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Abstract

:

In recent years, a growing body of research has investigated the factors influencing land surface temperature (LST) in different cities, employing diverse methodologies. Our study aims to be one of the few to examine the socio-environmental variables (SV) of LST with a holistic approach, especially in primate cities in developing countries, which are particularly vulnerable to the impacts of climate change. In this context, the study preliminarily identifies the SV of LST while investigating the most vulnerable areas related to extreme LST at the neighborhood level. The combined 11 variables are analyzed using spatial modeling methods (GWR and MGWR). The MGWR model outperforms the GWR model with an adjusted R2 of 0.96. The results showed that: (1) the 65+ population is negatively associated with LST in 95% of neighborhoods; the socioeconomic index–LST relationship is negative in 65% of neighborhoods. (2) In 90% of the neighborhoods where the relationship between LST and the built environment ratio is positive, the socioeconomic level decreases while household size increases in 98% of the neighborhoods. (3) In 62% of the neighborhoods where the relationship between the 65+ population and LST is negative, the relationship between the socioeconomic level and LST is negative. This study aids decision-makers and planners in managing urban resources to reduce extreme LST exposure region by region and recommending multiscale policies to control determinant influences on LST.
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1. Introduction


Rapid urbanization and climate change cause a variety of issues. One of these is the urban heat island (UHI) phenomenon [1,2]. Between 25 June and 1 July 2021, 619 people [3] died in British Columbia, Canada, 43,212 people [4] died in Spain during a heat wave in 2003, and 4610 people died in Spain in July and August 2022 [5]. The majority of deaths occurred among people over the age of 65 and with cardiovascular or cerebrovascular disease [6,7].



Between 1971 and 2016, heat waves were responsible for 43% of all disasters in Turkey [8]. Similarly, between 1950 and 2018, Turkey experienced hotter, longer, and more frequent heat waves, according to a study [9]. The number of hot days, the frequency and duration of heat waves increased in western Turkey between 1965 and 2006, and extreme temperatures became more common after 1998 [10]. Amengual et al. [11] state that “By 2075–2094, projected extreme heat wave amplitude increases range from 2 °C to 4 °C per heat wave day in southern Spain, … Italy, Greece, and Turkey…”.



Cities, which are seen as both responsible for and solutions to climate change, have seen an increase in the frequency, intensity, and duration of hot periods and heat waves [12]. Heat waves lead to increased crime [13,14,15] and lower productivity [16,17]. Additionally, the presence of less vegetation in low-income neighborhoods than in high-income neighborhoods increases heat stress [18].



The determinants of LST maps used as a representation of the urban heat island have been investigated using different methods and variables in regions with different geographical characteristics. Xian and Crane [19] proved that there is a negative correlation between LST and NDVI and five-level impermeability in Tampa Bay and Las Vegas, USA. Li et al. [20], in a comparative study of Ordinary Least Squares (OLS) and GWR methods, found a negative relationship between LST and distance to highways, distance to the city center, elevation, being facing north, forest area density, and swamp area density, and a positive relationship between built environment density and unused area density. Ivajnšič et al. [21] found that in a small city in Slovenia (Ljutomer), the urban heat island effect was determined by the mean air temperature, distance from the city center, building volume, land cover diversity, north-facing surfaces, and topographic roughness index (TPI) variables using OLS and analyzed by GWR methods. They found that, in small cities, there is a negative relationship between mean air temperature and north-facing surfaces, distance from the city center, and land cover diversity, and a positive relationship between building volume and TPI.



Bokaie et al. [22] revealed that there is a negative correlation between LST and NDVI values using basic statistical methods in the city of Tehran. Huang et al. [23] examined the relationship between LST and social variables using the correlation analysis method, and a negative relationship was found between LST and socioeconomic level in Baltimore City, Maryland, USA. He et al. [24] found a high correlation between topographic parameters and LST using linear regression analysis. Guo et al. [25], on the other hand, showed that there is a high correlation between LST and the Normalized Difference Built-up Index (NDBI) using the GWR method in the city of Dalian.



Gao et al. [26] examined the relationship between the local climate zone (LCZ) and urban functional zones with LST using OLS, random forest regression, semi-parametric geographic weighted regression (SWGR), and MGWR. They found a significant correlation between LST and housing, urban villages, administration and public services, commercial facilities, industrial and production areas, and logistics warehouses. Liu et al. [27] analyzed the LST change in city boundaries between 1992 and 2015 in 323 cities in China using the MGWR method for the variables of elevation, NDVI, Gini coefficient, GDP and population density, urban development density, and urban growth rate. It was found that 82% of the cities that cover more areas are colder, and the elevation difference is dominant in explaining the LST difference of 252 cities. Xiao et al. [28] showed that there is a positive correlation between LST and the percentage of low-density built-up, high-density built-up, extremely high buildings, and low buildings per grid cell in Beijing, China using regression (linear, multiple-stepwise) and principal component analysis. On the other hand, a negative relationship was found between forest, agriculture, and water surfaces and LST. Mashhoodi [18] used OLS and GWR in all residential districts of the Netherlands. This study showed that immigrants in the first place and women in the second place are exposed to higher LST, high-income residents are exposed to excess LST, and high-value property residents are less exposed to LST than others. Yang et al. [29], using OLS, GWR, and MGWR methods, showed that while building density, NDISI, and sky view factor (SVF) had significant effects on high LST, there was a negative correlation between building height, percentage of forest area, and percentage of the water body. The explanatory variables of LST have been investigated by different researchers using different places, years, scales, and methods. Nearly 35 explanatory variables have been used during these studies. Apart from these, the relationship between LST and variables such as night light and building floor area ratio has been investigated. However, the relationship between LST and physical and social variables such as average age, dependent population, the ratio of children, and the total number of residences have not yet been investigated in the same model.



