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A B S T R A C T

Healthcare diagnosis is a process physicians follow before prescribing the patients. The medical doctors may
make an early prediction by observing the physical signs and symptoms. Imposing a treatment without proper
diagnosis cannot guarantee a cure and sometimes may lead the patient to a more detrimental scenario.
However, the cost of healthcare diagnosis makes people indifferent to going through the process. Big data
and machine learning are already in use to contribute to the healthcare diagnosis sector with the available
data which is enormously growing through the digitalization of the system. Yet the difficulty remains since
the raw data contains noise including missing values, outliers, and an imbalanced number of samples. These
properties in a dataset make it challenging to implement any diagnosis model. A complete patient profile
cannot be generated due to missing values, which may affect the final prediction. Outliers in a medical
dataset represent extreme cases and rare conditions, or they may even be generated due to data entry errors.
An excessive number of outliers may lead to a skewed and incorrect prediction. An imbalanced dataset
makes it challenging to identify the minority classes appropriately and mostly generates a biased model for
majority class instances. A combination of advanced preprocessing techniques and reliable model selection are
required to address these challenges effectively. This paper proposes a data analytics pipeline on a Portable
Health Clinic (PHC) dataset. The paper systematically evaluates different preprocessing methods for missing
value imputation, outliers detection, and data balancing and offers a comprehensive preprocessing framework.
Later, five state-of-the-art ensemble models for healthcare diagnosis were implemented along with a proposed
ensemble machine learning model, KNN-XGBoost-SVM-Random Forest (KNN-X-SVM-R). The proposed model
achieved an accuracy of 97.03% which supersedes all the other state-of-the-art models. To reaffirm the
rectification of our model, we experimented with it on another COVID-19 routine blood test dataset. In both
cases, our proposed model acquired better results regarding different performance measures. Validating the
approach on a secondary dataset strengthens the robustness of the proposed methodology. The recommended
preprocessing and modeling approach can be adopted to enhance diagnostic systems and improve patient
outcomes.
1. Introduction

With advancements in the application of machine learning models,
numerous fields have achieved considerable developments in the last
few years. Machine learning has benefited branches like economics,
medicine, robotics, business analytics, computing, and many more.
It is being used in forecasting weather conditions [1], autonomous
navigation and artificial intelligence in Robotics [2], market trend
analysis from stock market data [3], mental health analysis from social
interactions [4], and so on.
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E-mail address: lomathaider.cse@aust.edu (L.H. Chowdhury).

Healthcare is one of the industries that have used this advance-
ment for its growth and is a very demanding field for research. At
the same time, the field is also quite sensitive and challenging since
the data source must be reliable and quality must be ensured, the
privacy and security of the data should be maintained. Moreover, the
healthcare and medical data are heterogeneous in nature. Machine
learning research and models for healthcare and medicine can be used
to predict disease and possible treatments, analyze medical imaging and
diagnosis, determine the effectiveness of new vaccines and medicines,
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group similar disease symptoms and their impacts, and organize medi-
cal records. The outbreak of COVID-19 has given researchers in medical
industries many more opportunities to contribute and determine the
possible actions [5], diagnosis, treatments, vaccines [6,7], and post-
accination outcomes of coronavirus [8,9]. Significant development has
een achieved in diverse medical sectors such as partial annotations
or large medical image structures using deep learning to optimize

the analysis cost [10], classification of lung diseases from CT scan
images using Support Vector Machine (SVM) approach [11] and feature
extraction for Alzheimer disease using convolutional neural network
(CNN) [12].

According to the report of Statista Research Department, the United
tates has the highest per capita health expenditure of 12,318 U.S.
ollars which is more than 17% of the total gross domestic product
GDP) [13]. The report also claims that the percentage may increase

to 20% by 2028 [14]. A large number of healthcare costs depend on
he diagnosis of health problems. In the era of machine learning and
eep learning methods, we plan to improve healthcare diagnosis to
educe the overall expenses for each patient. These models may not

replace the activities of medical doctors, however, these may help
oth patients and physicians. With the enormous health monitoring

devices, researchers now have a large amount of data available to apply
achine learning models for health diagnosis. However, this raw data

contains ample noise to provide the prospective outcomes. In this study,
e proposed a method to reduce the noise in the data for a better
iagnosis result.

While applying a machine learning model, one must follow some
teps for reliable outcomes. The basic steps are Data Collection and
ntegration, Data Preprocessing, Model Selection, and Implementation.
n this work, different data analytics pipelines were implemented. The
est-performing method for missing value handling, outliers detection,
nd sampling of the data has been determined. For imputing missing
alues, a total of eight imputation methods have been implemented that
nclude Listwise deletion, Fast KNN, KNN imputer, Data wig, Multiple
mputations by chained equation (MICE), using Median, Most frequent,
nd Mean. Similarly, to detect and remove outliers, Z-score, IQR score,
Forest, Local outlier factor (LOR), Elliptic, One class, Stochastic gradi-
nt descent (SGD), and DBscan have been used. To balance the dataset,
versampling, Undersampling, and Synthetic minority oversampling

echniques (SMOTE) were implemented. The data analytics methods
re depicted in Fig. 1. An optimal preprocessing method for healthcare
atasets has been suggested through experiments.

Sometimes, applying only one existing model may not provide the
required result or outcome, even can be overfitted. In that case, an
ensemble approach can be applied where a collection of models helps
to get a better prediction. For instance, in article [15], the researchers
roposed a Rider Optimization Algorithm-Neural Network (RideNN)
nd Deep Neuro Fuzzy Neural Network (DNFN) for diagnosis prediction
f Coronary Heart Disease. Research [16] proposed a hybrid model

combining Convolutional Neural Network (CNN) and Long-Short Term
emory (LSTM) to predict cardiac abnormality from ECG signals.

