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ABSTRACT  

In maternity care, the mode of child delivery is crucial to prepare the patient mind considering 
her health condition before her due date. It helps obstetricians in decision-making to predict the 
most accurate childbirth mode in advance to avoid unnecessary emergencies and increase the 

survival of the mother and her unborn child. The type of delivery currently depends on the 
attending physician's judgment. Humans are prone to error; in several cases, doctors have 

recommended cesarean section birth when it is medically unnecessary. A wrong decision might 
also imperil the life of the mother and her unborn child. A computer-aided decision-making 
model could be a great solution to this problem. With this in mind, we used five data mining 

methods (Naive Bayes, Logistic model tree (LMT), Decision stump, Logistic Regression, and 
Random Forest) to create a model that predicted the best mode of infant birth. After training and 

analyzing the performance of each classifier using WEKA (Waikato Environment for 
Knowledge Analysis), our results showed that the Naives Bayes classifier has the highest 
accuracy, precision, and recall scores (89% each) and is the most stable model. This algorithm 

(Naives Bayes) is embedded to create a predictor that predicts the method of infant birth using a 
fresh data set that follows the trend of the previous data set. Using this model to decide the mode 

of childbirth will dramatically reduce maternal and newborn health risks.  
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1.  INTRODUCTION 

Examining extensive pre-existing datasets to 
discover new information is a technique 

known as "data mining." It implies utilizing 
one or more software programs to analyze 

data patterns in big batches of data. The term 
"data mining" is ambiguous because the 
objective is not the extraction (or "mining") 

of data but rather the discovery of patterns 
and knowledge from vast amounts of data. 

Data mining techniques continue to be a 
simple tool for identifying patterns in 
complex and large amounts of data and 

turning them into information that can be 
used for decision-making. Pregnancy traits 

can be used to predict the type of birth using 
data mining classification algorithms. A 
training set of attributes is used by the 

classification algorithm to identify 
correlations between the qualities that could 

be used to predict the outcome. Two forms of 
data analysis can be used for extracting 
models they are Classification and 

Prediction. Prediction models predict  

 
continuous valued function, while 
classification models predict categorical class 

labels.  
Pregnancy-related issues can include the 

following: Placenta abruption, Placenta 
previa, Uterine rupture, Breech position, etc. 
Pregnancy can be a time of great excitement 

to the patient, but it can also be a time of 
danger, and there are certain serious illnesses 

of pregnancy to be aware of (Sonia et al., 
2015). In the UK, pregnant women attend a 
booking appointment with a midwife 

between 8- and 12 weeks gestation (Sonia et 
al., 2015).  

 
The United Nations International Children's 
Emergency Fund (UNICEF) estimates that 

Nigeria presently accounts for 10% of all 
maternal fatalities worldwide. The fourth 

highest on Earth, according to the most 
recent statistics, the maternal mortality rate is 
576 per 100,000 live births. About 262,000 

newborns die at birth each year, which is the  
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second-highest national total in the world. 

(2016). Also, the federal government 

reported last year that Nigeria records 830 

daily maternal deaths during childbirth, 

amounting to roughly 302,950 annually 

(Onyebuchi, E 2021). By choosing the right 

birthing method, this high maternal mortality 

rate can be greatly decreased.  

There are several methods used to deliver 

babies in hospitals; however, the following 

are the most typical: 

    1) Vaginal delivery 

    2) Cesarean section. 

The most typical method of giving birth is 

vaginal delivery. Methods of assisted 

delivery are required when necessary.  The 

most natural way to give birth is through the 

vaginal canal. In this procedure, the mother's 

vagina and the birth canal are used to deliver 

the child. The mother will go through three 

separate stages of labour and delivery during 

this procedure, beginning with the 

contractions and concluding with the delivery 

of the placenta. If a vaginal delivery is not 

feasible, a cesarean section is a major 

operation that is carried out. Through surgical 

incisions created in the abdomen and uterus 

during this surgery, the baby is born. When 

normal delivery is not more secure for the 

baby, the mother, or both, it is advised. While 

some cesarean deliveries take place as a 

result of complications during labour, others 

may be planned and scheduled.  

Nigeria's health care system is stratified in 

such a way that the majority of births take 

place in facilities where a cesarean section 

cannot be done and there are no emergency 

services. This explains why referral clinics 

receive a significant number of unbooked 

patients, who are much more likely than 

booked parturient to undergo an emergency 

cesarean section with negative obstetric 

outcomes. However, many of these patients 

can not have access to sufficient health 

services in time. Early risk factor 

identification enables nurses to provide 

prenatal counseling and hospital referrals for 

pregnant women before they go into labour, 

which is essential to the provision and 

adoption of cesarean sections. Even though 

the risk factors for cesarean sections have 

been extensively defined, it was deemed 

reasonable to assess these factors locally and 

identify the primary causes and predictors of 

cesarean sections in this particular group. 

