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Abstract
E ly severe preeclampsia is a disorder that ges during
pregnancy and is defined by the development of high blood pres-
sure; both the mother and the fetus may perish as a result. However,
the number of preeclampsia patients is substantially fewer in terms
of statistics compared to that in a typical pregnancy. Thus, the
uneven data offers a barrier to the building of highly effective
machine learning models. This study attempted to overcome the
probl ofdata imbal in the pre psia dataset. Four unique
! Igorithms were impl d: Random Undersam-
pling (RUS) Tomck Link (Tomek), Edlted Nearest Neighbors (ENN),
and Repeated Bdlled Nearest Neighbors (RENN). Similarly, four
other ov dures were employed: Adaptive Syntt
Sampling (ADASYN) Borderline-SMOTE, Synthetic M.monty Over-
sampling Technique (SMOTE), and Random Oversampling (ROS).
In order to investigate the balanced data, Decision Tree, Naive
Bayes, Random Forest, and XGBoost were deployed. According to
the experimental findings, the XGBoost model, which employed
the hybrid resampling technique Tomek and ROS, demonstrated
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1 Introduction

Currently, preeclampsia is a specific disease occurring during preg-
nancy that involves the development of high blood pressure during
pregnancy, which is very severe, resulting in death for the preg-
nant woman and the fetus. The initial symptoms of this condition
in pregnant women are protein leakage in the urine and elevated
blood pressure. Additionally, close monitoring and attention should
be given to this confluence of conditions. Epilepsy, which is directly
associated with hypertension dunng pregnancy. may occur in se-
vere cases of symp P P der affects both the
mother and the fetus in terms of health. Additionally, mortality
may be a possibility. It tends to occur after the 20th week of preg-
nancy, even in the absence of medical documentation indicating
hypertension which, the systolic and diastolic blood pressures con-
stantly exceed 140 mmHg and % mmHg, respectively. In addition,
the presence of protein in the urine is a critical symptom. Hyper-
tension is d a notable indi of preeclampsia. Globally,
preeclampsia claims the lives of approximately 76,000 women and
500,000 infants across the globe. Eight to ten percent of pregnancies

the greatest degree of efficacy, as indicated by an AUC analysi are impacted|[25).
There are several approaches to mitigating the severity of preeclamp-
CCS Concepts sia, including the division of high-risk groups that necessitate con-
e PR B . D P O stant monitoring to prevent the condition during pregnancy. The
g S G S: deve following symp have been identified as representing the high-
Imrmng 3L 5 pired approaches; and devel: risk category: Pregnant women who experience symptoms of epi-
opmental approaches. gastric tightness, blurred vision, pain, swelling, high blood pressure,
protein in the urine, 40-year-old-over pregnant women having med-
Keywords ical history of p lampsia, or have ital including
Data imbal Data pling, Und pling, Preeclamp to obesity, hyp ion, renal dysfi diat i defi
data, Oversampling ciency, or abnormal weight gain.
To investigate the current state of research concerning the risk of
ACM Reference Format: preeclampsia, we examined artificial intelligence methods utilized
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sia initiating factors [5]. As anticipated, artificial intelligence tech-
nology has taken on a progressively significant role in addressing
numemus challenges within the context of medlcal science by help-

ing in decisi king and effecti I ing [3].

The effectiveness of artificial intelligence is dependent on the
quality of the data. In add: g the issue of unbalanced data, the
unbalanced distribution of information poses an intriguing chal-
lenge because if the quantity and quality of the data are sufficient
to discem patterns within the data, then a machine learning model
may exhibit respectable performance[6]. Conversely, the model
may have lacked sufficient intelligence to learn and classify data
for only a small portion of the collection [15]. Typically, significant
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imbalances occur in data in the actual world. Imbalanced datasets
frequently exhibit a relatively small population size for the class of
interest in comparison to the other classes, leading to substantial
inconsistencies in the data and disparities in proportions between
classes, especially for medical and health data [7].
In this study, our objective was to rectify the problem of im-
balanced data pertaining to the risk of preeclampsia through the
pl ion of hybrid, und pling, and pling tech-
niques. Additionally, an was conducted on the eﬂ"mcacy
of specific machine learning models, including Extreme Gradient
Boosting (XGBoost), Naive Bayes, Decision Tree, and Random For-
est. As our data characteristic, there were three distinct groups
in the datasets: normal, risk, and preeclampsia. To consider how
data unbalancing, the data ratio between the majority data sample
represented by the normal class and the minority data sample rep-
resented by the risk class was d roughly 76. Mi ,a
data ratio between the majority data samples (the risk group) and a
minority of data (Preeclampsia group) is roughly 14. The calculated
ratios were explicitly defined as imbalanced data [13].

