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Abstract

The quality of data is determined by several things, namely the completeness and balance data. The heart disease dataset from the
University of California, Irvine (UCI) has missing and imbalanced data, which if it is not handled, can lead to a lack of accuracy in
the prediction model and errors in interpreting the data. To overcome missing data, several methods can be used, one of which is
data imputation. Attributes with missing data of 5% or less are handled using imputation methods such as Mean, Mode, and MICE.
Attributes with numeric types are handled by Mean. Attributes with categorical types are imputed by Mode. Attributes with more than
5% missing data are imputed using the MICE method. Imbalanced data can be handled by applying an oversampling method using
the Adaptive Synthetic Sampling Approach (ADASYN). The effect of imputing missing data and addressing class imbalance on heart
disease classification performance was tested using Random Forest, Support Vector Machine (SVM), and Multi-Layer Perceptron
(MLP) algorithms. After handling missing values and data imbalance, improvements were observed in the classification results. The
accuracy, precision, recall, and F1-score showed excellent performance, above 90% on several classification methods. The results
indicate that handling missing and imbalanced data through Mean, Mode, MICE, and ADASYN positively impacts the performance of

classifiers on the UCI heart disease dataset.
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1. INTRODUCTION

Automatic classification using machine learning has been widely
developed today, and one of the benefits is for the classification
of heart disease (Bayuaji et al., 2024). To get robust classifi-
cation results, the data should have good quality (Tan, 2021).
However, the numerous low-quality data can affect the classifi-
cation performance (Osisanwo et al., 2017). Some common
problems that affect data quality are missing data and imbal-
anced data. These issues are also present in the UCI heart
disease dataset, which contains both missing values and class
imbalance.

Missing data is a problem that refers to the loss of a value
content in an attribute or several attributes, causing incomplete
data (Liu et al., 2016). Missing data is usually denoted by NaNs,
blank spaces, undefined, question marks, or zeros (Hasan et al.,
2021). The causes of missing data are errors in writing data,
errors in data collection, and inadequate tools used (Pedersen
et al., 2017). In contrast, missing data issues can occur in more
than one attribute. The imbalanced data problem typically

involves one attribute, namely the class label used to categorize
the data into multiple classes (Ali et al., 2019). In the UCI heart
disease dataset, the data is labeled into two classes, namely the
healthy class and the unhealthy class. The missing data and
imbalanced data can reduce classification performance, so it
need to be handled before applying the classification method
(Chen et al., 2017; Desiani et al., 2021b).

Missing data can be handled using two different imputation
methods: single imputation and multiple imputation (Pedersen
et al., 2017). Single imputation is used to find a single value to
replace the contents of all data on one attribute with that one
value (Pauzi et al., 2021). Some techniques in single imputation
are the Mean and Mode (Lee et al., 2022). Mean imputation
works by calculating the average of an attribute with missing
values and replacing the missing entries with that mean value
(Desiani et al., 2021a). Mean imputation is used for numeric
attributes, while for nominal attributes it uses Mode imputation
(Wuetal.,, 2019). Mode imputation is a technique that replaces
missing values with the most frequently occurring value for an
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attribute (Misir and Samanta, 2017). Desiani et al. (2021a)
used missing data imputation by combining Mean, Mode im-
putation, and ANN to classify heart disease using Multi-Layer
Perceptron (MLP). The study indicates that the application of
Mean, mode, and ANN can increase accuracy by 13%; however,
the resulting accuracy is still below 95%. Seliem (2022) applied
Mean imputation to the classification of heart disease using
Naive Bayes. The application of Mean imputation can increase
accuracy by 3% however, the accuracy obtained is only 85%.

