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Each algorithm was trained to learn the relationship between land use 
and land cover (LULC) variables and air quality data, and spatial model-
ing was performed on this basis. The performance of each model was 
evaluated, and an ensemble model was constructed using models that 
demonstrated the greatest ability to predict outcomes. The results were 
obtained by applying the thin-plate spline method to an ensemble 
model. The ensemble model was validated with an overall accuracy rate 
of > 97%, and the spatial resolution of the air quality data was reduced 
to the survey unit scale.

All data were converted to a working unit scale (30 × 30 m) and then 
overlaid with urban footprint data to spatialize multi-temporal variables 
(air pollution, climate, vegetation density, and surface temperature) in 
the urban footprint (Table 2). Statistical information on the relationships 
between the 16 spatialized variables (Table 2).

Statistical Analysis
Geographically and temporally weighted regression was used to ascer-
tain the variables that explain the transmission status of COVID-19 in 12 
regions of Türkiye at the IBBS 1 level. The formulas for the model are as 
seen in Equation (3) (Huang et al., 2010; Liu et al., 2017):
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•	 yi is the dependent variable at observation location (ui, vi) at time ti,
•	 Β0 (ui, vi, ti) represents the intercept value and
•	 Βk (ui, vi, ti) represents the coefficients at point i.

The GTWR model, also known as the weighted regression model, is an 
effective approach for understanding spatial and temporal variations 
(Huang et  al., 2010). In GTWR, a weight matrix based on spatial-tem-
poral distance is constructed, enabling the simultaneous assessment 
of spatial and temporal factors (Hassan et al, 2025; Wei et al., 2019). In 
the GTWR model, the evaluation of spatial and temporal dynamism 

in parameter estimates is conducted by constructing a weight matrix 
based on the spatial-temporal distances between a specified number 
of observations and all other observations (Liu et al., 2017).

The GTWR model with the highest adjusted (R2) value (0.808) provides 
the most comprehensive explanation of the relationship between the 
transmission of the coronavirus and the variables under consideration 
(Table 3). The fit performance values of the models indicate that the tem-
poral autocorrelation across regions is related to spatial heterogeneity.

The sum of squares (RSS), degrees of freedom (df), and mean squares 
(R2), which are obtained by dividing the sum of squares by the respec-
tive degrees of freedom, F statistic, and p-value of the GTWR model, 
and the observations pertaining to the geographical regions of Türkiye 
within the scope of the GTWR model, determined that the transmis-
sion rate of the novel coronavirus had a significant relationship with 
eight variables: NDVI, Humidity-NH3, Temp-O3, CO, Wind, Humidity-CO, 
PM2.5, and LST.

Results

The Effective Factors Over Spatial and Temporal Pandemic 
Variations
The GTWR Model results demonstrated that highly significant relation-
ships among the variables and the number of pandemic transmissions 
were obtained at the regional level.

The variables with the highest interaction ratio with the number of 
cases of COVID-19 were NDVI, Temp-O3, PM2.5, LST, Humidity-NH3, CO, 
wind speed, and Humidity-CO (Tables 4 and 5).

These variables fluctuate over time and across space, contingent on 
LULC and the prevalent ecosystems and economic activities within 
these regions. The ecosystem and economic activities of a region are 
foundational factors that directly influence the spread of contamination 
as they alter the impact ratio of climate and air pollution. It is possible 

Figure 3. 
The Diagram Illustrates the Methodology Employed to Determine the Urban Footprint.
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to explain the most influential variables in the spread of infection based 
on model results and regional characteristics.

The NDVI has been demonstrated to be negatively correlated with the 
incidence of Coronavirus Disease 2019 (COVID-19) infections. It can be 
posited that regions with a greater abundance of vegetative cover may 
exhibit lower transmission rates. Green areas contribute to enhanced air 
quality, facilitate social distancing, and reduce the amount of time spent 
indoors. The detrimental effects of CO levels on SARS-CoV-2 transmis-
sion are both direct and indirect. In areas where CO levels are elevated, 
the presence of dense housing and a paucity of green spaces curtails 
social mobility and augments the time spent indoors. This may further 
enhance the impact of CO on transmission. The interaction between 
humidity and CO levels with respect to virus transmission was positive. 
The presence of humidity can alter the duration of virus suspension in 
the atmosphere and the subsequent impact on the respiratory tract. 
The combination of CO concentration and humidity suggests that the 
risk of transmission may vary depending on the specific context and 

