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Abstract

The relationship between temperature and mortality and particularly its geographical variability
remains an understudied topic in demography and epidemiology. While many studies have
investigated excess mortality during episodes of extreme heat, less attention has been devoted to
understanding how mortality responds to temperatures between the extremes. Even fewer studies
investigate how the relationship between temperature and mortality varies geographically and
which factors explain this variability. This study aims to fill this gap starting with California
counties, with the goal of extending the analysis to all counties in the United States.



Introduction

Because of climate change, the frequency, duration, and intensity of heat waves, episodes of
elevated maximum and minimum temperatures for consecutive days, are increasing (Perkins-
Kirkpatrick and Lewis 2020). The association between extreme heat and mortality has been
documented across different settings. Groups at particularly high risk from these events include
older adults and racial/ethnic minorities (Kosatsky 2005; Whitman et al. 1997). Typically, the
mortality impact extends beyond deaths officially classified as heat-related and it is generally
agreed that excess mortality measures provide a more complete assessment of the total impact.
For example, while in the United States approximately 700 deaths each year are classified as
heat-related (ICD-10 code T67) (Vaidyanathan 2020), estimates of excess deaths attributable to
heat vary from 1,400 for all US counties (Khatana, Werner, and Groeneveld 2022b) to 5,608 for
just 297 counties representing 61.9% of the United States population in 2000 (Weinberger et al.
2020).

Despite the abundance of case studies investigating the effect of single heat waves, in particular
the Chicago heat wave of 1995 (Semenza et al. 1996; Whitman et al. 1997) and the West Europe
heat wave of 2003 (Kosatsky 2005), our understanding of the consequences of extreme
temperatures for mortality outside of these episodes is still limited. In the United States, spatial
heterogeneity in the relationship between temperature and mortality has only recently been
examined and only indirectly by modeling temperature effects as a function of county-level
characteristics (Khatana et al. 2022b). Additionally, most existing studies focus on a subset of
administrative units, typically chosen based on population size, and focus on urban areas
(Curriero et al. 2002a; Schinasi et al. 2020; Zanobetti and Schwartz 2008).

Understanding the relationship between high temperatures and mortality at a more granular scale
and outside of urban areas is crucial to quantify the potential impact of a warmer climate induced
by climate change on mortality over the next decades. Additionally, if age and race/ethnicity
specific estimates of the effect of high temperatures on mortality could be constructed, population
estimation and projection methods could be used to understand where vulnerability is and will be
higher. Finally, the availability of spatially and temporally fine-grained data on the impact of high
temperature on mortality would allow for a comprehensive investigation of the factors associated
with more severe or less severe effects.

This project builds on the existing literature and investigates the relationship between
temperature and all-cause mortality in 58 California counties in 2014-2019. It makes use of a
Bayesian hierarchical model adapted from Alexander et al. (2017) and Bryant and Zhang (2020)
augmented with a flexible temperature component to model county-level relationships between
minimum monthly temperature and mortality. The model is then used to compute the number of
deaths attributable to deviations from minimum mortality temperatures.

Background

Historical Episodes



One of the most studied episodes of heat and mortality is the heat wave that affected Western
Europe in August 2003. For France, Toulemon and Barbieri (2008) estimate 15,000 deaths over
a period of just two weeks, an increase in mortality of approximately 35% (Toulemon and
Barbieri 2008). The main urban areas in Italy, exhibited an 15.2% increase in mortality, with
close to 20,000 deaths estimated nationally (Conti et al. 2005). Spain had a similar toll with
estimated excess deaths between 6,595 and 8,648, corresponding to an increase in mortality
between 7.9% and 10.6% (Simon et al. 2005). Portugal, Belgium, Switzerland, the Netherlands,
Germany, England, and Wales were also affected (Garssen, Harmsen, and Beer 2005; Grize et al.
2005; Johnson et al. 2005; Kosatsky 2005; Nogueira et al. 2005). Across all affected countries,
excess mortality was greatest among the very old (Kosatsky 2005). For countries in which excess
mortality was examined separately by sex, France, Italy, and Portugal, females experienced
greater mortality (Michelozzi et al. 2005; Nogueira et al. 2005; Pirard et al. 2005). Finally, in the
four Italian cities, in which this aspect was investigated, areas with lower SES experienced
higher excess mortality (Michelozzi et al. 2005).

