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A B S T R A C T

This study examines particulate matter (PM10) and sulphur dioxide (SO2) concentrations in Türkiye, one of the 
world’s 20 largest economies with a population of more than 86 million people. The analysis covers from 2015 to 
2019, a period during which pollutant levels frequently exceeded international air quality standards. While 
anthropogenic emissions are significant contributors, atmospheric variables also play a crucial role in pollutant 
dispersion and dilution. The research investigates how temperature, relative humidity, wind speed, precipitation, 
and boundary layer height affect pollutant concentrations in this country. Using a generalised additive model 
(GAM) and conducting a sensitivity analysis, the study explores seasonal and regional variations in the influence 
of these atmospheric variables across Türkiye, offering a national, multivariable perspective. The analysis relies 
on hourly data to capture diurnal variations during summer and winter. Additionally, it provides projections of 
pollutant concentrations for 2030 and 2050 under two IPCC climate scenarios: one assuming strong mitigation 
measures (RCP 4.5) and the other representing high-emission conditions (RCP 8.5). The GAM outputs show that 
temperature, humidity, wind speed, and precipitation affect PM10 and SO2 differently across the country, with 
marked regional and seasonal variations. Winter PM10 commonly peaks near ~10 ◦C, whereas in several regions 
summer concentrations decline once temperatures exceed ~30 ◦C; relative humidity is generally positively 
associated with PM10 yet negatively with SO2; stronger winds and precipitation coincide with lower pollutant 
levels (with PM10 highest at low winds <5 m/s and notably reduced on days with ~25 mm rainfall). Coastal 
regions show the strongest wind- and rain-related reductions in concentrations; interior continental and semi- 
arid regions display a weaker precipitation signal with a tighter humidity–PM10 association; and high- 
elevation basins and valleys are characterised by heightened sensitivity to boundary-layer stability. Sensitivity 
analysis indicates that boundary-layer height and wind are the primary atmospheric drivers for PM10, whereas 
SO2 shows a weaker overall sensitivity to atmospheric factors. Projections about the influence of atmospheric 
variables on pollution for 2030 and 2050 suggest that PM10 levels will generally decline across both seasons, 
while SO2 concentrations are expected to rise during summer. The study highlights the increasing influence of 
climate change on air pollution, stressing the importance of region-specific air quality management strategies. By 
integrating mitigation and adaptation measures, the findings offer valuable insights for policymakers aiming to 
improve air quality and reduce health risks across Türkiye.

1. Introduction

With over 99 % of the world’s population breathing unsafe air 
(UNEP, 2023), air pollution is one of the main environmental risks to 
public health (WHO, 2024). Over the recent decades, particulate matter 

and sulphur dioxide (hereafter referred to as PM and SO2, respectively) 
originated from the burning of fossil fuels have emerged as the main 
components of air pollution in many parts of the world (WHO, 2021), 
and their harmful effects on health and the environment are widely 
documented (HEI, 2025; World Bank, 2022).
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Significant PM10 anthropogenic sources include industrial activities, 
construction processes (especially during earthwork and foundation 
stages; Yan et al., 2023), agricultural practices, and road transport. The 
latter also encompasses automobile exhaust emissions and tyre abrasion 
(Lenschow, 2001). Furthermore, natural sources, such as sea salt and 
desert dust, also contribute to the formation of PM10 (Ledoux et al., 
2023). Within the group of sulphur oxide gases, SO2 is the most preva
lent in the atmosphere, and an increase in its concentrations leads to a 
higher risk of mortality (EPA, 2024). The largest source of SO2 emissions 
in the atmosphere is fossil fuel combustion in power plants and other 
industrial facilities (EPA, 2024). Additionally, vehicles like locomotives, 
ships, and heavy equipment burning high sulphur content fuels 
contribute to these emissions. Natural sources, such as volcanoes, also 
play a role in releasing SO2 into the atmosphere. The impact of these 
pollutants varies significantly across different geographical and socio
economic contexts, with rapidly developing economies often facing 
particularly serious challenges in managing air quality (HEI, 2025). 
These challenges typically arise from the complex interplay between 
rapid industrialisation, urbanisation, and existing environmental regu
lations (IQAir, 2024). Understanding these dynamics is crucial for 
developing effective air quality management strategies, especially in 
countries experiencing significant economic growth while striving to 
maintain environmental standards. This context is particularly relevant 
for understanding the air pollution challenges in Türkiye, where the 
combination of rapid economic development, geographic location, and 
complex atmospheric conditions creates a unique set of air quality 
management challenges.

Türkiye, with a population of more than 86 million people, is one of 
the world’s 20 largest economies (FAO, 2024) and is affected by severe 
air pollution annual levels (European Commission, 2023). From 2009 to 
2019, Türkiye continuously reported the highest (although decreasing) 
share of deaths attributed to air pollution compared to all EU-27 coun
tries, with an average of 10 % of all-cause mortality (IHME - GHDx, 
2019). According to The Right to Clean Air Platform, in this country air 
pollution is responsible each year for over 30,000 premature deaths due 
to stroke, ischemic heart disease, lung cancer, and chronic respiratory 
diseases (THPP. Right to Clean Air Platform, 2024).

Europe’s air quality status in 2021 reveals that Eastern European 
countries, particularly Türkiye, reported SO2 concentrations exceeding 
the EU daily limit value of 50 μg/m3, and PM10 levels surpassing the EU 
daily limit of 45 μg/m3—both established by Directive (EU) 2024/2881 
and set to be enforced in 2030 (European Parliament and Council, 
2024)—as well as the WHO daily guideline of 45 μg/m3 (EEA, 2023). In 
2017, only 1 out of 81 Turkish cities had PM10 levels below the WHO 
guideline levels (THPP. Right to Clean Air Platform, 2024). Notably, in 
this country, daily average PM10 levels often exceed 75 μg/m3, with 
concentrations generally stable, except in specific provinces like Edirne 
and Kahramanmaraş, where air pollution has become a prominent issue 
(Aykaç and Yasin, 2021).

