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   Abstract 

The aim of this study is to determine the natural and anthropogenic factors affecting the air quality 

index (AQI) and to create a model that shows the effects of these factors on AQI values in cities of 

Turkey. Natural and anthropogenic factors, which are thought to have an effect on AQI, were 

determined and interpreted with kriging maps. The effects of these factors on AQI were examined 

by explanatory spatial data analysis (ESDA). Global Moran’s I and local Moran’s I (LISA) indices 

were examined for the presence of spatial relation. Spatial lag model (SLM) was proposed for 

parameter estimation instead of ordinary least squares method (OLS) and the average AQI values 

for 2014 and 2015 were compared. It was also concluded that the average AQI values of 2014 and 

2015 were in a strong correlation relationship (Pearson correlation coefficient of 0.914). On the 

Southern Anatolia, desert dust transport decreases the air quality of the region, however on the 

Black Sea coast, meteorological factors have a strong effect on air quality. Both SLM and OLS 

models showed that higher wind speed increases air quality in the cities while increase in GDP 

increases AQI. 

1. Introduction*

Low air quality has a negative effect on human 

health, vegetation, structures, ecosystem, and climate. 

Worldwide, 3.8 million premature deaths annually are 

attributed to ambient air pollution. Average particulate air 

pollution levels in many developing cities can be 4-15 

times higher than World Health Organization (WHO) air 

quality guideline levels [1]. Ozone, which is formed as a 

result of the reaction of volatile organic compounds and 

nitrous oxides through sun rays in the troposphere, has a 

negative effect on human health and harms agricultural 

products and ecosystems [2-4]. Sulfur dioxide, another 

important anthropogenic pollutant, is released as a result of 

the burning of fossil fuels containing sulfur and causes acid 

* Corresponding Author: fusunyalcin@akdeniz.edu.tr

rains to occur in case of long-distance transport [5]. 

The air quality index (AQI) was developed to 

evaluate all atmospheric pollutants together in the urban 

environment and to easily share air quality with people. 

AQI, which was developed primarily in the USA, was used 

similarly in almost all of the world. AQI is generally 

calculated for particulate matter, carbon monoxide (CO), 

Sulfur dioxide (SO2), Nitrogen dioxide (NO2) and Ozone 

(O3) [6]. 

There are lots of studies carried out on the parameters 

affecting the air quality in the urban atmosphere in various 

parts of the worlds [7-11] and in Turkey [12-20]. These 

studies generally focused on the effects of urban pollution 

sources. However, the effects of regional processes and 

regional sources on AQI were not emphasized. Therefore, 

in those studies, regional drivers of urban air pollution are 

underestimated. In order to understand the spatial 

dependence in air quality, Local indicators of spatial 

association (LISA) analysis can be used. This analysis, 
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which assumes a spatial dependence, has been used in 

many areas where the local impact is considered in recent 

years [21-24]. 

In this study, it is aimed to identify the important 

parameters that have a negative and positive impact on air 

quality of urban atmospheres of Turkey for the year 2015. 

With the use of the results of the analysis, regional 

associations and differences in AQI were also investigated. 

In addition, the results of this research were helpful for the 

identification of the regionally effective parameters on 

AQI. These data for 2015 are compared with the data for 

2014 that have been previously published [25]. The 

MATLAB, ArcGIS 10.2 and GeoDA programs were used 

to create the exploratory spatial data analysis (ESDA), 

global Moran’s I and local Moran’s I index calculation, 

ordinary least squares (OLS), spatial lag model (SLM) and 

spatial error model (SEM), which we use to estimate the 

spatial distribution of the air quality index and the factors 

affecting it. 

 

2. Materials and Methods 
 

2.1. Study Area 

 

Turkey is located on Easteran Mediterranean basin. 

Turkey is the 37th largest country, with a total area of 

about 783 600 km2 however, it is the 17th most populous 

country with a population of approximately 84 million. 

There are 81 cities in Turkey and 23 of these have 

populations above one million. The rainfall and 

temperature pattern of Turkey is controlled by four 

pressure centres located over Basra, Azor, Siberia and 

Iceland. In summer, meteorology of Turkey is under 

influence of Basra low pressure centre and Azor high 

pressure centre. However in winter, Siberia high pressure 

center and Iceland low pressure centers, which cause 

colder climatic conditions and more precipiation, 

respectively, are more effective in Turkey. The climatic 

conditions differ significantly due to existence of the 

mountains that run parallel to the coasts. The coastal 

regions areas have a milder climate and the inner plateau 

of Anatolia has hot summers and cold winters with limited 

rainfall [26]. 

