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Abstract: A challenge for empirical research on the effects of climate change on
economic growth is the spatial mismatch between local temperature data and
national economic data. Here we develop two new global data sets that measure local
economic activity over time using air traffic data and satellite-measured nightlights
as proxies, allowing a match to local climate variables without requiring ad hoc spatial
averaging. Our data panel allows us to address some methodological criticism of
previous empirical work. We find some evidence of an inverted-U shaped relationship
between temperature and income although it is not robust to inclusion of a full set of
explanatory variables. We find that climate change does not have a permanent effect
on income growth.
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1 INTRODUCTION

The impact of climate change on economic growth has attracted considerable attention in recent
years. Because of the relatively constant nature of climate conditions within countries it has proven
difficult to distinguish the economic impacts of temperature and precipitation from those of other
historical, institutional and technological differences (Dell et al. 2012). A number of studies have
looked for evidence of effects of changing temperatures on economic activity and in some cases have
found a nonlinear inverted-U shaped relationship, which implies warming benefits growth in cool
regions but is harmful in hot places (e.g. Nordhaus 2006). In the context of a warming climate, this
would be consistent with climate change yielding a global mix of benefits and costs depending on the
regional context, with the net global effects generally modest compared to other long-term drivers of

economic growth (Arent et al. 2014, Nordhaus 2016, Tol 2024).

In a seminal paper Dell et al. (2012, herein DJ012) proposed that temperatures might not only
affect the level of income but the growth rate as well. Based on a panel of national-level data spanning
1950 to 2005, in which they matched climate and economic data by averaging temperature from the
local grid cell level up to the national level using population weights, they found that warming yields
an insignificant positive effect on income growth in rich countries and a significant negative effect in
poor countries. They also reported that if they used spatial weights to aggregate climate variables to
the national level the effects were insignificant. Moore and Diaz (2015) modified an Integrated
Assessment Model to take the DJO12 finding into account and concluded they imply a dramatically

higher Social Cost of Carbon due to the compounding effects of income loss over time.

[2]



A large subsequent literature has questioned the robustness of the DJO12 findings. We review
this literature and draw attention to some methodological shortcomings of existing work. Addressing
these issues on two newly-constructed global datasets we find warming has heterogenous but

generally small and positive effects on income, and no significant effect on growth.

In the climate-economy literature precipitation changes are rarely found to be significant so
temperature is the main focus, although Damania et al. (2019) argue spatial averaging may be
masking the role of rainfall variations, to which the findings in Mohaddes et al. (2023) lend support.
Regional studies finding a negative effect of warming on growth include Abidoye and Odusola (Africa,
2015) and Diffenbaugh and Burke (India, 2019). Li et al. (2019) found a positive effect of warming
on income growth in most regions of China. Mohaddes et al. (2023) find a significant negative effect
of local hot spells on output, though not income, growth in U.S. states, but much larger significant
negative effects from cold spells, implying an overall upward shift in the temperature distribution

relative to 30- or 40-year norms would increase output and income.

Burke et al. (2015) analysed a global panel with temperatures averaged up to the national level
and found a negative effect on growth from warming when the national average temperature is above
13°C.Zhao et al. (2018) used the G-Econ data set of Nordhaus (2006), which breaks economic activity
down to the gridcell level, thus removing the need to aggregate climate data to the national level,
although data for only four years (1990, 1995, 2000, 2005) are available. They replicated DJO12-type
results on the same subset of countries, but on the full global sample found warming increases

growth in rich countries and poor countries alike, though the positive effect in the latter group is
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confined to where local temperatures are below about 16°C. Gref3er etal. (2021) developed aregional
economic dataset for 1,542 sub-national regions between 2005 and 2015 and found no effect of
temperature on growth; on alonger subnational dataset Kalkuhl and Wenz (2020) found a temporary
negative effect of warming in income in hot regions but no effects when using 10-year averages of
temperature. Yang et al. (2023) updated the DJO12 data set and applied an estimator robust to mixed
sample frequencies, finding that while temperature shocks exerted a temporary effect on income
levels, they did not have a significant permanent effect on growth rates, a finding we will replicate

herein on new datasets.

Bilal and Kanzig (2024) report small, insignificant and temporary impacts on output of local
temperature shocks but the effects increase by an order of magnitude and persist for more than a
decade if they use global average temperature as the climate metric instead. Since people only
experience local weather this seems to be a contradiction. They conjecture that global temperature
shocks are a proxy for extreme events such as heat, drought, wind and precipitation. Further work

is needed to test these channels.