conditions of the region in question. The negative effect of the wind 
indicates that the virus may disperse at a faster rate in open-air envi-
ronments. This phenomenon is associated with the dispersal of trans-
mission and the reduction in the density of the viral environment due 
to air movement. The negative effect of fine particles (PM2.5) on the 
transmission of the novel coronavirus (2019-nCoV) may be attributed 
to two factors. First, individuals may be less inclined to venture outside 
areas with elevated particulate matter concentrations. Second, envi-
ronmental pollution may restrict social mobility, thereby reducing the 
likelihood of viral transmission. However, this relationship is variable, 
as PM2.5 may have direct or indirect effects on virus transmission. The 
effect of the surface temperature (LST) on SARS-CoV-2 transmission is 
complex. The values observed in the model are expressed with low-
effect ranges. Depending on the temperature sensitivity of the virus, 
a high surface temperature may decrease or increase the ability of the 
virus to be transmitted.

Interaction of NUTS 1 Regions’ Properties with COVID-19
The spatial and temporal variations in the environmental and climatic 
factors (Figure 4) illustrate the influence of the transmission rate of 
SARS-CoV-2. The distribution of variables in specific regions during dif-
ferent periods (spring and summer) is represented by color gradients. 
Each map shows the regional distribution of the intensity and impact 
of the respective variables. According to time-geography interaction 
maps based on the β coefficient of variables that are spatially and tem-
porally associated with COVID-19 transmission, the spatial and climatic 
characteristics of regions affect the number of cases in different ways.

The correlation between NDVI and the incidence of COVID-19 cases 
was consistently negative across all regions. This negative correlation 
between the variables becomes increasingly pronounced as the sea-
son progresses, reaching a notable degree in the summer months. As 

Table 2. 
The Variables Utilized and the Related Data Sets Employed in This Study

Dataset Variable Name Source Original Scale Unit Scale

COVID-19 infection rates
(Dependent variable)

Türkiye web portal
Turcovid19.com

TR-NUTS 1 ​ ​

​ Ozone (O3) CAMS European air quality forecasts 
surface

11.1 km × 11.1 km

30 × 30

Nitrogen Dioxide (NO2)

Sulfur Dioxide (SO2)

Carbon Monoxide (CO)

Particulate matter (PM2.5)

Particulate matter (PM10)

Ammonia (NH3)

Climate data
(independent variables)

Land surface temperature (LST) ECMWF Reanalysis v5 (ERA5) 11.1* km × 11.1* km

Temperature

Humidity

Precipitation

Wind speed

Integration air pollution and 
climate
(independent variables)

Humidity-NH3 ​ ​

Humidity-CO

Temp-O3

Land use/Land cover data
(independent variables)

Normalized Difference Vegetation Index (NDVI) Landsat 8 OLI (used for land-use cover 
identification and downscaling)

30* m × 30*m

Urban area

Table 3. 
Measures of the Geographically and Temporally Weighted Regression 
Model in Predicting the Case Rate of the COVID-19

Criterion Value Criterion Value Criterion Value

AIC 606.684 AICc 787.957 edf 38.935

enp 57.065 RSS 1834.889 R2 0.923

Adj_R2 0.808 BIC 692.500 ​ ​

Note: AIC = Akaike Information Criterion; AICc = Corrected Akaike Information 
Criterion; BIC = Bayesian Information Criterion; RSS = Residual Sum of Squares; 
R2 = Coefficient of Determination; Adj. R2 = Adjusted R-squared; edf = Effective 
Degrees of Freedom; enp = Effective Number of Parameters.
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the vegetation period reached its peak in late summer, the relationship 
between NDVI and the number of confirmed COVID-19 cases continued 
to exhibit a negative slope, albeit at a lower level. As NDVI increased, the 
number of COVID-19 transmissions decreased (Figure 4a). This interac-
tion suggests that an increase in the total vegetation volume within a 
region during the vegetation period may result in a significant reduc-
tion in the number of COVID-19 cases, whereas a decrease in the NDVI 
may lead to an increase in the number of cases. Studies determining the 
volume of green areas based on NDVI values (Spotswood et al., 2021) 
demonstrated that the presence of green areas has a positive impact on 
physical and mental health. These studies revealed a negative correla-
tion between green areas and the prevalence of obesity, diabetes, and 
cardiovascular diseases, which have been identified as high-risk groups 
during the ongoing pandemic.