2 Literature Reviews

2.1 Data Pre-processing

Data Pre-p ing add g the issue of unbalanced data during
data distribution presents an intriguing challenge [6]. Too small
portion of data directly impacts to the quality of machine learning
models because the models learn the pattern from the majority
of data [15]. To effectively implement the sampling method, the
unbalanced data should be transformed into numerical data prior
to addressing the problem [13].

Our unbalanced dataset consisted of three groups: 9,341 records
for the normal group, 123 records for the high-risk group and 9
records for the preeclampsia group. To g an
in the quality of our dataset, it was th o ial to impl

the p ial data unbalanci: 1 Our approach involved
boostmg the proportion of the small data set, such as the preeclamp-
sia group, while decreasing the size of the large data set, such as
the normal group [16]. Subsequently, the quantity of data in each
class should be approximately equivalent to that of the high-risk
group. Eventually, each cohort comprised a substantial quantity of
data.

As an indi of data imbal. the data imbal ratio com-
pares the proportions of the majority and minority data groups
[13]. The ratio is ranged between zero to one. The nearly one ratio
means data more balanced and vice versa [17]. As previously stated,
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(2) ADASYN divides minority class data samples according to
learning difficulty and employs a weighted distribution. A
smaller subset of the data in a group serves to generate a
majority sample, which is a more challenging set to grasp

9).

(3) SMOTE uses KNN to pre-synthesize estimates on the minor-
ity data [4].

(4) Borderline-SMOTE applies SMOTE to data on the borderline
of the data samples frequently misclassified as demographic
clusters [8].

The undersampling methods are as follows: Random Undersam-
pling (RUS), Tomek Link (Tomek), Edited Nearest Neighbors (ENN),
and Repeated Edited Nearest Neighbors (RENN).

(1) RUS is the earliest technique since its inception for under-
sampling. By doing so, the random sample is diminished to
encompass the majority group [21].

(2) Tomek evals two data les as p lly related if
they are adjacent and of distinct data typrs Error-containing
(Error data) or noisy (Noise data) data, as well as samples
from the majority of data categories, are eliminated [24].

(3) ENN was applied to every sample that was evaluated by
KNN on the remaining sample data. Erroneously classified
segments of sample data are discarded. Additionally, the
corrected data set comprises the remaining samples [26].

(4) RENN is the iterative application of ENN until the elimi-
nation of the untrainable data set no longer has an impact
[26]).

Hybrid resampling methods, which combine and pair undersam-
pling of majority data and oversampling of minority data, were
utilized to increase the population of minority groups while de-
creasing the population of majority data.

2.2 Classifiers

The study applied four machine learning classification methods,
namely Decision Tree, Naive Bayes, Randnm Forest, and XGBoost,
to develop models for p d medical data. The
performance of the models was evaluated using the Area Under
the Curve (AUC) measure, as defined by [11, 19].

The Decision Tree algorithm is a powerful tool for tackling
classification problems. Krawczyk et al. [14] applied Decision Trees
to detect data with imbal, istics, a promi trait
in actual datasets. In addition, Sanz et al. [23] deployed Decision
Trees on 11 datasets to successfully solve the issue of lmbalanced
data across several categories, yielding p g exp 1
o [20].

dical science d; were more ptible to the problem of
data imbalance than those of academic fields. A review of several
prior studies led us to the conclusion that they had addressed the
issue at hand, such as the diagnosis of lung cancer [13], genetic
material identification [10], medical adverse effects [22], and so
forth.

