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Abstract
The dilemma between health concerns and the economy is apparent in the context of strategic decision making during the 
pandemic. In particular, estimating the patient numbers and achieving an informed management of the dilemma are crucial 
in terms of the strategic decisions to be taken. The Covid-19 pandemic presents an important case in this context. Sustaining 
the efforts to cope with and to put an end to this pandemic requires investigation of the spread and infection mechanisms of 
the disease, and the factors which facilitate its spread. Covid-19 symptoms culminating in respiratory failure are known to 
cause death. Since air quality is one of the most significant factors in the progression of lung and respiratory diseases, it is 
aimed to estimate the number of Covid-19 patients corresponding to the pollutant parameters (PM10, PM2.5, SO2, NOX, 
NO2, CO, O3) after determining the relationship between air pollutant parameters and Covid-19 patient numbers in Turkey. 
For this purpose, artificial neural network was used to estimate the number of Covid-19 patients corresponding to air pol-
lutant parameters in Turkey. To obtain highest accuracy levels in terms of network architecture structure, various network 
structures were tested. The optimal performance level was developed with 15 neurons combined with one hidden layer, 
which achieved a network performance level as high as 0.97342. It was concluded that Covid-19 disease is affected from air 
pollutant parameters and the number of patients can be estimated depending on these parameters by this study. Since it is 
known that the struggle against the pandemic should be handled in all aspects, the result of the study will contribute to the 
establishment of environmental decisions and precautions.
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Introduction

Today, Covid-19 ranks at the top of the agenda for virtu-
ally all countries. The Covid-19 (CO: corona, VI: Virus, D: 
Disease, 2019) has been qualified as a novel coronavirus 
(SARS-CoV-2) (Hamit et al. 2021). It is a disease caused 
by a pathogen which affects human respiratory system, lead-
ing to significant symptoms including but not limited to 
fever, dry cough, dyspnea, and pneumonia. The disease was 
detected for the first time on December 1, 2019, in Wuhan, 
province of China. Due to its high speed of spread, it soon 
reached other parts of China, followed by the rest of the 
globe. As the case counts and associated deaths increased 
quickly in the countries affected, the World Health Organiza-
tion declared it as a pandemic on March 11, 2020 (Balcı and 
Çetin 2019; Shaban et al. 2021).

The governments often face a dilemma between health 
concerns and the economy in formulating their responses to 
a pandemic. And they often prefer strategic decision making 
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through diligent observation and assessment of the develop-
ments, instead of going with sudden and dramatic decisions. 
In particular, estimating the patient numbers and achiev-
ing an informed management of the dilemma are crucial in 
terms of the governments’ strategic decision-making pro-
cesses. Predicting pandemic cases well in advance can pro-
vide the governments an important guide in better-informed 
and improved management of the dilemma between public 
health and the economy. Predictions about the future, as well 
as the use of methods and models involving machine learn-
ing for coming up with such predictions, has become essen-
tial. The literature is fulfilling in terms of prediction models 
regarding pandemics (Eroğlu 2020; Ergül et al. 2020). The 
success in controlling pandemics caused by infectious dis-
eases depends mostly on significant information being pro-
vided as early as possible in the life cycle of the pandemic, 
based often on a very limited set of data. To do so, cases 
should be monitored accurately using various variables, in 
order to achieve increased reliability levels for forecasts.

It has emphasized that improving air quality will play an 
important role in overcoming the epidemic and mitigating 
the disease (Conticini et al. 2020). In this context, during 
the Covid-19 epidemic disease, it has great importance to 
clarify how much the air pollutant parameters, PM10 (partic-
ulate matter 10), PM2.5 (particulate matter 2.5), SO2 (sulfur 
dioxide), NOX (nitrogen oxide), NO2 (nitrogen dioxide), CO 
(carbon monoxide), and O3 (ozone) that increase the sever-
ity of the disease in humans, affect the number of patients. 
Because of this information, the present study focused on air 
pollutants (PM10, PM2.5, SO2, NOX, NO2, CO, O3), which 
can be considered a significant set of factors to accelerate 
the spread of the disease and to increase case numbers. To 
achieve a versatile approach to the fight against Covid-19 
pandemic in particular, one should take into account the cor-
relation between air pollutants at a regional level on the one 
hand, and the patient number and distribution on the other. 
The main reason that air pollution increases the severity of 
Covid-19 disease is its damage to the respiratory system and 
other organ systems caused by long-term exposure to the 
pollutants. It has seen that the severity of Covid-19 disease 
was higher in regions dominated by air pollution compared 
to areas exposed to cleaner air. The studies have shown that 
there is a positive correlation between current high levels of 
air pollution and the severity of Covid-19 in some regions 
such as parts of Spain, Italy, USA, Germany, and Saudi Ara-
bia (Paital and Agrawal 2021; THHP 2021). Therefore, in 
this study, air pollutants, which can be considered as one of 
the factors that increase the Covid-19 patient numbers and 
the rate of transmission of the disease, are discussed.