Newell et al. (2021) noted that there is no underlying theory to guide econometric model
specification in this literature. Taking into account the arbitrary choices of which explanatory
variables to include they identified over 800 possible model specifications. Using the Burke et al.
(2015) data they estimated all possible models and applied a model selection algorithm based on
multiple tests of cross-validation skill (the ability of a model estimated on a subset of the data to

predict the withheld portion). Among their findings were that the model form preferred by Burke et
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al. (2015), which uses country-specific quadratic time trends, is explicitly excluded by the optimal
model selection algorithm which instead favors use of region and year fixed effects. Across the entire
class of models they could not rule out that the optimal model excludes temperature effects on GDP
or GDP growth, and they estimated the 95% confidence interval for the impact of a rapid warming

scenario (RCP8.5) on global growth through 2100 spans —86 percent to +388 percent.

DJO12 and others used fixed effects to divide the sample into rich and poor groups based on a
country’s income in the year it entered the sample (usually in the 1970s or earlier). Barker (2023)
criticized this approach on the grounds that many countries were once poor but became rich over
time. He found using the DJO12 data that if income and temperature in all countries are interacted so
the marginal effect of temperature changes as income grows, the temperature effects become small
and insignificant. Berg et al. (2023) tested the homogeneity restriction implied by the Rich/Poor
distinction and strongly rejected it. They instead estimated country-specific temperature response
coefficients then grouped countries with similar response coefficients into small panels. They also
separately estimated responses to global and idiosyncratic local temperature shocks. Overall they
found countries experiencing negative effects of warming on growth outnumbered those
experiencing positive effects, but only initially: after allowing few years for adjustment the counts
reversed such that about twice as many countries experienced net positive growth effects. They also
found a global temperature shock was much more likely to benefit growth in poor countries than rich

ones.



In light of the ongoing variations in methods and findings we develop and analyze two new data
sets to address several issues in the literature. First, our data sets match economic and climatic
variables at the gridcell level, removing the need to choose between population- and spatial-
weighting to aggregate climate variables to the national level. One version of our data set has less
spatial coverage but a longer time span, while the other has a shorter time span but complete spatial
coverage. While our data sets are shorter than DJO12 they cover the recent decades of primary
interest and, by being gridcell-based, they avoid the loss of information from averaging out within-
country climatic variations. Second, in view of the critiques in Berg et al. (2023) and Barker (2023),
we interact income growth and climate variables on a continuous basis, avoiding the problems
associated with a static income classification. We follow Berg et al. (2023) and use lagged rather than
contemporaneous output and income as explanatory variables which reduces the risk of endogeneity

bias.

Our data sets imply an inverted-U pattern between income and temperature in a bivariate
analysis, but expanding the time domain and including other explanatory variables reveals
considerable heterogeneity by stage of development. At lower income levels the effect of warming on
income is positive but declining in average temperature. At median and higher income levels the
effects vary depending on the data set but are generally small and insignificant. Looking at the
growth-temperature nexus both our data sets show that temperature shocks only exert temporary

income effects and there is no significant long run impact of warming on economic growth.



2 DATA SET CONSTRUCTION

2.1 FLIGHTS-BASED DATA
Both of our data sets begin with the GEcon database developed in Nordhaus (2006). GEcon

measures economic activity around the world in 1° by 1° gridcells for the years 1990, 1995, 2000 and
2005. Within each gridcell is reported the estimated population, income and Gross Cell Product (GCP,
the local analogue for national Gross Domestic Product or GDP. Economic quantities are expressed
in purchasing-power-parity (PPP) adjusted 2005 US Dollars. The entire Earth’s surface contains
64,800 1° gridcells of which 27,442 are on land and therefore are included in GEcon. Of those 6,721
have zero economic output, such as locations in Antarctica, Greenland, and the Canadian and Russian

Arctic regions and are ignored in what follows.

Our extension of GEcon aims to infill and extend the original data using an iterative estimator.
We begin by obtaining predictors of local economic activity at annual resolution between 1976 and
2010. These measures include national GDP and population obtained from the Penn World Tables
version 8.1 (Feenstra et al. 2015, denoted PWT8.1), regional GDP as developed by Gennaioli et al.
(2014), which covers data on 83 countries and 1,528 regions across the globe, and airport flight
traffic data obtained from Flight Global Corporation (2012) which provides estimates of annual flight
volumes in and out of all airports around the world from 1976 to 2010. Use of flight volumes data is
motivated on two grounds. First, airline traffic can be precisely located by latitude and longitude in
order to match with the G-Econ database. The air traffic data from Flight Global gives the number of

commercial flights originating from airports every year. It also gives the latitude and longitude of the

[7]



airport’s location. Each airport has a designated International Civil Aviation Organization (ICAO) and
International Air Transport Association (IATA) code for referencing and thus we can easily identify
which airport lies in which gridcell. A few airports were dropped as they ceased to exist or were
merged with a bigger airport. Second, past studies have established a positive relationship between
local airport traffic and regional economic activity. Brueckner (2003) and Sheard (2019) both found
significant effects of local airline volumes and local airport size on regional employment, though

mainly in the service sector rather than manufacturing or utilities.