 

2.2. Data 

 

Air quality index values of the year 2015 were 

calculated from data obtained from air quality monitoring 

stations operated by Ministry of Environment and 

Urbanization. The AQI data for 2014 were taken from the 

previous study [25],[27]). The General Directorate of 

Meteorology provided daily, temperature, precipitation, 

wind speed and direction, relative humidity, atmospheric 

pressure, sunshine duration, mixture height, intraday 

temperature change and cloudiness data. Then, some of 

these data were re-arranged as “annual average” and others 

as “annual total”. Vehicle density, altitude, urban 

population, total population, population density, 

urbanization, per capita national income data were 

obtained from Turkey statistical institute (TSI). 

Descriptions of these data are given in Table 1. 
 

Table 1. Descriptions of variables. 

Independent 

variables 

Unit Brief descriptions of the 

variables 

AQI  Air Quality Index 

Wind Speed m/s Annual Average Wind 

Speed of Cities 

Average Actual 

Pressure 

kPa Annual Average Pressure 

of Cities 

Average 

Humidity 

 Annual Average Humidity 

of Cities 

Google 

Altitude(M) 

m Cities' Altitudes Above Sea 

Level 

Average Sunshine 

Duration 

hour Annual Average 

Sunbathing of Cities 

Total 

Precipitation 

mm Annual Average Rainfall 

of Cities 

Average 

Temperature 

0C Annual Average 

Temperature of Cities 

Number of 

Automobiles Per 

Capita 

car/person Number of Cars Per Year 

Per Person in Cities 

Number of 

People Per Car 

person/car Number of Cities Per 

Annual Car 

Secon-Ind TL Gross Domestic Product by 

City (for industry) Branch 

of Economic Activity 

GDP TL Gross National Product by 

City 

Per capita GDP TL Gross Domestic Product 

per Capita by Province 

Number of 

Vehicles 

 Annual Total Number of 

Vehicles in Cities 

Total Population  Annual Total Population of 

Cities 

Population 

Density 

/km2 Annual Population Density 

of Cities 

Urbanization Rate % Urban population / Total 

population 
 

Data such as “gross annual product per capita”, gross 

domestic product (GDP-S) for industry according to the 

economic activity branches on a provincial basis, gross 

domestic product per capita (GDP-K) and GDP-B for 

second level classification of statistical regional units, 

which are considered to have an impact on air quality, have 

been obtained from TSI. 

Using the "Ordinary kriging spherical model", annual 

average humidity (Figure 1(a)), annual average pressure 

(Figure 1(b)), annual total precipitation (Figure 1(c)), 

annual average temperature (Figure 1(d)), and total 

population maps (Figure 1(e)) were prepared. 
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Figure 1. Location map and krigging maps. 

(c) 

(a) 

(b) 
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Figure 1. (Cont.) Location map and krigging maps. 

 

Descriptive statistics of variables for spatial models 

are given in Table 2. In 2015, the lowest AQI value was 

calculated in Eskişehir with 64, the highest AQI value was 

608 and was calculated in Bolu. Incomplete data in the 

average sunshine duration and total precipitation were 

completed with the series mean method. Variation 

Inflation Factor (VIF) related to linear multiple connection 

problem was investigated. Accordingly, variables with 

VIF> 10 are not included in the model. 

 

2.3. Air Quality Index Calculation 

 

The air quality data used in this study were obtained 

from air quality monitoring stations operated by the 

Ministry of Environment and Civilization of Turkey [28]. 

There was at least one air quality monitoring station in 

every city that measures at least PM10 and SO2. If there 

were more than one monitoring station for a city, then the 

one that represents the urban background in the downtown 

area was selected and used in this study.  

The data coverage was from January 2014 to 

December 2015. Before the use of the data, a quality 

control check was done based on the correlation of data 

with each other and extraordinary results were excluded 

from the data set. The AQI is an index for reporting daily 

air quality and its health effects by converting the observed 

concentrations to a number on a range of 0 to 500. An AQI 

level lower than 50 means that pollutants will not have any 

significant effect to anyone. If the AQI levels are at or 

higher 51, the air quality level defined as moderate, while 

values below 50 considered satisfactory. Table 3 shows the 

categories of AQI, the range of pollutant concentrations 

(d) 

(e) 
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and index values for each category. 

