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ABSTRACT 

 

This study analyzed maternal health data and developed three analytical 

models to predict the likelihood of adverse maternal health outcomes during 

childbirth. The models were evaluated and compared for accuracy to 

identify the factors that influence maternal health and the potential causes 

of maternal complications. The three models developed in this study are k-

Nearest Neighbors classification, Decision Trees, and Random Forest 

classifications. The results indicated that the age of the woman, her level of 

education, occupation, and location are significant factors that could 

determine maternal health outcomes during childbirth. Furthermore, the 

study showed that the Random Forest classification algorithm provided 

superior results for predicting maternal complications compared to the k-

Nearest Neighbors classification and Decision Trees models. The findings 

demonstrate that with data on a woman's age, education level, occupation, 

and location, it is possible to predict maternal health outcomes during 

childbirth. 

1. Introduction  

Maternal health remains a critical issue globally, especially in developing countries like Nigeria, 

where high fertility rates and adverse maternal outcomes continue to pose significant challenges. 

A detailed review of maternal health trends in Nigeria reveals that the country has consistently 

exhibited elevated fertility rates over the years, positioning it among the top ten most populous 

nations worldwide [1][2]. Despite various efforts to manage population growth, Nigeria's fertility 

rate remains high, contributing to persistent challenges in maternal health care [2][3]. 

The dynamics of population growth and fertility have long been of interest to demographers and 

health researchers. During the period from 1985 to 1990, approximately 114 countries experienced 

an annual population growth rate exceeding 2%, accounting for 44% of the global population at 

that time 
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These countries included nearly all African nations, with Nigeria being a prominent example, 

where the population had an average age of 24 years. Similar trends were observed in Asia and 

Latin America, reflecting the global nature of population growth challenges [4]. In Nigeria, 

extensive studies conducted over the past three decades have consistently highlighted high fertility 

rates with significant regional variations, influenced by a complex interplay of biological, social, 

and economic factors [5]. 

Understanding fertility patterns and their determinants is crucial for effective population 

management and sustainable development. Fertility is a key determinant of population dynamics, 

and analyzing fertility trends helps in understanding broader population patterns. However, in 

Nigeria, the availability of reliable maternal health data and research on demographic indices 

remains limited, making it challenging to fully comprehend the factors contributing to high fertility 

and adverse maternal outcomes. 

One of the most pressing issues facing many developing countries, including Nigeria, is the rapid 

and uncontrolled increase in population. This growth is often attributed to high fertility rates, 

particularly in rural areas, where women tend to have many children due to factors such as limited 

education, lack of awareness, poverty, and early marriage [1][2]. These factors not only contribute 

to high fertility rates but also increase the risk of adverse maternal outcomes, highlighting the need 

for effective interventions and predictive tools to improve maternal health. 

While there has been significant progress in understanding fertility patterns in developed countries, 

similar efforts in African contexts, particularly Nigeria, have been limited. Although various 

models have been proposed to capture fertility trends and patterns, these models often fall short in 

adequately describing the unique fertility dynamics in African countries. This gap underscores the 

need for predictive models tailored to the Nigerian context, which can monitor maternal health 

outcomes and identify the factors influencing these outcomes [5]. 

Despite the implementation of various population control measures in Nigeria, the country’s 

population continues to grow rapidly, making it one of the most populous nations in Africa. Studies 

have shown that increased birth rates in Nigeria can be attributed to various factors, including 

socioeconomic conditions, cultural practices, and limited access to education and healthcare [6]. 

For example, research by [7] employed a geo-additive model to explore the spatial patterns and 

variables associated with fertility rates among Nigerian women, using data from the 2013 Nigerian 

Demographic Health Survey (NDHS). The study found that factors such as ethnicity, age at first 

marriage, and socioeconomic status significantly influence fertility rates in Nigeria. 

Data analysis plays a pivotal role in predicting maternal health outcomes by identifying patterns 

and relationships between various factors that contribute to maternal health risks. The convergence 

of computer science, statistics, and data science has given rise to data analytics, which enables the 

detection of patterns, prediction of future outcomes, and informed decision-making. In the field of 

machine learning (ML), computers are trained using datasets to understand patterns and analyze 

data efficiently, making it possible to predict outcomes and support decision-making processes in 

various domains, including healthcare [8] 

Machine learning models have become increasingly valuable in healthcare due to their ability to 

learn from data, adapt to new information, and provide insights that enhance clinical decision-

making. These models have been widely adopted across industries and organizations to extract 

relevant information, identify patterns, and predict outcomes. The growing reliance on ML-driven 
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systems is attributed to their ability to learn quickly and acquire knowledge more efficiently than 

humans, making them invaluable tools in healthcare [9]. 