This study uses data mining algorithms to 

identify obstetric and pregnancy 

characteristics that can be utilized to predict 

the best delivery method using actual data 

acquired at the obstetrics and gynecology 

section of a Public Hospital in Lagos. 

Many data mining models have been 

developed for the prediction of the type of 

delivery. The performance of those models is 

measured based on the accuracy, Area Under 

the ROC Curve (AUC) or Receiver 

Operating Characteristic (ROC). Below are 

various techniques used by researchers: 

Kathryn et al (2004)  discovered that women 

are more likely to have cesarean deliveries 

when the theory that weariness and sleep 

disturbance in late pregnancy is associated 

with the type of delivery and the length of 

labour was examined. 

Hussam et al (2016) used the WEKA 

software to determine which classification 

algorithm provides the highest accuracy and 

to build a model that can assist in accurately 

predicting the possible delivery complication 

to prepare for and to reduce the risk of the life 

of both the mother and the baby. 

Alisha et al (2015) created a system that acts 

like a predictor tool allowing users to enter 

values of specified parameters and giving the 

most likely mode of delivery as output. They 

used a classification algorithm to predict the 

mode of delivery. The classification 

algorithm used is Naïve Bayes classification 

and Iterative dichotomiser 3(ID3). This study 

explains the mathematical representation of 

the algorithm. According to Alisha Kamat et 

al; Naïve Bayes theorem gives a way to 

estimate the posterior probability while 

Iterative Dichotomiser 3(ID3) is an algorithm 

that generates a decision tree for a given data 

set based on the attributes of the data. The 

system created cannot process a query having 

a single missing value. Apart from the 

shortlisted parameters, the system fails to 

consider other factors that might contribute to 

determining the mode of delivery. 
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Kavitha and Balasubramanian (2018) were 

able to determine the kind of birth by looking 

at prenatal traits using the J48 decision tree 

algorithm. It was difficult for the system to 

use real data from GPP. The accuracy of the 

system was 100% and the sensitivity is 

99.5% 

Sonia et al (2015) created a system that was 

able to predict the mode of delivery using 

registered obstetrics characteristics using 

Cross Industry Standard Process for Data 

Mining (CRISP-DM). The system was 

unable to identify a model that could predict 

the best delivery method individually. 

Kowsher et al.(2020) has demonstrated good 

accuracy in predicting the most suitable 

birthing mode using machine learning-based 

recommendation systems. 

Prema and Pushpalatha (2019) made a survey 

on related works on preterm birth prediction 

using data mining techniques. The study 

compared different data mining techniques 

such as Naive Bayes, decision tree, Support 

Vector Machine(SVM), etc. The researchers 

were able to balance the dataset using data 

oversampling techniques. In this study, it was 

difficult to identify preterm birth in first-time 

mothers and the risk factors considered are 

limited and the data sample size is small. 

Nafiz et al. (2020) using information mining, 

determine whether a cesarean section is 

necessary, and then increase the mother's and 

the baby's safety throughout and after labor 

by avoiding an unnecessary cesarean 

segment. 

Francisca et al (2016) induced the k nearest 

neighbor's algorithm with oversampling and 

testing all the data and they were able to 

achieve 94% sensitivity, 84% specificity, and 

97% accuracy. There was inequality in the 

number of cases existing on the dataset. 

Yavar et al used Naive Bayes, decision trees, 

SVM, logistic regression, and associative 

classifier on a Fraser of historical and 

maternal newborn records to predict preterm 

birth. The prediction performance of all 

algorithms is very poor, even doing feature 

selection by contrast sets does not improve 

the results. 

Kalu et al (2012) used ultrasonographic scan 

measurement of cervical length and 

concluded that cervical length in mid-

pregnancy can be of value in predicting the 

mode of delivery in early pregnancy. In this 

work, the dynamics of labor were examined 

using a composite analysis of both 

primigravidae and multigravida. 

Saima et al (2017) The researchers explain 

how numerous ailments are recognized and 

diagnosed for human health using data 

mining techniques for medical data. They 

went ahead to explain the advantages and 

disadvantages of various data mining 

techniques. It was also revealed in the study 

that data mining benefits depend on how 

clean the data is. They struggled to choose the 

best strategy for a categorization challenge. It 

was unable to investigate data mining 

applications and their effects on society, 

because data mining technique, user 

interface, performance, and scalability were 

all inadequate. 

