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Abstract

A growing literature characterizes climate change damages by relating

temperature shocks to GDP. But theory does not clearly prescribe estimable

forms of this relationship, yielding discretion to researchers and generating

potentially considerable model uncertainty. We therefore employ model cross

validation to assess the out-of-sample predictive accuracy of 401 variants

of prominent models, identify the set of superior models, and characterize

model uncertainty. Estimates of GDP impacts vary substantially across models,

especially those assuming temperature effects on GDP growth, rather than

levels. The best-performing models have non-linear temperature effects on

GDP levels, and imply global GDP losses of 1-2% by 2100.



1 Introduction

It has long been understood that economic outcomes are related to climate. This
climate-economy relationship determines the scope and magnitude of market im-
pacts from climate change over the next 100 years and beyond. Consequently, an
understanding of the climate-economy relationship is central to projections of dam-
ages from anticipated climate change, and to policymaking that weighs the benefits
and costs of climate change mitigation. Yet estimation of the scope and magnitude
of climate impacts on the economy is hindered by the temporal invariance of cli-
mate over relevant time frames. The relationship between economic outcomes and
cross-sectional climate variation is confounded by regional heterogeneity, including
historical effects of settlement and colonization (e.g., Acemoglu et al. 2002; Easterly
and Levine 2003; Rodrik et al. 2004; Dell et al. 2014).

A recent literature, therefore, employs panel econometric methods to estimate
the response of economic outcomes to weather, which is commonly defined as
realizations from distributions of climatic variables, like temperature, wind, and
precipitation (Dell et al. 2014; Hsiang 2016). This literature has estimated econom-
ically and statistically significant effects of weather on specific subsectors of the
economy, such as crop yields, industrial output, and labor productivity.1 A subset of
this literature also relates weather and weather shocks to economic aggregates like
gross domestic product (GDP) (Hsiang 2010; Barrios et al. 2010; Anttila-Hughes
and Hsiang 2011; Deryugina 2011; Dell et al. 2012; Hsiang and Narita 2012; Burke
et al. 2015, 2018).

Much of this empirical research is intended to inform estimation of climate
change damages and determinations of efficient climate change mitigation programs
(Dell et al. 2014; Deryugina and Hsiang 2014; Hsiang 2016; National Academies of
Sciences 2017; Burke et al. 2018). Integrated assessment models (IAMs), commonly
used in analysis of climate change mitigation costs and benefits, rely upon the
enumeration of relevant sector-specific impacts, which are then aggregated (National
Academies of Sciences 2017). In addition to this enumerative approach, growing

1See for instance Deschênes and Greenstone (2007); Schlenker and Roberts (2009); Schlenker
and Lobell (2010); Feng et al. (2010); Jones and Olken (2010); Lobell et al. (2011); Cachon et al.
(2012); Fisher et al. (2012); Dell et al. (2014); Graff Zivin and Neidell (2014).
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interest centers on the econometric estimation of climate impacts on economic
aggregates that subsume sectoral effects that must otherwise be fully enumerated
and estimated. Such an aggregate statistical approach is proposed as an alternative to
the enumerative approach, but it can also complement the enumerative approach by
validating estimated magnitudes of damages. Economic aggregates such as GDP are
not direct welfare measures, however, and do not reflect non-market values that are
also affected by climate change and should be incorporated into welfare analysis.

The aggregate econometric approach has faced at least two important limitations.
First, using weather variation to identify climate effects requires strong assumptions
about dynamic processes like adaptation and the persistence of idiosyncratic temper-
ature responses amid secular climate change (Dell et al. 2014; Hsiang 2016). Second,
theory does not prescribe specific, estimable, structural relationships between climate
and economic outcomes (Dell et al. 2014; Hsiang 2016; Schlenker and Auffhammer
2018). Researchers have, therefore, made varying assumptions about the functional
forms of these relationships. The importance of those assumptions for understanding
the estimated impact of warming on GDP has not yet been evaluated. As we show in
this paper, these assumptions substantially influence that understanding.

Dell et al. (2012), henceforth DJO, estimated that rich country GDP growth
is unaffected by temperature, while poor country growth is adversely affected by
positive temperature shocks. They did so by relating country-level, aggregate per-
capita economic growth to a log-linear function of temperature and precipitation,
controlling for time-invariant country heterogeneity and secular trends. Such results
corroborate the view that industrialized countries are relatively less affected by
climate change because their economies are less exposed to weather and their
capacities to adapt to change are greater (Poterba 1993; Mendelsohn et al. 1994;
Kahn 2005; Stern 2006; Nordhaus 2008; Tol 2009; Deryugina and Hsiang 2014).

In contrast to DJO, Burke et al. (2015), henceforth BHM, specified a quadratic
relationship between temperature and per capita GDP growth that suggests rich
and poor countries alike suffer from global warming and that both agricultural and
industrial output growth are impeded. Controlling for a quadratic of precipitation,
time-invariant country heterogeneity, secular trends, and parametric country-specific
quadratic trends, the preferred model of BHM predicts global income losses of 23%
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by 2100 due to unmitigated climate change. BHM also report that the responsiveness
of economic growth to temperature is persistent across their fifty-years of obser-
vation, implying little historical adaptation to temperature shocks and supporting
an interpretation of the weather effects they estimated as a lower bound on climate
impacts. Burke et al. (2018) employ the same econometric framework as BHM to
estimate that a cumulative $20 trillion in global damages would be avoided by 2100
by limiting climate change to 1.5◦Celsius (C), rather than 2◦C.

Whereas DJO and BHM each estimate a relationship between temperature and
GDP growth, Hsiang (2010) and Deryugina and Hsiang (2014) postulated a non-
linear relationship between temperature and GDP levels.2 The magnitude of the threat
to global wealth posed by climate change varies dramatically according to these
competing models. BHM estimate that country-level GDP growth is maximized
at an annual average temperature of 13◦C, whereas Hsiang (2010) estimates no
significant effects of weather on contemporaneous production in developing country
contexts until daily average temperatures exceed 27◦C. Yet Deryugina and Hsiang
(2014) estimate GDP losses beyond even moderately warm daily temperatures in the
United States.

We show that estimates of the GDP-maximizing temperature vary considerably
across alternative specifications of the GDP-temperature relationship. Many esti-
mates of this optimal annual average temperature fall in the range of 13-15◦C at
which the bulk of production occurs today. Thus, an assessment of the relative
performance of alternative models and of the magnitude of model uncertainty is crit-
ical to determining the capacity of this aggregate econometric approach to improve
understanding about the scope and magnitude of future climate change damage.

Economists have long pointed out that theory does not precisely define estimable
forms for economic relationships, reserving significant discretion for empiricists to

2Hsiang (2010) relied principally upon a linear model to identify statistically and economically
significant effects of annual average temperature on aggregate output and sectoral production in the
Caribbean and Central America. His estimation of a piece-wise linear function relating daily average
temperature to annual production indicated production losses occur only on extremely hot days with
average temperatures of 27-29◦C. Specifying a similar piece-wise linear relationship between daily
temperatures and GDP levels, Deryugina and Hsiang (2014) estimated U.S. production losses at daily
average temperatures as low as 15◦C.
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define functional forms and select conditioning variables.3 The consequences of that
selection for inference have long been enumerated.4 As Hendry (1980) and Leamer
(1983) observed, given that parameter sensitivity is indicative of specification error,
empiricists often endeavor to demonstrate the robustness of parameter estimates to
alternative assumptions. Yet, as Leamer (2010) contends, such sensitivity analyses
or robustness checks are themselves often performed in ad hoc ways.

This paper, therefore, systematically assesses the sensitivity of temperature
parameter estimates to modeling assumptions and considers the implications of
model uncertainty for estimates of the GDP impacts from climate change. It evaluates
competing models in the literature and a range of variants using the methods of model
cross validation that are advocated for predictive models and for causal inference.5

Whereas the previous climate-economy literature has selected preferred models
using in-sample fit criteria that are subject to the well-known over-fitting critique,
we evaluate models according to out-of-sample model fit criteria, as is particularly
appropriate for models that are intended to predict future economic outcomes given
expectations about future climatic conditions. Moreover, we invoke the substantial
literature on data-driven, predictive model comparison (e.g., White 1996; Diebold
and Mariano 2002; Hansen 2005; Hansen et al. 2011) to identify the set of models
that are statistically superior to alternatives. This approach is standard (e.g., Diebold
and Mariano 1995; West 1996), and was employed by Auffhammer and Steinhauser
(2012) in the related context of modeling carbon emissions in the United States.

We use a country-level panel of economic growth, temperature, and rainfall
to estimate the global relationship between GDP and temperature. We estimate a
range of models that vary along three key dimensions distinguishing competing
models: the assumed functional form for temperature and precipitation, methods of
controlling for potentially confounding time trends, and the choice of GDP growth
or levels as the relevant dependent variable.

3For example, see Friedman (1953); Dhrymes et al. (1972); Cooley and LeRoy (1981); Leamer
(1978, 1983); White (1996); Yatchew (1998); Hansen et al. (2011), and Belloni et al. (2014).

4See Keynes (1939), Koopmans (1947), Leamer (1978), Leamer (1983), Hendry et al. (1990),
Chatfield (1996), and Sullivan et al. (1999), among others.

5For example, Friedman (1953); Varian (2014); Kleinberg et al. (2015); Christensen and Miguel
(Forthcoming),and Athey 2017.
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Altogether, we consider 400 models that vary along these three dimensions.
We employ several different cross-validation techniques to evaluate the relative
performance of these specifications, as well as their implications for damages from
future warming. Estimates of long-run GDP impacts from warming vary substantially
across these variants. Consistent with BHM, we conclude that a non-linear, concave
function best describes the relationship between GDP and temperature. While
model fit is largely invariant to the specification of the temperature relationship,
the estimated GDP-maximizing temperature (i.e., the peak of the non-linear GDP-
temperature curve) is extremely sensitive to model choice. Given this sensitivity,
and the concentration of economic output in countries that typically experience
temperatures in the range of potential optima, estimated long-run GDP impacts of
warming are also highly sensitive to model choice, both in magnitude and in sign.

We show that growth-effects models employed by DJO and BHM tend to have
inferior model performance and exhibit tremendous model uncertainty.6 Instead,
cross-validation favors models with non-linear temperature effects on GDP levels,
which imply global GDP losses from unmitigated warming of 1-2% by 2100.7 Vari-
ation in expected GDP impacts, combined with considerable model uncertainty,
suggests caution is warranted when parameter estimates of the temperature-GDP
relationship are used to project the impacts of climate change and when such esti-
mates are incorporated into IAMs (e.g., Moore and Diaz 2015) and possibly policy.
Moreover, the use of aggregate and sector-specific statistical models to estimate
climate damages in scenarios with significant warming requires extrapolation beyond
the historical temperature record. Nevertheless, estimation of the global economy-
temperature relationship suggests market impacts from climate change could be on
the order of a few percent of global GDP by 2100, consistent with damage functions
currently embedded in the major IAMs underpinning the social cost of carbon.

6Growth models imply a range of impacts that is implausibly large given the overall historical
exposure of the economy to climate. The agricultural sector, for example, is one of the most exposed
to climate change, but represents only a few percent of global income, whereas about two-thirds is
services. Assumptions about the impact of discontinuous, catastrophic climate damages have been
considered on the order of tens of percent (Kopits et al. 2014), but these types of impacts are not
reflected in the historic data on which the GDP-temperature relationship is estimated.

7The BHM model that predicts 23% GDP losses by 2100 is not favored by any of the employed
cross validation techniques.
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We also separately investigate temperature effects for rich and poor countries and
for agricultural and non-agricultural sectors. Though parameters of the disaggregated
temperature functions imply a quadratic relationship like that identified by BHM,
the statistical significance and robustness of effects fades at the more disaggregated
levels, particularly for rich countries.

The paper is organized as follows. The next section reviews the literature on
the relationship between temperature and economic aggregates, highlighting the
variety of modeling assumptions employed in the literature. Section 3 describes
our method of assessing the impact of these alternative assumptions, and section 4
presents results of the model cross validation and implications for causal inference
and climate damage projections. Section 5 concludes.

2 Estimating Economic Responses to Climate Change

Research on agriculture, human capital, and other specific impacts of climate and
temperature provide the microeconomic foundation for aggregate economic effects.
These microeconomic foundations characterize a non-linear relationship between
temperature and economic outcomes, with significant adverse production impacts
occurring at daily average temperatures above about 29◦C.8 It also demonstrates the
different choices researchers have made in modeling the temperature relationship.
The most flexible specifications of the micro-foundations literature use binned
temperature observations to flexibly model non-linear relationships, but bin widths
vary. Other strands of the literature have also considered the impacts of temperature
and climate on human health, conflict, and violence, factors that affect welfare, but
less directly impact aggregate production.