In some regions (TR7, TR9, TRA, TRB, and TRC) a positive relationship 
exists between the combination of temperature and ozone and the 
transmission of the virus at high values during the summer months. 
Conversely, in other regions (TRB, TR2, TR6, TR7), this correlation was 
less marked. This suggests that the combined effect of temperature 
and ozone on virus transmission may vary across different geographi-
cal regions. For example, in the northeastern, eastern, and southeastern 

regions of Türkiye, the spring season was found to significantly contrib-
ute to the increased prevalence of the COVID-19 outbreak. While the 
correlation between temperature-O3 levels and the number of cases 
was not particularly strong in the coastal and industrialized areas dur-
ing the summer months, the negative correlation observed in Figure 4b 
indicates that the combination of temperature-O3 resulted in a reduc-
tion in the number of cases. The conversion of O3, which is elevated 
under foggy conditions, into oxygen with increased temperature may 
result in a reduction in the number of cases.

The strong negative correlation between PM2.5 and the incidence 
of COVID-19 cases in mid-spring persisted in a negative direction, 
although it diminished in subsequent months. It is possible that this 
relationship may have been transformed in response to the observed 
increase in air temperature. For example, in the final month of the sum-
mer period, an increase in the number of COVID-19 cases was observed 
as the concentration of PM2.5 increased in the TRB region (Figure 4c). 
The reduced likelihood of transmission of the novel coronavirus (2019-
nCoV) in areas with elevated levels of particulate matter (PM2.5) may 
be attributable to reduced social interactions within enclosed spaces.

Table 4. 
Estimates of the Variables Related to Pandemic Transmission (Environmental Air Pollution, Climate, Land Use Land Cover)

​ Variable Min. 1st Qu. Median 3rd Qu. Max.
Model Fitting 
Information

Number of nearest 
neighbors: 49; Adaptive

Intercept −1.97E + 06 −7.57E + 05 4.49E + 05 1.00E + 06 3147.350 AICc: 787.9569
AIC:606.6836
RSS: 1834.889
R2: 0.9232409

Adj_R2: 0.8077726

NDVI −2.29E + 06 −1.40E + 06 −7.86E + 05 −5.92E + 05 662.254

Humidity-NH3 −5.09E + 03 −2.11E + 02 1.08E + 03 2.68E + 03 0.551

Temp-O3 −1.33E + 03 −1.57E + 02 4.45E + 01 3.85E + 02 0.084

CO −1.67E + 04 −7.46E + 03 −1.99E + 03 8.94E + 03 22.527

Wind −3.88E + 05 −1.10E + 05 −4.77E + 04 −3.34E + 04 99.798

Humidity-CO −6.83E + 01 2.21E + 01 4.51E + 01 1.12E + 02 0.0224

PM2.5 −8.42E + 04 −5.62E + 04 −1.96E + 04 −2.32E + 03 29.742

LST −5.31E + 04 −7.04E + 03 −4.46E + 02 5.43E + 03 88.918

Note: CO = Carbon monoxide; LST = Land surface temperature; NDVI = Normalized Difference Vegetation Index; PM2.5, Particulate matter; Qu = Quartile.

Table 5. 
The Nonstationary of Variables in Geographically and Temporally Weighted Regression Model

Variables F3 Statistic Numerator DF Denominator DF Pr(>)