We also obtained local temperature (mean temperature measured as the average of daytime
highs and lows, reported in °C) and precipitation data (reported in millimeters per year, or mma)
from Harris et al. (2020) using the Climate Research Unit Time Series (CRU-TS4.04) data product.
These are provided at the 0.5° by 0.5° gridcell resolution and are thus scaled up to 1° boxes to match

the GEcon data. See Lakhtakia and McKitrick (2022) for details on the spatial merging process.

While GEcon contains data for 245 countries, due to limited coverage of the flight data our first
data set only includes 150 countries yielding a total of 1,160 gridcell-year pairs. Not all years are
available in the flights data. If a single year was missing it was linearly interpolated. For airports
reporting monthly traffic if one or two months were missing they were linearly interpolated.
Otherwise missing data were not interpolated, resulting in an unbalanced panel. Further details on
the flight data and data set construction are in Lakhtakia and McKitrick (2022). The regional GDP per
capita data from Gennaioli et al. (2014) are also incomplete. We used some interpolation to fill in

missing years, and in the case of small countries used national GDP per capita as needed. See
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Lakhtakia and McKitrick (2022) for more details. Table 1 reports summary statistics for the data set

at this stage of construction.

We begin by running the regression

InGCPpc;y = By + 1 In NATGDPpc;; + B2 In REGGDPpc; + B3In AIRTRAFFIC; + B4t

+ BsRICH; X In AIRTRAFFIC;; + BsTEMP,, + B,PRECIP;, + BsCFE; + e;,

[1]
where In denotes natural logarithm, GCPpc;; is Gross Cell Product per capita from GEcon in gridcell
i for the four years t = (1990, 1995,2000,2005), NATGDPpc; , is national GDP per capita in the same
years for the country within which gridcell i is located, REGGDPpc; , is regional GDP per capita in the
same years for the region within which gridcell i is located, AIRTRAFFIC;, is the flight volume data
for airports in gridcell i in the same years, RICH; is a dummy variable indicating whether a country
had per capita income above the median in the first year it entered our sample, TEMP; ; and PRECIP; ,
are local temperature and precipitation variables for the same gridcell and years, CFE; is a matrix of
country fixed effects and e; ; is a heteroskedasticity-robust error term. The rationale for including the
climate variables is that the underlying hypothesis of the literature is that they influence economic

output, so they should be included as explanatory variables at this stage.

The results are shown in the first column of Table 2. Most variables have highly significant

explanatory power and the regression has an R? of 0.97. To check for endogeneity bias between per
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capita GCP and the flight volume measure we re-estimated the model using lagged flight volumes but
the results were nearly identical, so we reverted to the original specification. The coefficients were
then tested for out-of-sample predictive power using K-fold cross-validation (Taddy et al. 2022). The
results indicate that these coefficients can predict withheld fractions with a Root mean-squared-
error (RMSE) of 0.307 which implies 69.30% accuracy. Therefore, we are confident we can use these

coefficients to predict the extended dataset.

The second stage involved using the annual resolution data from the explanatory variables and
the coefficient estimates from equation [1] to generate predicted values of the dependent variable
for all the available years, yielding an unbalanced panel of 9,349 observations from 150 countries.
We then swapped in the original G-Econ values of per capita GCP data for the available years (1990,
1995, 2000 and 2005) retaining the predicted values for the infilled years and re-estimated equation
[1], obtaining a new set of coefficients from a regression with an R? of 0.9965. The new coefficients
were then used to generate another set of predicted values of the dependent variable and the process
was repeated until the coefficients no longer changed. We refer to the resulting data set as the Flights

data.

2.2 NIGHTLIGHTS-BASED DATA
Many studies including that of Henderson et al. (2012) have established that satellite-measured

nighttime lights can be used as a proxy for local economic activity. Such data are available from the
US National Oceanic and Atmospheric Administration (NOAA 2019) for the years 1992-2013 at 30

arc second grids. With this in mind we form another version of our dataset using nighttime lights
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data as a local predictor instead of airport data. Since the nighttime lights data is measured at 30 arc
seconds or 0.008333 degree, we used spatial re-scaling in the geospatial software QGIS 3.14 to
aggregate the data to a 1° by 1° gridcell in order to match the GEcon data. In running our first
regression, we leave out the regional GDP per capita as a regressor due to the limited availability in
the Gennaioli et al. (2014) dataset. The resulting data set is spatially complete but only covers the
interval 1992 to 2013. The first stage regression results are shown in column 3 of Table 2, with the
new nightlights variable named In NIGHTLIGHTS; ;. For comparison we re-ran equation [1] leaving
out REGGDPpc;, and those results are shown in the 2nd column of Table 2. While the fit using
nightlights data is slightly worse (R? = 0.919) there is clear agreement between the two data sets.
Also the cross-validation test yielded a RMSE of 0.38, very similar to the flights case. We then
generated the non-GEcon years and iterated the estimation as in the previous section, yielding a
balanced panel of 226,865 observations. We refer to this data set as the Nightlights-based or NTL

data. Summary statistics of the two infilled data sets are shown in Table 3.

