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Abstract

Air pollution and climate change are interconnected, posing significant health risks. This study assesses air
pollution levels in Tirkiye, their link to respiratory disorders, and regional variations. Findings show that Istanbul,
Turkiye's most populous city, has the highest patient count (mean * SD: 387 £ 302). Positive correlations were
found between air pollutants and patient numbers, except for ozone; sulfur dioxide showed the strongest
correlation (r = 0.7). Multivariate regression indicated adjusted R* > 0.5 in four regions. K-means++ clustering
categorized regions by population density, with the largest cluster covering 28.3% of the dataset. These results
underscore the impact of air pollution on respiratory health, highlighting the need for targeted interventions to

reduce environmental risks and disease prevalence
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Introduction

Global warming, air pollution, and health are interre-
lated challenges. Climate change, characterized by
rising global temperatures, exacetbates air pollution
through increased heatwaves, storms, and wildfires,
elevating pollutant levels (Tran et al., 2023). Higher
temperatures also enhance emissions of pollutants like
ground-level ozone, while meteorological shifts influ-
ence pollutant formation, transport, and dispersion,
posing severe environmental and health risks (HEAL,
2021). Additionally, declining air quality and increased
pollen concentrations further impact respiratory
health. Without effective mitigation strategies, these
interconnected issues will continue to amplify global
health risks, contributing to the disease burden, parti-
cularly under projected temperature increases of 1.5—
4.8°C by the end of the century (Tran et al., 2023).
The adverse effects of air pollution on health are sub-
stantial. According to the World Health Organization
(WHO, 2021), air pollution is responsible for appro-
ximately 7 million deaths annually, with 4.2 million

linked to ambient air pollution and 3.8 million to in-
door air pollution. Global studies attribute 19% of
cardiovascular disease deaths to poor air quality (Col-
laborators, 2016). By 2050, the Organization for Eco-
nomic Cooperation and Development (OECD, 2012)
predicts ambient air pollution will be the leading
environmental cause of death. Even in regions with
declining early death rates, such as Europe, air
pollution continues to cause nearly 400,000 premature
deaths annually (EEA, 2021). Notably, an OpenAQ
sutvey shows that half of the wotld's nations fail to
meet standards for outdoor air quality (RCAP, 2020).
Prolonged air pollution exposure increases suscep-
tibility to viral infections and chronic diseases (RCAP,
2020). Pollutants impair lung function, raising the risk
of respiratory infections, asthma, and COPD (Do-
mingo and Rovira, 2020; Zhang et al., 2020). PM10 is
linked to Obstructive Sleep Apnea Syndrome (Yildiz
Gilhan et al., 2020), while MS prevalence is higher in
industrial zones (Turk Bori et al., 2020). PM2.5 expo-
sure has caused over 44,000 eatly deaths in Turkiye
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(Pala et al., 2021), with air pollution-related health costs
exceeding $9 million annually in cities like Nigde (Kara
et al., 2021). Recent developments, such as the Covid-
19 pandemic, have highlighted the interplay between
While
measures against the pandemic temporarily reduced air
pollution, elevated pollution levels have been linked to
increased Covid-19 cases and deaths (RCAP, 2020).
Numerous studies confirm that exposure to pollutants

environmental factors and health outcomes.

worsens respiratory diseases and amplifies risks of ho-
spitalization and mortality (Mele and Magazzino, 2021;
Zhang et al., 2020; Brandt et al., 2020; Wu et al., 2020,
Travaglio et al.,, 2021; Angelis et al., 2021). These fin-
dings underscore the urgency of addressing air quality
to safeguard public health. Tirkiye combats air pollu-
tion through regulations, international agreements, and
civil society initiatives. However, industrialization and
urbanization continue to drive pollution, increasing air
pollution-related deaths (RCAP, 2020). Identifying
problems and solutions is crucial. This study assesses
the regional distribution of air pollution, its link to re-
spiratory diseases, and regional variations. Using SPSS,
QGIS, and machine learning algorithms, it offers a
comprehensive analysis of pollution dynamics and
health impacts. Unlike previous studies in Turkiye fo-
cusing on specific pollutants or stations, this study ana-
lyzes comprehensive air pollution data from 355 sta-
tions across all 81 provinces. The findings aim to fill a
gap in the literature and highlight the need for effective
strategies to reduce air pollution and its health impacts.

