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Abstract—The first case in Turkey of the COVID-19 

pandemic was reported on 11 March 2020, with the number of 

confirmed cases rapidly rising to over 60.000 by April 2021. In 

the absence of effective treatment, an important tool of outbreak 

management is the modeling and predicting of the COVID-19 

pandemic’s future and behavior. The present study considered 

machine learning (ML) models to predict the daily confirmed 

cases of the COVID-19 outbreak in Turkey. The daily confirmed 

cases of COVID-19 data from November 25, 2020, to June 13, 

2021, were obtained from the website of the Republic of Turkey, 

Ministry of Health. The predicted values were explored with a 

range of window sizes from 2 to 14 and four ML models: 

Support Vector Machine (SVM), Random Forest (RF), k-

Nearest Neighbor (k-NN), eXtreme Gradient Boosting 

(XGBoost). The results show that for the test dataset, the 

performance of window size 6 is better than the other window 

sizes for the SVM and k-NN models. For the RF and XGBoost 

models, the performance of window sizes 8 and 10 is better than 

the other window sizes, respectively. 
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I. INTRODUCTION 

In this century (21st), new outbreaks of virus disease (avian 
influenza, Ebola, Middle East respiratory syndrome (MERS), 
severe acute respiratory syndrome (SARS), etc.) have 
occurred [1-3]. The most recent outbreak of virus disease, 
which was named the severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) or simply the coronavirus 
disease 2019 (COVID-19) [4], became a global problem [5, 
6]. It first appeared in December 2019, in Wuhan, the capital 
of China’s Hubei province [7].  

The COVID-19 pandemic is considered the biggest global 
rapid risk worldwide because of millions of deaths [8]. The 
COVID-19 virus spread to almost all countries. Many national 
governments took emergency measures including quarantine, 
self-isolation, travel restrictions, using a face mask in public, 
social distancing, etc. to prevent the spread of the virus. The 
total number of confirmed cases worldwide exceeded 167 
million patients, and the total number of deaths was recorded 
at about 3.5 million, according to the report dated by May 25, 
2021 [9].  

Turkey, with its geographically strategic location, is a 
transit route for people thanks to international airports. 
Therefore, the spread has been much faster in all of Turkey. 
The first case of COVID-19 in Turkey was reported on 11 
March 2020. Turkey currently (May 25, 2021) has 5.2 million 

confirmed COVID-19 cases with 46,446 deaths. Turkey 
ranked fourth globally with the highest daily confirmed cases 
of COVID-19 with 63,082 data from the Health Ministry on 
April 16, 2021. Turkey reported 394 COVID-19-related 
deaths on April 30, 2021, its highest number of deaths since 
the pandemic began. Turkey entered a nearly three-week full 
national lockdown to bring case numbers down on April 29, 
2021. After a 17-day lockdown which ended on the morning 
of May 17, the number of daily cases fell below 10,000. 