For comparison purposes we will also make use of the subset of the NTL data set that corresponds
to available locations in the flights-based data set. The results of the first stage regression in this case
are shown in column 4 of Table 2. There is a clear similarity between these results and those of
column 1. Also the RMSE of the cross-validation test is 0.35, similar to that using the flights data.

Infilling the data yields a panel with 6,494 observations in total.

Finally, it is reasonable to ask whether we should simply use the proxies themselves as our

economic dependent variables rather than construct GCP and income measures. Later we will
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provide regression results this way and show the qualitative agreement of this specification and the
versions using the GCP reconstruction. Since the latter makes our results directly comparable to the

existing literature we focus our discussion on it.

3 THE TEMPERATURE-INCOME RELATION

Denoting income as y and temperature as T, many authors historically have noted the existence
of a relationship y = f(T) such that economic activity is least suited in very cold or very hot regions
and optimal in the middle, implying an inverted-U shape function (Nordhaus 2006). This relation
develops over a long time as activity adapts to local climates. In the inverted-U case we expect the
first derivative f' to be downward-sloping, implying warming is beneficial in colder regions and
harmful in hotter regions. A quadratic specification for f also implies a temperature change only
causes a temporary effect on growth (f” = 0). DJO12 suggested there might be a permanent effect
given by Ay = g(T) whereby a change in temperature permanently changes the growth rate. Newell
et al. (2021) noted that if T is a vector that includes current and lagged temperatures and the
coefficients in f sum to zero this implies temperature changes do not cause a permanent effect on
income growth. We will use the test of whether the coefficients on T add up to zero as a measure of

whether such permanent effects are observed.

We will estimate the growth-climate models in the next section. Here we start by relating income
to temperature. Figures 1 and 2 show simple bivariate scatter plots of gridcell per capita income

against temperature for four selected years. We show Flights data for 1980, 1990, 2000 and 2005
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and NTL data for 1992, 2000, 2005 and 2010. From Figure 1 we can see that the bivariate relationship
was monotonic downwards in 1980 but by 2005 had become an inverted-U with a local maximum
around 10°C. Figure 2 shows that the NTL data yields results similar to the later Flights-based data,
generally peaking around 10°C then declining past that. In order to better identify marginal effects

of temperature on income we fitted the following regression on both data sets:

GCPpcit = Po + pLTEMP;, + ﬂZTEMPft + ﬂ3PRECIPi,t+ﬁ4PRECIP5t + BsGCP; 1 + PeGCP; 1 X

TEMP; ¢ + ;GCP; 1 X TEMPft + Bg + PeGCP;t_1 X PRECIP;; + BoLFE; + 10TFE, + e;¢

[2]

where LFE; is a matrix of locational (latitude and longitude) fixed effects and TFE; is a matrix of time
fixed effects. An interaction term between GCP and the square of precipitation was considered but
dropped because it was always small and insignificant. Cubic terms were also considered but
dropped for the same reason. Use of contemporaneous GCP yielded significant Wu-Hausman scores
against an instrument constructed using its lag (p<0.001) so the predicted values from a regression
of GCP on its lag was used as an instrument to provide a predetermined instrumental variable.
Cointegration of the I(1) economic variables was confirmed using a Kao test (see Appendix Table A-
1). For the purpose of comparability the coldest gridcells in the NTL data, namely those with mean

temperatures below -2°C were omitted, as there were no counterparts in the Flights data.
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The results of equation [2] are shown in Table 4. Once again there is a notable coherence of
results between the two data sets. The signs remain the same and many of the magnitudes,

particularly for the interaction terms, are quite close.

To compute the marginal effect of temperature and precipitation on income we simply compute

the appropriate derivatives of equation [2]:

St = B + 2B, TEMPy + BoGCPye s +28,GCPye ;TEMPy, 3]
0GCPpcit

These can be evaluated at various GCP levels.! Figures 3 and 4 show the results for equation [3]
(temperature) using Flights and NTL data, respectively, and Figures 5 and 6 show the results for
equation [4] (precipitation). In each case the marginal effects are evaluated at the 25t, 50th and 75t
percentiles of GCP. Figures 3 and 4 both show that the marginal effects of warming are significant
and positive but declining in temperature at the lower GCP level. At the median GCP level the effects

are smaller in size but still positive and significant using the Flights data, but not using the NTL data.