The first estimates of the global welfare impacts of climate change were produced
in the 1990s by combining assumptions about the extent of future warming with
scientific evidence of its physical impacts and their valuation (Fankhauser 1994;
Nordhaus 1994; Tol 1995, 2002a,b; Fankhauser 2013). This approach is embodied in
three reduced-form IAMs that have informed the social cost of carbon in the United
States (National Academies of Sciences 2017). This enumerative method contrasts

8See Schlenker and Roberts (2009); Graff Zivin and Neidell (2014), and Sudarshan et al. (2015).
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with the statistical method employed by Mendelsohn et al. (2000a) and Mendelsohn
et al. (2000b) and later Maddison (2003) and Nordhaus (2006) that inferred climate
change costs from variation in economic activity across climates.

Central estimates across methods and studies range from a loss of -11.5% of
global GDP to a slight gain of 0.1% for temperature increases of 2.5-5.4◦C relative to
pre-industrial levels (Tol 2014). Most models, including the IAMs used to estimate
the U.S. social cost of carbon, predict losses of a few percent of GDP from a
few degrees of warming (Greenstone et al. 2013; Tol 2014; Nordhaus and Moffat
2017). Estimates of aggregate GDP impacts can directly inform the market damages
embedded in IAM damage functions, which tend to be about 1% of consumption for
2.5-3◦C of warming; non-market damages tend to be of a similar order of magnitude.
Whereas the enumerative approach of the IAMs accounts for non-market impacts and
affords damage estimates that are traceable to specific mechanisms, it may overlook
some channels by which climate change affects the economy, and may extrapolate
impacts out of sample to heterogeneous regions (Dell et al. 2012; Carleton and
Hsiang 2016; National Academies of Sciences 2017).

More recent statistical approaches mitigate omitted variables bias in the early
work, which had only exploited cross-sectional variation in climate. They do so by
observing economic responses to weather (i.e., short-term variations in climate),
which varies also in the temporal dimension, allowing the use of fixed effects to
control for time-invariant country heterogeneity. This strand of the literature includes
Hsiang (2010), DJO, Hsiang and Jina (2014), Deryugina and Hsiang (2014), BHM,
and Burke et al. (2018). Though these papers all relate economic outcomes to
temperature shocks, they differ in how they specify the equations used to estimate
these responses. There are three principal model variations we explore: (1) GDP level
or growth effects; (2) temperature functional form; and (3) controls for unobserved
trends.

GDP Level or Growth Effects. First, there is disagreement in the recent empirical
literature as to whether temperature affects the level of economic output or its growth
(e.g., see Schlenker and Auffhammer (2018)). The modeling choice is not a trivial
one. Growth effects compound over time, whereas level effects do not. Thus,
predictions of future losses from climate change vary considerably depending upon
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whether growth or level models are specified. A subset of the literature, e.g., Hsiang
(2010) and Deryugina and Hsiang (2014), relates temperature shocks to output, as do
the reduced-form IAMs used for climate benefit-cost analysis (National Academies
of Sciences 2017) and the micro-foundations literature (Dell et al. 2012 and Burke
and Emerick 2015). In contrast, DJO and BHM, for instance, propose that the effects
of temperature shocks may linger, affecting growth in addition to contemporaneous
levels of output.

The recent empirical literature does not provide strong theoretical foundations
to favor models relating temperature to growth or levels. DJO characterize output
as a multiplicative function of population, labor productivity, and exponentiated
temperature. They offer the intuition that temperature may affect institutions, which
may affect productivity growth. BHM propose output is a function of temperature
and total productive capacity, which depreciates over time and is rebuilt by savings.
Savings, they assume, are permanently diminished during periods of high temper-
ature and attendant low output. BHM also suggest that the rate of technological
change is slowed by diminished cognitive capacity due to temperature change. These
mechanisms are plausible, but have attracted little attention in the growth literature.

Whether temperature shocks permanently affect savings or some other determi-
nant of growth is ultimately an empirical question that DJO and BHM each consider.
Each examines the effect of temperature lags on GDP growth rates. Intuitively, if
temperature shocks have persistent negative effects on GDP growth, the coefficients
on temperature lags should have the same (negative) sign as the contemporaneous
effect, or should be zero. By contrast, if temperature shocks only affect GDP levels,
then the coefficients on lagged temperature should have the opposite sign of the
contemporaneous impact; a year of slow growth due to hot temperature is followed
by recovery in a following year of normal temperature. For example, if last year was
hot, leading to lower GDP (e.g., due to a decline in crop yields), a return to average
temperature this year would mean above average growth because normal growth
resumes (from a smaller base). Hence, level effects of temperature are indicated by
lagged impacts having opposite sign of the contemporaneous impact.

DJO report that the contemporaneous growth effect is broadly persistent in mod-
els that introduce one, five, or 10 lags of temperature, as well as contemporaneous
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and lagged effects of precipitation. Our review of DJO results, however, leads us
to conclude that there is little evidence of a growth effect. None of the lagged
temperature coefficients in DJO is statistically significant at conventional levels,
suggesting the absence of persistent temperature effects on growth. Though views
on distributed lag models are not in universal agreement, conventional wisdom holds
that lags should be added to such models only until individual lag coefficients are
not statistically distinguishable from zero.9

In all lagged specifications in DJO, the coefficient on the first lag exhibits sign
reversal. That is, model estimates suggest high temperatures reduce output in poor
countries today but increase output one-year hence. Though coefficients on one-year
lags of temperature are not statistically significant and are equal in magnitude to only
one-half to one-third of the contemporaneous effect, such results are inconsistent
with conventional lagged-effects models that commonly admit the decay or growth
of impulse effects over time, but rarely admit sign reversals.10

Similarly, BHM estimate distributed lag models with 1-5 lags of a quadratic
temperature polynomial to explore the persistence of temperature effects. In none
of these BHM models is the cumulative temperature effect on growth statistically
distinguishable from zero. The sign on the coefficients of the first lag of temper-
ature and squared temperature are always opposite the sign of the corresponding
contemporaneous effects, in an offsetting manner. And the lagged effects are always
approximately half as large as the contemporaneous effects.11 In the one-lag model
of BHM, lagged temperature and squared temperature coefficients are statistically
significant, suggesting at least half of the contemporaneous loss in growth due to a
temperature shock is recovered the following year. In all lagged models of BHM,
either the first or second lag of temperature and squared temperature is statistically

9Alternatively, in-sample model-fit criteria like the Akaike Information Criterion and the Schwarz
Criterion are sometimes used to determine lag length, but these are not reported by DJO.

10This point is not lost on DJO: “a level effect would appear as equal and opposite coefficients on
the immediate effect and the first lag.”

11BHM do not report these coefficients in their main text or supplementary information. We
produced the coefficients and their standard errors using BHM replication data and code.
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significant and opposite the contemporaneous effects in sign. Such sign reversals are
not indicative of persistent effects.12

These results are interpreted cautiously by BHM: “Thus, while we can clearly
demonstrate that there is a non-linear effect of temperature on economic production,
we cannot reject the hypothesis that this effect is a true growth effect nor can we
reject the hypothesis that it is a temporary level effect.” As noted by BHM, were
the growth effect purely transitory, then the first lag should be of opposite sign and
equal magnitude to the contemporaneous effect. But temperature is highly correlated
across years due to El Nino-Southern Oscillation and other decadal oscillations (e.g.,
Hsiang 2010).13 This suggests that a hot year is typically followed not by a year
of typical temperature, or even a cold year, but instead by another hot year, which
confounds efforts to determine the cumulative effect of a given pulse of hot weather
and would tend to bias lagged coefficients in favor of persistence over transience.

Given the empirical ambiguity of persistent growth effects and the absence of
theoretical foundations, there is no clear rationale for choosing to model temperature
effects on GDP growth or GDP levels. Estimating a model with GDP growth as
the dependent variable addresses the non-stationarity of the GDP series. But that
solution does not obligate a model of GDP growth on temperature levels. Rather, it
is common to difference the right-hand side and the left-hand side of an equation
relating GDP levels to predictors by subtracting the expression for a one-period lag
of GDP level as in, e.g., Mankiw et al. (1992) and Bernanke and Gürkaynak (2001).

Temperature Functional Form. The second dimension along which the climate-
economy literature varies is specification of the function relating temperature to
economic outcomes. This choice also dramatically affects the magnitude of damage
estimates. DJO model a linear temperature effect, implying that a temperature shock
affects economic outcomes similarly regardless of the mean from which temperatures
deviate. In a model that controls for time-invariant country heterogeneity, region-

12The addition of temperature lags to the models that perform best in our model cross validation
also yields little evidence of persistent temperature effects.

13In their data, the first lag and contemporaneous temperature have a correlation coefficient of 0.5.
This correlation is depicted for each country in Appendix Figure A1. Contemporaneous temperature
and more distant lags are also positively correlated, though, as expected, the correlation declines with
lag distance.
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specific trends, and unique temperature responses for rich and poor countries, they
estimate that temperature has no statistically significant effect on growth among rich
countries. Among poor countries, however, it causes a statistically and economically
significant reduction in contemporaneous growth, which declines by 1.4 percentage
points annually for each 1◦C of warming.

In contrast, BHM favor a quadratic relationship between temperature and growth
that allows warming to boost growth in countries with cold climates and impede
growth in hot countries. Using data substantially similar to DJO, they estimate
statistically and economically significant growth effects of temperature shocks in
rich and poor countries alike, and across both agricultural and industrial production.14

The quadratic specification in BHM finds that country-level GDP is maximized
at an annual average temperature of 13◦C from which deviations in either direction
generates changes in growth of equal magnitude but opposite sign. The quadratic
temperature relationship is more flexible than the linear relationship specified by
DJO. Yet it imposes a symmetry of growth effects due to temperature deviations
away from the optimum that abstracts from the micro foundations evidence.15

BHM also consider higher-ordered polynomials of temperature, as well as re-
stricted cubic splines with 3-7 knots. These alternative specifications all confirm a
concave relationship between temperature and growth, but the peaks of the concave
relationships vary across specifications in non-trivial ways. The alternative models
typically imply a GDP-maximizing temperature greater than 13◦C. Hsiang (2010)
and Deryugina (2011) also implement more flexible, piece-wise linear functions of

14BHM impose a globally quadratic relationship, not to be confused with a within-country quadratic
relationship. As shown by McIntosh and Schlenker (2006), these two assumptions are conceptually
different on a fundamental level, and, therefore, have significant practical implications. For example,
a global quadratic implies a single centering point (here, “GDP-maximizing temperature”) for all
countries and years, compared to many country- and year-specific centering points.

15BHM state conditions under which the annual aggregation of daily temperatures used in some of
the micro-foundations literature (e.g., Schlenker and Roberts 2006, Graff Zivin and Neidell 2014,
Sudarshan et al. 2015, Stevens 2017) yields a temperature response curve that is concave, smoother,
and characterized by a lower optimum temperature than the micro responses. It is also important to
note that some of the micro-foundations literature relates outcomes to daily maximum temperature,
which is characterized by a higher mean than daily, monthly, or annual average temperatures that
incorporate temperature readings from relatively cool nighttime periods.
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temperature that accommodate asymmetric effects of small increases and decreases
in temperature relative to an optimum.

DJO also implement the micro-response approach of binning daily temperatures
to non-parametrically estimate the temperature-growth relationship. While caution-
ing against over-interpretation due to data reliability concerns, they nevertheless
report in an online appendix estimated coefficients that characterize approximately
linear effects that are statistically indistinguishable from zero for poor countries
across all temperature bins. For rich countries, temperature coefficients are approxi-
mately zero and not statistically significant, except in the range of 15-25◦C, within
which coefficients are positive and barely significant.

Controls for Unobserved Trends. The third major dimension of model heterogene-
ity within the existing literature is the choice of controls for trending unobservables.
DJO employ country fixed effects, year fixed effects interacted with regional in-
dicators, and year fixed effects interacted with an indicator for countries that are
poor when they enter the data.16 This saturates the model with fixed effects to
non-parametrically control for unobservables. It is robust to region-specific time
trends that might be unique to rich or poor countries.

BHM prefer a model less saturated with fixed effects, and instead parametrically
control for country-specific time trends. Like DJO, they use country fixed effects to
control for time-invariant country heterogeneity. They also use a set of year fixed
effects to control for global trends in growth. Rather than controlling for regional
or country-type (e.g., poor) trends non-parametrically as in DJO, BHM introduce a
parametric country-specific quadratic time trend. Because the dependent variable
in their regressions, growth, is the first derivative of income, their quadratic trend
implies a country-specific cubic polynomial in income levels. BHM report that
estimation results look similar with only a linear trend in growth, but, as we show in
this paper, the implication of these alternative modeling assumptions on estimated
GDP impacts is considerable.

Hsiang (2010) includes country and industry-specific quadratic time trends in
his models of the production responses to temperature change in 28 Caribbean-
basin countries. He also includes industry-region-year and industry-country fixed

16“Poor” is defined as per capita GDP below the country median at the earliest period recorded.
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effects, yielding a level of fixed effects saturation more similar to DJO than to BHM.
Because GDP growth is the first derivative of income levels, the quadratic time trend
in Hsiang (2010) is analogous to a linear time trend in a growth model, distinguishing
it from the quadratic-in-growth trend employed by BHM. Also distinct from BHM,
Hsiang and Jina (2014) include a linear country-specific time trend in estimating
the relationship between economic growth and cyclone exposure in the Caribbean.
This imparts a quadratic time effect in levels of production, similar to Hsiang (2010).
They also include year fixed effects to flexibly control for common trends and
country fixed effects to control for time-invariant heterogeneity. Deryugina and
Hsiang (2014) exclude parametric time trends in estimating the production responses
of U.S. counties as a flexible function of temperature. They use county and year
fixed effects to control for common trends and time-invariant county heterogeneity.