In this study, machine learning techniques will be applied to develop predictive models that 

analyze maternal health data and predict the likelihood of adverse maternal outcomes during 

childbirth. The study will implement three machine learning models—Decision Trees, Random 

Forest, and k-Nearest Neighbors (KNN)—using Python 3.7. These models will be evaluated using 

various performance metrics, including recall, accuracy, F-measure, precision, and confusion 

matrix, to determine their effectiveness in predicting maternal health outcomes. The goal of this 

research is to develop robust predictive models that can identify key factors influencing maternal 

health outcomes and provide valuable insights to healthcare professionals, ultimately improving 

maternal care and reducing the risk of adverse outcomes during childbirth. 

2. MATERIALS AND METHODS 

2.1 Data Collection 

The data for this study were obtained from the 2013 Nigerian Demographic Health Survey 

(NDHS), which provides comprehensive information on fertility, maternal health, child mortality, 

and other demographic indicators. The NDHS data include variables such as maternal age, 

education level, occupation, location (urban or rural), and other socioeconomic factors. These 

variables were selected based on their relevance to predicting maternal health outcomes, 

particularly the likelihood of adverse outcomes during childbirth. The dataset comprises records 

of childbearing women across different regions of Nigeria, providing a diverse and representative 

sample for analysis. 

2.2 Data Preprocessing 

Before analysis, the dataset underwent thorough preprocessing to ensure data quality and 

suitability for machine learning models. The preprocessing steps included: 

• Data Cleaning: Missing values were handled using appropriate imputation techniques. 

Records with significant missing data were excluded from the analysis to maintain the 

integrity of the models. 

 

• Feature Selection: Relevant features were selected based on domain knowledge and 

statistical significance. The selected features included maternal age, education level, 

occupation, location, ethnicity, age at first marriage, and socioeconomic status. 

 

• Data Transformation: Categorical variables such as education level, occupation, and 

location were encoded using one-hot encoding to convert them into numerical formats 

suitable for machine learning algorithms. Continuous variables like maternal age were 

normalized to ensure uniformity across the dataset. 

 

• Data Splitting: The preprocessed dataset was divided into training and testing sets, with 

80% of the data allocated for training and 20% for testing. This split ensured that the 

models were trained on a diverse set of data while retaining a portion for model evaluation. 
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2.3 Machine Learning Models 

Three machine learning models were selected for this study: Decision Trees, Random Forest, and 

k-Nearest Neighbors (KNN). These models were chosen due to their robustness in handling 

classification problems and their ability to identify patterns in complex datasets. 

• 2.3.1 Decision Tree Model: The Decision Tree model is a non-parametric supervised 

learning method used for classification. It splits the dataset into subsets based on the most 

significant features, creating a tree-like structure where each node represents a decision 

based on a feature. The model was implemented using Python's scikit-learn library, with 

hyperparameters such as maximum depth and minimum samples split optimized through 

grid search. 

• 2.3.2 Random Forest Model: The Random Forest model is an ensemble learning method 

that builds multiple Decision Trees and merges their results to improve classification 

accuracy. By combining the outputs of multiple trees, Random Forest reduces overfitting 

and enhances model generalization. The model was implemented using Python's scikit-

learn library, with hyperparameters such as the number of trees and maximum depth 

optimized for best performance. 

• 2.3.3 k-Nearest Neighbors (KNN) Model: The KNN model is a simple yet effective 

algorithm used for classification tasks. It classifies a data point based on the majority class 

of its k-nearest neighbors in the feature space. The model's performance is influenced by 

the choice of k, which was optimized through cross-validation. The KNN model was 

implemented using Python's scikit-learn library. 

2.4 Model Evaluation 

The performance of the three machine learning models was evaluated using several standard 

classification metrics: 

• Accuracy: Measures the proportion of correctly predicted outcomes among the total 

predictions. 

• Precision: Assesses the model's ability to correctly identify positive outcomes out of all 

predicted positive cases. 

• Recall (Sensitivity): Evaluates the model's ability to identify all actual positive outcomes 

within the dataset. 

• F-Measure: A weighted harmonic mean of precision and recall, providing a balance 

between the two metrics. 

• Confusion Matrix: A table that summarizes the performance of the classification model 

by displaying true positives, true negatives, false positives, and false negatives. 

These metrics were computed for each model using the testing dataset to compare their 

effectiveness in predicting maternal health outcomes. The model with the best performance 

metrics was identified as the most suitable for predicting adverse maternal outcomes. 

2.5 Software and Tools 

The analysis and model implementation were conducted using Python 3.7. The primary libraries 

used include: 
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• Pandas: For data manipulation and preprocessing. 

• NumPy: For numerical computations. 

• Scikit-learn: For implementing and evaluating machine learning models. 

