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The medical preeclampsia dataset emphasizes the possession of very large data by a
majority class, compared to a minority class. This condition often leads to imbalanced
classes in the training datasets, which then affects model prediction negatively. However, a
standard classifier is likely to perform adequately on a balanced sample. Asides from the
imbalance class issue, another problem in the medical dataset is irrelevant features, which
cause poor model accuracy. In this case, several techniques such as SMOTE, as well as
random oversampling and undersampling (ROS and RUS) have been used as problem-
solving approaches, although they also contained some negative impacts, such as
overfitting, loss of information, and overlapping. Therefore, this study aims to propose a
model, which combines Features selection, a Hybrid Resampling technique, and a K-
Nearest Neighbor algorithm (FHR-KNN), to overcome this problem. This model was
implemented to the imbalanced datasets, with the average values of the accuracy, precision,
and recall of the FHR-KNN obtained at 99%, 95%, and 95%, which is 0.03% higher than
another classifier, respectively. Based on the results, the strategy implemented consistently
outperformed other methods and classifiers regarding performance levels. The accuracy of
individual classifiers showed the elevation of almost all classifier appropriateness.
Additionally, an increase was observed within the average accuracy indices FHR-KNN

algorithm compared to the traditional oversampling technique.

1. INTRODUCTION

The prediction of preeclampsia and its disorders has been
highly considered during the last two decades [1, 2].
Preeclampsia (PE) is one of the main contributors to global
maternal mortality [3]. Several models have reportedly been
implemented and validated in some modal studies [4]. Some
analytical experts have also applied different machine learning
algorithms, but without solving the problem of imbalanced
medical datasets. In this case, the majority class contains very
large data, compared to the minority group, leading to
imbalanced classes in the training datasets [5]. The binary and
multi-class datasets with imbalanced data problems [6] also
negatively affect model prediction [7], enable ineffective and
difficult learning [8], as well as wrongly predict the minority
class. This indicates that classifiers support and neglect the
majority and minority classes, respectively.

The class overlapping problem has reportedly increased the
difficulty of appropriately classifying the minority class
samples [9]. This shows that imbalanced dataset learning is
one of the challenging issues in data mining. In this model, the
acquisition of the best model assessment measures is almost
the main experimental issue [10]. However, a standard
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classifier is likely to have a very good performance on a
balanced dataset [11]. Traditional classification algorithms
also commonly assume the similarities of samples in each
class [12]. Asides from the imbalanced class issue, another
medical dataset problem is irrelevant features, which cause
reduced model accuracy. The problem-solving methods for
imbalanced data classification issues mainly prioritized the
algorithm and data levels [13, 14], although other perspectives
focus on three categories, namely data-level, algorithmic, and
ensemble learning-based solutions. Using the algorithm and
data-level approaches, the methods proposed for imbalanced
learning are broadly classified [15]. In all the described
categories, the data-level solution is also relatively popular due
to its easy implementation, feasibility, execution, high
accuracy, and proficiency [16].

At the data level, class imbalances are decreased or
increased by changing the sample distribution of the dataset,
toward the presentation of a balanced output. This technique
is easier to use than the algorithm-level approach, regarding
the amendment of the datasets before being trained by
classifiers [17]. The main benefit of the data-level method also
prioritizes its high and wide application, due to being non-
dependent on the classifier used. In addition, the option to pre-
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process all datasets and use them to train various classifiers is
also highly considered. This explains the importance of
resolving the imbalance of the medical dataset at the data level.
The technique (data level) also has three common approaches,
namely undersampling, oversampling, and hybrid sampling
(oversampling-undersampling). These approaches are quite
effective in different problem conditions [18], with the
combination of oversampling and undersampling capable of
achieving better classifier performance for the minority and
majority classes [19]. One of the most common data-level
algorithms is random oversampling, which equalizes the
distribution of information by randomly copying minority
samples. However, blind copying often leads to overfitting
[20]. The popular method of oversampling approach is also the
ROS (random oversampling) method, which randomly
duplicates the minority class samples to balance the class
distribution. This is the simplest oversampling method [21].
which simply copies minority instances to generate a balanced
training set. The drawback of ROS also generates the
overfitting of the classification model, whose problem is
effectively solved by SMOTE. Synthetic minority
oversampling technique (SMOTE) is used to generate artificial
samples, by replicating the dataset with the fewest and most
dominant information. This algorithm has a track record of
success in improving sample dispersion. However, it
frequently has unfavorable effects and even works against
itself when written. This is mostly due to the possession of
sample overlapping issues, which cause the formation of new
minority samples. These samples are observed to highly
consider the size and closeness of existing minority classes.