For this work, we propose an ensemble learning approach using a
Portable Health Clinic (PHC) dataset. Then, the performance of the
proposed model KNN-XGBoost-Support Vector Machine-Random Forest
(KNN-X-SVM-R) has been compared to an existing ensemble model
Extra Trees-Random Forest-Logistic Regression-XGBoost (ERLX) that
was used for the COVID-19 routine blood test dataset discussed in this
article [17]. Later, the result of our proposed model is validated on
he COVID-19 dataset. Validation on a secondary dataset improves the

credibility of the research to use in diverse healthcare scenarios. In both
cases, our proposed model performed better according to accuracy,
F1-score, Specificity, and other evaluation measures.
2 
2. Related work

The research field of machine learning in healthcare is widely
popular. Several kinds of research have been done in the last few
ecades with some alluring outcomes.

Studies from 2017 to 2019 highlighted the uses of different super-
ised and unsupervised machine learning models in clinical contexts.
allahan et al. in [18] present the advantages of using machine learning

over other conventional analysis techniques. The article focuses on
the applications of machine learning models in the healthcare sector
to achieve maximum potential. It also represents the challenges and
limitations of using machine learning models. Research [19] discussed
different supervised, semi-supervised, unsupervised, and reinforcement
learning models that can be used to analyze these diverse healthcare
data.

Research has been done following Fast Healthcare Interoperability
esources (FHIR) standards to align the healthcare data with Health

Level 7 (HL7). Articles [20,21] worked on interoperability of health-
are data. Specification similarity, syntactic similarity, and semantic
imilarity have been measured for data transformation to provide a

generic data acquisition API for several health-related factor identifiers
such as BP monitor, Activity tracker, Pulse Oximeter, Body weight,
and Glucometer. Depending on the urgency and computational needs
of medical scenarios, Internet of Medical Things (IoMT) device data
nd network requirements are segmented into separate 5G network
lices where each slice transforms the data to resolve heterogeneity of
ata. Another study [22] integrates the Personal Health Record (PHR)

system with Electronic Health Records (EHR) to maximize the outcome
of patient and doctor communication. They serve a bi-directional and
almost real-time exchange of information between PHR and EHR.

With time, the research focus shifted to deep learning models from
inear machine learning techniques with the availability of data and
nough computation resources. In [23], Ahmad et al. discusses the
arious applications for interpretable machine learning and deep learn-

ing models in healthcare. The interpretability of model predictions is
noted by clinical providers and other healthcare decision-makers as a
priority for implementation and utilization. According to the authors,
the important factors that affect the explanation are input data, model
parameters, the algorithms used, user’s competency, domain knowledge
novice vs. expert), level of explanation (explanation granularity), etc.
he study asserts that a deep learning model utilizing straightforward

ntuitive features may be more interpretable than a simple linear model
sing highly engineered and sophisticated features.

Miotto et al. annotated the challenges in applying feature engineer-
ng to complex, heterogeneous, and unstructured biomedical data to
dentify more robust features and apply learning models [33]. Later,

the authors discussed the highly used deep learning methods to over-
come this problem and suggested comprehensive and meaningful ar-
chitectures to link human interpretability and deep learning models
for next-generation healthcare. The authors mainly focused on the
differences between traditional machine learning models [34] and
traditional Artificial Neural Networks (ANNs) with the deep learning
approach [35]. Finally, it represented how different deep learning
models perform better on diverse biomedical data than the other tradi-
tional models. Article [36] discusses different deep-learning techniques
in computer vision (e.g. medical imaging), natural language process-
ing (e.g. electronic health record data), and reinforcement learning
(e.g. robotic-assisted surgery).

In [24], authors used four healthcare datasets of kidney disease,
heart disease, diabetes, and breast cancer. After preprocessing the
data, the authors suggested a feature selection model using Support
Vector Machine (SVM) and Recursive Feature Elimination (RFE). For
yperparameter optimization, the Bayesian optimization method has
een suggested. Finally, XG-Boost was used to optimize the model. The

model accuracy varies from 81% to 100% for different datasets.
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Fig. 1. Different Data Preprocessing Techniques.
Table 1
A summary of related works from the healthcare domain.

Article Data Methods

Shailaja et al. [19] Diabetes, Breast Cancer,
Thyroid

J48, SVM, Naive Bayes, Decision Tree

Ahmed et al. [23] Pneumonia Interpretable Machine Learning, Explainable AI

Al-Jamimi et al.
[24]

Kidney Disease, Heart Disease,
Diabetes, Breast Cancer

Feature Selection: Recursive Feature Elimination
(RFE); Hyperparameter: Bayesian Optimization;
Model: XG-Boost

Raza et al. [25] Heart Disease Feature Selection: Particle Swarm Optimization
(Majority Voting); Ensemble Model: Bagged
Trees+Random Forest+AdaBoost

Kiourtis et al. [26],
Kouremenou et al.
[27]

Healthcare data Transformation of data into HL7 FHIR structure
through syntactic and semantic similarities

De mollo et al. [28] Virtuoso, Neo4J, HBase, ARM,
Jena TBD, BaseX, Oracle,
Think!EHR, PostgreSQL

Systematic review on solving interoperability.
Emphasizes semantic interoperability in EHR to
improve healthcare system integration

Verma et al. [29] Breast Cancer, Dermatology,
Hepatitis, Liver-disorder,
Splice

Bagging: AdaBoost; Boosting: Random Forest;
Stacking: J48, Naive Bayes, Random Forest