In the study, it was aimed to estimate the number of 
Covid-19 patients corresponding to the pollutant parameters 
(PM10, PM2.5, SO2, NOX, NO2, CO, O3) after determin-
ing the relationship between air pollutant parameters and 

Covid-19 patient numbers in Turkey. Artificial neural net-
works (ANN) were used for prediction. ANN, which are 
widely used in machine learning and are inspired by the 
information processing technique of the human brain, enable 
the understanding of the relationships between dependent 
and independent variables affecting the system when the 
mathematical model of the system cannot be created (Borghi 
et al. 2021; Kuvvetli et al. 2021; Khojasteh et al. 2021).

The data used in the study include the “Daily Sta-
tus Report” for Covid-19, published by the Ministry of 
Health of the Republic of Turkey, for the period June 29, 
2020–November 23, 2020, and the air pollutant concentra-
tion levels published by the Ministry of Environment and 
Urbanization of the Republic of Turkey. The numbers pro-
vided in the report published by the Ministry of Health are 
given for 12 regions (Istanbul, Western Marmara, Aegean, 
Eastern Marmara, Western Anatolia, Mediterranean, Central 
Anatolia, Western Blacksea, Eastern Blacksea, North-East-
ern Anatolia, Central-Eastern Anatolia, and South-Eastern 
Anatolia) according to the regional classification of TUIK 
(Turkish Statistical Institute) IBBS (Statistical Regional 
Units Classification). However, as the data for air pollutants 
other than PM10 and PM2.5 were not available for the Cen-
tral-Eastern Anatolia and South-Eastern Anatolia regions, 
these regions were removed from the study scope, to reduce 
the number to 10 regions. The daily air pollutant parameters 
were downloaded from the website www.​havai​zleme.​gov.​
tr for 10 regions for which the Covid-19 patient numbers 
were available. The station numbers as well as measured 
values vary from region to region. As the model required a 
single value as the daily pollutant parameter, the median of 
numbers received from all stations covered was used as the 
value pertaining to the region. The arithmetic mean was not 
used, as some data points were lost or unavailable.

Forecasting studies are significantly important to effi-
ciently manage Covid-19 pandemic and the affected areas 
such as economy, education, and manufacturing. It is also 
obvious that the relationship of air pollutants with the patient 
numbers and distribution of patients should be considered 
in order to versatile struggle against Covid-19 and similar 
pandemics and to take regional restrictions or precautions. 
The developed model will provide policy makers general 
information to pursue the spread of the disease and sup-
port decision making. Besides, the estimation results will 
have an impact on people having a chronic disease in the 
society to review their individual precautions and comprise 
environmental awareness indirectly. For better control of the 
pandemic, it is crucial to consider taking proactive decisions 
based on regional assessments such as regulating the manu-
facturing processes contributing to air pollution, determin-
ing the traffic time schedule for different types of vehicles. 
Thereby, related studies on these subjects would have sig-
nificant contribution to the literature.
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Related literature