Based on Figure 1, noise, boundary, and overlapping
samples were the issues observed for the SMOTE-based
minority classes. However, SMOTE is found to easily
synthesize noise, boundary, and overlapping samples, as well
as overfitting. To balance the class distribution, the majority
of class samples are randomly removed using the RUS
(random under-sampling) method [22]. Using undersampling
techniques, the trading period of the learning model then
becomes shorter, although risks losing important data. From
these descriptions, Borderline SMOTE is suggested as a
solution to the issue. This is because the synthetic samples are
more conducive to learning, with the algorithm only
determining the border samples of the minority classes to
linearly interpolate. Meanwhile, the number of neighbours (k)
needs to be highly considered when determining the boundary
samples of the minority classes [23]. This suggests the patterns
by which the scientific determination and judgment of k and
the boundary samples need to be subsequently solved. The
Adaptive SMOTE, also manages the distribution of synthetic
minority samples, regarding the dataset distribution [24],
although the algorithm causes the synthesized specimens of
the majority classes [25]. This model combines a cluster-based
algorithm, with SMOTE completely considering the
characteristics among samples. This leads to the development
of new problems, such as the loss of classes and new boundary
samples [26].

As a data mining classifier, KNN is a popular approach for
classifying data. This is a simple and highly accurate approach,
which has been adequately used in several applications,
especially in the Healthcare field [27]. It is also appropriately
performed when selected features are employed [28].
Furthermore, KNN emphasizes the decisions made for k (the
number of neighbours) and d (the percentage of points to be
properly considered), which are crucial in addressing noise
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and outliers [29]. In this process, the selected k-value
negatively affected the performance of this classification
algorithm. This explains the need for an ideal set of k-instances,
to obtain accurate classification outputs. The selection should
also be very low, compared to the total number of objects in
the datasets [30]. To under-sample the majority of class
samples, KNN needs to be gradually and steadily used. In this
process, the overlapping rates of each sample are initially
detected, with those having the highest values removed for
undersampling. This was conducted to alleviate the class
imbalance problem [31]. The prediction phase of KNN is often
slow for a larger dataset and insufficient when applied to high
dimensional data, which are very sensitive to noisy and
missing information, as well as outliers. In this case, an urgent
issue prioritizes the patterns of enhancing model performance
in imbalanced medical data.
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Figure 1. Original and synthetic dataset

The feature level method is mostly used in the present
classification techniques, for high-dimensional imbalanced
datasets [32]. This shows that feature selection needs to be the
first and most important step of a model design and feature
selection using the filter method, Pearson Correlation
Coefficient can improve accuracy [33]. In this process,
automatic or manual selection depends on the characteristics
that are most important to a prediction variable or desired
outcome. This is based on the avoidance of irrelevant features,
which reduce model accuracy. Moreover, the benefits of the
selection process are numerous, including decrease overfitting
and increases precision. Feature selection also significantly
affects the performance level of a model. to obtain informative
and relevant parameters for the improvement of classification
efficiency [34]. This process is very helpful when
encountering an imbalanced dataset. In the classification
analysis, this problem often occurs when many more examples
are observed from some classes than others [35]. Therefore,
this study aims to develop a model, which combines Features
selection, a Hybrid Resampling technique, and a K-Nearest
Neighbor algorithm (FHR-KNN), to overcome the imbalanced
medical preeclampsia dataset of the majority and minority
classes.

The novel contribution of this article is the use of a hybrid
random over sampling (ROS) and random under sampling
(RUS) over K-Nearest Neighbor (FHR-KNN) to overcome the
imbalanced majority and minority preeclampsia dataset.
Precision, recall, accuracy, and F-lscore are utilized to
evaluate the model.

