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Abstract 
 

This study aims to determine whether there is an increase in accuracy results for predicting 
pregnancy risk with a classification algorithm that goes through and without going through 
the clustering stage. After that, compare which classification algorithm gets the best 
improvement. This study uses the K-Means clustering approach, as well as the SVM, Naive 
Bayes, and K-Nearest Neighbor (KNN) classification algorithms. The pregnancy risk 
dataset used comes from the UCI Machine Learning Repository. Evaluation metrics used 
include accuracy, precision, recall, and F1-score. The results of the study revealed that the 
K-Means model with KNN provided the highest performance compared to the other two, 
with an accuracy of 79.53% and an average F1-score of 0.8. The implementation of K-
Means resulted in an increase in accuracy of 0.4%, 1.57%, and 2.76% on KNN, SVM, and 
Naive Bayes respectively, which confirms the impact of clustering in improving 
classification performance. The resulting model can be used in real-time via a website built 
using the Flask API, and offers tools that can help health practitioners to plan treatments 
effectively and minimize the risk of pregnancy. 
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1. INTRODUCTION 
 
Pregnancy is a process that involves significant physical and emotional changes 
for a mother [1]. During pregnancy, there are several factors that can increase the 
risk of complications for both the mother and the fetus [2]. These factors include 
the mother’s age being too young or too old, obesity, history of diseases such as 
diabetes or hypertension, and history of abnormal pregnancies [3]. Older maternal 
age (above 35 years) is associated with an increased risk of chromosomal 
abnormalities in the fetus, such as Down syndrome [4]. In addition, research has 
found that obesity during pregnancy can increase the risk of pregnancy 
complications, including gestational diabetes and high blood pressure [5]. 
According to data from 2018, about 76% of maternal deaths occurred during 
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childbirth and postpartum, with 24% occurring during pregnancy, 36% during 
childbirth, and 40% postpartum [6]. These percentages indicate the importance of 
developing an early detection system that is related to the level of pregnancy risk. 
To assess the level of pregnancy risk for a mother, data on the physical and 
emotional condition of the mother during pregnancy are usually collected [7]. This 
data is then processed using clustering and classification methods that help identify 
the risk level for each individual. The dataset used to assess the pregnancy risk 
level in this study was obtained from the UCI Machine Learning repository. 
 
Previous studies on identifying the level of pregnancy risk for a mother using 
classification methods have been commonly done, such as in the journal article 
“Model for Predicting Risk Levels in Maternal Healthcare” [8]. This study focuses 
on developing a predictive model to assess the level of risk in maternal health care. 
The main objective is to identify risk factors that affect maternal health during 
pregnancy and childbirth, to provide better care, and reduce maternal mortality. 
The available data is then analyzed using statistical and mathematical modeling 
techniques to identify factors related to maternal health risk. The data includes 
vital parameters such as blood pressure, heart rate, body temperature, and so on 
[8]. This study only involved the use of classification algorithms, while the ongoing 
research involves the use of clustering algorithms (clustering) whose results are 
used in classification algorithms. 
 
The research in the journal article used KNN, Neural Networks, Random Forest, 
and AdaBoost algorithms to build a predictive model in assessing the level of 
pregnancy risk. This research produced a predictive model to assess the level of 
pregnancy risk using classification techniques. This model can help doctors predict 
pregnancy risk and provide appropriate care recommendations. The research 
findings show that the model developed can predict the level of risk in maternal 
health care with relatively good accuracy, namely 86% for the best model, namely 
the AdaBoost algorithm, while the algorithm with the lowest performance is the 
KNN algorithm with an accuracy of 64%. Some of the main risk factors identified 
include maternal age, previous birth history, nutritional status, and the presence of 
medical complications history [8]. 
 