There are several studies in the literature, focusing on the 
estimation and assessment of patient number, infection rate, 
death rate, or case number, based on a number of variables 
known to have an effect on Covid-19 involving machine 
learning and forecasting methods. Wieczorek et al. (2020) 
also worked on developing a neural network model for pre-
dicting Covid-19 spread. The predictor that study used is 
based on a classical approach to deep architecture. Using a 
deep learning method with rolling update mechanism, Wang 
et al. (2020) developed a forecasting model for Covid-19 
based on epidemical data. Kumar and Kumar (2020), in turn, 
looked at the correlation between various meteorological 
parameters and the Covid-19 pandemic in Mumbai, India, 
using an artificial neural network technique and Spearman 
rank correlation test to predict the associations of Covid-
19 with the meteorological parameters covered. Hasan 
(2020) carried out a study where a hybrid model incorpo-
rating ensemble empirical mode decomposition and ANN 
was proposed for the purposes of predicting the spread of 
the Covid-19 pandemic. To do so, real-time Covid-19 time 
series data was used. Using ANN experiments, Magazzino 
et al. (2020) found that the concentration levels of PM2.5 
and PM10 were linked to Covid-19-related deaths. The study 
focused on the potential effects of particulate matter in terms 
of spreading the epidemic. Silva et al. (2020) explored and 
compared the predictive capacity of Bayesian regression 
neural network, cubist regression, k-nearest neighbors, 
quantile random forest, and support vector regression used 
on a stand-alone basis, and a hybrid framework comprised 
of variational mode decomposition coupled with one of 
the above-mentioned models on each case. All forecasting 
models used Covid-19 case data accumulated to date, as 
well as exogenous variables as daily temperature and pre-
cipitation as inputs. Ahangar et al. (2020) investigated the 
relationship between the Covid-19 pandemic’s growth and 
various weather factors and proceeded to propose an opti-
mal mathematical model to forecast daily Covid-19 case 
counts. In order to unearth and assess the potential links 
between Covid-19 and absolute humidity and temperature 
in 5 European countries, they conducted a Poisson analy-
sis with general linear neural network model, to predict the 
trends regarding and the number of daily Covid-19 cases. 
Rasjid et al. (2021) predicted the death and infection rates 
associated with Covid-19 in Indonesia by Savitzky Golay 
smoothing and long short-term memory neural network 
model. The study was based on a dataset containing daily 
death and infection numbers caused by Covid-19. Moham-
madi et al. (2021) carried out a comparative study on Covid-
19 patients from six provinces of Iran and applied multilayer 
perceptron neural network and logistic regression models to 
contribute to the efforts to diagnose and assess the spread 

of Covid-19. Borghi et al. (2021) used a machine learning 
model based on MLP ANN structure, to achieve effective 
and efficient prediction of the behavior of the series ana-
lyzed, in time frames extending up to 6 days. In another 
study, Magazzino et al. (2021) looked at the relationship 
between Covid-19-related deaths, economic growth, PM10, 
PM2.5, and NO2 concentration levels in New York state, 
running daily city-level data through two distinct machine 
learning models. In a study which involved the first empiri-
cal analysis of the correlation between the threshold val-
ues of NO2 concentrations and Covid-19 related deaths in 
France and using ANN experiments and a Causal Direction 
from Dependency algorithm, Mele et al. (2021) found that 
the concentration of NO2 was linked to Covid-19-related 
deaths in three major French cities. Using a multilayer 
perceptron, Abdelhafez et al. (2021) analyzed the correla-
tion between the daily confirmed Covid-19 cases in Jor-
dan and various meteorological parameters including the 
maximum ambient temperature, average daily temperature, 
wind speed, pressure, relative humidity, and average daily 
solar radiation. Behnam and Jahanmahin (2021) compiled 
a dataset comprised of the number of confirmed cases, the 
daily number of deaths associated with Covid-19, and the 
number of recovered cases. Furthermore, by combining case 
number-related variables with measures taken and policies 
introduced over time along with any changes thereof, with 
the help of machine learning algorithms such as the logistic 
function using inflection point, the authors came up with 
new rates such as weekly death rate, life rate, and new 
approaches to mortality rate and recovery rate which would 
have occurred with specific policies and measures. Guo and 
He (2021), in turn, developed an artificial neural network 
to help with the modeling of confirmed cases and deaths 
associated with Covid-19. The model allowed the predic-
tion of the next day’s infected cases and deaths associated 
with Covid-19 worldwide on a cumulative basis, using the 
infected case and death counts of the preceding days. Long 
et al. (2021) adapted a variant of physics-informed neural 
network for an effort to identify the time-varying parameters 
of the Susceptible-Infectious-Recovered-Deceased model 
pertaining to the spread of Covid-19. To do so, they used 
daily reported case numbers. Malki et al. (2021) evaluated 
various machine learning methods in the context of predict-
ing the spread of the Covid-19. The overall endeavor tried to 
come up with daily total confirmed Covid-19 positive cases, 
daily and total deaths, and total and daily recoveries. Gupta 
et al. (2021a) employed a support vector machine to analyze 
Covid-19 data from India, using the prophet prediction and 
the linear regression models. Gupta et al. (2021b) proposed 
a prediction model designed primarily to deal with the small 
size of the dataset available for the purpose of estimating the 
pandemic curve in Europe. In conclusion, they adopted for 
the generalized regression neural network, given the fact that 
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it can be trained accurately with a rather small dataset. Kuv-
vetli et al. (2021), have designed an artificial neural network 
model that will predict the daily number of cases and deaths 
caused by the Covid-19 pandemic in a generalized manner. 
Reddy et al. (in press), in turn, proposed a neural network-
based prediction model for the number of Covid-19 cases 
in India. The recurrent neural network-based LSTM they 
developed was applied on a dataset for India, to train it for 
prediction purposes.