Intercept 3.999 39.857 Inf 3.20E-16***

NDVI 3.055 41.595 Inf 1.40E-10***

Temp-O3 2.874 46.243 Inf 2.60E-10***

PM2.5 4.101 21.195 Inf 6.30E-10***

LST 2.543 47.683 Inf 2.50E-08***

Humidity-NH3 3.159 20.241 Inf 2.00E-06***

CO 2.438 29.578 Inf 2.10E-05***

Wind 1.838 44.77 Inf 0.00054***

Humidity-CO 0.724 30.202 Inf 0.86544

Note: DF = Degrees of Freedom; Pr = Probability value; Inf = Infinity; O3 = Ozon; F3 = The F statistic testing spatio-temporal nonstationarity of coefficients; CO = Carbon 
monoxide; LST = Land surface temperature; NDVI = Normalized Difference Vegetation Index; NH3 = Ammonia; PM2.5, Particulate matter.
**p<0.001, * p<0.01, * p<0.05
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The correlation between LST and the number of COVID-19 cases 
was not statistically significant in any region. The positive correlation 
between LST and the number of cases in some regions indicates that, 
as the surface temperature rises, the incidence of confirmed COVID-
19 cases also increases. Land surface temperature varies according to 
geographical region. LST was higher in areas with low vegetation, par-
ticularly during the summer months. Although it has been observed 
that an increase in air temperature can alter the potential for virus trans-
mission, the relationship between LST and transmission is complex. In 
some regions, depending on their characteristics, there are indications 
that it may be an effective method for reducing the risk of transmission. 
For example, LST negatively interacted with the number of cases in the 
northeastern and eastern regions of Türkiye, which have a continental 
climate, intensive agriculture, animal husbandry, and low urbanization 
(Figure 4d). This indicates that the number of cases decreased as the 
surface temperature increased in these regions. In the northwestern 
regions of Türkiye, which are coastal and comprise a forest ecosystem 
with high levels of urbanization and industrial activity, the number of 
cases increases with an increase in LST during the summer months. 
Similarly, in the TRB region, which is characterized by a steppe eco-
system and high topographical variability, the positive relationship 
observed during the same period indicates that LST is an effective fac-
tor in increasing the number of cases as temperature rises.

The Humidity-NH3 variable exhibits a positive correlation with the trans-
mission count for COVID-19 in all regions during the spring season. Thus, 

it can be inferred that an increase in the concentration of Humidity-NH3 
correlates with a heightened intensity of the ongoing outbreak of the 
coronavirus. However, during the summer months, when temperatures 
increased, the correlation between Humidity-NH3 concentration and 
COVID-19 incidence exhibited a negative trend (Figure 4e). This nega-
tive relationship is particularly evident in regions with high topographi-
cal variability and concentrated agricultural activities.

The data presented demonstrate the correlation between the CO 
variable and the case variable associated with the novel coronavirus, 
considering both time and geographic location. Furthermore, the gray 
regions depicted in this, and subsequent figures indicate that the inde-
pendent variable (β coefficient) estimates are not statistically significant 
at the 5% level. No statistically significant estimates were identified 
in any region during spring. In regions where atmospheric CO con-
centrations are elevated, the probability of transmission could have 
diminished because of constrained social interaction, which may have 
resulted in a reduction in the number of potential transmission events.

Nevertheless, a statistically significant and negative relationship was 
observed between the CO variable and the COVID-19 case variable in 
the TRC region, which is characterized by an arid and steppe ecosystem 
with high temperatures toward the end of spring (Figure 4f ). Despite 
the relatively low CO values in this region, the incidence of disease cases 
increased, and this negative relationship persisted throughout the 
observation period. In TR7, where agricultural activities were particularly 

Figure 4. 
Spatial and Temporal Association of Air Pollutants, Climate, and LULC Variables with the Pandemic in Türkiye’s Regions. The figure 
illustrates the spatial and seasonal variation in the combined effect of variables on virus transmission across different regions of Türkiye. 
These regions were analyzed over eight periods divided between spring and summer. The color scale represents the coefficient, thereby 
indicating both the direction and strength of the relationship in question. Yellow tones denote a positive association, while blue tones 
indicate a negative association (i.e., higher values are associated with reduced transmission).
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prevalent during the summer months, the positive correlation between 
CO and COVID-19 transmission shifted to a negative correlation in the 
subsequent months. This suggests that elevated CO concentrations 
may have contributed to an increase in the number of cases, whereas 
low CO concentrations may have resulted in a reduction. During the 
summer months, this negative relationship expanded to the TR8, TRA, 
and TRC regions. Furthermore, it should be noted that the TRA and TRB 
regions are primarily agricultural.

A negative correlation between the wind speed and the number 
of transmissions was observed in all regions during the early spring 
period. An increase in wind speed was associated with a reduction in 
the incidence of COVID-19 infections, and this inverse correlation per-
sisted throughout the summer months (Figure 4g). In regions with 
elevated wind speeds, the probability of transmission decreases as the 
dispersion of virus particles increases. It can be concluded that the risk 
of transmission in the areas highlighted in blue and green is diminished 
owing to the influence of the wind.

