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A Supplementary Materials

A.1 Data

A.1.1 Mortality, population, and life expectancy data

We collect mortality data from the Subsistema de Informacién Demografica y Social of Mexico’s
Instituto Nacional de Estadistica y Geografia. This data contains records of all recorded mortality
events in Mexico since 1990. Our data period begins in 1998, when this mortality microdata first
began to carry information about the day and municipality of each mortality event. Our data period
ends in 2019, after which some death records are still preliminary and the COVID-19 pandemic
exerts a large influence on behavior and mortality. Between 1998 and 2019, we observe in this
data 13,426,931 deaths. The World Bank estimates that Mexico’s all-cause crude mortality rate is
around 6 deaths per 1000 people per year. Relative to a population of around 110 million during this
period, this would imply total deaths of 14.5 million during our data period, giving us confidence
that these mortality records are relatively complete. Across the data, each recorded mortality
event also contains information on the cause of the individual’s death as well as the individual’s
sex, education level, occupation, place of residence, and age at death. We drop death records that
are missing information on the day of death, the individual’s age at death, or the death location. We
also drop death records reporting deaths that occurred outside of Mexico. These dropped records
represent less than 0.92% of the data.

Data on administrative unit population, which is used to determine mortality rates and regres-
sion weights, is collected from IPUMS International, which consolidates and harmonizes census data
for Mexico. Our study uses data from the 1990, 2000, and 2010 Mexican censuses, as well as the
2015 Intercensal Survey. Population for each administrative unit is assumed to grow at a constant
rate between observations, and population growth between the 2010 Census and 2015 Intercensal
Survey is assumed to remain constant through the end of our data in 2019.

Across both mortality and population data, we account for 67 municipal boundary changes
occurring between 1998 and 2019 by assigning values reported for modified units to an aggregate

set of 2,402 municipal units that is stable across all years of our study. We also aggregate deaths


https://www.inegi.org.mx/programas/mortalidad/#Microdatos
https://international.ipums.org/international/
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and population across age groups: age (1) less than 5, (2) at least 5 and less than 18, (3) at least
18 and less than 35, (4) at least 35 and less than 50, (5) at least 50 and less than 70, (6) at least
70.

In this study, we sometimes report values in terms of lost life years. Our estimates for the
age-dependent number of remaining life years at time of death for the average person in each age
group come from the United Nations 2022 World Population Prospects, with expected remaining
life years for an age group calculated as a weighted mean of the expected remaining life years of
cohorts in each age classification across all sample years (i.e., expected remaining life years of those
less than 5 is estimated as the expected remaining life years of age cohorts aged 0, 1, 2, 3, and 4
across every year from 1998 to 2019, weighted by the population size of each cohort). The resulting
scalars are not particularly sensitive to the aggregation procedure, as potential remaining life years
did not change markedly for any age group in Mexico during our data period. The scalars range
from 73.32 expected remaining life years for the under-5 age group to 9.91 expected remaining life

years for the 70+ age group.

A.1.2 Weather data

Our observational weather dataset is collected from the UK Met Office Hadley Centre’s Integrated
Surface Dataset, which consolidates observations from a global network of weather stations but per-
forms various quality control adjustments to ensure the consistency of observations over time. The
resulting dataset we use contains a set of weather metrics recorded at a sub-daily frequency (some
stations report weather at an hourly frequency, but many report at three- or six-hour intervals). A
map of the stations reporting data used in our analysis is shown in Figure S14.

Extreme wet-bulb temperature events at thresholds sufficiently high to impact human health
may be short in duration and tightly spatially constrained [32]. Accordingly, recent literature has
suggested that the spatial and temporal smoothing involved in the creation of reanalysis products
often leads to underestimations of the intensity of extreme humid heat events compared to observa-
tional datasets [32]. We find that current high-resolution reanalysis data (ERA5-Land) are unable

to capture humid heat extremes. This is a known limitation of reanalysis products, though recent


https://population.un.org/dataportal/home
https://www.metoffice.gov.uk/hadobs/hadisd/
https://www.metoffice.gov.uk/hadobs/hadisd/
https://www.metoffice.gov.uk/hadobs/hadisd/
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work has argued that reanalysis products may be suitable for studies exploring the relationship
between temperature and mortality. This is not the case when such studies consider humidity,
which varies more over space. Indeed, many of the most extreme humid heat events arise from
short-lived intrusions of moist air above very warm seas into coastal cities on very hot days, a point
emphasized in [32].