In our study, we will be using classification 

techniques for the prediction of the type of 

delivery. The main risk factors considered are 

age, number of times of pregnancy, weight, 

number of the fetus, fetal presentation, fetal 

lie, placenta location, and estimated fetal 

weight. The class to be considered is the type 

of delivery. The noise and ambiguity in the 

dataset will be removed by preprocessing. 

We assure to achieve high accuracy in our 

study 

 

3.0  METHODOLOGY 

This study utilized data from the department 

of gynecology and obstetrics of a Public 

Hospital in Lagos. Five supervised learning 

algorithms (Naives Bayes, Logistic model 

tree (LMT), Decision stump, Logistic 

Regression, Random forest) were employed 

using the WEKA toolkit. The simulated 

result was analyzed and compared. 
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Figure 1. Proposed Model workflow 

 

3.1 Dataset used 

The dataset used was real tested data obtained 

from the department of gynecology and 

obstetrics of a public hospital in Lagos. The 

dataset includes 761 records with nine  

 

attributes. Data transformation and pre-

processing were performed on the data to 

make them suitable for mining activities. 
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Table 1: Dataset used 

Variable Description Possible values 

CARD NUMBER Patient Identification No Nominal 

PRIMP/P Is the patient carrying her first 

pregnancy 

Yes or No 

MULTI/<3 

MULTI>=3 

The patient has children already. Yes or No 

Yes or No 

AGE (16 -27) 

AGE (28-50) 

Age of the patient Yes or No 

Yes or No 

GESTATION Number of foetus Single or Multiple 

FETAL LIE It describes how the spines of 

your baby and the mother align. 

Between your infant's head and 

tailbone is his spine. 

Longitudinal or Oblique 

FETAL PRESENTATION It describes how the infant is 

positioned up to enter the birth 

canal and be delivered. It 

describes the way the baby is 

situated in the uterus 

Cephalic or Breech 

presentation 

TYPE OF DELIVERY The type of delivery the patient 

used to give birth 

Caesarean section or 

Vaginal delivery 

PLACENTA LOCATION Where the placenta is located 

either front or side 

Anterior, posterior, 

fundal 

 

i. Longitudinal lie: The term "longitudinal 

lie" refers to the position of your baby's spine 

when it is parallel to your spine. Almost all 

infants are lying longitudinally. 

ii. Oblique lie: This is when your baby's head 

is just to the side of the pelvic inlet, that is it 

is lying diagonally across the uterus. A baby 

seldom maintains this position up to labor. 

Only 1% of newborns will have transverse or 

oblique limbs. Early in the pregnancy, many 

babies lie sideways; during the final 

trimester, they shift their heads downward. 

iii. Cephalic presentation: Head down is the 

best position for your baby within your uterus 

during delivery.  This is when your baby is 

present head first. Sometimes between weeks 

37 and 40 of your pregnancy, your baby will 

drop into a cephalic position on its own. 

iv.   Breech presentation: In this case, the 

baby will come out with feet or buttocks 

rather than head first. Because the delivery 

canal must widen for your baby to emerge 

bottom first, a breech baby might provide 

challenges for both mother and child. 

v. Posterior placenta: A fertilized egg 

typically implants on the uterine wall's back. 

In this instance, the placenta also forms or 

grows on the uterus's posterior wall. The 

placenta is referred to as the posterior 

placenta when it is in this position. 

vi. Anterior Placenta: The placenta forms 

on the front wall of the womb when the 

fertilized egg attaches to the front of the 

uterus, and the baby develops behind it. 

Anterior placenta refers to the placenta when 

it is on the front side of the uterus. 
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vii. Fundal placenta: The placenta is 

referred to as a fundal placenta when it lies in 

the fundus or on top of the uterus. The 

placenta may occasionally be in either a 

fundal posterior or anterior position. The top 

of the womb and the front of the womb are 

often where a fundal anterior placenta is 

found. At the top of the womb, a fundal-

posterior placenta can be found, but it 

extends to the rear. 

viii. Vaginal delivery: It is the birth of 

offspring through the vagina in mammals. 

ix.   Caesarean section: It involves 

delivering a baby surgically through an 

incision created in the mother's abdomen and 

uterus. 

 

3.2  SUPERVISED LEARNING 

ALGORITHM 

Five supervised learning algorithms: Naives 

Bayes, Logistic model tree (LMT), Decision 

stump, Logistic Regression, and Random 

forest were used to classify the data. 