In the United States, the Chicago heat wave of July 1995 caused approximately 696 deaths, for a
mortality increase of 31% over the month of July (Whitman et al. 1997). Like for the 2003
Western Europe heat wave, mortality was higher among the elderly. However, the sex gap was
reversed with males having higher risk of experiencing a heat related death. Non-Hispanic
Blacks suffered higher excess mortality rates compared to non-Hispanic Whites, while mortality
appears to have been much lower among Hispanics (but the evidence is inconclusive). Being
confined to bed and living alone were the strongest risk factors of heat-related death, while

having air conditioning and access to transportation were the most protective factors (Semenza et
al. 1996).

Other important historical episodes include the Northeast and Upper Midwest heat wave of 1966,
with an increase in mortality of 56% in Saint Louis and of 36% in New York (Schuman 1972),
the July 1980 heat wave in the Midwest and the Great Plains, with a 57% increase in mortality in
Saint Louis, of 67% in Kansas City, but only of 10% in rural Missouri (Jones et al. 1982), and
the heat wave of June 1981 in Portugal (Garcia, Nogueira, and Falcao 1999), with a 47%
increase in mortality.

Estimating Temperature-Related Mortality

The mortality consequences of heat waves can generally be studied by comparing observed death
counts with expected or baseline counts in the counterfactual scenario in which no heat wave had
occurred. Typically, mortality for the days in which the heat wave occurred is compared with the
average mortality of previous years for the same period. Alternatively, a model for daily, weekly,
or monthly mortality is estimated using pre-event data and the model’s predictions are used as
the baseline. While different methods, choice of reference years, and model specifications lead
inevitably to different estimates, the results are usually comparable for cases in which a short
prediction interval is used (Toulemon and Barbieri 2008). This approach, however, is not suited
for examining the effect of temperature on mortality outside of heat waves and does not
generalize well to the study of multiple episodes of elevated temperatures, each requiring a
different baseline.



For these cases, researchers have relied on two sets of methods. The first one is the time-
stratified case-crossover design (Maclure 1991). In this design, temperature on the day of death
(case day) and as relevant, preceding days, is compared with the temperature on control days on
which the death did not occur. The case-crossover design naturally controls for potential
confounding factors that are time-invariant or that vary slowly over time, for example, ethnicity,
socio-economic status, smoking, healthcare, and obesity. The strength of this method is in its
ability to model and control for individual level factors making identification of heat related
deaths robust to confounders. The main drawback of this method is that it requires individual
level information, which is not always available, and that is not well suited to capture harvesting
effects (periods of lower mortality following mortality crises). Despite these limitations, this
method has been used to study the relationship between heat and mortality in England and Wales
(Bennett et al. 2014), California (Basu, Feng, and Ostro 2008; Basu and Ostro 2008),
Philadelphia (Schinasi et al. 2020), and other nine US cities (Zanobetti and Schwartz 2008). The
second set of methods relies on modeling death counts for some geographical units at some level
of temporal aggregation (days, weeks, or months) as a function of temperature (and other
predictors). These models can be affected by the presence of confounders that covary with
temperature, additionally, they do not permit the identification of single deaths as heat related but
rather the attribution of a given number of deaths to temperature effects. An additional weakness
is that exposure to heat is measured imperfectly, especially when larger spatial units and coarser
temporal units are used. Despite these limitations, these methods are substantially less
demanding in terms of data, only requiring aggregate death counts. Additionally, they can be
used to test the presence and strength of harvesting effects by examining how the association
between temperature and mortality changes when longer vis-a-vis shorter periods of time are
used. For these reasons, they have been used widely both in the UK (Armstrong et al. 2011) and
in the US (Basu et al. 2008; Khatana et al. 2022b).