According to Pauzi et al. (2021), Gabr et al. (2023), and
Lee et al. (2022), single imputation should be used on missing
data less than 5%. If a single imputation is used on the attribute
that has more than 5% missing data, it can cause bias in the
values used, which can lead to incorrect interpretation of the
data. For attributes with more than 5% missing data, the use of
multiple imputation is recommended (Desiani et al., 2021a;
Lee et al., 2022). Multiple imputation overcomes missing data
by generating several plausible values for each missing entry,
forming multiple complete datasets for analysis (Pedersen et al.,
2017). The use of multiple imputed values helps reduce the
risk of bias in statistical estimates (Austin et al., 2021). Mul-
tiple Imputation by Chained Equations (MICE) is one of the
techniques commonly used in multiple imputation (Jéiger et al.,
2021). MICE is used to impute missing data with various
values using a regression model approach (Khan and Hoque,
2020). Mera-Gaona et al. (2021) applied MICE to a heart
disease dataset by increasing the accuracy by 8%, however, the
accuracy obtained was only 85.8%. Wu et al. (2019) applied
MICE to breast cancer datasets and increased accuracy by 4%
in Random Forest classification. From these studies, it can be
seen that MICE imputation can improve classification accu-
racy on a dataset. However, these studies have not dealt with
imbalanced data.

Classification quality is also affected by imbalanced data.
Imbalanced data can reduce classification performance, espe-
cially in learning patterns in minority classes (Ebenuwa et al.,
2019). Undersampling and oversampling are techniques that
can be used for imbalanced data handling (Thabtah et al., 2020).
Undersampling reduces the majority class by removing some of
its data, aiming to balance it with the minority class (Wongvo-
rachan et al., 2023). Oversampling is the opposite of under-
sampling, where additional data is randomly generated for the
minority class to make its size comparable to that of the major-
ity class (Ali et al., 2019).

Some studies suggest using oversampling rather than un-
dersampling for imbalanced data handling. Oversampling has
a greater chance of losing important information due to the
deletion of some data. This problem can reduce classifica-
tion performance (Aditsania and Saonard, 2017; Ali et al.,
2019; Douzas et al., 2018; Ramadhan, 2021). The Adaptive
Synthetic Sampling Approach (ADASYN) is an oversampling
method used to address class imbalance by generating synthetic
samples for the minority class. The ADASYN works by us-
ing the K-nearest neighbors of minority instances to create
new samples, allowing the minority class size to approach that
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of the majority class (Guan et al., 2023). Ramadhan (2021)
applied ADASYN to diabetes mellitus disease datasets with
Support Vector Machine (SVM) classification, increasing accu-
racy by 4%. Kurniawati et al. (2018) applied ADASYN to the
cervical cancer dataset using the K-Nearest Neighbor (KNN)
classification, showing that there was an increase in accuracy
of 15.64%. However, these studies have not involved missing
data imputation.

This study combines missing data imputation and imbal-
anced data handling on the UCI heart disease dataset. This
study performs single imputation using the Mean and Mode
for attributes where missing data is less than or equal to 5%.
For numeric attributes, the study used Mean imputation, while
for nominal attributes, the study used Mode imputation. For
data imputation on attributes with more than 5% missing data,
both numeric and nominal, this study uses the MICE method.
For imbalanced data Handling, the study applies the ADASYN
method. The ADASYN is used to increase the number of
samples in the minority class of the label attribute until it ap-
proximates the majority class, resulting in a more balanced
class distribution. The dataset generated from missing data im-
putation and imbalanced data handling is used in heart disease
qualification using several classification methods. The classifi-
cation methods applied are Random Forest, Support Vector
Machine (SVM), and Multi-Layer Perceptron (MLP). The re-
sults of this study are evaluated using accuracy, precision, recall,
and F1-score obtained from each classification method. These
performance results are to see how far missing data imputa-
tion and imbalanced data handling can affect the performance
results of heart disease classification.

2. EXPERIMENTAL SECTION
2.1 Materials

This study uses secondary data consisting of records from heart
disease patients, which can be accessed through the page (Kag-
gle dataset). This dataset contains 10 diagnostic attributes and
one target attribute (num) that determines whether a patient
has heart disease. The attributes used to diagnose heart dis-
ease are patient age (age), patient gender (sex), chest pain type
(¢p), blood pressure (irestbps), cholesterol (chol), blood sugar (fbs),
electrocardiography results (restecg), maximum heart rate (tha-
lach), chest pain due to exercise (exang), depression caused by
exercise relative to rest (oldpeak), and num is the attribute that
has a diagnosis of heart disease, a class containing healthy and
sick categories. The explanation of each attribute is shown in

Table 1.

