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Abstract: Extreme heat is one of the most important pathways illustrating the connection between
climate and human health, and climate change is expected to exacerbate this public health issue.
This study first used a case-crossover analysis to characterize the historical (1980–2018) association
between summertime heat and non-traumatic mortality in Washington State. A separate analysis
was conducted for each of the state’s ten climate divisions to produce distinct exposure–response
curves expressing odds of mortality as a function of humidex. Stratified analyses were used to assess
the impact of age, sex, race/ethnicity, and select causes of death, and the reported results are pooled
across all divisions using meta-analysis. The historical heat–mortality relationship was combined
with climate projections to estimate the impact of climate change on heat-related deaths in 2030,
2050, and 2080 under two warming scenarios. The odds ratio (OR) and 95% confidence intervals of
mortality at the 99th percentile of humidex compared to the 50th percentile did not include the null
value in four climate divisions (E Olympic Cascade Foothills, NE Olympic San Juan, Northeastern,
and Puget Sound Lowlands). The statewide odds of mortality are 8% higher (6%, 10%) on 99th
percentile days compared to 50th percentile days, driven primarily by an OR of 1.09 (1.06, 1.11)
in the Puget Sound Lowlands. Risk is higher for women than men and for Blacks than Whites.
Risk increases with age and for diabetic, circulatory, cardiovascular, ischemic, cerebrovascular, and
respiratory deaths. The 95% confidence intervals of projected heat-attributable mortality did not
overlap with zero in three climate divisions (E Olympic Cascade Foothills, NE Olympic San Juan, and
Puget Sound Lowlands). In these three divisions, the average percent increase in heat-attributable
mortality across both warming scenarios is 35%, 35%, and 603% in 2030, 2050, and 2080, respectively.
This research is the most extensive study of heat-related mortality in Washington to date and can help
inform public health initiatives aiming to improve present and future health outcomes in the state.

Keywords: heat-related mortality; case-crossover analysis; climate change; extreme heat; public
health; climate divisions

1. Introduction

The human body responds to extreme heat by increasing cardiovascular demand in
an attempt to provide physiologic cooling and maintain thermal homeostasis, and a failure
to meet this demand can lead to a variety of illnesses or death [1]. Epidemiological studies
of the association between heat and mortality primarily conclude that abnormally high
temperatures are associated with excess mortality and that the exposure–response function
is nonlinear, typically described by a V-, U-, or J-shaped curve [2,3]. This relationship
has been observed in locations with diverse climates and cultures, including the United
States [4–10], Europe [11–13], Latin America [14], India, pecifically [15] and South Asia,
generally [16], China [17], Russia [18] Australia [19], South Africa [20], and the Middle
East and North Africa [21].
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Deaths attributed specifically to heat often underestimate the true public health burden
of high temperatures [1]. Other commonly identified risk factors include cardiovascular
diseases [6,8,12,13,22], respiratory diseases [12,15], diabetes [8,12,23], age [4,8,11,14,15],
and lack of access to air conditioning [5,6,22,24,25]. (Systemic) racism produces different
health outcomes for racially defined groups [26,27], including in the context of heat-related
mortality [23,24,28], as communities of color often have reduced access to air condition-
ing [25] and live disproportionately in areas most susceptible to the urban heat island
effect [29]. Although the most recent IPCC Working Group 6 report summarized with
very high confidence that geographical differences in heat-related mortality will be driven
by “growth in regions with tropical and subtropical climates” [30], it is well-documented
that temperate regions, such as Washington State, are more sensitive to heat events, per-
haps due to less appreciation of risk, lower prevalence of air conditioning, or weaker
physiologic acclimatization [4–6,9,31–33]. With average global temperatures predicted to
continue increasing [34], along with the frequency, length, and intensity of future extreme
heat events [35], risk estimates that better characterize the full heat-health burden will be
important as public health practitioners pursue equitable future health outcomes.

Washington State, an area largely characterized by a historically temperate climate
and a relatively low prevalence of air conditioning, is an important location for research
into heat-related health outcomes. Jackson et al. [36] examined four areas in Washington
State and obtained relative risk values in the greater Seattle area that indicated a significant
relationship between heat event duration and increased daily mortality rates for non-
traumatic deaths in persons aged 45 and above. Although results in the other three areas
were not statistically significant, the patterns of elevated relative risk estimates suggest that
there is also a real difference in mortality rates during heat events in these areas; however,
sample size issues prevented statistically significant estimates. Busch Isaksen et al. [7]
computed a 1.83% (95% CI: 0.77%, 2.91%) increase in mortality for all ages, all non-traumatic
mortality in King County for each one degree change in humidex above the optimal alert
threshold of 35.7 humidex. A subsequent analysis [8] also found a 10% increase (95% CI:
6%, 14%) in the risk of death on a heat day versus a non-heat day for all ages, all causes.

The Pacific Northwest historically has experienced few severe heatwaves, but cli-
mate models suggest that this area will become increasingly susceptible to extreme heat
events [35] and that it may experience greater summertime warming due to climate change
than most of the rest of the continental United States [37]. Thus, a region that is already
vulnerable to heat may soon face a climate to which it is not adapted nor acclimated, as
illustrated by the June/July 2021 record-breaking “heat dome” that resulted in elevated
hospitalizations and mortality throughout Oregon, Washington, and southwest Canada.
Jackson et al. [36] found that projected non-traumatic deaths due to heat days in the Seattle
region were greatest for people in the 65+ age group in all years and warming scenarios
analyzed, although the results for the rest of the state were not statistically significant. In
King County, Busch Isaksen et al. [7] identified the 85+ age group as being most at-risk of
heat-related mortality in a changing climate.

Previous studies in Washington State have assessed exposure using average maximum
daily humidex averaged at the county-level [7,8,36]. This is an important limitation, given
that there is significant spatial variation in heat across any given county. Exposure variation
is further illustrated by the fact that many counties in Washington have more than one
climatic zone within their geopolitical boundaries. This study addresses the potential expo-
sure misclassification when using average county-level humidex by assigning average daily
maximum humidex exposure at the individual level. Additionally, this study improves
heat-risk estimates by spatially aggregating risk to the climate zone level, rather than a
geopolitical county level, thereby increasing power to observe effects in the more rural parts
of the state, while recognizing individuals adapt to their climatic conditions [6]. Finally,
this study provides the most up-to-date statewide characterization of observed and pre-
dicted heat-mortality risk. Previous results have been used to inform risk communication
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campaigns and to drive public health intervention planning. This updated work is widely
anticipated by our practice community.