Material method

This study analyzed air pollution data (PM10, PM2.5,
SO,, NO,, NOy, CO, and O;) from 355 stations across
81 regions in Tirkiye and respiratory disease data from

the Ministry of Health's Covid-19 Situation Repotts.
Air quality data was downloaded from the air monito-
ring site (www.havaizleme.gov.tr) and categorized into

12 regions (RTMEU, 2020). In determining the regions,
Covid-19 Status Reports published by the Ministry of
Health were used. The reports presented Covid-19 Pa-
tient Numbers broken down by regions in accordance
with the “Statistical Regional Units Turkiye Classifica-
tion-1 (Turkiye SRE-1)”, based on the following re-
gions: Aegean (1st region), Western Marmara (2nd re-
gion), Istanbul (3rd region), Eastern Marmara (4th re-
gion), Western Anatolia (5th region), Mediterranean
(6th region), Central Anatolia (7th region), Western
Black Sea (8th region), Eastern Black Sea (9th region),

North-Fastern Anatolia (10th region), Central-Eastern
Anatolia (11th region), South-Eastern Anatolia (12 th
region) (Fig. 1). In this study, the analysis was made
from June 29th, 2020 to November 23rd, 2020. The
analysis showed that some stations had long measure-
ment gaps. Data sets with at least 75% completeness
were included, while those missing measurements for
an entire month were excluded. Patient data were
obtained from the Ministry of Health’s Covid-19
Information Platform via Regular Situation Reports,
which were publicly available for a limited time
(RTMH, 2020). Figure 2 presents daily patient numbers
from these reports. The study used the KMO (Kaiser-
Meyer-Olkin) and Bartlett’s test to assess data suit-
ability and the One-Sample Kolmogorov-Smirnov (K-
S) test to check for normal distribution. KMO values
range from 0 to 1, with 20.5 and p < 0.05 indicating
data suitability for analysis. A very small p- value (e.g.,
p = 0.000) in Bartlett’s test confirms significant variable

(1) Aegean

(2) Western Marmara
(3) Istanbul

(4) Eastern Marmara
(5) Western Anatolia
(6) Mediterranean
(7) Ceatral Anatolia
(8) Wester Black Sea

(9) Eastern Black Sea

(10) North-Eastern Anatolia
(11) Ceatral-Eastern Anatolia
(12) South-Eastern Anatolia

Number of Patients for 12 Regions

Figure 1. Regions of patient numbers by NUTS-1,
Tiirkiye (RTMH, 2020)

Figure 2. Number of daily patients between 29.06.2020 and
21.11.2020 (RTMH, 2020)
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relationships (Napitupulu et al., 2017). After these tests,
descriptive statistics were conducted for data interpret-
tation. QGIS software was used to visualize the geogra-
phic distribution of air pollution and patient numbers.
Correlation analysis examined their relationship across
regions, while multiple linear regression (MLR) models
estimated the impact of air pollutants on patient num-
bers. MLR, a statistical method, uses multiple explana-
tory variables to predict a response variable (Peter et
al., 2019; Ozbay et al., 2011). Clustering analysis classi-
fied locations into subgroups based on air pollutant
type and concentration. This widely used data mining
technique identifies similar data structures. The k-
means++ method, preferred for large datasets, is an
unsupervised learning approach used in data science
and machine learning (Ikotun et al.,, 2023). Although
the pandemic has officially ended, Covid-19 persists in
various forms. Given the shorter transmission time of
new variants, patient numbers and pollutant data were
offset by two days for analysis. Assessments were
conducted over 146 days. Due to the unavailability of
pollutant parameter values for PM2.5, NO,, NOy, CO,
and O, in the Central Eastern Anatolia region and SO,,
NO,, NOy, CO, and Oj; in the Southeastern Anatolia
region within the given date range, the clustering
analysis was applied to a total of 10 regions. The
dataset comprises 146 daily emission characteristics for
seven pollutants across ten regions and a single depen-
dent variable representing the number of patients.
During the clustering process, two alternatives were
evaluated: one in which the number of patients was
included as an independent variable, and another where
it was excluded entirely. Based on the Silhouette coef-
ficients, the optimal number of clusters for both alter-
natives was determined to be two. However, to align
the analysis with the regions identified by the Ministry
of Health during the eatly stages of the Covid-19
outbreak, a cluster count of k=10 was chosen instead
of the optimal number of clusters. This decision was
based on the assumption that factors such as air
temperature and wind, in addition to the selected
parameters, could influence disease prevalence. The
clustering processes were performed using the Orange
Data Mining Program.