Theory offers little guidance in controlling for trending unobservables, and the
extant literature appears to take a fairly ad hoc approach to modeling trend hetero-
geneity. Because of heterogeneity in endowments, institutions, and history, countries
or regions are likely to have varying growth capabilities. The parametric trends
employed by BHM and Hsiang and Jina (2014) permit country-level heterogene-
ity. They estimate GDP effects of temperature from deviations in country-specific
growth trends. But the temporal heterogeneity is introduced in a constrained manner.
Such parametric trends can result in over-fitting, as we demonstrate they do in this
setting.17 Fixed effects flexibly and non-parametrically control for trends, but they do
not admit country-specific trends. Models saturated with fixed effects lend credible
causal inference as they are robust to many sources of omitted variables bias, but
they may also absorb variation necessary to identify some relationships (e.g., Fisher
et al. 2012; Deschênes and Greenstone 2012).18 In the present context, saturation of
fixed effects or parametric time trends can both lead to this problem; DJO include

17Two of the models we consider in this study include removing the country-specific quadratic
time trends from BHM’s specification as well as adding them to DJO’s specification. As shown in
Section 4, both of these alternative specifications change the sign of the estimated impacts of warming
on GDP in 2100.

18As discussed by Fisher et al. (2012), oversaturation of fixed effects can amplify attenuation bias
in the presence of measurement error. Too many controls will absorb most of the variation in the data,
leaving measurement error to play a larger role in the remaining identifying variation.
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Table 1: Model Assumptions of Climate-Economy Literature

Model Specifications

Dependent
Variable

Temperature
Function

Country
FEs

Year
FEs

Region X
Year FEs

Time Trend
Polynomial

DJO (2012) Growth Linear • • •
BHM (2015) Growth Quadratic • • 3
Hsiang (2010) Levels Piecewise linear • • • 2
Deryugina and Hsiang
(2014)

Levels Piecewise linear • •

Hsiang and Jina (2014) Growth NA • • 2
Burke et al. (2018) Growth Quadratic • • 3

Notes: Table includes key modeling assumptions for select studies of the climate-economy literature.
Dependent variables are either GDP levels or GDP growth. Time trend polynomials are of GDP levels.

300 region-year fixed effects that BHM do not, whereas BHM include 332 time
trend variables not included in DJO.

Table 1 summarizes the varying assumptions of prominent papers in the climate-
economy literature along key dimensions. The cross validation exercise described
in the subsequent section considers the sensitivity of temperature parameters to
modeling assumptions along these dimensions.

3 Data and Methods

Given the model uncertainty evident in the growing climate econometrics literature,
empiricists must make choices about functional forms and inclusion or exclusion of
controls. Such model uncertainty is important to the extent that outcomes of interest
differ markedly across alternative empirical models. In the following sections, we
assess the implications of model uncertainty using cross validation techniques and
relate the performance of alternative models. This approach is conceptually similar
to that of Auffhammer and Steinhauser (2012), which considers model uncertainty
in forecasting CO2 emissions.
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3.1 Model Specifications

The degree to which the data recommend a particular relationship between temper-
ature and GDP is evaluated using standard model cross-validation techniques that
fit the parameters of specific models using only a subset of available historical data.
The predictive performance of alternative models is then assessed on the remainder
of the historical data. We consider the performance of the models preferred by BHM
and DJO, the only other global econometric assessments of the GDP-temperature
relationship, as well as 399 variants that incorporate alternative functional forms
for the temperature and precipitation responses and varying controls for unobserved
trends. We also evaluate models that reflect alternative assumptions about the per-
manence of temperature effects, that is, whether temperature affects GDP levels or
growth.

Growth models take the following form for country i in region r during year t:

∆ ln(GDPi,r,t) = f(Tempi,t) + g(Precipi,t) + αi + λr,t + hi(t) + εi,t, (1)

where GDPi,r,t is GDP per capita, αi are country fixed effects, λr,t are alternative
time fixed effects, and hi(t) are alternative time trends. The function f(Tempi,t) is
alternatively excluded or specified as a linear, quadratic, or cubic polynomial, or
as a cubic spline in temperature.19 Tempi,t measures average annual temperature
in degrees C. The precipitation function, g(Precipi,t), is similarly varied across
specifications, where Precipi,t measures cumulative annual rainfall in millimeters.
An idiosyncratic error, εi,t is permitted to be correlated within countries across time
and within years across countries.20

19We use four-knot splines, with knots placed at the four interior ventiles of the temperature data:
(11◦C, 18◦C, 23◦C, and 26◦C), corresponding to the 20th, 40th, 60th, and 80th percentiles of annual
temperature observations.

20Following BHM and DJO, and except where specified, errors are clustered by country and year
or region-year corresponding to the fixed effects specified in the models. A substantial literature
investigates the time series properties of global surface temperatures, and though consensus is thus far
elusive, we note that Kaufmann et al. (2010) concludes that surface temperature shares a stochastic
trend with radiative forcing, and that this implies correlation of errors across years. We investigate
the implication of this correlation for the standard errors on temperature coefficients in our regression
models. We find that standard errors tend to increase when clustering across time in five-year blocks.
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Time fixed effects (λ), which control for trending unobservables, are modeled
in two ways. First, we consider simple year fixed effects (as in BHM), which
allow for secular trends, but do not account for country or region-specific trends
in GDP growth. Second, we consider more flexible region-year fixed effects (as in
DJO and Hsiang 2010), which admit distinct GDP growth shocks across regions.21

Identification comes from intra-region variation in temperature shocks. Country-
specific time trends are also included in some specifications, including polynomials
of degree 1-3 for hi(t). BHM prefer quadratic trends in growth, which constitute
cubic trends in GDP, while Hsiang (2010) and Hsiang and Jina (2014) adopt linear
growth trends. All models that we evaluate include the αi country fixed effects.

The models preferred by BHM and DJO are versions of (1). BHM regress
log-GDP growth on a quadratic of temperature and precipitation, year and country
fixed effects, and a quadratic trend. DJO specify log-GDP growth as a function of
temperature and country, region-year, and poor-year fixed effects.22

Because GDP (in levels) is a non-stationary series, we specify a GDP level
response to temperature in first differences. This results in the same regressand as
the growth model in (1). Distinct from (1), however, the values of the explanatory
variables, such as temperature, enter as first differences, rather than levels.23 Hence,
the levels-versus-growth distinction can be interpreted as an alternative function
f(Tempi,t). For example, if the temperature response of (log) GDP levels is thought
to be quadratic, i.e.,

ln(GDPi,r,t) = β1Tempi,t + β2Temp
2
i,t + · · · ,

P-values are not substantially different, and inferences are virtually unchanged. These results are
available from the authors upon request.

21We adopt the DJO specification of regions, as follows: Middle East/North Africa, Sub-Saharan
Africa, Latin America and Caribbean, Western Europe and offshoots, Eastern Europe and Central
Asia, and Asia and Pacific Islands. See the DJO appendix for a full list of countries.

22Poor-year fixed effects are interactions of year indicators and an indicator for whether a country
was poor when it entered the data, defined as per capita GDP below the median.

23While BHM (and DJO) note the non-stationarity concern and, hence, the need to take first
differences, they only take first differences in the left-hand side of the equation, GDP, without taking
first differences in the right-hand side (temperature and precipitation). Consequently, their estimated
models are not directly derived from their conceptual models.
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then the first-differenced, stationary, and estimable relationship is:

∆ ln(GDPi,r,t) = β1∆Tempi,t + β2∆[Temp2i,t] + · · · , (2)

which uses growth rates (log-differences of per capita GDP) as the dependent variable.
The final term is the change in temperature-squared, which we note is conceptually
very different from the squared change in temperature, i.e., (∆Tempi,t)

2. If this is
the data-generating process, it can be estimated by regressing growth on the corre-
sponding first-difference of the specified temperature response, i.e., ∆f(Tempi,t).

As demonstrated in the subsequent section, the model favored by forecast and
backcast CV is a version of (2). It relates the first difference of log-GDP per capita to
the first difference of temperature and squared temperature and includes country and
region-year fixed effects. It excludes any function of precipitation and any parametric
trends. The most parsimonious model for which out-of-sample fit is not statistically
significantly inferior to this preferred model is one that relates log-GDP per capita
to country and region-year fixed effects, excluding temperature, precipitation, and
parametric trends.

The models we evaluate include the preferred model of BHM, where f(Tempi,t),
g(Precipi,t), and hi(t) are quadratic functions and λr,t is a simple year fixed effect.
Because we employ the same data as BHM, as detailed in the subsequent subsection,
we can replicate BHM and evaluate their model relative to alternatives. Also included
among the evaluated models is the preferred specification of DJO, which interacts
linear temperature responses and region-specific fixed effects with an indicator of
whether the corresponding country is “poor”. Despite using the same specification
as in DJO, we estimate coefficients that differ slightly from those in DJO because
we employ the more recent data used in BHM. These include ten additional years of
data relative to DJO.24

In total, we evaluate 401 possible specifications, including DJO’s preferred spec-
ification (which is not nested in the model space due to “poor” country interactions
with time fixed effects). The other 400 variations result from the following modeling
choices:

24We are nevertheless able to replicate DJO on the data used by DJO.
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• GDP growth versus level effect (2 forms): f(Tempi,t) versus ∆f(Tempi,t);

• Temperature function (5 forms): none, 1-3 degree polynomials, or spline;

• Time and region controls (8 forms)

– Time fixed effects (2 forms): simple year (BHM-style) or region-year
(DJO-style); and

– Country-specific time trends (4 forms): none and 1-3 degree polynomials.

• Precipitation function (5 forms): none, 1-3 degree polynomials, or spline.

3.2 Data

Models are estimated using the same data employed by BHM. Specifically, we use
the 2012 World Development Indicators (World Bank 2012) country-year panel of
real annual GDP per capita for 166 countries from 1960 to 2010. The data include
6,584 country-year observations.25 Also as in BHM, we use Matsuura and Willmott
(2012) gridded, population-weighted average temperature and precipitation data
aggregated to the country-year level.

While only GDP, temperature, and precipitation data are used for estimation, we
also forecast the GDP impacts of the alternative parameter estimates using the same
method as BHM. As in BHM, projections of population and economic growth are
drawn from the Shared Socioeconomic Pathways (O‘Neill et al. 2014) scenario 5
(SSP5). For comparison to BHM, we use the representative carbon pathway RCP8.5
as a benchmark scenario of unmitigated future warming (van Vuuren et al. 2011).

3.3 Cross Validation Techniques

Given theoretical ambiguity about which econometric models correctly capture the
data generating process, model performance is a useful criterion for model selection.
As Hsiang (2016) notes, the parameters empirically recovered in climate econometric
models are “put to work” in order to “inform projections of future outcomes under

25The panel is not balanced because the data series is not complete for the full period for some
countries. In particular, some countries are added to the series post-1960.
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different climate scenarios.”26 Consequently, the out-of-sample prediction properties
of models are arguably the performance characteristics of primary importance.

In-sample fit criteria are prone to selecting over-fitted models, particularly as
high-ordered polynomials of covariates are introduced in some models (Chatfield
1996). Commonly reported statistics, like adjusted R2, Akaike Information Criterion
(AIC), and Bayesian Information Criterion (BIC) assess in-sample model fit with
parametric penalties for the inclusion of weakly correlated covariates. Each has
flaws (Green 2012). Therefore, we employ model cross-validation (CV) to assess
the performance of alternative models of the GDP and temperature relationship.
By training the model over a subset of the data, the training set, and assessing its
predictive accuracy on a hold-out sample, the test set, the CV approach is expressly
non-parametric and avoids the ad hoc penalties of alternative, in-sample measures of
model performance (Stone 1974, Snee 1977).27

As the age of those studies indicates, out-of-sample validation is not a new
approach and the literature has a rich history (e.g., Diebold and Mariano 1995; West
1996). Evaluating out-of-sample model performance among competing models is, in
fact, standard in many fields such as finance. In a study related to climate change
specifically, Auffhammer and Steinhauser (2012) used such an approach to evaluate
competing models for forecasting CO2 emissions.

We undertake cross validation of the DJO and BHM models, and 399 alternatives,
using three CV methods that divide data into distinct training and test sets. These
three methods are: (1) forecast CV, (2) backcast CV, and (3) K-fold CV. Forecast CV
explicitly accounts for the time-series nature of the dataset, dividing the historical
data into training sets of early data and testing on more recent data.28 Backcast
CV is similar, but implemented by training on the most recent data and testing on

26They can inform estimates of the net present value of future damages from emitting a ton of
greenhouse gases. These estimates of the social cost of carbon are used to evaluate the benefits of
carbon reductions (National Academies of Sciences 2017).