This study uses a case-crossover approach to investigate the heat–mortality relation-
ship in Washington State and explores possible heterogeneity in the dose–response curve
across the state’s ten climate divisions, as defined by the National Oceanic and Atmospheric
Administration (NOAA, [38]). The impact of heat on mortality is assessed for all ages and
all causes in addition to possible effect modification by age, sex, race/ethnicity, and cause
of death. Pooled odds ratio (OR) estimates and 95% confidence intervals (CIs) are reported,
comparing the odds of mortality at the 99th percentile of summertime humidex to the 50th
percentile. The historical results are also combined with climate projections to investigate
the impact that climate change will have on excess mortality attributable to extreme heat.

2. Materials and Methods
2.1. Data Sources
2.1.1. Mortality Data

Mortality data from the Washington State Department of Health covers the entire
state and the years 1980–2018. Only deaths during the months of May through Septem-
ber were included in the analysis, resulting in 153 days/calendar year and 5967 days
for the entire study period. Non-traumatic mortality across all ages was the primary
outcome of interest (ICD-9: 0–799; ICD-10: A00–R99). Investigations of specific subsets
of all-cause mortality were determined a priori based on existing literature [7,8,36] and
included diabetes (ICD-9: 250; ICD-10: E08–E13), circulatory (ICD-9: 390–459; ICD-10:
I00–I99, G45, G46), cardiovascular (ICD-9: 393–429; ICD-10: I05–I52), ischemic (ICD-9:
410–414; ICD-10: I20–I25), cerebrovascular (ICD-9: 430–438; ICD-10: I67), respiratory (ICD-
9: 460–519; ICD-10: J00–J99), nephritis and nephrotic syndromes (ICD-9: 580–589; ICD-10:
N17–N19), acute renal failure (ICD-9: 584; ICD-10: N17), and mental disorders (ICD-9:
290–316; ICD-10: F01–F69). Other individual-level characteristics include age (divided into
six age groups: 0–4, 5–14, 15–44, 45–64, 65–84, and 85+), sex, and race/ethnicity, as defined
by the Washington State Department of Health. Each death had an associated latitude
and longitude value, enabling aggregation of cases into one of the ten climate divisions in
Washington [38], depicted in Figure 1.

0 100 200km

CASCADE MOUNTAINS WEST
CENTRAL BASIN
E OLYMPIC CASCADE FOOTHILLS
EAST SLOPE CASCADES

NE OLYMPIC SAN JUAN
NORTHEASTERN
OKANOGAN BIG BEND
PALOUSE BLUE MOUNTAINS

PUGET SOUND LOWLANDS
WEST OLYMPIC COAST

Figure 1. Map of NOAA climate divisions in Washington.

2.1.2. Historical Meteorological Data

The gridMET data [39] from the University of California Merced Climatology Lab [40]
were used to obtain historical meteorological data (daily temperature and relative humidity
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values) to characterize exposure to heat. These data, which are intended to be used in
ecological applications and modeling, were produced using a hybrid method that combines
temporally rich data from the North American Land Data Assimilation System Phase 2
(NLDAS, [41]) with spatially rich data from the Parameter-elevation Regressions on In-
dependent Slopes Model (PRISM, [42]). The gridMET data have observations at a spatial
resolution of 1/24 degree (~4 km × 4 km) and were validated using weather stations in the
western United States [39].

2.1.3. Climate Projections

The Multivariate Adaptive Constructed Analogs (MACA, [43]) statistical downscaling
of 20 global circulation models (GCMs) of the Coupled Model Inter-Comparison Project 5
(CMIP5) from the University of California Merced Climatology Lab [44] were used to
obtain projected meteorological data for the years 2030, 2050, and 2080. The projected
meteorological data, like the historical data, have a resolution of ~4 km × 4 km and
were validated using reanalysis across the western United States. Although the MACA
downscaling method was originally developed to produce climate projections to use
in wildfire applications, these data have been used previously to forecast heat-related
deaths [45]. Indeed, MACA is quite useful in heat epidemiology because it produces
projected, daily values for not only temperature, but also humidex on a spatial resolution
that minimizes exposure misclassification when compared to regional or global climate
projections [43].

To account for uncertainty in future greenhouse gas emissions, two representative
concentration pathway (RCP) scenarios were used to represent intermediate (RCP4.5) and
worst-case (RCP8.5) trajectories. For each combination of year and RCP, the results from all
20 models were averaged to obtain a single projected temperature and relative humidity
value for every grid point and every day from 1 May–31 September.

2.2. Exposure Assessment

For both the historical and projected analyses, temperature and relative humidity val-
ues were combined to construct the exposure metric, daily maximum humidex. Humidex
is a unitless apparent temperature measurement that incorporates both air temperature
and humidity [46]:

Humidex = T +
5
9
(ν− 10) (1)

where T is the air temperature (◦C), ν = (6.112× 10
7.5T

237.7+T ) H
100 is the vapor pressure (kPA),

and H is the relative humidity (%). Humidex was chosen because it incorporates humidity,
which is known to influence the physiological response to extreme heat [1,47], and for
comparison to previous studies, particularly those in the Pacific Northwest [7,8,36], that
also utilize humidex as the exposure metric. A nearest neighbors calculation was used
to assign individual-level humidex exposure by comparing the latitude and longitude
of death to the gridded meteorological data. The projected humidex values were also
calibrated to the historical data to correct for climate model biases [48].

2.3. Case-Crossover Analysis for the Historical Period

The case-crossover study design [49] was used to quantify the historical (1980–2018)
relationship between humidex and mortality. A case-crossover study design is akin to
the traditional matched case-control design because selection is based on the outcome;
however, like a crossover study, each case serves as its own control. Risk of mortality is
inferred by comparing a person’s exposure to humidex on the date of death to multiple
control or “referent” periods [50], and matching each case to itself eliminates confounding
by constant or slowly varying individual characteristics, such as age and sex [49]. Control
days were selected by matching the date of death to all other days that share the same day
of week, month, and year of the death. This approach has been used extensively in previous
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heat-related mortality studies [11–14,19] and is ideal because it controls for seasonality,
long-term trends, and any potential effects related to the day of the week by design [51].