The relationship between CO and the COVID-19 infection rate changes 
when humidity is also considered. The interaction of humidity with CO 
resulted in a positive shift in the relationship between the number of 
COVID-19 cases and variables. The impact of the interaction between 
humidity and CO on the risk of transmission was limited, exhibiting a 
mixed pattern of results, with positive effects observed in some areas 
and negative effects in others. This positive interaction was particularly 
pronounced in the coastal regions (Figure 4h). The association between 
CO and the rate of COVID-19 cases changed when these two variables 
were considered together. The relationship between the humidity-CO 
variable and the number of confirmed cases of COVID-19 was not sta-
tistically significant in any geographical area during the first 3–8 weeks. 
The interaction between the combination of moisture and CO, which 
varied over time and space, resulted in an increase in the number of 
COVID-19 cases (Figure 4h).

In previous studies conducted at the urban and regional levels, some 
of the factors affecting the transmission of COVID-19 were identified 
as ozone, nitrogen oxides, PM2.5, PM10, temperature, relative humidity, 
and the presence of green areas. These studies typically evaluate the 
individual effects of each variable. However, this study, conducted at 
the country level and based on a SF analysis, examined 14 variables. 
Eight variables, NDVI, CO, Wind, Humidity-CO, Humidity-NH3, Temp-O3, 
PM2.5, and LST, were found to significantly affect the transmission rate 
of the pandemic (Table 5). It is important to consider the relationship 
between singularity and the combination (pairing) of the identified 
variables and the rate of COVID-19 virus infections. This finding demon-
strates that the prevalence of SARS-CoV-2 infection is influenced by the 
physical, ecological, and climatic interactions of the region. The ecosys-
tem types and climate structure of the settlements may create public 
health vulnerabilities during the pandemic processes (Table 6).

For example, the NDVI showed a negative effect in all models, indicating 
that vegetation can absorb air pollution regardless of space and time. This 
feature shows that vegetation is the most important factor in controlling 
the pandemic processes. On the other hand, combinations of climate 
structure and temporal variation of climate and pollutants, combined 
with regional characteristics, change the pandemic conditions. Wind and 
temperature are important components that modify the pandemic con-
ditions. This suggests that the location characteristics of settlements and 
the ventilation and surface temperature factors in settlement patterns 
should be considered in the interaction between the pandemic pro-
cesses and health. For instance, while LST is directly proportional to the 

transmission of SARS-CoV-2 in regions where industrial and urban activi-
ties are prevalent, it has a negative relationship with the transmission of 
the virus in regions where industrial and urban activities are minimal and 
agricultural and animal husbandry activities are prevalent.

Discussion

This study investigated the correlation between the number of con-
firmed cases of the Coronavirus Disease 2019 (COVID-19) during the 
period of lockdown (curfews) in Türkiye’s NUTS 1 regions and the envi-
ronmental, climatic, and ecological characteristics of these regions. The 
significant points that should be noted when establishing this relation-
ship are listed below.

Integration of remote sensing and spatial analysis: The utilization of 
remote sensing methodologies for the acquisition of large-scale data-
sets, subsequent comparison, and analysis offers the foundation for 
the precise determination of the propagation of the pandemic. This 
detailed integration of multi-source data and advanced regression 
models provides a significant step forward in understanding and miti-
gating the spread of COVID-19, particularly in the diverse and dynamic 
urban footprints across Türkiye.

The acquisition of crucial land-use indices from satellite images con-
stitutes a dynamic and data-rich approach for the evaluation of urban 
geography. The GTWR model is a comprehensive framework that pro-
vides insights into the spatial and temporal dynamics of virus transmis-
sion, along with the spatial and temporal significance of the primary 
variables that influence transmission. A notable finding of the model is 
that there was no substantial alteration in the infection rate despite the 
implementation of measures such as curfews and movement restric-
tions. This indicates that the interaction between climate, air pollution, 
green spaces, and surface temperature in a region is influenced by the 
region’s ecosystem type, urban structure, and industrialization rate. 
Therefore, the interaction between these factors can affect health prob-
lems caused by pandemics.