The AQI values represent the maximum air quality 

sub-index of the following pollutants: PM10, O3, SO2, NO2, 

and CO. AQI is calculated, according to the Turkish 

standard, by using the pollutant concentration data from 

Eq. (1): 

 

𝐼𝑝 =
𝐼𝐻𝑖− 𝐼𝐿𝑜

𝐵𝑃𝐻𝑖−𝐵𝑃𝐿𝑜
(𝐶𝑝 − 𝐵𝑃𝐿𝑜) + 𝐼𝐿𝑜                        (1) 

 

where Ip is the air quality index for pollutant p, Cp is the 

monitored concentration of pollutant p, IHi is the maximum 

air quality index value for color category that corresponds 

to Cp, ILo is the minimum air quality index value for color 

category that corresponds to Cp, BPHi is the maximum 

concentration of air quality index color category that 

contains Cp, BPLo is the minimum concentration of air 

quality index color category that contains Cp. Final AQI of 

a city is determined as the maximum Ip value for a given 

time. In almost all cases, AQI calculated for PM10 was the 

maximum value. Therefore, daily AQI values of the cities 

were calculated for the years 2014 and 2015 and those AQI 

values were used for further analysis. There are 81 

provinces in Turkey and except for Bolu, daily AQI was 

calculated for each province for the years 2014 and 2015. 

For Bolu, daily AQI values calculated using daily average 

values of SO2 values because PM10 data of Bolu was not 

available. Finally, the data was transformed into spatial 

data by adding the coordinates of the cities to which they 

belong. 

 

Table 2. Descriptive statistics of the dependent and explanatory variables for 2015 years. 

 N Mean Std. Deviation Variance Min. Max. 

Valid Missing 

AQI 81 0 175.447 95.828 9183.022 64 608.96 

Wind Speed 81 0 1.777 0.676 0.457 0.6 3.786 

Average Actual Pressure 81 0 938.401 60.874 3705.654 819.199 1017.386 

Average Humidity 81 0 62.634 9.312 86.708 43.088 87.86 

Google Altitude(M) 81 0 691.469 554.694 307684.927 4 1923 

Average Sunshine Duration 64 17 6.204 1.286 1.654 1.596 8.378 

Total Precipitation 76 5 673.499 401.505 161206.232 110.7 2390 

Average Temperature 81 0 13.933 3.199 10.236 4.989 19.98 

Number of Automobiles Per 

Capita 
81 0 0.11 0.052 0.003 0.007 0.232 

Number of People Per Car 81 0 16.455 22.437 503.431 4.311 136.654 

Secon-Ind 81 0 24.374 9.350 87.416 8.17 50.458 

GDP 81 0 28872191.272 84018762.234 7059152407365370 1428560 722567040 

Percapita GDP 81 0 22668.494 7741.654 59933202.453 9657 49773 

Number of Vehicles 81 0 246845.333 466433.285 217560009188.4 7851 3624403 

Total Population 81 0 972111.765 1766432 3120282010079.6 78550 14657434 

Population Density 81 0 124.682 314.226 98738.216 11.582 2820.907 

Urbanization Rate 81 0 0.012 0.022 0.001 0.001 0.186 
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Table 3. Pollutant concentrations for each AQI category of according to Turkish-AQI [28]. 

Index Values Category SO2 (1-hr) 

(µg/m3) 

NO2 (1-hr) 

(µg/m3) 

CO (8-hr) 

(mg/m3) 

O3 (8-hr) 

(µg/m3) 

PM10 (24-hr) 

(µg/m3) 

0-50 Good 0-100 0-100 0-5.5 0-120 0-50 

51-100 Moderate 101-250 101-200 5.5-10 121-160 51-100 

101-150 Unhealthy 

for sensitive 

groups 

251-500 201-500 10-16 161-180 101-260 

151-200 Unhealthy 501-850 501-1000 16-24 181-240 261-400 

201-300 Very 

unhealthy 

851-1100 1001-2000 24-32 241-700 401-520 

300-500 Severe >1101 >2001 >32 >701 >521 

 

2.4. Exploratory Spatial Data Analysis 

(ESDA) 

 

Exploratory spatial data analysis (ESDA) is 

frequently used in many fields of basic and social sciences. 