A conditional logistic regression model was created for each climate division in Wash-
ington. To model the nonlinear relationship between heat and mortality, both polynomials
and natural cubic splines were used to incorporate individual-level humidex as a con-
tinuous variable. Akaike information criterion (AIC) was used for model selection, and
ultimately a quadratic polynomial was chosen to produce an exposure–response curve that
describes the odds of mortality at all humidex values:

P(Yil = 1|Xil) =
exp (αi + β1 ∗ Xil + β2 ∗ X2

il)

1 + exp (αi + β1 ∗ Xil + β2 ∗ X2
il)

(2)

where P(Yil) is that probability on day l that person i is a case (Yil = 1), given the humidex
values that person i experienced on day l (Xil). The odds of mortality at a specific humidex
value are therefore given by:

exp (β1 ∗ Xil + β2 ∗ X2
il) (3)

To ease the interpretation of model results, the odds of mortality at the 99th percentile
of humidex were compared to the odds at the 50th percentile to create a single odds ratio
(OR), by climate division. Stratified analyses were conducted to explore effect modification
by both age and cause of death. For both the full and stratified analyses, the ORs in
each climate division were pooled using fixed-effects meta-analysis to obtain a single,
state-level estimate.

All analyses were conducted using R 3.6.2 [52]. Conditional logistic regression was
implemented with the survival package [53], whereas the meta package [54] was used for
meta-analysis.

2.4. Projected Heat-Attributable Deaths Due to Climate Change

Calculations for projected heat-related deaths were guided by Vicedo-Cabrera, Sera,
and Gasparrini [55]. Specifically, it was assumed that populations and outcome rates will
remain constant in the future. This approach is likely unrealistic, as it neglects time-varying
characteristics, such as age structure and access to air conditioning, that influence the
occurrence of heat-related health outcomes, but it isolates the effect of climate from these
other important trends to answer the question, “How would the current population respond
if exposed to warmer temperatures projected in the future?”

First, the number of deaths attributable to heat above the 99th percentile in each
climate division were calculated for the historical period using the following formula
(adapted from Equation (2) in [55]):

Dattr = D× (1− e−βH) (4)

where D is the total number of deaths occurring on days above the 99th percentile of
humidex and (1− e−βH) is the fraction of deaths attributable to (a quadratic function of)
humidex, H, restricted to humidex values above the 99th percentile; β corresponds to the
coefficients of the exposure–response curve derived in the case-crossover analysis. (Note
that this formula reduces to RR−1

RR in the case of a linear or binary relationship).
After obtaining the number of deaths attributable to extreme heat in the historical

period, projected, individual-level humidex values were assigned to each death in the years
2030, 2050, and 2080 and under the emissions scenarios RCP4.5 and RCP8.5 based on the
grid point in which the death is located. Next, Equation (4) was applied using the historical
99th percentile of humidex in each climate division as a cutoff to calculate the projected
public health burden. The results of the projected heat-attributable death calculations are
reported as percent increases over the historical period.
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3. Results
3.1. Historical Public Health Burden

Non-traumatic mortality counts broken down by age, sex, race/ethnicity, and cause of
death are given in Table 1 for Washington and each climate division. In total, 563,365 deaths
were included in the analysis. Of these deaths, 56% of them occurred in the Puget Sound
Lowlands, the division in which the majority of Seattle, Washington’s most populous city, is
located. The range of deaths in each climate division is very large, with only 0.18% of deaths
occurring in the least populous division, the Cascade Mountains West. The two largest age
groups are 65–84 (48.0%) and 85+ (29.7%), respectively. The distribution across sexes is fairly
equal, although more women than men are included in the data (50.7% vs. 49.3%). White
individuals are by far the largest racial/ethnic category (92.1%), and the vast majority of
non-White deaths are in the Puget Sound Lowlands.

Table 2 shows the distribution of humidex during the historical period in each of
the climate divisions. The distribution of humidex, like the distribution of mortality, is
also quite variable across climate divisions. There is a 26% difference between the climate
division with the lowest median humidex value (West Olympic Coast) to the division with
the highest median humidex value (Central Basin). Similarly, there is a 20% difference in
the 99th percentiles of humidex between these two climate divisions. Multiple pairwise
t-tests using the Bonferroni correction were conducted to assess humidex heterogeneity
across all climate divisions at the α = 0.05 level, and the only two that were identified as
having the same mean were East Slope Cascades and Puget Sound Lowlands. However,
these two divisions are not adjacent and consequently could not be combined.

Figure 2 shows the humidex–mortality exposure–response function for each climate
division. The function describes the odds of mortality (and 95% CI) at each humidex value,
with the horizontal dashed line indicating the null value of 1.0. The vertical dashed lines
denote the 50th and 99th percentiles of humidex for that climate division. Despite humidex
distributions that vary from one climate division to another, the dose–response curves
in Figure 2 are quite similar, and all generally resemble a J- or U-shape. Excluding the
Cascade Mountains West division, which had the fewest number of deaths during the study
period (1020), the qualitative value for the estimated odds of mortality at the 99th percentile
of humidex is quite similar across all climate divisions. The most notable difference is in
the associated 95% CI: it is quite tight and mostly non-overlapping with the null value
in the East Olympic Cascade Foothills, NE Olympic San Juan, Northeastern, and Puget
Sound Lowlands regions but frequently overlaps with the null value in the other six climate
divisions. In all regions, the estimated function becomes less precise moving away from
the 50th and, especially, 99th percentiles.

Figure 3 is a forest plot depicting ORs (and 95% CIs) of mortality, comparing the 50th
and 99th percentiles of humidex, for each climate division as well as a single, statewide
value produced via meta-analysis. All climate divisions had point estimates above 1.00, but
only four (E Olympic Cascade Foothills, NE Olympic San Juan, Northeastern, and Puget
Sound Lowlands) had CIs that did not overlap with the null value. The pooled OR was
1.08 (1.06, 1.10), indicating that odds of mortality are 8% (6%, 10%) higher on days at the
99th percentile of humidex than on days at the 50th percentile of humidex for the entire
state of Washington. This value was driven primarily by an OR of 1.09 (1.06, 1.11) in the
Puget Sound Lowlands.
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Table 1. Non-traumatic mortality characteristics.