We first use the method described in [43] to approximate wet-bulb temperature from dry-
bulb temperature, surface pressure, and dew point temperature at each station location. As our
method requires matching station temperature records to administrative units, we then perform
an adjustment to fill missing hourly dry-bulb and wet-bulb temperature observations by leveraging
distributional information from nearby non-missing stations. To avoid filling missing data for
stations that report infrequently or for which we do not have a sufficiently diverse historical record,
we first drop from our data all stations that report fewer than 10,000 observations during the period
from 1990 to 2019 (roughly 3% of hours) as well as stations that do not report more than 1000
observations across at least 10 years. For each of the remaining stations, we then determine an
empirical cumulative distribution function for all non-missing observations. Next, if the data does
not contain an observation for a given station at a particular hour, we determine a likely quantile
for this observation using an inverse squared geodesic distance-weighted mean of all stations in
Mexico that are reporting values at that hour. We then fill the missing value using the temperature
at that quantile for that station. Said differently, if a station is missing data at a particular hour

0" percentile, we set the missing

and nearby non-missing temperatures are on average at their 9
value to the 90" percentile of the historical readings for that station. This method is deployed in
the dataset here.

We obtain daily mean dry-bulb and wet-bulb temperatures by calculating the average of the
daily minima and maxima of each metric at each station. We next determine the geodesic distance
between each station and the population-weighted centroid of each administrative unit and map
temperature observations to administrative units by taking the inverse squared distance-weighted

mean of each temperature metric for the five nearest stations (see Figure S14 for the locations of

stations used in the study). This method is similar to other papers studying temperature effects on


http://www.columbia.edu/~ws2162/links.html
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mortality using weather station data [74]. To determine the population-weighted centroid of each
administrative unit, we use Meta’s High-Resolution Population Density Maps [80]. To ensure that
we are using representative weather station data to estimate exposure, we omit from our analysis
municipalities whose population center of mass is more than 50 kilometers from the nearest weather
station. These municipalities represent 24.83% of Mexico’s population as of the date of the 2010
Census.

Precipitation data is collected from the European Centre for Medium-range Weather Forecasting
Reanalysis 5 - Land (ERA5-Land) dataset (and included as a control to avoid confounding effects).
Using Google Earth Engine, a daily total precipitation measure is calculated by taking a sum over
the hourly values across each day at each grid cell and then taking a spatial average over each
administrative unit, weighting by a gridded estimate of the time-varying distribution of population

(Gridded Population of the World v4, revision 11).

A.2 Statistical model

Estimates of the effect of temperature on mortality come from fitting a mortality response function
following [1]. The outcome variables—daily, location-specific mortality rates for each age group—
are modeled as dynamic functions of temperature and precipitation, with additional controls for

location-specific, time-varying, and seasonal confounders. Formally,

Yait =fa(Zit, - Tit—30; Ba) + ga(Pit, - -+ Dit—30; Ta) (S-1)

+ pat + Oai X year, + 05 X h(doy,; £4) + €ait (S-2)

where y,;;: is the mortality rate (deaths per person) in municipality ¢ on date ¢t and age group
a € {< 5,5-17,18-34, 35-49,50-69, > 70}. Separate models are fit for each age group.

The main right-hand-side variable is daily average temperature—either dry-bulb or wet-bulb
depending on the specification—generically denoted x;; in the above equation. The relationship
between temperature and mortality is allowed to be nonlinear and dynamic, as captured by the func-

tion fo(xit, ..., Tit—30; Bq), with B, denoting the matrix of unknown coefficients to be estimated.


https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5-land
https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5-land
https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5-land
https://sedac.ciesin.columbia.edu/data/set/gpw-v4-population-count-rev11
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This function transforms temperature observations along two dimensions. In the temperature di-
mension, the function is a natural cubic spline over daily temperature with knots at the 10t", 50",
and 90" percentiles [81]. (For dry-bulb temperature, these knots are at approximately 14.92, 20.63,
and 27.51°C; for wet-bulb temperature, they are at approximately 9.14, 15.37, and 22.80°C.) Across
22 days of distributed lags, the function is a b-spline with knots spaced equally, in log terms, across
the lag period (at roughly 1, 3, and 8 days). Putting these elements together, fitting the model
generates estimates of the effect of temperature on mortality at each point across the distribution
of temperatures and for each of 22 days starting with with the initial day of the temperature real-
ization. From these estimates, we calculate and report the 21-day cumulative effect of temperature
on mortality, as depicted in Figure 1.