The first studies were generally on biology and ecology, 

but especially the map studies by Jhon Snow on a cholera 

epidemic in London in 1854 contributed to this method 

[29]. ESDA studies on air quality have been widely seen in 

the literature in recent years [10], [30-33]. The phrase 

"everything is related to everything else, but close things 

are more related to distant things", known as Waldo 

Tobler's basic law of geography, is known as the leading 

sentence for spatial studies [34]. Based on this idea, we 

wanted to examine whether the AQI index values are 

affected by neighboring cities. The concept of spatial 

dependence is similar to the autocorrelation that was 

encountered in time series [35]. Therefore, spatial 

dependence can be called spatial autocorrelation. Spatial 

autocorrelation can offer versatile dependence, unlike the 

one-way dependency in time series. Spatial dependence 

shows the degree of spatial relationship between similar 

units in a geographical region and error terms [36]. In this 

context, there are different indices that measure spatial 

dependence. The most frequently used ones can be listed 

as "Moran’s I", "Geary’s C" and "General G" [37-41], 

[10]. Spatial autocorrelation can be examined in two ways, 

local and global. Local spatial autocorrelation (Local 

Indicators of Spatial Association-LISA) has been defined 

to determine the “relationship between close neighbors”. 

Global spatial autocorrelation is defined to determine the 

“spatial relationship of the entire region” [42-45]. In this 

study, Moran's I indices, which are frequently used in the 

literature, are used. 

LISA, one of the spatial statistical analysis methods, 

was developed with an index determined by Moran in 1948 

[46]. This study was extended by Anselin in 1995 [47]. It 

is used to examine the relationship between neighboring 

regions. A weight matrix is created depending on the 

geographical or political proximity of the neighbors. 𝑊 =

 (𝑤𝑖𝑗 : 𝑖, 𝑗 = 1, … , 𝑛) is the 𝑛 𝑥 𝑛 positive matrix as Eq. (2) 

[47]  

 

[

𝑤11
𝑤21

⋮
𝑤𝑛1

  

𝑤12
⋯ 𝑤1𝑛

𝑤22
⋯ 𝑤2𝑛

⋮     ⋱    ⋮
𝑤𝑛2

⋯ 𝑤𝑛𝑛

]                       (2) 

 

The weight matrix, which is used to determine the 

neighborhood, can be defined as; if 𝑖 and 𝑗 "neighbors", 

then 𝑊𝑖𝑗 =  1, else 𝑊𝑖𝑗 =  0 [48]. The spatial 

autocorrelation value for each region is calculated with 

LISA. The GeoDa program is frequently used for the 

creation of maps and for the calculation of Local Moran’s I 

[47]. 

The local Moran’s I (LISA) used to determine local 

spatial autocorrelation is as Eqs. (3-5). 
 

𝐼𝑖 =
𝑍𝑖

𝑘2
∑ 𝑤𝑖𝑗𝑍𝑖𝑗                                                (3) 

 

𝑘2 =
∑ 𝑍𝑖

2
𝑖

𝑁
                                                         (4) 

 

𝐼 = ∑
𝐼𝑖

𝑁𝑖                                                             (5) 

 

where, 𝐼𝑖  is the local spatial autocorrelation; 𝑁, number of 

observations; 𝑍𝑖 is the deviation from the average. In other 

words, Moran calculates autocorrelation by looking at the 

correlation between the variable of interest and the spatial 

average of that variable. Spatial average of a variable is 

calculated by taking the average of that variable value in 

the neighbors. The results are described in four categories; 

high-high, low-low, high-low and low-high. For example, 

a low-high relation indicates that once the AQI in province 

A is low, the average AQI of the neighboring provinces of 

province A is high. If there is also province B which shows 

similar pattern around province A, than province A and B 

are grouped. This indicates that these two provinces are 

under the influence of same regional source or process. 
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Global spatial autocorrelation for Global Moran’s I is 

calculated as Eqs. (6-7):  

 

𝐼 =
𝑛

𝑆0

∑ ∑ 𝑤𝑖𝑗(𝑥𝑖−�̅�)(𝑥𝑗−�̅�)𝑛
𝑗=1

𝑛
𝑖=1

∑ (𝑥𝑖−�̅�)2𝑛
𝑖=1

                (6) 

 

𝑆0 = ∑ ∑ 𝑤𝑖𝑗
𝑛
𝑗=1

𝑛
𝑖=1                            (7) 

 

where, 𝑛 is the number of cities; 𝑥𝑖 and 𝑥𝑖is the AQI of a 

spatial location 𝑖, 𝑗 [49]. Global Moran indicies take values 

between -1 and +1.  

 

2.5. Spatial Models 

 

In many similar scientific studies, the standard 

approach was started by developing the non-spatial linear 

regression model and then, by developing the model by 

examining the spatial interaction effects of the model [50-

52]. Linear regression models are often estimated by 

Ordinary Least Square (OLS). Spatial regression models, 

on the other hand, are assumed to be in correlation between 

each other, as opposed to traditional regression analysis 

[35]. 