1 The computations were done in Stata using the marginsplot command which applies the Delta method.
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Finally at the higher GCP level the effects are negative at low temperatures and become positive at
higher temperatures, but may not be significant. Taken together these graphs imply that there isn’ta
simple inverted-U shape income-temperature profile that holds across all GCP levels. In the case of
precipitation the common pattern across all GCP levels and data types is that the marginal effect of
increased precipitation is positive in arid regions and negative in wet regions, with the crossing point
atjust under 4000 mma. Note however that the units on the vertical axis are two orders of magnitude

smaller than in the temperature graphs.

4 GROWTH-TEMPERATURE MODELS

4.1 FLIGHTS-BASED DATA
Here we model relations of the form Ay = g(T). Rather than put locations into fixed rich/poor

categories we allow the climatic influence on income growth to vary continuously with income

through use of interaction terms. The estimating equation is as follows:

9it = Bo + BiTEMP;; + B,TEMP}, + B3GCPpc; ¢y X TEMP;y + B4GCPpc; ¢y X TEMP?, +
BsPRECIP;; + B¢PRECIP?, + 3,GCPpc; 1 X PRECIP; + BgGCPpc;,_y X PRECIP?,+BoLFE; +

B1oTFE: + e [5]
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A model using the contemporary income measure GCPpc on the right hand side failed the Wu-
Hausman test (using the first lag of income as the instrumental variable, P < 0.0001 in all cases)
indicating endogeneity bias. We constructed an instrument by regressing income on its third lag and
using the predicted values. While use of only the first or second lag yielded qualitatively similar final
results we deem the third lag sufficient to ensure the instrument is predetermined. Marginal effects
of temperature and precipitation on growth are once again computed by taking the derivatives of

equation [5], yielding linear equations with GCPpc; ;_; in each, yielding

99t

Srpsee = P1+ 2B, TEMP, . + ByGCPpCy ey +2B4GCPpCy -y X TEMPy, [6]
99 _ g4 2B, PRECIP;, + B,GCPPC; 1 +2B5GCPPC; 1y X PRECIP;, [7]
APRECIP;; ) ) ] )

where we add up to six lags of income at the estimation stage. We evaluate the results at the decile

values of income (10t percentile up to 90th percentile).

The full regression results from equation [5] for the Flights-based, NTL-based and NTL-subset
data are shown in Appendix Tables A2-A4. The lag terms were generally insignificant but the AIC, BIC
and adjusted R? all favoured the six lag specification. This specification cointegrates and the error
term is I(0) (see Table A-1). Also it is apparent that the coefficients on TEMP and lag-TEMP have
approximately equal magnitudes and opposite signs, suggesting effects of warming on growth are
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not permanent. We tested whether the summed coefficients on all TEMP; . terms are significantly
different from zero. In most cases we fail to reject, and in every version of the preferred 6-lag
specification we clearly fail to reject, so we conclude overall that there is no permanent effect of

temperature change on growth.

This inference matches the profile of marginal effects of warming on growth in the NTL data but
not the Flights data. The population-weighted and unweighted marginal effects for the 6-lag
specification are reported in Tables 5-7 and, for the weighted data with 0 and 6 lags, Figure 7. Figure
7 shows that in the NTL case (middle row) the marginal effect is zero or slightly positive but
insignificant at all income levels in both the 0-lag and 6-lag cases. In the case of Flights and NTL-
subset data the profile is downward-sloping, net positive and significant up to at least the 7th income
quantile. It is also rising in the number of lags. The difference between these data sets is likely due to
the limited spatial sampling and the skew towards higher income locations rather than the longer
time span of the Flights data since the pattern is approximately replicated in the NTL-subset. Thus at
the global level we have more confidence in the null NTL results, especially since the choice of lag

lengths do not affect the conclusion.

We now turn to the re-estimation of equations [5] through [7] replacing both temperature and
precipitation with their first differences. This can be thought of as a measure of the effect of
acceleration (or deceleration) of warming on the local growth rate, ranging from temporary (zero-
lag) to longer term (six-lag). As before the Wu-Hausman test rejected use of the contemporaneous

income variable (using the first lag of income as the instrumental variable, P<0.001) so we
[17]



constructed an instrument by regressing it on its own third lag and using the predicted values. The
results are shown in Appendix tables A5—A7. As before the information criteria favour models with
more lags. Here a distinct difference emerges between data sets whereby the Flights data do not
reject the summed AT coefficients being zero but the NTL data do, strongly and at all lag lengths. The
NTL-subset data do not reject the restriction at shorter lag lengths but do at 5- and 6-lags. If the
Flights and NTL data disagree but the NTL subset agrees with the Flights result we could ascribe the
difference to the Flights spatial subsampling. In this case the NTL subset concurs with the full NTL
data but not the Flights data, indicating that the different sample lengths may explain the difference.
A possible explanation is that agents have difficulty determining if a change in AT is a temporary

shock or a permanent change in trend.