One of the problems that cities in the Mediterranean basin, one of the hot spots of the climate crisis, will encounter more frequently in the future due to the impact of climate change is urban heat islands and heat waves. The mean temperature in Istanbul increased by 0.94 °C between 1912 and 2016 [30]. Doğan et al. [31] conducted a study for July 2050 using July mean temperature data from 1990–2004 and the Representative Concentration Pathway (RCP) 8.5 scenario. According to the results of this study, it is predicted that the average temperature will increase by 1.5 degrees in July 2050. According to 2003–2018 data, it has been determined that there is a UHI effect over 3 °C in the summer daytime in Istanbul [32]. According to the +3.0 °C projection in the sixth evaluation report of Istanbul, via the Intergovernmental Panel on Climate Change (IPCC), temperatures were determined to be above 35 °C for approximately 20 days longer [33]. In the summer months of 2004–2017, 30 heat waves were recorded in Istanbul, and 4281 deaths were detected due to this [34]. In the summer months of 2015–2016–2017 in Istanbul, 419 people lost their lives in 3 extreme heat waves covering a total of 14 days [35]. The first studies on UHI in Istanbul started in 1994 with meteorological data analysis [36,37]. After the 2010s, studies continued with the relationship between meteorological data, LST, and land use [38,39,40,41]. Recently, studies on urban density typologies and urban fabric have been conducted [42,43]. No study has yet been conducted on the determinants of LST in Istanbul using geographically weighted regression analyses.



In 2021, Istanbul Metropolitan Municipality’s policy document titled “Istanbul Climate Vision (ICV)” stated that vulnerable groups, such as the elderly and children, will experience an increase in temperature-related diseases related to UHI and heat waves [44]. In line with this vision, the “Istanbul Climate Change Action Plan (ICCAP)” was prepared at the end of 2021 [45]. In the prioritized adaptation actions of this plan, only two actions were defined in the extreme temperature risk category. One of these is the creation of cooling systems for critical infrastructure systems, while the other is the planting of trees in public spaces. In the literature, the negative relationship between plant presence and LST has been proven. However, this action alone is not enough. As stated in the ICV, strategies for vulnerable groups should be developed.



One of the dense, highly populated, mostly unplanned, and rapidly urbanizing cities in this basin is Istanbul. Urbanization in developing countries such as Turkey is mostly unplanned and dense [46], and with a population of 15,840,900 in 2021, Istanbul is the most populous city in Turkey [47] and hosts approximately 20% of Turkey’s population. In cities like Istanbul, socio-environmental problems increase the challenges of achieving global goals. Therefore, it is important to determine the spatial model of LST over socio-environmental variables with high accuracy. Despite various data limitations compared to previous studies, the creation of a spatial model of LST with high accuracy in a wide range of variables makes the study different. In this context, this study aims to first explain spatial variation of land surface temperature associated with socio-environmental variables in Istanbul neighborhoods, and second investigate the most vulnerable areas in terms of extreme LST. The purpose of the study and the combination of variables used are related to the United Nations Sustainable Development Goals (SDGs) [48]. This study shows that in megacities such as Istanbul, which is on the route of climate and war-induced migration, the UHI and its proxy LST have devastating impacts for vulnerable groups and regions, especially in mega-cities such as Istanbul, challenging SDG.3-Ensure healthy lives and promote wellbeing at all ages, SDG.11-Sustainable cities and communities, and SDG.13-Climate action. In Istanbul, 69% of the neighborhoods and 66% of the population are below the mean socioeconomic index value. In these areas, extreme LST exposure combined with low vegetation density, dense population, urban environment, and a highly dependent population lead to vulnerable, unsafe, and unhealthy lives. In this direction, the study will contribute to environmental justice and to taking measures to adapt to climate change and combat its effects without leaving anyone behind.




2. Materials and Methods


2.1. Study Area


Istanbul, the 15th most populous city in the world [49], is located roughly in the northwest of Turkey between latitudes 28°00′ E to 29°55′ E and longitudes 40°0′ N to 41°30′ N. The location of Istanbul with district and neighborhood boundaries obtained from the Istanbul Metropolitan Municipality (IMM) [50] is presented in Figure 1. It connects the continents of Asia and Europe. Separated by the Sea of Marmara in the south, the Black Sea in the north, and the Bosphorus in the middle, the city has approximately 65% of its population on the European side and 35% on the Asian (Anatolian) side [47]. The mean elevation of the city administrative border, which generally develops on the east-west axis, is 100 m. The urban development of Istanbul is largely in the east-west direction [51]. The urbanization adventure of Istanbul, which experienced informal construction and uncontrolled urbanization between 1950–1980, continued with a high-density urban pattern between 1980–2000. After the 2000s, urban sprawl accelerated towards the city periphery with large-scale housing and infrastructure projects [52,53]. The rapid change of urban typology over very short distances has contributed to increasing urban temperatures [43]. It is predicted that the urban area was 60.5 hectares in 1990 and 85.3 hectares in 2005 [54] and will increase by 48% from 2003 to 2030 [55]. According to the Köppen-Geiger climate classification, Istanbul shows the characteristics of a hot and dry subtropical Mediterranean climate (Csa) in the summers [56,57]. It is associated with continental air masses over North Africa in the summer [58]. On the other hand, when the periods between 1960–1974 and 1999–2013 in Istanbul were compared, it was determined that the number of rainy days decreased between the years 1999–2013 and an increase of approximately 1 °C occurred in the annual mean temperature. In addition, in the years from 1999 to 2013, it was determined that the climate type exhibited climatic characteristics from sub-humid to dry and less humid [59]. It has been revealed that the differences in minimum temperatures between urban and rural meteorological stations in Istanbul show a statistically significant positive trend and the effect of urbanization on climate is mostly in the summer [60].