The oversampling methods were as follows Random Oversam-

Naive Bayes, as studied by Yap et al. [28], did a comparative in-
vestigation of machine learning algorithms to determine the most
effective technique for managing imbalanced datasets. In their study,
Bhandari et al. [2] applied the Naive Bayes algorithm to evaluate
datasets with a high number of dimensions and imbalanced data.
They demonstrated the usefulness of Naive Bayes in reliably rec-

pling (ROS), Adaptive Synthetic S g (ADASYN), Synthetic Mi-
nority Over-sampling Technlque (SMOTE) and BotdexlmevSMO'l'E

(1) ROS is an early data analysis technique that involves the
random addition of minority class samples to the data [1].

47

g different pop within these datasets. Moreover,

Naive Bayes is widely seen in the literature while dealing with the
lassifi of medical h data [11].

The Random Forest technique, introduced by Wu et al. [27), has

proven to be a flexible and successful solution for text classification
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tasks that deal with imbalanced data. Khushi et al. [13] confirmed
its higher performance in a lung cancer diagnostic trial compared
to competing approaches. In their research work, Khabsa et al.
[12] suggested adopting Random Forest as a good strategy for
categorizing imbalanced data.

XGBoost, as noted by Papacharalampous et al. [19], demon-
strated great performance as compared to other tree-based classi-
fication algorithms when applied to rainfall datasets. Ogunleye et
al. [18] suggested the application of XGBoost for the diagnosis of

ICRSA 2024, September 12-14, 2024, Bangkok, Thailand

The at-risk group comprised patients who possessed significant
attributes, incduding raised blood p and protein in the urine,
headache, swollen tongue, blurred vision, pre-existing pregnancies

h ized by such symp patients aged 40 and above, a prior
diagnosis of’ pxeeclampsm, chromc illnesses including hypertenslon,
kidney disease, diab disorders, obesity, ab |

weight gain in comparison to pregnancy weight gain standards,
and fatigue. The patient became immediately classed into the risk
group in the event that any symptoms showing a sign of the normal

chronic renal sickness, offering additional proof of its useful in
dealing with diverse types of datasets.

3 Methodology
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Figure 1: The framework of methodology

Figure 1 presents the methods and steps of the methodology. The
purpose of this research was to find the appropriate resampling
method to deal with imbalanced data sets related to preeclampsia in

gnancy. These d: from the database of S Univer-
sl(y of Technology Hospital (SUTH) have three classes: the normal
group, the risk group, and the preeclampsia group. As indicated
by the data ratio, the distribution of the data in this set was un-
balanced. Hence, the risk of preeclampsia, as assessed by the four
chosen classifiers, can be predicted tk gh the impl of
data imbalance methods.

3.1 Data Pre-processing

Data preparation required various actions, including converting
the data into a suitable format for analysis, arranging the data for
inquiry, modifying data and addressing missing data.
The goal of the tests was to create models and determine the most
effective approach for efficiently addressing data imbalances. Sig-
nificant data items were acquired frorn patient histories, such as
pregnancy age, number of preg and i
headache, impaired vision, swol.len tongue, and general edema. The
information was separated into three independent groups: normal,
at-risk, and preeclampsia. Notably, to determine the danger group,
we carefully distinguished those normal pregnancy groups that
incorporate damaging material. A case of a mother enduring hyper-
tension without being diag d with preeclampsia is one

Her disease necessitates more regular monitoring by doctors com-
pared to a normal pregnancy, which supports her identification as
a high-risk person.

Tudi

y group were d
Then, the data transfa ion was conducted. We changed cate-
gorical data to numerical data to prepare the process of data balance.
This study utilized four sep g techniques: RUS,

Tomek, ENN, RENN, as well as four dlsunct oversampling tech-
niques: Borderline-SMOTE, ROS, ADASYN, SMOTE.