In comparison to past viral outbreaks, the rate of 
contagious and spread of the virus is very quickly from human 
to human. Due to its rapid global spread, it is very crucial that 
qualified research studies should be performed for combating 
COVID-19. To tackle many aspects of the COVID-19 crisis, 
researchers in different fields of science have started studying 
the issue. Epidemiological [10-13], clinical [14-16], 
pharmaceutical [17-20], statistical [12, 21-23], and 
mathematical [8, 24-26] studies have conducted to examine 
the COVID-19 pandemic. Recently, ML methods have been 
applied to models various COVID-19 related outcomes such 
as confirmed cases, early diagnosis, and prognosis, patient 
outcome prediction, tracking and predicting the outbreak, 
drug discovery, vaccine development, etc. [27, 28]. The 
epidemic data of COVID-19 in China, Italy, and France 
between January 22 and March 15, 2020, were analyzed by 
Fanelli and Piazza [29]. Chimmula and Zhang [30] applied a 
new forecasting model using long short-term memory 
(LSTM) networks to forecast future COVID-19 cases in 
Canada. In [31], Auto-Regressive Integrated Moving Average 
(ARIMA), Nonlinear Auto regression Neural Network 
(NARNN), and LSTM models were used for forecasting the 
COVID-19 cases in some European countries, including 
Turkey. Peng and Nagata [32] utilized a support vector 
regression (SVR) mechanism for the prediction of COVID19 
cases in the twelve countries most affected by COVID-19, 
including Turkey. Yeşilkanat [33] investigated the capability 
of the RF algorithm in terms of estimating the near future case 
numbers for 190 countries in the world from 23/01/2020 to 
17/6/2020. In the study [34], a feed-forward neural network-
based prediction model of COVID-19 in Iraq, in the time 
window March 2, 2020, to August 2, 2020, was proposed. 
Abbasimehr and Paki [35] studied models based on multi-
head attention, LSTM, and convolutional neural network 
(CNN) with the Bayesian optimization algorithm in COVID-
19 forecasting in various countries, including Turkey. Ballı 
[36] made time series forecasting of COVID-19 using ML 
methods. Another forecasting of COVID-19 cases was 
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presented in [37]. In one very recent study, Arun Kumar et al. 
[38] proposed models based on recurrent neural networks 
(RNN) to predict cumulative COVID-19 cases (confirmed, 
recovered, and deaths).   

As the COVID-19 epidemic outbreak continues to 
propagate globally, the main purpose of this study is to predict 
the daily confirmed cases of the COVID-19 outbreak in 
Turkey. Data was collected from the website of the Republic 
of Turkey, Ministry of Health in the time window of 
November 25, 2020, to June 13, 2021 [39]. Four different 
methods of ML namely SVM, RF, k-NN, and XGBoost were 
used and compared the performances with varying window 
sizes. 

The remainder of this paper is structured as follows. 
Section 2 describes the dataset and gives the ML methods 
utilized in this paper. Section 3 discusses the results and shows 
a performance comparison of models. Finally, section 4 
concludes the paper and outlines possible further studies. 

II. MATERIALS AND METHODS 

A. Data Description 

The COVID-19 data used in this study was obtained from 
the website of the Republic of Turkey, Ministry of Health 
[39]. The dataset consists of daily confirmed cases for 201 
days from November 25, 2020, to June 13, 2021, in Turkey. 
Turkey was only reporting symptomatic cases since the day of 
the first detected case. Turkey started including asymptomatic 
cases in its daily count on November 25, 2020. For this reason, 
the starting date of our data was taken as 25 November 2020. 
Fig. 1 shows the time series of the daily confirmed COVID-
19 cases in Turkey. As presented in Fig. 1, the day when the 
highest daily confirmed cases of COVID-19 appeared as 
63.082 is the 143rd day (April 16, 2021). This value 
corresponds to the peak of the pandemic. 

 

Fig. 1. Daily confirmed cases of COVID-19 in Turkey 

B. Machine Learning Models 

ML is referred to as a subset of artificial intelligence.  It 
gives computers the capability to learn and improve without 
being explicitly programmed [40]. In the present study, SVM, 
RF, k-NN and XGBoost ML models would be used to predict 
the daily confirmed cases of the COVID-19 outbreak in 
Turkey. 

Support vector machine (SVM) 

SVM is a supervised ML method based on statistical 
learning theory that can be used for classification and 
regression analysis [41]. The basic concept of the SVM model 
was given by Cortes and Vapnik in 1995 [42]. The SVM 
models aim to obtain the optimal separating hyperplane that 

will separate the classes from each other. In other words, it is 
to maximize the distance between support vectors belonging 
to different classes. SVM has different models with different 
types of kernel functions such as linear, radial basis, sigmoid 
and polynomial.   