The remaining sections of the paper are organized as
follows: The second section gives the materials and methods
utilized to overcome an imbalanced dataset. In Section 3, the
experiment analysis and evaluation of an imbalanced dataset
are presented, followed by a discussion. In Section 3, this
study is concluded.



2. MATERIALS AND METHODS
2.1 K-nearest neighbour (KNN)

In a standard KNN classifier, K is often developed using
cross-validation for a test sample and is frequently quite small
when a fixed value. This classifier aims to reduce the cost of
misclassification and is frequently used to construct
probability estimation. To develop a statistically stable KNN
classification strategy, the selection of the appropriate K for
any test samples is very crucial. Figure 2 is the training and
validation error rates using various K-values.

Error Rate K Value

Mean Error

Figure 2. Error rate graph

Based on Figure 2, the error increased with the elevation of
K and decreased when K is two. This condition is observed
due to the closeness of any training data point to itself. For
example, the model overfits the training data when K=1,
causing a high error rate on the validation set. This indicated
that the model performed poorly on the training and validation
sets despite the high k-value. Therefore, this k-value is the
ideal coefficient of the model, due to varying for different
datasets.

2.2 Proposed FHR-KNN

FHR KNN Method Data training Data testing
Testing process

Figure 3. Proposed model FHR-KNN

Figure 3 shows the FHR-KNN architectural system for
preeclampsia prediction, whose modelling performances are
gradually observed. The modeling system also contained
several steps, which were used to explain its operational
patterns. In this system, only 1 individual classifier was used,
namely KNN.

Based on Figure 2, feature selection was initially performed
using matrix correlation to select irrelevant characteristics.
This was accompanied by the use of the resampling technique
and the operation of the FHR-KNN algorithm.

Algorithm FHR-KNN
1. Input: Imbalanced Dataset
2. Load the dataset (Dx) for pre-processing
3. Data Pre-processing:
a. Feature selection processing
A transformed dataset (Dx) with selected features is
obtained.
b. Resampling technique processing
Apply (Dx) on the Hybrid resampling technique
4. Output: Balanced dataset
Determine the & nearest neighbors;
6. Develop the hybrid pre-processing model: Feature
selection and HR-KNN.
7. Classification result

(9]

2.3 Performance evaluation

In machine learning, the classifier is evaluated by a
confusion matrix [36]. This emphasizes the use of precision,
recall, F1-score, and accuracy to evaluate the performance of
the model. Accuracy prioritizes the appropriate categorization
of a classifier in a two-class issue, namely normal and
abnormal. Meanwhile, the Fl-score is used to evaluate the
investigation outputs.

Precision is defined as the proportion of appropriately
identified positive samples (True Positive) to the total number
of accurate or inaccurate classified affirmative specimens. For
recall, the proportion of Positive samples is often identified
from all the possible affirmative predictions considered. This
method measures the level to which the model is able to
identify positive samples. In this case, the more positive
samples are identified, the higher the recall values. In addition,
F1-score is the weighted average of precision and recall, with
accuracy being the most intuitive performance technique. It
(accuracy) is also a ratio of appropriately predicted
observation to the total observation. There are several
preferred methods for scale the performance of the
classification. These calculations are calculated using the
confusion matrix. The most preferred metrics are Precision,
Recall and Accuracy [37, 38].

Accuracy
4 TP+ TN )
ey =Tp Y FP+ FN + TN
Precision
Precisi TP @)
recision = TP L FP
Recall
Recall i 3)
CAt = TP Y FN

The distribution of imbalanced class is shown in Figure 4.
Blue color depicts chronic hypertension represented with class
number 1. While, orange color depicts hypertension in
pregnancy represented with class number 2. Furthermore,



green color depicts preeclampsia represented with class
number 3. Red color depict severe preeclampsia represented
with class number 4. Then, purple color depicts superimposed
preeclampsia represented with class number 5. Finally, brown
color depicts healthy pregnant women represented with class
number 6. This emphasized the data on Healthy Pregnant
Women (374), Preeclampsia (7), Pregnancy and Chronic
Hypertension (6 and 5), as well as Severe and Superimposed
Preeclampsia (5 each). Regarding this analysis, the
imbalanced dataset negatively affected the prediction of the
model and caused difficulties of an effective model learning.
The differences in the sum of data between classes also led to
the inability of the classification model to appropriately
predict the minority class. To overcome this condition, the
balancing of data through the SMOTE method was highly
necessary.

