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Warming increases suicide rates in the United States and Mexico
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Linkages between climate and mental health are often theorized!"?> but remain poorly quantified.> In
particular, it is unknown whether suicide, a leading cause of death globally,? is systematically affected
by climatic conditions. Using multiple decades of comprehensive data from both the US and Mexico,
we find that suicide rates rise 0.7% in US counties and 2.1% in Mexican municipalities for a 1°C
increase in monthly average temperature. This effect is similar in hotter versus cooler regions and has
not diminished over time, indicating limited historical adaptation. Analysis of depressive language
in >600 million social media updates further suggests that mental wellbeing deteriorates during
warmer periods. We project that unmitigated climate change (RCP8.5) could result in a combined
9-40 thousand additional suicides (95% CI) across the US and Mexico by 2050, representing an
change in suicide rates comparable to the estimated impact of economic recessions,” suicide prevention

programs,® or gun restriction laws.”

Climate is increasingly understood to influence many dimensions of human health,!:®° affecting health
outcomes ranging from vector-borne disease mortality to rates of cardiac arrest.” 0 These relationships have
been shown to occur through direct physical stress or insults to the body (e.g. heat-stroke or cyclone-caused
drowning), changes in disease ecology (e.g. seasonal flu or malaria), and/or changes in socio-economic
conditions that support human health (e.g. drought-induced famine). Recent work has also demonstrated
that social conflicts between individuals, which cause intentional injuries and mortality, are particularly
responsive to changes in temperature, perhaps due to changes in underlying economic conditions or altered
individual-level aggressiveness.!!

Potential linkages between climatic conditions and mental health are also increasingly hypothesized.> How-
ever, unlike other key health outcomes, there remains limited quantitative evidence linking temperature to
suicide and related mental health outcomes.'>!3 Determining whether or not suicide responds to climatic
conditions is important, as suicide alone causes more deaths globally than all forms of interpersonal and
intergroup violence combined,* is among the top 10-15 causes of death globally, among the top 5 causes of
lost life-years in many wealthy regions,'# and among the top 5 causes of death for individuals aged 10-54
in the US.!5 It is the only cause of death among the top 10 in the US for which age-adjusted mortality rates
are not declining.'® Thus even modest changes in suicide rates due to climate change could portend large
changes in the associated global health burden, particularly in wealthier countries where current suicide rates
are relatively high and/or on the rise.
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Strong seasonal patterns in suicides (typically, an early summer “peak’) were recognized in the 19th century,
but it was unknown whether this pattern was caused by seasonally-varying temperature, by other seasonally
varying meteorological factors such as daylight exposure, or by other social or economic factors that also
vary seasonally.!” More recent work has moved away from this seasonal focus, instead examining whether
temperature and suicide are correlated in individual time-series for particular locations. This work has
been inconclusive, with studies finding no effect,'® ! positive effects,?’2> and negative effects.”> These
discrepancies are likely due in part to limited sample sizes, difficulty in fully accounting for critical time-
varying confounds (e.g. macroeconomic conditions®), and/or differences in baseline suicide rates across
locations that may be correlated with baseline temperature levels or seasonality. Due to the large number of
non-climate factors that may potentially contribute to suicide rates and the potential for complex interactions
between different possible causes—similar to the challenge of inferring whether climate is a contributing
factor to social conflict?*—reliably inferring whether temperature is a contributing factor to suicide risk
requires adequately accounting for these potential confounds.

Here we study the effect of local ambient temperature on rates of suicide across the US and Mexico — two
countries that, based on current estimates,> account for roughly 7% of all global suicides. To eliminate
sources of potential confounding and small sample biases, we analyze the relationship between temperature
and suicide using monthly vital statistics data for thousands of US counties?® and Mexican municipalities?’
over multiple decades (see Methods) — a drastically larger sample than has been available in past work
(Nysa = 851,088; Ny gpx = 611,366). By using longitudinal data on many geographic units over
time, we plausibly isolate the effect of temperature on suicide from other seasonal, time-trending, and/or
cross-sectional factors that might be correlated with both temperature and suicide.

We estimate the effect of random monthly temperature fluctuations on locality-level suicide using a fixed
effects estimator, where the suicide rate in a given locality-month is modeled as a function of the temperature
exposure during that month in that locality, accumulated precipitation over the same period, and a large
number of flexible nonparametric controls that account for (i) all average differences between suicide rates
across counties—such as those caused by regional poverty or gun-ownership rates; (ii) average monthly
changes in suicide rates within each county, which allows seasonal patterns to differ across counties and
accounts for factors such as location-specific effects of daylight exposure and holidays; and (iii) all time-
varying confounds affecting all locations within each state simultaneously, including both gradual trends
and abrupt shocks, which accounts for factors such as economic growth and recessions or news of celebrity
suicides (see Methods). To ensure robustness of our findings, we measure temperature exposure during
a given month using two different approaches: as the average daily temperature during the month or as
the count of days during that month with average temperatures falling into different 3°C temperature bins
(Methods). Because the data strongly indicate an essentially linear response in daily average temperature
using the flexible non-parametric model, we focus here on the linear-in-monthly-average-temperature model
as our baseline. We use an identical research design to analyze a geocoded dataset of over 600 million social
media updates on the Twitter platform?® (“tweets"), and evaluate whether warmer-than-normal monthly
temperatures elevate the likelihood that social media users express abnormally depressive feelings in their
language.

Intuitively, our estimates of temperature effects derive from comparing suicide rates or depressive tweets
between an average January in a given county to a warmer-than-average January in the same county, after
having accounted for any changes common to all counties in a given state in that year. Whether a particular
location experienced a hotter January than normal is plausibly random and statistically independent from all
covariates, indicating that our temperature coefficients can be interpreted as the average causal effect of hotter-
than-average temperatures on suicide rates. We test for the possibility that abnormally high temperatures do
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not cause additional suicides but instead hasten suicides that would have otherwise happened by estimating
distributed-lag models that allow for simultaneous influence of past, current, and future temperatures. If hot
temperatures merely hasten suicides, then responses to current and lagged temperatures should have opposite
signs and their effects should sum to zero.?’

We then assess how responses differ across decades, by income level, sex, population level, and both
air conditioning (AC) and gun ownership rates, as well as across regions with different long-run average
temperatures. As is common in the literature3%:3! | stratifications by income, AC, time period, and baseline
temperature allow us to evaluate whether economic development or experience with warmer conditions
might have historically alleviated the burden of excess suicides via adaptation, a common theory in the
broader climate-health literature'® and putative cause of observed differences in suicide seasonality across
countries,?” but one which has received little direct empirical scrutiny.

Finally, under the assumption that future suicide rates will respond shifts in mean temperature as they have
responded to past to temperature fluctuations in the recent past, we construct projections for the impact of
future climate change on suicide in the US and Mexico. We utilize output from 30 global climate models
run under a business-as-usual emissions scenario (RCP8.5) and compute a distribution of net changes in
excess suicides by mid-century. We then compare the estimated effect sizes from other known determinants
of suicide to the projected impact of climate change.