Climate Division

Characteristic All
Cascade
Mountains
West

Central Basin
E Olympic
Cascade
Foothills

E Slope
Cascades

NE Olympic
San Juan Northeastern Okanogan

Big Bend
Palouse Blue
Mountains

Puget Sound
Lowlands

West
Olympic
Coast

Total 563,365 1020 62,794 85,498 4329 14,711 52,685 6479 7155 316,999 11,695
Age

0–4 7133 13 1033 810 42 88 636 52 59 4311 89
5–14 970 - 118 141 - - 91 12 - 569 12
15–44 18,948 35 2006 2599 94 233 1575 158 176 11,800 272
45–64 98,702 233 10,393 15,996 775 1838 8914 1109 1059 56,145 2240
65–84 270,513 514 30,422 42,247 2174 7240 25,592 3279 3449 149,498 6098
85+ 167,090 222 18,822 23,704 1236 5302 15,876 1868 2406 94,670 2984

Sex
Female 285,395 452 31,588 42,359 1982 7366 26,836 3148 3596 162,397 5671
Male 277,955 568 31,204 43,137 2347 7345 25,848 3331 3559 154,592 6024

Race/Ethnicity
White 518,873 997 57,769 82,544 4241 14,321 50,758 6078 6902 284,114 11,149
Black 14,429 - 701 592 - 37 572 23 21 12,433 40
Asian 12,341 - 326 700 - 106 324 17 37 10,780 42
Native American 6058 11 923 669 26 122 663 288 30 2,983 343
Hispanic 5980 - 2842 400 36 47 74 56 17 2454 49
Native Hawaiian or Other

Pacific Islander 4296 - 106 392 - 33 139 - - 3571 43

Cause of Death
Diabetes 10,004 20 1276 1576 64 226 919 140 132 5427 224
Circulatory 213,937 335 25,109 31,318 1607 5380 20,184 2434 2760 120,153 4657

Cardiovascular 160,118 261 18,970 23,972 1215 3970 14,822 1813 2005 89,483 3607
Ischemic 102,827 148 13,129 15,296 839 2528 9731 1236 1290 56,218 2412

Cerebrovascular 19,905 16 2367 2480 121 373 1919 194 273 11,802 360
Respiratory 54,393 92 5894 8375 395 1398 5716 657 758 29,845 1263
Nephritis and nephrotic 4160 - 513 552 22 78 417 46 72 2371 82

Acute Renal Failure 684 - 81 96 - - 69 - 16 394 -
Mental Disorders 12,108 23 1146 1938 86 269 1013 143 165 7099 226

‘-’ denotes less than 10 observations.
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Table 2. Historical humidex descriptive statistics.

Humidex (1980–2018)

Climate Division Mean SD Min Max 25th 50th 75th 95th 99th

Cascade Mountains West 22.74 6.82 1.23 41.36 17.80 22.91 27.78 33.51 36.77
Central Basin 27.24 6.55 5.66 48.40 22.53 27.50 32.11 37.56 40.56
E Olympic Cascade Foothills 24.97 6.39 −1.29 48.14 20.40 24.97 29.44 35.55 39.57
E Slope Cascades 23.43 6.69 1.43 42.24 18.65 23.70 28.38 33.98 37.16
NE Olympic San Juan 21.77 4.70 6.11 39.30 18.53 21.71 24.93 29.72 32.87
Northeastern 24.70 6.71 2.85 44.92 19.79 24.99 29.73 35.25 38.01
Okanogan Big Bend 25.49 6.65 3.48 46.08 20.66 25.68 30.45 36.03 39.14
Palouse Blue Mountains 25.19 6.85 3.91 44.78 20.25 25.56 30.28 35.83 38.84
Puget Sound Lowlands 23.50 5.91 5.57 46.44 19.26 23.46 27.64 33.42 36.98
West Olympic Coast 21.29 4.61 5.88 44.83 18.31 21.20 24.03 29.21 33.77
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Figure 2. Humidex–mortality exposure–response curves for each of Washington’s climate divisions:
(a) Cascade Mountains West, (b) Central Basin, (c) E Olympic Cascade Foothills, (d) East Slope
Cascades, (e) NE Olympic San Juan, (f) Northeastern, (g) Okanogan Big Bend, (h) Palouse Blue
Mountains, (i) Puget Sound Lowlands, and (j) West Olympic Coast.
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Figure 3. Odds ratio and 95% CI of mortality, comparing the 99th and 50th percentiles of humidex.

The results for effect modification by age, sex, and race/ethnicity are given in Table 3
and by both age and cause of death in Table 4. All values represent ORs pooled across



Atmosphere 2022, 13, 1392 9 of 21

all ten climate divisions. The OR for non-traumatic mortality increases with age, with
the 85+ age group at greatest risk of non-traumatic mortality during a heat event. The
point estimate is higher for females than males as well as for Blacks than Whites, though
the confidence intervals overlap somewhat. The pooled OR was not significant for other
racial/ethnic categories. Diabetic, circulatory, cardiovascular, ischemic, cerebrovascular,
and respiratory deaths all have 95% CIs that are non-overlapping with 1. With the exception
of diabetic and cerebrovascular deaths, the OR for cause-specific mortality also increases
with age; both diabetic deaths and cerebrovascular deaths only have a significant OR for
the 65–84 age group.We also explored effect modification by multiple variables, e.g., by
both race and age, but many of these investigations yielded wide confidence intervals
due to small sample sizes. Comprehensive effect modification results can be found in the
Supplementary Materials.

Table 3. Odds ratio (95% CI) of non-traumatic mortality comparing the 99th and 50th percentiles of
humidex, by age group, sex, and race/ethnicity.

Group Observations (%) OR (95% CI)

Total 563,365 (100) 1.08 (1.06, 1.10)
Age

0–4 7133 (1.3) 0.90 (0.75, 1.08)
5–14 970 (0.2) 0.90 (0.56, 1.45)
15–44 18,948 (3.4) 1.05 (0.94, 1.17)
45–64 98,702 (17.5) 1.06 (1.02, 1.12)
65–84 270,513 (48.0) 1.07 (1.04, 1.10)
85+ 167,090 (29.7) 1.09 (1.06, 1.13)

Sex
Female 285,395 (50.7) 1.08 (1.05, 1.11)
Male 277,955 (49.3) 1.06 (1.03, 1.09)

Race/Ethnicity
White 518,873 (92.1) 1.07 (1.05, 1.09)
Black 14,429 (2.6) 1.15 (1.02, 1.30)
Asian 12,341 (2.2) 1.06 (0.93, 1.21)
Native American 6058 (1.1) 1.08 (0.89, 1.32)
Hispanic 5980 (1.1) 1.01 (0.84, 1.21)
Native Hawaiian or Other Pacific Islander 4296 (0.8) 0.97 (0.77, 1.20)

Results are pooled across all climate divisions using fixed-effects meta-analysis. Bold rows indicate 95% CIs that
did not include 1.