Counter({6: 374, 3: 7, 2: 6, 1: 5, 5: 5, 4: 5})
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Figure 4. Original data distribution
2.4 Experimental design

This analysis was divided into 4 experimental stages,
namely (1) Feature selection (2) The test with several machine
learning (ML) algorithms, which were selected based on the
several references having good performance, are shown in
Table 1 (3) The test with the random oversampling and
undersampling methods (ROS and RUS), NearMiss,
Borderline, and the SMOTE technique, and (4) The test with
the Hybrid method (oversampling-undersampling). Firstly, the
ML algorithm using the ensemble method (Bagging,
AdaBoost, and Random Forest) was tested to determine the
performance of each classifier. Secondly, testing was carried
out using the ROS, RUS, and SMOTE methods. Thirdly, the
analysis used the Hybrid method. At each experimental stage,
the verification of the ML algorithm was carried out to ensure
diagnostic prediction, whose performance was measured using
a confusion matrix. In this case, the results obtained were
analyzed to select an ML algorithm with good performance.
This algorithm emphasized the combination of Feature
selection, ROS, RUS, and FHR-KNN, which was used to
classify and predict imbalanced preeclampsia medical data.

3. RESULTS AND DISCUSSION
3.1 Dataset

We analyzed the data from a cohort of 402 pregnant women
between the years 2015 and 2019. The data that was originally
recorded in the handwritten pregnancy cohort book was
imported into an Excel datasheet. The fifteen features of a
cohort described in Table 1.
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Table 1. Feature of data pregnancy description from some

resources
No Features Description
; -
1 Maternal age The mother's age at the time of
delivery

Maternal arm
circumference (Lila)

3 Haemoglobin (Hb)

4 Systolic

5 Diastolic

6 Protein in urine

7 Parity

8 Birth intervals

9 Height (TB)

10 Weight (BB)

1 History of
preeclampsia

12 History of diabetes

13 History of
hypertension

14 Mean arterial

pressure (MAP)
15 Diagnosis

(Preeclampsia label)

The number of months between the
birth of the index child and the next
live delivery
Hb is a protein that transports
oxygen in red blood cells.
is the phase of the cardiac cycle in
which the heart muscles are
contracted
The relaxed condition of the heart
is the opposite phase in the cardiac
cycle.

A high level of proteins in the urine
The number of pregnancies with a
gestational age of 24 weeks or
more after childbirth
The number of months between the
index birth and the next live
delivery
Height of body
Weight of body
The mother of the patient suffered
from preeclampsia
The mother of the patient suffered
from diabetes
The mother of the patient suffered
from hypertension
A cardiac cycle's average arterial
pressure, including systole and
diastole
This is the target attribute to
classify

3.2 Data pre-processing

3.2.1 Feature selection
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Figure 5. Pearson’s ranking of several features

Feature Selection is the method of reducing the input
variable to your model by using only relevant data and getting
rid of noise in data. Correlation is a measure of the linear
relationship between two or more variables. Prediction of a



variable can be done using correlation. Initially, we selected
features using Pearson correlation to find out the strength of
the correlation between the two variables such as shown
Figure 5. Feature selection process is carried out based on
value Pearson's highest and get the best features selected based
on Pearson's score. Following is the formula for Pearson's
coefficient.

E[(X — px)(Y —
pX,Y) = [C 5;);3; )] @

Based on this formula, the p-value was between -1 and +1.
This indicated that the value closest to +1 and -1 showed the
presence of a strong positive and negative relationship
between X and 7, respectively. Meanwhile, the value closest
to 0 exhibited the absence of any relationship between X and
Y.