3.2 Classification and Evaluation

To assess the efficacy of our resampling approaches, we choose
four classification techniques: Decision Tree, Naive Bayes, Random
Forest, and XGBoost. We deployed each model using its default
parameter settings to preserve a uniform basis for comparison. The
study employed these algorithms to validate which method of data
unbalancing handling was suitable for imbalanced medical data.
This investigation implements the Area Under the Curve (AUC)
as a metric to assess the performance of the classifier. A relationship
between the True Positive Rate (TPR) and False Positive Rate, which
ranges from 0 to 1, is expressed by the area under the curve. Effec-
tiveness of the model i as the value approaches 1. AUC is
licable to model perfc luation in unbalanced data sets
[ll 19]. Furthermore, the effectiveness of the models is evaluated
through the utilization of recall, precision, and F1-score metrics.

4 Results

Naive Bayes, the tomek_adasyn had the best performance. These
are shown in Table 1, which produced the following superior values
for AUC, F1-score, Recall, and Precision: 0.7769, 0.6970, 0.7325, and
0.7564, respectively.

Decision Tree, the renn_smote had the best performance in AUC
and Precision, enn_adasyn. The renn_adasyn had the best perfor-
mance in Fl-score and Recall. These are shown in Table 2, which
resulted in the following more effective values for AUC, Fl-score,
Recall, and Precision: 0.9749, 0.9688, 0.9722, and 0.9697, respectively.

Random Forest, the tomek_smote had the most significant per-
formance in AUC, Fl-score, and Recall. The tomek_adasyn had
the best result in Precision. These are shown in Table 3, which
produced the following superior values for AUC, F1-score, Recall,
and Precision: 0.9929, 0.9730, 0.9785, and 0.9706, respectively.

XGBoost, the tomek_ros had the best performance. These are
shown in Table 4, which produced the following superior values
for AUC, F1-score, Recall, and Precision: 1.0000, 0.9864, 0.9892, and
0.9841, respectively.
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Table 1: Results for Naive Bayes on test set

Paonrat Panjainam and Sarunya Kanjanawattana

Table 4: Results for XGBoost on test set

Model Technique AUC |Fl score| Recall |Precision Model | Technique AUC |Fl.score| Recall |Precision
lem_sdasyn 07398 0s6s2| 07183 n_sdasyn 09779
leon,_bordedine_smote | 0.7442| 0.6557, 06615 bordedine_smote | 0,988
lees,_sos 0.7342| 06887 06615 ros 09888
enn_smote 07442| 06587 06615 smote
[re=nn_adasyn 07398| 06692 07183 adasyn
enn_bordertine_smote: 7442] 06587 06613 Jre=nn_borderfine_smote
) 6557] e o5
Matee Doy Y 04803 XoBeost
02530 lras_borderine_smete
0.3977] 03982 jrus_ros
0.3880] 04049 frus_smote
ftomek_adasyn
ftomek:_borderkne_smote
ftomek:_ros
ftomek:_smot= 07423| o.6s6| 0.7075| 07136 Jtomek_smot= 09934| 09720] 0.9667| 09798

Table 2: Results for Decision Tree on test set

Model Technique AUC |Fl-score| Recall |Precision
leon_adasyn 09747| 09688| 09722 09683
jecn_borderine_smote | 0.9523|09380] 0.9420] 08444
leex_ros 09633| 09535| 09565| 09563
q;: smote 09633 09538 09465 0545

jr=mn_adasyn 09747] 09688
[renn_borderfine_smote 0 9633 9535)

e ros 05417 09223 |
" —y—y (X0 5710 05657]
DecisinTree [y adosyn 0.8801
s bordrine smcte | 0.8171] 0 z

fras ros 0.8769] 084

fras_smote 08164 0813¢

[tomek_adasyn Uyl uesu
ltomek_borderkne_smote | 0.9208| 09018

fromsak; sos 09689) 09398 6
ftomei:_smot= a5335] 0s190] 05237 0518

Table 3: Results for Random Forest on test set

0.9722, respectively. The optimum values for both AUC and Preci-
sion have been determined using the renn_smote data preparation
method, resulting in values of 0.9697 and 0.9749, respectively.