 

3.2.1   NAÏVE BAYES 

Naive Bayes is a simple technique for 

constructing classifiers: models that assign 

class labels to problem instances, represented 

as vectors of feature values, class labels are 

drawn from some finite set. There is no single 

algorithm for training such classifiers but a 

family of algorithms based on shared 

principles. All Naive Bayes classifiers 

assume that the value of a particular feature 

is independent of any other features, given 

the class variable.   For some probability 

models, Naive Bayes classifiers can be 

relatively efficient in a supervised learning 

setting. In many practical applications, 

parameter estimation for the Naive Bayes 

model without accepting Bayesian 

probability or using any Bayesian methods. 

(Debjani, C et al. 2020) 

 

 

 

 

 

3.2.2 LMT (Logistic Model Tree) 

LMT is a classification model with a 

supervised approach that combines decision 

tree learning and logistic regression (LR). 

The algorithm can handle numeric and 

nominal properties, missing values, and 

binary and multiclass target variable. (Niels, 

L. et al. 2005) 

 

3.2.3  LOGISTIC REGRESSION 

Logistic regression is a statistical analysis 

technique that predicts a data value based on 

previous observations from a data set. This 

method enables a machine learning algorithm 

to classify incoming data based on historical 

data. A logistic regression model forecasts a 

dependent data variable by examining the 

connection between one or more independent 

data variables. Logistic regression is a quick 

and easy technique that can be helpful in 

some challenges. (Jason, B. 2016) 

 

3.2.4  RANDOM FOREST 

 The random forest classification technique is 

composed of several decision trees. It is 

employed in the solution of classification and 

regression issues. It contains some decision 

trees on different subsets of the supplied 

dataset and takes the average to increase the 

dataset's predicting accuracy. Instead of 

relying on a single decision tree, the random 

forest uses the majority vote of projection 

from each tree and predict the final result. 

The larger the number of trees in a forest, the 

better the accuracy and the prevention of 

overfitting. (Sruthi, E. R (2021) 

 

3.2.5  DECISION STUMP 

A decision is a one-novel decision tree-based 

machine learning model. It is a decision tree 

with a single internal node (the root) 

connected to the terminal nodes (its leaves). 

A decision stump predicts something based 

only on the worth of one particular input 

feature. They are occasionally referred to as 

"1 rules". (Sammut, C. et. al.2010) 
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3.3  WEKA (Tools used) 

To carry out this analysis, we used the 

WEKA toolkit. WEKA is an open-source 

data mining tool widely used in data mining 

applications. It is a contemporary tool for 

creating machine learning (ML) algorithms 

and applying them to data mining issues 

(Consolata 2019). WEKA Explorer was used 

to loading the data file, and using the classify 

panel, we ran classification algorithms on the 

generated dataset. 

 
Figure 2: arff patient data 

@RELATION this gives the declaration for 

the name of the table. The relation name is 

defined as the first line in the ARFF file. The 

format is @relation <relation-name> where 

<relation-name> is a string. The string must 

be quoted if the name includes spaces. 

@ATTRIBUTE is used to declare each field 

on the table. An ordered list of @attribute 

statements makes up attribute declarations. 

Every attribute in the data collection has a 

distinct @attribute that describes its name 

and data type. The column position in the 

file's data section is determined by the 

sequence in which the attribute is stated. The 

@attribute statement is formatted as follows: 

@attribute attribute-name>datatype>, where 

attribute-name> must begin with an 

alphabetic character.  

The <datatype> can be any of the four types 

currently (version 3.2.1) supported by 

WEKA: 

numeric 

<nominal-specification> 

String 

date [<date-format>] 

@DATAThe @data declarations are 

the format for a single line indicating 

the beginning of the data segment is: 

@data 
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4.  RESULT AND DISCUSSION 

The simulated results obtained after the 

various algorithms were tested on the 761 

dataset are partitioned into various tables for 

easier analysis and evaluation. The 

algorithms are compared by analyzing their 

accuracy, precision, recall, and F-measure.  