Health measures based on the regional characteristics: It can be inferred 
that the spread of the virus decreased in regions with vegetation density, 
based on the characteristics of Türkiye’s regions. However, interactions 
between temperature and other atmospheric factors (such as ozone 
and CO) could increase the risk of infection under certain conditions. 
These findings demonstrate the pivotal role of physical, ecological, and 
climatic factors in the propagation of infection. Therefore, adaptation 
among public health measures and local environmental characteristics 
should be incorporated. This allows policymakers to develop region-
specific solutions, rather than employing a uniform solution for all 
regions. Determining the relationship between the pandemic, environ-
mental characteristics, and urban footprint will facilitate the develop-
ment of urban resilience strategies based on both natural and artificial 
environmental characteristics for the planning of potential outbreaks.

Location and urban footprint: In this study, it was determined that the 
geographical distribution of settlements and the associated ecosystem 
within the urban footprint were significant factors in the spread of the 
virus. In urban settlements that are characterized by high building den-
sity and limited availability of open spaces and green areas, the risk of 
infection has increased due to limited human activity. Urban areas with 
extensive built-up regions, where the urban footprint is large, show dif-
ferent transmission patterns compared with areas with more POSs. The 
configuration of urban areas, including the degree of urban density, is 
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a determining factor for the frequency and proximity of interpersonal 
interactions. Denser urban areas are characterized by a high degree 
of social interaction, which can contribute to the rapid dissemination 
of the virus. In settings characterized by spatial constraints, residents 
exhibit a propensity to engage in indoor activities and close physical 
proximity to others. This observation highlights the necessity for an 
urban design that achieves a balance between development and the 
availability of adequate open and recreational spaces.

This study indicated that a higher presence of vegetation, as indicated 
by NDVI, is generally associated with a lower incidence of confirmed 
cases of the coronavirus. This phenomenon can be attributed to the 
positive impact of green spaces on air quality and the provision of 
ample space for social distancing, in contrast to the compact nature of 
densely built-up areas. The observed negative correlation between veg-
etation cover and SARS-CoV-2 transmission suggests that regions with 
abundant parks, trees, and other forms of green infrastructure may help 
lower the risk of viral spread. Based on the characteristics of the region, 
increasing the canopy of trees and open green spaces in urban areas 
can be thought to contribute to the purification of the atmosphere and 
provide residents with opportunities to avoid high-density areas.

Air Pollution and Environmental Factors: Urban characteristics, such 
as considerable concentrations of air pollutants (e.g., PM2.5 and CO), 
have been demonstrated to interact with the structural configuration 
of urban areas, thereby influencing the transmission of viruses. Areas 
characterized by high concentrations of residential buildings and lim-
ited access to green spaces frequently exhibit higher levels of pollution, 
which can indirectly result in increased indoor activity and, conse-
quently, heightened transmission risks. The study also explained that 

air quality is affected by urban design. For instance, in areas character-
ized by restricted ventilation owing to high building density, pollutants 
have been observed to accumulate, potentially impacting transmission 
through their indirect effect on respiratory health. Urban design ele-
ments such as street layout and building spacing influence airflow and 
play a role in the dispersion of virus particles. In regions with higher 
wind speeds, the virus may disperse more rapidly, thereby reducing 
the likelihood of individuals being exposed to concentrated virus par-
ticles. This finding indicates that urban planning initiatives that prioritize 
enhanced ventilation, such as maintaining adequate spacing between 
buildings and incorporating open corridors, may contribute to a reduc-
tion in transmission rates by facilitating contaminant dispersion.

Based on this study, when the physical, social, cultural, and ecological 
context of the pandemic and the SF are considered, strategies specific 
to each region should be developed to control the pandemic. It is evi-
dent that there are significant physical, cultural, social, ecological, and 
economic differences among the various geographic regions of Türkiye. 
The density of urban areas, concentration of air pollutants, distribution 
of green space, impact of surface temperatures, and interaction with 
climate components are all shaped by these differences. The impact 
of these variations leads to divergent patterns in daily life, interactions, 
and behaviors of individuals across different regions. The prevalence 
of region-specific lifestyles and awareness levels has influenced the 
incidence of the novel strain of coronaviruses (SARS-CoV-2), which is 
transmitted through contact. Notwithstanding, the consistent inverse 
correlation between vegetation volume and number of cases across all 
regions and times is noteworthy. This suggests that vegetation volume 
may have the capacity to reduce not only the number of cases but also 
the concentration of air pollution and the negative effects of climate, 

Table 6. 
Relationship of Variables with COVID-19 Infection According to Türkiye’s Region Characteristics

Variable Relationship Explanation

NDVI Extremely significant It has a negative relationship with COVID-19 in all regions. This shows how effective vegetation is for the SARS-CoV 
2 virus.