Results

Unlike all-cause mortality, which has been shown to increase at both hot and cold temperatures around the
world,?®33 we find in both the US and Mexico that the relationship between temperature and suicide is
roughly linear: suicides decrease when a given location-month cools and increases when it warms (Figure
1). We find that a +1°C increase in average monthly temperature increases the monthly suicide rate by
0.68% (95% CI: 0.53% to 0.83%) in the US over the years 1968-2004, and increases the suicide rate in
Mexico by 2.1% (95% CI: 1.2% to 3.0%; Figure 3, top panel) over the years 1990-2010. For comparison,
the average standard deviation of temperature variation over time (after accounting for seasonality) is 1.7°C
at the county level in the US, suggesting that monthly suicide rates rose >2% due to temperature in the
hottest months on record. We confirm our US results using a second annually-resolved suicide dataset from
the CDC,? finding slightly larger point estimates for these more recent data (1.3% per +1°C increase in
annual average temperature). Our results contrast with past studies in the US, which have shown varied
response. '3 13336 To our knowledge, the only comparable studies of the temperature-suicide relationship
conducted in developing or middle-income countries during this period is ref['*] in India, which finds larger
effects than those we report here.

Results are robust to a large range of alternate models, including the use of more and less-restrictive fixed
effects, inclusion of additional time controls, inclusion or exclusion of populations weights, more flexible
functional forms for modeling the temperature/response relationship including higher order polynomials and
splines, alternate codings for the outcome variable, and alternate methods for clustering the standard errors
(Figure 1 and Tables S1-S3). A binned model that relates the monthly suicide rate to the distribution of daily
temperatures within that month similarly uncovers a roughly linear relationship between daily temperatures
and monthly suicide rates (Figures S1-S2).
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Heterogeneous effects and adaptation

Earlier work highlights the potential for various adaptations to lessen the health-related impacts of climate
over time. For example, the proliferation of AC in the US is likely to have mitigated the relationship between
temperature and all-cause mortality.’* Similarly, a broader literature highlights the potential for economic
development to mitigate climate-health linkages, either because wealthier countries can better invest in health
or because other aspects of development lessen environmental exposures. '

In contrast to this literature, we find little evidence of adaptation in the temperature-suicide relationship. First,
we find no qualitatively or statistically significant decline in the suicide-temperature relationship over our
study period in either the US or Mexico (Figure 2, top panel). Point estimates are roughly stable in Mexico,
and if anything trend up over time in the US, and are robust to restricting the data to only those countries
reporting data in all years (Figure S3). Second, we find no evidence that individuals more frequently exposed
to hot temperatures are less sensitive to their effects: effects in locations with hotter average temperatures are
statistically indistinguishable from effects in cooler regions (Figures 3 and S2b), and state-specific estimates
in both the US and Mexico are largely statistically indistinguishable from national estimates (Figure 2, bottom
panel). Third, income differences within countries do not mediate the temperature-suicide relationship: we
find no significant difference in suicide response to temperature between rich and poor municipalities or
counties. In the US, using data on county-level AC adoption from multiple waves of the US census® and
one Mexican census, we similarly find no evidence that higher air-conditioning adoption is associated with
reduced effects of temperature on suicide (Figure 3); this hold true for exposure to extremely hot (>30°C
) days as well (Figure S2), although limited current exposure to these temperatures in counties with low
air conditioning penetration makes estimates imprecise. Because average temperature, average income, and
average AC penetration co-vary in the US, we estimate an additional model that interacts each covariate with
temperature in a joint regression; we again find that none of these variables reduces the effect of temperature
on suicide, with estimated interactions small in magnitude and not significant (Table S4).

We also find no clear evidence of different effects of temperature on suicide by sex in either country, no
differential effects by method of suicide in the US (data on method of suicide are unavailable in Mexico),
no difference by county population size and, using state-level data on self-reported gun ownership in 2002
in the US,?” no evidence that states with higher gun ownership have larger suicide responses to temperature
(Figure 3). While there could remain other unobserved covariates that modify the temperature/suicide
relationship, the broadly uniform structure of the temperature effects across a range of observed populations
in both countries and the absence of evidence that these effects change over time suggest that the underlying
mechanism linking temperature to suicide is highly generalizable across contexts and individuals.

Temporal displacement

We evaluate whether hot temperatures hasten suicides that would have happened anyway or trigger “excess”
suicides that would never have occurred in a cooler counterfactual scenario. Using a distributed lag model
(Methods), we find evidence of temporal displacement in both the US and Mexico (Figure 3, bottom panel),
with higher temperatures in a previous month having negative and statistically significant effects on suicide
in the current month. Summing the contemporaneous and lagged effects provides an estimate of the total
number of excess suicides generated by hot temperatures, net of any temporal displacement.?®38 As expected,
we find no evidence that temperatures one month in the future affect current suicide rates.
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Depressive language on social media

Although the absence of heterogeneous effects across subpopulations and countries suggests that the mecha-
nism(s) linking suicide to temperature are similar across contexts, isolating specific responsible mechanism(s)
in our mortality data is difficult. Alternate data, however, allow us to indirectly explore certain potential
mechanisms. One hypothesis is that high temperatures alter the mental wellbeing of individuals directly, per-
haps due to side-effects of thermoregulation (e.g. altered brain perfusion®”) or other neurological responses
to temperature. Notably, this hypothesis is consistent with suicide responding to very short-run (e.g. daily
or monthly) variation in temperature, as well as with the finding that depressive disorders are implicated in
over half of all suicides.*’

If exposure to high temperatures directly alters the mental wellbeing of individuals, then this relationship
should be observable using non-suicide outcome measures across a broad population, including individuals
not immediately at risk of suicide. We test for such a pattern by examining whether monthly temperature
also correlates with patterns of language on social media that express declining mental wellbeing.?® To do
this, we collect and analyze 622,749,655 geolocated Twitter updates occurring in the US between May 22,
2014 and July 2, 2015, noting that previous work has shown that analysis of Twitter updates can be used to
predict variation in suicide in the US.*! Using a statistical approach directly comparable to the analysis of
suicides above (see Methods), we find that the probability a tweet expresses “depressive” language increases
with contemporaneous local monthly temperature (Figure 4), similar to our findings for suicide. While
baseline estimates for the effects of contemporaneous temperature are only statistically significant for one
coding (p < 0.01 for Coding 1, p > 0.1 for Coding 2), estimates for both codings are significant once lagged
effects are also accounted for (p < 0.05, Figure S4). Accounting for lags, we find that each additional +1°C
in monthly average temperature increases the likelihood an update is depressive by 0.79% [95% CI: 0.23%
- 1.35%] and 0.36% [95% CI: 0.05% - 0.68%] for the two different coding procedures we use. As shown in
Figure 4, we estimate statistically and qualitatively similar effects under a variety of fixed effects and time
controls.

Projected excess suicides under future climate change

To project potential impacts of future climate change on suicide, we use projected changes in temperature
under a “business-as-usual" scenario (RCP8.5) to 2050 from 30 global climate models used in the recent
Intergovernmental Panel on Climate Change (IPCC) 5th Assessment.*> Relative to the year 2000, the climate
models project a population-weighted average temperature increase by 2050 of 2.5°C [95% range: 1.3°C
-3.7°C ] in the US and 2.1°C [95% range: 1.5°C -3.2°C ] in Mexico. To calculate the change in the suicide
rate due to climate change, holding other social and economic factors fixed, we multiply projected increases
in temperature in each future year by our estimated effect of past warming on the suicide rate, accounting
for uncertainty in both the historical suicide-temperature relationship (including temporal displacement) and
future climate projections* (see Methods). Given that the effects of temperature on suicide in the US appear
to be trending up over time (recall Figure 2), we re-estimate the historical effect of temperature on suicide in
the US using post-1990 data, and use these estimates to define the temperature response in our projections;
for models that include temporal displacement, effects for the more recent 1990-2004 period are somewhat
higher than for the full 1968-2004 period (0.58% increase per 1°C versus 0.42%), as temperature impacts
have trended up over time (recall Figure 2).

