order to enhance the performance of the existing system as earlier discussed in chapter three. 
The ability to analyze and give focus to the system is explained in the following formats which are output design, input design, database design and procedure design.
0. OUTPUT DESIGN
[bookmark: _Hlk79161267]Output design for the computerized system to go to the screen and the outputs are designed to present report in a meaningful way. The outputs of the system include import report and lying report. 
[image: ]

Figure 4.1: PairGrid Result

SystolicBP and DyastolicBP

Systolic BP

* 44% of the population are between 120 - 124 bp
* Min is 70 & Max is 160 bp
* Q1: 100, Q2: 120, Q3: NONE
Diastolic BP

* 22% of the population are between 80 - 84 bp
* Min is 49 & Max is 100 bp
* Q1: 65, Q2: 80, Q3: 90
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Figure 4.1: Heatmap Prediction Result
Heatmap correlation gives us insights as:
Age - Risk Level: -55% 
Age - Heart Rate: -73% 
Systolic BP - Body Temp: -92% 
Systolic BP - Diastolic BP: 66% 
Diastolic BP - Risk Level: 79% 
Diastolic BP - BS: 58%
This page display the list of all the registered business operator



4.1.2	      INPUT DESIGN
This aspect entails the description of the expected data input that will provide our output as described above. Data entry is done through the keyboard and mouse selection where required. The sample input interfaces are as shown below:
	Age
	SystolicBP
	DiastolicBP
	BS
	BodyTemp
	HeartRate
	RiskLevel

	0
	25
	130
	80
	15.0
	98.0
	86
	3

	1
	35
	140
	90
	13.0
	98.0
	70
	3

	2
	29
	90
	70
	8.0
	100.0
	80
	3

	3
	30
	140
	85
	7.0
	98.0
	70
	3

	4
	35
	120
	60
	6.1
	98.0
	76
	1



Table 4.1: Dataset Table

4.1.3. [bookmark: _Hlk78952545]DATABASE DESIGN
Table 4.2: Prediction Dataset
[image: ]

Age min: 10
Age max: 70
Age avg: 29.871794871794872
Age median: 26.0
Age std: 13.474385532634372


Table 4.2: Prediction Database
[image: ]
[bookmark: _Hlk78952635]4.1.4	PROCEDURE DESIGN
The administrator can perform the following
1. Add data set table
1. Generate data set table
1. Allocate dataset 
4.2	IMPLEMENTATION OF THE SYSTEM
4.2.1	CHOICE OF PROGRAMMING LANGUAGE
In determining a suitable programming language for the design of the online patient management system, the factors to be considered are:-
a. The difficulty of the problem 
b. The technical skills required of the computer program 
c. The type of processing required
d. The availability of sub-programming facilities 
e. The efficiency of the language translator 
f. Ease of maintaining and updating the program 
g. Hardware and software requirement 
For the project work, the programming language to be used for the design of the system is PHP and MYSQL for database management system with embedded Structured Query Language (SQL) for database manipulation





4.2.2	HARDWARE SUPPORT
The hardware requirements for this program are:
i. PC: The computer should be minimum of Pentium IV with 1000GHs processor speed but preferably Dua Core Processor for greater efficiency
ii. Memory: This system requires a Higher RAM not less than 512MG, 1GB RAM is recommended.
iii. Storage: the storage capacity must be 80GB and above.
iv. VDU: Visual Display Unit required should be a very high resolution not less than 1024 x 768 with 256 colour capability.
v. Printer: This system also requires a printer
vi. Input: The input device required is a mouse, Optical Mouse should be provides for easy use.
4.2.3	SOFTWARE REQUIREMENTS 
The software requirements for the operation of this program are as follows:
i. Window Operating System
ii. XAMPP or WampServer (for Apache server on localhost)
iii. Web Browser e.gMozila Firefox
iv. Macromedia dreamweaver
4.2.4	CHANGE OVER TECHNIQUE
The method used in the implementation of the proposed system is parallel, simply because parallel system supports the use of the existing system together with the proposed system and when there system failure information will not be totally lost and will not be back to square one for the users.
4.3	DOCUMENTATION OF THE SYSTEM
4.3.1	PROGRAM DOCUMENTATION
In order for the proposed system to be used on any computer system it takes the following ways
1. Boot the system
1. Copy the folder to www inside wamp folder of the drive C: after WAMP server is installed onto the system.
1. Open any browser on the system (Microsoft internet Explorer, Mozilla Firefox, Netscape Navigator, Opera, Flock, Safari e.t.c)
1. Type http://localhost/ martanal /index.php on the address bar and press the return key or enter key.
4.3.2	OPERATING THE SYSTEM
This refers to the step by step method of using the proposed system. The proposed system comprises of. The steps to use the proposed system are as follows
1. On the address bar of any browser type http://localhost/www.martanal/index.php
1. You are prompted to supply the username and password this verifies that you are a registered voter and has the privileged to vote.

4.3.3	MAINTAINING THE SYSTEM
i. Data cable should be plugged properly
ii. Repair or replacement of all damaged accessories, system cards, peripheral e.t.c.
iii. prevention from dust
iv. Prevention of system from heat and moisture 
v. Prevention from static charges
vi. Examination of the new system from time to time to ensure it is performing as specified.
vii. Operators and users to the system must constantly check the output of the system to make sure that it is working accordingly.