Misra et al. [30] PIMA Indian Diabetes Dataset,
LUDB2

Missing value imputation: KNN; Data scaling:
Min–max scaler; Feature selection: Random Forest;
Model: Logistic Regression, Random Forest, ANN,
SVM

Alim et al. [31] Heart Disease Correlation analysis: Pearson; Normalization:
Min-Max; Model: Random Forest with K-fold
cross-validation

Al Jame et al. [17] COVID-19 Missing value imputation: KNN Imputer; Outliers
removal: iForest; Data balancing: SMOTE;
Ensemble Model: Extra Trees+Random
Forests+Logistic Regression

Saihood et al. [32] Pima Indians Diabetes Missing value imputation: Mean Imputation;
Outliers detection: IQR; Data balancing: SMOTE;
Normalization: Min-Max; Feature Selection: RFE;
Bagging: Random Forest; Boosting: XG-Boost;
Stacking: Random Forest+SVM
Ensemble learning is another widely used approach that implements
a set of machine learning models for better analysis. Azad et al. suggests
a multi-layered ensemble learning model for binary classification [37].
In article [25], authors used ensemble learning with a majority voting
rule to predict heart disease from previously stored medical data (UCI
ML Heart Disease Dataset). In feature selection, Particle Swarm Opti-
mization (PSO) was used to remove attributes with the lowest ranking
score. The authors combined Bagged Trees, Random Forest, and Ad-
aBoost for the ensemble learning model. This ensemble model gained
88.88% accuracy which is better than some other previous models
3 
applied to the same dataset. Research [29] offered another ensemble
learning approach which is Bagging, Boosting, and Stacking (BBS)
for classification problems. The authors used AdaBoost for Bagging,
Random Tree for Boosting method, and J48, Naive Bayes, and Random
Forest for Stacking. Their model was implemented on five different
bioinformatics datasets and achieved better accuracy and lower mean
squared error for each.

Along with model implementation, data processing also plays an
important role in better intuition of the data and result analysis. Several
research has been done to offer useful data processing methods. Alim
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et al. proposed a prediction model for heart disease using the UCI
ascular heart disease dataset in [31]. The article mainly focused on
dentifying the highly correlated feature that can maximize the predic-

tion result. The researchers followed the steps to prepare the model,
hich included missing value imputation, outlier detection, correlation
nalysis, normalization, model selection, and implementation. The Min-
ax normalization technique was used for normalization. For model

mplementation, they used the Random Forest model with K-fold cross-
alidation. However, the methods followed in earlier steps are not
entioned. The research article that we mostly focus on in our study

s an Ensemble Learning approach to the COVID-19 dataset [17]. Here,
the authors combined different machine learning models and proposed
an ERLX model that performed very well for the dataset. To start,
hey used the KNN Imputer for missing value imputation, the Isolation

Forest (iForest) method to remove the outliers, and Synthetic Minority
Oversampling Technique (SMOTE) for data balancing. In the second
stage, the model combines Extra Trees, Random Forests, and Logistic
Regression for ensemble learning. Later Meta algorithm XGBoost was
used.

Saihood et al. proposes a three-step model experimenting on Pima
ndians Diabetes Database [32]. The very first stage was data pre-

processing. Mean imputation, IQR, SMOTE, Min-Max Normalization,
and Recursive Feature Elimination were used for missing value impu-
tation, outliers detection, data balancing, normalization, and feature
selection respectively. However, the article does not address how they
chose the abovementioned methods. Hyperparameter was selected us-
ng the Grid-search technique. Random Forests and XG-Boost were used
or Bagging and Boosting as ensemble models. For stacking, Random

Forests and Support Vector Machines were stacked.
Healthcare data are often complex, error-prone, heterogeneous, in-

consistent, and challenging. The challenges in this domain are discussed
n [38]. The authors suggested validation, cleaning, verification, and
ogging for data cleaning mechanisms to improve the reliability and
uality of the data. The mechanism comprises three sub-components

for ingesting, storing, and cleaning data through four key actions:
Validation, Cleaning, Verification, and Logging. Using established tech-
niques, the mechanism was evaluated on three healthcare datasets

ith varying errors, demonstrating its effectiveness and efficiency in
roducing high-quality, reliable data.

The research that has been done on the healthcare sector is quite
vast. A summary of relevant research is presented in Table 1. Recent
developments in machine learning and deep learning have enlarged
the research scope to a great extent. However, there is a lack of a
complete data analytics pipeline on healthcare diagnosis. In some cases,
the dataset is not robust enough to assert the reliability of the result. In
this work, we propose an ensemble learning model with a data analytics
pipeline used on reliable healthcare data and achieved an outstanding
result.

3. Healthcare datasets

This section describes the datasets used for the proposed model.
Data is vital when applying an algorithm or a model and analyzing the
problem. In this work, two datasets have been used, one is the Diagnosis
of COVID-19 dataset and another one is a Portable Health Clinic (PHC)
dataset.