Results

Air pollutant concentrations and patient numbers

The KMO-Bartlett’s test and the One-Sample Kolmo-
gorov-Smirnov (K-S) test were conducted on the pa-
tient dataset and separately on the 12-region emissions

data group. Due to the unavailability of pollutant
parameter measurements for PM2.5, NO,, NOy, CO,
and Oj in the Central-Fastern Anatolia region, and for
SO,, NO,, NOy, CO, and O; in the Southeastern
Anatolia region within the specified dates, these
pollutants were not evaluated for these regions. The
dataset was deemed suitable for analysis across 10
regions, as the KMO wvalues ranged from 0.531 to
0.850, exceeding the threshold of 0.5 in all regions
except for the Aegean and North-Eastern Anatolia
regions, at a significance level of p=0.000. It was deter-
mined that there was a significant relationship between
the variables because the p value obtained for the
Bartlett test was very small (p=0.000). The sample data
did not follow a normal distribution because The test
statistic from the One-Sample Kolmogorov-Smirnov
(K-S) test and the corresponding significance values (p-
value) were also determined less than 0.05. Descriptive
statistics were conducted on concentrations of air pol-
lutants (PM10, PM2.5, SO,, NO,, NOy, CO, and O;)
at all monitoring stations. The results, along with the
number of patients, are presented in Table 1. As shown
in the table, Istanbul had the highest maximum, mean,
and standard deviation values for the number of pa-
tients, with a2 mean * standard deviation of 387 +302.
According to 2020 statistics, Istanbul had a population
of 15,462,452, significantly larger than other regions.
The population density in Istanbul was 2910 peo-
ple/km?, compared to other regions: 1851 in the Medi-
terranean, 1682 in Eastern Marmara, 1077 in South-
eastern Anatolia, 951 in the Aegean, 730 in Western
Black Sea, 501 in Eastern Black Sea, 436 in Western
Marmara, 391 in Central Anatolia, 358 in Central-
Eastern Anatolia, 307 in Western Anatolia, and 220 in
North-Fastern Anatolia. Regarding pollution levels, the
table indicates that NOy, NO,, and CO emissions were
particularly high in Istanbul. These elevated levels are
likely attributable to the widespread use of natural gas
for heating and high traffic density. However, other
pollutants, such as PM10 and PM2.5, were not as ele-
vated in Istanbul compared to other regions. The
highest standard deviations for PM10 and PM2.5 were
observed in Southeastern Anatolia. While the highest
standard deviation for SO, was in Central Anatolia, it
was also notably high in Southeastern Anatolia, likely
due to the extensive use of fossil fuels for home
heating. The highest standard deviations for O, were
recorded in Central Anatolia, which can be attributed
to ozone’s tendency to accumulate in rural areas. Wit-
hin the scope of the study, mapping was performed
using Quantum GIS (QGIS) geographic information
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Table 1. Descriptive statistics for each region

. S % S 582 & g & & o ~5%

Region/Pollutant E % 2 % % 8 ) E é E E ) % % o O E é
Mean Std. Dev
Istanbul 28 12 4 32 50 629 35 387 17 8 1 14 44 183 11 302
Western Marmara 32 10 5 11 19 620 66 31 13 6 2 5 12 183 18 47
Aegean 41 12 8 16 21 387 20 160 12 6 1 4 6 173 7 157
Eastern Marmara 33 14 5 22 35 549 58 175 15 7 2 23 207 18 162
Western Anatolia 38 13 5 38 53 428 40 248 15 7 2 15 39 193 10 87
Mediterrenian 34 18 5 28 35 474 62 135 9 7 2 10 17 170 16 103
Central Anatolia 43 13 5 30 40 372 59 117 20 7 4 12 21 179 19 66
Western Black Sea 39 15 7 23 33 485 2290 14 7 2 7 17 178 8 78
Eastern Black Sea 34 15 5 21 30 485 48 40 11 7 2 12 92 11 30
North-Eastern Anatolia 40 21 4 25 31 391 60 52 18 13 2 16 211 18 21
Central-Eastern Anatolia 44 29 8 94 14 9 4 42
South-Eastern Anatolia 51 34 9 202 26 16 3 65
Min Max