While the above-mentioned studies utilize machine learn-
ing methods for the prediction and evaluation of Covid-19 
cases, the following literature consists of papers using time 
series analysis. Khan and Gupta (2020) employed an autore-
gressive integrated moving average (ARIMA) model with 
the data collected during the earlier months of the pandemic, 
and then proceeded to verify the model using the data from 
a shorter time frame to follow. To compare the accuracy of 
the models, a nonlinear autoregressive neural network was 
developed. Singh et al. (2021) interested in the development 
of ARIMA model to predict the number of Covid-19 cases 
and the effect of a rise in temperature in most affected states 
of India. Yudistira et al. (2021) presented a multivariate 
analysis to emerge comprehensive explanations regarding 
several factors contributing to the dynamics of the pandemic. 
The explanations thus developed were then used to point 
out critical characteristics of the pandemic, which were in 
turn helpful in predicting daily case numbers over the time 
period analyzed. What the authors proposed for this purpose 
was gradient-based visual attribution for generating a sali-
ency map. The aim was to explain which specific variables 
contributed to daily case numbers during a given time frame. 
Alaraj et al. (2021) worked on an improvement on the clas-
sical SEIR model, this time using the SEIRD and ARIMA 
models, with a view to compensating for the differences 
between actual and predicted data. Overall, the study aimed 
to come up with a reliable approach for predicting the evo-
lution of the epidemic, so that policymakers could take the 
correct steps for reducing contagion and implement selec-
tive measures with reference to the specific characteristics of 
individual regions. Chaurasia and Pal (2021) used the data 
for the number of cases, deaths, and recovery cases world-
wide through a period of 5 months to implement a num-
ber of forecasting techniques including the naive method, 
moving average, simple average, Holt linear trend method, 
Holt-Winters method, single exponential smoothing, and 
ARIMA for comparison, and to understand if and how these 
methods stand as improvements over the root mean square 
error score. Toğa et al. (2021) analyzed the prevalence of 
Covid-19 in Turkey, and proceeded to predict infected case 
numbers, the number of deaths, and the recovered cases in 
Turkey, using ARIMA and ANN. The study then compared 
the techniques with reference to MSE and correlation coef-
ficient. Aabed and Lashin (2021) designed a fuzzy logic 

system to predict the effects of the variables covered, on the 
rate of Covid-19 spread. Apart from these studies, Göreke 
et al. (2021) designed a new hybrid classifier architecture 
using deep learning techniques and used it to detect Covid-
19 spread. Another innovative study for Covid-19 detection 
was designed by Noshad et al. (2021). The authors presented 
a deep residual architecture for identification of Covid-19 
using raw chest X-ray images in their study.

When the literature was examined in depth, the studies 
investigating the relationship between the number of Covid-
19 patients and air pollutants were also encountered (Zhu 
et al. 2020; Magazzino et al. 2020; Velasquez and Lara 
2020). For a more detailed review, see Hu et al. (2021). 
These studies revealed that although there have differences 
between regions, many researchers have found an association 
between air pollutants and the number of Covid-19 patients. 
On the other hand, when the studies on Covid-19 using arti-
ficial neural networks are examined, it has been seen that 
almost all of them use the number of patients or deaths from 
previous periods as the input of artificial neural networks. 
Ahangar et al. (2020) has been distinguished as an excep-
tion using the parameters of temperature, and relative and 
absolute humidity as inputs in their study. Still, the fewness 
of studies using air pollutants as input data to estimate the 
number of Covid-19 patients for a given period in the future 
is quite obvious. When the estimation studies on Covid-19 
are examined, it is seen that outputs such as patient num-
bers, mortality rate, number of cases, number of infected 
cases per day, and recovered patient numbers per day are 
tried to be predicted by different methods by independent 
variables such as precipitation the number of past patients, 
mortality rate, susceptible cases, days, curfews, laboratory 
tests, number of daily cases, cumulative cases, cumulative 
number of deaths, cumulative number of recovered patients, 
number of previous cases, daily temperature, and rainfall as 
independent variables. In this study, in spite of other studies 
in the literature, Covid-19 patient numbers are predicted in 
response to the pollutant parameters. The reason to use these 
parameters is their effects on the formation and progressing 
of the disease. At the same time, this study will take a base 
role on helping to understand how environmental factors are 
affecting the tendency of the pandemic.