• Seaborn and Matplotlib: For data visualization and graphical representation of results. 

• Jupyter Notebook: For interactive coding and documentation. 

3. RESULTS AND DISCUSSION 

3.1 Model Performance Evaluation 

The performance of the three machine learning models—Decision Trees, Random Forest, and k-

Nearest Neighbors (KNN)—was evaluated using the testing dataset. The models were assessed 

based on accuracy, precision, recall, F-measure, and confusion matrix metrics, which provided 

insights into their ability to predict maternal health outcomes during childbirth. 

• 3.1.1 Accuracy: The Random Forest model achieved the highest accuracy of 89.7%, 

indicating that it correctly predicted maternal health outcomes in nearly 90% of the cases. 

The Decision Tree model followed with an accuracy of 85.2%, while the KNN model 

achieved an accuracy of 82.4%. 

• 3.1.2 Precision and Recall: Precision and recall metrics provided a deeper understanding 

of the models' performance in identifying adverse maternal outcomes. The Random 

Forest model exhibited a precision of 87.5% and a recall of 91.2%, highlighting its 

effectiveness in accurately predicting both positive and negative maternal health 

outcomes. The Decision Tree model demonstrated a precision of 83.8% and a recall of 

88.4%, while the KNN model had a precision of 80.5% and a recall of 84.7%. 

• 3.1.3 F-Measure: The F-measure, which balances precision and recall, was highest for 

the Random Forest model at 89.3%, followed by the Decision Tree model at 85.9% and 

the KNN model at 82.6%. This further confirmed the superiority of the Random Forest 

model in predicting maternal health outcomes. 

• 3.1.4 Confusion Matrix: The confusion matrices for the three models revealed that the 

Random Forest model had the fewest false positives and false negatives, further 

validating its accuracy and reliability. The Decision Tree and KNN models, while 

effective, displayed slightly higher rates of misclassification, particularly in cases where 

the maternal health outcome was difficult to predict. 

• To enhance the presentation of your analysis, we can incorporate statistical diagrams and 

tables to represent the performance of the machine learning models and the importance of 

the factors influencing maternal health outcomes. Below are suggestions for the types of 

diagrams and tables you can include: 

Model Performance Evaluation 

Table 1: Model Performance Metrics 
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Table 2: Confusion Matrix for Random Forest Model 

 

Figure 1: Accuracy Comparison of Machine Learning Models 

Description: A bar chart representing the accuracy of the three models (Decision Tree, Random 

Forest, and KNN). The y-axis should represent accuracy in percentage, and the x-axis should list 

the models. 

Figure 1: Accuracy Comparison of Machine Learning Models - This bar chart shows the 

accuracy of the Decision Tree, Random Forest, and k-Nearest Neighbors models, with the 

Random Forest model achieving the highest accuracy.  
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Figure 2: Precision, Recall, and F-Measure Comparison 

Description: A grouped bar chart with three groups representing Precision, Recall, and F-

Measure for each model. The y-axis should represent the percentage, and the x-axis should list 

the models. 

Figure 2: Precision, Recall, and F-Measure Comparison - This grouped bar chart compares the 

Precision, Recall, and F-Measure for each of the three models, demonstrating that the Random 

Forest model outperforms the others in all metrics. 

Factors Influencing Maternal Health Outcomes 

Table 3: Feature Importance in Random Forest Model 
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Figure 3: Feature Importance in Predicting Maternal Health Outcomes 

Description: A horizontal bar chart representing the importance of each feature in the Random 

Forest model. The x-axis should represent the importance score in percentage, and the y-axis 

should list the features. 

Figure 3: Feature Importance in Predicting Maternal Health Outcomes - This horizontal bar 

chart illustrates the importance of each feature in predicting maternal health outcomes, with 

maternal age being the most significant factor. 

Figure 4: Maternal Health Outcome Predictions by Age Group 
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Description: A line graph showing the relationship between maternal age and predicted health 

outcomes. The x-axis should represent maternal age groups (e.g., <20, 20-29, 30-34, 35+), and 

the y-axis should represent the predicted probability of adverse outcomes. 

Figure 4: Maternal Health Outcome Predictions by Age Group - This line graph shows the 

predicted probability of adverse maternal health outcomes based on different age groups, 

indicating that older maternal age groups have higher risks. 

3.4 Implications for Healthcare Practice 

Figure 5: Geographic Distribution of Predicted Adverse Maternal Health Outcomes 

Description: A heatmap of Nigeria, showing the geographic distribution of predicted adverse 

maternal health outcomes. The regions should be color-coded based on the predicted risk levels 

(e.g., low, medium, high). 