3.1. COVID-19 dataset

This dataset is collected from the Albert Einstein Israelita Hospital
f Saulo Paulo, Brazil which is publicly available in Kaggle [39]. The
ata was collected from 28 March 2020 to 3 April 2020, during the

period when the COVID-19 affection rate was at its peak. The dataset
is used in research where an ensemble learning model is proposed for
COVID-19 diagnosis [17]. There are 5,644 samples and the dataset
contains 111 attributes having more than 100 diagnosis tests including
 X

4 
urine tests, mineral element tests, blood tests, Adenovirus tests, rt-PCR
ests, SARS-CoV-2 tests, and so on. Among the features, the SARS-
oV-2 tests are majorly responsible for COVID-19 diagnosis. Out of
he 111 attributes, research [17] used 18 features that are respon-
ible for COVID by applying the feature selection method. The fea-
ures are Hemoglobin, Platelets, Leukocytes, Lymphocytes, Basophils,
osinophils, Neutrophils, Monocytes, Patient Age, Urea, C-reativa Pro-

tein, Creatinine, Potassium, Sodium, Alanine transaminase, Aspartate
transaminase, International normalized ratio (INR), Albumin. Table 2
represents the statistical observations about the features, available data,
missing values, and the rate of missing data. The table depicts that
out of the total 5,644 samples only the feature ‘Patient age quantile’
is complete. The other features contain a notable amount of missing
values. The minimum rate of missing values is 4.70% for the fea-
tures of Hemoglobin, Platelets, Leukocytes, Lymphocytes, Basophils,
Eosinophils, and Monocytes. The maximum rate of missing values is
.25% for the feature Albumin. There are 1,07,236 data values out of
hich only 18,680 data are available and the rest 88,556 data points
re missing. Thus, the missing data rate becomes 82.58% which is huge.
hough the researchers suggest an ensemble model in [17] for the

COVID diagnostic test, this large amount of missing data will hamper
any proposed model and provide a biased result. The predicted result
rom such a dataset cannot be implemented in real life even if we apply
he best missing value imputation techniques since the medical sector
s very sensitive. This limitation inspires us to choose a better dataset
ith fewer missing values and more stability.

3.2. PHC dataset

The Portable Health Clinic or PHC dataset is collected from the
ural areas of Bangladesh containing the health information for 36,462
ntries with 18 different health-related attributes. Based on the features
he target is to identify the health status of a particular person whether
t is suspicious, affected, or emergent. The overview of the PHC dataset
s depicted in Table 3 which represents that apart from Gender, Age,
nd Health Status, the Blood glucose feature contains the least missing
alues which are 0.40%. The maximum percentage of missing values is
or the features Urinary glucose and protein, 1.92%. There are 6,56,316
ata points where 5,26,251 values are present and only 1,30,065 values
re missing. Therefore, the rate of missing values in the PHC dataset is
9.82% which is very commendable compared to the COVID-19 dataset
hat had an 82.58% missing value rate. Different research has already
een done with the PHC dataset such as [40–42]. While preparing the
ataset, patients agreed to use their data for analysis purposes only.

Thus, the PHC dataset is not uploaded to any public repository. The
ataset has been reviewed and approved by the Kyushu University
nstitutional Review Board (Approval No. 20182007).

Considering the rate of missing values, the PHC dataset is preferred
ver the COVID-19 dataset since the models implemented for this one
ill be more stable and the analysis will be more accurate to implement

n real-life scenarios. However, for the implementation, both datasets
ave been used for our model and a comparative analysis is discussed.

4. Analysis methodology

This section discusses the comparative analysis between the model
f research [17] and our proposed ensemble models. The COVID-

19 dataset described in Section 3 was used to implement the prior
model. The article used different methods for data preprocessing. For
missing value imputation, the authors suggested the KNN Imputer
echnique. For outliers detection and handling, iForest was suggested.
or sampling, SMOTE was used. These are the three steps for data
reprocessing. The article used an ensemble approach at two levels to
mplement the model. At the first level, Extra Trees, Random Forest,
nd Logistic Regression were used parallelly. In the second layer, the

GBoost model was implemented to boost the performance of the
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Table 2
Overview of missing values in the COVID dataset.

SL. Feature Available
data

Missing
data

Missing rate
in column (%)

Missing rate
in dataset (%)

1 SARSCov 5,644 0 0 0
2 Hemoglobin 603 5,041 89.33 4.70
3 Platelets 602 5,042 89.33 4.70
4 Leukocytes 602 5,042 89.33 4.70
5 Lymphocytes 602 5,042 89.33 4.70
6 Basophils 602 5,042 89.33 4.70
7 Eosinophils 602 5,042 89.33 4.70
8 Neutrophils 513 5,131 90.91 4.78
9 Monocytes 601 5,043 89.35 4.70
10 Patient age quantile 5,644 0 0 0
11 Urea 397 5,247 92.97 4.89
12 Proteina C reativa 506 5,138 91.03 4.79
13 Creatinine 424 5,220 92.49 4.87
14 Potassium 371 5,273 93.43 4.92
15 Sodium 370 5,274 93.44 4.92
16 Alanine

transaminase
225 5,419 96.01 5.05

17 Aspartate
transaminase

226 5,418 96.00 5.05

18 Normalized ratio 133 5,511 97.64 5.14
19 Albumin 13 5,631 99.77 5.25

Total 18,680 88,556 – 82.58
Table 3
Overview of missing values in the PHC dataset.

SL. Feature Available
data

Missing
data

Missing rate
in column (%)

Missing rate
in dataset (%)

1 Gender 36,462 0 0 0
2 Age 36,455 7 0.02 0
3 Height 26,323 10,139 27.81 1.54
4 Weight 27,100 9,362 25.68 1.43
5 BMI 27,435 9,027 24.76 1.38
6 Waist 24,588 11,874 32.57 1.81
7 Hip 24,588 11,874 32.57 1.81
8 Waist hip ratio 25,127 11,335 31.09 1.73
9 Temperature 25,276 11,186 30.68 1.70
10 Blood oxygen 25,107 11,355 31.14 1.73
11 Blood pressure (sys) 33,318 3,144 8.62 0.48
12 Blood pressure (dia) 33,309 3,153 8.65 0.48
13 Blood glucose 33,822 2,640 7.24 0.40
14 Urinary glucose 23,888 12,574 34.49 1.92
15 Urinary protein 23,868 12,594 34.54 1.92
16 Pulse rate 31,756 4,706 12.91 0.72
17 Arrhythmia 31,367 5,095 13.97 0.78
18 Health status 36,462 0 0 0

Total 526,251 130,065 – 19.82
p
d
b
P
m
d
d
t
a

t
m
i
t
w

model and determine the final prediction. Fig. 2(a) represents the block
diagram of the existing model [17].