The other elements of the estimating equation are controls. Daily total precipitation, p;; is
included in a similar way to temperature, with the cumulative effect estimated using a b-spline
distributed lag. The effect of precipitation is modeled flexibly using 0!"-order splines (i.e., bins)
for precipitation below the 80" percentile (roughly zero precipitation), between the 80 and 90"
percentiles, between the 90" and 95" percentiles, between the 95" and 98" percentiles, between
the 98" and 99.5"" percentiles, and above the 99.5'" percentile (the levels of these breaks are
approximately 5.31, 10.5, 15.6, 23.7, and 45.3 mm/day). Other confounders are accounted for using
fixed effects, in some cases interacted with continuous controls. These controls are: date of sample
fixed effects, pqt, to account for national temporal patterns, holidays, day-of-week effects, and other
time-series confounders; a municipality-by-year fixed effect, d,; X year,, to account for location-
specific fixed factors such as topography, governance, and differences in access to healthcare or
mortality reporting as well as secular changes in mortality rates and climate; and a state-level fixed
effect, 0,5, interacted with a six-knot natural cubic spline over day-of-year, h(doy,; &,), to account
for state-level seasonal patterns. The term €,;; is the remaining error term which we assume to be
uncorrelated with daily temperature.

The regression is weighted by the daily municipality population (linearly interpolated from an-
nual population counts). Standard errors are clustered at the state level to account for spatial

autocovariances at the subnational level while maintaining robustness to arbitrary temporal corre-
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lation patterns (N = 32).

Throughout, such as when we distinguish deaths from heat from those from cold or when we
report the total number of temperature-related deaths, we are identifying these values relative
to an age group-specific optimal temperature, or minimum mortality temperature (MMT). While
semantically the MMT is simply the temperature at which mortality is minimized, the flexible
functional form we use to determine the relationship between temperature and mortality leads to
a corner solution for the global MMT for some age groups. To prevent this, we instead define the
MMT conditionally as the temperature between the 15¢ and 99" percentiles of age group-specific
temperature exposure at which mortality is minimized [1]. As we discuss in the main body text,
MMT varies considerably by age, generally rising throughout the lifespan.

Models are fit using R software version 4.2.2 and the fixest package version 0.11.2 [82].

A.3 Projections

In addition to identifying historical relationships between wet-bulb temperature and mortality, we
make projections of the impact of climate change on these relationships through the end of the
century. The projections focus on the effect of changes in dry and moist heat, holding all other
aspects of the system fixed. To make temperature-related mortality projections, we apply the age-
specific exposure-response functions estimated from our statistical model to the future temperature
projections described above, and assume that these functions will continue to hold in the future,
as in [10]. Thus, we hold the severity of the effect of wet- and dry-bulb temperature on mortality
and the demographic characteristics of the country fixed, then change the levels of experienced wet-
and dry-bulb temperatures. This method facilitates comparison between the effect of current and
future climates.

For the climate projections, and again motivated by the need to capture fine scale spatial vari-
ability in dry and humid heat, we select the NASA Earth exchange Global Daily Downscaled
Projections (NEX-GDDP) dataset, a product statistically downscaled from Coupled Model Inter-
comparison Project Phase 6 (CMIP6) General Circulation Models (GCMSs), as the underlying data

for our projections. This downscaled product provides daily data at a spatial resolution of 0.25 de-
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grees, significantly more fine than the underlying CMIP6 models which primarily have a resolution
of approximately 1 degree. In order to apply the statistical model to various future periods and
measure the potential changes in the differential impacts of humid and dry heat on human health,
the variables necessary for projections include daily mean dry-bulb temperature, daily mean spe-
cific humidity, daily mean pressure, and daily total precipitation. Because the NEX-GDDP dataset
does not supply daily mean pressure data, we use an elevation-based approximation at each point.
While this method ignores the wet-bulb temperature effects of temporal pressure fluctuations, the
resultant bias is no more than approximately 0.25°C [83]. Twenty six models are selected based on
their inclusion of these variables. We perform projections for one ensemble member using green-
house gas emission pathways from four Shared Socioeconomic Pathway (SSP) scenarios, namely
SSPs 1-2.6, 2-4.5, 3-7.0, and 5-8.5.