The K-Means algorithm is one of the clustering algorithms used to group data 
based on the similarity of their features [9]. After the clustering process is 
completed, the next step is to perform classification on each group formed by the 
K-Means algorithm [10]. Classification algorithms are needed to interpret the 
clustering results because clustering only groups data into clusters based on their 
similarity, without providing labels or category information for each cluster [11]. 
Classification algorithms help identify patterns or characteristics of each cluster 
and provide labels or categories to the clusters based on the learned patterns [12]. 
By using classification algorithms, we can classify new data into existing clusters 
or identify new clusters that were previously unknown [13]. 
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To perform this classification, there are several classification algorithms that can 
be used, such as Naive Bayes, SVM (Support Vector Machine), and KNN (K-
Nearest Neighbors). Each of these algorithms has its own advantages and 
disadvantages. Naive Bayes, SVM, and KNN are three classification algorithms 
that are commonly used in data analysis. These algorithms can also be used to 
classify the results of clustering with high accuracy and effectiveness [14]. 
Therefore, these three algorithms are used in the comparison of classification 
algorithms to determine the most suitable algorithm in determining the level of 
pregnancy risk for a mother based on the clustering results. The comparison 
analysis is done by measuring the accuracy, precision, recall, and f1-score of each 
algorithm [15]. Thus, it will be determined which classification algorithm is the 
best in determining the level of pregnancy risk for a mother based on the clustering 
results. Accuracy measures how well an algorithm can classify data correctly 
overall, while precision measures how well an algorithm can identify positive 
classes correctly [16]. Recall measures how well an algorithm can find all relevant 
positive classes, and f1-score is the harmonic mean of precision and recall, 
providing a more comprehensive understanding of the algorithm’s performance 
[17]. 
 
Some studies have used clustering techniques to improve classification accuracy in 
various fields [18]. One of these studies focuses on using semi-supervised 
clustering techniques to improve the accuracy of DDoS attack classification in 
networks. The research results show that semi-supervised clustering techniques 
can improve classification accuracy compared to traditional supervised learning 
methods [19]. Research on pregnancy risk has been done using risk classification 
modified by the World Health Organization (mWHO) on 2742 pregnant women 
in developed and developing countries. The research results show that the mWHO 
classification only has moderate performance in distinguishing women who 
experience risk and those who do not experience risk during pregnancy with an 
accuracy level of 71.1% [20]. Therefore, further research is needed to develop and 
improve the performance of the model created. 
 
In this study, a predictive model for pregnancy risk level will be created using 
sequential clustering and classification techniques, which are useful in determining 
whether a mother is at low, medium, or high risk during pregnancy. The difference 
from previous research [8] lies in the use of clustering methods, especially the K-
Means algorithm, before performing classification using Naive Bayes, SVM 
(Support Vector Machine), and KNN (K-Nearest Neighbors) algorithms in 
determining the level of pregnancy risk for a mother based on the clustering 
results. 
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2. METHODS 
 

The research framework used is based on previous research titled "Model for 
Predicting Risk Levels in Maternal Healthcare" [8]. The stages of research process 
as shown in Figure 1. 

 
Figure 1. The Research Framework 

 
The following is the detail of the research methodology used. 

1. Problem Identification, the main objective of this research is to develop an 
accurate risk level prediction system using the K-means clustering approach 
and the proposed classification approach. This is expected to help doctors in 
determining the level of pregnancy risk for a mother. The object of this 
research is the Maternal Health Risk Dataset from the UCI Machine Learning 
repository, consisting of 1,015 medical histories of randomly selected 
pregnant mothers. This dataset includes information such as maternal age, 
upper and lower blood pressure values, blood glucose levels, body 
temperature, normal heart rate, and pregnancy risk level. By analyzing the 
data using machine learning techniques, researchers can identify patterns and 
provide recommendations to improve pregnancy monitoring and 
intervention for pregnant mothers with high risk, which can ultimately 
increase the safety level of pregnant mothers and their babies. 
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2. Data Collection, the data used for analysis comes from the UCI Machine 
Learning Repository website and consists of medical records from a hospital 
in Bangladesh. This dataset consists of 1,015 randomly selected pregnant 
women who have undergone pregnancy examinations at the same hospital. 
The data includes various parameters such as age, blood pressure, blood 
glucose levels, body temperature, heart rate, and pregnancy risk level, and was 
collected between 2000 and 2010, with access and download done on January 
9, 2023. The data was accessed through the website 
https://archive.ics.uci.edu/ by searching for maternal health dataset. The 
data in Excel format was downloaded from the website and stored on the 
storage device used. After that, the data is ready to be used for the required 
analysis purposes. The study involves two variables, specifically the 
dependent variable and the independent variable. 
a) In this study, the independent variables include the mother's age, 

represented as 'Age' in the dataset, the upper value of blood pressure in 
mmHg, represented as 'SystolicBP' in the dataset, the lower value of 
blood pressure in mmHg, represented as 'DiastolicBP' in the dataset, the 
glucose level in molar concentration mmol/L, represented as 'BS' in the 
dataset, body temperature, represented as 'BodyTemp' in the dataset, 
and the normal heart rate in beats per minute, represented as 'HeartRate' 
in the dataset. 

b) In this study, the dependent variable is the pregnancy risk level, named 
'RiskLevel', in the dataset used. 