In our proposed methodology, we used a different dataset. The PHC
dataset was used with a different implementation technique. After that,
the model’s performance has been compared with the existing one. At
the data preprocessing phase, this article uses MICE over KNN Imputer
for missing value imputation; the Z-score model in place of iForest for
outliers detection; and SMOTE for data sampling which is similar. For
model implementation, this work also follows an ensemble learning
pproach with different model combinations. At the first layer, KNN,
GBoost, and SVM are proposed. At the second layer, the Random
orest Classifier is used and the final output is predicted. For the imple-
entation, different combinations of models have been tried, and came
p with the proposed one performed best for both the COVID-19 dataset
nd the PHC dataset. In Fig. 2(b), the block diagram of our proposed

model has been depicted. The method used for sampling was similar
n both cases. However, the rest of the preprocessing techniques for
issing value imputation and outliers detection including the ensemble

model architecture are different. More detailed discussion regarding the
architecture has been done in Section 5 along with the implementation
nd performance comparison between the models.
 m

5 
5. Ensemble learning model generation

The implementation has been done in three phases. In the first
hase, the preprocessing methods for missing value imputation, outlier
etection, and sampling were implemented. Six ensemble model com-
inations have been executed to finalize the model. For this phase, the
HC dataset was used. To check the robustness, existing and proposed
odels have been implemented on both the PHC and the COVID-19
atasets in the second phase. Later, a comparative analysis has been
one. For the last phase, the PHC dataset was used on five state-of-
he-art ensemble models previously suggested for healthcare diagnosis
long with the proposed method, and a comparative study was done.

Fig. 3 depicts the outline of these phases.
Before proposing the model, different methodologies for each phase

were tried and figured out the best-performing one. Fig. 4 shows
he step-by-step approach from data preprocessing to model imple-
entation procedure for our model. At first, different missing value

mputation methods were used. After that, several outliers detection
echniques were tried and finally, different data balancing methods
ere implemented. In every step, the best one was selected and imple-
ented for our proposed model. A combination of ensemble models has
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Fig. 2. Block diagram of the existing ERLX model and the proposed model.
Fig. 3. An outline of the methodology followed throughout the implementation.
also been implemented and described and their performance measures
have been observed.

5.1. Missing value imputation methods

The collected raw data may contain some entries for which one or
more attribute values are not given. These are called missing values. If
the number of missing values is large, the performance of the model
may degrade. The easiest way to handle the missing entries is simply
dropping the samples. However, this is not an efficient approach since
it may reduce the size of the dataset and many important observations
may get deleted. To avoid such issues, researchers suggest filling in
the missing values with relevant data. There are multiple techniques to
fill in the missing values. The most popular missing value imputation
6 
techniques are Listwise Deletion, Median filling, Most Frequent, Mean,
Fast KNN, MICE, Data wig, and KNN Imputer. This article denotes them
as I1, I2, I3, I4, I5, I6, I7, and I8 respectively.

The existing model ERLX [17] proposed KNN Imputer as their
preferred missing value imputation method. From Section 3, we already
know that the COVID-19 dataset contains an ample amount of miss-
ing values. Therefore, the PHC dataset has been used and the ERLX
method was implemented with eight different missing value imputation
methodologies (I1-I8). From the observation noted in Table 4, we notice
that MICE performed the best in handling missing values compared to
the KNN Imputer method for the PHC dataset in terms of Accuracy,
AUC, Precision, Recall, F1 score, Sensitivity, and Specificity. The accu-
racy shows that Listwise deletion has the lowest accuracy score with
92.48%, KNN Imputer achieves 94.07%, whereas MICE has 95.61%
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Fig. 4. Step-by-step approach to preprocessing and generating an ensemble learning model.
Table 4
Missing value imputation techniques on the PHC dataset.

Evaluation
metrics

I1 I2 I3 I4 I5 I6 I7 I8

Accuracy 92.48 95.43 94.07 93.57 94.51 95.61 95.06 94.07
AUC 90.29 94.43 93.18 92.94 94.11 94.97 94.83 93.67
Precision 92.85 96.00 95.90 95.68 96.65 97.39 96.54 95.88
Recall 80.90 88.90 86.86 85.63 87.69 89.93 89.75 87.42
F1 score 86.46 93.32 91.15 90.38 91.95 93.51 93.02 91.46
Sensitivity 80.90 88.90 86.86 85.63 87.69 89.93 89.75 87.42
Specificity 97.37 98.35 97.98 97.89 98.31 98.69 98.14 97.86

Table 5
Outlier removal techniques with MICE (I6) on the PHC dataset.

Evaluation
metrics

O1 O2 O3 O4 O5 O6 O7 O8

Accuracy 94.38 91.24 92.04 92.59 92.87 93.21 93.32 93.38
AUC 95.06 88.80 90.57 91.66 92.27 92.80 93.01 93.06
Precision 94.71 78.26 83.41 86.32 87.96 89.21 90.08 90.52
Recall 90.41 77.75 81.09 83.38 84.60 85.71 86.16 86.25
F1 score 92.51 77.96 82.19 84.79 86.21 87.40 88.05 88.31
Sensitivity 90.41 77.75 81.09 83.38 84.60 85.71 86.16 86.25
Specificity 96.85 94.64 95.37 95.74 95.95 96.17 96.32 96.42

accuracy which is the highest. Thus, the observation declares MICE as
the missing value imputation technique for our proposed model.