2.2. LST as the Outcome Variable


The LST map of Istanbul was obtained by using Landsat 8 OLI dated 16 August 2022, 11:46. The spatial resolution of these images is 30 m in multispectral bands and 100 m in thermal bands. At 11:46, when the image was taken, the air temperature at the meteorological station named Istanbul Region was 25 °C, and the LST of the station, obtained by LST, was 26.6 °C. This verification was made using the data from Sarıyer and Şile meteorological stations (Figure 2). LST acquisition was done using ArcGIS Pro 3.0 software.



The LST, which constitutes the dependent variable of the study, is based on an estimation and is extracted in 6 stages [61]. First, the spectral irradiance or above-atmospheric (TOA) spectral radiance is obtained by using the digital numbers (DN) of the thermal bands.


    L   λ   =   ( M   L   ×   Q   C A L   ) +   A   L    



(1)




where   L   is the spectral radiance in watts;     M   L     is the band-specific multiplicative rescaling factor;     A   L     is the band-specific additive rescaling factor obtained from raster metadata;     Q   C A L     is the DN value for quantized and calibrated standard product pixels of band 10.



After obtaining the above-atmospheric spectral radiance, in the second step, the TOA spectral radiance was converted to the brightness temperature by using thermal band data and satellite thermal constants [62,63]. Brightness temperature (  B T  ) values are estimated from the spectral brightness map, where the earth’s surface is considered a blackbody, and using the     K   1     and     K   2     calibration constants of the Landsat dataset. In the formula,   B T   is the brightness temperature of TOA, while     K   1     and     K   2     are the calibration constants [64]. These constants may change for each image used.


  B T =     K   2   ∕   ln  ⁡  (   K   1   ∕ L     + 1 ) ) − 273.15  



(2)







In the third step,   N D V I   is calculated [65]. The following formula is used for Landsat 8.


  N D V I =   B a n d   5 ( I R   − B a n d   4 ( R ) ) ∕   B a n d   5 ( I R   + B a n d   4 ( R ) )  



(3)







In the fourth stage, the vegetation ratio, which is highly correlated with   N D V I  , is obtained.


   P v  =     N D V I −   N D V I   m i n     /     N D V I   m a x   −   N D V I   m i n         2   



(4)







In the fifth step, the emissivity ratio (  ε  ) associated with     P   v     is obtained from the following equations [66,67].


  ε =   0.004 ×   P   v     + 0.986  



(5)







In the last processing step, the   L S T   was calculated using the brightness temperature (TOA), land surface emissivity map, and various constants (Boltzmann, Planck’s, and speed of light) produced in the second step.


  L S T =   B T /   1 + 0.0015 × B T / 1.4388 × L n   ε        



(6)







The LST map produced within the scope of the study was classified according to the Natural Breaks (Jenks) method. This method was used in all maps from Figures 2–7. This method was preferred to avoid subjectivity and manipulation in the classification of the maps. This method is based on natural grouping in the data using a statistical formula. This grouping is created in such a way as to best group similar values together and maximize the differences between classes. The classification algorithm aims to minimize the sum of variability within each class. In this way, statistical boundaries are set in regions where there are significant differences between data values [68,69,70,71]. Since the classifier does not intervene other than determining the number of classes, intervention is minimal compared to other methods.




2.3. Covariates


Eleven variables were determined to explain the LST variations on the scale of neighborhoods. These variables were selected using a literature survey. They are population density [72,73,74], the ratio of 65 and older [35,75,76,77], socioeconomic index [23,78], mean NDVI [19,22,27], mean elevation [20,27], ratio of the built environment to the neighborhood area [20,28], mean age, dependent population or age dependency ratio, the ratio of children, mean household size [79], and the total number of residences (Figure 3).
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Figure 3. Spatial distribution of variables: Mean elevation (a); mean NDVI (b); ratio of 65 and older (c); population density (d); mean age (e); dependent population (f); ratio of children (g); mean household size (h). socioeconomic index (i); ratio of built environment (j); total number of residences (k). 
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First, the population density variable was obtained by dividing the total population in the neighborhood by the neighborhood area. Population data were obtained from the Turkish Statistical Institute (TSI) [47].



Second, the variable of the ratio of the population over 65 to the neighborhood population in 2018 was obtained from the IMM [50] and the TSI [47].



Third, the socioeconomic index variable was obtained from the “Mahallem Istanbul” project report completed in December 2017. In the calculation of this score, variables related to occupational groups, education level, and income were used [80].



Fourth, for the mean NDVI variable, Landsat 8 images dated 5 August 2021 were downloaded from the Google Earth Engine (GEE) based on Landsat 8 imagery [81]. In order to obtain the NDVI values on a neighborhood scale, GEE was used. The NDVI map produced from the Landsat 8 image, which is the same as the image for which the LST map was made from GEE, was downloaded. Then, the zonal statistics were used for the mean of the NDVI for each neighborhood. In the NDVI map, values change from −1 to +1. A +1 value in the NDVI values refers to highest vegetation.



Fifth, the digital elevation model (DEM) named EU-DEM v1.1 with a resolution of 25 m from Copernicus [82] 2016 was downloaded for the mean elevation variable. Then the zonal statistics were used for extraction means of elevation by neighborhood. Sixth, for the variable of the ratio of the built environment to the neighborhood area, urban atlas data for 2019 were obtained from the Ministry of Environment, Urbanization, and Climate Change [83]. Construction areas, all discontinuous and continuous urban fabrics, education, health, places of worship and public areas, airports, port areas, railway and road areas, isolated areas, commerce, tourism, industry, and production areas were used to obtain impermeable surfaces. The ratio of mining areas and mining areas to the neighborhood area was obtained. Seventh, the mean age variable was obtained from the IMM for the year 2019.