The marginal effects of first differences in temperature and precipitation on growth are shown
in Tables 8-10 (population-weighted and unweighted marginal effects for the 6-lag specification) and
Figure 8 (weighted, 0 and 6 lags). Once again the lag length choice is not influential in the NTL data
(Figure 8, middle row): the effect on growth is negative at all income levels and in the 6-lag case is
insignificant. In the Flights data (top row) the choice of lag length is influential. Using zero lags the
effect is (as with NTL) negative and significant at all income levels but using six lags the marginal
effect is mainly positive but insignificant up to the 7th income decile and negative after that. On the
NTL subset data (bottom row) the effects are negative and significant at all income deciles and as lags
are added the effect becomes larger negative. Taking the results together the information criteria

once again favour the six-lag model over shorter lags. The absence of significant results in the NTL
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data at all income levels and the Flights data up to the 70t decile appear to indicate that, on the time
scales we are considering here economic agents are not able to ascertain if a deviation from a
temperature trend is temporary or marks a change in the trend itself. Since the search for genuine
trend breaks is likewise difficult even in long global average temperature series (see, e.g. Beaulieu et
al. 2024) it should not be surprising that effects of such breaks are difficult to identify in economic
measures. The contrast between the Flights data and the NTL-subset indicates that the longer time

span of the former is influential on the estimation.

Since the iterative data construction process outlined in Section 2 exhibited acceptable goodness-
of-fit and cross-validation scores we consider the use of income and output data to be a net addition
of information and have thus focused on the results generated that way. Here we check what the
results would look like using Flights and NTL measures directly as dependent variables. Appendix
Tables A8 and A9 report on the estimation of equation [5] using, respectively, changes in Flights
themselves and changes in NTL counts as dependent variables, rather than income changes
estimated using these as proxies. Since these tables assume that we are not using the proxies to
structure the interpolation of GCP for the years not covered by GEcon we rely on linear interpolation
to obtain the annual GCP; ; measure. As before the information criteria favour the 6-lag specification
(the adjusted R? levels peaks at 5 lags). Using the Flights data, unlike in Table A-2 in the 6-lag case
we reject the hypothesis that the summed temperature terms are zero, but using the NTL data we do
not, thus matching Table A-3. Figure 9 shows the marginal effects which qualitatively match the top

two rows of Figure 7. We see that the Flights data imply a permanent positive effect of warming on
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the growth rate up to the highest income groups whereas the NTL data do not. Also as in Figure 7 the
effect becomes more positive as more lags are added. Consequently, converting the Flights and NTL
measures into income measures rather than using them in raw form preserves the main patterns in
the proxy data. In addition to adding potential information from the economic data, the conversion
into income measures yields regression coefficients and marginal effects in units that are easier to
understand and compare to previous literature, which is another reason we have presented the

results in that form.

5 DISCUSSION

Among the critiques of DJO12 we find four to be particularly pertinent. First, their headline result
of a negative and significant effect of warming on income growth in poor countries depends on use
of population-weighting to aggregate local temperatures up to a national average. The averaging
process itself suppresses a lot of pertinent regional detail. Climate conditions can vary considerably
within countries, due not only to latitude but also elevation, proximity to coastlines, etc. Within the
United States, for instance, the climates of Miami and Minneapolis are very different, as is the
mountainous northern region of India from the subtropical southern cities. Adopting a methodology
that avoids the need to aggregate climate data up to the national level allows important regional
heterogeneity to be preserved. Second, as noted by Barker (2023), splitting the data into ‘rich’ and
‘poor’ locations based on their income early in the sample ignores changes over time. If the point is

to take account of how a country’s income affects the way temperature and precipitation influence
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growth, the relevant metric should be current income not that of an arbitrary year decades prior.
This argues for use of interaction terms in the regression model, which Barker (2023) found causes
the DJO12 results effectively to disappear. Third, and related, Berg et al. (2023) caution against using
fixed effects that suppress important regional heterogeneity. Applying an estimation method that
preserves regional heterogeneity they found the DJO12 pattern reverses, such that relatively poor
countries were more likely to benefit from warming than rich ones. Finally, Newell et al. (2021)
caution against arbitrary model selection because there are hundreds of candidate model
specifications and the overall results can vary depending on the choice of explanatory variables.
Taking model uncertainty into account they found the preferred specification indicated a positive

effect of warming on growth, but with very large uncertainties.

Regarding the last point, we could generate results in line with those of DJO12 by using a different
set of fixed effects in equation [5]. Lakhtakia (2023) shows that if we use region-year and cell-specific
fixed effects in a static rich/poor classification approach we get significant negative effects of
warming on growth in poor countries using the Flights and NTL-subset data, and significant negative
effects of warming on growth in rich countries too using the Flights data. However, aside from the
problem of using a static rich/poor classification, these fixed effects are not the ones chosen by the
model specification tests. We also find a negative effect of warming on growth in poor countries if we
use the contemporaneous value of GCPpc;, as an explanatory variable in equation [5], however as

noted this specification failed to reject a test for endogeneity bias.