5.2. Outlier removal methods

The data may contain some noise that needs to be processed for a
better prediction model. These noises are called outliers. The outliers
can bias the prediction of a model which results in an under-fitting
problem. One of the most common ways to identify the outliers in
a dataset is by preparing a box plot. There are several methods for
outlier detection and removal such as Z-score, IQR-score, iForest, LOR,
Elliptic, One class, SGD, and DBscan. This article denotes them as
O1, O2, O3, O4, O5, O5, O6, O7, and O8 respectively. Here, the
best outliers detection and removal method will be selected using a
similar approach used earlier. At this step, the ERLX model on the
PHC dataset was implemented for 8 different above-mentioned outliers
detection techniques changing the missing value imputation method
with MICE, and the performance is represented in Table 5. According
to the result, the Z-score method performed best for Accuracy, AUC,
Precision, Recall, F1 score, Sensitivity, and Specificity whereas the
ERLX model used iForest. The accuracy of the Z-score is 94.38% which
is higher than that of iForest which is 92.04%. From this intuition, using
a Z-score is proposed for outlier removal for our model.
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Table 6
Data balancing techniques with MICE (I6) and Z-score (O1) on the PHC dataset.

Evaluation
metrics

Oversampling SMOTE Undersampling

Accuracy 93.61 93.68 93.39
AUC 96.48 94.33 95.83
Precision 93.37 94.41 92.96
Recall 90.06 89.32 89.89
F1 score 91.68 91.8 91.39
Sensitivity 90.06 89.32 89.89
Specificity 95.90 96.54 95.65

5.3. Data balancing

Data balancing is a technique of sampling all the input samples with
equal distribution labels. This preprocessing technique ensures that the
implemented model is not biased toward one label in particular. For
example, if a medical dataset contains information mostly from healthy
samples, the implemented model will be more biased toward healthy
persons. To overcome this problem, properly balancing the data is
important. Some data balancing techniques are Oversampling, SMOTE,
and Undersampling.

We implemented these three techniques on the PHC dataset with
the previous best preprocessing techniques MICE for data imputation
from 5.1 and Z-score for outliers removing from 5.2 and then used
the ERLX method. Table 6 represents the performance using differ-
ent performance measures for all the data balancing techniques. An
interesting behavior is noticed in the observations. For some mea-
sures, Oversampling performed best, for others, SMOTE performed
best. For example, Oversampling achieved the best score regarding
AUC, Recall, and Sensitivity. Whereas, SMOTE performed better for
performance measures like Accuracy, Precision, F1-score, and Speci-
ficity. Undersampling performed the least compared to the rest. From
this intuition, SMOTE has been considered the best-performing data
balancing method as suggested for the COVID-19 dataset in [17].

5.4. Ensemble algorithms combination

At this point, we have the three best-performing data preprocessing
techniques: MICE, Z-score, and SMOTE for missing value imputation,
outliers removal, and data balancing respectively. In this section, six
different ensemble models have been implemented and determined
the performance using the preprocessing techniques suggested for the
COVID-19 dataset in [17].

Hyperparameters for the models were selected using a manual
search method. Table 7 represents the combination of hyperparame-
ters selected for the implemented models. At first, the existing ERLX
(Extra Trees, Random Forest, Logistic Regression, XGBoost) model was
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Table 7
Hyperparameter settings for different models.

Model Number
of
trees

Solver Max
depth

Class
weight

Iteration Multiclass Learning
rate

Neighbors Kernel Gamma

Random Forest 300 – 17 balanced – – – – – –
Extra Trees 300 – 17 balanced – – – – – –
Logistic Regression – saga – balanced 500 One-vs-rest (ovr) – – – –
XGBoost 300 – 17 – – – 1.0 – – –
KNN – – – – – – – 7 – –
SVM – – – – – – – – RBF auto
b
S
o
r

implemented on the PHC dataset. For the Extra Trees and Random
orest classifiers, the number of trees (n_estimators) was 300, and
he maximum depth for each tree (max_depth) was 17. For Logistic
egression, ‘saga’ was used as a solver for the optimization problem
ince the dataset size is large. The maximum number of iterations is
ept at 500 for the solver to converge. For the binary class label ‘ovr’
nd to adjust the weights for the class labels a ‘balanced’ mode was used
hat aligns the weight as reversely proportional to class frequencies.
hen, the XG-Boost Classifier was implemented with a learning rate of
.0 for the same number of trees and depth size. The hyperparameters
emain the same for any combination of implemented models. This
odel shows an accuracy of 94.07% with KNN Imputer, iForest, and

MOTE as preprocessing methods whereas 95.61% with our proposed
reprocessing methods MICE, Z-score, and SMOTE. This is the first
bservation where it has been noticed that our proposed preprocessing
ombination performed better.

For the second ensemble model, we followed two levels of model
implementation. In the first layer, Gaussian Naive Bayes (GNB) model
is used. In the second layer, a combination of Random Forest, Logistic
Regression, and XG Boost are implemented. Thus, the model is named
s GNB-RLX model. The hyperparameters for Random Forest, Logistic
egression, and XG-Boost remained the same. Gaussian Naive Bayes
GNB) was implemented with no hyperparameter. The accuracy for
his model is 95.28% with our proposed preprocessing technique. On
he other hand, the existing data preprocessing combination acquired
 lower accuracy of 94.69%.