Assuming that future outcomes will respond to a given mean temperature increase in the same way as past
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outcomes have responded to temperature fluctuations is a common but untestable assumption in the climate
impacts literature,***7 but it is an assumption perhaps partially supported by the observed stationarity (or
increase) in the temperature/suicide relationship over our study period. Under this assumption, and absent
unprecedented adaptation, we calculate an increase in suicide rate by 2050 of 1.4% [95% CI: 0.6%-2.6%] in
the US and 2.3% [95% CI: -0.3%-5.6%] in Mexico (Figure 5, left panel). Larger uncertainty for the effect
in Mexico is due to larger uncertainty in that country’s regression estimates once temporal displacement
is accounted for (recall Figure 3). Combining our estimated changes in the suicide rate with projections
of future population change in the two countries, we estimate that by 2050, climate change will cause a
total of 14,020 excess suicides in the US [95% CI: 5600-26,050] and 7,460 excess suicides in Mexico [95%
CI:-890-18,300] (Figure 5). Accounting for the covariance in US and Mexico temperatures within each
climate realization, this amounts to 21,770 [95% CI 8,950-39,260] total additional suicides when summed
across both countries.

Discussion

We provide longitudinal and country-scale evidence that local suicide rates in both a developed and a middle-
income country are robustly associated with local temperatures, findings which are consistent with recent
work in both developed and developing countries.'>?? The remarkable consistency of the measured associ-
ation over time and across contexts suggests that any hypothesized mechanism explaining this relationship
must be widespread, and provides some confidence in generalizing these findings to other contexts and into
the future. While our social media results support the hypothesis that temperature induces changes in mental
state that follow the same pattern as suicides, and the generality of the suicide responses to temperature across
geographic and socioeconomic strata is consistent with a common biological response, we cannot decisively
reject other non-biologic explanations, such as that changes in temperature could affect social mediators of
suicide.

Nevertheless, our results do suggest that the mechanism through which temperature affects suicide is likely
distinct from temperature’s effects on many other causes of mortality. In contrast to all-cause mortality,
suicide increases at hot temperatures and decreases at cold temperatures; also unlike all-cause mortality, the
effect of temperature on suicide has not decreased over time and does not appear to decrease with rising
income or the adoption of air conditioning. The linear and stable structure of the suicide response is more
similar to previously recovered relationships between interpersonal/intergroup violence and temperature,'!
which may plausibly have related biological origins.

Linearity and intertemporal stability in the suicide response has important implications for climate change
projections, as it leads to no projected reduction in suicide mortality from rising temperatures in cold regions
and no clear indication that secular societal trends or adaptation will reduce climate sensitivities. Both of
these conclusions contrast strongly with dominant themes in the existing climate-health literature,'® and
along with other recent studies'? contribute needed empirical evidence on the effects of changes in climate
on mental health.

Our calculations suggest that projected changes in suicide rates under future climate change could be as
important as other well-studied societal or policy determinants of suicide rates (see Figure 5 left panel). In
absolute value, the effect of climate change on the suicide rate in the US and Mexico by 2050 is roughly
two to four times the estimated effect of a 1% increase in the unemployment rate in the EU, half as large as
the immediate effect of a celebrity suicide in Japan,*® and roughly one-third as large in absolute magnitude

6
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(with opposite sign) as the estimated effect of gun restriction laws in the US” or the effect of national suicide
prevention programs in OECD countries.® The large magnitude of our results add further impetus to better
understand why temperature affects suicide and to implement policies to mitigate future temperature rise.

Methods

Data on US suicides come from the Multiple Cause-of-Death Mortality Data from the National Vital Statistics
System (NVSS),?0 which report county location, month, and cause of death for all individuals (prior to 1989),
or those individuals residing in counties with more than 100,000 people (post-1989), representing roughly
75% of the total US population. We calculate age-adjusted suicide rates in each county-month by combining
cause-of-death data with US census data on age-specific populations. County-level data from NVSS are
available beginning in the early 1960s, but data on cause-of-death using common re-codes do not begin until
1968. After 2004, county identifiers are no longer made available in the public use data. Our suicide data in
the US thus span the years 1968-2004.

In the US, we combine county-level suicide data with temperature and precipitation data from PRISM, a
high-resolution gridded climate dataset.*> PRISM data contain 4km-by-4km gridded estimates of monthly
temperature and precipitation for the contiguous US, with daily estimates beginning in 1981, constructed
by interpolating data from more than 10,000 weather stations. We aggregate these grid cells to the county-
or municipality-month level, weighting by estimated grid-cell population from LandScan,’® following the
procedure in’! for our nonlinear models. We test robustness using alternate suicide statistics drawn from the
CDC’s Underlying Cause of Death database (available at the county-year level for the years 1999-2013).34

Data on monthly suicide rates in Mexican municipalities come from Mexico’s Instituto Nacional de Estadistica
y Geografia,?” which we match to gridded daily>> and monthly>? temperature and precipitation data (the
available daily data from ref [°?] do not contain precipitation data, thus we use the UDel data>? as our source
of precipitation data). Our Mexican dataset spans the years 1990-2010.

We estimate the following regression separately for our US and Mexican panels:

Yismt = f(T’zsmt) + ’Yf)ismt + pim + 5st + Eismt (l)

using ordinary least squares, where ¢ indexes localities (county or municipality), s indexes the state that the
locality falls in, m indexes month-of-year, and ¢ indexes year. ;s is the monthly suicide rate and P,y
is monthly precipitation. u,, and d4 are, respectively, vectors of county-by-month effects and state-by-year
effects; the former account for other locally-seasonally-varying factors that could also be associated with
suicide, such as day length, or seasonal cycles in other factors, such as the school year, and the latter
account for shocks common to all counties in a given state in a given year, such as unemployment conditions.
Regressions are weighted by average population in each county or municipality, with standard errors clustered
at the i level to nonparameterically adjust>* for arbitrary within-unit autocorrelation in the disturbance term
€ismt- We test robustness to alternate clustering regimes, including clustering at the state level and two-way
clustering at the county and year level, and find that standard errors are only modestly affected (Table S3.

For the temperature response function f(7;s:) in Equation 1 we focus on models that are a function of
average monthly temperature T;4,,; (e.g. the average temperature in January of 1996 in Santa Clara County,
California), including linear models and higher order polynomials and spines. Estimates in the linear fixed
effects models can be equivalently interpreted as the impact of a +1°C deviation from normal temperature,

7
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or as the effect of an absolute +1°C temperature increase, as (e.g.) the impact of a temperature increase from
0°C to 1°C is estimated to be the same as an increase from 20°C to 21°C . While monthly data cannot easily
resolve sub-monthly responses to even shorter-run temperature variation (e.g. daily, as documented in past
studies??), it more easily captures potential multi-week displacement effects that have been demonstrated in
other weather-violence studies;>> indeed, we find displacement effects in both the US and Mexico that appear
to last months (Fig 3). A further reason for monthly aggregation is suicide data in Mexico are only available
at the monthly level, and our source for temperature data in the US does not provide daily temperature data
before 1980.