3. Data Preprocessing, the collected data was then processed using data 
preprocessing techniques such as handling missing values, selecting relevant 
features, and transforming data into a suitable format for further processing. 
In this research, the preprocessing stage includes data exploration and data 
cleaning processes. 

4. Data Processing, the processed data was then analyzed using the K-means 
clustering method to group patients into similar clusters. Next, the proposed 
classification approach was used to predict the level of pregnancy risk for a 
mother based on other variables or attributes that are used in determining the 
level of pregnancy risk. In this research, the data processing stage involves 
dividing the data into train and test sets, creating a classification model 
without clustering, and creating a classification model with clustering. For a 
detailed modeling workflow, see Figure 2. The modeling workflow used is 
based on previous research titled “Clustering based semi-supervised machine 
learning for DDoS attack classification” [19]. 
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Figure 2. Flowchart of the Used Modeling Process 

 
Two types of model development were done. The first type involved direct 
classification of data using SVM, Naïve Bayes, and KNN algorithms. The 
second type involved clustering data using the K-Means algorithm, followed 
by classification using SVM, Naïve Bayes, and KNN algorithms. This 
modeling process resulted in six models, three from the classification stage 
only, and three from the clustering stage followed by the classification stage. 

5. System Evaluation, the system developed was evaluated using several metrics 
such as accuracy, precision, recall, and F1 score. This system evaluation is 
important to ensure that the system developed is accurate and reliable in 
predicting the level of pregnancy risk for patients. If the model formed is not 
satisfactory, adjustments will be made to the data processing section. Overall, 
the development of a pregnancy risk level prediction system using the K-
means clustering approach and the proposed classification approach can help 
doctors determine the level of pregnancy risk more accurately and reliably. 

 
Google Colab is a better choice than Jupyter Notebook, RStudio, and Microsoft 
Azure Machine Learning Studio for several reasons as data analysis tools. Google 
Colab is free and easy to access, does not require strong local resources, provides 
free access to GPU/TPU, integrates well with Google Drive and Docs, and 
supports interactive and collaborative data exploration [21]. 

 
3. RESULTS AND DISCUSSION 

 
3.1. Problem Identification 
 
Pregnancy risk determination involves factors such as maternal age, health history, 
nutritional status, and lifestyle habits, which can contribute to complications such 
as preeclampsia, gestational diabetes, and premature birth. The application of 
machine learning models, through clustering and classification techniques, offers 
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good potential in helping health practitioners identify and minimize potential risks 
accurately, contribute to public health policy research, and improve the overall 
quality of health care by providing more complex and accurate prediction models 
based on diverse data sources. 
 
3.2. Data Collection 
 
To collect the Maternal Health Risk Dataset from secondary data, users must visit 
the UCI Machine Learning Repository website and use the search function to find 
datasets related to maternal health and evaluate the description and attributes of 
each data to find the most suitable one. After the most relevant dataset is 
identified, it must be downloaded in a suitable format such as CSV or Excel, 
followed by a manual inspection to understand the characteristics and features of 
the data. 
 
3.3. Data Preprocessing 
 
The results obtained from creating the Heatmap can be seen in Figure 3, which is 
the Heatmap of Correlation Between Variables in the Dataframe. The results show 
that the highest correlation between the RiskLevel variable and other variables is 
found in the correlation between RiskLevel and the BS variable, with a value of 
0.57. On the other hand, the lowest correlation between the RiskLevel variable 
and other variables is found in the correlation between RiskLevel and the 
BodyTemp variable, with a value of 0.16. 

 

 
Figure 3. Correlation Heatmap Among Variables in a Dataframe 
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Checking for empty data is done to determine whether there is any empty data or 
if there are still missing values in the data used. Because it is known that there is 
no more empty data, it continues to the data processing stage. 
 
3.4. Data Processing 
 
In this stage, the dataset is divided into train and test data using the 
‘train_test_split’ function from the sklearn library, with a test size of 0.25 
determined to produce the best model accuracy, and the results are stored in 
‘X_train’, ‘X_test’, ‘y_train’, and ‘y_test’. After splitting the data into train and test 
sets, it is important to use standard scaler to adjust these variables, which 
eliminates scale differences between different variables, which are important for 
algorithms such as SVM that will be used in this study. GridSearchCV is used to 
find the best combination of parameters given in the ‘parameters’ variable. This 
process is followed by the Classification Stage without Clustering beforehand. The 
classification results obtained from the SVM algorithm can be seen in Figure 4, 
with an accuracy of 74% achieved by the SVM model. 