Extra Trees, Gaussian Naive Bayes (GNB), Random Forest, Logistic
Regression, and XG Boost are implemented sequentially for the next
model. The model’s name is E-GNB-RLX. The hyperparameters are
similar to before. The accuracy with KNN Imputer, iForest, and SMOTE
is 94.43% and with MICE, Z-score, and SMOTE is 94.86%.

For the fourth model, a new algorithm Support Vector Machine is
ntroduced along with Gaussian Naive Bayes (GNB), Random Forest,
nd XG-Boost classifier. A pipeline by standardizing the features with
tandardScaler is constructed and the kernel coefficient for the Support
ector Classifier ‘auto’ was chosen, thus, it simply uses the number of

instances to determine the coefficient. The model accuracy is 93.94%
and 94.86% for existing preprocessing and our proposed preprocessing
methods accordingly. The model is named GNB-R-SVM-X. The fol-
lowing implemented model is similar, with a different combination
sequence. First, GNB is used, and then XG-Boost, SVM, and Random
Forest (GNB-X-SVM-R) are implemented. The sequence of Random For-
est and XG-Boost have been swapped and a different accuracy measure
is noticed. This time, the accuracy is 95.01% and 96.13% respectively
for existing preprocessing and proposed preprocessing methods.

For the last model, another classification algorithm is used which
s K-Nearest Neighbors (KNN) instead of GNB. The ensemble model
s KNN-X-SVM-R. The model accuracy is 95.32% for KNN Imputer,
Forest, and SMOTE, and 97.03% for MICE, Z-Score, and SMOTE as
reprocessing techniques.

From the observations in Table 8, it can be inferred that the lowest
accuracy for the existing preprocessing methods which is KNN Imputer
for missing values, iForest for Outlier removal, and SMOTE for data
balancing is 93.94% for the model GNB-R-SVM-X. Whereas, the min-
imum accuracy with our proposed preprocessing technique which is
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Table 8
Ensemble learning model selection on the PHC dataset comparing existing method and
proposed method.

Machine
learning
algorithms

KNN Imputer
+ iForest +
SMOTE

MICE
+ Z-score +
SMOTE

ERLX 94.07 95.61
GNB-RLX 94.69 95.28
E-GNB-RLX 94.43 94.86
GNB-R-SVM-X 93.94 94.86
GNB-X-SVM-R 95.01 96.13
KNN-X-SVM-R 95.32 97.03

Table 9
Comparative analysis between existing method and the proposed method on Covid and
PHC datasets.

Evaluation
metrics

KNN Imputer
+ iForest + SMOTE +
ERLX

MICE
+ Z-score + SMOTE +
KNN-X-SVM-R

Covid
dataset

PHC
dataset

Covid
dataset

PHC
dataset

Accuracy 99.88 94.07 99.88 97.03
AUC 99.38 93.67 100 97.90
Precision 100 95.88 100 96.58
Recall 98.72 87.42 98.80 97.44
F1 score 99.36 91.46 99.39 97.00
Sensitivity 98.72 87.42 98.80 97.44
Specificity 99.99 97.86 100 96.64

MICE for missing values, iForest for Outlier removal, and SMOTE for
data balancing is 94.86% for ensemble models E-GNB-RLX and GNB-R-
SVM-X. Similarly, for any implemented ensemble models, our proposed
preprocessing combination performed best. The model with the highest
accuracy is K-Nearest Neighbor, XG-Boost, Support Vector Machine,
and Random Forest, thus, KNN-X-SVM-R with an accuracy of 97.03%.
From the observation, this can be considered the best-implemented
ensemble model for medical diagnosis data. The further experiments
of this article have been continued following this model.

6. Results analysis

From the previous implementation and discussion, the
est-performing ensemble approach is K-Nearest Neighbor, XG-Boost,
upport Vector Machine, and Random Forest (KNN-X-SVM-R). Some
ther experiments have been done using the method to ensure the
obustness of the model.

In the earlier discussion, it has been mentioned that paper [17]
proposed KNN Imputer, iForest, and SMOTE for preprocessing and
ERLX model to diagnose COVID from routine blood tests for the COVID-
19 dataset. To analyze the result, the same model is implemented for
both the COVID-19 dataset and the PHC dataset. Then, to prepare
a comparative analysis, our proposed preprocessing methods MICE,
Z-score, and SMOTE are implemented along with the suggested KNN-
X-SVM-R model on COVID-19 and the PHC dataset. Table 9 shows the
detailed results for both techniques in terms of different performance
measures like Accuracy, AUC, Precision, Recall, F1 score, Sensitiv-
ity, and Specificity. The result represents that the COVID-19 dataset
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Fig. 5. The ROC curve for COVID-19 and PHC dataset using different models.
achieved a better result for any combination of implementation than
the PHC dataset. The ‘‘Precision’’ measure for this dataset is 100% in
both cases. Moreover, the dataset achieved a 100% AUC and Specificity
for our proposed model. The reason behind the more accurate result
could be a large number of missing values (rate: 82.58%) presented
in the records that have been described in Section 3. Because of this
property, any implemented model shows an overfitted result on the
COVID-19 dataset. Whereas, overfitting is not a problem for the PHC
data record, where the rate of missing values is 19.82% only. The ROC
curve for both the COVID-19 dataset and the PHC dataset has been
depicted for the ERLX model and the proposed model in Fig. 5. The
graph represents that the area under the curve (AUC) for both datasets
is comparatively larger for our proposed model than the previous one.
Moreover, our main focus was on the PHC dataset and the AUC has
notably improved for this after using the model we offer.