27See also Arlot and Celisse (2010) for a more recent survey.
28We implement forecast CV using eight training windows that begin in 1961 and end in 1970,

1975, 1980, 1985, 1990, 1995, 2000, or 2005, respectively. Each test period begins in the year
following the end of the training window and spans five years (e.g., 1971-1975, 1976-1980, etc.).
The 1961-1965 training window was excluded because it features insufficiently many country-level
observations to estimate the specifications with flexible country-specific time trends.
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early data.29 K-fold CV divides the data randomly into K groups, and the model
is iteratively trained K times on K−1

K
of the data and tested on the remaining 1

K
of

the data.30 A drawback of K-fold CV for time-series data is that it ignores the time
series nature of the data. For instance, if the data are serially correlated, the K-fold
CV will provide an optimistic estimate of model fit by fitting to test observations
that are dependent upon the training observations.

When econometric models include fixed effects, cross validation methods may
not generate parameter estimates for fixed effects appearing in test data that do
not appear in training data. For example, a model estimated on 1961-1980 data
will have no estimated fixed effect for the year 1981 that appears in a forecast CV
test set. Auffhammer and Steinhauser (2012) address this problem by estimating a
linear trend in the fixed effects of the trained model and predicting on test data using
extrapolated fixed effects.

We adopt a different approach. We remove fixed effects from the models prior
to estimation by demeaning both the dependent and explanatory variables. This
results in precisely the same coefficient estimates on the remaining parameters, such
as the coefficients on temperature. We demean GDP growth and all explanatory
variables (temperature, temperature squared, precipitation, precipitation squared,
the country-specific time trend polynomials, etc.) by the fixed effect groups. This
involves demeaning by both country and year (or region-year, in the case of the
DJO-style fixed effects) before implementing the CV.31

29Eight Backcast CV training windows are used, each ending in 2010 and beginning in 1966, 1971,
1976, 1981, 1986, 1991, 1996, and 2001, respectively. As in the forecast period, the 2005-2010
training window was excluded because it features insufficiently many country-level observations to
estimate flexible country-specific time trends. Each test period spans the five years preceding the
beginning of the training window (e.g., 1961-1965, 1966-1970, 1971-1975, etc.).

30We set K = 5, as is common in the literature. Thus, a given model is estimated each time
using 4/5 of the data, and its accuracy is tested on the remaining 1/5 (Geisser 1975). This process is
repeated 5 times, so that every observation is used in a test set exactly once. K-fold CV is conceptually
similar to leave-one-out CV, but less computationally intensive. Using multiple splits avoids the
randomness inherent in splitting the data only once (Opsomer et al. 2001). The random sampling to
divide the observations is not block sampled because doing so would make it impossible to estimate
certain coefficients such as country-specific time trends. In the event a training set incorporates no
observations for a given country, observations for that country are omitted from the test set.

31Importantly, all polynomials and spline bases are computed prior to the demeaning process,
including the first difference of these bases for the GDP levels specification. Failure to do so would
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3.4 Projections of GDP Impacts of Climate Change

As in BHM, we project the impact of expected warming on global GDP by 2100
using the RCP8.5 climate projection as a benchmark of unmitigated climate change
and Shared Socioeconomic Pathway scenario 5 for projections of baseline GDP
and population growth (i.e., neither we nor BHM forecast baseline GDP using the
econometric model).

This projection combines country-level projections of economic growth, popu-
lation growth, and climate warming with the estimated relationship between GDP
growth and temperature to predict changes in future growth rates for each country
and year. We adjust the forecast growth rates for each country and year according to
the estimated relationship between growth and temperature (and forecast temperature
levels). Given a concave growth-temperature relationship, this involves incrementing
forecast growth rates in cold countries upwards as warming continues, while at the
same time decrementing growth in relatively hot countries. We use the exact same
methodology and data as BHM’s preferred projection, so our GDP impact estimates
nest theirs precisely. For a more detailed description of this projection, see section D
of BHM’s supplementary information.

Following BHM, we allow per capita GDP to evolve according to:

GDPi,t = GDPi,t−1 × (1 + ηi,t + δi,t) ,

where ηi,t is the economic growth rate absent temperature change. It is drawn
from the Shared Socioeconomic Pathway (O‘Neill et al. 2014) scenario 5, which
reflects moderate to strong economic growth and projects country-specific growth
trajectories. The term δi,t captures the change in the temperature-induced increment
(or decrement) to growth due to temperature changes from a recent historical average.

Specifically, and adapting the notation of BHM, let δi,t = f(Ti,t+) − f(T̄i),
where Ti,t+ is projected temperature beyond 2010 and T̄i is country-specific average

result in different coefficient estimates for the temperature relationship (among others) under the
demeaning and indicator variable approaches.
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temperature from 1980-2010.32 Temperature deviations are estimated by assuming
a linear increase from the historical average to country-specific temperatures in
2100 projected in the RCP8.5, the ensemble average of all global climate models
contributing to CMIP5, the Coupled Model Intercomparison Project phase 2010-
2014.33 The CMIP5 informed the fifth assessment report of the Intergovernmental
Panel on Climate Change. RCP8.5 corresponds to an expected increase of 4.3◦C in
global mean surface temperature by 2100 relative to pre-industrial levels (Stocker
et al. 2013).

For example, given a concave, quadratic temperature curve, we gradually adjust
forecast growth rates upwards for countries below the peak temperature as they are
forecast to warm, while adjusting growth rates downwards for countries above the
peak. The magnitudes of these adjustments are dictated by the model parameter
estimates. The temperature effect is largest where the temperature curves are steepest,
and smallest where the curves are flat, e.g., near the peak. The location of the peak is
critical, as it determines whether certain large economies (such as the United States,
China, and Japan) are projected to benefit or suffer from warming under the RCP8.5.

BHM also demonstrate the uncertainty in climate impacts on GDP by boot-
strapping the estimation of the growth-temperature relationship. In their preferred
specification they find that even though the central estimate was a 23% loss, ap-
proximately 30% of bootstrapped simulations yielded positive global GDP gains
from projected warming in 2100. This demonstrates the substantial uncertainty
about GDP growth models estimated using these data owing solely to the statistical
uncertainty around the parameter estimates, holding the chosen model fixed.

In contrast, we begin by focusing on the impacts of model (not sampling) un-
certainty across each of 400 different model specifications for GDP impacts. This
illustrates the uncertainty of the GDP impacts due to model uncertainty rather than
sampling uncertainty. We also then estimate sampling uncertainty among a class of
preferred models using a bootstrap procedure. While modeling uncertainty is larger
than sampling uncertainty across the full range of models we consider, within the set

32For models that relate GDP levels and temperature, we similarly increment or decrement
growth based on the fitted model, which as shown in equation (2) relate growth rates to changes in
temperature.

33See http://cmip-pcmdi.llnl.gov/.
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of preferred models employing non-linear temperature effects on GDP levels, these
two sources of uncertainty are of similar magnitude.

4 Results

This section presents the results of the cross validation exercise, comparing the
cross-validated root-mean-square errors (CV RMSEs) across all 401 models (our
400 specifications plus the original DJO model). We then illustrate the estimated
relationships between GDP and temperature across all models favored in the previous
literature and those favored by cross validation. The estimated GDP impact in
2100 under each model specification is illustrated for the benchmark scenario of
unmitigated warming. Finally, impact heterogeneity across rich and poor countries
and across agricultural and non-agricultural production is explored.

4.1 Model Cross-Validation

Employing cross validation by three distinct methods across 401 models results
in 1,203 estimates of RMSE. We focus attention on the subset of models that nest
BHM and that include the models favored by CV. Thus, we report results of each
CV method for all models that include either a quadratic of precipitation or exclude
precipitation (yielding lowest RMSE). The RMSE for each model i is calculated as

RMSEi =
√
n−1

∑
t e

2
i,t =

√
n−1

∑
t(Yi,t − Ŷi,t)2, using the actual and predicted

values from the test set Yi,t and Ŷi,t, respectively.

4.1.1 Forecast CV

Table 2 reports the forecast CV prediction error for each model that includes a
quadratic of precipitation. Table 3 similarly reports forecast CV prediction error for
models that exclude precipitation from covariates.

The most striking finding is that models with flexible time trends (as in BHM)
feature very large out-of-sample errors indicative of over-fitting. In fact, forecast
CV prediction errors are minimized by excluding time trends irrespective of other
modeling assumptions. The poor out-of-sample fit of this model in forecast CV
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Table 2: Forecast Cross-Validated Root Mean Square Error by Model Including
Quadratic of Precipitation

Temperature Functional Form

Out-of-sample RMSE None Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 0.0539 0.0539 0.0540 0.0540 0.0540
Year FEs; 1 degree time trend 0.0973 0.0977 0.0981 0.0972 0.0965
Year FEs; 2 degree time trend 5.1e+03 5.1e+03 3.8e+03 3.9e+03 3.7e+03
Year FEs; 3 degree time trend 2.0e+03 2.0e+03 2.2e+03 2.1e+03 2.1e+03

Region-Year FEs; No time trend 0.0508 0.0508 0.0508 0.0508 0.0508
Region-Year FEs; 1 degree time trend 0.1230 0.1225 0.1156 0.1188 0.1163
Region-Year FEs; 2 degree time trend 0.8709 0.8659 0.8089 0.8367 0.8243
Region-Year FEs; 3 degree time trend 5.0578 5.0760 5.2579 5.0341 5.0525

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.0533 0.0533 0.0532 0.0533 0.0532
Year FEs; 1 degree time trend 0.0928 0.0928 0.0929 0.0931 0.0931
Year FEs; 2 degree time trend 2.4e+03 2.4e+03 2.5e+05 2.4e+03 2.4e+03
Year FEs; 3 degree time trend 4.3e+03 4.4e+03 3.4e+03 3.6e+03 3.6e+03

Region-Year FEs; No time trend 0.0501 0.0501 0.0501∗ 0.0501∗ 0.0501
Region-Year FEs; 1 degree time trend 0.1349 0.1341 0.1300 0.1321 0.1300
Region-Year FEs; 2 degree time trend 2.236 2.2347 2.2461 2.1779 2.1662
Region-Year FEs; 3 degree time trend 5.7448 6.0369 6.2937 5.9286 5.9438

Notes: Highlighted cells are the smallest forecast CV RMSE model with a quadratic of precipitation
(in green), and BHM (in red). * are in MCS under Tmax,M. † are in MCS under TR,M. α = 0.05.

is notable because BHM indicate that their preference for quadratic time trends is
partly due to their better in-sample prediction. Forecast CV results illustrate how
in-sample predictive accuracy can give a misleading view of out-of-sample validity.
Evaluated by forecast CV, the RMSE of the BHM model (3.8×103), highlighted
in red text in Table 2, is more than 60,000 times greater than the sample standard
deviation of growth (0.0615) and the lowest model RMSE by forecast CV (0.0500),
highlighted in green text in Table 3.

The lowest RMSE model by forecast CV relates GDP levels, not growth, to a
quadratic of temperature. It includes region-year fixed effects, and excludes both
precipitation and time trends. It is highlighted in green text in Table 3. This model
has an RMSE of 0.0500. Models with linear country-specific time trends (or no
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Table 3: Forecast Cross-Validated Root Mean Square Error by Model Excluding
Precipitation

Temperature Functional Form

Out-of-sample RMSE None Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 0.0539 0.0539 0.0539 0.0539 0.0540
Year FEs; 1 degree time trend 0.0976 0.0981 0.0984 0.0975 0.0968
Year FEs; 2 degree time trend 4.9e+03 4.9e+03 3.7e+03 3.8e+03 3.7e+03
Year FEs; 3 degree time trend 1.9e+03 1.9e+03 2.1e+03 2.1e+03 2.1e+03

Region-Year FEs; No time trend 0.0507 0.0507 0.0507∗ 0.0507 0.0507
Region-Year FEs; 1 degree time trend 0.1236 0.1231 0.1160 0.1191 0.1170
Region-Year FEs; 2 degree time trend 0.8701 0.8680 0.8108 0.8406 0.8290
Region-Year FEs; 3 degree time trend 4.9868 4.9891 5.1580 4.9086 4.9161

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.0533 0.0533 0.0532 0.0532 0.0532
Year FEs; 1 degree time trend 0.0925 0.0926 0.0927 0.0928 0.0929
Year FEs; 2 degree time trend 2.5e+03 2.5e+03 2.6e+03 2.4e+03 2.4e+03
Year FEs; 3 degree time trend 4.2e+03 4.4e+03 3.3e+03 3.5e+03 3.5e+03

Region-Year FEs; No time trend 0.0500∗† 0.0500∗† 0.0500∗† 0.0500∗† 0.0500∗†

Region-Year FEs; 1 degree time trend 0.1337 0.1327 0.1285 0.1305 0.1285
Region-Year FEs; 2 degree time trend 2.3019 2.2929 2.3054 2.2234 2.2077
Region-Year FEs; 3 degree time trend 5.3874 5.6385 5.8674 5.3881 5.4147

Notes: Highlighted cells represent models that approximate DJO for linear (in blue) and quadratic (in
violet) temperature, and the smallest forecast CV RMSE model (in green). * are in MCS under Tmax,M.
† are in MCS under TR,M. α = 0.05.

trends at all, as in DJO) generally perform better than those with more flexible trends
(as in BHM). The DJO model, which features no time trends, has an RMSE of 0.0504
(not shown in table). Within the model space, we assess the performance of a model
similar to DJO that specifies a linear temperature relationship, region-year fixed
effects, and omits country-specific time trends. We call this model DJO∗ because it
uses the DJO specification, excepting interactions of the “poor” country indicator
with temperature and year effects. As reported in Table 3 and highlighted in blue text,
the RMSE of DJO∗ is 0.0507, comparable to that of DJO. A model that incorporates
a quadratic temperature function to DJO∗, which we call “DJO∗ + Quad. Temp”,
yields a similar RMSE that is highlighted in violet text in Table 2. The forecast CV
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RMSE of DJO, DJO∗ and “DJO∗ + Quad. Temp.” are considerably smaller than the
RMSE of the BHM model.