2.2 Method

The workflow of the proposed method in this study is shown
in Figure 1. Based on Figure 1, this study has several stages,
namely missing data imputation using Mode for attributes that
have a missing data rate of 5% or less, and MICE imputation
for attributes that have a missing data more than 5%. The new
dataset resulting from imputation will be treated for imbalanced
data using the ADASYN method. The new dataset will be
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Table 1. The Attributes and Information of The Dataset
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Attribute Name Description Amount of Missing Data  Missing Data (%) Data Type
Age Year - - Numerical
Sex 0 = female, 1 = male - - Nominal
1 = typical angina, 2 = atypical
Chest pain (Cp) angina, 8 = non-anginal pain, 4 = - - Nominal
asymptomatic
Blood pressure at .
mmHg 33 7.22 Numerical
rest (trestbps)
a mg/dl 26 5 Numerical
Blood sugar (fbs) Blood sugar >1?Omg/dl, 1= 54 11.82 Nominal
correct, 0 = wrong
Elect di h 0 = normal, 1 = has ST - T wave,
cetrocardiograp 2 = indicates left ventricular 2 0.44 Nominal
result (restecg)
hypertrophy
Heart rate (thalach) 33 7.22 Numerical
Exercise angina 0=no, 1 = yes 33 7.22 Nominal
(exang)
Exercise-induced .
(oldpeak) 36 7.87 Numerical
Diagnosis of heart 0 = healthy, 1 = sick - - Nominal

disease (num)

examined for its effect on classification performance. The
classification methods applied in this study are Random Forest,
Support Vector Machine (SVM), and Multi-Layer Perceptron
(MLP).

Heart Disease
Dataset

Missing Data
Imputation

If missing data =< 5%

I

Mode Imputation for
Nominal Attribute

If missing data> 5%

Mean Imputation for

Numeric Attribute MICE Imputation

New value data

’ Imbalaced Data Handling with ADASYN for class Attribute ‘

Heart Disease Dataset

Classfication with Random Forest, Support Vector
Machine (SVM, Multi Layer Perceptron (MLP)

Performance Evaluation

Figure 1. The Stages in the Study for MICE and ADASYN on
the Heart Disease Dataset

New value data

New value data

Heart Disease
Dataset

2.3 Missing Data Imputation
Mean imputation is used on data that has less than or equal
to 5% missing data by using the average of these attributes for
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numeric attributes. Mean imputation uses Equation 1.

B 1 n
A== ;Aij (1)

where A represents the mean (average) value of the data.
Nominal attributes with less than 5% missing data are imputed
using the Mode. For the attributes that have more than 5%
missing data, both numeric and nominal attributes use MICE
Imputation. The steps of the MICE method are (Mera-Gaona
etal., 2021):

1. Determine the base imputation for each missing value
in the dataset by using the Mean value obtained from
equation 1, and after that, the missing values for one
feature are rearranged.

2. Build a prediction model using a regression equation
where the missing value is used as the dependent variable,
while other attributes are used as independent variables.
The form of the multiple linear regression equation is
shown in Equation 2.

TZQ()+01A1+92/42+"-+9n/4n (2)

To get 6, form the normal equation as in Equation 3.
P N
0=(4T4) AT 3)
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The value of A is obtained from Equation 4.

1 Ay A Ay,
1 Ao Ao Aoy,

A=1. . . . “4)
1 Aml AmQ Amn

The vector T contains the values of the dependent vari-
able, as in Equation 5.

T=]|. )
T
The coeflicients of the vector  are obtained from Equa-
tion 0.

= |02 6)

The steps to form a Regression Equation are:
a. Calculate A7 A4 as in Equation 7.