We also estimate binned models where suicide is modeled as a function of accumulated exposure to different

daily temperatures, f(Tjsmt) = >_; B; T/, with T/~! indicating the number of days in location-month-year

ismt when the average temperature fell below -6°C , Tf;ft as the number of days with average temperature
in the (-6°C ,-3°C ] interval, Tfsﬁ as the number of days in the (-3°C ,0°C ] interval, and so on in 3°C
intervals up to a top bin of (30°C , co)—indexing these bins by j. The (15°C ,18°C ] bin is the omitted
category in our binned regressions, so the coefficients of interest shown in Figure S1 can be interpreted as the
effect on the monthly suicide rate from an additional day spent in bin j, relative to a day spent in the (15°C

,18°C ] bin. See ref. [*'] for a derivation and complete discussion of this approach and its interpretation.

The outcome in each regression is the monthly suicide rate, and we divide the estimate of 3 by the baseline
suicide rate (the average suicide rate over the study period) to calculate percentage changes. As migration is
unobserved in our data, our approach cannot account for potential selective migration into or out of specific
counties — although migrants would have to differ in their suicide response to temperature for this to bias our
results. We also note that our approach using county- or municipal-level data is focused on making inferences
about average effects within these aggregate areas, and we do not attempt to draw any inferences regarding
the risk that any specific individual within an administrative unit will commit suicide in any particular month.

To estimate the heterogeneous responses reported in Figure 3, we estimate versions of equation 1 that contain
interactions:

Yismt = /BlTismt + /BZ(Tismt * Dz) + '71Pismt + '}’2(Pismt * Dz) + Wim + 5st + Eismt (2)

where D; is equal to one if location 7 has a specified value for a the mediating variable of interest (e.g. above
median income) and is zero otherwise. To estimate the year- or state-specific effects in Figure 2, we estimate
a version of Equation 2 where temperature and precipitation are interacted with either year dummies or state
dummies, and coefficients on these interactions are reported separately for each year or each state.

Because looking at heterogeneity in a linear model (Equation 2 might not directly reveal adaptation to
temperature extremes, we also estimate heterogeneous responses using the binned model, studying whether
the effect of extreme heat exposure differs by the average frequency of this exposure or by access to air
conditioning (Figure S2).

To estimate the potential displacement effects of hot temperatures on future suicides, we estimate distributed
lag models that include lags of monthly temperature and precipitation:

1

Yismt = Z(/BLT;'S(me)t + 'YLPis(me)t) + Wim + 5st + Eismt (3)
L=0

where 37=0 indicates the effect of current month’s temperature and 3= the effect of previous month’s
temperature.A finding of 5“=° > 0 and 3%=! < 0 would be consistent with displacement (hot temperatures



311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

in a given month increase suicides in that month and decrease them in the following month), with the sum
of coefficients 32=Y 4 =1 giving the overall effect of a hot month, net of displacement. These estimates
are shown in the bottom panels of Figure 3.

Depressive language in social media updates For the analysis of Twitter updates, we built on earlier
work showing that certain keywords and phrases in tweets are predictive of local-level suicide.*! We coded
tweets as “depressive” using the keywords and phrases in this earlier work, but because this approach only
coded 0.02% of tweets in our sample as depressive, we developed an alternate approach that used a simpler
set of suicide-related keywords to code tweets. In this latter coding, we compiled an extensive list of words
associated with depression from various electronic sources, including more formal sources such as Crisis
Text Line website (www.crisistextline.org), as well as from a number of suicide-related blogs found through
Google searches (not listed here for privacy reasons). We retained words that were common across these
sources and removed words likely to generate false positives (for example, “mom” is frequently included
in suicidal texts). The dictionary of keywords that result from this procedure is (listed alphabetically):
addictive, alone, anxiety, appetite, attacks, bleak, depress, depressed, depression, drowsiness, episodes,
fatigue, frightened, lonely, nausea, nervousness, severe, sleep, suicidal, suicide, trapped. Using this simpler
dictionary, we code 1.4% of tweets in our sample as “depressive”. We designate this approach “Coding 1”
and the earlier-literature derived approach “Coding 2”.

Using each of these two keyword dictionaries, we computed the total number of Twitter updates in each of
885 Core-Based Statistical Areas (CBSA) (roughly, metropolitan areas) that contained at least one keyword
in each day as a fraction of all Twitter updates between May 2014 and July 2015, following the approach in
ref [*%]. To reduce noise and to make estimates comparable to the suicide results, we limit our sample to
CBSAs in which at least one Twitter update was posted on 90% of the sampling frame, and we aggregate
up to the monthly level. Our dataset thus contains 24,780 CBSA-month observations. We then estimate the
effect of monthly temperature on the likelihood that a Twitter update contains a depressive keyword using
the following fixed effects regression

Yismt = anmt +YP;smt + i + Asm + st + Eimst 4)

via ordinary least squares where 7 indexes CBSAs, s indexes state, m indexes month, and ¢ indexes year.
Yisme 18 the proportion of tweets in a CBSA-month that contain a depressive word and 15+ and P, are
the average temperature and total precipitation for that CBSA-month. p; is a vector of CBSA fixed effects,
which we include to account for time-invariant local drivers of depressive social media use. To account for
local seasonality in both depressive tweets and temperature, we include state-by-month fixed effects A5, (i.e.
12 dummy variables for each state), and to account for local changes over time in either tweeting behavior or
temperature, we include state-by-year fixed effects ds;. Regressions are weighted by the average number of
tweets in each CBSA. As in the suicide results, we report estimates of 5 normalized by the baseline rate of
depressive tweets (either 1.4% or 0.02% for the two codings), such that they can be interpreted as percentage
changes in the rate of depressive tweeting.

We show robustness under a range of alternate fixed effects, time trends, and the inclusion or exclusion
of weights (Figure 4, analogous to Figure 1 for suicide results), and show how depressive tweets in a
current month respond to temperature variation in that month, earlier months, and later months (Figure S4,
analogous to the bottom panel of Figure 3 for suicide). As in the suicide results, results are primarily driven
by contemporaneous responses to temperature.
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Calculating impacts of future climate change To calculate the potential impacts of future climate
change on suicide rates, we use climate projections drawn from the Coupled Model Intercomparison Project
5 (CMIPS). We utilize projections run under the RCP8.5 emissions scenario, in which emissions continue
to rise substantially through 2100. We obtain data from 30 global climate models>® that publish RCP 8.5
projections for changes in mean temperature.

Climate projection data are processed as follows, repeated separately for each of the 30 climate models.
Projected changes in monthly temperatures are calculated for each climate grid cell by averaging monthly
projected temperature around 2050 (2046-2055) and monthly projected temperature around the baseline
period (1986-2005), then differencing them. Model grids are then overlapped on the study administrative
units (e.g. US counties) and locality-specific changes are calculated by averaging over grid cells that overlap
the locality, weighting by the amount of the grid cell falling into the unit.