When processing data in the tomek_smote format, the best re-
sults for Random Forest AUC, Fl-score, and Recall were 0.9929,
0.9730, and 0.9785, respectively. Using the tomek_adasyn format,
the highest Precision value of 0.9706 was reached. The most suit-
able values for AUC, Fl-score, Recall, and Precision for XGBoost
were obtained using the tomek_ros data preparation approach, with
values of 1.0000, 0.9864, 0.9892, and 0.9841, respectively.

From this data, it can be claimed that the Naive Bayes classifier of-
fers pretty average results when compared with other models. Naive
Bayes performs well on data with independent features, which is
rare in medical datasets where qualities are highly correlated. Con-
versely, it performs well with Decision Tree, Random Forest, and
XGBoost models.

Decision Trees typically overfit owing to the over-memorization

5 Discussion

Based on the actual data developed by employing the Naive Bayes
classifier, it was concluded that the tomek_adasyn model offered
higher values for AUC, F1-score, Recall, and Precision: 0.7769,

0.6970, 0.7325, and 0.7564, respectively. In the instance of the deci-

sion tree, the renn_adasyn and enn_adasyn processes yielded the
largest feasible F1-score and Recall values, which were 0.9688 and
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Model Tecknique AuC_[F1 Recall |Precision - ” :
= o 0:3:; 09371] 05400 of g data, rendering them unable to accurately forecast in-
“Tb;dm_“ 09806| 0.95%6| 0.9565| 09593 coming input, especially when dealing with complex datasets or
lex=:_ros 09795| 0.95%6| 0.9365| 09393 lled tree depth. Random Forest, based on a bagging ensem-
lonn_smote 09818 00%%6| 09565 09493 1 Fitti ) h
= Oﬁl Tosiel a5 G 9% ble ue, reduces ov g and model

—g e —— 5793 0.95%| 09565| 09593 by training each tree on umque subsets of features and a random
o108 9780] 09431] 094%8] 06431 sample of data. XGBoost, a boosting ble techni
Random Forest  [[-SB0lE 9805 a%t 2458 both Decision Trees and Random Forest thanks to its supenor opti-
adasyn 9605 0.9120) 8|
e e 9534]0.9002] 0.9001 mxzahon approaches, regularization, and handling of challenging
fras_ros 0.9636]_0.9157]_ 09168 ly improving model predi » XGBoost gener-
fras_smote 09583] 09157 09168 ates decision trees sequentially, with each tree focused on repairing
fromek: adesyn Adea] ey o6 the faults d by the p g ones. This devel-
tomek_borderkne_smote | 0.98%9| 09592] 09615 %
S 098%9| 0.9603| 0.9640 opment makes it extremely accurate and robust.
|tomek:_smote 0.9929| 09730 0.9785| 05697|

6 Conclusion

This study tries to uncover the correct technique to handle the un-
equal cl.lmcal dataset related with preeclampsia. The study used four

t under g strategies (RUS, Tomek, ENN, RENN)
and four distinct oversamplmg approaches (ADASYN, SMOTE,
Borderline-SMOTE). An of the efficacy of four predic-

tion models was conducted: XGBoost, Decision Tree, Naive Bayes,
and Random Forest. Each model was assessed using AUC, Fl-score,
Recall, and Precision. The best AUC, F1-score, Recall, and Precision
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values for the dataset attained with tomek_ros and the XGBoost
model were 1.0000, 0.9864, 0.9892, and 0.9841, respectively.

H , some of the li of the study include; the use of
one dataset and therefore the study can only be applied narrowly.
As for the future studies, the authors suggest including different
dataset clarifying perfc with cro lid, testing and
using demographics or medical si different from the current
study. l( is necessary to denve new treatments on the algorithm level
like g or ble learning t. d bmses and

of data level app Thus, ive
of the data level and algorithm level might allow in the fuhue to
make a concerted system in the form of a combined approach. Thus,
future studies must broaden the variety of methods and data sets,
which will enhance the robustness and practicality of Li
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