It is also notable that prediction errors vary little across alternative specifications
of the temperature function. This variation is observed across columns in Tables 2
and 3. For instance, alternative specifications of temperature, including the exclusion
of temperature, yield prediction errors that are invariant to four decimal places for
those models that minimize forecast CV RMSE or implement adaptations of DJO.

4.1.2 Backcast and K-fold CV

Results of backcast and K-fold CV are reported in Appendix Tables A1 to A4 for
those models that include a quadratic of precipitation or exclude it. Backcast CV
results are reported in Tables A1 and A2. Backcast and forecast CV are method-
ologically similar in that both require extrapolation across five consecutive years of
the test data. Results are qualitatively similar, favoring models that exclude flexible
parametric trends. Backcast CV RMSEs associated with time trend models are
smaller than forecast CV errors, however, likely due to the unbalanced nature of
the panel.34 Like forecast CV, backcast methods imply that RMSE is minimized
by a model that specifies a quadratic temperature effect on GDP levels, includes
region-year fixed effects, and excludes both precipitation and time trends. This
model is characterized by a RMSE of 0.0542. It is highlighted in green text in
Appendix Table A2. The BHM model (indicated in red text in Appendix Table A1)
has a 12% larger RMSE, whereas the DJO and DJO∗ model RMSEs are within 1%
of the minimum backcast CV RMSE. RMSEs are similar for models that include
quadratic precipitation effects and those that exclude precipitation.

K-fold CV yields similar prediction errors across models. For those that include
a quadratic of precipitation (see Appendix Table A3), RMSEs vary from 0.0514 to

34In particular, data on GDP growth from earlier years of the sample (e.g., 1961-1980) are missing
for a subset of (mostly poorer) countries. Data are mostly complete post-1991. Thus, forecast CV
may fit country-specific time trends over relatively short training windows for those countries with
missing data. Such estimated trends will exhibit greater prediction errors than trends estimated from
a longer time series. For backcast CV, countries with missing early observations are dropped from
the prediction error calculations because there are no data in the test sample with which to compare
model predictions.
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0.0570 and equal 84-93% of the sample standard deviation of GDP growth (0.0615).
None of the models provides a substantially better prediction of future GDP growth
across a randomly withheld 1/5th of the data than does the sample mean of GDP
growth. The best-performing model (RMSE = 0.0514) is characterized by a quadratic
temperature effect on GDP levels, not GDP growth. It employs region-year fixed
effects like DJO, a quadratic in temperature, and country-specific quadratic time
trends as in BHM. The time trends do not cause considerable divergence of true and
predicted outcomes in the K-fold CV because (a) time trends are fitted across the
full temporal extent of the data, leading to low bias, and (b) extrapolation is typically
across one-year periods of observations randomly withheld from the training set,
admitting only low variance. In forecast (and backcast) CV, in contrast, time trends
are fitted on early (or late) observations and extrapolated forward (or backward) five
years.

As with forecast CV, backcast and K-fold CV each yield preferred models that
include quadratic temperature. Yet, also like forecast CV, the RMSEs of the preferred
models are invariant to four decimal places as the temperature specification varies
across all alternatives we consider.

4.1.3 Model Confidence Sets

In order to determine which of the models’ performance is superior to alternatives
in a statistical sense, we identify for each CV method and for two alternative
test statistics a model confidence set (MCS) as defined by Hansen et al. (2011).
The MCS procedure determines which among these models perform statistically
significantly better in out-of-sample prediction than the others under the null that
the expectation of the difference in their standardized losses equals zero. The test
leading to more expansive confidence sets, characterized by test statistic Tmax,M,
iteratively eliminates the model with the greatest standardized loss relative to the
average of models remaining in the consideration set if the null hypothesis that this
loss is zero is rejected. This test results in a MCS comprised of 14, 156, and 219
models across the forecast, backcast, and K-fold CVs, respectively.

The alternative test, TR,M removes on each iteration the model that contributes
the greatest standardized loss with respect to any model in the consideration set. It
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does so until the null hypothesis is not rejected, where the null is that the expectation
of the loss relative to any model in the consideration set is equal to zero. This test
eliminates any model that is inferior in a statistically significant sense to any model
that remains in the consideration set. This alternative test yields confidence sets
comprised of 10, 63, and 46 models for each CV method, respectively.

Models retained in the MCS are indicated in Tables 2-3 and A1-A4 by asterisks or
daggers (†) for the Tmax,M and TR,M statistics, respectively. The forecast MCSs are
smaller than those for the backcast and K-fold CVs, reflecting the relatively greater
information content in the forecast CVs with which to discern among competing
models.35 Backcast CVs include less information because prediction errors are
calculated for a narrower set of countries than forecast CV because it excludes
relatively recent entrants to the data for which there are limited historical data.
The narrowest forecast MCS includes only models that relate temperature to GDP
levels—not growth. It also includes only models that are saturated with region-year
fixed effects and that omit any parametric time trends. The most expansive forecast
MCS includes only one model that relates temperature to growth. None include
time trends, and all include region-year fixed effects. The MCSs do not discern
among competing temperature specifications; they include at least one model for
each temperature specification considered. The BHM model is excluded from all
MCSs. The DJO* and DJO*+Quad. Temp. models are included in some.

4.1.4 Summary of CV Results

In summary, we draw the following primary conclusions from the CV assessment.
First, all CV methods identify that the best performing models are those that relate
temperature to GDP levels rather than GDP growth. The most discerning of the MCS
procedures (those using forecast CV) identify almost exclusively GDP level models
as statistically significantly superior to alternatives.

35Large model confidence sets reflect the limited value of the sample data in determining the form
of the empirical relationship between aggregate GDP and temperature. As Hansen et al. (2011)
explain, if the data contain little information, the equivalence test lacks power and may question a
superior model before inferior models have been removed, yielding a large MCS. This is expressly
an advantage of the MCS procedure as it selects a set of models that correctly summarizes the sample
data (Hansen et al. 2011).
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Second, all models that minimize prediction errors across the CV procedures
include quadratic functions of temperature. However, even the narrowest MCSs
include models that employ the full range of temperature specifications considered,
with prediction errors varying by no more than 0.0001 across those specifications.
Perhaps the invariance of RMSE to the temperature specification should not be
surprising given the multiple factors determining GDP and its growth.36

Third, the most discerning MCS procedures select exclusively models that
include region-year fixed effects to control for heterogeneous time trends (as in DJO)
and exclude any parametric time trends (such as are included in BHM). Likewise,
models performing best in forecast and backcast CV exclude parametric time trends.
Fourth, model performance varies little with variation in the specification of the
precipitation function, and models with the lowest RMSE exclude precipitation.
Fifth, the model preferred by BHM is excluded from all MCSs.

4.2 Regression Estimates

In this section, we examine parameter estimates of the models preferred by RMSE
minimization in each of the three CV methods. For comparison purposes, we also
report results from estimating the DJO and BHM specifications. We also include two
modifications of the DJO specification, which include either a linear temperature
effect (DJO*) or a quadratic temperature effect (DJO*+Quad. Temp.), and drop the
poor country interactions to ease comparison with the other models. We also consider
in the final part of this section the implications of these models for conclusions in
the literature about the ubiquity of temperature affects across poor and rich countries
and across agricultural and non-agricultural sectors of economies.

Table 4 shows results obtained by estimating these six models. All results
suggest a concave relationship between temperature and aggregate GDP (with the
obvious exception of DJO and DJO* in columns (4) and (5), which assume a linear

36A linear function of temperature explains only 0.2% and 0.03% of sample variation in GDP and
GDP growth, respectively, conditional on region-year and country fixed effects. Even allowing for
the non-linear effects of temperature, a flexible four-knot cubic spline of temperature explains only
0.9% and 0.4% of GDP and GDP growth variation, respectively.
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relationship).37 The fitted relationships are also shown in Appendix Figure A2 for
those models having non-linear temperature specifications. In all specifications with
quadratic temperature terms, the linear and quadratic coefficients are statistically
significant at the five percent level or less.

The GDP-maximizing temperatures implied by the temperature coefficients of
each model are reported below the coefficient estimates in Table 4. For the quadratic
models, this peak can be computed as a

−2b where a and b are the coefficients on
the linear and quadratic terms, respectively. The table also reports a 95% quantile
range (i.e., the 2.5% and 97.5% quantiles from a bootstrapped distribution) of the
temperature peak as a measure of its variance owing to sampling uncertainty.38

For all models, the range of temperatures reflected in the 95% quantile intervals
indicates a substantial degree of uncertainty about the GDP-maximizing temperature
for economic outcomes attributable to sampling uncertainty alone (e.g., 8.6◦C to
20.4◦C for the model favored by forecast and backcast CV methods).

Turning to model uncertainty, Figure 1 shows a histogram of the GDP-maximizing
temperature implied by each of the 400 models. The central tendency of the es-
timates (mode, mean, and median) are in the range of 14-14.5◦C. As shown in
columns (1) and (2) of Table 4, the CV methods choose similar models, with a
quadratic temperature effect on GDP levels, implying GDP-maximizing average
annual temperatures of 13◦C to 14◦C (55◦F to 57◦F). These models suggest a smaller
impact of warming on GDP than is estimated in the BHM model (in column 3) for
two reasons. First, the effect is on GDP levels rather than GDP growth (where effects
compound over time). Second, temperature coefficients in the CV-preferred models
of GDP levels are smaller in magnitude than those from models of GDP growth in
columns (3) and (6), suggesting a “flatter,” quadratic temperature-GDP curve.

37While our DJO-inspired specification (DJO*) does not exactly reproduce the DJO result, like
DJO it also produces a small, statistically insignificant linear coefficient (note our coefficients must
be multiplied by 100 to compare to DJO).

38The bootstrap procedure is described in section 4.3 under Sampling and Modeling Uncertainty.
We report the 95% quantile range rather than standard errors because the distribution of the peak is
fat-tailed and asymmetric, as it is the ratio of two normally distributed random variables ( a

−2b ).
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Table 4: Regression of Economic Activity on Temperature and Precipitation

Dependent variable: GDP Growth (∆Log(GDP))

Best by Forecast Best by DJO*
and Backcast CV K-fold CV BHM DJO DJO* +Quad. Temp.

(1) (2) (3) (4) (5) (6)

∆Temperature (◦C) 0.009087∗∗ 0.008141∗∗

(0.003739) (0.003570)
∆(Temperature2) −0.000326∗∗∗ −0.000314∗∗

(0.000105) (0.000137)
Temperature 0.012718∗∗∗ 0.006063 0.002339 0.013219∗∗∗

(0.004424) (0.003772) (0.002847) (0.003826)
Temperature2 −0.000487∗∗∗ −0.000385∗∗∗

(0.000180) (0.000108)
Temperature*Poor −0.011150∗∗

(0.005542)
Precipitation (millimeters) 0.000014

(0.000018)
Precipitation2 −4.7e-09

(4.6e-09)

Temperature Function Quadratic Quadratic Quadratic Linear Linear Quadratic
GDP Growth or Levels Effect Levels Levels Growth Growth Growth Growth
Time Fixed Effects Region-Year Region-Year Year Region-Year Region-Year Region-Year
Country-Specific Time Trend None Quadratic Quadratic None None None

Max. GDP Growth Temp. (◦C) 13.9 13.0 13.1 None None 17.2
Max. Temp 95% Quantile Range (◦C) (8.6, 20.4) (6.8, 17.5) (9.0, 16.7) (11.8, 25.0)
GDP Change in 2100 (%) -1.1% -1.3% -23% +56% +41%
GDP Change 95% Quantile Range (%) (-2.9%, +0.3%) (-2.9%, -0.03%) (-63%, +59%) (-35%, +237%) (-39%, +214%)

Observations 6,418 6,418 6,584 6,452 6,584 6,584
R2 0.267406 0.381701 0.285758 0.278210 0.264743 0.266762
Adjusted R2 0.211497 0.296770 0.220902 0.216644 0.209506 0.211547
Residual Std. Error 0.054295 0.051275 0.054280 0.054413 0.054676 0.054605

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Notes: All specifications have country fixed effects. Column (4) also has poor-by-year fixed effects, with poor defined as below median income in 1980.
DJO* differs from DJO because it does not include a poor country interaction with temperature or poor-year fixed effects. Standard errors are clustered at the
country and year or region-year levels (corresponding to the type of time fixed effects included).
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Figure 1: Histogram of GDP-maximizing Temperatures

Notes: This is a histogram of GDP-maximizing temperatures across models with non-linear tempera-
ture functions (i.e., excluding models without temperature or with only linear temperature). Models
in GDP growth and GDP levels are indicated separately.