In this study, it was started with the idea that 

neighboring provinces may have affected AQI values. It 

was studied with the idea that independent variables may 

also be affected by the neighborhood between provinces. 

SLM and SEM models were used to determine these 

interactions [53-54]). SEM model: 

 

𝑌 = 𝛼𝚤𝑛 + 𝑋𝛽 + 𝜆𝑊𝑢 + 𝜀                                 (8) 

𝜀~𝑁(0, 𝜎2𝐼𝑛)  
 

where 𝑌 denotes an 𝑁 × 1 vector the dependent variable 

for every unit in the sample (𝑖 = 1, . . . , 𝑁); 𝚤𝑁is an 𝑁 × 1 

vector of ones associated with the constant term parameter 

𝛼;  𝑋 denotes an 𝑁 × 𝐾 matrix of exogenous explanatory 

variables; 𝛽 is a 𝐾 × 1vector of parameters; λ is the spatial 

autocorrelation parameter; W denotes an 𝑁 × 𝑁 spatial 

weight matrix; u is an 𝑁 × 1vector of residual and  and ε is 

a vector of normally distributed errors. 

SLM model: 

 

𝑌 = 𝛼𝚤𝑛 + 𝑋𝛽 + 𝜌𝑊𝑌 + 𝜀                                (9) 

𝜀~𝑁(0, 𝜎2𝐼𝑛)  

 

where 𝜌 is the auto-regressive parameter [53-54],[10]. 

In this study, parameter estimates were obtained by 

ordinary least squares Estimation (OLS) method. All 

spatial regression modeling was conducted using Anselin’s 

Geoda Space and Geoda software. We used ArcGIS 10.6 

and Geoda to generate maps. 

 

3. Results and Discussion 

 

3.1. Spatial Relationship Results for AQI 

 

In the literature, there are studies that take the AQI as 

the dependent variable (i.e. the variable described). In this 

study, we examined which independent variables we can 

explain the AQI. We also examined whether there is a 

spatial relationship in the global and local sense. Based on 

this relationship, we wanted to suggest a model. Both 

cluster maps and Moran I index calculations proved that 

the air quality index and other variables show a spatial 

distribution. The spatial distribution maps for AQI (Figure 

2) showed that all the variables determined were affected 

positively from neighboring provinces (i.e., the increase in 

the value of one province also increased in the neighboring 

province) Moran's I value was obtained as 0.279. 

 

 

Figure 2. Spatial distribution of the AQI and Moran’s I 

value for 2015 years. 

 

In this study, spatial regression models were applied 

instead of the traditional regression model to investigate 

the relationship between the air quality index and 

meteorological and anthropogenic factors. The results of 

the variables showed that the independent variables 

determined for the spatial regression model are in a strong 

spatial relationship. These results show that AQI values are 

positively affected by neighboring provinces. These results 

are consistent with study in China [55]. 
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3.2. Spatial Model Selection for AQI 

 

For the error estimation of AQI, the ordinary least 

squares (OLS) method and classical regression model 

followed by the Spatial Error Model (SEM) was studied 

using MATLAB and Stata14 programs. 

While choosing the spatial model, it was examined 

whether the spatial effect was caused by the error term or 

by delay. Yalcin et al. [25] worked with the data of the year 

2014 and found out that the coefficient of determination 

(R2) of the OLS model was 0.2102, while R2 for the SEM 

was 0.2478. This result showed that a SEM is a better 

model than the OLS model. Also, the value of ρ in the 

model is 0.680 which is statistically significant. 

Similarly, spatial analysis was made for data of the 

year 2015. It was concluded that the spatial effect occurred 

without spatial delay (probability values 0.070 <0.079). 

For this reason, SLM model has been proposed. For the 

year 2015, the model's R2 with OLS was 0.238, whereas 

for SLM, the R2 was 0.290. This result showed that a SLM 

was a better model than the OLS regression model. At the 

same time, the ρ value in the model was 0.320 and was 

statistically significant (Table 4). This value indicates that 

a 1% increase in the AQI value in one province causes a 

3.2% increase in the AQI value in the neighboring 

provinces.  

Results indicates that both OLS and SLM models 

showed statistically significant negative correlation with 

wind speed. It is well known that as the wind speed 

increases fresh air dilutes the polluted air in the cities and 

hence, AQI decreases. The GDP, on the other hand, 

showed statistically significant (p<0.05) positive 

correlation. This fact indicated that, although the 

coefficients were low, as the GDP of the cities increases, 

people tend to release more pollution to air. Finally, 

number of people per car data had a positive correlation in 

SLM model. The other parameters such as humidity, 

altitude, total precipitation, total population also showed 

correlation but their significance were between 0.10 and 

0.05. 