Episodes of high concentrations of air pollutants in urban and sub
urban areas are not exclusively caused by abrupt rises in emissions, but 
atmospheric conditions significantly control the dispersion and the 
accumulation of pollutants, as well as favour their formation through 
chemical reactions (e.g. photochemical formation of ozone; Han et al., 
2015; Latini et al., 2002; Ma et al., 2021; Qi et al., 2021). Atmospheric 
variables impacting air quality fall into two main categories (Latini 
et al., 2002): (a) variables that, through mechanical dispersion, influ
ence the accumulation and spatial distribution of pollutants, such as 
atmospheric stability, temperature, wind, precipitation, and relative 
humidity; and (b) variables that impact the chemical transformations of 
pollutants, varying depending on the type of pollutant. Rather than 
focusing on the role of a single atmospheric parameter in the accumu
lation and dispersion of air pollutants, it is essential to examine multiple 
atmospheric variables collectively, as their interplay has the most sig
nificant impact on air pollutant concentrations (Qi et al., 2021; Van 
Nieuwenhuyse et al., 2023). To do so, most analytical methods have 

traditionally relied on linear approaches (Ravindra et al., 2019), despite 
evidence that nonlinear statistical methods can more effectively capture 
the complex relationships between meteorological variables and air 
pollution (Thompson, 2001).

This study moves beyond traditional single-variable approaches by 
applying a harmonised, multivariable generalised additive model 
(GAM) framework to recent air-quality data across Türkiye. Prior 
research has typically focused on individual cities (e.g. Çelik and Kadi, 
2007; İçağa and Sabah, 2009; Ulutaş et al., 2021) and on one or two 
atmospheric variables rather than a broader set of potentially influential 
atmospheric drivers (İçağa and Sabah, 2009; Tasdemir et al., 2005; 
Ulutaş et al., 2021); a national, multivariable perspective therefore of
fers a more comprehensive view of how atmospheric conditions may 
shape pollutant concentrations. Moreover, much of the existing litera
ture relies on observations from the late 1990s and early 2000s, 
underscoring the need for updated datasets (Cuhadaroglu and Demirci, 
1997; Kartal and Özer, 1998; Tayanç et al., 1997).

For all the mentioned reasons, this study aims to: (i) analyse recent 
(since 2015) air pollutant concentration time series across Türkiye, 
assessing the combined influence of different atmospheric variables on 
PM10 and SO2 levels, and examining regional differences in air quality 
using a GAM combined with a sensitivity analysis framework; and (ii) 
evaluate how future climatic conditions may affect pollutant concen
trations in 2030 and 2050, assuming all other variables remain constant, 
under two contrasting climate scenarios—one reflecting strong mitiga
tion efforts and the other representing an extreme case. The innovative 
strength of this research lies in combining multiple analytical techniques 
to capture the dynamics of air pollution in relation to historical trends 
and projected climatic scenarios, though the use of a nonlinear statistical 
approach.

2. Methodology

2.1. Data resources

Hourly concentrations of PM10 (μg/m3) and SO2 (μg/m3) are ob
tained from the European Environment Agency platform (EEA, 2024). 
These two pollutants are selected because they provide the most com
plete temporal and spatial coverage across national monitoring stations, 
as they serve as suitable indicators for assessing meteorological in
fluences on air quality, whereas other pollutants, such as NO2, are less 
responsive to meteorological variability (EEA, 2025). Background sta
tions are chosen as they can capture integrated contributions from 
various sources while excluding traffic and industrial stations 
(DEFRAUK Air, 2023). The final selection includes 42 air quality 
monitoring stations, located in urban, suburban, and rural areas.

To examine the impact of climate on air pollution levels, in-situ 
meteorological stations located within 5 km of the nearest air quality 
monitoring station are selected to ensure consistency across sites 
(Colston et al., 2018). This approach ensures paired hourly meteorology 
for each air-quality station, overcoming slight differences in air pollu
tion data caused by the geographical distribution of monitoring stations 
(Hou and Xu, 2022). The National Oceanic and Atmospheric Adminis
tration database (NOAA, 2024) provides hourly observations of: (a) 
temperature (◦C), (b) wind speed (m/s), (c) wind direction (degree), (d) 
sea level pressure (hPa). Through an elaboration of these variables, the 
following ones are also calculated: (e) relative pressure (measured 
against the average atmospheric pressure of the preceding 30 years; 
hPa), and (f) relative humidity (calculated from air and dewpoint tem
peratures measurements; %). Hourly data observations of total precip
itation (mm) and boundary layer height (hereafter BLH; m) are 
unavailable from the NOAA database. Thus, they are retrieved from the 
outputs of ERA5 (Hersbach et al., 2020), i.e. the fifth generation rean
alysis produced by the European Centre for Medium-Range Weather 
Forecasts (ECMWF, 2024). Combining past observations with models, 
ERA5 outputs are produced hourly at a horizontal resolution of 31 km. 

S. Ciarlantini et al.                                                                                                                                                                                                                             Atmospheric Pollution Research xxx (xxxx) xxx 

2 



The total number of meteorological stations is 39, as three different air 
quality monitoring stations (namely Alsancak, Bayrakli, and Sirinyer) 
share a common NOAA station within 5 km.

The selection of monitoring stations follows a rigorous multi-step 
process to ensure data quality and representativeness: (i) continuous 
coverage for consecutive years; (ii) ≥75 % annual completeness; and 
(iii) spatial representativeness across all Türkiye’s climatic regions. 
Although a five-year window is shorter compared to some climatological 
studies, several factors support the validity and relevance of our results: 
(i) the high temporal resolution (hourly measurements) enables detailed 
analyses of diurnal and seasonal cycles and their relationships with at
mospheric variables; and (ii) the broad spatial coverage, with stations 
distributed across all Turkey’s seven climatic regions, provides 
geographical robustness.

Data for future climate projections are obtained from the Copernicus 
Climate Data Store (Copernicus, 2024). The dataset provides daily 
projections of temperature, relative humidity, precipitation, and wind 
speed for the years 2030 and 2050 at a 25 km resolution (see Supple
mentary section – Part 1a). These variables are selected under two 
different future Intergovernmental Panel on Climate Change (IPCC) 
scenarios, based on Representative Concentration Pathways (RCPs): 
RCP 4.5 and RCP 8.5. Future yearly mean concentrations are derived 
from the hourly data of pollutants and atmospheric variables, following 
a similar approach to Çapraz et al. (2016).

2.2. Study area

The location of the 42 air quality monitoring stations and 39 mete
orological stations is shown in Fig. 1. More information about the sta
tions (e.g. coordinates, elevation, distance) can be found in Table S1 in 
the Supplementary content.