We then combine these locality-level projections with our historical estimates of the effect of temperature
on suicide to estimate (1) the potential percentage change in the suicide rate due to warming by 2050 and
(2) the total number of excess suicides that could occur by 2050. The percentage change in the rate for a
given country is calculated by multiplying the historical effect of temperature on suicide reported in Figure
3 for that country (using the combined effects of current and lagged temperature, to account for possible
displacement) by the population-weighted projected change in temperature between 2000 and 2050 from
each of the 30 climate models. Excess cumulative suicides in country c due to warming between 2000 and

2050 is then
2050

Ye= > pope # (Be x ATw) (5)
t=2000

where pop.; is the projected population in year ¢ in 100,000s (taken from UN population projections’’),
B is the estimated net change (lagged plus current) in the suicide rate per +1°C increase in temperature
(measured in deaths per 100,000/yr), and AT,; is the projected increase in temperature between 2000 and
year t. Again, because temperature effects in the US appear to be trending up over time, for the US we
estimate (3. by applying Equation 1 to data from 1990 onwards. The application of future changes in annual
average temperature (AT,;) to monthly temperature-suicide coefficients ((3.) is appropriate given the limited
evidence over our study area that future climate change will lead to differential levels of warming across
seasons. %>

We quantify uncertainty in these projections by bootstrapping the historical estimates of the suicide-
temperature relationship (1,000 times, sampling with replacement) and applying this distribution of estimated
temperature sensitivities to projections from each of the 30 climate model projections to construct 30,000
possible projections.*3

It is sometimes suggested that constructing climate change projections using coefficients from a within-
location fixed-effects estimator is inappropriate because temporary changes in environmental conditions
may trigger social responses that differ from the response to more permanent climate changes (see refs.
[31-31] for a general discussion of this issue). The Marginal Treatment Comparability (MTC) assumption’!
required for such an extrapolation to be valid appears to be well-supported in this context, based on evidence
that we recover. Our within-location estimator recovers the local slope of the temperature-suicide function
in the vicinity of average local conditions observed in each locality, in the sense of a local first-order Taylor
approximation. Our climate change projection then uses this local derivative to extrapolate local suicide
rates as each locality warms and experiences the climate of locations slightly further south (or with slightly
warmer temperatures). If the MTC assumption is violated, then once a county warms permanently, it will
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not necessarily experience a permanent change in its suicide rate that reflects our estimates. This could occur
for two reasons.

First, the overall average suicide rate of counties could be determined exclusively by non-temperature factors,
with temperature only determining the timing of when suicides occur within a given year. If this were true,
then temporary warm events would only appear to increase the suicide rate because they cause a temporary
surge in suicides that is offset later in the year by a reduction in suicides—a mathematical necessity required
to keep to total suicide rate fixed at the level determined by non-temperature factors. This phenomena is
known as “temporal displacement” or “harvesting” in the literature. As shown in Figure 3, we test for such
behavior in the data and find some evidence of temporal displacement, but also that a portion of the suicide
signal we observe is “additional” in the sense that they are not compensated for by delayed reductions in
suicide rates. This causes the sum of contemporaneous and lagged effects of temperature to be positive,
indicating that warming does lead to a net elevation of a locality’s total cumulative suicides and that average
suicide rates are not only determined by non-temperature factors. Importantly, we account only for this
additional effect, netting out any temporal displacement, when constructing climate change projections so
as to avoid over-estimating projected suicides.

A second case in which the application of the local derivative of the temperature-suicide relationship to
future warming would be inappropriate is if the slope of the temperature-suicide relationship depends on
average temperature, or similarly if the response of suicide to extreme heat days depends on the frequency of
exposure to these extremes — i.e. because populations adapt to warming. Indeed, prior studies of electricity

se® and tropical cyclone mortality®' have shown that locations with more exposure to an environmental
stressors respond differently than those with less exposure, indicating adaptation. Using the same test but
in the suicide-temperature context, we check for evidence for adaptation by examining if locations that are
warmer on average had a shallower slope in their temperature-suicide response, or if suicides in locations
more frequently exposed to temperature extremes (e.g. days >30°C ) were less affected by these extremes
that locations less frequently exposed.

We test for such behavior by estimating the temperature-suicide relationship for localities above and below
the median temperature in both the US and Mexico (Figure 3), by estimating the local derivative for the
temperature-suicide function for every single state in the US and Mexico separately (Figure 2), and by
estimating the differential effect of exposure to extreme absolute temperatures for countries with less- and
more-frequent exposure to these extremes (Figure S2). In all cases we fail to find evidence that effects
diminish at higher temperatures: we see similar responses to temperature deviations in warmer and cooler
counties and between warmer and cooler states, and we do not find that counties more frequently exposed
to extreme absolute temperatures have diminished suicide responses compared to less-frequently-exposed
locations, although estimates are somewhat noisy for cooler regions given limited exposure to extremes (Fig
S2b). This evidence, along evidence that adoption of air conditioning has not reduced temperature-suicide
relationships (Fig S2¢) and that temperature-suicide relationships have diminished over time (Fig 2), suggest
limited historical adaptation to either warmer-than-average mean temperatures or extreme heat exposure in
our context.

We note two important caveats to this adaptation analysis. First, average county-level temperature could be
correlated with other unobserved factors that also affect suicide risk (e.g. culture), and so any comparison of
temperature-suicide effects by climate zones risks confounding the effect of differences in average temperature
with differences in these other unobserved factors. Although we do not find differential effects across climate
zones or observable covariates that might plausibly matter (income, AC adoption, and population; Figure 3),
suggesting a potentially limited role for the influence of correlated unobservables in our analysis, we cannot
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decisively rule out the hypothesis that the effect of unobservables could exactly offset any differential impact
of average temperature. Second, we cannot rule out that unprecedented adaptations in the future could reduce
the temperature-suicide link in ways not observed historically. If this were to occur, then our estimates of
excess suicides due to future warming would be too high. However, we note that there is no downward
trend in the sensitivity of suicide to temperature during the period we observe (Figure 2), indicating that the
emergence of unprecedented adaptations would itself be without precedent.

Acknowledgements. Burke, Heft-Neal, and Basu thank the Stanford Woods Institute for the Environment
for partial funding. We also thank Ted Miguel and Tamma Carleton for helpful discussion and comments.
‘We declare no conflict of interest.

Author Contributions. M.B., P.B., S.B., and S.H. designed the study, M.B., C.B., F.G., S.HN, P.B analyzed
data, M.B., P.B, S.HN, S.B, S.H. wrote the paper.

References

[1] Patz, J. A., Frumkin, H., Holloway, T., Vimont, D. J. & Haines, A. Climate change: challenges and
opportunities for global health. JAMA 312, 1565-1580 (2014).

[2] Berry, H. L., Bowen, K. & Kjellstrom, T. Climate change and mental health: a causal pathways
framework. International journal of public health 55, 123-132 (2010).

[3] Smith, K., Woodward, A., Campell-Lendrum, D. ef al. Human health—impacts adaptation and co-
benefits. climate change 2014: impacts, adaptation, and vulnerability working group ii contribution to
the ipcc Sth assessment report. cambridge, uk and new york, ny (2014).

[4] Lim, S. S. et al. A comparative risk assessment of burden of disease and injury attributable to 67 risk
factors and risk factor clusters in 21 regions, 1990-2010: a systematic analysis for the global burden
of disease study 2010. The lancet 380, 2224-2260 (2013).

[5] Stuckler, D., Basu, S., Suhrcke, M., Coutts, A. & McKee, M. The public health effect of economic
crises and alternative policy responses in Europe: an empirical analysis. The Lancet 374, 315-323
(2009).

[6] Matsubayashi, T. & Ueda, M. The effect of national suicide prevention programs on suicide rates in 21
OECD nations. Social science & medicine 73, 1395-1400 (2011).

[7] Andrés, A. R. & Hempstead, K. Gun control and suicide: The impact of state firearm regulations in
the United States, 1995-2004. Health Policy 101, 95-103 (2011).

[8] McMichael, A.J. Globalization, climate change, and human health. New England Journal of Medicine
368, 1335-1343 (2013).

[9] Watts, N. ef al. Health and climate change: policy responses to protect public health. The Lancet 386,
1861-1914 (2015).