Istanbul 12 5 3 15 11 420 5 99 97 54 7 89 212 1516 61 1557
Western Marmara 17 4 3 5 8 393 21 4 84 41 20 26 64 1273 90 262
Aegean 21 5 5 5 10 148 3 45 92 44 13 31 44 773 40 902
Eastern Marmara 16 5 3 10 18 315 16 55 94 45 12 52 117 1661 83 899
Western Anatolia 15 6 2 14 17 253 20 96 92 43 12 79 186 1125 68 533
Mediterrenian 13 11 2 5 8 304 22 48 61 53 16 59 111 1270 83 728
Central Anatolia 20 6 2 12 16 176 21 22 107 43 19 54 96 1114 89 294
Western Black Sea 21 8 4 11 15 221 9 14 92 44 15 46 83 1046 41 551
Eastern Black Sea 13 8 3 12 15 369 17 76 39 11 46 74 933 70 226
North-Eastern Anatolia 15 7 2 10 12 289 23 106 61 12 43 83 1234 96 137
Central-Eastern Anatolia 19 13 5 27 87 58 23 197
South-Eastern Anatolia 21 13 5 110 170 102 24 468

system software to understand the spatial distribution
of both pollution levels and patient numbers, as shown
in Figure 3. This method was used to draw attention to
the differences across Turkey's regions. The results
obtained for these differences by tregion are given
below:

- significant disparities were observed in the prevalence
of patient numbers across twelve distinct regions in
Tarkiye. Istanbul stood out as the region with the
highest patient numbers. This is attributed to its high
population density and its elevated levels of economic
and social activity compared to other cities. It has been
observed that health problems have increased in paral-
lel with environmental problems brought on by urbani-
zation;

- conversely, in the Southeastern Anatolia Region, with
a population density of 1,134 people/km?, the patient
numbers reached 29,910, underscoring the region's
vulnerability the pandemic. The
population density and substantial patient volume
significantly strained the healthcare system. Pollution

to considerable

maps revealed high levels of all emissions except for
O;, which was not measured. Air pollution in this
region was notably more severe than in other regions;

- in the Western Anatolia Region, despite a compara-
tively lower population density of 392 people/km? and
the presence of three metropolitan centers, the patient
numbers reached 36,657, highlighting the severity of
the pandemic and the rapidity of its spread. This
outcome can be attributed to Ankara, Tturkiye’s capital,
which is located within this region. The high concen-
tration of government entities in Ankara, surpassing
private firms, necessitated the continued attendance of
government employees during the pandemic to main-
tain public services. This increased the likelihood of
virus transmission. Regarding pollution, Western Ana-
tolia recorded higher average levels of NOy and NO,
emissions, primarily due to vehicular congestion;

- the Marmara Region, including Eastern and Western
Marmara, saw a high patient influx due to its strategic
position between Tirkiye’s economic and cultural
hubs. With a population density of 1,830 people/km?
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and five major cities, it was heavily impacted by the
pandemic. In contrast, interior regions like Central
Anatolia, Central-Eastern Anatolia, and North-Eastern
Anatolia, with a lower density (984 people/km?) and
four major cities, recorded fewer cases. The weaker in-
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fluence of urban centers likely helped control the
virus’s spread, despite similar pollution levels to
Marmara;

. the Aegean Region, with five metropolitan cities and a
population density of 978 people/km?, reported 23,652
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- patients, while the Mediterranean Region, with a
slightly higher density (1,035 people/km?) and also five
metropolitan cities, had 20,044 patients. Despite its
lower population density, the Aegean Region's higher
PM10 and SO, levels may have contributed to
increased patient numbers. Additionally, greater
interpersonal interaction in the region could be a factor
in the higher case count;

- in the Black Sea Region, comprising the Eastern and
Western Black Sea areas, the population density is
1,262 people/km? Despite this, pollution levels in the
Black Sea Region were not at the lowest levels. Other
factors, such as the region's physical nature, can explain
why the number of patients has not increased
significantly.

