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•  Extreme heat and cold events are one of the most significant 
causes of climate-related deaths worldwide

• Five million deaths were attributed to extreme heat and cold 
globally between 2000-2019 (Chen et al., 2024), and projections 
indicate that heat-related deaths will increase

• We aim to understand the impacts of extreme heat on healthand 
health services demand to provide a better estimation offuture 
climate-related illness burden
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• All data are aggregated into the 10 health-department region(HHS 
Regions) set by Office of Intergovernmental and External Affairs. 
Data are recorded daily and ranges from 2018 to 2025.
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Data Granularity
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• Source: Center of Disease Control and Prevention (CDC)

• Daily Heat-related illness (HRI) visits rate per 100,000 population

•  Aggregated across 10 Health Department Regions (HDRs)
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Emergency Department Visits (EDV)
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• Source: National Oceanic and Atmospheric Administration(NOAA)

•  Originally daily data gridded to 0.5x0.5 degrees lat/lon

•  Aggregated to regional data with equal weighting per grid square

• Weighted proportional to area when crossing state borders
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Temperature
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• Source: Center of Disease Control and Prevention (CDC)

• The heat index incorporates both the temperature and therelative 
humidity

• The raw data are collected at a county level and is aggregated to 
regional level with population weighting
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Heat Index
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Seasonal Analysis and Lag analysis
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Cross-correlation between EDV and temperature
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Mixed Effects Model

• The following mixed effects models were considered:
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Prediction Accuracy (Temperature)

• Mean squared error (MSE) was used to evaluate the models using 
multiple train-test splits.

• The four models that included temperature performed much better, 
with similar MSEs.
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Best Fitting Model Interpretation (Temperature)

• The best-performing model is:

• Substantial variation across regions in baseline ED visit rates(random 
intercept variance = 1.59)

• Modest variation across regions in the effect of temperature(random 
slope variance = 0.00204)

• Strong negative correlation (−0.96) between random interceptsand 
temperature slopes, meaning that regions with higherbaseline ED visits 
tend to have a smaller effect of temperatureon ED visits.
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Predictions (Temperature)
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• Most unadjusted ICCs are below 0.05, meaning that the 
varianceexplained by regions is insignificant based only on random 
effects. 

• Adjusted ICCs are close to 1, meaning that almost all 
theunexplained variance is explained by region after controlling for 
thecovariates.
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Intraclass Correlation Coefficient (Heat Index)



17

• The Poisson models fit consistently better in terms of MSE but 
worsein AIC/BIC. This might be an reflection of the bias-variance 
trade-off.The Poisson models perform better in terms of MSE due 
to higherbias but lower variance, which favors generalization

#MWSUG2025 #PL088

Fitting Performance (Heat Index)
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• The best-performing model is:

•  Substantial variation across regions in baseline ED visit rates(random 
intercept variance = 1.49)

•  Modest variation across regions in the effect of heat index(random slope 
variance = 0.00029)

• Strong negative correlation (−0.94) between random intercepts and heat index 
slopes, meaning that regions with higher baseline ED visits tend to have a 
smaller effect of heat index on ED visits.

• Allowing seasonal components to vary randomly across regions slightly 
reduced AIC/BIC, but not enough to justify the added complexity
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Best Fitting Model Interpretation (Heat Index)
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• Beyond simply predicting counts, understanding the overall trend 
provides more valuable public health insights

• Peak timing is measure on the time took to peak in EDV in days of 
a year and is derived from model coefficients.
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Applications
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• Both temperature and heat index are valuable for predictingfuture 
emergency department visits

• The Poisson family performed better than the negative binomial 
family when evaluated using MSE

• Models including these variables in some way performed 
considerably better than models only incorporating seasonality

•  Models incorporating temperature or heat index in some way 
performed about the same as each other

• The lack of available EDV data limited the scope of our analysis, 
and future research on data spanning more years may prove more 
conclusive
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