Random forest (RF) 

RF, proposed by Breiman in 2001, is an ensemble method 
combining hundreds of decision trees [43]. All of the trees in 
the RF are constructed independently. Every tree depends on 
a random vector sampled from the input data, with every other 
tree in the RF having similar distribution. The predictions are 
achieved by averaging the results of classification and 
regression trees using bootstrap followed by aggregation. RF 
models are popular due to their superior performance and low 
computational costs. 

k-nearest neighbors (k-NN) 

k-NN was developed in 1951 by Fix and Hodges [44] and 
later modified by Cover and Hart [45]. The k-NN algorithm is 
among the most basic instance-based learning algorithms. In 
instance-based learning algorithms, the learning process is 
carried out based on the data held in the training set. A newly 
encountered instance is classified according to the similarity 
between the instances in the training set [46]. In the k-NN 
algorithm, the instances in the training set are specified with 
n-dimensional numerical features. All training instances are 
held in an n-dimensional sample space, with each instance 
representing a point in n-dimensional space. When an 
unknown instance is encountered, the k instances that are 
closest to the unknown instance are determined from the 
training set. The class label of the new instance is assigned 
according to the majority vote of the class labels of its k 
nearest neighbors [47]. The closeness between instances is 
measured by distance measures such as Euclidean, Manhattan, 
Chebychev, Minkowski, and Hamming. 

Extreme gradient boosting (XGBoost) 

XGBoost is known as one of the best performing 
algorithms widely used for supervised learning in ML. It can 
be used for classification, regression and sorting tasks [48]. It 
is an efficient implementation of the gradient boosted trees 
algorithm. The aim of the XGBoost algorithm is to optimize 
the objective function value [49]. The most important 
specialty of the XGBoost algorithm is its scalability in all 
scenarios [50]. The algorithm avoids the overfitting of the 
model thanks to the feature of adjusting the regularization 
parameters and achieves a high success rate by controlling the 
complexity of the trees in the model.   

III. RESULTS AND DISCUSSION 

The flowchart of the proposed system is shown in Fig. 2. 
The data obtained from the website of the Republic of Turkey, 
Ministry of Health were harmonized in a comma-separated 
value file (.csv). The data were examined for extreme, 
missing, and incorrect values and normalized in the range [0, 
1]. Also, the dataset was divided into 80% training set and 
20% test set. 

Time series models are used to predict future data based 
on previous data. Sliding window time series analysis was 
used to prepare the database for predicting process. It is a 
temporary approximation over the actual value of the time 
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series data [51]. The size of the window and segment increases 
until it reaches the least error approach. After the first segment 
is selected, the next segment is selected from the end of the 
first segment. The process is finished when whole time series 
data has been segmented. Fig. 3 shows the process of sliding 
windows. 

 

Fig. 2. Flowchart of the proposed system for predicting COVID-19 

 

Fig. 3. Process of sliding window 

 How much previous data should be used in the prediction 
process affects the performance of the system. Fig. 4 presents 
the mean squared error (MSE) measures for different ML 
methods and window sizes. 

 

 
Fig. 4. Performance evaluation on different ML methods and window sizes 

As seen in Fig. 4, for the test dataset, a window size of 6 
shows the best performance for the SVM model, while a 
window size of 8 performs better in RF. This shows that the 
appropriate window size can play an important role in 
predicting. For this reason, predictions were made using 
different window sizes in the study, and accordingly, it was 
tried to find the appropriate window size for each model. 

Evaluation metrics have used the quality of a model’s 
performance. In this study, the performances of the models 
were analyzed using the MSE and mean absolute error (MAE) 
metrics. MSE and MAE can be calculated by using Eqs. 1 and 
2, respectively.  

                    𝑀𝑆𝐸 =  
1

𝑛
∑ (𝑦𝑖 − �̂�𝑖)

2𝑛
𝑖=1                             

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖 − �̂�𝑖|

𝑛
𝑖=1 

where n, yi and �̂�𝑖  indicate the number of samples, actual 

value and predicted value, respectively.  