We then use percentile mapping to generate synthetic time series for each meteorological vari-
able (dry-bulb temperature and precipitation as downloaded directly from NEX-GDDP; wet-bulb
temperature calculated from NEX-GDDP data as described above) during an end-of-century pe-
riod. Within each model and SSP GHG emissions scenario, data from the historical and future
periods are binned into 1 percentile bins (e.g., 1% percentile, 2"¢ percentile, ..., 99" percentile).
The delta change for each variable in these percentiles is computed between the historical period
and future periods. These percentile-specific change factors are then applied to the corresponding
percentile days in the observational station data. This approach retains any seasonality and internal
variability recorded in the observational historical period, is flexible, and allows for the mean and
higher moments of the future distribution of temperatures to be different than what was observed
historically.

To ensure comparability between average annual outcomes in the past and in projections, we cal-
culate past average annual outcomes using only exposures from 1998-2014. This period represents
the overlap between our mortality data (1998-2019) and the historical period for NEX-GDDP
models (1950-2015). The mid-century (2043-2059) and end-of-century (2083-2099) periods are
defined to be the same length as this past period, 17 years. Throughout, we use the term “histor-

ical” to refer to the period 1998-2014; when discussing the data period over which we resolve our



exposure-response functions (1998-2019), we use the term “sample period.”



A.4 Additional Figures
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Figure S2: Historical and projected annual temperature-related deaths in Mexico for
degree bins of wet- and dry-bulb temperature
This figure mirrors Figure 2, but adds a column for dry-bulb temperature. The panels show average
annual temperature-related deaths resulting from exposure to days with the average wet- or dry-
bulb temperatures shown on the z-axis during the historical period (top panels) and at the end
of the century (2083-2099) under the SSP 3-7.0 emission scenario (bottom panels) across six age
groups in Mexico. Projections assume that demographics, socioeconomic characteristics, and the
population distribution remain fixed at their historical values. The figure shows mean projected
deaths; see Figure S3 for projections with uncertainty.

pouad [eauo)sIH

6000

Annual deaths

4000

2000

(suoissiwe HHO 0°Z-€ dSS
‘6602-€802) pajosloid

40
Temperature (°C)



Wet-bulb temperature Dry-bulb temperature

8000
g
6000 &
5
3
4000 2
o
>
2000 + + s
++ ¢ ¢ + + 2 GHG emission
¢ o :
° 0 actb . + ) . . scenario
K=
T + Historical
© -2000
© SsP1-26 |
s =0
3 SSP2-45 | 8 5
£ iy
n
S 40000 o SSP3-7.0 §<§
§ ¢ ssps85 (™2
30,000 3
Q
S
Q
20,000 * °
o
10,000 + 2
) <
+ + 3
[ S N T — S eces—— s cee— Sice
0-4  5-17 18-34 35-49 50-69 70+ 0-4  5-17 18-34 35-49 50-69 70+
Age group

Figure S3: Historical and projected annual deaths due to heat and cold exposure by
age group for wet- and dry-bulb temperature

This figure mirrors Figure 3, but adds a column for dry-bulb temperature. The figure depicts the
annual number of deaths attributed to heat and cold exposure in Mexico historically and under
temperatures prevailing at the end of the century in four greenhouse gas emission scenarios. Top
panels indicate values for heat exposure, whereas bottom panels indicate values for cold exposure.
Estimates using wet-bulb temperature are shown in the left panels, whereas those derived using
dry-bulb temperature are shown in the right panels. Whiskers above and below each estimate depict
95% confidence intervals net of both econometric and climate uncertainty. Note that the range of
the y-axis in the bottom panels is roughly five times the range of the y-axis in the top panels.
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Figure S4: Historical and projected annual lost life years due to heat and cold exposure
by age group for wet- and dry-bulb temperature

