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Text 1.
Methods that were applied to use temperature, RH, wind speed, dew point temperature, NDVI, ozone concentration, cloud cover, and air conditioning data are given below.
[bookmark: OLE_LINK8][bookmark: OLE_LINK9][bookmark: OLE_LINK10][bookmark: OLE_LINK11][bookmark: OLE_LINK12][bookmark: OLE_LINK13][bookmark: OLE_LINK14][bookmark: OLE_LINK15][bookmark: OLE_LINK16][bookmark: OLE_LINK17]Temperature, RH, wind speed, dew point temperature: If a county on a day had at least one monitor running within that county, the average of the measurements from monitoring sites within that county was used. If a county on a day had no monitor running within that county but had at least one monitor within 35 km from its centroid, the average of the measurements from these monitors was used. Otherwise, a county was excluded from the analysis. The dataset before matching had 7,610,572 county-days in total. 62% of the county-day temperature was measured by one monitor, 25% was measured by two monitors, and 13% was measured by three or more monitors. We used both daily values of temperature, RH, wind speed, and dew point temperature, and the average of mean summer temperature, mean summer RH, and mean summer wind speed as a measure of a county’s climate to examine their effects on spatial contrast of the RR.
NDVI: A county’s NDVI was obtained by averaging all 1 km × 1 km grid cells whose centroids were within that county. The average of mean summer NDVI was used as a measure of the vegetation coverage in summer for that county to examine spatial contrast of the RR.
[bookmark: OLE_LINK78][bookmark: OLE_LINK79][bookmark: OLE_LINK80][bookmark: OLE_LINK71][bookmark: OLE_LINK72][bookmark: OLE_LINK73][bookmark: OLE_LINK74][bookmark: OLE_LINK75][bookmark: OLE_LINK76][bookmark: OLE_LINK77]Ozone concentration: If a county on a day had at least one monitor running within that county, the average of the measurements from monitoring sites within that county was assigned. If a county on a day had no monitor running within that county, ozone concentration was regarded as missing. For ozone, we did not use the measurements from monitors within 35 km because of its large spatial variability. The average of mean summer ozone was used as a measure of average ozone pollution level for that county to examine its effect on spatial contrast of the RR. 716 out of 1916 counties had ozone monitors.
Cloud cover (low/medium/high cloud cover): Because of the low spatial resolution of cloud cover (~0.3 degree), we assigned each county to the cloud cover in the nearest grid cell from the reanalysis data set. We used both daily values of cloud cover and the average of mean summer cloud cover also as a measure of a county’s climate to examine its effect on spatial contrast of the RR.
Air conditioning prevalence (central or any):[1] If a county was surveyed, the prevalence of that county was assigned. Otherwise, AC prevalence was regarded as missing. 188 out of 1916 counties had AC data. A linear model was fitted to each county’s AC prevalence data. The air conditioning prevalence was interpolated and extrapolated over time in 1999-2010 using this linear model for the counties that were surveyed, and the average of AC prevalence was used to examine its effect on spatial contrast of the RR.


[bookmark: OLE_LINK39][bookmark: OLE_LINK40][bookmark: OLE_LINK41]Text 2.
[bookmark: OLE_LINK42][bookmark: OLE_LINK43][bookmark: OLE_LINK44]To explore which factors might modify the RR of heat stroke hospitalizations, we first investigated whether age group, as a measure of individual susceptibility, modified the RR. This is achieved by stratifying the daily hospitalizations (numerators) and Medicare beneficiaries (denominators) into three age groups (65 – 74, 75 – 84, >84 years) and including interaction terms of the heat wave day indicator and the age group indicator variables. 
Second, for county-level covariates, we tested whether these variables explain the spatial contrast of the RR. Specifically, we fitted the following model,
log E(Yct) = (γ0,c + β0) + (β1,c + γ1,c) HWct + β2 Dowt + β3 Yeart + β0,V Vc + β1,V Vc HWct + log(Pct)      [supp eq 1]
[bookmark: OLE_LINK45][bookmark: OLE_LINK46]where Vc stands for one of the following county level covariates: the average of county-level AC prevalence (central or any) over the study period, mean summer NDVI, mean summer ozone concentration, mean summer temperature, mean summer RH, mean summer wind speed, mean summer low/medium/high cloud cover, or urbanicity of each county; and (γ0,c, γ1,c) follows a bivariate normal distribution with mean zero.
Third, we examined if the intensity and duration of heat wave alters the RR of heat stroke hospital admissions on heat wave days as compared to matched control days. This was achieved by comparing the effect of heat waves using the primary definition with using stricter definitions. More specifically, we compared the RR using six definitions of heat waves (>97th for at least two days, >98th for at least two days, >99th for two days, >97th for at least four days, >98th for at least four days, >99th for four days).
Fourth, we tested the interaction of heat wave with daily temperature, daily dew point temperature, daily RH, daily low, medium, high cloud cover, and the interaction between heat wave and the percentile of temperature on the day before heat wave to see whether a sharper increase in temperature was associated with a larger effect. Specifically, we used the following model,
log E(Yct) = (γ0,c + β0) + β1,c HWct + β2 Dowt + β3 Yeart + β0,V Vct + β1,V Vct HWct + log(Pct)    [supp eq 2] 
where Vct is the daily meteorological variable. 
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