The BHM model shows a GDP-maximizing temperature of about 13◦C (55◦F).
DJO’s linear specification naturally implies no peak, but simply adding a quadratic
term to the adapted DJO specification (DJO*+Quad. Temp.) produces a concave
curve with a peak at 17◦C (63◦F). This difference is substantial and has immense
implications for the impacts of expected warming on GDP in this framework (as
seen in the table, along with a 95% quantile range, and discussed in the next section).
The location of the peak determines whether many large economies are operating
below the GDP-maximizing temperature and, therefore, would have higher GDP
from warming.39 Though the adapted DJO model with quadratic temperature does
not minimize RMSE in any of our three CV approaches, it dominates the BHM
model in each.

39Average temperatures in the three largest economies in 2010—the United States, Japan, and
China—were about 14◦C, above BHM’s 13◦C peak (implying damages from 2◦C of warming) but
below the “DJO+Quad” peak of 17◦C (implying benefits from the same amount of warming). These
three economies collectively accounted for over 40% of global GDP in 2010.
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4.3 Estimated GDP Impact of Climate Change

As described in section 3.4, we use the parameter estimates from the econometric
models of DJO, BHM, and the 399 variants to project economic impacts of unmiti-
gated warming. As in BHM, we project the impact of expected warming on global
GDP by 2100 using the RCP8.5 climate projection as a benchmark of unmitigated
climate change and SSP5 for projections of baseline GDP and population growth. In
addition to examining the variation in GDP impacts due to this modeling uncertainty,
for the subset of preferred models employing non-linear temperature effects on GDP
levels we evaluate sampling uncertainty using a bootstrap procedure.

Figure 2 shows the results for the estimated percentage changes in GDP in 2100
under the RCP8.5 scenario for all models including temperature. It plots histograms
of damage estimates from 320 models: the 160 GDP growth models that include
temperature (top panel), and the 160 GDP levels models that include temperature
(bottom panel, note the different x-axis). In each panel, we have separately identified
the damages from models featuring linear and non-linear temperature functions,
which clarifies the bi-modal nature of the distribution for levels models. Table
5 shows the estimated damages for each model that incorporates a quadratic of
precipitation and a corresponding table in the appendix shows these estimates for
models that exclude precipitation, including those that perform best in CV (see
Appendix Table A5).40

As evidenced in Figure 2 and Table 5, the range of econometric models explored
project very different impacts on global GDP by 2100. The large variation in
estimated GDP impacts across models is due primarily to the importance of the
GDP-maximizing temperature level relative to the location of the world’s major
economies. Small shifts in the optimal temperature can change whether GDP of
a few major economies would benefit from or be harmed by projected warming
under this estimation approach. Across all models, GDP impacts range from -48%
to +157%, with the wide variation being associated with growth-effects models.

40GDP impact estimates for models that incorporate other precipitation functions (linear, cubic,
spline) are similar. The GDP impacts for models that exclude temperature are not reported because
they are zero by construction.
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Among those models that comprise the narrowest of model confidence sets, GDP
impacts range from -1.3% to +0.1%.
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Figure 2: 2100 GDP Damage Estimates in Unmitigated Warming Scenario for GDP
Growth Models (Top Panel) and GDP Levels Models (Bottom Panel)

Notes: The stacked bars indicate models featuring linear versus non-linear temperature functions.
As seen in the bottom panel, the bimodal nature of the distribution is driven by the linearity of the
temperature functional form.

Growth models (top panel) exhibit wide variation in projected GDP impacts, with
the BHM model predicting among the largest GDP losses by 2100.41 In contrast,
models in the bottom panel featuring GDP levels effects (associated with smaller
RMSE and greater frequency in model confidence sets) imply a tighter range of
relatively smaller impacts compared to the growth-effects models. The bottom panel

41This is true despite many of them performing similarly well in cross validation (see Appendix
Tables A2 through A4), the reason being that temperature is not a significant determinant of overall
economic growth.
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Table 5: Estimated Effects of Unmitigated Warming on GDP by 2100 by Model
Including Quadratic of Precipitation

Temperature Functional Form
Climate GDP Impact in 2100 (%) Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 31.99 11.90 27.36 62.48
Year FEs; 1 degree time trend -5.41 -17.78 3.06 20.62
Year FEs; 2 degree time trend -7.71 -22.58 -11.36 0.38
Year FEs; 3 degree time trend -30.03 -44.53 -40.74 -39.45

Region-Year FEs; No time trend 61.75 44.68 69.65 153.54
Region-Year FEs; 1 degree time trend 12.47 0.59 24.68 42.63
Region-Year FEs; 2 degree time trend 31.96 10.11 31.91 46.25
Region-Year FEs; 3 degree time trend 13.86 -11.10 1.66 7.37

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.11 -1.30 -1.17 -1.62
Year FEs; 1 degree time trend -0.06 -1.43 -1.32 -1.75
Year FEs; 2 degree time trend -0.24 -1.56 -1.47 -1.88
Year FEs; 3 degree time trend -0.41 -1.75 -1.65 -1.99

Region-Year FEs; No time trend 0.15 -1.08 -0.95 -1.25
Region-Year FEs; 1 degree time trend -0.05 -1.26 -1.15 -1.45
Region-Year FEs; 2 degree time trend -0.10 -1.28 -1.20 -1.50
Region-Year FEs; 3 degree time trend -0.31 -1.47 -1.40 -1.66

Notes: Highlighted cells represent BHM (in red) and smallest CV RMSE models (in
green) among those including a quadratic of precipitation.

exhibits a bimodal structure, with levels-effects models with non-linear temperature
specifications yielding global GDP losses in the range of 1-2%. The models with
damages clustered around zero are models that assume a linear temperature function.
The degree of variation in projected impacts across all models suggests model
specification must be considered carefully when the effects of warming are identified
using historical aggregate country-level GDP data.

GDP Growth Effects Models. Consider those models that assume a temperature
effect on GDP growth, results for which are shown in the top panels of Tables 5
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and A5 and Figure 2. None of the growth-temperature models is favored by the
CV criteria. Models that include a quadratic or higher-order time trend (and year
fixed effects) almost always imply GDP losses. In contrast, models that exclude the
parametric time trend universally imply GDP gains from warming by 2100 whether
year or region-year fixed effects are included. For example, the DJO-adapted model
(DJO∗) implies GDP gains of 56% by 2100 in the unmitigated warming scenario.

The sensitivity of growth-effects models to modest changes in specification are
evident by considering how GDP effects vary with modest changes to the BHM
and DJO models. Simply adding a cubic temperature term to BHM’s specification
reduces the estimated GDP impacts by half (-11% versus -23%). Removing BHM’s
country-specific time trends reverses the sign of the impacts (+12%) and using
region-year fixed effects also reverses the sign (+10%). Starting with DJO’s model,
but simply adding quadratic temperature reverses the sign of impacts (+41%).

GDP Level Effects Models. Model cross validation indicates greater predictive
ability and stability among GDP levels models than growth models. The implications
for 2100 GDP of models that specify a GDP levels-temperature relationship are
summarized in the bottom panels of Tables 5 and A5 and Figure 2 for the unmitigated
warming scenario. Because temperature effects on GDP are not compounded over
time (in GDP-levels models), they project universally smaller impacts on global
GDP by 2100. Nearly all levels-effect models imply GDP losses of 2% or less.42

Only 4 of the 64 levels-effect models shown in Tables 5 and A5 (and only 12 of
all 160 levels models) project GDP gains, all of which assume linear temperature
effects. The remaining levels-effect models project losses of about 1-2% of GDP,
including the models that minimize prediction error (RMSE) in the CV methods.
The largest loss projected by a GDP levels-temperature model is 2.0% (this is true
among the models shown here, as well as among the full set of 400 models).

Combined Sampling and Modeling Uncertainty. The above results suggest a
preference for models featuring GDP levels. In addition, the literature on micro-
foundations of the temperature response suggests a non-linear structure. For this
reason, we focus on models with superior predictive performance that have a non-

42A regional disaggregation of these global impacts does not show substantially different impacts
on any particular country, with India accounting for the single biggest loss.
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linear temperature effect on GDP levels, and we conduct a bootstrap exercise to
estimate sampling uncertainty. In particular, we consider models that (1) feature
GDP levels, (2) feature non-linear temperature functions, and (3) appear in at least
one of the MCSs. This results in a set of 79 models.

For each of these models, we estimate within-model uncertainty in the aggregate
GDP impacts, i.e., sampling uncertainty, using a bootstrap method. In particular,
for each model, we estimate the GDP impact 1000 times using different parameter
estimates for the GDP-temperature relationship. These 1000 estimates were pro-
duced by bootstrapping the estimation sample (using block sampling at the country
level).This leads to an estimated distribution of possible global GDP impacts for
each model, conditional on the model being correct and no other uncertainty in any

other inputs to the damage calculation.
Figure 3 shows the distributions of GDP impacts under each model considered.

The gray distributions depict the 79 individual models considered (non-linear tem-
perature in GDP levels, in at least one MCS). The green distributions highlight the
models with the lowest CV errors by Forecast/Backcast CV and K-Fold CV.

Individually, each distribution likely understates the true degree of uncertainty
because it is conditional on the model being correct (no model uncertainty) and
ignores uncertainty in other inputs to the computation such as baseline GDP, popula-
tion, and temperature forecasts. Nonetheless, considering these distributions jointly
provides a better sense of combined model and sampling uncertainty. The blue
distribution pools both modeling and sampling uncertainty, depicting the distribution
of all bootstrap samples across all 79 models considered jointly.

For nearly all of the distributions depicted, GDP impacts are centered around
−1% to −2%. Focusing on the pooled distribution, 95% of the mass falls in the
interval (−3.1%,+0.2%). The frequency of impacts worse than −2% GDP is about
30%, and there is only a 4% frequency of positive GDP impacts. These distributions
show that while modeling uncertainty is larger than sampling uncertainty across
the full range of models we consider, within the set of preferred models employing
non-linear temperature effects on GDP levels, these two sources of uncertainty are
of similar scale. Figure 3 also shows less uncertainty in impacts than was found
in the bootstrap exercise in BHM, which estimated a 30% probability of positive
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GDP impacts (compared to a 4% probability found here). This is attributable to the
smaller magnitude and uncertainty of impacts from GDP levels models.
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Figure 3: Distributions of GDP Impacts for Unmitigated Warming in Non-Linear
GDP Levels Models that Appear in Any MCS

These represent the kernel densities of the bootstrapped GDP impacts for non-linear temperature GDP
Levels models that appear in any MCS. There are 79 such models. These distributions understate the
full uncertainty in impacts because they assume no uncertainty in the other inputs to the projection
(i.e., forecasts in baseline economic growth, population, and temperature).

4.4 Temperature Impacts by Country Income and Sector

Rich vs. Poor Countries. BHM report that both poor and rich country GDP respond
non-linearly to temperature.43 This suggests climate change impacts are broader
than those implied by DJO, which found negative impacts only on poor countries.
When we separately estimate parameters for rich and poor countries, we find that
temperature impacts are less statistically significant and smaller in magnitude for
rich countries. We only identify a consistent statistically significant relationship
between temperature and GDP growth for poor countries.44 As reported in the top

43Deryugina and Hsiang (2014) also find significant temperature effects on U.S. GDP.
44DJO and BHM do not estimate heterogeneous effects on separate samples of rich and poor

countries as we do. Instead, they introduce interactions of temperature (and in some cases, year fixed
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panel of Appendix Table A6, the models favored by CV do not imply statistically
significant quadratic temperature effects for rich countries. Nor does the BHM
model. Though the coefficients on temperature and temperature-squared are mostly
statistically insignificant, they do imply the inverted-U-shaped relationship identified
by BHM.45 Likewise, among poor countries, the quadratic temperature term is
statistically significant in the models favored by CV and in the BHM model, but
in none is the linear temperature term also statistically significant. Like BHM, we
cannot reject the hypothesis that marginal temperature effects are common across
rich and poor countries for all average annual temperatures in our data.