This figure mirrors Figure 4, but with the outcome as lost life years, rather than deaths. Potential
remaining life years are taken from the UN World Population Prospects 2022, and are aggregated
to time-invariant age group values by taking a population-weighted average across single age bins
and years. The figure depicts the annual number of lost life years attributed to heat and cold
exposure in Mexico historically and under temperatures prevailing at the end of the century in four
greenhouse gas emission scenarios. Top panels indicate values for heat exposure, whereas bottom
panels indicate values for cold exposure. Estimates using wet-bulb temperature are shown in the left
panels, whereas those derived using dry-bulb temperature are shown in the right panels. Whiskers
above and below each estimate depict 95% confidence intervals net of both econometric and climate
uncertainty.
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Figure S5: Distribution of estimates of the historical proportion of heat and cold-

related deaths occurring to individuals under 35 years old.
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Distributions depict the density of bootstrap samples i of
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of samples is 10,000 and type € {cold-related, heat-related}. Results using wet-bulb temperature
are shown in the top panel, whereas results using dry-bulb temperature are shown in the bottom
panel. As of the 2010 Census, around 63% of the Mexican population is under 35, a value labeled
on the plot with a dashed vertical line.
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Figure S6: Projected percent change in annual deaths in Mexico under different cli-
mate change scenarios using wet-bulb temperature projections

The figure shows the percent change in average annual deaths by end-of-century (2083-2099) rel-
ative to the historical period for four different climate scenarios, indicated on the z-axis, and for
three different age groups: those under 35 years old, between 35 and 49 years old, and over 50 years
old. Box boundaries depict the 25" and 75! percentile of bootstrap estimates, while whiskers
depict the 10*" and 90" percentiles. Projections assume that demographics, socioeconomic char-
acteristics, and the population distribution remain fixed at their historical values. The differences
in levels is shown in Figure S7.
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Figure S7: Projected change in annual deaths in Mexico under different climate change
scenarios using wet-bulb temperature projections

The figure shows the level of average annual deaths by end-of-century (2083-2099) relative to the
historical period for four different climate scenarios, indicated on the x-axis, for three different age
groups: those under 35 years old, those between 35 and 49 years old, and those over 50 years old.
Box boundaries depict the 25" and 75" percentile of bootstrap estimates, while whiskers depict
the 10** and 90" percentiles. Projections assume that demographics, socioeconomic characteristics,
and the population distribution remain fixed at their historical values. Figure S6 shows the same
information but in terms of percent change.
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Figure S8: Heterogeneity in effects by climate and income tercile

Relationship between average daily wet—bulb temperature and additional deaths per 1 million
person—days of exposure by income and climate tercile. Income terciles divide Mexico’s munic-
ipalities into three roughly equal-population groups by their average earned income as reported
by the Mexican census; climate terciles divide Mexico’s municipalities into three roughly equal-
population groups by their average annual wet-bulb temperature during the data period. Effects
are for the overall population (pooled across age groups). Shaded area represents a confidence
interval of 95%. Dose-response functions are shown to each tercile’s population-weighted 0.01 and
99.99 percentile temperature exposure (colored vertical lines are added at 5, 15, and 25°C to aid
visual comparison).
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Figure S9: Lag-response relationship when estimating Eq. S-1

Additional deaths per 1 million person-days of exposure to average daily 1%!- (left panels) and 99*"-
(right panels) percentile wet-bulb temperatures (approximately 3.96 and 25.25°C, respectively).
Effects are for the overall population (pooled across age groups). Top panels show cumulative
effects across the 21-day lag period; bottom panels show the effects at individual lags. Shaded area
represents a confidence interval of 95%.
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Figure S10: Robustness of results to modifications to Eq. S-1

Estimated relationship between wet- and dry-bulb temperature and relative risk of mortality by
age group for alternate model specifications. (a) extends the main model’s 21-day lag period to 30
days and adds a single knot to the 3-knot lag-response specification to preserve a similar degree of
flexibility in the lag-response function; (b) extends this further to 60 days and adds another knot to
the lag-response function. (c¢) adds two additional knots to the main model’s 21-day lag structure,
bringing the total number of lag-response function knots to five. (d) changes the placement of the
main model’s three lag-response knots, placing them equally throughout the lag space instead of
spaced logarithmically. (e) includes separate coefficients for each integer lag in the main model’s
21-day lag space. (f) changes the specification of the dose-response function, increasing the number
of knots from three to five, with placement following [81]. Shaded bands around the main model
(black line) result indicate 95, 90, 80, and 50% confidence intervals.