" 2,4 2 Aig 2 Ain
=1 =1 =1
m m 9 m m
oA AR X Andy 2 Aitdin
=1 /=1 i=1 =1
m m m 9 mn
AT 4 = | 24 XAt A% A,
= = =1 =
m m m m 9
Z/lin Z/lin/iil Z/lin/ii‘l Z/l,',,
Li=1 i=1 i=1 i=1 d
(7)
b. Calculate AT as in Equation 8.
r m 7
2T
i=1
m
D AnT;
=i
m
ATT = | ) AT (8)
=i

m

ZAin,Ti

Li=1

where T represents the predicted value of the dependent
variable, A denotes the matrix of the independent vari-
able, T' denotes the dependent variable, § denotes the
coeflicient vector that needs to be estimated, 8 intercept,
and 61 denotes the regression coeflicient for A.
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3. Replace the missing values using the predictions calcu-
lated by the model. Repeat each step until all features
that have missing values are filled or, in other words, a
complete dataset is obtained.

4. Evaluate the results of MICE imputation by calculating
the Mean Absolute Error (MAE) value. MAE is used
to see the quality of imputation results by calculating
between the imputed value and the true value (Mera-
Gaona et al., 2021). The MAE value can be calculated
with the Equation 9.

MAE:%Z@—Y}\ 9)
i=1

where T} denotes the i-th predicted values, T} represents
the i-th actual data, and » is the number of data.

Table 2. MAE Results Based on Iteration on MICE Method for
Missing Data Imputation

Iteration trestbps thalach MAE
1 135.57 143.89 6.93
2 135.4178 140.852  7.8964
3 137.4862 141.6579 1.9091
4 138.2092 142.08 0.4107
5 138.485 142.2585 0.1394
6 138.4958 142.2664  0.0095
7 138.4958 142.2664  0.0093
8 138.4877 142.2679 0.0019
9 138.498 142.2682  0.0003
10 138.498 142.2682 0.00006

2.4 Imbalanced Data Handling
Imbalanced data handling with the ADASYN method works
with the following steps (Ramadhan, 2021):
1. Calculate the amount of synthesized data to be created
using Equation 10.

G=(m—m) X0 (10)
where G is the number of data syntheses to be made, and
B is an equilibrium factor randomly selected from the
range [0, 1].

2. Calculate the i-th ratio with Equation 11

(11)

= —

K

where r; is the i-th ratio, A; represents the number of
majority class samples among the K nearest neighbors,
and K denotes the number of nearest neighbors.
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8. Normalize the ratio to get the density distribution using
Equation 12.

i

U

(12)

r =

i
i=1

where 7; is the density distribution, and the value 7, which
starts from 1 to as many as the amount of data in the
minority class.

4. Determine the amount of synthesized data to generate
for each minority data using Equation 13.

g = 7 X G (13)
where g; denotes the amount of synthesized data from
the minority class, 7; senotes the density distribution, and
G denotes the amount of synthesized data to be created.

5. Create new synthesis data using Equation 14.

si=a; + (@, —a;) XA (14)

where s; denotes new synthesized data, x; denotes the
minority class data included in the loop, a, is the data
selected based on the nearest neighbor, A indicates the
ratio between the amount of synthesized data to be cre-
ated and the actual number of minority class data filled
with a random number from 0 to 1.

2.5 Analysis and Evaluation

The testing process is conducted using the entire dataset. Test-
ing in this study consists of statistical testing and classification
performance testing. Statistical testing includes the Shapiro-
Wilk Test, Komogorov-Smirnov Test, and Levene’s Test. For
classification performance testing, the study uses classification
methods, namely Random Forest, Support Vector Machine
(SVM), and Multi-Layer Perceptron (MLP). To evaluate the
classification performance, the dataset is split into training and
testing data. In this study, the dataset is divided into 70% train-
ing data and 80% testing data. It means the number of training
data becomes 320 data while the testing data becomes 187 data.
To evaluate classification performance after handling missing
and imbalanced data, this study uses evaluation metrics such as
accuracy, precision, recall, and F1-score. Accuracy represents
the percentage of data correctly classified during the testing
phase across the entire dataset (De Diego et al., 2022). Preci-
sion is the ratio of correctly predicted positive observations to
the total predicted positives, while recall is the ratio of correctly
predicted positives to all actual positives (Desiani et al., 2024).
F1-score is the harmonic mean of precision and recall which
is used to assess the performance of a classification model in
a balanced manner (Gabr et al., 2023). The metrics of accu-
racy, precision, recall, and F1-score were computed based on
Equations 15, 16, 17, and 18 (Salamah et al., 2024).
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P True T N True