The analysis found that patient numbers increased in
regions with high air pollution, consistent with studies
in the USA and Europe linking long-term exposute to
PM2.5, NO,, SO,, and O to Covid-19 mortality (Co-
ker et al., 2020; Mele and Magazzino, 2020; Yilmaz and
Simsek, 2020; Wu et al,, 2020; Zoran et al., 2020;
Dettori et al., 2021; Hu et al., 2021; Konstantinoudis et
al., 2021; Liu et al., 2021; Naqgvi et al., 2021; Khorsandi
et al., 2021; Laxmipriya and Narayanan, 2021; Singh,
2021; Li and Managi, 2022). These findings emphasize
the need to integrate air quality improvements into
national policies, as reducing pollution would enhance
public health, lower healthcare costs, boost the
economy, and promote environmental sustainability.
An analysis of patient numbers and population density
across Tirkiye revealed significant regional differences,
influenced by factors beyond environmental condi-
tions. Healthcare infrastructure and individual traits,
including genetics, age, obesity, chronic illnesses, social
distancing, hygiene, and nutrition, also play a role. Ba-

sed on patient percentage trelative to population densi-
ty, tegions can be categorized into three distinct
groups. This regional grouping facilitates the imple-
mentation of targeted measures:

-regions where patient numbers align with population
density: Aegean (9% - 9%);

- regions with higher patient numbers than population
density: Western Anatolia (14.31% - 3.69%), Central
Anatolia (6.76% - 3.83%), Central Eastern Anatolia
(5.43% - 3.58%), North Eastern Anatolia (2.98% -
1.84%), Southeastern Anatolia (11.67% - 10.67%).
-regions with lower patient numbers than population
density: Istanbul (22.35% - 28.35%), Eastern Marmara
(10.09% - 12.88%), Western Marmara (1.81% - 4.34%)),
Eastern Black Sea (2.33% - 4.81%), Western Black Sea
(5.22% - 7.07%), Mediterranean (7.82% - 9.78%).

Correlation and regression analyses of air
pollutants and patient numbers

Correlation analysis examined the relationship between
patient numbers and pollutant concentrations across
regions (Table 2). Given the disease's incubation
period, an infectious period of two days was assumed,
comparing pollutant levels with patient numbers re-
corded two days post-exposure. The review of the
correlation coefficients in Table 2 indicates that the
number of patients in all regions is positively correlated
with NO,, NOy, and CO levels. PM10 and PM2.5
levels also exhibited positive cotrelations in all regions
except one, whereas SO, showed positive correlations
in all regions except two. In contrast, O; levels de-
monstrated a negative correlation with patient numbers
in all regions except one. Correlation coefficients (r)
indicate relationship strength: very weak (0.00-0.25),
weak (0.26-0.49), moderate (0.50-0.69), strong (0.70—
0.89), and very strong (0.90-1.0) (Akoglu, 2018).

Table 2. Correlation between patient numbers and pollutant parameters for all regions

Region-Patient Number CO NO, NOy O, PM10 PM2.5 SO,
Aegean 0.03 0.23 0.15 -0.17 0.12 0.32 0.27
Central Anatolia 0.15 0.28 0.19 0.12 0.19 0.25 -0.07
Central-Eastern Anatolia 0.08 0.01
Eastern Black Sea 0.23 0.42 0.48 -0.34 0.04 0.11 0.01
Eastern Marmara 0.59 0.45 0.58 -0.72 0.33 0.38 0.07
Istanbul 0.13 0.25 0.42 -0.66 0.11 0.21 0.31
Mediterrenian 0.52 0.43 0.46 -0.58 0.17 0.49 0.64
North-Eastern Anatolia 0.19 0.29 0.23 -0.28 0.14 0.23 0.35
South-Eastern Anatolia -0.36 -0.21 -0.01
Western Anatolia 0.12 0.42 0.23 -0.13 0.2 0.18 0.37
Western Black Sea 0.59 0.36 0.49 -0.14 0.24 0.53 0.7
Western Marmara 0.34 0.25 0.31 -0.57 0.07 0.3 0.278
All Region 0.23 0.42 0.48 -0.34 0.04 0.11 0.01
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Moderate positive correlations between pollutants
and patient numbers were found in the Western Black
Sea (CO: 059, PM2.5: 0.53, SO2: 0.70), Medi-
terranean (CO: 0.52, SO2: 0.64), and Eastern
Marmara (NOX: 0.58). High negative correlations
were found in Eastern Marmara, Istanbul, Med-
iterranean, and Western Marmara (O3: -0.57 to -0.72).
While this does not imply direct causality, the rela-
tionship is notable. Experimental studies also suggest
that air pollution exposure increases susceptibility to
respiratory infections through various mechanisms
(Poniedziatek et al., 2024). Air pollution may weaken
the body's defenses against aitborne viruses, increa-
sing susceptibility to viral diseases. This study's patient
data (RCAP, 2020) support this hypothesis, consistent