Eighth, the dependent population variable was obtained from the IMM for the year 2019. The dependent population encompasses both children aged from 0 to 14 years and individuals aged 65 years and above.



Ninth, the variable of the ratio of children was obtained from the IMM for 2019. According to official records, it represents the ratio of individuals between the ages of 0–18 residing in the neighborhood to the total population.



Tenth, the mean household size variable was obtained from the IMM for the year 2019. Household size means the number of persons in a household. We used the index value of mean household size by neighborhood.



Finally, the total number of residences variable was obtained directly from the IMM for the year 2019. It represents the number of residences by neighborhood (Table 1).




2.4. Spatial Analysis


Methods based on regression analysis were chosen to analyze the relationship between LST values and the factors that may affect them. As an experimental process, regression analyses were performed with ArcGIS Pro 3.0 software. OLS, a global regression method, was used to estimate the dependent variables in a multivariate data set and the explanatory variables it is associated with (Equation (7)). OLS is a linear regression method used to model the relationship of the dependent variable with the selected explanatory variables.


  y = β X + ε  



(7)




where   X   is the matrix of explanatory variables,   β   denotes the slope vector, and   ε   denotes the vector of the random error terms. All of the variables were standardized before OLS regression analysis. All variance inflation factors (VIF) for the variables were then calculated to exclude the presence of collinearities, and VIF was set to be less than 7.5 [84].



Spatial autocorrelation (Global Moran’s I) analysis was performed to define the presence of systematic spatial variation in a variable. It finds the residual (stdresudial) values between the OLS estimates, and the actual values are spatially clustered, random, and scattered. Moran’s I value ranges from −1 (perfect dispersion) to +1 (perfect clustering) in this tool, which is used to ensure that residual values are not spatially autocorrelated. When it is close to +1, it indicates a strong spatial autocorrelation, and when it is close to 0, it indicates random distribution or no spatial relationship [85,86].



Additionally, GWR and MGWR analyses were performed. GWR tests linear regression at a local scale and makes it possible to spatially model variable relationships [87]. The GWR method has the capability to produce a collection of localized parameter estimation models, which effectively illustrate the spatial variations in a relationship [88]. The GWR method utilizes an iterative cross-validation process to determine the optimal bandwidth, which involves evaluating the number of nearest neighbors to be included in the local regression model [89]. Bandwidth is determined by minimizing the sum of squares of error between the predicted and actual values. It establishes statistical relationships between dependent and explanatory variables in spatial bandwidth [90]. In the MGWR model, each predictor variable has its bandwidth. The MGWR method, variable-specific non-stationarity, varying scale of relationships, and accurate spatial assessments capture the changing effects of predictors on response variables across spatial contexts [88].



In the GWR model, the weight matrix is based on coherence or distance, and it is assumed that close or adjacent data will be similar to each other. While GWR uses a fixed core bandwidth, the MGWR model eliminates local collinearities by using variable-specific bandwidth [91].





3. Results


3.1. OLS Model Results


The results of the OLS model show that with an Akaike Information Criterion (AICc) value of 2978.60, and an adjusted R2 of 0.86, it explains approximately 86% of the LST values in the study area. In addition, the results showed that the explanatory variables were statistically significant (p < 0.01) (see Table 2). Additionally, the Jarque–Bera Statistic is 29.83, the Koenker (BP) Statistic is 65.92, the Joint F-Statistic is 560.94, and the Joint Wald Statistic is 7549.81.



According to the OLS findings, mean NDVI, socioeconomic index, and total number of residences have a negative association with LST. In addition, a positive relationship was found between LST and mean household size, the ratio of 65 and older, dependent population, ratio of children, mean age, mean elevation, the ratio of built environment, and population density.



When Moran’s I was applied to ensure that the residual values of the OLS model were spatially random, the results showed that the autocorrelation was significant and the residuals were spatially clustered (Moran’s I = 0.35, z-score = 3.39, p < 0.05). While OLS is aspatial regression, GWR and MGWR contribute to the local estimation of the association of variables with LST by addressing non-stationarity and heteroscedasticity.




3.2. Spatial Model Results


The MGWR outperforms the GWR and OLS models with an adjusted R2 of 0.96.



This indicates that the inclusion of spatial structure takes into account previously unexplained variations. While the GWR considers fixed bandwidths for all neighborhoods, the MGWR bandwidth range varies between 30 and 976 (Table 3 and Table 4).