Türkiye has been conventionally divided into seven climatic zones 
(Erinç, 1984 in Sahin and Kerem Cigizoglu, 2012): (1) Marmara, around 
the Sea of Marmara bordering Greece and Bulgaria; (2) Aegean, on the 
west coast; (3) Mediterranean, Türkiye’s southern shore; (4) Black Sea, 
Türkiye’s Black Sea coast; (5) Central Anatolia, the vast inland plateau 
in the centre; (6) Eastern Anatolia, at east adjacent to Iran and the 

Caucasus countries; and (7) Southeastern Anatolia, bordering Syria and 
Iraq. These seven climatic regions are shown in Fig. 2. The climate of 
Türkiye is heavily influenced by its physiographic features, such as 
mountain chains and surrounding seas, with the latter acting as natural 
passages for frontal cyclones moving from west to east (Türkeş, 1996). 
Large-scale atmospheric circulation patterns also play a crucial role in 
shaping Türkiye’s atmospheric conditions (Deniz et al., 2011). During 
winter, the influence of the polar front and cold air masses from the 
Balkans is associated with frontal passages and lower temperatures. In 
contrast, the polar front shifts northward during summer, leading to 
weaker frontal passages and increased maritime influences. Anticyclonic 
pressure patterns, such as the Azores high-pressure system in summer 
and the Siberian anticyclone in winter, further impact Türkiye’s climate 
dynamics.

2.3. Study design

2.3.1. Missing data management
A conservative approach is adopted regarding missing data: results 

are based solely on observed data, avoiding imputation techniques to 
prevent the introduction of potential biases (Alwateer et al., 2024; 
Donders et al., 2006). Instead, we focused on the careful selection of 
stations with high data completeness, ensuring the integrity of the 
analysis.

The missing data analysis reveals slightly different patterns across 
stations and variables. For air quality data, the percentage of missing 
values over the 5-year period ranged from 0.77 % to 15 %, depending on 
the station, with average missing rates of 4.45 % for PM10 and 3.3 % for 
SO2. For atmospheric variables, data completeness is generally higher 
than for air quality data. Precipitation and BLH are 100 % complete 
across all stations, while temperature, relative humidity, and wind speed 
have occasional missing values, with the highest percentage reaching 
1.15 % at some stations. A detailed overview of missing data for each 
station and variable can be found in Table S2 of the Supplementary 
content.

Temporal analysis of missing data reveals no clear seasonality or 
trends, indicating that data are missing completely at random (MCAR), 

Fig. 1. Elevation map of the study area with the location of the 42 air quality monitoring stations (white circles) and the 39 meteorological stations (triangles 
coloured according to the climatic region of belonging) across Türkiye.
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rather than being influenced by environmental or operational factors 
(Little, 1988). In the few cases where data are missing, logistic regres
sion analyses could not be performed due to the rarity of missing values, 
reinforcing the assumption of randomness.

2.3.2. Climate normals
To ensure that the climate data in the analysis aligns with the long- 

term climate, it is necessary to compare the 2015–2019 statistics with 
the climatological normal, i.e. the monthly averages computed for a 
prolonged period of at least 30 consecutive years. Such comparison 
helps verify that there have not been significant changes in the climate 
over time (WMO, 2017) and ensures that the years used in the analysis 
are not “exceptional” (for example, extremely cold or warm) compared 
to the “normal” climate.

This study uses the 30-year 1985–2014 period to calculate the tem
perature, sea level pressure, and relative humidity climate normals, 
following the World Meteorological Organization guidelines (WMO, 
2017). Despite some discrepancies between the 2015–2019 and the 
1985–2014 distributions, also considering the rise in temperature over 
recent decades, such differences are statistically insignificant, meaning 
that the data of this study for the limited 5-year period is not unusual or 
drawn from exceptional atmospheric conditions (according to the 
Kolmogorov-Smirnov, Mann-Whitney U and Kruskal-Wallis statistical 
tests - Berger and Zhou, 2014; MacFarland and Yates, 2016; McKight and 
Najab, 2010; see Fig. S3).

2.3.3. Statistical measures for comparison
This study applies GAMs to better capture how atmospheric variables 

influence air pollution patterns at a national scale. GAMs are an exten
sion of traditional regression models, where smoothing splines replace 
linear coefficients for covariates (Hastie, 2017). They provide a more 
flexible and effective framework than conventional linear models for 
analysing relationships between air pollutants and atmospheric vari
ables, which are often nonlinear and not normally distributed (Pearce 
et al., 2011; Thompson, 2001). The GAM analyses are conducted sepa
rately for winter and summer in each of Türkiye’s climatic regions, with 
seasonal classification based on a 24-month dataset corresponding to 
northern hemisphere seasons. Additional details on the GAM method
ology, including equations and references, are provided in the 

Supplementary section (Part 1b).
The GAM approach adopted in this study offers advantages in terms 

of data-driven analysis, ability to capture nonlinear relationships, and 
direct interpretation of complex atmospheric-pollution associations 
from observational data. This statistical methodology has been suc
cessfully applied in numerous air quality studies (Thompson, 2001; 
Pearce et al., 2011; Hou and Xu, 2022), providing a robust framework 
for analysing complex environmental relationships, while acknowl
edging that it represents these relationships statistically rather than 
mechanistically.

A sensitivity analysis is also conducted to evaluate variables’ 
contribution to uncertainty of the predicted PM10 and SO2 concentra
tions. The adopted SIMLAB software (Joint Research Centre, 2024) 
employs moment-independent sensitivity indices derived from both the 
probability density function method (Plischke et al., 2013) and the cu
mulative density function method (Pianosi and Wagener, 2015). The 
former examines how the complete probability distribution of the model 
outputs changes in response to variations in input parameters, while the 
latter focuses on the accumulated effects of parameter variations across 
their entire range of values. The resulting sensitivity indices quantify the 
relative contribution of each atmospheric variable to the model’s un
certainty, providing crucial information for understanding which pa
rameters most strongly influence pollutant concentrations in different 
regions and seasons.

2.3.4. Model selection and validation
In this study, two models are tested: a linear model and a GAM. Both 

models use PM10 or SO2 concentrations as the response variable (Y) and 
four atmospheric variables (temperature, relative humidity, wind speed, 
and precipitation) as predictors (X).