Table 3. Regression equations and R? values for all regions

with previous research (Frontera et al., 2020; Martel-
letti and Martelletti, 2020; Zhu et al., 2020). The
impact of air pollutants on patient numbers was
estimated using multivariate linear regression. This
analysis examined their relationship across regions,
generating corresponding equations (Table 3). The
analysis was included significant air pollutants - PM10,
PM2.5, SO,, NO,, NOy, CO, and Oj - as indepen-
dent variables. The adjusted R? values of the regres-
sion equations were presented in Table 3. It can be
observed that R*values exceed 0.5 in four regions,
indicating a good fit of the regression model in these
cases. In contrast, the adjusted R? values for the
remaining eight regions range from 0 to 0.46,
suggesting a weaker model fit in these areas.

intercept PM10 PM2.5 SO, NO, NOy CO O, Aj];f;e p-value
Aegean -77 -6.3 12.7 41.0 19.7 9.2 0.1 -6.9 0.3 8.3e9
Central Anatolia -8 -0.5 5.0 9.0 4.2 -1.8 0.1 0.6 0.3 1.5e-8
Central-Eastern Anatolia 85 0.2 -0.1 0.0 0.64
Eastern Black Sea -36 -1.5 0.7 3.0 1.6 -0.6 0.2 -0.3 0.6 1.2e-25
FEastern Marmara 359 4.2 1.7 -16.1 3.1 1.4 0.2 -4.3 0.6 1.6e-23
Istanbul 944 -7.3 11.3 1284 9.1 4.5 -0.7 -13.2 0.5 2.1e-21
Mediterrenian 98 2.1 3.0 18.5 3.1 -1.7 0.0 -1.4 0.5 1.8e-17
North-Eastern Anatolia 57 -0.1 -0.4 11.5 1.5 -0.5 -0.1 -0.3 0.3 3.3e-10
South-Eastern Anatolia 202 2.4 2.2 5.5 0.2 1.3e-8
Western Anatolia 175 -0.7 -0.8 26.4 5.3 -0.8 -0.3 -1.4 0.4 2.8e-13
Western Black Sea -54 2.3 6.3 18.8 -3.7 1.5 0.0 1.6 0.6 1.1e-23
Western Marmara 176 -1.5 3.6 3.5 -2.8 -0.2 0.0 -1.8 0.4 3.6e-15
All Region 277 3.2 0.3 -7.3 0.9 3.2 0.0 2.3 0.4 1.5e-133

Clustering of all regions with k means++

The k-means algorithm identified similar regions
based on air pollutant types, concentrations, and
patient numbers (Table 4). Silhouette coefficients and
data counts are presented for two clustering scenarios:
Case A (including patient numbers) and Case B
(excluding them). In Case A, cluster C5 had the most
data points (413, 28.3%). It included data from nine
regions, with over 50% from Eastern Black Sea (55%)
and Mediterranean (51%). Regions with more than
20% in this cluster included Western Black Sea (46%),
North Eastern Anatolia (38%), and Eastern Marmara
(36%). A comparison of population, population
density, GDP (gross domestic product), and patient
numbers between the Mediterranean and Eastern
Black Sea showed significant differences. The Medi-
terranean region had a population of 10,461,626, a
density of 1,851 people/km?, and a GDP of 320,325,