CO Extremely significant The presence of vegetation is an important factor in the transmission of CO. Despite the low concentration of CO 
in the steppe ecosystem, the probability of transmission is increased. However, in regions with steppe ecosystems 
and high temperatures, CO has a positive effect on transmission.

Wind Extremely significant The temporal variation in wind speed has been identified as a factor limiting the spread of the SARS-CoV-2 virus. 
This illustrates the crucial role of ventilation in reducing the risk of virus transmission.

Humidity-CO Marginally 
significant

In coastal and industrialized regions, the conjunction of elevated humidity and CO levels has been identified as a 
significant contributing factor to the increased transmission of the SARS-CoV-2 virus.

Humidity-NH3 Extremely significant The relationship between the combination of humidity and ammonia and transmission is dependent on 
temperature. In areas with low temperatures, there is a positive correlation between humidity and NH3 
transmission, whereas in areas with high temperatures, there is a negative correlation.

Temp-O3 Extremely significant In industrial and built-up areas, the combination of temperature and ozone has a positive relationship with 
contamination. The structure of the climate, the topography and the location of residential areas may be effective 
in the development of this relationship. In areas with high levels of smog, ozone can turn into oxygen at high 
temperatures, which may cause a decrease in the number of cases.

PM2.5 Extremely significant The spatial distribution and temporal fluctuations of vegetation have a significant impact on the relationship 
between the region and its transmission rate. In areas characterized by steppe ecosystems, the seasonal change in 
vegetation exerts a positive influence on the relationship between PM2.5 and the transmission rate.

LST Extremely significant A negative relationship is observed in regions where agriculture is intensive, and temperatures are low. In contrast, 
a positive relationship is observed in regions where temperatures are very high, and industry is intensive. However, 
the negative correlation observed in regions with dense forest ecosystems and average temperatures indicates 
that ecosystem type and temperature ratios are significant factors influencing the relationship between LST and 
transmission.

Note: CO = Carbon monoxide; LST = Land surface temperature; NDVI = Normalized Difference Vegetation Index; NH3 = Ammonia; PM2.5, Particulate matter.
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thereby influencing the spread of pandemics. Moreover, the imple-
mentation of pandemic measures can be executed on a broader scale 
contingent on the distinctive characteristics of the SF in question and 
the geographic context, encompassing the physical, social, cultural, 
and ecological dimensions in which it is situated. The ongoing pres-
ence of cases of illness and mortality due to SARS-CoV-2 underscores 
the need for a more profound examination of the interplay between 
settlements and their environs. This phenomenon also highlights the 
inadequacy of myopic emphasis on strict measures to achieve the 
desired outcome.

One of the primary arguments of this study is that the ecological con-
text and economic structure of the region in which the urban footprint 
is situated influence the transmission of combinations of components 
associated with the spread of the virus. Consequently, it is recom-
mended that the context of the SF be considered in the measures 
taken during pandemic planning. It is evident that the implemented 
measures may vary according to the specific context of each region. 
Furthermore, the characteristics of the ecosystem type in which the 
settlement is located within the study area represent a crucial factor 
that influences the spread of the pandemic. One might hypothesize 
that the spread of the pandemic is more gradual in regions character-
ized by dense forest ecosystems.

Conclusion and Recommendations

This study underscores the critical importance of integrating urban 
planning, remote sensing, and geospatial modeling in managing future 
outbreaks. The findings demonstrate that the prevalence of COVID-
19 infection is profoundly influenced by the physical, ecological, and 
climatic interactions within a region. The consistent negative correla-
tion between NDVI and transmission indicates the potential of green 
infrastructure to serve as a barrier against virus spread. The research 
suggests that public health measures should be adapted to account 
for local urban configurations, green infrastructure, and ventilation 
potential, rather than relying on uniform solutions that do not take 
region-specific characteristics into account. This comprehensive under-
standing is vital for developing effective urban resilience strategies in 
the face of future pandemics.
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