 

 
Figure 4. The Results of SVM Model Classification 

 

 
Figure 5. Chart SVM Model Classification Result 
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The classification results obtained from the Naïve Bayes algorithm can be seen in 
Figure 6, with an accuracy of 58% achieved by the Naïve Bayes model. 
 

 
Figure 6. The Results of Naïve Bayes Model Classification 

 

 
Figure 7. Chart Naïve Bayes Model Classification Result 

 
The classification results obtained from the KNN algorithm can be seen in Figure 
8, with an accuracy of 79% achieved by the KNN model. 
 

 
Figure 8. The Results of KNN Model Classification 
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Figure 9. Chart KNN Model Classification Result 

 
The process continues with the clustering stage, followed by classification. Based 
on the obtained scores from silhouette method in Figure 10, the optimal number 
of clusters is 2, with the highest silhouette score. Based on these results, the best 
number of clusters chosen is only 2. 

 

 
Figure 10. The Result Score of Silhouette Method for Determining the Optimal 

Number of Clusters 
 

The classification results obtained from the SVM algorithm after clustering 
implementation can be seen in Figure 11, with an accuracy of 76% achieved by the 
SVM model. 

 

 
Figure 11. The Classification Results of the SVM Model after Clustering 

Implementation 
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Figure 12. Chart SVM Model Classification Result after Clustering 

Implementation 
 
The classification results obtained from the Naïve Bayes algorithm after clustering 
implementation can be seen in Figure 13, with an accuracy of 61% achieved by the 
Naïve Bayes model. 
 

 
 

Figure 13. The Classification Results of the Naïve Bayes Model after 
Implementing Clustering 

 
Figure 14. Naïve Bayes Model Classification Result after Clustering 

Implementation 
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The classification results obtained from the KNN algorithm after clustering 
implementation can be seen in Figure 15, with an accuracy of 80% achieved by the 
KNN model. 
 

 
Figure 15. The Classification Results of the KNN Model after Implementing 

Clustering 
 

 
Figure 16. Chart KNN Model Classification Result after Clustering 

Implementation 
 

3.5. System Evaluation 
 
To develop a system that can predict the level of pregnancy risk for a mother, six 
machine learning models have been developed and tested. The first three models 
use SVM, Naive Bayes, and KNN classification techniques directly, while the other 
three models integrate the K-means clustering approach before applying the same 
classification algorithms (SVM, Naive Bayes, and KNN). The evaluation of these 
six models focuses on the performance differences between the methods used.  
 
The KNN model with clustering proved to be the best choice, achieving an 
accuracy of 79.53% and an average F1 score of 0.79. This model outperformed 
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the KNN model without clustering and the SVM model with clustering, both of 
which also showed good performance. The KNN model without clustering 
achieved an accuracy of 79.13% and an average F1 score of 0.79, while the SVM 
model with clustering achieved an accuracy of 75.59% and an average F1 score of 
0.76.  
 
At the same time, the Naive Bayes model, both with and without clustering, 
showed lower performance compared to other models. The Naive Bayes model 
without clustering only achieved an accuracy of 57.87% and an average F1 score 
of 0.53, while the Naive Bayes model with clustering achieved an accuracy of 
60.63% and an average F1 score of 0.55. The overall performance of the prediction 
models can be seen in Table 1 and Table 2. 

 
Table 1. Performance of The Prediction Model without K-Means Clustering 

 Support Vector 

Machine 

Naïve Bayes K-Nearest 

Neighbors 

Accuracy 0.7402 0.5787 0.7913 

Precision 0.75 0.62 0.8 

Recall 0.76 0.58 0.8 

F1-score 0.76 0.55 0.8 

 

Table 2. Performance of The Prediction Model with K-Means Clustering 

 Support Vector 

Machine 

Naïve Bayes K-Nearest 

Neighbors 

Accuracy 0.7559 0.6063 0.7953 

Precision 0.77 0.64 0.8 

Recall 0.77 0.62 0.81 

F1-score 0.77 0.58 0.8 

 