CHAPTER FIVE
SUMMARY, CONCLUSION AND RECOMMENDATION
5.1	SUMMARY
The Decision Tree-Based Risk Prediction Model for Pregnant Women is a data-driven approach designed to predict and classify potential health risks during pregnancy. The model leverages decision tree algorithms, a type of machine learning technique that creates a flowchart-like structure of decisions, to identify risk factors and assess the likelihood of complications. Key Features: Input Data: The model typically uses clinical and demographic data such as age, blood pressure, glucose levels, hemoglobin levels, previous pregnancy history, BMI, and other relevant health indicators. Decision Tree Algorithm: The decision tree analyzes historical data to learn patterns and build a model that can classify new patients into categories such as: Low Risk, Moderate Risk and High Risk.
	
5.2	CONCLUSION
As we review the data collected from the prediction, most of the information are for women around 30 years old with a standard deviation of 13.5 being the top count among the ages in the children and youth categories. 

About the SystolicBP and DiastolicBP, looking at the Feature importance table we could not conclude that SytolicBP have more impact in the risk level prediction than the DiastolicBP but we can say that the SystolicBP has a 44% of the population around 120 - 124 bp while the Diastolic distribution being only 22% of the population between 80 - 84 bp (Orelope Hospital "common" values"). 

The Blood Sugar Levels (BS-Levels) being the top one in Feature importance table would be an important factor for risk level. 76% of the dataset have normal Blood Sugar Level but only 44% of the population are between 120 - 124 bp (SystolicBP). BS-Levels are related to Age, SystolicBP and DiastolicBP as the variables increase. 

The risk to have a high level of glucose in blood is related to the lifestyle of different groups. The Body Temperature and Heart Rate in the Feature importance need more information to reduce the feature selection. For Body Temperature, the youth and adult groups have 80% (normal) while children only have 40% and seniors having 60%. We also need more information about the disease existance and to do more research on the correlation between the SytolicBP and Body Temperature. 

Heart rate could have an effect in Age and risk level but we need still more data to make the exact prediction. We are close to the perfect accuracy now.
5.3	RECOMMENDATION
Based on the findings of the Decision Tree-Based Risk Prediction Model for Pregnant Women, the following recommendations are made to enhance its effectiveness and promote safe maternal health:
a. Integration into Healthcare Systems: The model should be integrated into primary and secondary healthcare facilities to assist medical practitioners in early identification of high-risk pregnancies.
b. Regular Data Updates: To maintain accuracy and relevance, the model should be updated regularly with new patient data reflecting current health trends and population demographics.
c. Training for Health Workers: Medical staff and health workers should be adequately trained on how to use the prediction model effectively and interpret its results for clinical decision-making.
d. Expansion of Input Variables: The model should incorporate more comprehensive variables, such as genetic history, lifestyle factors, and socio-economic status, to improve prediction accuracy.
e. Mobile and Web-Based Access: A user-friendly mobile or web application should be developed to allow easy access for rural healthcare centers and remote clinics.
f. Continuous Monitoring and Validation: Ongoing validation and performance monitoring of the model should be conducted to ensure reliability, especially when applied to diverse populations.
g. Ethical and Data Privacy Considerations: Adequate measures must be taken to ensure patient data privacy and ethical use of predictive results to avoid misuse or discrimination.
h. Collaboration with Policy Makers: Government health agencies and stakeholders should be involved to promote wide-scale adoption and to develop guidelines for implementation in national maternal health programs.
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APPENDIX 	2: FORM TO ENROLL RECORD
 (
    START
Open DB
Accept Field
Is
Field
  
ok
Write DB
More
Close DB
        RETURN
Close DB
Open
 DB
) (
YES
) (
YES
)



 (
Display option
)



 (
NO
)


 (
Yes 
)




 (
NO
)
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PPENDIX 	4: SOURCE CODE
import numpy as np
import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import classification_report, confusion_matrix
from sklearn.preprocessing import StandardScaler

# Simulate dynamic environmental data
def simulate_lorawan_data(n=1000):
    np.random.seed(42)
    data = {
        'SF': np.random.choice([7, 8, 9, 10, 11, 12], n),  # Spreading Factor
        'SNR': np.random.uniform(-20, 10, n),              # Signal-to-noise ratio
        'RSSI': np.random.uniform(-120, -30, n),           # Received Signal Strength
        'Distance': np.random.uniform(50, 3000, n),        # Distance to Gateway
        'Weather': np.random.choice([0, 1, 2], n),         # 0=Clear, 1=Rainy, 2=Stormy
        'Obstacles': np.random.randint(0, 10, n),          # Number of buildings between node and gateway
    }

    df = pd.DataFrame(data)

    # Environmental noise penalty (simulated logic)
    env_noise = df['Weather'] * 2 + df['Obstacles'] * 1.5

    # Success logic: adjusted SNR & RSSI thresholds
    df['Success'] = (
        (df['SNR'] - env_noise > -12) &
        (df['RSSI'] - env_noise > -110) &
        (df['SF'] < 12)
    ).astype(int)

    return df

# Generate dataset
df = simulate_lorawan_data()

# Prepare data for modeling
X = df[['SF', 'SNR', 'RSSI', 'Distance', 'Weather', 'Obstacles']]
y = df['Success']

scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

X_train, X_test, y_train, y_test = train_test_split(
    X_scaled, y, test_size=0.3, random_state=42
)

model = RandomForestClassifier(n_estimators=100, random_state=42)
model.fit(X_train, y_train)

y_pred = model.predict(X_test)

# Evaluation
classification_rep = classification_report(y_test, y_pred, output_dict=True)
conf_matrix = confusion_matrix(y_test, y_pred)
feature_importances = model.feature_importances_
feature_names = X.columns.tolist()

classification_rep, conf_matrix, feature_importances, feature_names, df.head() 
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