3.2. Projected Public Health Burden

Figure 4 shows maps of projected humidex anomalies (projected values minus histori-
cal values) in Washington for 2030, 2050, and 2080 under both RCP4.5 and RCP8.5. In 2030,
the difference between projected and historical humidex values is less than 2 for most of the
state under both RCPs. By 2050, the two RCPs start to produce divergent results. Warming
remains somewhat modest under RCP4.5, and very few parts of the state have projected
humidex anomalies exceeding 4. Conversely, most of the state exceeds this threshold in
2050 under RCP8.5. This discrepancy continues in 2080; most projected humidex anomalies
are between 4 and 6 under RCP4.5, whereas the humidex anomalies are between 8 and 10
for the entire state under RCP8.5.

The total number of deaths attributable to heat during the historical period (1980–2018)
and the percent increase in 2030, 2050, and 2080 under RCP4.5 and RCP8.5 are given in
Table 5. Only three climate divisions—E Olympic Cascade Foothills, NE Olympic San Juan,
and Puget Sound Lowlands—had 95% CIs for the percent increase over the historical period
that did not overlap with 0; in these three zones, the CI did not include 0 in any year or
under either RCP.
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Table 4. Odds ratio (95% CI) of non-traumatic mortality comparing the 99th and 50th percentiles of humidex, by age group and cause of death.

Cause of Death (Total Cases) All Ages 0–4 5–14 15–44 45–64 65–84 85+

All Non-Traumatic Causes
(563,365) 1.08 (1.06, 1.10) 0.90 (0.75, 1.08) 0.90 (0.56, 1.45) 1.05 (0.94, 1.17) 1.06 (1.02, 1.12) 1.07 (1.04, 1.10) 1.10 (1.06, 1.13)

Diabetes (10,004) 1.20 (1.03, 1.39) NA NA 1.25 (0.60, 2.63) 1.12 (0.81, 1.56) 1.25 (1.03, 1.52) 1.12 (0.80, 1.56)

Circulatory (213,937) 1.10 (1.07, 1.14) 1.10 (0.40, 3.01) 0.68 (0.10, 4.71) 1.08 (0.86, 1.35) 1.09 (1.00, 1.19) 1.09 (1.04, 1.15) 1.11 (1.05, 1.17)

Cardiovascular (160,118) 1.10 (1.06, 1.14) 1.36 (0.45, 4.14) 0.30 (0.02, 3.56) 1.12 (0.87, 1.44) 1.09 (0.99, 1.20) 1.09 (1.04, 1.16) 1.11 (1.04, 1.18)

Ischemic (102,827) 1.09 (1.04, 1.14) NA NA 1.12 (0.77, 1.64) 1.03 (0.92, 1.16) 1.10 (1.03, 1.18) 1.10 (1.02, 1.20)

Cerebrovascular (19,905) 1.16 (1.05, 1.29) 0.12 (0.00, 27.94) NA 1.12 (0.77, 1.64) 1.27 (0.87, 1.86) 1.21 (1.04, 1.41) 1.10 (0.93, 1.30)

Respiratory (54,494) 1.08 (1.02, 1.15) 0.36 (0.10, 1.36) 1.63 (0.15, 18.28) 0.81 (0.47, 1.37) 1.17 (0.97, 1.40) 1.05 (0.96, 1.14) 1.14 (1.02, 1.28)

Nephritis and nephrotic (4160) 1.03 (0.82, 1.28) 1.83 (0.15, 22.31) NA 1.60 (0.34, 7.85) 0.75 (0.40, 1.42) 1.04 (0.75, 1.45) 1.09 (0.76, 1.57)

Acute Renal Failure (684) 1.14 (0.66, 2.00) NA NA NA 0.75 (0.40, 1.42) 0.87 (0.39, 1.91) 1.09 (0.76, 1.57)

Mental Disorders (12,108) 1.02 (0.90, 1.17) NA NA 0.80 (0.43, 1.49) 0.89 (0.60, 1.32) 1.08 (0.86, 1.37) 1.05 (0.87, 1.27)
Results are pooled across all climate divisions using fixed-effects meta-analysis. Bold values indicate 95% CIs that did not include 1.



Atmosphere 2022, 13, 1392 11 of 21

Longitude

La
tit

ud
e

46.0
46.5
47.0
47.5
48.0
48.5

46.0
46.5
47.0
47.5
48.0
48.5

−124 −122 −120 −118

−2

0

2

4

6

8

10

Figure 4. Spatial distribution of projected humidex anomalies. Columns denote RCPs: left is RCP4.5,
right is RCP8.5; rows indicate years: top is 2030, middle is 2050, and bottom is 2080.

Table 5. Number of deaths attributable to heat above the 99th percentile of humidex in the historical
period and projected percent increase due to climate change.

Percent Increase

2030 2050 2080

Climate Division Historical (N) RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5

Cascade Mountains
West 2 0 100 100 200 200 900

Central Basin 25 32 68 112 224 252 1156
E Olympic Cascade
Foothills 61 11 28 57 133 152 556
E Slope Cascades 1 100 100 100 200 200 1100
NE Olympic San
Juan 21 43 62 119 238 252 1652
Northeastern 33 42 76 124 245 276 1306
Okanogan Big Bend 3 33 33 100 200 233 1067
Palouse Blue
Mountains 1 100 200 300 500 700 2900

Puget Sound
Lowlands 283 23 42 87 178 196 812
West Olympic Coast 6 0 0 33 100 133 617

Bold rows indicate climate divisions where 95% CIs did not include 0.

The percent increases in Table 5 reflect the warming patterns given in Figure 4. In
each year, the percent increase of attributable heat deaths is higher under RCP8.5 than
RCP4.5, and the discrepancy between the two greenhouse gas concentrations scenarios
increases with time. Of the three climate divisions with statistically significant results, NE
Olympic San Juan is projected to have the greatest increase in deaths attributable to heat
(values range from 43% in 2030 under RCP 4.5 to 1652% in 2080 under RCP8.5), whereas
E Olympic Cascade Foothills has the smallest projected percent increase (values range
from 11% to 556%). Across these three climate divisions, the average percent increase in
heat-attributable deaths is 35%, 135%, and 603% in 2030, 2050, and 2080, respectively.