while the Eastern Black Sea had 2,677,584 people, a
density of 501 people/km?, and a GDP of 219,438
(TUIK, 20202; TUIK, 2020b). Despite these differen-
ces, both regions showed similar pollutant concen-
trations and patient numbers in k-means clustering. In
Case B, cluster C1 was the largest, with 283 data
points (19.4% of the total). In this scenario, data di-
stribution among the four clusters was balanced.
Cluster C1 included data from all regions, with over
20% from Eastern Black Sea (45.2%), Mediterranean
(26%), Western Black Sea (24%), and Western Anato-
lia (21%). Regions contributing 10-20% included Ae-
gean, Hastern Marmara, Istanbul, Central Anatolia,
and Western Marmara. Cluster C8 (90 data points)
had the highest representation from Istanbul and
Western Marmara, indicating similar pollutant con-
centration patterns. Given time, budget, and person-
nel constraints, clustering techniques can help group
similar regions for more focused analysis.
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Including number of patients (Case A)

Silhouette Scores

Excluding number of patients (Case B) Table 4
Clustering of all regions with
Silhouette Scores £ means++

. S |-

3 0445 3 0485
4 0370 4 0444
5 0.378 5 0434
& 0359 & 0402
7 0342 7 0394
g 0.345 g8 0367
g 0.315 g 0.362
10 0.330 10 0.338

Clustering including patient numbers,
data numbers and percentage
falling into clusters (A)

Clustering excluding patients numbers,
data numbers and percentage
falling into clusters (B)

C5 413 28.3% C1 283 19.4%
C1 296 20.3% C3 280 19.2%
C7 196 13.4% C8 236 16.2%
C6 160 11.0% C10 228 15.6%
C2 121 8.3% C4 153 10.5%
C8 118 8.1% C7 102 7.0%
C3 83 5.7% C6 80 5.5%
C4 51 3.5% C2 57 3.9%
C9 15 1.0% C5 38 2.6%
C10 7 0.5% C9 3 0.2%
Conclusions

This study assessed air pollution in Turkiye, its link to
respiratory disorders, and regional variations in its im-
pact. Findings indicate that respiratory diseases are
sensitive to air pollutants, though prevalence varies by
region. Istanbul had the highest mean patient count
(387 £302) and significantly higher NOy, NO,, and CO
emissions. This suggests that urbanization exacer-bates
both environmental and health issues. Comparing pa-
tient numbers with population density revealed one
region where they were equal, five where patient num-
bers exceeded population density, and six where they
were lower. These variations highlight the need to con-
sider additional factors, such as healthcare infrastruc-
ture and individual characteristics, alongside environ-
mental influences on patient numbers. A positive cor-
relation was found between patient numbers and all
pollutants except O;. Based on this, a regression model
was developed, but it showed a good fit in only four
regions, indicating its limited applicability across all re-
gions. The k-means++ algorithm identified the Eastern
Black Sea, Mediterranean, Western Black Sea, and We-

stern Anatolia as similar in pollutant levels, while the
Eastern Black Sea and Mediterranean also showed
similarities in both pollutants and patient numbers.
This method is useful when resource constraints limit
detailed regional assessments. The findings emphasize
the need to reduce environmental factors to prevent
respiratory diseases. In Ttrkiye, air pollution is highest
in urban areas with heavy traffic and coal use. Without
precautions, these regions will be most vulnerable in a
future pandemic, underscoring the importance of
regional pandemic action plans. Since air pollution,
health, and climate change are interconnected, reducing
pollution and improving public health should be
integral to climate policy, requiring a collaborative
approach. This study has several limitations. Emissions
and patient numbers are influenced by factors such as
emission sources, removal methods, meteorological
conditions, and topography. Patient-related variables,
including genetics, exposure duration, and treatment,
also affect outcomes but could not be fully accounted
for due to data constraints. Additionally, the study
focused only on outdoor pollution, excluding indoor
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pollution, which can impact respiratory health.
Moreover, while individual air pollutants were analyzed,
potential  synergistic  effects from
exposure were not considered. Future
incorporating  these
comprehensive results.

simultaneous
research
will

factors yield more
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