Table: 2. The accuracy of the classifiers 
Algorithm (total 

instances 761) 

accurately 

classified 

instance % 

(value) 

Inaccurately 

classified instance  

(values)% 

Absolute 

mean error 

Time Taken 

(seconds) 

LMT (Logistic 

Model Tree) 

75.43 24.57 0.36 0.08 

Naïve Bayes 88.57 11.43 0.28 0.06 

Logistic 

Regression 

100 0 0 0.11 

Decision Stump 69.25 30.73 0.42 0.02 

Random forest 100 0 0.16 0.11 

 

 

Table 3:  The classifier accuracy evaluation measures by class 
Algorithm TP 

Rate 

FP 

Rate 

Precision Recall F-

Measure 

MCC ROC 

Area 

PRC 

Area 

Class 

LMT 

(Logistic 

Model 

Tree) 

0.943 0.625 0.752 0.943 0.837 0.406 0.782 0.853 Vaginal 

delivery 

0.375 0.057 0.766 0.375 0.504 0.406 0.782 0.639 Cesarean 

section 

0.754 0.436 0.757 0.754 0.726 0.406 0.782 0.782 Weighted 

Average 

Naïve 

Bayes 

0.959 0.261 0.881 0.959 0.918 0.738 0.967 0.987 Vaginal 

delivery 

0.739 0.041 0.899 0.739 0.811 0.738 0.967 0.908 Cesarean 

section 

0.886 0.188 0.887 0.886 0.883 0.738 0.967 0.960 Weighted 

Average 

Logistic 

Regression 

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 Vaginal 

delivery 

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 Cesarean 

section 

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 Weighted 

Average 

Decision 

Stump 

0.913 0.751 0.709 0.913 0.799 0.220 0.581 0.706 Vaginal 

delivery 

0.249 0.087 0.589 0.249 0.350 0.220 0.581 0.396 Cesarean 

section 

0.693 0.530 0.669 0.693 0.649 0.220 0.581 0.603 Weighted 

Average 

Random 

Forest 

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 Vaginal 

delivery 

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 Cesarean 

section 

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 Weighted 

Average 
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From the comparison result of evaluation 

metric in table 2 and 3 

Naïve Bayes with an accuracy of 88.57% and 

the total time taken to build the model is 0.03 

seconds. It has a weighted average of 0.886 

TP rate, 0.188 FP rate, 0.887 precision, 0.886 

recall, 0.883 F-measure, 0.738 MCC, 0.967 

ROC area, and 0.960 PRC area appeared to 

be most stable and generalizable; LMT has an 

accuracy of 75.43%, Logistic regression has 

accuracy of 100%, Decision stump has an 

accuracy of 69.25% and Random forest has 

an accuracy of 100%.  Logistic regression 

and Random forest gave 100% accuracy. 

When a classifier generates 100% accuracy, 

it means it has overfitting problem. Data 

scientists refer to this as overfitting, which 

happens when a statistical model matches its 

training data exactly. This defeats the 

algorithm's aim and makes it impossible for 

it to generalize successfully to new data. 

When this occurs, the algorithm cannot 

perform accurately against unseen data. A 

model won't be able to carry out the 

classification or prediction task it was 

designed for if it can't generalize successfully 

to new data. 

 

5.  PREDICTOR 

The Naïve Bayes algorithm, which is the 

most stable, was used to build the rules for 

the predictor, which was created using 

JavaScript. An obstetrics scan must have 

been completed by the user before filling out 

the prediction form. In less than 5 seconds, 

the predictor makes a single prediction. Once 

the patient has completed the form and 

provided information regarding her obstetrics 

scan, the predictor will predict the patient's 

potential birth type. 

 
Figure 3 The Predictor interface 

 

  

 

  
Figure 5. Prediction output for caesarean 

section 

Figure 4. Prediction output for vagina 

delivery  

 

6. CONCLUSION 

A family may be able to determine if a 

woman genuinely need a caesarean section 

with the help of an early prediction, which 

would reduce unnecessary anxiety, 

procedures, and greatly increase medical  

 

 

 

 

benefits. This research work has been an 

attempt to carry out study and comparative 

analysis on LMT, Naive Bayes, Logistic 

Regression, Decision Stump and Random 

Forest. 
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LMT has an accuracy of 75.43%, Naïve 

Bayes has an accuracy of 88.57%, Logistic 

regression has accuracy of 100%, Decision 

stump has an accuracy of 69.25% and 

Random forest has an accuracy of 100% 

The most accurate algorithm using the patient 

data is Nave Bayes, which takes 0.03 seconds 

to create. Its accuracy is 88.57%. It has a 

weighted average of 0.886 TP rate, 0.188 FP 

rate, 0.887 precision, 0.886 recall, 0.883 F-

measure, 0.738 MCC, 0.967 ROC area, and 

0.960 PRC area. With the help of this model, 

the doctor will be able to decide more 

accurately and quickly. Based on the 

performance generated by Naïve Bayes a 

predictor was developed. The predictor 

provides a clickable form that helps the 

patients provide information of their 

obstetrics scan result. Pregnant women 

would benefit immensely from this predictor 

by knowing their expected delivery method, 

which will save unnecessary anxiety. 
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