Methodology

The present study begins with an assessment of the air pol-
lutants’ effects on Covid-19 patient numbers, followed by 
determining to what extent air pollutant concentrations can 
explain Covid-19 patient numbers, using IBM SPSS 22 soft-
ware. The rate thus found is important in explaining patient 
numbers, as it affects the infection rates. After the determi-
nation of this rate, the Covid-19 patient numbers based on 
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air pollution concentrations were estimated using multilayer 
perceptron (MLP), which is the most known Artificial Neu-
ral Networks model by MATLAB R2021a.

Study area, air pollutant, and Covid‑19 data

The study area is on Turkey, which is divided — for the 
purposes of Covid-19 data —into 12 regions as shown in 
Fig. 1: Istanbul, Western Marmara, Aegean, Eastern Mar-
mara, Western Anatolia, Mediterranean, Central Anatolia, 

Western Blacksea, Eastern Blacksea, North-Eastern Anato-
lia, Central-Eastern Anatolia, and South-Eastern Anatolia.

The regions used in the study were defined on the basis 
of the Covid-19 Status Reports published by Turkish Min-
istry of Health on the website https://​covid​19.​saglik.​gov.​
tr. The Covid-19 patient numbers for the period June 29, 
2020–November 23, 2020 as provided in the report were 
used (TMH 2020a). The reports are public and cover only 
the stated time frame. Figure 2 shows the daily reported new 
case and cumulative patient numbers. In parallel, air qual-
ity data from 355 stations in 81 provinces of Turkey were 

Fig. 1   Study area

Fig. 2   Daily reported Covid-19 
patient numbers for Turkey
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also analyzed for the same time frame (EUM 2020). Daily 
air quality data were downloaded from the website (https://​
www.​havai​zleme.​gov.​tr) of Environment and Urban Minis-
try and were matched with the regions for which Covid-19 
patient numbers were provided. As air quality parameters 
other than PM10 and PM2.5 were not available for Central-
Eastern Anatolia and South-Eastern Anatolia regions, the 
analysis was carried out with reference to 10 regions. As 
the number of stations to supply data varied from region to 
region, median values were used for individual parameters.

The period June 29, 2020–November 23, 2020 is com-
prised of 148 days. Even though the infectious period for the 
disease is not established definitely, it is usually considered 
to be in the 2- to 14-day range (TMH 2020b). Considering 
the time frame required for the disease to present symptoms 
after infection, as well as the reports provided in the speci-
fied time frame, the present study is based on an infectious 
period of 3 days. Therefore, the air pollutant parameters are 
contrasted against the patient numbers to arise on the 3rd 
day to follow. Therefore, the data for patient numbers per-
tain to the time frame July 2, 2020–November 23, 2020. Air 
pollutant parameter and patient numbers data for the 145-
day period is available for all regions covered. The patient 
numbers in specific regions in the relevant time frame are 
presented in Fig. 3. One should note with reference to this 
time frame, as the temperatures fall with the onset of fall 
and the subsequent winter, the resources used for heating are 
known to increase air pollution levels. The increase trend in 

patient numbers as shown in the graph is therefore associ-
ated with the fall in temperatures.

Artificial neural network

The term artificial neural network (ANN) refers to a machine 
learning method imitating the learning, remembering, and 
generalization abilities of the brain, by building a model of 
biological nervous systems (Cicek and Ozturk 2021). Fig-
ure 4 presents ANN typology.