3.2.2 Resampling technique

Resampling is a preprocessing approach that balances the
distribution of an unbalanced dataset before it is sent to any
classifiers. Resampling methods are designed to change the
composition of a training data set for an imbalanced
classification task [39]. This approach is divided into three
categories, namely oversampling, undersampling, and hybrid
sampling (oversampling-undersampling). In this case,
undersampling is the commonly used resampling technique,
which randomly selects and integrates a majority class sample
into a minority group, leading to the formulation of a new
training dataset. However, oversampling often increases the
minority class samples toward the level of the other majority
groups by random duplication [40]. Random undersampling is
also used to generate the random subsamples of majority class
instances [41] This subsequently shows that undersampling is
a method that randomly selects and integrates a majority class
sample into a minority group, leading to the formulation of a
new training dataset. The simplest implementation of ROS is
to duplicate random records from the minority class, which
can cause overfitting. In RUS, the simplest technique involves
removing random records from the majority class, which can
cause loss of information.

The experiment was also carried out by applying the ROS
method to the dataset, to develop a replication of the minority
data. This indicated the development of synthetic data, which
were used to duplicate minor information.
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Figure 6. Data distribution after feature selection

According to Figure 6, the distribution of data between the
minority and majority classes was balanced through the values
of healthy pregnant women, preeclampsia, pregnancy and
chronic hypertension, as well as severe and superimposed

preeclampsia after feature selection. this emphasized the data
on healthy pregnant women (93.035%), chronic hypertension
(1.244%) preeclampsia (1.741%), hypertension in pregnancy
(1.493%), superimposed preeclampsia (1.244%) and severe
preeclampsia (1.244%).
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Figure 7. Data augmentation of ROS

Based on Figure 7, the data were observed in an imbalanced
condition after ROS. This emphasized the data on healthy
pregnant women (74.378%), preeclampsia (74.378%),
pregnancy (74.378%), and chronic hypertension (74.378%),
as well as severe and superimposed preeclampsia (74.378%).
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Figure 8. Data augmentation of RUS

Based on Figure 8, the data were observed in an imbalanced
condition after RUS. This emphasized the data on healthy
pregnant women (1.244%), preeclampsia (1.493%),
pregnancy (1.741%), and chronic hypertension (1.741%), as
well as severe and superimposed preeclampsia (1.741%).
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Figure 9. Data augmentation of hybrid resampling
Based on Figure 9 hybrid resampling techniques were used
to balance the distribution of data in the minority and majority

classes, at 93.035%. Compared to the ROS results which have
an average of 74.378% for all types, it can be seen that there



is an increase in the percentage of samples of 18.657%.
whereas when compared with the results of RUS which has
an average decrease in sample to 1.592% for all types of
sample data, there is an increase in sample of around
91.443%.

3.3 Comparative experiment of verification

3.3.1 Traditional
threshold

The variance threshold method is method that eliminates
that feature has a variance below a certain limit. This
experiment has done using difference variance threshold to
exam perform of classifier before using our proposed method.
Experiment result shown at Table 2.

classifier comparison using variance

Table 2. Classifier performance using variance threshold

Algorithm 05 07 08 09 095 0.9
Decision Tree 090 094 095 095 095 0.95
Random Forest 090 090 090 090 0.90 0.90
Gradient Boosting 094 094 094 094 094 094
Linear SVM 094 097 097 097 097 0.96
Ada Boost 093 093 093 093 095 095
Logistic 093 096 098 095 098 0.99
KNN 094 095 094 094 094 094
Radial SVM 095 096 096 097 097 0.97

From looking at these results, some classifiers get a
possibility of a slight improvement in accuracy after removing
features that are correlated. The improvement in accuracy can
be illustrated with graphs such as depicted in Figure 8.

3.3.2 Traditional resampling algorithms comparison

To show the superiority of the proposed method, a
comparative and verification analysis was conducted with five
traditional oversampling algorithms. Using oversampling
methods such as ROS, RUS, NearMiss, BorderLine, and
SMOTE to address the imbalanced learning issue, various
study areas were subsequently observed, such as Table 3.