Accuracy = x 100% (15)
Y PTruc + NFalsc + PFalsc + NTruc

PTrue
Precision = ———— x 100% (16)
P False T P True
PTrue
Recall = x 100% (17)
P True T N False
Precisi Recall
F1-Score = 9 x oo O X JCAL 1 (18)

Precision + Recall

where, P denotes the correctly predicted positive cases
(True Positive). Pg,, denotes incorrectly predicted positive
cases (False Positive). N denotes the correctly predicted
negative cases (True Negative). Ny, denotes incorrectly pre-
dicted negative cases (False Negative).
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After ADASYN

Before ADASYN
Imbalance Data Handling

m Label 0 (Healthy) mLabel 1 (Sick)

Figure 2. The Comparison of the Amount of Data Before and
After the ADASYN Process on Imbalanced Data Handling

3. RESULT'S AND DISCUSSION

3.1 Missing Data Imputation
3.1.1 Missing Data Imputation on Features with Missing
Data Less Than or Equal to 5%

Based on Table 1, the attributes restecg and chol are identified
as having missing data of 5% or less. The restecg is a nominal
attribute, and it is sufficient to use Mode imputation. There
are three classes in the restecg attribute: class O denotes nor-
mal results, class 1 indicates wave abnormalities, and class 2
reflects left ventricular hypertrophy. Most entries in the restecg
attribute belong to class 0, so missing values are replaced with
0. The chol attribute is a numeric variable, so it is sufficient to
use Mean imputation. The average (mean) result of the data
in the chol attribute is 200.05, so the missing data in each row
in the chol attribute is replaced with the value.
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Boxplot of age - Before vs After Imbalanced Handling
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Distribution of Target Variable (num): Before vs After
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Figure 3. Comparison of Data Distributions Before and After Handling Imbalanced Data (a), Age Variable Num Variable (b)

Table 3. Statistical Test Results before and after Imputation Missing and Handling Data Imbalance

Shapiro-Wilk Test

Kolmogorov-Smirnov Test  Levene’s Test

Variable p-Value (Before Imputation)  p-Value (After Imputation) p-Value p-Value
Age 0.01 0.01 1.00 1.00
Sex 0.00 0.00 1.00 1.00
Cp 0.00 0.00 1.00 1.00
trestbps 0.00 0.00 0.95 1.00
Chol 0.00 0.00 1.00 1.00
Fbs 0.00 0.00 0.15 1.00
restecg 0.00 0.00 1.00 1.00
thalach 0.00 0.01 1.00 1.00
exang 0.00 0.00 0.88 1.00
oldpeak 0.00 0.00 0.76 1.00
Num 0.00 0.00 1.00 1.00

3.1.2 Missing Data Imputation on Features with Missing
Data More Than 5%

Six attributes have more than 5% missing data, namely trestbps,
Jbs, thalach, exang, and oldpeak. The trestbps attribute has 33
missing data. The fbs attribute has the most missing data, 54
data with a percentage of 11.82%. The thalach and exang at-
tributes have 83 missing data. For missing data on the oldpeak
attribute, as much as 86 data.

The missing values will be replaced using the MICE im-
putation method, where at each iteration a regression will be
run between each attribute that has missing data. Each missing
value to be filled will be treated as a dependent variable, while
the other values will be treated as independent variables. So
that the equation will be Y = O+ 0141 +09A9 + ...+ 0sAs.
Ay, ..., Ag will be filled with independent variables, and a re-
placement value for the missing value will be generated. In
iteration 1, the value of trestbps (x1) is filled with 135.57 and
143.89 for thalach, but the MAE results are still not convergent,
so calculations need to be carried out for the next iteration using
a regression approach until the resulting MAE approaches zero.
In Table 2, it can be seen that in the 10th iteration, the MICE
results for both trestbps and thalach have converged. The tresibps
value produced is 138.4958 and the thalach value produced is

© 2025 The Authors.