Under the geographically weighted framework, it is possible for collinearity to exist within local subsets [92]. Figure 4 displays the variability of local condition numbers (CN) for the GWR and MGWR models, even though there is no global presence of collinearity. This indicates that local collinearity diagnostic tests were employed in conjunction with the GWR and MGWR analyses. Collinearity significantly impacted some areas in the GWR model (most notably in the Bağcılar and Esenler counties). These numbers indicate a high degree of collinearity among the predictor variables [93]. The presence of collinearity in local subsets can be attributed to the fixed GWR bandwidth, as it can increase the collinearity between variables [89]. All of the local MGWR models exhibited condition numbers (CNs) below the threshold of 64.55.
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Figure 4. Diagnostic tests of the local collinearity for the MGWR (a) and the GWR (b). 
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Figure 5 and Figure 6 show GWR and MGWR covariate coefficient estimates. Covariate coefficient estimates in the GWR and MGWR model turn from negative (blue) to positive (red), showing negative and positive relationships with land surface temperatures and socio-environmental variables. The relationship between LST and some variables can be completely negative or completely positive for Istanbul as a whole. In these maps, blue colors indicate neighborhoods where the relationship is weakened and red colors indicate neighborhoods where the relationship is strengthened (Figure 5 and Figure 6).
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Figure 5. Spatial distribution of coefficients of GWR: mean elevation (a); mean NDVI (b); ratio of 65 and older (c); population density (d); mean age (e); dependent population (f); ratio of children (g); mean household size (h); socioeconomic index (i); ratio of built environment (j); total number of residences (k); intercept (l). 
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Figure 6. Spatial distribution of coefficients of MGWR: mean elevation (a); mean NDVI (b); ratio of 65 and older (c); population density (d); mean age (e); dependent population (f); ratio of children (g); mean household size (h); socioeconomic index (i); ratio of built environment (j); total number of residences (k); intercept (l). 
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The coefficient estimates of the GWR model showed a positive relationship between LST and elevation on the southern coast of the European side (Zeytinburnu, Bakırköy). However, in the inner parts of both sides (Maltepe, Çekmeköy, Sultanbeyli, Arnavutköy), this relationship is negative. In the MGWR model, it was revealed that there is a positive relationship between LST and elevation in the southern coast of the European side and the south of Üsküdar and Kadıköy districts on the Asian side. GWR coefficient estimates show that there is a positive relationship between LST and mean NDVI in Üsküdar, Kadıköy, Beyoğlu, Şişli, and Fatih districts. In the MGWR model, the relationship is positive in Beyoğlu, Büyükçekmece, and Silivri districts.



According to the GWR model, there is a positive relationship between the ratio of 65 and older and the LST in 21 neighborhoods of Bağcılar and Esenler districts. Apart from that, the relationship is generally positive across the European side. MGWR coefficient estimates also show a positive relationship across the European side, and especially in the Arnavutköy district. In addition, MGWR showed that there is a negative relationship between the ratio of 65 and older and the LST in 166 neighborhoods in the southeast of the Asian side. According to the GWR coefficient estimates, there is a positive relationship between population density and LST in the west of the city. In the MGWR model, the relationship between the north of the city was positive. Generally, the relationship from north to south turns from positive to negative.



The coefficient estimates in the GWR model showed that there is a positive relationship between the LST and the mean age in Pendik, Kartal, and Bağcılar districts. In the MGWR model, on the other hand, this relationship was positive in the rural areas of Şile, Silivri, and Çatalca with low populations in the east and west, while a negative relationship was found in the urban areas where the mean age value was lower. It has been determined that the negative areas are clustered in the northern part of Bosphorus. According to the GWR coefficient estimates, there is a positive relationship between the dependent population and LST in Ataşehir, Ümraniye, Çekmeköy, and Sancaktepe districts. In the MGWR model, the relationship was positive in 58 neighborhoods in the north of the Bosphorus region (Beykoz, Sarıyer), while the relationship was negative in 74 neighborhoods in Bağcılar, Esenler, and Başakşehir.



The coefficient estimates of the GWR model showed that there is a positive relationship between LST and the ratio of children in Bağcılar, Bakırköy, Pendik, Tuzla, and Maltepe districts. In the MGWR model, it was observed that the relationship between LST and the ratio of children changed from positive to negative from west to east of the city. The GWR model showed that there is a positive relationship between LST and mean household size in some of the Beylikdüzü, Kadıköy, and Üsküdar districts. In addition, this relationship is negative in some of the districts of Küçükçekmece, Gaziosmanpaşa, and Sultangazi. MGWR coefficient estimates showed that there is a positive relationship between mean household size and LST in most of the Asian side (more than 200 neighborhoods).



GWR coefficient estimations showed that there is a positive relationship between the LST and the socioeconomic index in most of Şile and some of the districts of Kadıköy and Üsküdar. In Çekmeköy and Silivri, this relationship is generally negative. In the MGWR model, there is a positive relationship between LST and socioeconomic index in Fatih, Beyoğlu, Eyüpsultan, and Kağıthane districts. In general, the relationship turns from positive to negative as you move away from the Bosphorus region. GWR has shown that there is a positive relationship between the ratio of the built environment and LST in some of the districts of Üsküdar, Ataşehir, Maltepe, Kartal, Beykoz, and Sarıyer. Apart from this, the relationship was negative in the west of the European side and the eastern end of the Asian side. The MGWR coefficient estimates generally show that the relationship turns from positive to negative as you move away from the Bosphorus region. The coefficient estimates of the GWR model showed that there is a positive relationship between LST and the total number of residences in the Şile district. In 20 neighborhoods in the northwest corner of the city, this relationship is negative. The MGWR coefficient estimates generally show that the relationship from north to south turns from positive to negative.



The relationship between elevation and LST is significant mostly on the coasts, but it is also significant in the inner parts of districts, such as Tuzla and Şile. The relationship between mean NDVI and LST is significant in almost all of Istanbul. The relationship is not significant only in 26 neighborhoods on the coastline of the Büyükçekmece district. The relationship between the ratio of 65 and older and the LST is significant in most of the Asian side. The relationship between population density and LST is significant in Istanbul as a whole. The relationship between mean age and LST was significant in the north of Bosphorus. Similarly, the relationship between the dependent population and the LST is significant in the north of the Bosphorus and the Şile regions. The relationship between the ratio of children and the LST was significant in most of the European side (except for the Bosphorus region). The relationship between mean household size and LST is significant across the Asian side. The relationship between LST and socioeconomic index is significant in the west of the European side and east of the Asian side. The relationship between the ratio of the built environment and LST was significant in most of the urbanized areas (except Tuzla and Büyükçekmece). Finally, the relationship between the number of residences and LST was significant in 16 neighborhoods in the north of the city (Figure 7).
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Figure 7. Spatial variation of p-values of MGWR models: mean elevation (a); mean NDVI (b); ratio of 65 and older (c); population density (d); mean age (e); dependent population (f); ratio of children (g); mean household size (h); socioeconomic index (i); ratio of built environment (j); total number of residences (k); intercept (l). 
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In addition, the MGWR model extracts the relationships between variables in a scaled form. According to the results of the MGWR model, the relationships between the variables were determined together with the R2 values (Appendix A Table A1). As shown in Appendix A Table A1, strong relationships with an R2 value greater than 0.50 are between LST–mean NDVI, LST–ratio of the built environment, the ratio of built environment–mean NDVI, and built environment–population density. The R2 value of the relationships other than these is less than 0.10.