Agriculture vs. Non-Agriculture Sectors. BHM and DJO also conclude that non-
agricultural production growth is affected by temperature shocks. When rich and poor
countries are pooled but agricultural and non-agricultural GDP are disaggregated,
the statistical significance of temperature impacts is diminished in models preferred
by CV (Appendix Table A8). Nevertheless, coefficients for non-agricultural output
are similar to those of aggregate GDP, and agricultural output responses are more
concave. Disaggregating further by rich (Appendix Table A9) and poor (Appendix
Table A10) countries, we do not identify a statistically significant temperature effect
on rich country agricultural or non-agricultural output using the models favored by
CV or by BHM. Likewise, the models favored by forecast and backcast CV do not
identify a statistically significant temperature effect on non-agricultural production
in poor countries. The model that performs best in K-fold CV and the BHM model,
however, estimate statistically significant temperature impacts in the agricultural
and non-agricultural sectors of poor countries, though a statistically significant
concave relationship is identified only for poor country non-agricultural production.
The magnitude of the temperature coefficients vary across these models, leading to
significant variation in the implied output-maximizing temperature.

effects or region-year fixed effects) with an indicator for “poor”, as shown in Appendix Table A7.
Our approach admits greater heterogeneity, including in the error structure.

45Standard errors on temperature-squared terms are slightly larger in the rich sample regression
than in the pooled sample regression, reflecting some loss in precision. Were the precision of the
pooled sample regression retained, however, we still would not identify a statistically significant
temperature response for rich countries due to point estimates half as large as in the pooled regression.
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5 Conclusion

In the absence of clear theoretical guidance on specific estimable forms for the
aggregate GDP-temperature relationship, we consider the implications of model
uncertainty for market damages of climate change. We evaluate out-of-sample predic-
tive accuracy of 401 variants of prominent models, exploring temperature functional
form, GDP levels versus growth effects, and controls for unobserved trends. We
employ three CV (cross validation) approaches and two MCS (model confidence
set) procedures to identify those models with superior statistical performance.

The best performing models are those that relate temperature to GDP levels

rather than GDP growth. They include quadratic functions of temperature, although
overall model performance in explaining GDP is largely invariant to the temperature
specification or its exclusion. In addition, the CV and MCS procedures favor models
that include region-year fixed effects to control for heterogeneous time trends and
exclude any parametric time trends. Estimates of long-run GDP impacts from
unmitigated warming vary substantially across the evaluated models, especially
those assuming temperature effects on GDP growth, rather than levels. Models that
are superior in out-of-sample fit to the historical data, however, imply a narrower
range of GDP losses on the order of 1-2% by 2100. In fact, for 79 best-fitting
models that have non-linear temperature effects on GDP levels, 95% of the GDP
loss distribution reflecting both sample and model uncertainty lies within 0-3%. For
these models, sampling and model uncertainty are of similar magnitudes.

Results from the best performing GDP-temperature models are consistent with
damage functions currently embedded in the major integrated assessment models
that underpin the U.S. social cost of carbon (National Academies of Sciences 2017;
Nordhaus 2017; Rose et al. 2017; National Research Council 2010). While these
impacts may appear modest, even a 1% loss to global GDP is equal to $800 billion
today and could be 5-12 times greater by 2100 assuming 2-3% annual economic
growth. Moreover, projected GDP impacts based on past temperature fluctuations
reflect only a component of potential welfare effects, excluding, for instance, effects
on non-market goods like environmental amenities and potential extreme events not
reflected in the historical record.
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Figure A1: Correlation of Contemporaneous and Lagged Temperature, by Country

Notes: Each bar represents the within-country correlation between contemporaneous and lagged
temperature. Countries are plotted in increasing order of correlation. The horizontal red line
represents the overall correlation, after removal of country-specific fixed effects (i.e., the correlation
of contemporaneous and lagged demeaned temperature). Estimates are constructed using the complete
sample that is used in our main analysis. Because this is an unbalanced panel, not all correlations are
estimated over the same time period. The two countries featuring negative correlations (Afghanistan
and Qatar) are estimated over similar periods (2003+ and 2001+ respectively).
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Table A1: Backcast Cross-Validated Root Mean Square Error by Model, Including
Quadratic of Precipitation

Temperature Functional Form

Out-of-sample RMSE None Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 0.0579 0.0579 0.0580 0.0580 0.0580
Year FEs; 1 degree time trend 0.0585 0.0585 0.0585 0.0585 0.0585
Year FEs; 2 degree time trend 0.0610 0.0610 0.0609 0.0609 0.0609
Year FEs; 3 degree time trend 0.0709 0.0708 0.0707 0.0707 0.0708

Region-Year FEs; No time trend 0.0545∗† 0.0545∗† 0.0545∗† 0.0545∗† 0.0545∗†

Region-Year FEs; 1 degree time trend 0.055∗ 0.0550∗ 0.0549∗† 0.0549∗† 0.0549∗

Region-Year FEs; 2 degree time trend 0.0570∗ 0.0570∗ 0.0569∗ 0.0569∗ 0.0569∗

Region-Year FEs; 3 degree time trend 0.0665 0.0665 0.0665 0.0665 0.0665

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.0576 0.0577 0.0576∗ 0.0576 0.0576
Year FEs; 1 degree time trend 0.0582 0.0582 0.0581 0.0581 0.0582
Year FEs; 2 degree time trend 0.0600 0.0600 0.0599 0.0599 0.0599
Year FEs; 3 degree time trend 0.0697 0.0697 0.0696 0.0696 0.0695

Region-Year FEs; No time trend 0.0543∗† 0.0543∗† 0.0542∗† 0.0542∗† 0.0543∗†

Region-Year FEs; 1 degree time trend 0.0548∗ 0.0548∗ 0.0547∗ 0.0548∗ 0.0548∗

Region-Year FEs; 2 degree time trend 0.0562∗ 0.0562∗ 0.0561∗ 0.0562∗ 0.0562∗

Region-Year FEs; 3 degree time trend 0.0654 0.0654 0.0653 0.0653 0.0653

Notes: Highlighted cells represent the smallest backcast CV RMSE model including a quadratic of
precipitation (in green), and BHM (in red). * are in MCS under Tmax,M. † are in MCS under TR,M.
α = 0.05.
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Table A2: Backcast Cross-Validated Root Mean Square Error by Model, Excluding
Precipitation

Temperature Functional Form

Out-of-sample RMSE None Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 0.0579 0.0579 0.0579 0.0580 0.0580
Year FEs; 1 degree time trend 0.0585 0.0585 0.0584 0.0585 0.0585
Year FEs; 2 degree time trend 0.0610 0.0610 0.0609 0.0609 0.0609
Year FEs; 3 degree time trend 0.0707 0.0707 0.0706 0.0706 0.0706

Region-Year FEs; No time trend 0.0545∗† 0.0545∗† 0.0544∗† 0.0544∗† 0.0545∗†

Region-Year FEs; 1 degree time trend 0.0549∗ 0.0549∗ 0.0548∗† 0.0548∗† 0.0549∗†

Region-Year FEs; 2 degree time trend 0.0570∗ 0.0570∗ 0.0569∗ 0.0569∗ 0.0569∗

Region-Year FEs; 3 degree time trend 0.0663 0.0663 0.0663 0.0663 0.0664

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.0576 0.0576 0.0575∗ 0.0575∗ 0.0576∗

Year FEs; 1 degree time trend 0.0582 0.0582 0.0581 0.0581 0.0581
Year FEs; 2 degree time trend 0.0599 0.0599 0.0599 0.0599 0.0599
Year FEs; 3 degree time trend 0.0696 0.0696 0.0696 0.0695 0.0695

Region-Year FEs; No time trend 0.0542∗† 0.0542∗† 0.0542∗† 0.0542∗† 0.0542∗†

Region-Year FEs; 1 degree time trend 0.0547∗ 0.0547∗ 0.0547∗† 0.0547∗† 0.0547∗†

Region-Year FEs; 2 degree time trend 0.0561∗ 0.0561∗ 0.0561∗ 0.0561∗ 0.0561∗

Region-Year FEs; 3 degree time trend 0.0653 0.0653 0.0653 0.0653 0.0652

Notes: Highlighted cells represent models that approximate DJO for linear (in blue) and quadratic (in
violet) temperature, and the smallest backcast CV RMSE model (in green). * are in MCS under Tmax,M.
† are in MCS under TR,M. α = 0.05.
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Table A3: K-fold Cross-Validated Root Mean Square Error by Model, Including
Quadratic of Precipitation

Temperature Functional Form

Out-of-sample RMSE None Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 0.0565 0.0565 0.0565 0.0565 0.0565
Year FEs; 1 degree time trend 0.0562 0.0563 0.0561 0.0561 0.0562
Year FEs; 2 degree time trend 0.0560 0.0560 0.0559 0.0559 0.0559
Year FEs; 3 degree time trend 0.0570 0.0570 0.0569 0.0569 0.0569

Region-Year FEs; No time trend 0.0527∗ 0.0527∗ 0.0526∗ 0.0526∗ 0.0526∗

Region-Year FEs; 1 degree time trend 0.0525∗ 0.0525∗ 0.0524∗ 0.0524∗ 0.0525∗

Region-Year FEs; 2 degree time trend 0.0523∗† 0.0523∗† 0.0522∗† 0.0522∗† 0.0523∗†

Region-Year FEs; 3 degree time trend 0.0533∗ 0.0534∗ 0.0533∗ 0.0533∗ 0.0533∗

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.0562 0.0562 0.0561 0.0561 0.0561
Year FEs; 1 degree time trend 0.0559 0.0559 0.0559 0.0559 0.0559
Year FEs; 2 degree time trend 0.0548 0.0548 0.0547 0.0547 0.0547
Year FEs; 3 degree time trend 0.0554 0.0554 0.0553∗ 0.0553∗ 0.0553

Region-Year FEs; No time trend 0.0523∗ 0.0523∗ 0.0523∗ 0.0523∗ 0.0523∗

Region-Year FEs; 1 degree time trend 0.0523∗ 0.0523∗ 0.0522∗ 0.0523∗ 0.0523∗

Region-Year FEs; 2 degree time trend 0.0514∗† 0.0514∗ 0.0514∗† 0.0514∗† 0.0514∗†

Region-Year FEs; 3 degree time trend 0.0520∗ 0.0520∗ 0.0520∗ 0.0520∗ 0.0521∗

Notes: Highlighted cells represent the smallest K-fold CV RMSE model including a quadratic of
precipitation (in green), and BHM (in red). * are in MCS under Tmax,M. † are in MCS under TR,M.
α = 0.05.
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Table A4: K-fold Cross-Validated Root Mean Square Error by Model, Excluding
Precipitation

Temperature Functional Form

Out-of-sample RMSE None Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 0.0565 0.0566 0.0565 0.0565 0.0565
Year FEs; 1 degree time trend 0.0562 0.0563 0.0561 0.0561 0.0562
Year FEs; 2 degree time trend 0.0560 0.0560 0.0559 0.0559 0.0559
Year FEs; 3 degree time trend 0.0570 0.0570 0.0569 0.0570 0.0570

Region-Year FEs; No time trend 0.0527∗ 0.0527∗ 0.0526∗ 0.0526∗ 0.0526∗

Region-Year FEs; 1 degree time trend 0.0525∗ 0.0525∗ 0.0524∗ 0.0524∗ 0.0524∗

Region-Year FEs; 2 degree time trend 0.0523∗† 0.0523∗† 0.0523∗† 0.0523∗† 0.0523∗†

Region-Year FEs; 3 degree time trend 0.0533∗ 0.0534∗ 0.0533∗ 0.0533∗ 0.0533∗

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.0562 0.0562 0.0561 0.0561 0.0561
Year FEs; 1 degree time trend 0.0559 0.0559 0.0558 0.0558 0.0559
Year FEs; 2 degree time trend 0.0548 0.0548 0.0547 0.0547 0.0547
Year FEs; 3 degree time trend 0.0553∗ 0.0553∗ 0.0553∗ 0.0553∗ 0.0553∗

Region-Year FEs; No time trend 0.0523∗ 0.0523∗ 0.0523∗ 0.0523∗ 0.0523∗

Region-Year FEs; 1 degree time trend 0.0523∗ 0.0523∗ 0.0522∗ 0.0522∗ 0.0523∗

Region-Year FEs; 2 degree time trend 0.0514∗† 0.0514∗† 0.0514∗† 0.0514∗† 0.0514∗†

Region-Year FEs; 3 degree time trend 0.0520∗ 0.0520∗ 0.0520∗ 0.0520∗ 0.0520∗

Notes: Highlighted cells represent models that approximate DJO for linear (in blue) and quadratic (in
violet) temperature, and the smallest K-fold CV RMSE model (in green). * are in MCS under Tmax,M.
† are in MCS under TR,M. α = 0.05.
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Table A5: Estimated Effects of Unmitigated Warming on GDP by 2100 by Model,
Excluding Precipitation

Temperature Functional Form
Climate GDP Impact in 2100 (%) Linear Quadratic Cubic Spline

GDP Growth Effect: GDP Growth (%) = f(Temp, . . .)

Year FEs; No time trend 23.07 5.03 19.56 52.91
Year FEs; 1 degree time trend -11.33 -21.35 -1.93 15.18
Year FEs; 2 degree time trend -13.53 -25.71 -15.37 -3.84
Year FEs; 3 degree time trend -34.49 -46.76 -43.25 -41.76

Region-Year FEs; No time trend 55.64 40.51 64.40 146.26
Region-Year FEs; 1 degree time trend 8.65 -1.13 22.17 39.75
Region-Year FEs; 2 degree time trend 24.06 5.35 25.34 38.81
Region-Year FEs; 3 degree time trend 7.87 -14.31 -2.45 3.21

GDP Level Effect: GDP Growth (%) = ∆f(Temp, . . .)