[21]



By developing a gridcell-based data set and by using income-climate interaction terms we avoid
the first three problems mentioned above. Our results do not require us to choose a weighting
scheme to add up climate variables to the national level, and where we do engage in averaging for
summary purposes the choice of uniform or population weights is not influential. Allowing
continuous interaction of income and the climate variables addresses the issues raised in both Barker
(2023) and Berg et al. (2023) about loss of heterogeneity and mis-categorization of countries that

underwent rapid growth over the sample period.

Our infilled data sets make use of two types of local proxies for economic activity to turn the
quinquennial GEcon database into an annual panel. The results are qualitatively similar between the
two resulting data sets but there are some differences. Re-running the analysis on the NTL-subset
data allows us to check whether the limited spatial sampling associated with airport locations is
influential, since the summary statistics indicate that the Flights data is skewed towards higher-
income gridcells. The advantage of the Flights data is that it extends further into the past with many
locations having observations back to 1976, thus capturing a greater span of climatic trends. The
temporal coverage of the nightlights data is shorter, but by covering a more recent interval (1992 to
2013) it is nonetheless relevant to contemporary climate trends. The completeness of the spatial
coverage is a significant advantage, so we place primary weight on the results of the NTL-based

analysis.

6 CONCLUSIONS



A permanent effect of climate warming on income growth, as opposed to the income level, would
have a very large impact on Social Cost of Carbon as estimated using conventional Integrated
Assessment Models (Moore and Diaz 2015). Our analysis of two new databases, both based on local
infilling and extensions of the Nordhaus (2006) GEcon data set, adds to the evidence that the early
finding of DJO12 pointing to a permanent negative effect of climate change on growth in poor
countries is not robust. We find that the contemporaneous and lagged effects of temperature
generally cancel out and are not significantly different from zero, implying no permanent effect of
warming on growth. Where they do not cancel out, such as in the Flights data, which are skewed
towards higher income locations, the aggregate marginal growth effect is positive but goes to zero as
income rises. Estimation of the model using temperature first differences, which tests for growth
effects from an acceleration of warming, shows that on the NTL sample no significant effect is
observed, but on the Flights-based sample there may be a significant negative effect at high income
levels using a six lag specification. However we have less confidence in measurements of this effect
since detecting a change in trend, rather than a mere deviation from trend, is inherently more difficult

for economic agents especially on the time scales being considered in our model.
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8 TABLES

Variable Definition Mean Std. Dev. Min. Max. N
GCPpc GCP per capita 17185.1 13965.5 271.6 69583.0 1160
NATGDPpc  National GDP per capita  16273.9 12926.3 406.4 70252.5 1160
REGGDPpc  Regional GDP per capita 176139 151215 406.5 94612.3 1160
AIRTRAFFIC Ann. flights per gridcell 74783.6 1199719 10.0 967714.0 1160
TEMP Gridcell mean temp (°C) 16.4 7.1 1.3 29.7 1160
PRECIP Gridcell mean precip (mm) 1011.1 651.2 0.0 5271.2 1160

Table 1: Summary statistics for first stage of data construction.

[29]



Nightlights  Nightlights
Variable Flights Data  Flights Data Data Subset
In NATGDPpc -0.058 -0.365*** 0.359%** -0.097
(0.083) (0.072) (0.018) (0.104)
In REGGDPpc 0.503*** 0.538***
(0.038) (0.039
In AIRTRAFFIC 0.074*** 0.132%**
(0.021) (0.025)
In NIGHTLIGHTS 0.021%** 0.0171%***
(0.001) (0.002)
t 0.010%*** 0.008*** 0.019*** 0.016***
(0.002) (0.002) (0.001) (0.003)
RICH; X In AIRTRAFFIC -0.013 -0.031
(0.021) (0.026)
TEMP -0.013*** -0.013*** -0.022%** -0.009**
(0.003) (0.004) (0.000) (0.004)
PRECIP 0.005%** 0.003 0.000 0.006***
(0.002) (0.002) (0.001) (0.002)
Country FE Yes Yes Yes Yes
N 1,160 1,200 45,700 967
R? 0.970 0.959 0.919 0.969

Table 2: Regression results for first step regressions on the GEcon years (1990, 1995, 2000, 2005).
Dependent variable: In GCPpc. Note: robust standard errors in parentheses. *** significant at <1%. **

<5%, * <10%.