The comparative evaluation of the models is conducted through four 
quantitative performance metrics: (i) explained deviance measures the 
proportion of variability in the data captured by the model (Hastie, 
2017); (ii) the Akaike Information Criterion (AIC) assesses the balance 
between goodness of fit and model complexity, with lower values indi
cating better models (Akaike, 1974); (iii) Root Mean Square Error 
(RMSE) and (iv) Mean Absolute Error (MAE) quantify the average 
magnitude of prediction errors, where smaller values represent better 
predictive performance (Chai and Draxler, 2014).

Fig. 2. Türkiye’s seven climatic regions (figure adapted from Mappr, mappr.co).
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3. Results and discussion

3.1. Air quality seasonal trends

To analyse the seasonal differences in air pollutant concentrations, 
the seasonal cycles of both PM10 and SO2 are plotted in Fig. 3. For both 
pollutants, higher concentrations are recorded during colder months 
(from November to February) compared to warmer months (from May 
to August). This seasonal pattern aligns with those observed for PM10 in 
81 Turkish cities (Kabatas et al., 2014), SO2 in 50 Turkish sites (Bozkurt 
et al., 2018), and both pollutants in 75 Turkish city centres (Güneş, 
2005). High levels of PM10 during winter are expected due to significant 
local and regional pollution sources (Kabatas et al., 2014). The atmo
spheric conditions in winter, such as lower BLH, do not favour the 
dispersion of pollutants, leading to elevated PM10 levels. In contrast, 
PM10 concentrations are generally lower during warm seasons, reflect
ing the reduced pollution sources and more favourable atmospheric 
conditions for dispersion. Additionally, during the transition seasons, 
particularly spring and autumn, Saharan dust outbreaks can contribute 
to spikes in PM10 levels (Kabatas et al., 2018). These dust events, orig
inating from the Sahara desert, may impact air quality in Türkiye, 
explaining the occasional high PM10 measurements even during typi
cally lower-pollution seasons. Similarly, SO2 levels follow a seasonal 
trend, with higher concentrations observed in winter compared to other 
seasons (Bozkurt et al., 2018). This increase primarily corresponds to the 
widespread use of coal and other fossil fuels for heating, greater traffic 
intensity, and atmospheric conditions like reduced mixing height, as 
described above.

Fig. 4 illustrates the spatial variability of mean PM10 (a–b) and SO2 
(c–d) concentrations across Türkiye during winter and summer, aggre
gated over the period 2015–2019.

For PM10, concentrations during winter reach up to 100 μg/m3 

(Fig. 4a), whereas in summer they generally remain below 25 μg/m3, 
with mean values not exceeding 75 μg/m3 (Fig. 4b). Higher PM10 sea
sonal levels are observed in the Marmara, Aegean, and Eastern Anatolia 
regions compared to other regions, while the Black Sea region records 
lower concentrations. This latter pattern likely reflects the area’s 
consistent year-round precipitation, which contributes to improved air 
quality (Sensoy and Demircan, 2016; see Fig. 2 for climatic region 
divisions).

SO2 concentrations exhibit a marked seasonal contrast (Fig. 4c and 
d). In winter, elevated levels are observed across all regions, with 

averages exceeding 50 μg/m3 in the Marmara, Aegean, and Central 
Anatolia regions (Fig. 4c). During summer, mean SO2 concentrations 
drop to 10 μg/m3 (or lower) at most stations (Fig. 4d). Notable excep
tions include Muğla, in the Aegean region—likely due to emissions from 
three coal-fired power plants located in the area—and Ardahan, in 
Eastern Anatolia, where low temperatures and socio-economic variables 
contribute to reliance on inexpensive, low-calorific coal with high 
sulphur content (Demir et al., 2014).

Overall, the Marmara and Aegean regions are identified as highly 
polluted for both PM10 and SO2. Compared to other regions, Eastern 
Anatolia experiences relatively higher PM10 concentrations, while 
Central Anatolia shows higher SO2 levels.

3.2. Atmospheric variables trends

The mean seasonal cycles of temperature, relative humidity, wind 
speed, and precipitation from the monitoring stations are presented in 
Fig. 5. As expected, considerable climatic differences emerge among the 
seven regions of the country. Eastern Anatolia stands out as the coldest 
region year-round, with average minimum temperatures frequently 
falling below 0 ◦C, with the highest average monthly temperature of 
23.5 ◦C in August. At the other extreme, Southeast Anatolia records the 
highest average temperatures in Türkiye, especially during summer. In 
this season, mean temperatures regularly exceed those of the Mediter
ranean region (Türkiye’s second hottest area) by several degrees Celsius. 
This highlights Southeast Anatolia’s distinctly arid and hot summer 
conditions. Coastal regions such as the Mediterranean and Aegean also 
experience high summer temperatures, though moderated by their 
proximity to the sea.

In terms of humidity, the Black Sea region displays a distinctly moist 
climate. It is the only region in Türkiye that receives consistent precip
itation year-round (Sensoy and Demircan, 2016), maintaining relative 
humidity levels above 50 % in all seasons. In contrast, Southeast Ana
tolia experiences the lowest relative humidity levels, particularly in 
summer, when values drop below 30 % due to its arid conditions and 
high temperatures. The Marmara region maintains the highest relative 
humidity levels throughout the year, consistently above 60 %.

Wind speed patterns show distinct seasonal cycles. The strongest 
winds are recorded in summer, driven by significant temperature dif
ferences between land and sea (Şahin and Türkeş, 2013). Conversely, 
autumn sees the weakest winds as temperature gradients and pressure 
differences diminish following the end of summer. The highest wind 

Fig. 3. Mean (i.e. averaged over all 42 monitoring stations) seasonal cycle of PM10 (a) and SO2 (b) concentrations for 2015–2019 (black line) and each year of the 
2015–2019 period (coloured lines).
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speeds occur in coastal regions, particularly in the Aegean and Medi
terranean areas. In the Aegean region, strong summer winds are largely 
due to the Etesian winds—persistent northerly flows that prevail over 
the Aegean Sea during summer and early autumn (Şahin and Türkeş, 
2020).

Precipitation patterns also vary significantly. Eastern and Central 
Anatolia, the second coldest region, receive low precipitation 
throughout the year due to the blocking effects of the South and North 
Anatolian mountain chains, which run parallel to the Mediterranean and 
Black Sea coasts, respectively (Deniz et al., 2011). Conversely, the Black 
Sea region again stands out as the wettest area, while the coastal 
regions—Marmara, Aegean and Mediterranean—experience wetter 

winters and hot, dry summers. These dry summer conditions are often 
associated with persistent anticyclonic systems over the central and 
eastern Mediterranean Basin (Türkeş, 1996).