Year FEs; No time trend 0.05 -1.31 -1.19 -1.63
Year FEs; 1 degree time trend -0.11 -1.45 -1.33 -1.76
Year FEs; 2 degree time trend -0.29 -1.56 -1.47 -1.88
Year FEs; 3 degree time trend -0.47 -1.76 -1.67 -2.00

Region-Year FEs; No time trend 0.12 -1.08 -0.95 -1.26
Region-Year FEs; 1 degree time trend -0.09 -1.28 -1.17 -1.46
Region-Year FEs; 2 degree time trend -0.14 -1.29 -1.21 -1.51
Region-Year FEs; 3 degree time trend -0.33 -1.47 -1.40 -1.65

Notes: Highlighted cells represent the DJO*, DJO*+Quadratic temperature, and
smallest CV RMSE models excluding precipitation.
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Figure A2: GDP-Temperature Relationships; Growth (Top Panel) versus Level
Effects (Bottom Panel)

Notes: All curves represent fitted polynomials or splines of estimated temperature relationships. The first panel shows
the models assuming a GDP growth effect (first panel of Tables 2 to A4), whereas the second panel shows the models
assuming a GDP level effect (the bottom panels of those tables). The curves are shown on different plots because of the
fundamentally different interpretations which should not be confused; the first panel shows the effect of annual growth rates
whereas the second shows the effect on GDP levels. Each curve has been normalized relative to its own peak by fitting the
polynomial/spline relationship then subtracting the maximum fitted value. (We do not plot the linear temperature models
because they have no natural peak from which to normalize.) This implies that the y-axis represents the effect on GDP
relative to the optimal temperature. The labeled curves represent the corresponding specifications shown in Table 4. The
histogram at the bottom shows the distribution of GDP by average annual temperature, across all countries and years in the
sample.
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The fitted relationships shown in Appendix Figure A2, graph the relationships
implied by the coefficient estimates in the non-linear temperature specifications
considered.46). The top panel of the figure plots fitted relationships corresponding
to the models that specify a GDP growth effect. The bottom panel depicts fitted
curves for those models that specify a GDP level effect. As previously discussed,
these two effects are conceptually different on a fundamental level. Despite this
conceptual difference, the estimates generally suggest a concave relationship between
temperature and GDP, although the precise nature of that relationship varies.

The GDP-maximizing temperature ranges across models from 11◦C to 19◦C
among growth models and from 12◦C to 16◦C among levels models. Of these
specifications, four of the models considered in Table 4 are highlighted (the DJO
models are not shown here because we have not graphed models with only linear
temperature). As previously seen in Table 4, the 13◦C peak of the BHM model is
a couple of degrees lower than the peaks of most other models in the first panel,
including DJO*+Quad. Temp. The two preferred models highlighted in green in the
bottom panel of Appendix Figure A2, also have peaks around 13◦C, but the curves
are less concave.

46We do not depict models with only linear temperature because they have no natural “peak” at
which to normalize the figure, as is required and as we do in depicting the non-linear functions.
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Table A6: Regression of Economic Activity on Temperature and Precipitation - Rich
versus Poor Countries

Dependent variable: GDP Growth (∆Log(GDP))

Best by Forecast Best by DJO*
and Backcast CV K-fold CV BHM DJO +Quad. Temp.

(1) (2) (3) (4) (5)

Rich Countries

∆Temperature (◦C) 0.006390∗ 0.004853
(0.003274) (0.003424)

∆(Temperature2) −0.000150 −0.000131
(0.000130) (0.000165)

Temperature 0.006899 0.007373∗ 0.011145∗∗

(0.004791) (0.003916) (0.005433)
Temperature2 −0.000284 −0.000166

(0.000194) (0.000182)
Precipitation (millimeters) 0.000007

(0.000013)
Precipitation2 -2.7e-09

(3.5e-09)

Observations 2,992 2,992 3,070 3,070 3,070
R2 0.398108 0.498945 0.322899 0.395042 0.395370

Poor Countries

∆Temperature (◦C) 0.014726 0.017699
(0.010325) (0.011533)

∆(Temperature2) −0.000515∗∗ −0.000580∗∗

(0.000220) (0.000255)
Temperature 0.026154 −0.007588∗ 0.008683

(0.020960) (0.004520) (0.009514)
Temperature2 −0.000760∗ −0.000408∗

(0.000448) (0.000226)
Precipitation (millimeters) 0.000026

(0.000028)
Precipitation2 -7.3e-09

(7.6e-09)

Observations 3,297 3,297 3,382 3,382 3,382
R2 0.236321 0.349914 0.278741 0.233323 0.234356

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Notes: There is no “DJO*” column as in Table 4 because DJO* is identical to DJO (which features a poor
interaction) when restricting the sample to either rich or poor countries. Standard errors are clustered at the country
and year or region-year levels, corresponding to which type of time fixed effects are included.
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Table A7: Regression of Economic Activity on Temperature and Precipitation - Rich
versus Poor Countries, Using Interaction

Dependent variable: GDP Growth (∆Log(GDP))

Best by Forecast Best by DJO*
and Backcast CV K-fold CV BHM DJO +Quad. Temp.

(1) (2) (3) (4) (5)

∆Temperature (◦C) 0.008350∗∗ 0.006685∗

(0.003462) (0.003530)
∆(Temperature2) −0.000271∗ −0.000244

(0.000142) (0.000179)
∆Temperature*Poor 0.007057 0.011168

(0.009633) (0.011423)
∆(Temperature2)*Poor −0.000219 −0.000305

(0.000249) (0.000298)
Temperature 0.006899 0.006063 0.011605∗∗

(0.004968) (0.003772) (0.005824)
Temperature2 −0.000284 −0.000228

(0.000185) (0.000187)
Temperature*Poor 0.019255 −0.011150∗∗ 0.002085

(0.018656) (0.005542) (0.012567)
Temperature2*Poor −0.0004765 −0.000253

(0.000427) (0.000318)
Precipitation (millimeters) 0.000007

(0.000014)
Precipitation2 -2.7e-09

(3.8e-09)
Precipitation*Poor 0.000019

(0.000020)
Precipitation2*Poor -4.7e-09

(5.2e-09)

Poor Total Temperature 0.015406 0.017853 0.026154 −0.005086 0.013690
(0.010765) (0.012031) (0.017982) (0.004460) (0.010930)

Poor Total Temperature2 −0.000490∗ −0.000549∗ −0.000760∗∗ −0.000481∗

(0.000255) (0.000289) (0.000384) (0.000261)

Observations 6,289 6,289 6,452 6,452 6,452
R2 0.303813 0.411890 0.299367 0.278210 0.303136

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Notes: There is no “DJO*” column as in Table 4 because DJO* is DJO without a poor interaction. All models have
year-poor fixed effects, in addition to either year or continent-year fixed effects. Standard errors are clustered at the
country and year or region-year levels, corresponding to which type of time fixed effects are included. The two-way
clustering algorithms failed when estimating the BHM model, so for that model we present standard errors clustered only
by country (as in BHM).
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Table A8: Regression of Economic Activity on Temperature and Precipitation -
Agricultural GDP versus Non-Agricultural GDP, All Countries

Best by Forecast Best by DJO*
and Backcast CV K-fold CV BHM DJO DJO* +Quad. Temp.

(1) (2) (3) (4) (5) (6)

Dependent variable: Agricultural GDP Growth

∆Temperature (◦C) 0.002397 0.002417
(0.010016) (0.012012)

∆(Temperature2) −0.000602∗ −0.000603
(0.000319) (0.000470)

Temperature 0.022902 0.002763 −0.007635 0.012434
(0.015166) (0.006913) (0.005455) (0.008538)

Temperature2 −0.000873∗ −0.000666∗∗∗

(0.000475) (0.000240)
Temperature*Poor −0.022446∗∗

(0.010262)
Precipitation (millimeters) 0.000083∗

(0.000050)
Precipitation2 -1.9e-08

(1.3e-08)

Observations 4,746 4,746 4,810 4,769 4,810 4,810
R2 0.139048 0.188952 0.112883 0.141993 0.131735 0.133759

Dependent variable: Non-Agricultural GDP Growth

∆Temperature (◦C) 0.011687 0.013022
(0.007397) (0.008331)

∆(Temperature2) −0.000357 −0.000425
(0.000224) (0.000309)

Temperature 0.010363 0.009153 0.003109 0.019555∗

(0.009242) (0.006547) (0.005825) (0.011198)
Temperature2 −0.000404 −0.000546

(0.000323) (0.000381)
Temperature*Poor −0.013784

(0.009566)
Precipitation (millimeters) −0.000007

(0.000025)
Precipitation2 1.6e-09

(5.8e-09)

Observations 4,743 4,743 4,806 4,765 4,806 4,806
R2 0.251363 0.390514 0.332207 0.266078 0.252875 0.254618

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Notes: Standard errors are clustered at the country and year or region-year levels, corresponding to which type of time fixed effects are
included.
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Table A9: Regression of Economic Activity on Temperature and Precipitation -
Agricultural GDP versus Non-Agricultural GDP, Only Rich Countries

Best by Forecast Best by DJO*
and Backcast CV K-fold CV BHM DJO* +Quad. Temp.

(1) (2) (3) (4) (5)

Dependent variable: Agricultural GDP Growth

∆Temperature (◦C) −0.010029 −0.010387
(0.013672) (0.017977)

∆(Temperature2) 0.000324 0.000330
(0.000459) (0.000713)

Temperature 0.017990 0.005429 0.011314
(0.020429) (0.007273) (0.012621)

Temperature2 −0.000649 −0.000253
(0.000735) (0.000385)

Precipitation (millimeters) 0.000021
(0.000046)

Precipitation2 -3.7e-09
(1.6e-08)

Observations 2,019 2,019 2,042 2,042 2,042
R2 0.242544 0.294913 0.154659 0.236650 0.236921

Dependent variable: Non-Agricultural GDP Growth

∆Temperature (◦C) 0.004901 0.005524
(0.005295) (0.007186)

∆(Temperature2) −0.000039 −0.000084
(0.000181) (0.000259)

Temperature 0.002783 0.011992∗ 0.010266
(0.014123) (0.007107) (0.009475)

Temperature2 −0.000150 0.000074
(0.000348) (0.000232)

Precipitation (millimeters) −0.000015
(0.000036)

Precipitation2 7.5e-10
(7.3e-09)

Observations 2,019 2,019 2,042 2,042 2,042
R2 0.438855 0.581967 0.458264 0.450650 0.450705

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Notes: Standard errors are clustered at the country and year or region-year levels, corresponding to which type
of time fixed effects are included. Columns 1 and 2 in the top panel have no GDP-maximizing temperature
because they are U-shaped quadratics. The critical point is a minimum, not a maximum, since the sign on Temp2

is positive.
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Table A10: Regression of Economic Activity on Temperature and Precipitation -
Agricultural GDP versus Non-Agricultural GDP, Only Poor Countries

Best by Forecast Best by DJO*
and Backcast CV K-fold CV BHM DJO* +Quad. Temp.

(1) (2) (3) (4) (5)

Dependent variable: Agricultural GDP Growth

∆Temperature (◦C) −0.005539 −0.003214
(0.024456) (0.013668)

∆(Temperature2) −0.000676 −0.000719∗∗

(0.000563) (0.000329)
Temperature 0.019692 −0.024251∗∗ −0.007054

(0.015730) (0.009579) (0.026062)
Temperature2 −0.000849∗∗ −0.000448

(0.000030) (0.000545)
Precipitation (millimeters) 0.000131∗∗∗

(0.000030)
Precipitation2 -3.0e-09∗∗∗

(7.2e-09)

Observations 2,686 2,686 2,727 2,727 2,727
R2 0.145111 0.187403 0.104541 0.136385 0.137012

Dependent variable: Non-Agricultural GDP Growth

∆Temperature (◦C) 0.021210 0.025347∗∗

(0.015943) (0.012286)
∆(Temperature2) −0.000607 −0.000739∗∗

(0.000396) (0.000295)
Temperature 0.028534∗∗ −0.007575 0.021678

(0.014058) (0.008684) (0.019238)
Temperature2 −0.000796∗∗ −0.000763

(0.000345) (0.000602)
Precipitation (millimeters) −0.000003

(0.000027)
Precipitation2 2.3e-09

(6.5e-09)

Observations 2,683 2,683 2,723 2,723 2,723
R2 0.236690 0.366390 0.310772 0.236308 0.238061

∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Notes: Standard errors are clustered at the country and year or region-year levels, corresponding to which type of time
fixed effects are included. Standard errors in columns 2 and 3 are not clustered, as the clustering algorithm failed for
these models. This happens for any specification with poor countries and country-specific quadratic time trends. This
likely overstates the significance of the effects found in these models.
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