Disparities in Heat-Related Mortality

The effect of heat waves on mortality is not the product of environmental factors alone, but it’s
rather due to a combination of social, structural, policy, and environmental factors (Klinenberg
2015). This observation extends to other natural disasters and has been made very early in the
context of floods by Gilbert F. White (White 1945). More generally, natural disasters need to be
understood as the interaction of biophysical events with human society. In this perspective it
becomes clear that both characteristics of the biophysical event (like maximum temperature during
a heat wave) and of the society it affects (like a dense urban population) will determine the impact
of the disaster (White, Kates, and Burton 1993). As a society is not simply the sum of the
individuals that belong to it (Durkheim 1952), individual characteristics alone are probably
inadequate to explain how a community fares during a natural disaster (Klinenberg 2015; Smoyer
1998). Community-level contextual variables should thus be used to complement individual level
variables to explain geographic variation in heat-related mortality.

The most stable empirical regularities regarding disparities in heat-related mortality is that older
individuals are disproportionately affected (Jones et al. 1982; Kosatsky 2005; Rey et al. 2007;
Schuman 1972; Whitman et al. 1997; Zanobetti et al. 2012). However, this regularity is not always
present, and it is not clear that an age gradient exists within the 65+ age group. For example, in
their analysis of heat-related mortality of England and Wales, Bennett and colleagues found a



moderate old-age gradient for females but none for males (Bennett et al. 2014). For the United
States, Khatana and coauthors found a weaker association between high temperature and mortality
among the adults aged 65+ compared to adults aged 20-64 (Khatana, Werner, and Groeneveld
2022a). Similarly, in their analysis of nine California counties, Basu and Ostro found that the
increase in mortality associated with a 10°F increase in mean daily temperature was smaller for
the very old (85+) compared to the elderly aged 65+ and 75+ (Basu and Ostro 2008).

Heat related mortality at younger ages has received less attention. Some studies reported a U-shape
relationship between age and mortality with young and working age adults exhibiting the lowest
heat-related mortality rates and higher mortality for the very young (<5) and the elderly (65+)
(Basu and Ostro 2008; Garcia et al. 1999). Consistently with these results, the rigorous study of
high temperatures and infant mortality conducted by Schinasi and colleagues in Philadelphia
showed that infants are a subpopulation that is particularly vulnerable to heat (Schinasi et al. 2020).
Nevertheless, there was no evidence of excess child or infant mortality during the 2003 Western
Europe heat wave (Kosatsky 2005).

The evidence regarding gender disparities is not clearcut. Females were found to be affected more
severely than males in Saint Louis and New York in 1966 (Schuman 1972) and in Portugal 1981
(Garcia et al. 1999) and but not in Chicago 1995 (Whitman et al. 1997). The study of California
by Basu and colleagues found no gender differentials (Basu and Ostro 2008). Finally, Khatana and
coauthors found a significant relationship between heat and mortality only for males (Khatana et
al. 2022b). Overall, it seems that unobserved factors might be confounding the relationship
between sex and heat mortality.

Disparities in heat related mortality between urban and rural areas have rarely been studied.
However, in cases in which this aspect has been examined, results are contradictory. For the 2003
heat wave in Spain, Martinez Navarro and colleagues have found similar mortality impacts in rural
areas as in provincial capitals (Martinez Navarro, Simon-Soria, and Lopez-Abente 2004).
Similarly, investigating the general relationship between heat and mortality in England and Wales
Bennett and colleagues find no evidence that rural versus urban status is associated with the effect
size (Bennett et al. 2014). However, in their study of the 1980 heat wave in Missouri, Jones and
coauthors found much lower mortality in rural areas compared to the cities of Saint Louis and
Kansas City (Jones et al. 1982). Examining all counties in the United States, Khatana and
colleagues find no relationship between heat and mortality in nonmetropolitan counties (Khatana
et al. 2022b).

In the US, racial disparities in heat-related mortality have been documented. During the Chicago
heat wave of 1995 excess heat mortality was 50% higher among non-Hispanic Blacks compared
to non-Hispanic Whites (Whitman et al. 1997). Similarly, in California the heat-related increase
in mortality was twice as high among non-Hispanic Blacks compared to non-Hispanic Whites
(Basu and Ostro 2008). Heat related mortality for the Hispanic population has been found to be
low or non-existent (Basu and Ostro 2008; Whitman et al. 1997). Regarding the role of SES, a
study of the 2003 heat wave in Italy found higher excess mortality in areas of the cities of Rome
and Turin with lower socioeconomic level (Michelozzi et al. 2005). However, no relationship
between deprivation and heat-related mortality was observed in England and Wales outside of heat



waves (Bennett et al. 2014). Both factors deserve more attentions and should be investigated in
more detail.

