Supplemental Figure 1.
 The location of six prefectures in this study in Japan 
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Tokyo; Latitude: 35 degrees north; Longitude: 139 degrees east
Saitama; Latitude: 34 degrees north; Longitude: 136 degrees east
Chiba; Latitude: 35 degrees north; Longitude: 140 degrees east
Kanagawa; Latitude: 35 degrees north; Longitude: 139 degrees east
Aichi; Latitude: 35 degrees north; Longitude: 136 degrees east
Osaka; Latitude: 34 degrees north; Longitude: 135 degrees east
Supplemental Figure 2

OHCA incidence by month in elderly and non-elderly
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The incidence of daily OHCA was compared among months in the elderly and non-elderly patient groups. The line charts show the mean OHCA incidence per month for the elderly patient groups (left) and non-elderly patient groups (right). The vertical axis represents the daily OHCA count per 1 million elderly (or non-elderly) population. The shaded area represents the range between one standard deviation above the mean and one below the mean. There was no difference in the effect of the month on OHCA incidence between the two groups.
The elderly population was defined as people aged 65 and over.
OHCA; out-of-hospital cardiac arrest


Supplementary Methods

Feature Selection
1.) (Transform non-linear to linear relation) Several past studies have widely known the non-linear relation between meteorological variables and OHCA (reference). However, statistical analyses, such as the Granger causality test that we use in later steps, can fail in the presence of non-linearity. To transform the non-linearity correlation of meteorological variables with OHCA to linearity, we used univariate Poisson regression models of each meteorological variable to predict daily OHCA.
2.) (Estimate Time-lag) The meteorological factors would not affect the human body immediately but do with some time lag. After transforming the non-linear relationship to linear, we used the Granger causality (GC) test with the Walt test to filter out the meteorological variables whose prior values can predict the future values of OHCA. The impulse response function can be used to estimate the best lags of each variable impacting OHCA. We built impulse response functions with a maximum lag of 14 days using the OCHA and each variable. The best lags were determined when the response was significant at the 95% confidence level.
3.) (Determine gradual effect using Exponential Weighted Mean) We hypothesize that the changes in weather conditions during the past days gradually affect the human body. To capture this pattern, we used an exponential weighted mean (EWM) with the determined lagged values to give more recent observations more weights, while the older observations have less weights. The EWM function was computed on the time series shifted by the time-lag, , and defined as: , where  is a metrological variable at time ,  is a parameter which controls how the weighted mean decays. The best  was determined between 0.1 and 1.0 with a step of 0.1 from the univariate Poisson model (using XGBoost), which minimized Poisson deviance. The mean and standard error were obtained using 10-fold cross-validation.
4.) (Select the best predictor) At this step, a variable with the largest impact on OHCA is selected by the minimum Poisson deviance, which is the mean ambient temperature. We updated the non-linearity relationship between the mean ambient temperature and daily OHCA to the one that took into account lag and  using a univariate Poisson model. Note that although the minimum and maximum temperatures can be selected owing to the minimum Poisson deviance, we chose the mean ambient temperature because of the slightly better mean Poisson deviance than the others. They are highly correlated with the mean temperature; thus, we did not consider them candidates in further steps. The existing strong collinearity in a model is not only redundant but also might cause the worse performance of the model and thus should be removed in advance.
5.) (Repeat 1-4) To minimize the impact of mean temperature on OHCA, we considered the causality of any other variables to the residual, which was obtained by subtracting the predicted values of OHCA using the univariate regression model from the observed values. We then repeated the above steps until the Poisson deviance did not improve. Finally, we selected the best combination of two variables: the mean average temperature with a lag of 1 day and  and the diurnal temperature with a lag of 1 d and 

Data Engineering
The month and days of week variables converted to the cyclic variables
When the models were trained, the month and days of the week variables were transformed into their corresponding sine and cosine functions to express their periodic nature. Each variable is defined as follows: month (cosine) = cos(month/12 * π * 2), month (sines) = sin(month/12 * π * 2), weekday (cosine) = cos(weekday/7 * π * 2), and weekday (sines) = sin(weekday/7 * π * 2).  


Supplementary results
The mutual Information value of OHCA incidence by the temperature of the week in elderly and non-elderly patients.
We determined the mutual information (MI) value for the elderly and non-elderly groups to assess the strength of the non-linear relationship between temperature change and OHCA incidence; the MI value was 0.318 for the elderly group and 0.07 for the non-elderly group, which was lower than that of the elderly group. Thus, the binary association was stronger in the older group.
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