 

Table 4. OLS and SLM Model Coefficients for 2015. 

Variables OLS SLM  Spatial Relationship Value Probability value 

CONSTANT   1.8997** 2.365**    

Wind speed -18.3913** -16.5763** Moran’s I(error) 2.9484 0.003 

Average Actual Pressure -0.5737* -0.4613 Log-Likelihood -471.384  

Average Humidity 5.4329* 4.8364* LM (lag) 3.2805 0.070 

Google Altitude(M) 0.05644* 0.0525* Robust LM (lag) 0.2239 0.636 

Average Sunshine Duration 9.2518 10.1284 LM (error) 3.0793 0.079 

Total Precipitation -0.009303* -0.011* Robust LM (error) 0.0227 0.636 

Average Temperature 20.1848 17.5375 LM (SARMA)  3.3032 0.191 

Number of people per car 0.1878 0.056**    

GDP 0.002*** 0.0003**    

Per capita GDP -0.00002* -0.003    

Total Population -0.731* -0.7338*    

Population Density 0.2760* 0.2338    

W=ρ  0.320***    

AIC 980.664     

SIC 1021.370     

R-squared 0.238      

Pseudo R-squared  0.290    

*: %10 significant; **: %5 significant; ***: %1 significant 

3.3. LISA Map Results 

 

For local spatial autocorrelation a result, local 

Moran’s I indices of each city's AQI were calculated and 

were showed in Figure 3 and Figure 4 for the years 2014 

and 2015, respectively.  

The local Moran’s I index results are between 0 and 

1. There is said to be a correlation when the index value is 

greater than 0. The correlation is stronger as the index 

value approaches to 1.  The local Moran’s I index for AQI 

values were calculated as 0.239 and 0.300 for the years 

2014 and 2015, respectively. This result shows that 

according to AQI values more cities were correlated by 

each other in 2015.  

LISA maps the year 2014 showed that 7 cities in two 

regions were categorized as high-high, 5 cities in two 

regions classified as low-low. In addition, the neighboring 

relationship was not statistically significant for 69 
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provinces. High-high relations were observed in 

Zonguldak, Bolu and Düzce provinces on Black Sea region 

and Mardin, Diyarbakır, Batman and Siirt provinces in 

Southeastern Anatolia. AQI values for the year 2014 of 

Zonguldak, Bolu and Düzce provinces, showed statistically 

significant correlation (p<0.01) with Pearson correlation 

coefficient varying between 0.602 (Zonguldak-Bolu) and 

0.735 (Zonguldak-Düzce). The AQI of these provinces 

were statistically higher than the surrounding provinces. 

There are no strong natural source affecting this region. 

Therefore, anthropogenic emissions, especially coal 

combustion for household heating, seems to be the major 

source of pollution. Similar meteorological activity in the 

area could have a negative effect on accumulation of air 

pollutants in the atmosphere resulting in higher AQI. In the 

Southeastern Anatolia region, AQI for the year 2014 of the 

four provinces (Mardin, Diyarbakır, Batman and Siirt) also 

showed statistically significant correlation (p<0.01) with 

Pearson correlation coefficient varying between 0.330 

(Batman-Mardin) and 0.728 (Diyarbakır-Mardin). Winter 

season household heating in the area is expected to be the 

major local source. However, there is a very strong natural 

source in the region: desert dust transport from Arabian 

Peninsula [56]. The dust transport from Arabian Peninsula 

seems to increase AQI values in the region. 

For the both of the low-low zones observed in 2014, 

the AQI values were observed lower than the surrounding 

provinces. The reason of low AQI from the surrounding 

provinces could be due to lower pollutant emissions than 

the surrounding provinces or have a different 

meteorological condition that increases the air quality of 

the regions. In general, we do not expect to see lower 

emissions form the surrounding provinces under same 

meteorological activities, but location of the downtown 

area might have an effect on such observation. 

LISA maps of AQI values for 2015 showed us that. 