Table 3. Traditional resampling comparison

Balancing Under/ Over Accuracy Precision Recall
Algorithm Sampling
ROS Over Sampling 0.61 0.67 0.61
RUS under-sampling 0.67 0.72 0.67
Borderline  Over Sampling 0.96 0.58 0.58
SMOTE Over Sampling 0.96 0.56 0.58
Propose FHR-KNN 0.99 0.95 0.95

The average values of the Accuracy indexes of the ROS and
RUS are 0.64%, while Borderline and SMOTE are 0.96% and
our algoritm acchived 0.99%. It is concluded that the
imbalance of the data greatly affects the classification
performance of the balancing algoritm. The KNN method has
the best classification effect on the datasets after the
oversampling of FHR-KNN algorithm, and improves the
robustness of the algorithm. From the horizontal comparison
that the Precision and Recall indexes of the propose method is
better than another. It can be seen that feature selection, FHR-
KNN is another method to solve the imbalance problem of
sample classes.

3.3.3 Another ensemble method comparison
This analysis emphasized the use of three ensemble
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methods on the medical preeclampsia datasets, namely
Accuracy, Precision, and Recall. These methods subsequently
used four integration techniques, namely Bagging, Adaboost,
SGB, and Random Forest (RF). Table 4 shows the
classification of the ensemble methods on the dataset.

Table 4. Performance evaluation comparative with an

ensemble
Algorithm  Accuracy Precision Recall
Bagging 0.99 0.92 0.92
RF 0.99 0.75 0.83
Adaboost 0.95 0.49 0.50
SGB 0.973 0.603 0.991
FHR-KNN 0.99 0.95 0.95

The accuracy of individual classifiers and ensemble
learning with hybrid-KNN are shown in Table 5. This
indicated an increase in almost all classifier accuracy. From
the algorithm comparison with an ensemble classifier, the
Accuracy of Bagging, RF, and FHR-KNN are the same (0.99),
while the Precision of FHR-KNN is higher (0.95) than another,
but for the Recall of FHR-KNN is a little lower than SGB.

Table 5. Performance evaluation

Algorithm Accuracy Precision Recall
ROS 0.61 0.67 0.61
RUS 0.67 0.72 0.67

Bagging 0.99 0.92 0.92

Borderline 0.96 0.58 0.58

RF 0.99 0.75 0.83
SMOTE 0.96 0.56 0.58
FHR-KNN 0.99 0.95 0.95

According to several previous reports [5, 6, 42], some
classifiers obtained lower results than the proposed Hybrid-
KNN model. From the algorithm comparison, the Accuracy of
Bagging, RF, and FHR-KNN are equal (0.99) and better than
another algorithm, but for Precision and Recall (0.95), FHR-
KNN is higher. For Table 5, the prediction of preeclampsia
showed the elevation of precision, recall, and accuracy, using
several FHR-KNN algorithms.

3.3.4 Algorithm and hyperparameters

In this research we consider a KNN algorithm as
implemented in scikitlearn. The parameter ranges that are
considered are taken from the automatic machine learning
package auto-sklearn. The ranges for KNN can be found in
Table 6.

Table 6. Hyperparameter ranges for FHR-KNN

Hyperparameter Description Value
A number of neighbors to use
n_neighbors by default for kneighbors 2
queries.
. Weight function used in .
weights - uniform
prediction
The algorithm used to
algorithm compute the nearest Auto
neighbors
Metric to use for distance
Metric computation Minkowski

sampling strategy Sampling information to all

resample the data set




4. CONCLUSIONS

Based on the problem of medical data imbalance, this study
proposed the Feature Hybrid Resampling KNN (FHR-KNN)
algorithm. In this framework, the contained feature selection
method was used to initially select high analytical
characteristics. This was accompanied by the use of the Hybrid
Resampling method, to balance the datasets for synthesis.
These balanced datasets were then classified using KNN.
Additionally, the experiment was initially carried out by
feature selection and KNN, which optimized the k-value,
indicating that the FHR-KNN algorithm was significantly
better than some traditional and related resampling models.

In the future, different strategies such as algorithm types
(cost-sensitive and active learning), will be discussed to solve
the classification problem of multi-class correlation data. In
particular, for the medical information of preeclampsia with
imbalance.
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NOMENCLATURE

TP
TN
FP
FN
Dx

True positive
True Negative
False Positive
False Negative
Dataset

Greek symbols

m=333%

is the mean of X

is the mean of Y

is the standard deviation of X

is the standard deviation of Y

p (rho) is population correlation coefficient
is the expectation