4. Discussion


In this study, three regression models were employed to explore the associations between land surface temperature and environmental and social factors, both in terms of aspatial and spatial distributions. We found that the LST in Istanbul is at higher levels outside the historical core, in rapidly urbanizing places, relatively lower socioeconomic levels, and densely populated peripheries. These regions are Sultanbeyli, Sancaktepe, and Ümraniye on the Asian side and Kağıthane, Eyüpsultan, Güngören, Bağcılar, Bahçelievler, and Esenyurt regions on the European side. The results show the variation in LST according to elevation, mean NDVI, the ratio of 65 and older, ratio of children, dependent population, population density, mean age, mean household size, the total number of residences, the ratio of the built environment, and socioeconomic index.



4.1. Social Determinants Association with LST


The relationship between the socioeconomic index and LST is negative in 66% of the neighborhoods. The relationship between LST and the socioeconomic index is positive in Fatih, Beyoğlu, Eyüpsultan, and Kağıthane regions. In general, the association turns positive to negative while moving away from the Bosphorus region. For example, Jenerette et al. [78] and Huang et al. [23] found a strong negative relationship between LST and socioeconomic levels in their study, where they used different methods in different American cities (Phoenix, AZ, USA and Baltimore, MD, USA).



Consistent with the literature [72,73,74], LST values increased in Istanbul as the population density increased. This positive relationship spread throughout the city. This positive relationship gets stronger from south to north. This finding can be explained by the fact that the south of the city is much more urbanized than the north.



The findings show that the relationship between the proportion of the population aged 65 and over and LST is negative in 95% of the neighborhoods. In this respect, the findings of the study are not consistent with the studies in the literature [75,76]. This negative relationship is stronger in 166 neighborhoods in the southeast of the Asian side. The significance map of the variable in Figure 7 is largely consistent with the neighborhoods where this relationship is negative. Moreover, in 62% of the neighborhoods where this relationship is negative, the relationship between LST and socioeconomic level is also negative. In other words, in almost two thirds of the city, LST decreases in neighborhoods where socioeconomic level and the proportion of the senior population increase. This finding is consistent with the results of the study conducted in Philadelphia [77]. In addition, the results show a positive relationship in general on the European side, especially in the Arnavutköy district. The Arnavutköy district is relatively outside the urban area of Istanbul. Compared to the city in general, Arnavutköy is a region where the population density and socioeconomic level are low, and the average NDVI value is high.



The findings show that the relationship between LST and children’s ratio varies positively throughout the city. This positive relationship gets stronger from east to west. Most of the 444 neighborhoods with high positive correlations are statistically significant in the significance map in Figure 6 and Figure 7 (See Figure 6 and Figure 7).



The findings show that there is a negative relationship between the proportion of the dependent population and LST. In 91% of the neighborhoods, this relationship is negative. The association between the dependent population and the LST is negative in 74 neighborhoods in Bağcılar, Esenler, and Başakşehir. However, in 58 neighborhoods (Beykoz, Sarıyer) in the northern part of Bosphorus, the relationship between the dependent population and LST was negative in 58 neighborhoods, as these 58 neighborhoods are greener and less built up.



The association between mean household size and LST differs across Istanbul. Neighborhoods where this relationship is positive are the majority with 72%. The relationship between mean household size and LST was found to be positive in most neighborhoods on the Asian side (more than 200 neighborhoods), as these neighborhoods are more urbanized. In most of the neighborhoods where this relationship is positive, the relationship between LST and socioeconomic index is negative. In other words, socioeconomic level decreases in neighborhoods where LST and household size increase. This finding is in line with the study conducted by Mashhoodi et al. [79] in the Netherlands. Apart from this, a negative relationship was found between LST and mean household size in the Bağcılar and Arnavutköy regions, where the average household size is higher than the city average.




4.2. Environmental Determinants Association with LST


The elevation estimates have a positive relationship with LST on the southern coast of the European side and south of Üsküdar and Kadıköy districts on the Asian side, as the south coasts are more built up [54] than the northern coasts. Accordingly, as the elevation increased, LST values decreased. For example, the study conducted by Liu et al. [27] reveals the negative relationship between elevation and LST for 252 of 323 cities distributed across the entire country of China. Similarly, Li et al. [20] found that increases in the elevation are associated with decreases in the LST in Shenzen, China.



The relationship between LST and NDVI is negative across the city. This finding is in line with the studies in the literature that investigated the relationship between NDVI and LST in different locations using different methods [19,22,27]. In some areas, this negative relationship weakens. The first of these is the Beyoğlu region. Beyoğlu, one of the historical cores of Istanbul, has a high density of built environment. There are fewer active green areas compared to other core regions such as Fatih. Therefore, this situation is expected. The second regions where the negative relationship weakens are Büyükçekmece and Silivri. The built environment ratio of these regions is much lower than Beyoğlu. Nevertheless, the reason for the weakening of this relationship may be the unused vacant land. In different studies in the literature, the LST averages of unused land are as high as those of high-density continuous urban and industrial areas [20,94,95]. As expected, the regions where the negative relationship is stronger are the forested areas in the north. However, this relationship is stronger in the northeast region.