Harvesting

As we have seen, extreme heat has been associated with higher all-cause and cause-specific
mortality in different settings. However, as for many mortality shocks, there has been a debate
regarding the net effect of heat on mortality (Toulemon and Barbieri 2008; Valleron and
Boumendil 2004). While the number of lives lost as a consequence of heat waves is relatively easy
to quantify, estimating the years of life lost is more challenging. If extreme temperature mostly
affected very frail individuals at older ages, the so called harvesting or frailty effect, we would
expect to observe a decline in mortality following the heat wave, with a relatively modest loss of
years of life. However, defining harvesting is complicated and detailed characteristics on heat-
related deaths which would allow to investigate this phenomenon are hard to collect.

Overall, despite the attention given to the harvesting effect in the literature, the evidence that this
phenomenon plays a large role in explaining excess mortality during heat waves is scant. The
rigorous analysis conducted by Toulemon and Barbieri for the 2003 heat wave in France concluded
that at most one third of the observed excess deaths could be attributed to harvesting (Toulemon
and Barbieri 2008). Summarizing the series of studies investigating the impact of the 2003 heat
wave in different European countries Kosatsky similarly concluded that there was no evidence of
harvesting except for England and Wales (Kosatsky 2005). Recent theoretical results by Goldstein
can help explain these results (Goldstein 2023).

Data and Methods

To compute death counts for each county-month and age group, I use individual-level death record
files for 2014-2019 obtained from the National Center for Health Statistics (NCHS) under a data
user agreement. These records contain information on sex, age, race, ethnicity, county, day of
death, and cause of death (ICD-10 codes). In contrast with publicly available data, these records
are complete and are not subject to suppression. I group deaths by county, month, and age groups
<1, 1-4, 5-14, 25-34, 35-44, 45-54, 55-64, 65-74, 75-84, and 85+. Population counts to be used as
denominators for mortality rates are also available through the NCHS and were provided to me
jointly with the death record files. Data on the average, maximum, and minimum temperature by
county and month are available through the National Centers for Environmental Information. In a
preliminary exploration, I identified minimum monthly temperature as the best variables to model
temperature effects on mortality, this is consistent with the results of another paper that conducted
a similar analysis (Schinasi et al. 2020).

Let us denote the death counts for county s, time (in months) ¢, and age group a as D, s ¢, and with
E, s ¢ the corresponding exposure in person-years. Finally, we denote with m,, ¢, the mortality rate
(deaths divided by exposure) for the same unit. I model death counts as Poisson distributed with
mean My, - E;s¢. Then, I model the log mortality rate as a linear function of three age
components derived from the singular value decomposition (SVD) of a matrix with Census
Division-month mortality curves. Finally, to capture excess mortality due to high temperatures, I
added a cubic spline with four degrees of freedom for minimum monthly temperatures for each of



the broader age groups 0-4, 5-24, 25-54, 55-74, and 75+. I chose these groups based on the findings
regarding age discussed in the background section. In this way the effect of high temperature is
allowed not only to change the level of mortality but also to affect its age distribution. Here is the
model in compact form:

Dyse ~ Pozsson(ma’s,t . Ea,s,t)

B
log(ma,s,t) = IBa + ﬁs + ﬁt + Z ﬁTemp,b,s : Bb(Temp(t' S))
b=1

Bs ~ Normal(0, gy)
B: = Trend,; + Season,,
Trend; ~ Normal(Trend;_4, o)

Trend; ~ Normal(Trend;_4, 0:)

,[;Temp,b,s ~ Normal (ﬂTemp,b' O-b)

The model includes a coefficient for each age group, each assigned a non-informative prior. The
underlying age structure is assumed to be the same for all counties (an assumption I am going to
relax as a next step). Figure 1 shows the estimated age-mortality curves for all counties. The model
also includes county-specific intercepts with a hierarchical prior to induce global smoothing. Time
is modeled as the sum of a trend component, modeled as a first order random walk (RW1), and a
seasonal component, modeled with month-specific intercepts. As with age, the underlying time
component is assumed to be the same for all counties (an assumption I am going to relax as a next
step). Figure 2 shows the estimated trend, seasonality, and overall time components. Values past
the 40" month are forecasted Finally, the effect of minimum monthly temperature on mortality is
modeled with six B-splines (knots placed at equally spaced quantiles) with county-specific
coefficients to which I assigned a hierarchical prior to induce global smoothing. Figure 3 shows
the six splines.