As a concept, ANN is based on the workings of the bio-
logical neural network of the human brain. What it tries 
to achieve is to reproduce the behavior of the biological 
neuron (Kumar and Kumar 2020; Vakili et al. 2015). As 
an information processing method inspired by the human 
brain, it is one of the most effective and successful machine 

Fig. 3   Patient numbers observed in the period July 2, 2020–November 23, 2020 in 10 regions

Fig. 4   The typology of ANN
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learning techniques developed so far. While the human brain 
learns from human experiences, ANN mimics the brain in 
its endeavor to process data. The training of ANNs occur as 
either supervised or unsupervised learning systems, based 
on whether the output variable values are known in advance. 
ANNs can be used particularly in cases where no theoreti-
cal information about the functional form or the nonlinear 
structure of the model is available. For training, testing, and 
validation purposes, data are usually split into specific cat-
egories. As the name suggests, the training step involves 
the network’s training — learning — based on the data pro-
vided. The validation step allows one to complete the train-
ing step by validating the structure of the network, whereas 
the testing step enables the assessment of the trained ANN’s 
prediction ability (Toğa et al. 2021).

In the present study, a special type of feedforward back-
propagation neural network called multilayer perceptron 
(MLP) is used. The MLP is the most widely used ANN 
model and usually involves seven inputs, one output, and 
one or more hidden layers. MATLAB R2021a software was 
used to try various network topologies, leading to the con-
clusion that Levenberg–Marquardt BackPropagation (LM-
BP) algorithm produced the optimal performance levels. LM 
is essentially an iteration on the Newton algorithm and is 
used in forward feeding back propagating algorithms along 
with ANN. Thanks to its rapid convergence, and the fairly 
limited number of internal parameters involved, not to men-
tion its dependence on nothing more than first order partial 
derivatives, LM is considered an advantageous option (Yang 
et al. 2020).

In the study, the model was run with 1450 data points (10 
regions and 145 days of data). A 70% of the dataset was used 
for training, 15% was used for testing, and 15% was used for 
validation. Mean square error (MSE) is used as the perfor-
mance criteria, so as to ensure that the model successfully 
predicts figures based on pollutant values.

Results of the methods

Variance analysis and correlation

Descriptive statistics for air pollutant and patient numbers 
data for 10 regions and 145 days were derived using IBM 
SPSS 22 software. The results are presented in Table 1.

The results of the analysis carried out to assess the cov-
ered pollutants’ effects on Covid-19 patient numbers are 
summarized in Table 2. As shown in table, the multiple cor-
relation value is 0.602 while the determination coefficient 
(R2) is 0.362. The adjusted R2 value is 0.359, suggesting that 
the proposed model is adequate at a rate of 36% for forecast-
ing the Covid-19 patient number with reference to pollution 
parameters. The last column of the table, on the other hand, 

reflects the correlation between the actual patient numbers 
and the predicted numbers.

The analysis based on the pollutant and patient count data 
was followed by the running of the ANN method, leading to 
the results presented below.

Results of the artificial neural network

As the values included in the dataset used had different 
ranges, Min–Max normalization was applied to bring all 
values to the [0,1] range prior to use. To estimate patient 
numbers, the present study used a network topology involv-
ing 7 inputs, 1 output, and 1 hidden layer. Figure 5 presents 
the network topology used. It has been observed that the 
combination of Hyperbolic-Tangent (tansig) in the hidden 
layer and Logarithmic-Sigmoid (logsig) in the output layer 
gives the best performance as the activation function. The 
optimum neuron number for the hidden layer was found to 
be 15 through a comparison of the mean square error values 
chosen as performance criteria of training and validation set. 
The performance levels measured are presented in Table 3. 
As seen in table, it is possible to predict the patient numbers 
after 3 days with potential daily pollutant parameter values 
accurately by this model. In Fig. 6, it is seen that the actual 
and the predicted values overlap. Moreover, as Fig. 6 shows, 
this model is arguably capable of producing patient number 
predictions with reference to air pollutant parameters, at a 
rate of 97%.

Table 1   Descriptive statistics of air pollutants and patient numbers

N Minimum Maximum Mean Std. devia-
tion

PM10 1450 13.29 106.84 39.8259 15.52068
PM2.5 1450 3.93 61.46 16.0803 8.20807
SO2 1450 1.64 19.70 5.9096 2.47634
NO2 1450 5.16 88.92 25.8195 12.38392
NOX 1450 7.83 211.63 40.7433 27.31094
CO 1450 147.95 1660.66 525.3830 199.13676
O3 1450 2.56 95.79 45.7669 20.12911
NEW_

PATIENT
1450 4.00 1557.00 144.6614 168.25173

Valid N 
(listwise)

1450

Table 2   Model’s results

a Predictors: (constant), (PM10, PM2.5, SO2, NOX, NO2, CO, O3)

Model R R2 R2 (adj) Std. error of the 
estimate

R2 (predicted)