[10] Smith, K. R. et al. Human health: impacts, adaptation, and co-benefits. Climate change 709-754
(2014).

12



471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]
[25]
[26]

[27]
(28]

[29]

Hsiang, S. M., Burke, M. & Miguel, E. Quantifying the influence of climate on human conflict. Science
341, 1235367 (2013).

Ding, N., Berry, H. L. & Bennett, C. M. The importance of humidity in the relationship between heat
and population mental health: Evidence from australia. PloS one 11, e0164190 (2016).

Carleton, T. A. Crop-damaging temperatures increase suicide rates in india. Proceedings of the National
Academy of Sciences 201701354 (2017).

Lozano, R. et al. Global and regional mortality from 235 causes of death for 20 age groups in 1990 and
2010: a systematic analysis for the Global Burden of Disease Study 2010. The Lancet 380, 2095-2128
(2013).

CDC. Leading causes of death by age group, United States 2013. URL
http://www.cdc.gov/injury/wisqgars/leadingcauses.html.

Swanson, J. W., Bonnie, R. J. & Appelbaum, P. S. Getting Serious About Reducing Suicide: More
How and Less Why. JAMA 314, 2229-2230 (2015).

Kevan, S. M. Perspectives on season of suicide: a review. Social Science & Medicine. Part D: Medical
Geography 14, 369-378 (1980).

Dixon, P. G. et al. Effects of temperature variation on suicide in five US counties, 1991-2001.
International journal of biometeorology 51, 395-403 (2007).

Tietjen, G. H. & Kripke, D. F. Suicides in California 1968—1977: absence of seasonality in Los Angeles
and Sacramento counties. Psychiatry research 53, 161-172 (1994).

Ajdacic-Gross, V. et al. Seasonal associations between weather conditions and suicide—evidence
against a classic hypothesis. American journal of epidemiology 165, 561-569 (2007).

Kim, Y. et al. Suicide and ambient temperature in East Asian countries: a time-stratified case-crossover
analysis. Environmental health perspectives 124,75 (2016).

Dixon, P. G. & Kalkstein, A. J. Where are weather-suicide associations valid? an examination of nine
us counties with varying seasonality. International journal of biometeorology 1-13 (2016).

Tsai, J.-F. Socioeconomic factors outweigh climate in the regional difference of suicide death rate in
Taiwan. Psychiatry Research 179, 212-216 (2010).

Burke, M., Hsiang, S. M. & Miguel, E. Climate and conflict. Annu. Rev. Econ. 7, 577-617 (2015).
World Health Organization. Global Health Observatory data (2015).

CDC. National vital statistics system, multiple cause of death data. URL

http://www.nber.org/data/vital-statistics-mortality-data-multiple-cause-of-death.html.

INEGI. Instituto nacional de estadistica y geografia (inegi), estadisticas de mortalidad (1990-2010).

Baylis, P. Temperature and Temperament: Evidence from a billion tweets. Energy Institute Working
Paper (2015).

Deschenes, O. & Moretti, E. Extreme weather events, mortality, and migration. The Review of
Economics and Statistics 91, 659-681 (2009).

13



507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

Barreca, A., Clay, K., Greenstone, M., Deschenes, O. & Shapiro, J. Adapting to Climate Change: The
Remarkable Decline in the US Temperature-Mortality Relationship over the 20th Century. Journal of
Political Economy .

Dell, M., Jones, B. F. & Olken, B. A. What do we learn from the weather? The new climate—economy
literature. Journal of Economic Literature 52, 740-798 (2014).

Chew, K. S. & McCleary, R. The spring peak in suicides: a cross-national analysis. Social Science &
Medicine 40, 223-230 (1995).

Gasparrini, A. et al. Mortality risk attributable to high and low ambient temperature: a multicountry
observational study. The Lancet 386, 369-375 (2015).

CDC. Center for disease control underlying cause of death dataset (1999-2013). URL
https://wonder.cdc.gov/ucd-icd10.html.

Zung, W. W. & Green, R. L. Seasonal variation of suicide and depression. Archives of General
Psychiatry 30, 89-91 (1974).

Dixon, K. W. & Shulman, M. D. A statistical investigation into the relationship between meteorological
parameters and suicide. International journal of biometeorology 27, 93—105 (1983).

Okoro, C. A. et al. Prevalence of household firearms and firearm-storage practices in the 50 states
and the District of Columbia: findings from the Behavioral Risk Factor Surveillance System, 2002.
Pediatrics 116, e370—e376 (2005).

Dixon, P. G. et al. Association of weekly suicide rates with temperature anomalies in two different
climate types. International journal of environmental research and public health 11, 11627-11644
(2014).

Kiyatkin, E. A. Brain temperature fluctuations during physiological and pathological conditions.
European journal of applied physiology 101, 3—17 (2007).

Chehil, S. & Kutcher, S. P. Suicide risk management: A manual for health professionals (John Wiley
& Sons, 2012).

Jashinsky, J. et al. Tracking suicide risk factors through Twitter in the US. Crisis (2015).

Taylor, K. E., Stouffer, R. J. & Meehl, G. A. An overview of CMIP5 and the experiment design.
Bulletin of the American Meteorological Society 93, 485 (2012).

Burke, M., Dykema, J., Lobell, D. B., Miguel, E. & Satyanath, S. Incorporating climate uncertainty
into estimates of climate change impacts. Review of Economics and Statistics 97, 461-471 (2015).

Schlenker, W. & Roberts, M. J. Nonlinear temperature effects indicate severe damages to us crop yields
under climate change. Proceedings of the National Academy of sciences 106, 15594—15598 (2009).

Deschénes, O. & Greenstone, M. Climate change, mortality, and adaptation: Evidence from annual
fluctuations in weather in the us. American Economic Journal: Applied Economics 3, 152-85 (2011).

Huang, C., Barnett, A. G., Wang, X. & Tong, S. The impact of temperature on years of life lost in
brisbane, australia. Nature Climate Change 2, 265 (2012).

14



543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

[47]

[48]

[49]

[50]

[51]
[52]

[53]

[54]

[55]

[56]

[57]

[58]
[59]

[60]

[61]

Burke, M., Hsiang, S. M. & Miguel, E. Global non-linear effect of temperature on economic production.
Nature 527, 235-239 (2015).

Ueda, M., Mori, K. & Matsubayashi, T. The effects of media reports of suicides by well-known figures
between 1989 and 2010 in Japan. International journal of epidemiology dyu056 (2014).

PRISM Climate Group, O. S. U. PRISM Gridded Climate Data. URL
http://prism.oregonstate.edu/.

LandScan. LandScan 2000 High Resolution Global Population Dataset, Oak Ridge National Laboratory
(2000). URL http://web.ornl.gov/sci/landscan/.

Hsiang, S. M. Climate Econometrics. Annual Review of Resource Economics 8 (2016).

Berkeley  Earth. Berkeley Earth Surface Temperature dataset (2016). URL
http://www.berkeleyearth.org.

Matsuura, K. & Willmott, C. Terrestrial Air Temperature and Precipitation: 1900-2010 Gridded
Monthly Time Series, Version 3.02. University of Delaware. http://climate. geog. udel. edu/climate
(2012).

Bertrand, M., Duflo, E. & Mullainathan, S. How much should we trust differences-in-differences
estimates? The Quarterly Journal of Economics 249-275 (2004).