3.3. Impact of atmospheric variables on air quality

Changes in pollutants levels are influenced not only by seasonal 
meteorological variations but also by other atmospheric variables 
(Kayes et al., 2019; Manju et al., 2018). This section examines how such 
variables influence pollutant concentrations during winter and summer, 
which represent the periods of highest and lowest levels, respectively, 
for the two studied pollutants (Figs. 3 and 4) using GAM, as it 

Fig. 4. Spatial distribution of the seasonal mean concentrations of observed PM10 for winter (a) and summer (b), and SO2 for winter (c) and summer (d), across 42 
monitoring stations during the period 2015–2019.

Fig. 5. Mean seasonal cycle of temperature (a), relative humidity (b), wind speed (c) and precipitation (d) for each climatic region of Türkiye during 2015–2019.
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consistently outperforms the linear model across all metrics and climate 
regions (see Supplementary section – Part 1c).

For both seasons and across each of Türkiye’s seven climatic regions, 
the dependencies of PM10 and SO2 on temperature, relative humidity, 
wind speed, and precipitation are illustrated in Fig. 6 for PM10 and Fig. 7
for SO2. It is important to note that these atmospheric variables are 
naturally interdependent; for example, temperature and relative hu
midity often vary together. This correlation among predictors compli
cates the attribution of effects to individual variables, as their influences 
on pollutant concentrations may not be entirely separable. However, the 
analysis of these interdependencies is beyond the scope of this study. 
Moreover, it should be noted that the model assumes that stations within 
the same climatic region share similar characteristics, which may not 
account for local topographical or microclimatic variations. Further
more, the uneven spatial distribution of monitoring stations, particu
larly in rural and complex terrain areas, limits the model’s ability to 
provide comprehensive coverage.

The GAM outputs reveal a complex interplay between temperature 
and PM10 concentrations across Turkish regions. In winter, PM10 levels 
typically peak around 10 ◦C, yet the subsequent trend differs by region: 
while concentrations decline with increasing temperature in the Aegean, 
Marmara, and Mediterranean regions, they continue to rise in the Black 
Sea, Eastern Anatolia, and Southeast Anatolia. While our dataset in
cludes only surface measurements and does not contain direct obser
vations of vertical temperature profiles, previous studies have shown 
that low surface temperatures and high atmospheric pressure in winter 
are often correlated with conditions favourable for thermal inversions 
(Feng et al., 2020). Under such conditions, vertical air mixing can be 
reduced, potentially contributing to higher pollutant concentrations 
near the ground. However, we emphasise that our statistical associations 
do not demonstrate the actual presence of inversion layers. During 
summer, a generally weak positive temperature dependency is observed, 
yet in the Black Sea, Eastern Anatolia, and Southeast Anatolia, PM10 
levels begin to drop when temperatures exceed 30 ◦C. In contrast, SO2 
exhibits a predominantly negative relationship with temperature in both 
seasons (except in the Black Sea and Southeast Anatolia, where the 
patterns become more complex with temperature variations). This may 
be because high temperatures could enhance the instability of SO2 (Hou 
and Xu, 2022). It is important to note that the temperature measure
ments used in this study represent surface-level observations at indi
vidual meteorological stations and not vertical temperature profiles. 
While our analysis identifies statistical associations between these sur
face measurements and pollutant concentrations, we cannot directly 
observe atmospheric thermal stratification or boundary layer dynamics 
from these data alone.

Relative humidity also plays a significant role in modulating 
pollutant levels. In winter, most regions show a positive correlation 
between PM10 concentrations and relative humidity, meaning higher 
humidity coincides with increased pollutant levels—Central Anatolia 
being the only exception, where higher humidity is associated with 
lower concentrations. A similar pattern emerges in summer, with the 
majority of regions exhibiting positive dependencies between PM10 and 
humidity; however, in Central Anatolia the dependence remains nega
tive, while in the Black Sea region PM10 levels initially decrease at 
relative humidity levels below 40 % before stabilising. Unlike PM10, SO2 
generally maintains a negative dependency on relative humidity in both 
winter (albeit moderately) and summer (particularly pronounced in the 
Aegean and Marmara). Our analysis reveals a significant association 
between increased relative humidity and decreased SO2 concentrations. 
While this pattern is consistent with the physical process of SO2 disso
lution in water droplets described by Hou and Xu (2022), our statistical 
approach cannot confirm this as the actual mechanism. Other factors 
that covary with humidity might also contribute to the observed pattern. 
Exceptions include the Mediterranean region in winter, where an overall 
positive correlation is observed, and Southeast Anatolia in summer, 
where a clear positive relationship emerges, as well as the Black Sea 

region, where a moderate positive dependency is noted.
Wind speed emerges as another key factor, inversely associated with 

PM10 concentrations, with relationships observed between wind pat
terns and dispersion through turbulence and horizontal transport. This 
relationship is particularly pronounced during winter, notably in coastal 
areas—such as the Aegean, Marmara, Mediterranean, and Black 
Sea—where higher wind speeds correlate with notable reductions in 
PM10. Wind speed is also linked to SO2 dispersion patterns, particularly 
in winter, where negative dependencies are observed across most re
gions. In the Aegean and Marmara, SO2 concentrations peak at low wind 
speeds (1 m/s and 2 m/s, respectively) before declining as wind speed 
increases. Moreover, station-level polar plot analyses indicate that pe
riods of low wind speed (<5 m/s), with high frequencies close to the 
origin, are associated with the highest pollution levels (see Fig. S4). 
Additionally, analysis of the BLH suggests a statistical relationship be
tween BLH values and pollutant concentrations (see Fig. S5). However, 
it is important to note that these reanalysis-derived BLH values represent 
model outputs that incorporate multiple atmospheric variables and 
should not be interpreted as direct observations of atmospheric mixing 
processes. The statistical associations observed between BLH and 
pollutant concentrations should be considered as indications of potential 
relationships rather than demonstrations of physical causal mecha
nisms. This pattern is especially noticeable in valleys, where downslope 
cold air flow appears connected to boundary layer stability. Overall, the 
GAM results indicate that PM10 shows stronger statistical relationships 
with wind-driven dispersion than SO2. This difference may be associated 
with the relative proximity of PM10 sources to monitoring stations, in 
contrast to SO2 sources, such as power plants, which are typically more 
distant.