The findings show that the relationship between the built environment and LST ratio generally turns positive to negative while moving away from the Bosphorus region. Neighborhoods where this relationship is positive are the majority with 94%. This result is consistent with the studies in the literature [20,28]. Additionally, in most of the neighborhoods (90%) where this relationship is positive, the relationship between LST and the socioeconomic index is negative. In other words, socioeconomic level decreases in neighborhoods where LST and built environment ratio increases. In addition, in most of the neighborhoods where this relationship is positive (98%), the relationship between LST and household size is positive. In other words, in neighborhoods where LST and built environment ratio increase, household size also increases.



Finally, it was found that the relationship between the total number of residences and LST, in general, turned from positive to negative from north to south. It is positive in the neighborhoods close to the northern coast of the Asian side. It is expected that the LST value will increase as the number of residences increases in these neighborhoods, where there are sparsely built 2-floor buildings [83].



ICV and ICCAP policy documents should be revised based on study findings. Trying to reduce the risks associated with extreme temperatures simply by planting trees in public areas is not an effective solution. With the findings of this study, which presents local variability for policy makers, the effectiveness of the planned actions should be tested with GIS-based 3D simulations. In urban transformation and urban planning processes, which come to the forefront due to earthquake risk, GIS-based 3D simulations related to the urban heat island should be made. In these simulations, trend analysis of meteorological stations, air pollution forecasts, fluid dynamics, urban geometry and typologies, traditional and innovative solutions, tree diversity, green roofs, solar power plants for roofs, reflective paint, and various architectural solutions should be considered. Through these simulations, the effectiveness of actions can be tested. In this way, neighborhood and street-specific actions can be planned. Incentives and penalties can be applied according to vulnerable groups and socioeconomic levels.



Indeed, the impacts of land surface temperature (LST) on sustainable development in mega cities like Istanbul are significant and multifaceted. Here are some key points to consider: 1. High LST in urban areas can lead to increased energy consumption for cooling, discomfort for residents, and adverse effects on human health while sustainable development goals prioritize reducing energy consumption and transitioning to cleaner and more efficient energy sources to mitigate climate change impacts; 2. By understanding the spatial variability of LST, city planners can identify areas prone to high temperatures and implement measures such as green spaces, urban parks, and tree planting to mitigate the UHI effect. Integrating sustainable design principles like green roofs, cool pavements, and efficient building materials can also help reduce LST and promote sustainable urban development; 3. LST influences water availability and quality in urban areas. Higher temperatures lead to increased water evaporation, stressing water resources. Sustainable water management practices, including water conservation, efficient irrigation systems, and green infrastructure for stormwater management, can help mitigate the impacts of LST on water resources and support sustainable urban development.




4.3. Limitations


This study has a few limitations. Since all the data used in the study were not produced yearly, a comparative study could not be conducted. Similarly, since not all data used in the study are produced annually, the latest and same-year data could not be used in this study. Therefore, it was necessary to choose years close to each other. Since the data forming the socioeconomic index could not be obtained, only income level or only education level variables could not be used in the model. The low temporal resolution of the Landsat images and the high cloudiness prevented the making of different LST maps. In addition, the absence of Landsat images at 10 pm, when the concrete surfaces give off the heat, limited comparisons within the same day. Unexpected results were obtained in some regions, as the shadows created by the skyscrapers reduced the LST values.





5. Conclusions


This study investigates the association between socioeconomic and environmental determinants and land surface temperature in Istanbul using spatial modeling methods. LST and covariates were analyzed using non-spatial OLS, as well as geographical GWR and MGWR models, to investigate their relationship accurately, considering both spatial and non-spatial aspects. The MGWR model outperforms the GWR model with an R2 of 0.96. In the GWR model, the use of a fixed bandwidth led to both overfitting and underfitting of variables, resulting in a misrepresentation of LST and its associations. To overcome this limitation, the MGWR model was selected.



The study advocates for multiscale and multidisciplinary policies and institutions to study LST association with socio-environmental determinants. Future studies should explore the non-linear association between LST and socio-environmental factors. In addition, nonlinear GWR approaches such as the geographically weighted artificial neural network (GWANN) and the geographically and temporally weighted neural network (GTWNN) can be tested in different seasons using methods such as reverse nearest neighbor (RNN), GWR, and 4D-GWR. Additionally, the combination of variables used in the study can be applied in different cities.



To address the impacts of LST on sustainable development in mega cities like Istanbul, a holistic and integrated approach is needed. This includes incorporating LST data into urban planning, adopting energy-efficient technologies, promoting green infrastructure, enhancing public health measures, and prioritizing climate change adaptation and mitigation strategies. By considering the relationship between LST and sustainable development, cities can work towards creating more resilient, livable, and sustainable urban environments.
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Table A1. Relationships between variables of MGWR models.
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	Variable 1
	Variable 2
	Correlation
	Positive/Negative
	Chart





	LST
	Mean NDVI
	0.76
	Negative
	[image: Sustainability 15 11594 i001]



	LST
	Ratio of Built Environment
	0.58
	Positive
	[image: Sustainability 15 11594 i002]



	LST
	Population Density
	0.42
	Positive
	[image: Sustainability 15 11594 i003]



	LST
	Total Number of Residences
	0.18
	Positive
	[image: Sustainability 15 11594 i004]



	Total Number of Residences
	Mean NDVI
	0.22
	Negative
	[image: Sustainability 15 11594 i005]



	Ratio of Built Environment
	Mean NDVI
	0.71
	Negative
	[image: Sustainability 15 11594 i006]



	Ratio of Built Env.
	Population Density
	0.61
	Positive
	[image: Sustainability 15 11594 i007]



	Population Density
	Total Number of Residences
	0.26
	Positive
	[image: Sustainability 15 11594 i008]



	Socioeco. Index
	Mean Elevation
	0.11
	Negative
	[image: Sustainability 15 11594 i009]



	Socioeco. Index
	Ratio of 65 and older
	0.17
	Positive
	[image: Sustainability 15 11594 i010]



	Ratio of Children
	Mean Age
	0.18
	Negative
	[image: Sustainability 15 11594 i011]



	Ratio of Children
	Mean Household Size
	0.17
	Positive
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Figure 1. Study area. 
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Figure 2. Mean LST of Istanbul neighborhoods. 
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Table 1. Explanation of covariates.