Jacob, B., Lefgren, L. & Moretti, E. The dynamics of criminal behavior evidence from weather shocks.
Journal of Human resources 42, 489-527 (2007).

WCRP CMIP5. World climate research programme, cmip5 coupled model intercomparison project.
URL http://cmip-pcmdi.llnl.gov/cmip5/.

United Nations. United nations world population prospects, 2015 revision. URL
https://esa.un.org/unpd/wpp/.

Collins, M. et al. Long-term climate change: projections, commitments and irreversibility (2013).

Lynch, C., Seth, A. & Thibeault, J. Recent and projected annual cycles of temperature and precipitation
in the northeast united states from cmip5. Journal of Climate 29, 347-365 (2016).

Aroonruengsawat, A. & Auffhammer, M. Impacts of climate change on residential electricity con-
sumption: evidence from billing data. In The Economics of climate change: Adaptations past and
present, 311-342 (University of Chicago Press, 2011).

Hsiang, S. M. & Narita, D. Adaptation to cyclone risk: Evidence from the global cross-section. Climate
Change Economics 3, 1250011 (2012).

15



Figure 1: Effects of temperature on suicide rate. Lines show the estimated relationship between
monthly temperature and monthly suicide rate in the US (panel a; 1968-2004) or Mexico (panel b;
1990-2010), under different specifications of the fixed effects and increasingly flexible polynomials
or splines as described in the legend. Blue shaded areas are the bootstrapped 95% CI on Model
1 for each country. Histograms at the bottom display the distribution of monthly temperatures in
each sample. Fixed effects in Mexico are as in the US, except with municipality and state-month
FE in place of county-month FE.
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Figure 2: Temperature effects on suicide over time and space. a-b: Effects over time in US
and Mexico. Each dot is the year-specific effect of temperature on suicide (line is 95% confidence
interval), expressed as a percentage change above that year’s average suicide rate. The red dotted
line shows the average effect across the full sample in each country. c¢ Effects by state. Colors
show the percentage increase in the state-specific monthly suicide rate per 1°C increase in monthly
temperature. Histograms show the distribution of estimates across states in US and Mexico. States
outlined in black have estimates that are statistically distinguishable from the nation-wide average
estimate.
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Figure 3: Effect of variation in temperature on monthly suicide rate across the full sample in
US (black circles), Mexico (white circles) and for sub-groups in those countries. Dots are point
estimates of the effect of monthly temperature on monthly suicide (from Equation 1 or 2), lines are
95% confidence intervals. Base rates are reported in deaths per 100,000 person-months.

Sample Obs. Baserate Effect size (95% CI)
US, monthly 1968-2004 (NHCS) 851,088 0.97 @ 0.68 (0.53,0.83)
::rlTI'Ip|e US, annual 1999-2013 (CDC) 5,725 0.91 — 1.28 (0.28,2.29)
Mexico, 1990-2010 611,366 0.30 —O— 2.11 (1.17,3.06)
Below median temperature 425,544 0.90 @ 0.67 (0.46,0.87)
By average Above median temperature 425,544 1.04 - 0.71 (0.49,0.94)
temperature Below median temperature 305,683 0.28 _ 2.21 (1.14,3.29)
Above median temperature 305,683 0.33 —O— 1.93 (0.96,2.90)
Below median income 403,224 0.96 @ 0.46 (0.27,0.65)
By income Above median income 403,224 0.98 3 0.72 (0.56,0.87)
Below median income 300,258 0.19 2.87 (1.01,4.73)
Above median income 300,258 0.32 —O— 2.10(1.18,3.02)
Below median penetration 425,544 0.99 & 0.63 (0.47,0.78)
By AC Above median penetration 425,544 0.96 3 0.75 (0.59,0.90)
penetration Below median penetration 74,904 0.21 2.82(0.77,4.87)
Above median penetration 74,904 0.39 O 2.29 (1.38,3.19)
Below median population 425,544 1.03 —— 0.71 (0.21,1.21)
By population Above median population 425,544 0.97 3 0.68 (0.52,0.84)
Below median population 305,683 0.20 O 3.01 (0.84,5.18)
Above median population 305,683 0.30 00— 2.08 (1.14,3.01)
Male, nonviolent 454,764 0.21 —— 0.51 (-0.13,1.14)
Male, violent 454,764 117 - 0.70 (0.46,0.95)
By sex and Female, nonviolent 454,764 0.16 —— 1.22 (0.63,1.82)
suicide type Female, violent 454,764  0.21 —e— 0.23 (-0.30,0.76)
Male 611,366 0.50 —O— 2.36 (1.33,3.38)
Female 611,366 0.10 O 0.89 (-1.20,2.98)
By gun Below median ownership 425,544 0.96 @ 0.70 (0.52,0.88)
ownership Above median ownership 425,544 1.02 - 0.63 (0.35,0.90)
next month temperature (m+1) 844,872 0.97 L 2 0.00 (-0.14,0.15)
current month temperature (m) 844,872 0.97 L 3 0.72 (0.57,0.87)

previous month temperature (m-1) 844,872 0.97 3 -0.30 (-0.45,-0.14)
Displacement and  current + previous 844,872 0.97 @ 0.42 (0.20,0.64)
placebo tests next month temperature (m+1) 606,521 0.30 _O— 0.03 (-0.87,0.93)
current month temperature (m) 606,521 0.30 _—O0— 2.79 (1.78,3.79)

previous month temperature (m-1) 606,521 0.30 00— -1.78 (-2.76,-0.81)
current + previous 606,521 0.30 —_ O 1.00 (-0.23,2.23)
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Figure 4: Effect of monthly temperature on the likelihood that a Twitter update in US
metropolitan areas contains depressive keywords. Lines show the estimated relationship be-
tween monthly average temperature and the monthly share of Twitter updates (“tweets’) that contain
depressive language, under alternate fixed effects and time controls. (N=24,780 location-months).
Blue shaded regions are bootstrapped 95% confidence intervals on the baseline model. Grey
histograms display the distribution of monthly temperatures in the sample. The two plots show
alternative coding approaches used to identify depressive language (see Methods).
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Figure 5: Change in suicide rate, and cumulative excess suicides, by 2050 due to projected
temperature change in RCP8.5. a: projected change in the suicide rate by 2050 for US and
Mexico, accounting for temporal displacement across months (current + previous) as shown in
Figure 2. Whiskers are 95% CI that account for uncertainty in both future temperature change and
in the historical response of suicide to temperature.** Black markers are published estimates for the
impacts of other policies/events>"-*® displayed for comparison. b-¢: distributions of total projected
cumulative excess suicides in US and Mexico over time. Black lines are median projections
with colored regions displaying the distribution of 30,000 Monte Carlo projections that resample
parameter estimates and climate models. Boxplots show median, interquartile range, and 95% CI
of projected cumulative excess suicides by 2050.
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United States, 1981-2004 Mexico, 1990-2010
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Figure S1: Effects of daily temperature on monthly suicide rate. Connected black markers
are the change in monthly suicides rates in US (left) and Mexico (right) caused by altering the
temperature of a single day in that month (blue shaded area is 95% CI). Effects are the relative
change in monthly suicides due to changing a day’s average temperature from 15-18°C to an
alternative average temperature (left vertical axis). Estimates are net of all constant differences
between locations, all within-location seasonal (monthly) variations, and all nationally coherent
annual changes in rates. Grey histograms display the distribution of individual days in each sample
(right vertical axis).
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Figure S2: Robustness and heterogeneity in the binned model for the US. a, Baseline binned
model (black, as in Figure S1A assigns all daily exposure >30°C into one bin. Estimates from
a model that instead splits exposure above 30°C exposure into 30-33°C , 33-36C, and >36C
bins has identical estimates below 30°C but noisy estimates above 33°C , given the very low
number of days in our sample with daily average temperatures above 33°C (as shown in the
histogram at bottom). b, the effect of daily temperature exposure on suicide as a function of
county average temperatures, with blue (purple) showing counties with below (above) median
temperature. Estimates in cooler counties are noisy in the >30°C bin given the minimal exposure
in those counties to hot temperatures, as shown in the histograms at bottom. ¢, as in (b) but for
above- and below-average air-conditioning (AC) penetration. Counties with lower AC penetration,
which tend to be cooler in our sample and thus have low current exposure to extreme heat, again
have noisy estimates for the >30°C bin. As in Figure S1, all estimates refer to the 1981-2004
period for which we have daily temperature data.
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United States, 1968-2004
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Figure S3: Robustness of effects of temperature on monthly suicide rate over time in the US.
Left plot: As in Figure 2A. Right plot: sample restricted to a balanced panel of counties reporting