I fit the model using the R implementation of Stan, which implements Hamiltonian Monte Carlo
(Stan Development Team 2023). [ examined trace plots and convergence metrics for all parameters
and verified that they all showed satisfactory convergence.

Results

Before looking at the estimated temperature-mortality curves, we need to assess the model’s fit to
the data. We start from age. Figure 4a examines estimated age-mortality curves for four counties
(chosen because they are at the 1%, 25, 75™ and 100 percentiles in the population distribution).
Three curves are presented, the observed one (black dotted line), the underlying one as estimated
by the model (orange line), and the one obtained by simulating death rates from the model and
then computing the corresponding log mortality rates (red line). The shaded area around the red
line represents the 80% posterior interval. Despite the rather strong assumption of equal age-



mortality curves (shape-wise) for all counties, the model seems to fit the observed curves nicely.
Figure 4b moves to time and similarly shows that the despite the strong assumption of equal time
effects across counties the model has a reasonable performance. However, we start to see that the
fit is not very good for Yuba County. In this figure I also used the model to forecast mortality rates
from the 415 month onward, obtaining plausible results. The final exhibit to judge the model fit is
Figure 5 that displays observed and model-simulated annual average crude mortality rates for all
counties. Figure 5 shows that the geographical structure was well reconstructed with global
smoothing pooling the counties with very high and very low mortality closer to the mean. It should
be noted the model combines regularization of the mortality estimates together with the estimation
of the temperature effect in a single model-fitting exercise. The alternative approach of smoothing
mortality curves first and then estimating the temperature effect, as adopted in Khatana et al.
(2022a) is less desirable as it runs the risk of producing overconfident estimates for sparsely
populated areas.

Having established that the model provides a good fit for the observed mortality rates, we can
now look at the estimated temperature-mortality curves in Figure 6. The top panel of Figure 6
reveals a J-shaped relationship between temperature and mortality with minimum monthly
temperature above and below the minimum mortality temperature of ~13 degrees Celsius
associated with increases in mortality. The shape of the curve is in line with that documented in
other studies (Curriero et al. 2002b; Gasparrini et al. 2015; Kunst, Looman, and Mackenbach
1993), with residual confounding potentially explaining the larger effect at colder temperatures
reported some studies (Curriero et al. 2002b; Kunst et al. 1993). The bottom panel in Figure 6
goes beyond the average temperature-mortality curve and shows all the county-specific curves.
We can see that both the strength and the shape of the relationship between temperature and
mortality exhibit a high level of variability, in line with other studies that examined geographical
heterogeneity (Gasparrini et al. 2015).

In Figure 7, I used the estimated temperature-mortality curves to compute the crude death rate
associated with temperatures above or below the minimum mortality temperature for all
counties. We can see that there is considerable variability in the degree to which mortality is
affected by non-optimal temperatures. Counties in the North and the East of California exhibit
higher temperature related mortality, while California’s large metro counties in the coastal area
display lower values. Beyond variability, we should also note that temperature-related mortality
appears to be rather low if compared with all-cause mortality. Indeed, while the range in Figure 7
vary from 0 to 20 temperature-related deaths every 100,000 residents, the range for all-cause
mortality in Figure 5 varies from 400 to 1,600 deaths. This suggests that overall, temperature-
related mortality is a small fraction of all-cause mortality. The final set of results, presented in
Figure 8, converts the temperature-related mortality rates computed in Figure 7 to actual number
of annual temperature-attributable deaths. I estimate that a total of 1,700 annual deaths are
attributable to non-optimal temperatures in California. Clearly, more populated regions
contribute more deaths with Los Angeles and Inland Empire alone contributing 44.3% of all
deaths. However, population is not the only factor explaining the geographic variation. For
example, the San Francisco has about 700,000 more residents than the Inland Empire region but
has less than half of its temperature-related deaths. To understand whether the estimated number
of deaths was coherent with previous estimates for the US I applied the average temperature-
related mortality rate to the US population and obtained 17,000 annual deaths. A similar exercise



carried out on the results of Weinberger and colleagues (Weinberger et al. 2020) leads to 9,000
deaths attributable to temperatures above the county-optimum, implying a similar number of
deaths attributable to temperature.