Table S1: Additional deaths per 1 million person—days of exposure to an average daily
wet-bulb temperature in the indicated bin. Values were determined by estimating Equation

S-1, but with a discretized version of the nonlinear dose-response component of f,(+).

errors are shown in parentheses.

Age group

Temperature (°C) || 04 | 517 | 1834 | 3549 | 50-69 | 70+
<3 2.923 [ 0.057 | -0.661 | 0.315 [ 5366 | 49.42
(0.91) | (0.101) | (0.178) | (0.385) | (1.255) | (9.21)
3,6) 1582 | 0.051 | 0.142 [ 0.851 | 4.466 | 32.834
(0.504) | (0.041) | (0.077) | (0.194) | (0.83) | (6.13)
[6,9) 0.334 | 0.063 | 0.029 | 0.165 | 2.352 | 18.623
(0.327) | (0.033) | (0.044) | (0.134) | (0.581) | (3.643)
[9,12) 0124 [ 0.041 | 0.042 | 0.217 | 1.546 | 10.819
(0.218) | (0.026) | (0.037) | (0.101) | (0.37) | (2.361)

[12,15) 0.222 | 0.015 0 0.059 | 0.932 | 8927
(0.216) | (0.027) | (0) | (0.088) | (0.369) | (2.212)

[15,18) 0 0 0.032 0 0.449 | 1.946
(0) (0) | (0.053) | (0) | (0.286) | (1.353)

[18,21) 0.444 | 0.024 | 0.069 | 0.086 0 0
(0.208) | (0.022) | (0.067) | (0.09) (0) (0)

[21,24) 0.648 | 0.048 | 0218 | 0.331 | 0.114 | 0.804
(0.22) | (0.024) | (0.071) | (0.114) | (0.227) | (1.062)

[24,27) 1441 | 0.058 | 0.303 [ 0.483 | 1.174 | 9.606
(0.307) | (0.045) | (0.083) | (0.148) | (0.488) | (2.47)
27+ 3.392 [ 0.008 | 1.049 | 2.061 | 3.575 | 41.039
(0.982) | (0.35) | (1.158) | (1.272) | (2.399) | (8.131)

Standard
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Figure S11: Minimum mortality temperatures across age groups in Mexico

This figure demonstrates the relationship between age and the temperature at which mortality is
minimized (“MMT”). A locally-weighted regression line is added to aid in visual inspection, as these
parameter estimates are subject to noise. These MMTs are determined by separately estimating
Eq. S-1 for each age and temperature metric and determining the temperature at which mortality
risk is minimized. MMT decreases from birth to the mid-20s, and then increases substantially
with age to around age 70 before flattening and decreasing slightly to age 100. Individuals in their
mid-20s have a dry-bulb MMT of 20°C and a wet-bulb MMT of 13°C. Dry-bulb MMT peaks at
28°C at age 70 and wet-bulb MMT peaks at 22°C at age 75.
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Figure S12: Historical extreme wet-bulb temperature exposures and current portion
of population under 35

a. Countries colored according to their tercile of the global distribution of (1) historical extreme
wet-bulb temperature exposures: 99t" percentile of population-weighted exposures, with tempera-
tures estimates by [32] using ERA-5 Interim values from 1979 to 2017 and population distribution
information from [84] and (2) portion of 2010 population under 35 [70]. b. Scatterplot of country-
level historical extreme wet-bulb temperature exposure and the portion of the 2010 population
under 35. Points are scaled according to total population size.
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Figure S13: Daily average wet-bulb temperatures recorded at stations and in ERAS5-
Land

Data spans the period 1998-2019. Each point represents a pair of observations at a weather station
(mean of sub-daily values) in Mexico and the corresponding value of ERA5-Land at that position
and time (mean of hourly values). The blue line is a generalized additive model of cubic regression
splines estimated by REML. The red line, for comparison, illustrates what would be observed with
a one-to-one correspondence.
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Figure S14: Map of population, municipalities, weather monitor locations, and climate
zones in Mexico

The top panel of this figure shows the population density of Mexico (background color gradient)
in the municipalities analyzed. The subset of municipalities dropped from our analysis (because
they are too far from weather stations) are grayed out. The bottom panel of this figure shows the
location of weather stations used in our analysis (white points with black outlines) and Képpen
climate zones (background color gradient).
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