142.2682 with MAE results approaching zero and converging.
Based on Table 2, it shows that at iteration 10, the MICE
imputation value no longer changes. The value difference
between the last iteration and the previous iteration is 0.00024
and close to 0. So, it can be concluded that the MICE iteration
stops and has reached a convergent value. In this case, if the
MALE value has converged, it means that the quality of the
imputation results is good and stable. The total amount of
data from the missing data imputation results is 457 data. The
obtained data is returned to the initial dataset. Thus, there is
no more missing data in the new dataset. After filling in the
missing data, the next step is handling the unbalanced data.

3.2 Imbalanced Data Handling

In the UCI heart disease dataset, the num attribute has two
data classes, namely 0 for the healthy category and 1 for the
sick category. Class of 0 has 247 data, while class of 1 has 210
data. Unbalanced data can result in classification performance
only focusing on the majority of data, so it needs to be handled
using the ADASYN method. In the handling process using
ADASYN, the data will be randomly divided into training data.
The training dataset shows a reduction in class 0 from 247 to

197 data, and in class 1 from 210 to 168 data. After ADASYN,
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the amount of data on the minority class has increased, and
it approaches the amount of data on the majority class. To
address the imbalance, class 1, as the minority class is increased
from 168 to 181 data. The result can be observed in Figure 1.

100

80

60

40

20 4

Performance (%)

SVM  MLP | RF

SVM | MLP | RF
After handling

SVM MLP

Before handling After handling missing After handling missing

missing and imbalance data imbalance data and imbalance data
data
® Accuracy M Precision i Recall mF1-Score

Figure 4. The Comparison Performance of Classification
Methods with Handling Missing Data Imputation and
Imbalanced Data Handling

Figure 2 shows an increase in class 1 after applying ADASYN.

The amount of data in class 1 (minority class) approximates
that of data in class O (majority class). The dataset has been
balanced, and classification on the heart disease dataset can be
executed. The new synthetic data generated by ADASYN for
handling imbalance is added to the original dataset. The result-
ing new dataset has no missing or imbalanced data issues. After
completing the missing data imputation and handling data im-
balance, classification is performed on the updated dataset to
evaluate the impact of these processes on heart disease clas-
sification. The amount of data used for classification is 378
data, with 10 attributes as input and 1 attribute for classes. The
classification process used 378 data samples consisting of 10
input attributes and 1 target class attribute.

100
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I

Recall
m Label 1 (Sick)

= (o))
(=] (=
I I

[\
(e}
1

Performance (%)

Accuracy Precision Fl-score

Label 0 (Healthy)

Figure 5. The Comparison Graph of Accuracy, Precision,
Recall, and F1-Score on Random Forest (RF) for Each Class
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3.3 Statistical Test on New Dataset

The distribution of data before and after missing data imputa-
tion and imbalance handling can be visualized using boxplots
and distribution plots. If there is no significant difference, it
means that the characteristics of each data are well maintained.
Figure 3 is an example of a boxplot for the age variable and the
distribution that occurs in the class variable.

Figure 3a shows that the age distribution is relatively sta-
ble after handling missing data and imbalanced data handling,
marked by an increase in the median and maximum range of
the data, which means that the age characteristics are main-
tained even though the data is balanced. Figure 3b demon-
strates that the method proposed in this study effectively bal-
ances the class proportions in the target variable, so there is no
longer a certain class dominance that can affect the modeling
results.

100
80 -
g 60
g
é 40 -
£
5 20 -
0
Accuracy Precicion Recall F1-Score
Label 0 (Healthy) ™ Label 1 (Sick)

Figure 6. The Comparison Graph of Accuracy, Precision,
Recall, and F1-Score on Multilayer Perceptron (MLP) for
Each Class

To evaluate the impact of applying missing data imputation
and data imbalance handling, the new dataset is compared with
the old dataset and tested using statistical tests, namely the
Shapiro-Wilk Test, Komogorov-Smirnov Test, and Levene’s
Test. These tests are used to see the character and distribution
of the new dataset, whether it is the same or produces a different
distribution and character from the original or old dataset. To
evaluate the impact of missing data imputation and imbalance
handling, a statistical test was performed by comparing the
results before and after these processes. The test results are
shown in Table 3.