Eight provinces in two regions were categorized as high-

high, eight provinces were grouped as low-low in one 

region and two provinces were clustered as low-high. In 

addition, the neighboring relationship was not statistically 

significant for 63 cities. The low-low zone for the year 

2015 in the Central Black Sea coast and composed of 

Kırıkkale, Çorum, Kastamonu, Sinop Samsun, Ordu, Tokat 

and Amasya provinces. On the east of the low-low region, 

there was a low-high region consist of Bartın and 

Zonguldak provinces. AQI values for the year 2015 of 

these low-low and low-high classified nine provinces, 

showed statistically significant correlation (p<0.01) with 

Pearson correlation coefficient varying between 0.265 

(Kırıkkale-Sinop) and 0.845 (Çorum-Tokat). The results 

indicate that the meteorological conditions on the Central 

Black Sea coast together with some central Anatolia region 

decreases the AQI of the area. On the south of low-high 

region, there was a high-high cluster. This cluster was 

composed of Sakarya, Düzce and Bolu provinces. Daily 

AQI values for the year 2015 of these three provinces 

showed statistically significant correlation (p<0.01) with 

Pearson correlation coefficient varying between 0.320 

(Sakarya-Bolu) and 0.749 (Düzce-Bolu). These three cities 

AQI values also showed statistically significant correlation 

with low-low and low-high provinces located on the Black 

Sea coast and Central Anatolia region (p<0.05). This 

indicates that AQI show similar pattern for this group of 

provinces. As indicated previously, there is not any 

regional natural source in the region. The only regional 

parameter is the meteorological events (precipitation and 

wind speed). These parameters could vary from province 

to province due to the topography of the downtown area. 

Therefore, this high-high relation could be a result of local 

anthropogenic emissions and similar negative effect of 

meteorological events. The second high-high cluster was 

on the south Anatolia and composed of Niğde, Adana, Kilis 

and Osmaniye and Antakya provinces. Daily AQI values 

for the year 2015 of these three provinces showed 

statistically significant correlation (p<0.01) with Pearson 

correlation coefficient varying between 0.439 (Niğde-

Antakya) and 0.845 (Antakya-Osmaniye). In Adana, 

agriculture and agriculture related industry is dominant. In 

between Adana, Antakya and Osmaniye provinces, 

İskenderun Heavy Industry Zone is located. However, in 

the downtown area of the other provinces, there is not any 

important industrial area. Therefore, this high-high trend in 

the region could not be due to local or regional 

anthropogenic emissions. As indicated earlier, the South 

Eastern part of Anatolia region is under influence of desert 

dust transport from Arabian Peninsula. Also, studies 

conducted in this region showed that desert dust transport 

from Northern Africa increases the particulate matter 

concentrations in the region [57-58]. Therefore, the 

regional dust transport has a negative effect on AQI of 

these cities. 
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Figure 3. AQI Local Moran’s I Graph and LISA Map for 2014. 

 

 

 

 

Figure 4. AQI Local Moran’s I Graph and LISA Map for 2015. 
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3.3. Comparison of the AQI values of the 

years 2014 and 2015 

 

Before the comparison of the averages of 2014 and 

2015 AQI values of provinces basis, normality test was 

conducted. The average values of the provinces were 

analyzed with the Kolmogorov-Smirnov Test and Shapiro-

Wilk test provided by the normality assumption (Table 5). 

Accordingly, it was determined that the data is normally 

distributed for both years. 

 

Table 5. Tests of Normality of Annual Average AQI of 

Cities for the years 2014 and 2015. 

Tests of Normality 

 Kolmogorov-Smirnov Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

Average 

2014 

0.075 80 0.200* 0.977 80 0.170 

Average 

2015 

0.077 80 0.200* 0.981 80 0.275 

*. This is a lower bound of the true significance. 

 

The mean of the cities average AQI values were not 

statistically different than each other with 95% confidence 

interval. This expected since most of the time, PM10 values 

are lower than the 100 µg/m3 and below this level, AQI 

and PM10 levels show correlation with a line 𝑦 = 𝑥. The 

correlation between average AQI of the years 2014 and 

2015 are shown in Figure 5. 

 

 
Figure 5. Correlation of average AQI of the provinces in 

Turkey for the years 2014 and 2015. 

 

Only Muş for the year 2015 exceeded average AQI 

level of 100. This indicates that the air quality in Muş 

province was unhealthy for sensitive groups for the year 

2015. In both years, 39 provinces had an average AQI less 

than 50 (Good) and rest of provinces had an average AQI 

between 51 and 100 (Moderate). 

Table 6. Pearson Correlation Result of Annual Average 

AQI of Cities for the years 2014 and 2015. 

Correlations 

 Average2014 Average2015 

Average 

2014 

Pearson 

Correlation 

1 0.914** 

Sig.  