A notable difference has been identified in the results of Recall
and Sensitivity between the two models for the PHC dataset. The
recall is related to the positive instances of the data thus, the model
can perfectly identify healthy instances. Meanwhile, specificity is a
performance measure that is related to negative instances of data. Thus,
if the model identifies a person as unhealthy is actually unhealthy. Our
proposed model achieved a Recall and Sensitivity of 97.44% which is
10.02% more than the existing model ERLX. From this intuition, it can
be declared that the proposed KNN-X-SVM-R model performed better
along with the preprocessing techniques MICE, Z-score, and SMOTE for
both the COVID-19 and the PHC datasets.

To further assert the robustness of the new model, we compared the
performance with another four state-of-the-art ensemble models offered
for medical diagnosis apart from the ERLX model. In total, five research
articles and their models are considered for this comparative analysis.
The first one is [29] where a novel ensemble learning approach has
been proposed as Bagging-Boosting-Stacking (BBS model). The second
one, the ERLX model has been discussed throughout the paper. The
next model is proposed in [31] where the Random Forest classifier
model has been used with a stratified k-fold cross-validation method.
Before applying the model, different data preprocessing methodologies
have been followed. In [25], Logistic Regression, Naive Bayes, and
Artificial Neural Networks (ANN) have been ensembled with a majority
voting technique. The last article is [43] used a feature subset selection
method Particle Swarm Optimization (PSO) with an ensemble model
for Bagged Trees, Random Forest, and AdaBoost. These five state-of-
the-art models have been implemented for the PHC dataset with the
proposed K-Nearest Neighbor, XG-Boost, Support Vector Machine, and
Random Forest (KNN-X-SVM-R) model. The performance measures are
enlisted in Table 10.

The results represent that the proposed KNN-X-SVM-R performed
best for any performance measures. Model [31] achieved the lowest
accuracy, precision, recall, and F1-score among all the implemented
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Table 10
Performance evaluation between the proposed method and existing state-of-the-art
ensemble models on the PHC dataset.

Models Accuracy Precision Recall F1-score

Verma et al. [29] 93.47 93.47 93.29 93.37
Al Jame et al. [17] 94.07 93.11 95.02 94.06
Alim et al. [31] 80.12 78.22 82.77 80.43
Raza et al. [25] 90.13 89.18 91.05 90.11
Yekkala et al. [43] 93.24 91.49 95.15 93.28
Proposed method 97.03 96.58 97.44 97.00

models where the stratified k-fold cross-validation method was pro-
posed with the Random Forest classifier. Other than the KNN-X-SVM-R
method, the ERLX model [17] has given a better performance of
94.07%. However, the best accuracy is 97.03%, precision 96.58%,
recall 97.44%, and F1-score 97.00% have been achieved using the pro-
posed model K-Nearest Neighbor, XG-Boost, Support Vector Machine,
and Random Forest (KNN-X-SVM-R).

Fig. 6 represents the confusion matrices for the above-mentioned
models implemented on the PHC dataset. From the values of True
Positive (TP), False Positive (FP), True Negative (TN), and False Neg-
ative (FN), it can be inferred that our proposed model could iden-
tify both healthy and unhealthy instances better compared to other
state-of-the-art models.

7. Conclusion

With a large amount of available data, healthcare is rapidly ap-
proaching machine-driven screening and diagnosis. Data is playing the
most significant role here. Along with the enormous opportunities, it
also brings challenges to efficiently processing this data to maximize
the outcome. Dataset selection is another challenging part of medical
diagnosis. Incomplete and noisy data with a large amount of missing
values can nullify the robustness of any experiment. Concerning the
issue, two datasets have been used in this study. The first one, the
COVID-19 dataset has higher missing values in number. The result
represents that higher missing values can tend the model to overfit with
a 100% precision. Thus, the PHC dataset has been chosen with fewer
missing values to minimize the overfitting problem.

In this research, different preprocessing methods for data impu-
tation, outlier detection, and sampling have been practiced. Several
combinations of these preprocessing methods have been applied and
the best one has been chosen. A similar approach is followed for model
implementation. A group of ensemble models has been implemented
to determine the model that performs best for the PHC dataset where
K-Nearest Neighbor, XG-Boost, Support Vector Machine, and Random
Forest (KNN-X-SVM-R) models have been ensembled. Then, the model’s
performance is cross-validated with the COVID-19 dataset. In both
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Fig. 6. Confusion matrices for the implemented models listed in Table 10.
cases, the proposed method achieved the highest accuracy measure
97.03%. Further validation has been done by comparing the result
with five state-of-the-art ensemble models from other studies. Our
proposed model outperformed all the existing models used for the
medical diagnosis data. The research can be used in other healthcare
domains with numerical features like diabetes, breast cancer, routine
blood tests, thyroid, heart disease, and many more. The proposed data
analytics pipeline will offer a complete dataset with less noise and a
more reliable diagnosis result.

Though the study was done on the healthcare dataset, the imple-
mentation methodology can be used in other sectors such as finance,
e-commerce, telecommunication, education, and the environment to
deal with incomplete and noisy data. Using the hyperparameters sug-
gested for the models, the ensemble part can also be replicated. To
address the limitation of the research, it was conducted using numer-
ical data. Further research needs to be done on unstructured data in
healthcare like images, texts, or audio.

In the future, we plan to replicate the research in other domains
as well to identify the robustness of the method. The data analytics
pipeline suggested through the research may work differently in some
cases. There is a research scope to answer why data preprocessing
methods are separate for different domains of data.
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