Based on the results of statistical tests conducted using the
Shapiro-Wilk, Kolmogorov-Smirnov, and Levene tests, it was
found that the Shapiro-Wilk test indicated that most variables
were not normally distributed, both before and after imputa-
tion, as indicated by a p-value < 0.05. This indicates that a
non-parametric approach is more suitable for further analysis,
such as Random Forest, Support Vector Machine (SVM), and
Multi-Layer Perceptron (MLP). The Kolmogorov-Smirnov
test produced a p-value > 0.05 for all variables, indicating that
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Table 4. The Comparison of Performance Results of Several Studies for Missing Data Imputation and Imbalanced Data Handling

i e F1-
Author Missing Data Imbalancgd Pata Classification Acc (%) Pre (%) Rec(%)  score
Imputation handling methods %)
(Reddy et al, SMO - SMO 86.468 865  86.5 -
2021) Imputation
(Misir and Maximum Batch
Samanta, 2017) Likelihood ) Backpropagation 99.86 99.86 36.51 )
(Poolsawad et al ANN dan T-test
00 fd“ (: el attribute - ANN - 76.8 80.3 -
2012) .
selection
(Desiani et al., Mean, Mode,
2021a) ANN Imputation ) SVM 90 90 20 )
(%1 Khaldy zm(.l CMC ‘
Kambhampati, . - Random Forest ~ 85.71 97.56 50.11 -
. . Imputation
2016)
(Mamilla ct al, . SMOTE KNN 92 o1 91 91
2025)
ADASYN KNN 93 92 92 92
Mode, MICE - Random Forest ~ 80.83 803  80.3  80.3
Imputation
SVM 85.6 85.7 85.6 85.6
MLP 78.9 79 78.9 78.8
Proposed - ADASYN Random Forest 76.3 76.3 76.3 76.3
Method
SVM 77.1 77.1 77.1 77.1
MLP 77.9 77.9 77.9 77.9
Mode, MICE ADASYN Random Forest 97 975 975 97.1
Imputation
SVM 90.47 90.5 90.45 90.5
MLP 95.5 95.5 95.4 95.5

there is no significant difference in distribution between the
data before and after imputation. Thus, the imputation process
does not change the overall shape of the data distribution. The
Levene test indicates that all variables have a p-value = 1.00,
indicating that there is no difference in variance between the
data before and after imputation. It means that the level of data
distribution remains stable. The imputation process does not
provide significant changes to the distribution or variance of
the data. Therefore, the imputed data can be considered valid
and can be used for further analysis without reducing the main
statistical characteristics of the original or old data.

3.4 Discussion

This study employs the data generated by the proposed method
is applied in several kinds of classification. This study analyzes
the effects of imputing missing data using Mode and MICE
methods, along with addressing data imbalance through the
ADASYN technique, to evaluate improvements in classification
performance. The classification methods used are Random

Forest, SVM, and MLP. The classification results shows that the

© 2025 The Authors.

missing data imputation and imbalanced data handling can im-
prove accuracy, precision, recall, and F1-score for each method.
Figure 3 shows the improvement in accuracy, precision, recall,
and F1-score on the new dataset.

Figure 4 shows the heart disease dataset before missing
data imputation and imbalanced data handling has accuracy,
precision, recall, and F1-score below 80%. After missing data
imputation using Mode and MICE, the accuracy, precision,
recall, and F1-score have increased. In the Random Forest
method, there was an increase of 4.8% for accuracy, precision,
recall, and F1-score values. In the SVM method, accuracy
increased by 9%, precision by 6%, recall by 9.5%, and F1-score
by 7.8%. In the MLP method, the biggest increase in precision
was 1.8% and increased by 1.7% for accuracy, recall, and F1-
score values.

Handling imbalanced data can also improve the perfor-
mance of accuracy, precision, recall, and F1-score in the classi-
fication method, but these results are still below 80%. The com-
bination of missing data imputation using Mean, Mode, and
MICE with ADASYN for addressing data imbalance achieved
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a significant improvement in classification performance. The
results of the accuracy, precision, recall, and F1-score per-
formance are above 90% after missing data imputation and
imbalanced data handling. The increase in accuracy, precision,
recall, and F1-score in each class of each classification method
is shown in Figures 5, 6, and 7.