4. Discussion

This study used a case-crossover analysis to describe the historical relationship be-
tween heat and non-traumatic mortality in Washington’s ten climate divisions. Fixed-effects
meta-analysis was used to simplify the exposure–response curves to a single, state-wide
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value, the OR of non-traumatic mortality at the 99th percentile of humidex compared to the
50th percentile. Subgroup analyses were also conducted to investigate effect modification
by age, sex, race/ethnicity, and cause of death. Finally, the historical exposure–response
curves were combined with climate projections to investigate the impact of climate change
on an existing public health issue. The results provide evidence that high values of humidex
are associated with increased non-traumatic mortality in Washington and indicate that
climate change could lead to an increased number of deaths attributable to extreme heat.

The state-wide OR value produced in this study was 1.08 (1.06, 1.10). This value for
risk of mortality associated with same-day heat events is quite similar to results from
Seattle [28,36] and King County [8] as well as Sydney, Australia [19], South Korea [56], and
Sweden [13]. However, it is less than risk estimates produced in southern Europe [11,12]
and greater than values from other parts of the United States [6,24]; these differences are
likely driven by varied access to air conditioning or levels of physiological acclimatization.

The J- and U-shaped dose–response curves in Figure 2 are characteristic of the relation-
ship between heat and mortality [2,3] and indicate elevated risks of mortality at high values
of humidex (for J-shaped curves) or both low and high values of humidex (for U-shaped
curves). Busch Isaksen and colleagues [7,8] previously described a J-shaped curve for King
County and identified 30 humidex as the value at which risk of mortality increases. The
East Olympic Cascade Foothills, NE Olympic San Juan, Northeastern, and Puget Sound
Lowlands climate divisions are similarly described by an elevated risk threshold of ap-
proximately 30 humidex. The consistency of this threshold across climate divisions in
Washington may indicate that it is an appropriate “trigger point” for the implementation
of strategies that aim to reduce adverse heat-related health events within the state [57].
Notably, this is a lower threshold than used by the National Weather Service to issue heat
alerts in other parts of the country [58].

Knowledge about the heat–mortality relationship using climate zones or climate
regions rather than geopolitical units has the potential to provide better guidance for poli-
cymakers attempting to mitigate heat-related deaths, including through the development
of heat warning systems [59,60]. Nevertheless, such an approach is not widespread in
studies of heat-related mortality. Guirguis et al. [61] detected a significant increase in hospi-
talizations during hot weather in comparison to hospitalizations observed over all days,
independent of any temperature threshold, in the coastal region of San Diego County, but
not in communities further inland that are characterized by higher average temperatures
and greater air conditioning prevalence. Regional time series analyses in South Korea [56]
as well as regional case-crossover analyses in India [15] also yielded distinct temperature–
mortality relationships for different climate regions. However, Basagaña et al. [12] failed to
detect heterogeneity in the heat–mortality relationship across Catalonia’s 14 climatic zones,
and chose instead to focus on a single meta-analysis. Overall, the spatial results from this
study are somewhat mixed. Although the exposure–response curves suggest qualitative
differences in the heat–mortality relationship between zones in Washington (Figure 2), the
similar ORs comparing 99th to 50th percentiles (Figure 3) may suggest that individuals
in the state respond to their differing local temperatures in a similar manner. It is unclear
whether the differences in results are due to methodological choices, the region of study,
or some other factor, and the use of climate variables to aggregate health outcomes in
epidemiological studies remains an emerging area of research with unanswered questions.

Stratified analyses for individual-level characteristics indicate that risk of non-traumatic
mortality on 99th percentile days increases with age, particularly in the 85+ age group, and
that risk is higher among women than men and among Blacks than other racial/ethnic groups
(Table 3). Age is a well-established risk factor for heat-related mortality [4,8,11,14,15]. Greater
risk among women has been identified previously in Italy [11] and Spain [12], although
conflicting results have been observed in King County, Washington [8] and elsewhere in
the U.S. [28,62] as well as in Latin America [14], Russia [18], and South Korea [56], where
either men were at greater risk or there was no difference across sexes. An area for future
research is to elucidate the cause of these conflicting results, e.g., differences in study demo-
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graphics or methodology. The disparities across racial groups are consistent with previous
studies [23–25,28] and are likely due to socioeconomic differences across racial groups perpetu-
ated by institutionalized racism [25,29,63]. To reiterate, in the context of heat-related mortality,
race is best thought of as a risk marker rather than a risk factor [64], or a social construct rather
than a biological determinant [63]. Nevertheless, the results stratified by race/ethnicity are useful
because they can help to inform the allocation of medical/public health resources [65,66].

Diabetic, circulatory, cardiovascular, ischemic, cerebrovascular, and respiratory deaths
are also significantly associated with heat (Table 4). The results for all causes of death
except for ischemic are largely consistent with previous results [6,8,12,13,22,23], although
Busch Isaksen and colleagues [8] did not obtain a significant association for respiratory
deaths. A significant association for ischemic deaths is consistent with Wilson et al. [19]
but contradicts other existing work [8,15]. Finally, null results for nephritis and nephrotic,
acute renal failure and mental disorder deaths mostly agree with prior research [8,19],
although Basagaña et al. [12] found significant results for mental disorders. Explaining
these contrasting results for certain causes of death is a potential area for future research.

The projected heat-attributable deaths are higher than the historical value in almost
every climate division under both RCP4.5 and RCP8.5 and in 2030, 2050, and 2080 (Table 5).
The direction of this result agrees with most existing studies, despite different study areas
and methodological choices [9,62,67–69]. In the Puget Sound Lowlands, there were an
average of 7.3 annual heat-related deaths in the historical period, almost identical to the
value of 7.1 obtained by Busch Isaksen et al. [7] for King County. However, it is difficult
to compare projections from this study directly to results from Busch Isaksen et al. [7],
as different methodologies were used, and, consequently, the magnitude of the projected
values represents different quantities. The approach used by Jackson et al. [36] is more
similar to this study, and the results are identical qualitatively (increase in heat-related
mortality over the historical period, a gap between warming scenarios/RCPs that grows
with time, and results that are statistically significant only in the western part of the state)
and similar quantitatively (large increase under moderate warming/RCP4.5 and drastic
increase under high warming/RCP8.5).