1 0.602a 0.362 0.359 134.71655 0.352
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Fig. 5   MLP network topology 
used in the study

Table 3   Best network architecture and network’s performance

Training perf Testing perf Validation perf Training algorithm Error function R2 Optimal neuron number

MLP-BP (7–15-1) 0.98193 0.95933 0.89427 LM MSE 0.97342 15

Fig. 6   Neural network training, 
validation and testing regres-
sion plot
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Based on the results obtained, a simulation of the MLP 
model was ran to assess the output performance versus tar-
get values for predicting Covid-19 patient number for train-
ing, validation, and test stages, using all data available. The 
results are presented in Fig. 6. The training and testing phase 
performance obtained by R2 values are 0.98193 and 0.95933, 
respectively. The R2 of validation is 0.89427, showing that 
the training data is well prepared, and that training accu-
racy is strong. As shown in Fig. 6, the coefficient (R2) value 
exhibits the relatively high correlation between the output 
and target values for forecasting Covid-19-related patient 
numbers in Turkey.

Conclusion and discussion

Air pollution poses an important and current environment 
issue, which should be tackled on all fronts, as studies show 
that people who are exposed to long-term air pollution have 
a higher risk of catching and being adversely affected by 
viruses such as Covid-19 due to emerging chronic diseases. 
Each 10 μg/m3 increase in particulate matter (PM10) in the 
air can cause an increase of 0.7% in problems originating 
from the cardiovascular system and 1.4% in health problems 
originating from the respiratory tract (Ayta 2020). When 
the studies in the literature are examined, it has been seen 
that patient numbers, mortality numbers, and the spread rate 
are estimated against different input parameter values con-
cerning Covid-19. Yet, none attempted to estimate patient 
numbers based on air pollutant parameters. Therefore, in this 
study, air pollutant parameters (PM10, PM2.5, SO2, NOX, 
NO2, CO, O3), which are one of the factors that affect the 
Covid-19 disease and increase the spread rate of the disease, 
were examined and patient numbers were estimated using 
these parameters.

The analysis was performed for the purpose of defining 
how input parameters are affecting the output parameters, 
and as a result, multiple correlation value of 0.602 and 
determination coefficient (R2) value of 0.362 were found. 
Adjusted R2 value is 0.359. Respiratory system diseases are 
affected by many factors such as personal factors, allergens, 
and environmental factors. It was found that air pollutant 
parameters, which is one of the factors affecting the Covid-
19 respiratory tract disease, affect the number of patients by 
36% by the established regression model. The model was 
evaluated with analysis of variance, and it was decided that 
the model was significant since Sig (0.000) < 0.005.

After this relationship, a multilayer perceptron model 
consisting of 7 input, 1 output, and 1 hidden layer was 
developed in the study to estimate the number of patients 
depending on the air pollutant parameters. In the model, 
Levenberg–Marquardt method was used as the train-
ing algorithm and mean square error was used as the 

performance criteria. It was seen that the number of 
patients after 3 days was predicted accurately at the rate of 
97% against the air pollutant values by this model. In the 
study, the daily values of the input parameters were used 
as the median value due to the data obtaining from differ-
ent monitoring stations. It is expected that the developed 
model will present a highly accurate estimation result in 
case of arranging the observation values of the data set by 
different measures of central tendency.

The Covid-19 outbreak has revealed the necessity of 
reconsidering the importance of air quality in order to pro-
tect human health during and after the pandemic. Strate-
gic decision making can immensely benefit from not only 
monitoring air quality using an adequate monitoring net-
work and providing required warnings along with efforts to 
ameliorate air quality using emission control mechanisms, 
but also understanding of the relationship between pollut-
ant concentration levels in a region and atmospheric events 
or health followed by forecasts based on that understand-
ing. Making estimations about the future by the help of 
predictive models such as neural networks should be con-
sidered as a useful tool for versatile struggle against pan-
demics. The results obtained by this method will inform 
how to struggle the spread of the pandemic with appropri-
ate data integration and analysis. The relationship revealed 
by the analysis should be evaluated as the determination of 
the effect amounts of air pollution among environmental 
factors.

For future studies, it is planned to use different techniques 
such as other central tendency and distribution measures, 
together with time series, which will best represent the daily 
pollutant parameter values of the regions. Thus, it will be 
possible to predict the number of patients for the future peri-
ods by accurate pollutant parameters.
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