100
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§
[0}
% 40 -
£
€ 20 |
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Accurac Precicion Recall F1-Score
Lagel 0 (Healthy) ®Label 1 (Sick)

Figure 7. The Comparison Graph of Accuracy, Precision,
Recall, and F1-Score on Support Vector Machine (SVM) for
Each Class

Figure 5, Figure 6, and Figure 7 show the results of ac-
curacy, precision, recall, and F1-score obtained in each class.
All accuracy, precision, recall, and F1-score values obtained in
each class are above 90%. From the accuracy value, the largest
accuracy is 97%, indicating that the model managed to predict
correctly 97% of the data. The largest precision is 97.5%, indi-
cating that the model has a very high ability to identify the class
of 0 as the class of 1. The largest recall is 97.5%, indicating that
the model can identify 97.5% of the data from all classes of 1.
The largest F1-score is 97.1%, demonstrating that the model
achieves an excellent balance between precision and recall.

Comparison of classification results before and after the
proposed data handling is not enough to assess its success with-
out comparing it with other methods from previous studies.
Several studies that used various methods to manage missing
and imbalanced data in the UCI heart disease dataset are shown
in Table 4. Table 4 compares the results of Accuracy (Acc),
Precision (Pre), Recall (Rec), and f1-score from other studies.

Table 4 shows that the highest accuracy and precision are
obtained by Misir and Samanta (2017), but the recall obtained
is lower than the recall value in the proposed method. Al Khaldy
and Kambhampati (2016) achieved precision higher than the
proposed method, but the recall is bad. The proposed method
demonstrates better accuracy than some studies, as shown in
Table 4. Some previous studies did not show the f1-score,
precision, and recall results obtained, only comparing the accu-
racy. However, precision and recall are important in addressing
missing and unbalanced data to accurately identify and retrieve
information for each class, even when some classes have smaller
samples than others. The comparison shows that the proposed

© 2025 The Authors.
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method is excellent for heart disease prediction by missing
data imputation and imbalanced data handling can improve
the accuracy, precision, recall, and {1-score values, which are
excellent above 90% with several classification methods. MICE
and ADASYN have the risk of overfitting. MICE has the risk
of overfitting because MICE uses a regression model that only
learns from the available data the noise can be considered as
important data that must be imputed. It causes overfitting to
noise. ADASYN has the risk of overfitting because ADASYN
produces synthetic data around minority data. If there are
outliers or noise around the minority, ADASYN will increase
the synthetic data around the noise, so it can increase the risk
of overfitting. Further study can combine MICE with feature
selection for missing data imputation and combine sampling
techniques in ADASYN by combining oversampling and un-
dersampling for imbalanced data handling.

4. CONCLUSIONS

This study combines missing data imputation and balanced
data handling. Missing data imputation is applied in two ways,
namely single value imputation for attributes that have missing
data below 5% and multiple value imputation for attributes
that have missing data above 50%. In this study, the attributes
chol and restecg were performed with single imputation: Mean
and Mode. Chol is approached with mean imputation be-
cause the attribute type is numeric, while restecg is approached
with Mode imputation because the attribute type is nominal.
Multiple value imputation is performed using MICE for the
attributes trestbps, chol, fbs, thalach, exang, and oldpeak. For im-
balanced data handling, this study uses the ADASYN method.
Based on missing data imputation with MICE and imbalanced
data handling using ADASYN, it can be concluded that these
techniques improve classification performance across several
models, including Random Forest, Support Vector Machine
(SVM), and Multi-Layer Perceptron (MLP). The results of
classification performance show that the average improvement
in accuracy, precision, recall, and f-1 score is above 90%. It
demonstrates that applying missing data imputation and bal-
ancing techniques strengthens classification performance, espe-
cially for heart disease. This method can be developed as one
of the methods to help improve the quality of data to be used
in other classification methods, such as deep learning.
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