Projected increases in heat-attributable mortality in the New York City region in
2050 [67] as well as select American metropolitan areas in both 2050 and 2090 [62] are lower
than results from this study, possibly indicating that Washington is more vulnerable to
heat-related mortality in a changing climate than other parts of the country. The projected
heat-attributable mortality values are similar in 2030 under RCP4.5 and RCP8.5, but the
difference between these scenarios grows with time and is quite large by 2080; the values for
2050 under RCP8.5 are also quite similar to the values for 2080 under RCP4.5. This temporal
pattern is consistent with results from Wellenius et al. [62], and Shindell et al. [9] also
observed a large discrepancy between these RCPs in the 2090s. In contrast, Guo et al. [69]
observed percent increases that were more consistent from one scenario to the next. Overall,
the somewhat contrasting results in projected heat-attributable mortality across studies
likely stem from different data and methodology, such as the temperature threshold used
to calculate the number of heat-attributable deaths.

A case-crossover analysis conducted in Sweden illustrated the importance of incor-
porating regional information about the heat–mortality relationship when developing
public health interventions [13]. Kalkstein et al. [70] argue that a general decline across
40 U.S. cities in mortality rates attributable to extreme heat events since 1996 when com-
pared to rates from 1975–1995—a decline that occurred despite a warming climate—can be
attributed, at least in part, to resources related to education, notification, and response mea-
sures associated with heat-related health outcomes in many of the 40 cities. Ebi et al. [71]
estimate that the Philadelphia Hot Weather-Health Watch/Warning System saved 117 lives
during a three-summer period, and Heo et al. [56] attribute lower mortality risk during
heat events among the elderly in 2008–2012 compared to 1996–2000 to the introduction
of a heatwave forecast system in 2008 that targeted elderly individuals. Therefore, there
is precedent for using results similar to the historical analysis in this study to improve



Atmosphere 2022, 13, 1392 14 of 21

heat-related health outcomes in a changing climate. In contrast to these results from other
locations, however, it is possible that heat-related mortality has increased in Seattle over
time [72]. Consequently, there is a clear need to incorporate this knowledge into public
health decision-making in Washington.

The research design expands upon existing work in Washington [7,8,36] in a number of
ways. First, the case-crossover approach is novel in the state. Using this technique was one
of the study goals, and it was a beneficial choice because it does not require “denominator”
data (i.e., population size), which could be difficult to obtain for Washington’s climate
divisions. Previous research in King County, Washington [7,8] has used a Poisson time series
model to describe the relationship between humidex and mortality. Notably, studies that
have applied both a time series and case-crossover approach assert that the two techniques
generate results that are comparable quantitatively and identical qualitatively [73,74]. We
confirmed this by using King County to conduct a sensitivity analysis (Figure S1). The
major difference between the two approaches is that a case-crossover analysis produces
odds ratios, whereas a Poisson time series model produces relative risks. However, Basu,
Dominici, and Samet [75] observe that estimates produced with either method are often
directly comparable, as mortality is a rare event. Thus, despite the utilization of a different
technique, it is possible to compare historical results from this study to results in Busch
Isaksen et al. [7,8].

In addition to the use of a novel analytic technique, this study also incorporated data
from the entire state of Washington. Previous work has been restricted to King County [7,8]
or selected populous areas in the state [36]. The use of data through the year 2018 also
resulted in an analysis with a larger historical timeframe than any existing study. Because
this study used NOAA’s climate divisions [38] to group deaths, it is the first in Washington
to use a form of spatial aggregation not based on geopolitical boundaries. Finally, regarding
the projections component of this study, the use of 20 different climate models implicitly
accounts for uncertainty in climate model physics, which may be more important in
projections of heat-related mortality than uncertainty associated with greenhouse gas
emissions [76]. This is a notable improvement over the two existing projections studies in
the state [7,36], each of which use only two climate models.

There are a number of limitations to this study. Although humidex exposure was
assigned on an individual level using a nearest neighbors calculation, there is still likely
to be some exposure misclassification; for example, individuals may be far from their
residence on the control days preceding death or even on the date of death itself, so the
assigned humidex exposure may not represent conditions that these individuals actually
experienced. The price to pay for controlling for temporal confounding using the case-
crossover design is reduced statistical efficiency [77]. This was likely demonstrated by only
four of the ten climate divisions having statistically significant ORs due to the small sample
sizes in some parts of the state. Moreover, it is possible that the choice of a quadratic
polynomial is undesirable when applying the dose–response curves to future climate
scenarios, as the climate projections contain temperatures outside of the observed historical
range and polynomials (when compared to splines) may “misbehave” outside of the range
of data used to fit them.

Although other researchers have adjusted for air pollution exposure, this potential
confounder was not included in this study for two principal reasons. First, the main interest
of this research was the total (and not direct) effect of heat on mortality. Previous work
has also failed to identify any significant effect modification by air pollutants [73]. This
study also did not incorporate socioeconomic variables, which may be important, as those
variables are likely to be highly correlated with access to air conditioning, a documented
modifier of the heat–health relationship [5,22,24,61]. Finally, this study may also fail to
produce the true heat–mortality curve because it did not include the impact of lagged
and/or multi-day exposure. However, a prior analysis in Washington did not detect lagged
or multi-day effects, and instead identified mortality effects occurring on the same day as
exposure to be most critical [8].
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Using areas defined by climatic variables has notable benefits, but the lack of previous
work utilizing this method of spatial aggregation, particularly in the Pacific Northwest,
complicated direct comparison of effect estimates. Climate is also not the only factor
that influences the heat–mortality relationship, so the use of climatological rather than
geopolitical aggregation could mask some other important and locally varying factors, such
as public health messaging or socioeconomic variables, that influence the heat–mortality
relationship. Furthermore, the specific use of climate divisions identified by NOAA may
be problematic because the boundaries are not necessarily intended to create areas of
climatological homogeneity (instead, the divisions were often based on crop considerations
and/or drainage basins), and some divisional boundaries are chosen to coincide with
county boundaries [38]. Indeed, on a single day, meteorological variables can vary greatly
across a single climate division.