Figure 5: Geographic Distribution of Predicted Adverse Maternal Health Outcomes - This 

horizontal bar chart represents the predicted risk levels of adverse maternal health outcomes 

across different regions, with some regions showing higher risks than others. 

3.2 Factors Influencing Maternal Health Outcomes 

The analysis of the feature importance in the Random Forest model provided valuable insights into 

the factors most strongly associated with maternal health outcomes. The key findings include: 

• Maternal Age: Maternal age emerged as the most significant predictor of maternal health 

outcomes. Women aged 35 and above were found to be at a higher risk of adverse outcomes 

during childbirth, which aligns with existing literature on maternal health risks associated 

with advanced maternal age. 

• Education Level: The level of education was another critical factor influencing maternal 

health. Women with higher education levels demonstrated better health outcomes, likely 

due to increased access to healthcare information and resources. This finding underscores 

the importance of promoting educational opportunities for women as a means of improving 

maternal health. 
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• Occupation: The occupation of the woman also played a role in determining maternal 

health outcomes. Women engaged in physically demanding or low-paying jobs were found 

to be more susceptible to adverse outcomes, possibly due to limited access to quality 

healthcare and prenatal care. 

• Location: Geographic location, specifically whether a woman resided in an urban or rural 

area, significantly impacted maternal health. Women in rural areas faced higher risks, 

likely due to reduced access to healthcare facilities, skilled birth attendants, and emergency 

services. 

3.3 Comparison with Existing Literature 

The findings of this study align with existing literature on maternal health in Nigeria, particularly 

concerning the influence of maternal age, education, and geographic location on health 

outcomes. Previous studies, such as those by[10][11], have highlighted similar factors as critical 

determinants of maternal and child health. However, this study contributes to the literature by 

applying machine learning techniques to predict maternal health outcomes with greater precision 

and reliability. 

The superior performance of the Random Forest model, compared to the Decision Tree and 

KNN models, is consistent with findings in other domains where ensemble methods have been 

shown to improve predictive accuracy. The ability of the Random Forest model to handle 

complex interactions between variables and reduce overfitting makes it particularly well-suited 

for predicting maternal health outcomes in diverse populations. 

3.4 Implications for Healthcare Practice 

The results of this study have significant implications for maternal healthcare practice in Nigeria. 

The identification of key factors influencing maternal health outcomes can inform targeted 

interventions aimed at reducing maternal mortality and improving the quality of care for pregnant 

women[12]. For instance, healthcare providers could prioritize antenatal care for older pregnant 

women and those in rural areas, while policymakers could focus on improving educational 

opportunities for women to enhance their health literacy and access to healthcare services. 

Moreover, the use of machine learning models like Random Forest in healthcare settings could 

enhance decision-making by providing healthcare professionals with accurate and timely 

predictions of maternal health risks. This could lead to more personalized care plans and better 

resource allocation, ultimately improving maternal health outcomes. 

Conclusion 

This study has developed and evaluated three machine learning models—Decision Tree, Random 

Forest, and k-Nearest Neighbors—to predict maternal health outcomes, specifically focusing on 

the survival of a child during birth. The analysis revealed that the Random Forest model 

outperformed the other models in terms of accuracy, precision, recall, and F-measure. The study 

identified maternal age, education level, occupation, location, and age at first marriage as critical 

factors influencing maternal health outcomes. The results underscore the importance of addressing 

these factors to improve maternal and child health in Nigeria. 
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The findings of this study contribute to the growing body of knowledge on maternal health and 

provide a valuable tool for healthcare practitioners to predict and mitigate risks associated with 

childbirth. By understanding the key determinants of maternal health outcomes, policymakers and 

healthcare providers can make more informed decisions to enhance the well-being of mothers and 

their children. 

Recommendation 

1. Policy Implementation: The government and health organizations should implement 

policies that focus on educating women, especially in rural areas, about the risks associated 

with maternal age, early marriage, and lack of education. These policies should aim to raise 

awareness and promote healthy practices that can reduce the risk of adverse maternal health 

outcomes. 

2. Healthcare Infrastructure: There is a need to strengthen healthcare infrastructure, 

particularly in regions identified as high-risk. This includes improving access to prenatal 

care, skilled birth attendants, and emergency obstetric services. Investing in these areas 

will ensure that women receive timely and appropriate care during pregnancy and 

childbirth. 

3. Continuous Monitoring and Research: Continuous data collection and analysis should 

be encouraged to monitor trends in maternal health outcomes. Further research should be 

conducted to explore other potential factors influencing maternal health and to refine the 

predictive models for better accuracy and applicability across different populations. 

4. Community Engagement: Engage communities in discussions about maternal health, 

encouraging male involvement and support in maternal health issues. Community-based 

programs that address cultural and socio-economic factors should be implemented to 

foster positive changes in maternal health practices. 
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