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[bookmark: _Ref127721375]Figure S1 Scree plots outputs of exposure, sensitivity and adaptive capacity 
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[bookmark: _Ref127567322]Figure S2 Spatial distribution of mean annual LST (2000-2019) in five major cities of Bangladesh
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[bookmark: _Ref127438327]Table S1 Indicators of heatwave vulnerability
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	Description 
	Unit / Resolution / Format
	Data source

	Latent
	Observed
	
	
	

	Exposure
	Land surface temperature (LST)
	LST is closely associated with air temperature, which is an indicator of heatwave (Zhang et al., 2018).
	MODIS MOD11A2 LST product (v006) at 1 km spatial resolution 
	(Wan et al., 2015)

	
	Population density
	Rapid population growth leads to urban expansion, poverty, congestion, changes in climatic conditions, decline in waterbodies, and thus, increase heatwave vulnerability (Costello et al., 2009; Wheeler et al., 2015).
	Number of people per grid cell at 100 m resolution
	(WorldPop, 2018)

	
	Albedo (wsa)
	The albedo defines reflectivity of the earth. The low‑albedo surfaces have the potential to increase surface thermal stress and mortality rate (Kalkstein et al., 2022; Salvati & Kolokotroni, 2020; Sharma et al., 2022) 
	MODIS MCD43A3 product at 500 m spatial resolution
	(Schaaf & Wang, 2015)

	
	Aerosol optical depth (aod)
	aod indicates concentration of pollutants on the environment, and its concentration is positively associated with heat stress (Xiang et al., 2022)
	MODIS MCD19A2 product at 1 km spatial resolution 
	(Lyapustin & Wang, 2018)

	
	Nighttime lights (ntl)
	ntls are a sign of anthropogenic activity on earth's surface. NTL data helps extract urban areas by monitoring the city lights at night (Dewan et al., 2021; Li et al., 2019). NTL data used in this study consisting of the Defense Meteorological Satellite Program – Operational Linescan system (DMSP-OLS) and the Visible Infrared Imaging Radiometer Suite (VIIRS) data. 
	Grided data
	(Dewan et al., 2021)

	
	Biophysical composition index (bci)
	bci defines imperviousness of surface that shows a positive relation with urban heat stress. 
	Estimated from MODIS data at 1 km spatial resolution
	(Dewan et al., 2021)

	
	Urbanization rate (ui)
	ui is an important determinant since expanding built-up area, development of structural expansions, and congested urban areas are all vulnerable at the same time (Dewan et al., 2021; Gabriel & Endlicher, 2011).
	Estimated from MODIS data at 1 km spatial resolution
	(Dewan et al., 2021)

	
	Elevation 
	Physical factors are slightly associated with heat stress and they are significant among different geographical regions (Mora et al., 2017)
	Gridded data at 30 m resolution 
	(Jaxa, 2015)

	
	Relative humidity 
	Monthly average humidity data from 1988−2012, across different weather stations
	Vector data 
	http://www.barc.gov.bd/

	
	Sunshine 
	Monthly average daylight hour data from 1988−2012, across different weather stations 
	Vector data
	http://www.barc.gov.bd/

	[bookmark: _Hlk127439753]Sensitivity
	Vulnerable men (Age <=9 or >= 65 years)
	Vulnerable men include male populations aged either <9 years or > 65 years. Older adults > 65 are more susceptible to the effects of urban heat because of ongoing health issues. Children under the age of nine are much more susceptible to heatwaves than adults due to their lower sweating level and mass index (Inostroza et al., 2016; Wolf & McGregor, 2013).
	Number of people per grid cell at 100 m resolution
	(WorldPop, 2018)

	
	Wealth index
	Poverty is associated with poor housing, inadequate nutrition, and restrictive socioeconomic conditions, which make people sensitive to heatwaves (Adnan et al., 2022; Inostroza et al., 2016).
	Gridded demographic health index (DHS) wealth index data at 1 km resolution
	(Steele et al., 2017)

	
	Female population
	Women respond to heatwave differently than men do because they have larger body fat percentages and less physical strength (Raja et al., 2021; Yang et al., 2019). 
	Number of people per grid cell at 100m resolution
	(WorldPop, 2018)

	
	Occupied in industrial or agricultural sectors
	Outside workers (e.g., agricultural and industrial labor) are more vulnerable to heatwaves (Adnan et al., 2022; Wolf & McGregor, 2013)
	Number of people employed in industrial agricultural sector
	(De Bono & Chatenoux, 2014)

	Adaptive
capacity
 
	EVI
 
	EVI is a measure of vegetation cover. High percentage of green cover and reduced vulnerability to heatwaves are indicators of a higher EVI score (Inostroza et al., 2016; Raja et al., 2021)
	Estimated from MODIS data at 1 km spatial resolution
	(Dewan et al., 2021)

	
	FVG
	Fraction of green vegetation (FVG) indicates vegetation canopies. High FVG lowers urban heat (Refslund et al., 2014).  
	Estimated from MODIS data at 1 km spatial resolution
	(Dewan et al., 2021)

	
	Moisture stress index (MSI)
	Soil and plant moisture indicate how hot or cold an urban area is (Dewan et al., 2021; Rinner et al., 2010). 
	Estimated from MODIS data at 1k m spatial resolution
	 (Dewan et al., 2021)

	
	NDWI
	NDWI can be used to detect waterbodies. A high NDWI means more waterbodies and a reduced susceptibility to heatwaves (Inostroza et al., 2016; Wolf & McGregor, 2013). 
	Estimated from MODIS data at 1 km spatial resolution
	(Dewan et al., 2021)

	
	Access to medical services
	Access to medical center is indicated by the distance (km) of an area from the nearest health facility (Adnan et al., 2022; Kim et al., 2017).
	(Inostroza et al., 2016; Kim et al., 2017)
	Spatial data, UNISDR

	
	Meteorological factors
(Rainfall, windspeed, cloud cover)
	Rainfall, wind speed and cloud cover are significant meteorological parameters to mitigate the potential impact of heat stress.
	Gridded rainfall data at 1 km resolution.
Station data of windspeed and cloud cover 
	 (Dewan et al., 2022)
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