data in every year.
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Figure S4: Effect of temperature earlier and later months on depressive tweets in the current
month. Black markers are changes in the rate of depressive tweets in month ¢ as a function of a
1°C increase in previous, current, and future months, for both codings of depressive tweets. Blue
markers show the cumulative effect (Zif 5 B¢) of current and previous-month temperature exposure.
See Methods for full description.
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Table S1: Estimates of the linear effect of temperature on suicide rate in the US are robust to
different statistical specifications. All models include county-month fixed effects (i.e. 12 dummy
variables for each county) as indicated in the FE1 row, and include time fixed effects as indicated
in the FE2 row, with ‘S’=state, ‘Yr’=year, ‘Mo’=month. Some models also contain linear time
trends, and are weighted by county population, as indicated in the bottom rows. The outcome
variable is the monthly suicide rate (models 1-5; mean = 1.03 suicides per 100,000 people), the log
of the monthly suicide rate (model 6), or the inverse hyperbolic sine-transformed monthly suicide
rate (model 7). Temperature is measured in °C , precip in meters. Standard errors are shown in
parenthesis, clustered at the county level. Models 1-5 are analogous to lines 1-5 shown in Figure

1A.
Dependent variable:
suicide rate log(rate)  ihs(rate)
(1) (2) (3) 4) (5) (6) )
temp. (°C) 0.007***  0.008*** 0.006**  0.006***  0.005***  0.005***  0.004***
(0.001) (0.002) (0.001) (0.001) (0.002) (0.001) (0.0005)
prec. (m) —0.035 0.014 —0.059** —0.038 —0.048 —0.011 —0.016
(0.024) (0.073) (0.029) (0.024) (0.032) (0.032) (0.016)
FE1 C x Mo C x Mo C x Mo C x Mo C x Mo C x Mo Cx Mo
FE2 SxYr SxYr Yr Yr Yr x Mo SxYr SxYr
Pop. weights Y N Y Y Y Y Y
Observations 851,088 851,088 851,088 851,088 851,088 280,486 851,088
R? 0.175 0.128 0.166 0.172 0.167 0.512 0.232
Note: *p<0.1; *p<0.05; **p<0.01
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Table S2: Estimates of the linear effect of temperature on suicide rate in Mexico are robust to
different statistical specifications. All models include Municipality fixed effects as indicated in
the FE1 row, state-month fixed effects (i.e. 12 dummies for each state) as indicated in the FE2 row,
and include time fixed effects as indicated in the FE3 row, with ‘S’=state, ‘Yr’=year, ‘Mo’=month.
Some models also contain linear time trends, and are weighted by municipality population, as
indicated in the bottom rows. The outcome variable is the monthly suicide rate (models 1-5; mean
= (.22 suicides per 100,000 people), the log of the monthly suicide rate (model 6), or the inverse
hyperbolic sine-transformed monthly suicide rate (model 7). Temperature is measured in °C ,
precip in meters. Standard errors are shown in parenthesis, clustered at the county level. Models
1-5 are analogous to lines 1-5 shown in Figure 1B.

Dependent variable:

suicide rate log(rate)  ihs(rate)
(1) (2) (3) 4) (5) (6) (7N
temp. (C) 0.006***  0.007**  0.005***  0.005**  0.005** 0.008* 0.005***

(0.001) (0.003) (0.002) (0.002) (0.002) (0.004) (0.001)

prec. (m) 0.011 0.009 —0.015 —0.010 —0.025 0.076 0.007
(0.020) (0.046) (0.027) (0.027) (0.028) (0.055) (0.013)

FE1 Mun. Mun. Mun. Mun. Mun. Mun. Mun.
FE2 S x Mo S x Mo S x Mo S x Mo S x Mo S x Mo S x Mo
FE3 SxYr SxYr Yr Yr Yr x Mo SxYr SxYr
Pop. weights Y N Y Y Y Y Y
Observations 611,366 611,366 611,366 611,366 611,366 40,701 611,366
R? 0.168 0.018 0.164 0.166 0.164 0.736 0.298
Note: *p<0.1; *p<0.05; **p<0.01
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Table S3: Estimates of the linear effect of temperature on suicide rate are robust to different
ways of clustering the standard errors. Top panel is United States, bottom panel is Mexico.
Columns show estimates under different clustering schemes: (1) county, (2) county + state-by-year,

(3) county + year, (4) state.

United States:
1) (2) 3) “)
temp. (C) 0.0067*** 0.0067*** 0.0067*** 0.0067***
(0.0008) (0.0008) (0.0011) (0.0007)
prec. (m) —0.0347 —0.0347 —0.0347 —0.0347
(0.0242) (0.0238) (0.0236) (0.0300)
Clustering County County + State-Yr  County + Yr State
Observations 851,088 851,088 851,088 851,088
R? 0.1754 0.1754 0.1754 0.1754
Mexico:
(1) (2) 3) 4)
temp. (C) 0.0063*** 0.0063*** 0.0063***  0.0063***
(0.0014) (0.0015) (0.0014) (0.0017)
prec. (m) 0.0108 0.0108 0.0108 0.0108
(0.0203) (0.0137) (0.0172) (0.0144)
Clustering Mun. Mun. + State-Yr  Mun. + Yr State
Observations 611,366 611,366 611,366 611,366
R? 0.1684 0.1684 0.1684 0.1684
Note: “p<0.1; *p<0.05; **p<0.01
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Table S4: Heterogeneous effect of temperature on suicide rate in the US. Covariates include
county income in each year (in $1000 USD), county average temperature averaged across all
years (in °C ), and state-level AC penetration in each year (defined as percent of households with
residential AC, derived from Barreca et al*?). Covariates are all de-meaned to ease interpretation.
All regressions include county-month FE and state-year FE and are weighted by county population.

Dependent variable:

suicide rate

) 2) 3) “4)
temp 0.0068***  0.0065**  0.0067**  0.0065***
(0.0008) (0.0008) (0.0008) (0.0008)
temp*income 0.0001** —0.000003
(0.00003) (0.00004)
temp*avgtemp —0.0001 —0.0002
(0.0002) (0.0002)
temp*AC 0.0037** 0.0037*

(0.0012) (0.0020)

Observations 806,448 806,448 806,448 806,448
R? 0.1756 0.1755 0.1755 0.1756

Note: *p<0.1; *p<0.05; **p<0.01
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