Discussion and Next Steps

Relying on analyses conducted on mostly urban areas to estimate the effect of heat on mortality
might prove misleading. Because of the urban heat island effect, the elevated population density,
and other urban-specific factors, heat could potentially be more detrimental in large cities than in
smaller towns or rural areas. Similarly, focusing on the effects of extreme events such as the 2003
Western Europe heat wave might lead us to overestimate the consequences of high temperatures
outside of these extreme events. In this paper I adapt the model developed by Alexander et al.
(2017) for modeling age-specific mortality by county-year. In doing so, I follow the approach used
in the recent works of Khatana et al. (2022) but: 1) I integrate demographic knowledge into the
models, and 2) I integrate smoothing of mortality curves and estimation of temperature effects
within a unique Bayesian model. With the caveat that I only examine California counties for the
period 2014-2019, I find a significant association between temperature and mortality at both low
and high temperatures.

This work has some clear limitations. The use of a county-level analysis rather an individual-level
one trades precise identification of a causal effect for the possibility of estimating an effect even
for counties with few death. By estimating separate mortality curves for each county-month, the
approach used in this project effectively controls for time invariant caracteristics of counties as
well as time trends uncorrelated with high temperature. In this sense, the results are thus robust to
the presence of time-invariant confounders and should not be affected by the presence of diverging
trends between counties exposed to high temperatures and those that are not. Methods that rely on
individual level data such as time-stratified case-crossover designs (Maclure 1991) are very
powerful tools to eliminate individual level confounders, and would generally be preferred.
However, these methods are unsuitable for areas with smaller populations, and thus lower death
counts. Additionally, they are prone to overestimating the effect of heat on mortality because do
not account for harvesting effects.

The next steps of this project include replacing the minimum temperature with an indicator that
combines temperature and humidity, which would be a better measure of perceived heat. In the
same spirit, an indicator for the length of time for which the minimum or maximum temperature
was observed might help approximate the intensity of exposure, and thus better capture the effect
of temperature on mortality. I will also work on relaxing the model assumptions by introducing
separate age and time parameters for each county. Another direction for expanding the project is
to model mortality rates separately by race/ethnicity (as I foreshadowed in the introduction). Given
the previous findings that racial/ethnic minorities are exceptionally vulnerable to heat related
mortality, it is crucial to quantify these disparities. Finally, I hope to extend the model to more
states and a longer period to capture a wider range or temperatures.
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Tables and Figures

Figure 1: Estimated Age-Mortality Curves for the 58 California Counties
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Figure 2: Estimated Time Trend, Seasonality Component, and Overall Time Effect

Seasonality

0.2+

0.1 1

0.0+
-0.14
-0.24

Trend

0.2+

0.1+

00]  m——————— e
-0.14
-0.24

Time

0.2+

0.1+

0.0+
-0.14
-0.24

T T T
0 20 40 60

Time (months)

Notes: the light gray intervals represent 80% posterior intervals while the dark gray intervals
represent 50% posterior intervals.

Figure 3: B-Splines for Minimum Monthly Temperature
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Figure 4a: Evaluating Predicted Age-Specific Mortality Rates Against Observed Ones for Los

Angeles County and Nevada County
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Notes: the red intervals represent 80% posterior intervals.

Figure 4b: Evaluating Predicted Age-Specific Mortality Rates Against Observed Ones for Los

Angeles County and Nevada County
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Figure 5: Observed and Predicted Average Log-Mortality Rates for the Period 2014-2019 for All
California Counties.
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Figure 6: Estimated Relationship between Minimum Monthly Temperature and Mortality by
Broad Age Groups.
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Figure 7: Estimated Relationship between Minimum Monthly Temperature and Mortality by
Broad Age Groups.
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Figure 8: Estimated Relationship between Minimum Monthly Temperature and Mortality by
Broad Age Groups.
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