Precipitation further shows relationships with pollutant dynamics 
through wet deposition processes. In winter, a strong negative de
pendency is evident for PM10, especially in regions like the Mediterra
nean where daily rainfall can reach 25 mm; here, higher rainfall 
corresponds to lower PM10 levels. Southeast Anatolia, however, displays 
a relatively flat relationship, potentially connected to its arid climate 
and the region’s limited rainfall. In summer, when rainfall is generally 
lower across all regions compared to winter, this dependency weakens. 
Nonetheless, PM10 concentrations still peak under very low precipita
tion and decline as rainfall increases, although less markedly than in 
winter. The relationship between precipitation and SO2 concentrations 
remains weakly negative in both seasons, with regions such as Southeast 
Anatolia displaying little to no dependency. Overall, these patterns are 
consistent with a correlation between wet deposition—through me
chanical washout for PM10 and chemical dissolution and subsequent 
oxidation for SO2—and reduced atmospheric pollutant levels.

The sensitivity analysis quantifies the importance of each atmo
spheric variable, reinforcing our findings and highlighting the key 
contributors to the model’s uncertainty. For PM10 in winter, BLH 
consistently shows the highest sensitivity indices across all stations, 
indicating its statistical association with pollutant dispersion and ver
tical mixing patterns. In most regions, precipitation is the second most 
influential factor, followed by wind speed. Notably, in the Aegean, 
Marmara, and Southeast Anatolia regions, wind speed emerges as more 
influential than precipitation. Greater regional variation emerges in 
summer: wind speed is the primary driver in coastal areas, temperature 
in the Black Sea and Eastern Anatolia regions, and precipitation in 
Central and Southeast Anatolia. For SO2 concentrations, atmospheric 
variables contribute less—or not at all—to the model’s uncertainty 
compared to PM10. In winter, wind speed is the predominant factor in 
most regions, except in Eastern Anatolia and the Mediterranean, where 
temperature is more influential, and in Southeast Anatolia, where rela
tive humidity plays a larger role. In summer, precipitation is generally 
the most influential variable, except in the Black Sea and Eastern Ana
tolia regions, where relative humidity has the greatest impact.

The statistical relationships identified in this study should be inter
preted with consideration of several potential confounding factors that 
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Fig. 6. PM10 GAM outputs for each of the 7 climatic regions in winter and summer. Each figure presents two panels: 1) The upper panel shows the estimated 
smoother for each variable derived from the GAMs (Y-axis); 2) The lower panel displays the corresponding fitted values (Y-axis). To calculate the fitted values, the 
estimated smoother was combined with the model’s intercept (Zuur, 2012).
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Fig. 7. SO2 GAM outputs for each of the 7 climatic regions in winter and summer. Each figure presents two panels: 1) The upper panel shows the estimated smoother 
for each variable derived from the GAMs (Y-axis); 2) The lower panel displays the corresponding fitted values (Y-axis). To calculate the fitted values, the estimated 
smoother was combined with the model’s intercept (Zuur, 2012).
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are not explicitly included in our model. These include: 

- Seasonal variations in emissions from heating, transportation, and 
industrial activities that may covary with meteorological conditions

- Land use patterns and topographical features that influence both 
local climate and pollution dispersion

- Regional and transboundary pollution transport patterns
- Changes in energy consumption behaviour that may correlate with 

temperature and other weather conditions
- Policy interventions and regulatory activities during the study period

These factors may create apparent statistical associations between 
atmospheric variables and pollutant concentrations that do not reflect 
direct physical relationships. While our statistical approach helps 
identify patterns, it cannot fully disentangle these complex interactions.

Furthermore, even the relationships identified should be interpreted 
within the context of atmospheric system complexity. For example, the 
apparent relationship between wind speed and pollutant concentrations 
represents a statistical association that simplifies numerous underlying 
processes, including turbulent mixing, horizontal transport, and the 
interaction between local and synoptic meteorological conditions. 
Similarly, temperature-pollution relationships may reflect not only 

Fig. 8. Projected yearly averages of PM10 and SO2 concentrations by region and season for 2030 and 2050 under RCP 4.5 (green) and RCP 8.5 (fuchsia) scenarios. 
Predictions are based on the generalised additive model.
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direct physical effects but also indirect pathways through altered 
emissions patterns, chemical reaction rates, and boundary layer 
dynamics.

3.4. Future scenarios

This section evaluates future climatic conditions under two con
trasting climate scenarios to assess their potential impact on PM10 and 
SO2 concentrations in Türkiye for the years 2030 and 2050. The analysis 
focuses on the sensitivity of air quality to climate change, holding all 
other conditions constant. The climate scenarios are based on the IPCC 
Representative Concentration Pathways (RCPs): RCP 4.5 and RCP 8.5, 
which represent moderate and high greenhouse gas emissions pathways 
with different levels of mitigation efforts, respectively (CMCC, 2025). 

1. RCP 4.5 (Strong Mitigation Scenario): This low emissions scenario, 
often referred to as "Strong Mitigation," assumes the implementation 
of stringent measures to control GHG emissions. It represents a sta
bilisation pathway, where emissions peak mid-century and subse
quently decline, leading to stabilised atmospheric GHG 
concentrations by the end of the century. Under this scenario, global 
temperatures are expected to rise at a slower pace, with a reduced 
intensity and frequency of extreme weather events.

2. RCP 8.5 (Extreme Climate Change Scenario): The high emissions 
scenario, commonly associated with the term "Business-as-usual" or 
"No Mitigation," assumes a continued growth in GHG emissions at 
current rates. This scenario leads to significant global warming, 
characterised by more frequent and severe heatwaves, altered pre
cipitation patterns, and changes in atmospheric pressure.

The GAM analysis of the period 2015–2019 is used to estimate the 
effects of changes in temperature, relative humidity, wind speed, and 
precipitation on pollutant concentrations in 2030 and 2050 according to 
the mentioned climate scenarios. The results are shown in Fig. 8, with 
yearly averages of PM10 and SO2 concentrations by region and season. 
These visual representations highlight the regional variations in 
pollutant levels, showing the potential shifts in air pollution under both 
RCP 4.5 and RCP 8.5 scenarios due to the influence of atmospheric 
variables.