Table 1. Explanation of covariates.





	Covariate
	Unit
	Source
	Calculation Method





	Mean Elevation
	Meter
	EU DEM v1.1
	Downloaded from EU DEM v1.1, used zonal statistics by neighborhood



	Mean NDVI
	Index
	GEE
	Downloaded from GEE, used zonal statistics by neighborhood



	Ratio of 65 and Older
	%
	TSI + IMM
	Divided +65 aged population to total population by neighborhood



	Population Density
	Person/km2
	TSI + IMM
	Divided total population into neighborhood area



	Mean Age
	Value
	TSI + IMM
	Obtained from IMM by neighborhood directly



	Dependent Population
	Index
	TSI + IMM
	Divided +65 and 0–15 aged population to total population by neighborhood



	Ratio of Children
	%
	TSI + IMM
	Divided 0–18 aged population to total population by neighborhood



	Mean Household Size
	Index
	TSI + IMM
	Obtained from IMM by neighborhood directly



	Socioeconomic Index
	Index
	Mahallem Istanbul Project
	Obtained from Mahallem Istanbul Project report file by neighborhood directly



	Ratio of Built Environment
	%
	Ministry of Environment, Urbanization, and Climate Change
	The total area of impermeable surfaces of urban atlas by neighborhood



	Total Number of Residences
	Value
	IMM
	Obtained from IMM by neighborhood directly
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Table 2. OLS results.






Table 2. OLS results.













	Variable
	Coefficient
	Std. Error
	t-Statistic
	p-Value
	VIF





	Intercept
	33.89
	0.48
	69.85
	0.00
	-



	Mean Elevation
	0.01
	0.00
	18.98
	0.00
	1.39



	Mean NDVI
	−22.98
	0.69
	−33.20
	0.00
	4.84



	Ratio of 65 and older
	0.70
	0.74
	0.94
	0.00
	1.46



	Population Density
	0.00
	0.00
	3.73
	0.00
	3.36



	Mean Age
	0.01
	0.00
	2.44
	0.03
	1.58



	Dependent Population
	0.50
	0.28
	1.75
	0.00
	1.39



	Ratio of Children
	0.08
	0.02
	4.00
	0.00
	1.81



	Mean Household Size
	1.43
	0.31
	4.50
	0.02
	1.43



	Socioeconomic Index
	−0.01
	0.00
	−5.49
	0.00
	1.64



	Ratio of Built Environment
	0.01
	0.00
	3.18
	0.00
	6.40



	Total Number of Residences
	−0.01
	0.00
	−1.96
	0.00
	1.58



	Adjusted R2
	0.86
	
	
	
	



	AICc
	2978.60
	
	
	
	










[image: Table] 





Table 3. GWR and MGWR model results.






Table 3. GWR and MGWR model results.





	Statistic
	GWR Results
	MGWR Results





	Adjusted R2
	0.95
	0.96



	AICc
	2210.98
	−242.32



	Sigma-squared
	0.42
	0.03



	Sigma-squared MLE
	0.29
	0.02



	Effective degrees of freedom
	671.88
	759.26
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Table 4. Summary statistics for MGWR parameter estimates.






Table 4. Summary statistics for MGWR parameter estimates.















	
	Bandwidth

(% of Features)
	Significant

(% of Features)
	Mean
	Std. Dev.
	Min
	Median
	Max





	Intercept
	31 (3.18)
	274 (28.07)
	0.06
	0.16
	−0.44
	0.06
	0.43



	Mean Elevation
	30 (3.01)
	343 (35.14)
	0.12
	0.15
	−0.23
	0.11
	0.74



	Mean NDVI
	30 (3.07)
	950 (97.34)
	−0.69
	0.17
	−1.05
	−0.71
	−0.05



	Ratio of 65 and older
	391 (40.06)
	235 (24.08)
	−0.04
	0.03
	−0.11
	−0.32
	0.02



	Population Density
	306 (31.35)
	976 (100)
	0.05
	0.03
	0.01
	0.04
	0.12



	Mean Age
	391 (40.06)
	62 (6.35)
	−0.02
	0.02
	−0.13
	−0.03
	0.02



	Dependent Population
	306 (31.35)
	112 (11.48)
	0.02
	0.02
	−0.03
	0.02
	0.09



	Ratio of Children
	976 (100)
	462 (47.34)
	0.02
	0.00
	0.01
	0.02
	0.02



	Mean Household Size
	173 (17.73)
	420 (43.03)
	0.04
	0.06
	−0.08
	0.04
	0.17



	Socioeconomic Index
	201 (20.59)
	400 (40.98)
	−0.03
	0.05
	−0.13
	−0.03
	0.05



	Ratio of Built Environment
	165 (16.91)
	863 (88.42)
	0.21
	0.09
	−0.07
	0.22
	0.36



	Total Number of Residences
	976 (100)
	16 (1.64)
	0.00
	0.00
	0.00
	0.00
	0.00
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