 
Figure 17. The ANOVA Test Result 

 
The results of the ANOVA test can be seen in Figure 17, which shows that there 
is no significant difference between the two groups of models, as indicated by the 
p-value of 0.8637, which is larger than 0.05. This means that we fail to reject the 
null hypothesis that there is no difference between the groups. The small F value, 
which is 0.0335, also indicates that the variation between the groups is not larger 
than the variation within the groups. Therefore, statistically, the two groups of 
models are not significantly different, and both have almost similar performance. 
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Based on this evaluation, it is suggested to use the KNN model with clustering to 
predict the level of pregnancy risk for a mother. This decision is based on the 
superior performance and the ability of the model to provide more accurate 
prediction results. In addition, the integration of the K-means clustering method 
before classification helps improve the performance of the model, especially in the 
case of KNN and SVM. The performance results of the KNN algorithm obtained 
with or without K-means clustering in this study can exceed the performance of 
previous research, which only achieved 64%. This increase is caused by the use of 
GridSearchCV to find the best parameters for the algorithm used, thus allowing 
the performance results obtained for the same algorithm to exceed the results of 
previous research using KNN. For a comparison of the performance of the best 
research model with previous research, see Table 3. 

 
Table 3. Comparison of Performance Between the Best Research Model and 

Previous Research 

Penelitian Accuracy F1-score Precision Recall 

Application of 

Classification 

Algorithm 

Comparison 

Results in 

Implementation 

of Web-based K-

Means Algorithm 

Clustering Results 

to Assess 

Pregnancy Risk 

Levels 

 

0.7953 0.7900 0.8000 0.8100 

Model for 

Predicting Risk 

Levels in Maternal 

Healthcare [8] 

0.6400 0.6400 0.6400 0.6400 

 
3.6. Deployment 
 
To implement the previously trained machine learning model into a web-based 
HTML application using Flask API in Python, several steps need to be followed. 
The trained model is saved as a .pkl file using libraries such as ‘pickle’ or ‘joblib’, 
and Flask is used to import the model into the application. The API is built with 
Flask to serve as a connection between the web application and the machine 
learning model, allowing the application to access and use the model. On the web-
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based application, Flask creates API routes to receive user data, process it using 
the model, and return predictions or results. The API is connected to the HTML 
web application using technologies such as AJAX or Fetch API, allowing smooth 
communication without page reload. The components that are exported include 
the k-means clustering model, the scaler used for preprocessing, and the best 
classification model (such as k-nearest neighbors). Figure 18 shows the resulting 
HTML interface. 
 

 
Figure 18. HTML Initial Display 

 
 

 
Figure 19. The Prediction Result of Low Risk in Pregnancy Risk 
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Figure 20. The Prediction Result of High Risk in Pregnancy Risk 

 
To make the desired prediction, users can enter data in the available columns by 
filling in the appropriate numbers for the metrics provided. After all columns are 
successfully filled, users can press the prediction button, and on the same page, 
the level of pregnancy risk based on the previously entered input will be displayed. 
Examples of predicted results can be seen in Figure 19 and Figure 20. 
 
This study developed and integrated a machine learning model for pregnancy risk 
assessment using KNN, SVM, and Naïve Bayes, and enhanced it with K-Means 
clustering. The results showed that KNN was the best classifier, and that K-Means 
clustering improved the accuracy and F1 score of all the classifiers. The web 
application of the model provided a practical and user-friendly tool for health 
practitioners to obtain real-time predictions and monitor the pregnancy status of 
their patients. The study discussed the implications, limitations, and 
recommendations of the model for the field of health care and machine learning. 
 
4. CONCLUSION 
 
A predictive model has been developed to assess the level of pregnancy risk using 
three main classification algorithms, Support Vector Machine (SVM), Naïve Bayes, 
and K-Nearest Neighbors (KNN). This model incorporates the K-Means 
clustering algorithm, which improves its performance. The KNN model achieved 
an accuracy of 79.53% and an average F1 score of 0.8, surpassing other models. 
By integrating this model into a Flask web application, health practitioners can 
utilize pregnancy risk predictions in real-time, facilitate pregnancy monitoring, and 
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improve the quality of patient care provided to pregnant mothers. This 
implementation offers a simple yet functional HTML interface, ensuring ease of 
use and adaptability for users from diverse backgrounds. The use of K-Means 
clustering technique before classification resulted in an accuracy increase of 0.4% 
for the KNN model, while SVM and Naïve Bayes achieved higher increases, 
namely 1.57% and 2.76%. 
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