(2-tailed) 

 0.000 

**. Correlation is significant at the 0.01 level (2-tailed). 

 

Since the data is normally distributed, the Pearson 

Correlation coefficient is examined and the coefficient was 

found to be 0.914, which is statistically significant in the 

99% confidence interval. This result shows us that there is 

a strong relationship between the averages of 2014 and 

2015 AQI values (Table 6). 

The AQI values of the provinces for the years 2014 

and 2015 are given in Figure 6 and Figure 7, respectively. 

The average AQI values of all cities were 53.1±18.2 and 

53.7±18.9 for the years 2014 and 2015, respectively. The 

highest average AQI was calculated as 103 for Muş for the 

year 2015. The lowest average AQI was calculated as 18 

for Tunceli for the year 2014. 

 

 

Figure 6. Average AQI values of the provinces in Turkey 

for the year 2014. 

 

 

Figure 7. Average AQI values of the provinces in Turkey 

for the year 2015. 

 

It was determined that 9 out of 10 provinces with the 

highest AQI values were the same in both years. These 

nine provinces were Muş, Iğdır, Bursa, Siirt, Hakkâri, 

Manisa, Kayseri, Batman, Muğla and Denizli.  

Muş, Iğdır, Siirt, Hakkâri and Batman provinces were 

located on the East Anatolia. There were almost no 

industrial activities on downtown area of the provinces. 

The main reason of the high AQI on these cities was 
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probably due to household heating and traffic emissions. 

Bursa and Kayseri were located on Marmara region and 

central Anatolia, respectively and Manisa and Denizli were 

on western Anatolia. These four cities host industrial 

production. Therefore, aside from household heating and 

traffic, industrial emissions could also contribute to high 

AQI. Muğla, on the other hand, was located on the Aegean 

Sea. Downtown Muğla was located 15 km from the sea 

and there were almost no industrial activities in downtown 

area of the province. Hence, household heating together 

with traffic emissions were the main sources of pollution in 

Muğla. 

Six of the ten lowest AQI cities of the years 2014 and 

2015 were the same. These were Tunceli, Çanakkale, 

Kırıkkale, Bingöl, Amasya and Rize. These six cities are 

located on different parts of the Anatolia (Tunceli and 

Bingöl are in Eastern Anatolia, Çanakkale is between 

Marmara and Aegean seas, Kırıkkale and Amasya are in 

central Anatolia and Rize is in Eastern Black Sea) is in and 

there were no important industrial settlements in the 

downtown areas of the cities. 

4. Conclusions

Understanding the need for regional air quality is 

going to help us to recognize the driving forces 

underneath. This study brings a different perspective to 

reveal the effects of natural and anthropogenic factors that 

are thought to affect the air quality index, which helps to 

understand air pollution. Considering the distribution of air 

pollution, the focus is on spatial autocorrelation. In this 

context, we tried to estimate the parameters of natural and 

anthropogenic effects through spatial regression models. It 

has been observed that there is a spatial distribution map of 

AQI values and Global Moran's I value (0.279). This 

information shows us that the AQI values in one province 

are affected by the AQI values in the neighboring province. 

Priority OLS method was used for parameter estimation of 

12 independent variables which are thought to have an 

effect on AQI value and R2 value is 0.223. Spatial error 

and spatial lag models were created in this investigation 

with ESDA. It was concluded that the spatial effect 

resulted from spatial delay (probability values 0.070 

<0.079). For the SLM model, R2 was obtained as 0.290. 

The model obtained with SLM was determined to be a 

better model compared to the model obtained according to 

the OLS method. In the model, the value of ρ expressing 

the presence of spatial effect was statistically significant 

and was found to be 0.320. This value indicates that a 1% 

increase in the AQI value in one province causes a 3.2% 

increase in the AQI value in the neighboring provinces. 

While wind speed causes a decrease in AQI value, increase 

in GDP increases AQI. 

The average AQI values for 2014 and 2015 were 

compared. The Pearson correlation coefficient of between 

the cites for the consecutive years was found to be 0.914, a 

value very close to 1. This result showed that the average 

AQI values of 2014 and 2015 are in a strong correlation 

relationship. In both years, just 39 provinces had average 

AQI value below 50; indicating most of the cities were not 

in the good air quality category.  

In this study, though average air quality of the 

provinces did not change significantly from one year to 

other, responses of cities to meteorological factors and 

regional dust transport plays an important role to change 

air qualities of the regions. Desert dust transport seems to 

increase AQI index of cities located on the Southern 

Anatolia whereas, meteorological factors either decreases 

or increases AQI of regions located on the Black Sea coast. 
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