Winter projections generally indicate a potential decline in PM10 
concentrations across all climatic regions and scenarios for both 2030 
and 2050 compared to the 2015–2019 annual averages (hereafter: this is 
the reference period used to assess future changes). However, two ex
ceptions emerge: in Eastern Anatolia concentrations are projected to 
decrease under both scenarios in 2030 but potentially increase in 2050, 
while in the Mediterranean region PM10 levels are forecasted to decline 
in 2030 and may rise by 2050 under RCP 4.5, whereas the model sug
gests they would continue to decrease under RCP 8.5 in both years. 
Among all the seven climatic regions, Eastern Anatolia is projected to 
exhibit the smallest change in PM10 concentrations relative to the 
reference period, while Central Anatolia is forecasted to show the most 
significant deviation. Specifically, in Central Anatolia under RCP 4.5, 
concentrations are projected to decrease by approximately 11 % in 2030 
and 13 % in 2050, while under RCP 8.5, the model suggests reductions 
could reach 20 % and 21 %, respectively. In summer, both scenarios 
predict a general decrease in PM10 concentrations across all regions, 
with the exception of Central Anatolia where an increase is projected, 
with concentrations potentially rising by 18 % in 2030 and 24 % in 2050 
under RCP 4.5, and by 16 % and 29 % under RCP 8.5. In the same 
season, Eastern Anatolia is projected to see the most pronounced 
decline, with potential reductions of 45 % in 2030 and 48 % in 2050 
under RCP 4.5, and potentially even sharper decreases of approximately 
56 % and 58 % under RCP 8.5. These model outputs suggest that sea
sonal differences could be significant in future projections, with summer 
months appearing to show more pronounced variations compared to 
winter.

SO2 concentrations are projected to generally increase across most 
regions in summer, with the exception of the Black Sea and Southeast 
Anatolia, where levels are forecasted to decrease. The projected reduc
tion in Southeast Anatolia might be associated with its high summer 
temperatures, which could potentially relate to increased photochem
ical reactions that convert SO2 into other compounds, such as sulphate 
aerosols, corresponding with lower concentrations in projections 
(Eatough et al., 1994). In the Black Sea region, persistent year-round 
precipitation likely contributes to SO2 removal through wet deposi
tion, possibly contributing to its projected lower levels. Among all re
gions, Marmara is projected to have the most pronounced increase 
relative to the baseline, with SO2 concentrations rising by 25 % in 2030 
and 29 % in 2050 under RCP 4.5, and by 34 % in 2030 and 30 % in 2050 
under RCP 8.5. Conversely, SO2 concentrations during winter are 
generally projected to decrease compared to the 2015–2019 average, 
though some exceptions emerge. Notably, the Mediterranean region is 
forecasted to show an increase in SO2 concentrations compared to the 
reference period: a potential rise of 9 % in 2030 and 18 % in 2050 under 
RCP 4.5, and 21 % in 2030 and 2 % in 2050 under RCP 8.5. This rep
resents what appears to be the most notable difference between the two 
years within the same scenario across all seven regions in the 
projections.

These findings emphasise the critical role that future climate con
ditions may play in shaping air quality across Türkiye, under the 
assumption that emissions evolve according to the pathways defined by 
the selected RCP scenarios, without incorporating additional changes or 
external sources beyond those already considered. The results show 
significant variations across regions and scenarios, with notable differ
ences between pollutants and seasons. PM10 concentrations are gener
ally projected to decrease compared to the 2015–2019 average, 
suggesting that, if the emission trajectories and contributing factors 
remain as specified in the climatic scenarios, particulate matter may 
become a less pressing concern in many areas.

The model’s outcomes show that the more extreme climate scenario 
(RCP 8.5) is often associated with greater reductions in PM10 concen
trations compared to RCP 4.5 across all regions and seasons. This trend 
may be attributed to climate-driven changes such as higher boundary 
layer heights, increased wind speeds, and more frequent or intense 
precipitation events, all of which can enhance pollutant dispersion and 
removal. Additionally, warmer temperatures projected under future 
scenarios, particularly under RCP 8.5, may reduce the demand for res
idential heating in winter, leading to lower local emissions. However, 
the reductions presented here are based on the assumption that emis
sions follow the RCP scenario pathways without any unforeseen alter
ations. While climate conditions under RCP 8.5 may favour lower PM10 
concentrations in some cases, the broader consequences of this high- 
emission scenario (such as more severe climate impacts) should not be 
overlooked. In contrast, SO2 concentrations are projected to rise across 
nearly all regions in summer and decrease in winter in most regions 
(though not all). Unlike PM10, SO2 is closely tied to fixed emission 
sources such as industrial activities and power generation, and it ap
pears less influenced by meteorological variables that promote 
dispersion.

3.4.1. Uncertainties in climate projections
Air pollution projections based on climate models are characterised 

by multiple sources of uncertainty that require careful consideration 
when interpreting results. Climate model uncertainty stems from the 
intrinsic variability among different global (GCM) and regional (RCM) 
models, each with their own parameterisations and representations of 
physical processes. Closely related is the downscaling uncertainty, as the 
reduction of scale from global to regional projections often involves 
simplifications and approximations that affect the accuracy of results at 
the local scale. In recent years, climate model experiments have 
increasingly aimed to support local and regional adaptation to the ex
pected impacts of anthropogenic climate change, thereby magnifying 
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the role of downscaling. While downscaling enables finer-scale analysis, 
it introduces an additional source of uncertainty. For example, a study in 
the southeastern United States found that downscaling accounted for 
approximately 20 % of the total uncertainty in precipitation projections 
and around 30 % for extreme heat days (>35 ◦C), depending on the 
completeness of the downscaled ensemble used (Wootten et al., 2017).

Emission scenarios constitute a major source of uncertainty, as pro
jections can differ markedly when additional pathways beyond the two 
RCPs considered in this study are included. For example, Zhu et al. 
(2019) found that differences between RCPs accounted for up to 50 % of 
the total uncertainty in runoff projections during certain months, while 
contributing less than 30 % in most others. This highlights the seasonal 
variability of scenario-related uncertainty and its frequent interplay 
with model-related uncertainty. Moreover, the inherent variability of 
the climate system (especially at decadal scales) can mask or amplify 
anthropogenic signals, further complicating the detection of significant 
trends.

All the above mentioned factors suggest that the results of our pro
jections should be interpreted as indications of possible future trends 
rather than precise forecasts, highlighting the importance of developing 
multi-model methods and probabilistic approaches to better quantify 
uncertainty in future research on air quality in a changing climate.