An alternative to NOAA’s climate divisions is the Köppen–Geiger climate clas-
sification [78], which was used directly by Fu et al. [15] in India and indirectly by
Guirguis et al. [61] in San Diego County. Although this scheme is also based primarily
on five distinct vegetation types, each of these major classifications are divided further
based on explicitly defined temperature and precipitation ranges. Although there is some
microclimate heterogeneity, most of Washington falls into one of three main Köppen–Geiger
climate types: areas west of the Cascades are mostly warm temperate climate (C), whereas
east of the Cascades is a mix of snowy climates (D) in the northeast and both arid climate
(B) and warm temperate climate (C) in the southeast. Interestingly, three of the four climate
divisions with significant humidex–mortality exposure–response curves (East Olympic
Cascade, NE Olympic San Juan, and Puget Sound Lowlands) lie west of the Cascades and
are characterized primarily by warm, temperate climates with dry summers. This region of
the state is divided into two sub-types based on precipitation, but it is possible that this
division is not important for heat-related mortality and that, for the purposes of public
health applications, these three climate divisions should be grouped together. A potential
area for future research is to compare the variability of exposure metrics such as humidex
within and between climate zones to variability of that meteorological variable within and
between counties to assess the validity of using climate divisions for spatial aggregation in
the context of heat-related health outcomes.

Independent of the specific boundaries chosen, a problem that will persist is climato-
logical heterogeneity across a single region. This heterogeneity is likely to increase as the
size of the region increases and may favor the use of cities or counties for aggregation, as
these smaller-scale regions could have less heterogeneity, even if their boundaries are not
influenced by climate variables. When appropriate, the optimal approach may be to divide
a city or county into climate zones, as in Guirguis et al. [61]; this approach requires both
true meteorological heterogeneity across the city/county as well as a spatial distribution of
population that allows for the necessary statistical power to ascertain differences from one
climate zone to the next. An important area for further research is the use of climatological
variables for spatial aggregation when studying heat-related health outcomes as well as the
importance of the choice of a specific climate classification.

The second portion of the study, the projected public health burden, incorporated
uncertainty in greenhouse gas trajectories by using two different RCPs, but it did not include
an aggressive decarbonization scenario (i.e., RCP2.6). This is a notable disadvantage when
compared to existing projections in the state [7,36], which include low, moderate, and high
warming scenarios. However, more recent work in major U.S. cities [45] and London [55]
also include only RCP4.5 and RCP8.5 in their projections, so there is precedent for excluding
a low-emission trajectory. There are also limitations associated with the use of bias-corrected
climate projections; for example, the downscaled data will inherit any imperfections in
the training data [43], and the calibration procedure in Ho et al. [48] specifically may yield
an increase in the 99th percentile that is greater than the mean. Additionally, the reported
heat-attributable deaths are only for values of humidex above the historical 99th percentile
and may not represent the full extent of mortality associated with extreme heat; for instance,
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an “optimal alert threshold” in King County has previously been identified as being below
the 99th percentile [8].

The study also does not incorporate uncertainty in adaptation scenarios, which may
be even greater than the uncertainty associated with climate modeling [79]. Adaptation
was not incorporated because it requires arbitrary modeling choices related to the extent
and timing of adaptation mechanisms [55]. However, it is likely that adaptation, especially
in Washington, a state that historically has had relatively low air conditioning prevalence,
would help to mitigate future heat-related mortality below the projected increases. Al-
though the scenarios explored in this study—no adaptation and constant population—are
simplistic, they yield projections that have isolated the effect of climate.

A final limitation of the projections component is the use of CMIP5 GCMs, which
have been superseded by CMIP6 models. The choice to use CMIP5 was driven by previous
work that used these models [45,55]. Nevertheless, it is possible that employing more
recent GCMs would have improved the accuracy of the projected heat-related mortality
calculations, and future studies would be well served to use the most up-to-date climate
projections. In general, little consideration has been given to the implications of the specific
climate models used when projecting heat-related mortality, nor how using different and/or
outdated models may impact the success of public health initiatives that aim to improve
heat-related health outcomes. Comparing projections of heat-related mortality under
different climate models—rather than simply under different greenhouse gas trajectories—
is a critical area for future research.

Overall, projecting heat-related mortality in Washington State, and the Pacific North-
west broadly, remains an important area of research. During late June and early July 2021,
a “heat dome” covered the Pacific Northwest and, according to the Washington State
Department of Health, killed 100 people in Washington alone [80]. In other words, a single,
long-duration extreme heat event of unprecedented magnitude resulted in nearly 25% as
many heat-related deaths as this research identified during the 39 years covered in the
historical analysis. If such events become more routine due to climate change, then the
projections presented in this study may grossly underestimate the future public health
burden of heat-related mortality in Washington, absent any widespread adaptation or
acclimatization to high temperatures: even in the most extreme projection (RCP8.5 in 2080),
there are only about 67 additional yearly deaths projected for E Olympic Cascade Foothills,
NE Olympic San Juan, and Puget Sound Lowlands combined. Therefore, further explo-
ration into the potential frequency of these extremely high-intensity heat events as well as
the mitigating capacity of adaptation/acclimatization will yield more realistic projections
that can better inform data-driven public health decision-making.

5. Conclusions

By quantifying the impact of exposure to extreme temperatures, policymakers can
develop preventative, life-saving measures, warning systems, and action plans that target
susceptible groups, support health systems, and engage the community at large [81,82].
The application of a novel quantitative method and spatial unit of aggregation combined
with contemporary data that span the entire state has provided further evidence that heat-
related mortality is an extant public health problem in Washington, particularly among
age categories 45–64, 65–84, and 85+ years of age; and for diabetic, circulatory, cardiovas-
cular, ischemic, cerebrovascular, and respiratory causes of deaths. This study provides
evidence that our projected climate under two future scenarios will exacerbate extreme
heat–mortality risk, especially for communities residing in the E Olympic Cascade Foothills,
NE Olympic San Juan, and Puget Sound Lowlands climate zones. The recent June/July
2021 “heat dome”—and the high number of deaths associated with this event [80]—may
foreshadow the future of Washington in the absence of meaningful action to combat climate
change and prepare for the accompanying public health crisis of heat-related mortality.
However, by following the successes observed in other locations, the results of this study
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can help inform initiatives and adaptations within Washington that aim to improve heat-
related health outcomes and ameliorate the challenges imposed by a changing climate.
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