Tables 1 and 2 show the performance of each model by 

different window sizes. The values closer to zero represent 

the best performance of the evaluated model for the metrics 

MSE and MAE. According to Table 1, when the MSE and 

MAE metrics for different window sizes from 2 to 14 are 

examined, it is seen that there are very low training error 

values. This indicates successful learning has taken place. As 

shown in Table 2, when the test error value is taken into 

account, the error values are very close to each other in all 

four models. However, k-NN, RF and XGBoost models have 
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lower MAE values than SVM. Among these, the lowest MAE 

value of 0.01197 belongs to the RF model. Considering the 

effect of window size value on test performance in the study, 

SMV and k-NN gave the best performance with window size 

6, RF achieved the best performance with window size 8 and 

XGBoost reached the best performance with window size 10. 
Figures 5-8 show the plot of actual and predicted data with 

different window sizes using different ML models. 

TABLE I.   ERROR METRICS FOR THE TRAINING SET OF EACH MODEL BY DIFFERENT WINDOW SIZES 

Training 

 SVM k-NN RF XGBoost 

Window 

Size MSE MAE MSE MAE MSE MAE MSE MAE 

2 0.00294 0.0476 0.00157 0.0274 0.000327 0.01217 0.000001 0.00179 

4 0.00216 0.0385 0.00209 0.0311 0.000397 0.01344 0.000002 0.00099 

6 0.00204 0.0364 0.00207 0.0305 0.000473 0.01429 0.000001 0.00066 

8 0.00368 0.0556 0.00157 0.0259 0.000378 0.01289 0.000001 0.00066 

10 0.00378 0.0561 0.00119 0.0235 0.000374 0.01253 0.000001 0.00063 

12 0.00363 0.0548 0.00118 0.0228 0.000326 0.01198 0.000001 0.00063 

14 0.00374 0.0559 0.00118 0.0230 0.000334 0.01181 0.000001 0.00062 

TABLE II.  ERROR METRICS FOR THE TEST SET OF EACH MODEL BY DIFFERENT WINDOW SIZES 

Test 

 SVM k-NN RF XGBoost 

Window 

Size 
MSE MAE MSE MAE MSE MAE MSE MAE 

2 0.00294 0.0589 0.000574 0.0171 0.000476 0.01525 0.000562 0.01641 

4 0.00216 0.0409 0.000702 0.0175 0.000416 0.01492 0.000337 0.01405 

6 0.00204 0.0340 0.000613 0.0169 0.000346 0.01312 0.000306 0.01314 

8 0.00368 0.0619 0.000639 0.0196 0.000260 0.01197 0.000292 0.01301 

10 0.00378 0.0046 0.000546 0.0178 0.000232 0.01215 0.000267 0.01281 

12 0.00439 0.0634 0.000524 0.0180 0.000269 0.01344 0.000346 0.01561 

14 0.00487 0.0679 0.000568 0.0195 0.000286 0.01344 0.000300 0.01465 
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Fig. 5. Prediction of daily cases using the SVM model on different window sizes 
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Fig. 6. Prediction of daily cases using the RF model on different window sizes 
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Fig. 7. Prediction of daily cases using the k-NN model on different window sizes 
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Fig. 8. Prediction of daily cases using the XGBoost model on different window sizes

IV. CONCLUSION 

The COVID-19 pandemic has affected all aspects of 
society. It has widely spread to almost every country. Many 
studies on the early prediction of COVID-19 have been 
ongoing. Different types of predictive models have been 
applied in various studies. In this study, considering the 
official data reported by the Republic of Turkey, Ministry of 
Health, the performance of window sizes on ML models in the 
task of predicting the number of daily confirmed cases due to 
COVID-19 was investigated. SVM, RF, k-NN, and XGBoost 
ML models by different window sizes were employed for this 
purpose. The findings show that appropriate window size 
selection is a critical factor in prediction tasks. A poorly 
selected window size can mislead researchers. As future work, 
this study can be extended to other countries by using different 
ML models in a hybrid way. Moreover, different COVID-19 
data such as recovered cases, and deaths can be used. 
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