4. Conclusions

This study contributes to the understanding of statistical relation
ships between atmospheric conditions and air pollution in Türkiye, by 
investigating the relationship between atmospheric variables and PM10 
and SO2 concentrations for the 2015–2019 period. It examines how 
variables such as temperature, humidity, wind speed, precipitation, and 
BLH can influence air quality across regions and seasons, using a GAM 
with sensitivity analysis. Projections for 2030 and 2050 under two 
climate scenarios—one with strong mitigation efforts and one with 
extreme GHG emissions—are also presented.

The relationships identified through GAM analysis reveal significant 
correlational patterns, but these do not necessarily imply direct causal 
relationships. These statistical relationships reflect fundamental phys
ical processes governing air pollutants, such as vertical mixing, hori
zontal transport, and removal mechanisms, which interact to produce 
the complex patterns observed in the data.

The GAM outputs reveal that in winter PM10 levels exhibit mixed 
behaviour, typically peaking around 10 ◦C, with thermal inversions 
being associated with increased pollutant accumulation—particularly in 
the Black Sea, Eastern Anatolia, and Southeast Anatolia regions. In 
summer, PM10 shows weak positive temperature dependence, while SO2 
is negatively associated with temperature in both seasons. Relative hu
midity correlates positively with PM10 in most regions, while SO2 
generally decreases with higher humidity, especially in colder months. 
Higher wind speed is associated to lower PM10 and SO2 levels, especially 
along coastal areas, with PM10 more responsive to wind-driven disper
sion than SO2. Precipitation is generally associated with reduced PM10 
levels, especially in winter, while its association with SO2 remains sur
prisingly weak.

The projected changes in PM10 and SO2 concentrations associated 
with atmospheric variables under RCP 4.5 and RCP 8.5 scenarios un
derscore the importance of adapting air quality strategies to regional 
and seasonal variations. While meteorological conditions are generally 
linked to reductions in PM10 levels across most areas and both seasons, 
their relationship with SO2 suggests potential increases during summer, 
highlighting the need for targeted mitigation measures.

While this study provides valuable insights, some limitations should 
be acknowledged. A significant limitation is that the study relies on 
surface meteorological measurements to draw inferences about complex 
vertical atmospheric processes. Without direct measurements of vertical 
temperature profiles, our interpretations regarding thermal inversions 
and boundary layer dynamics remain speculative. Additionally, there is 

a lack of validation against process-based atmospheric models, such as 
WRF-Chem or CMAQ, which explicitly represent atmospheric dynamics. 
To address these methodological limitations, future research should: (1) 
incorporate radiosonde data, lidar measurements, or other vertical 
profiling techniques; and (2) compare statistical findings with mecha
nistic approaches to evaluate consistency. Additionally, future research 
in Türkiye should adopt quasi-experimental designs or analyses of policy 
interventions to better isolate causal relationships between atmospheric 
variables and air pollution. The integration of longer-term studies, high- 
resolution satellite data, and the extension of the analysis to additional 
pollutants and seasonal periods would allow for a deeper understanding 
of pollutant variability and its determinants. Additionally, pollutant 
concentrations are also influenced by several factors not addressed in 
this study, such as variations in emission sources (patterns in traffic and 
industrial activity), changes in energy consumption behaviour, agri
cultural activities, and episodic events (i.e. wildfires, dust storms). 
Transboundary pollution transport also remains an important external 
contributor. To better understand source attribution, enhanced models 
that incorporate emission inventories, land-use data, and sector-specific 
activity patterns are essential (Belis et al., 2020, 2021).

The results of this study suggest that national air quality strategies 
may not be universally effective, emphasising the need for region- 
specific mitigation efforts—particularly in areas where both PM10 and 
SO2 levels are projected to rise.

Meteorologically driven pollution dynamics can significantly influ
ence economic policy decisions by enabling more cost-effective and 
targeted regulatory strategies. For instance, the OECD employs thermal 
inversions as an instrumental variable in a two-stage estimation 
approach, first using weather patterns to predict pollution, then linking 
it to economic outcomes (Dechezleprêtre et al., 2019)—showing how 
climate signals can be translated into actionable policy levers. In 
Türkiye, where evidence-based policymaking is urgent given current 
climate and air-quality governance gaps (European Commission, 2024), 
including persistent coal-based emissions, limited alignment with EU 
standards, and the absence of a long-term emission-reduction strategy, 
this study’s findings are especially relevant. The results provide a 
practical basis to implement or update policies already in force, 
including meteorology-based episode plans and tighter fuel-quality and 
stack-emission enforcement under Environment Law No. 2872 (2022). 
They also supply an evidence base for voluntary alignment with the 
UNECE Gothenburg Protocol framework—Türkiye has not signed or 
ratified—by prioritising emission-ceiling-style measures, thereby 
advancing convergence with the EU air-quality acquis and helping 
policymakers target resources for measurable health gains at lower cost. 
In this context, the insights offered by this study provide a practical 
foundation for strengthening environmental governance and guiding 
more targeted, forward-looking policy action for sustainable develop
ment and improved public well-being.
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İçağa, Y., Sabah, E., 2009. Statistical analysis of air pollutants and meteorological 
parameters in Afyon, Turkey. Environ. Model. Assess. 14, 259–266. https://doi.org/ 
10.1007/s10666-008-9139-5.

IHME - GHDx, 2019. GBD results. https://vizhub.healthdata.org/gbd-results. (Accessed 
22 January 2024).

IQAir, 2024. World air quality report. Region & City PM2.5 Ranking.
Kabatas, B., Unal, A., Pierce, R.B., Kindap, T., Pozzoli, L., 2014. The contribution of 

Saharan dust in PM10 concentration levels in Anatolian Peninsula of Turkey. Sci. 
Total Environ. 488–489, 413–421. https://doi.org/10.1016/j. 
scitotenv.2013.12.045.

Joint Research Centre, 2024. SIMLAB reference manual POLIS-JRC ISIS. Joint Research 
Centre of the European Community. https://web.jrc.ec.europa.eu/rapps/pub/ 
simlab/.

Kabatas, B., Pierce, R.B., Unal, A., Rogal, M.J., Lenzen, A., 2018. April 2008 Saharan dust 
event: its contribution to PM10 concentrations over the Anatolian Peninsula and 
relation with synoptic conditions. Sci. Total Environ. 633, 317–328. https://doi.org/ 
10.1016/j.scitotenv.2018.03.150.
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