Income

Income Growth (%) GCP  Temperature Precipitation
Flights Data:
Mean 16.5 2.0 36.6 16.4 1028.3
Std Dev 134 4.0 66.3 7.2 673.3
Min 0.2 -27.0 0.0 -1.9 0.0
Max 75.7 45.0 932.2 30.4 5271.2
N 9,349 9,349 9,349 9,349 9,349
Nightlights Data:
Mean 12.5 3.0 3.1 15.7 896.0
Std Dev 12.5 3.5 22.1 9.8 763.4
Min 0.2 -28.0 0.0 -2.0 0.0
Max 106.0 45.0 1672.0 314 97219
N 226,865 226,865 226,865 226,865 226,865

Table 3: Summary statistics for infilled data sets.
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Nightlights

Variable Flights Data Data
TEMP; 1.3356%** 0.5167***
(0.1804) (0.0415)
TEMP? -0.0120** -0.0062%**
(0.0052) (0.0012)
PRECIP; 0.00371%*** 0.0059%**
(0.0006) (0.0003)
PRECIP} 0.000%** 0.0000%**
(0.0000) (0.0000)
GCP;—q 0.1504*** 0.1918***
(0.0142) (0.0260)
GCP;¢_1 X TEMP; -0.0110*** -0.0127***
(0.0018) (0.0032)
GCP;;_y X TEMP? 0.0002*** 0.0003***
(0.0001) (0.0001)
GCP;._, X PRECIP; 0.0000 0.0000***
(0.0000) (0.0000)
Latitude FE Yes Yes
Longitude FE Yes Yes
Time FE Yes Yes
N 8,396 211,381
R? 0.93 0.86

Table 4: Results from equation [2] on Flights-based and Nightlights-based data. Robust standard
errors in parentheses adjusted for two-way clustering at latitude and region-year levels. The entries
report the results of weighted regression where the weight is the gridcell population. *** significant
at <1%. ** <5%, * <10%.



Unweighted Mean Population-weighted Mean

dg/dT dg/dP dg/dT dg/dP
<10™ decile 0.2433** -0.0001 0.2532**  -0.0001
(0.0248)  0.0003 (0.0268)  (0.0004)
10 - 20 decile 0.2111%* -0.0001 0.2549%*  -0.0001
(0.0196)  (0.0003) (0.0279)  (0.0003)
20" - 30" decile 0.1871** -0.0001 0.2294*  -0.0001
(0.0165)  (0.0003) (0.0232)  (0.0003)
30 - 40" decile 0.1574** -0.0001 0.2003**  -0.0001
(0.0137)  (0.0003) (0.0186)  (0.0003)
40" - 50" decile 0.1293** -0.0001 0.1530%*  -0.0001
(0.0122)  (0.0003) (0.0133)  (0.0003)
50 - 60" decile 0.0915% -0.0001 0.1359***  -0.0001
(0.0113)  (0.0002) (0.0132)  (0.0003)
60t - 70" decile 0.0527* -0.0000 0.0672**  0.0000
(0.0112)  (0.0002) (0.0113)  (0.0002)
70 - 80™ decile 0.0267*  -0.0000 0.0272**  0.0000
(0.0116)  (0.0002) (0.0117)  (0.0002)
80" - 90 decile -0.0041  0.0000 -0.0004 0.0001
(0.0125)  (0.0002) (0.0123)  (0.0002)
> 90" decile -0.0345*  -0.0003 -0.0327 0.0002
(0.0194)  (0.0006) (0.0210)  (0.0003)

Table 5: Cumulative marginal effects of temperature and precipitation on income growth using
Flights data, 6 lags. Robust standard errors in parentheses adjusted for two-way clustering at country
and region-year levels. *** significant at <1%. ** <5%, * <10%.



Unweighted Mean Population-weighted Mean

dg/dT dg/dP dg/dT dg/dP
< 10" decile 0.0332  0.0000 0.0372 0.0000
(0.0439)  (0.0001) (0.0434)  (0.0001)
10% - 20™ decile 0.0470  0.0000 0.0448 0.0000
(0.0489)  (0.0001) (0.0469)  (0.0001)
20" - 30" decile 0.0543  0.0000 0.0445 0.0000
(0.0580)  (0.0001) (0.0466)  (0.0001)
30 - 40" decile 0.0364  0.0000 0.0444 0.0000
(0.0421)  (0.0001) (0.0466)  (0.0001)
40" - 50" decile 0.0510  0.0001 0.0429 0.0000
(0.0554)  (0.0001) (0.0454)  (0.0001)
50t - 60™ decile 0.0598  0.0002 0.0437 0.0000
(0.0692)  (0.0001) (0.0461)  (0.0001)
60t - 70" decile 0.0732  0.0003* 0.0389 0.0000
(0.0890)  (0.0002) (0.0433)  (0.0001)
70 - 80" decile 0.0503  0.0003 0.0520 0.0000
(0.0684)  (0.0002) (0.0586)  (0.0001)
80" - 90" decile 0.0550  0.0005* 0.0538 0.0001
(0.0774)  (0.0003) (0.0696)  (0.0002)
> 90" decile 0.0422  0.0018** 0.0298 0.0002
(0.0788)  (0.0007) (0.0873)  (0.0004)

Table 6: Cumulative marginal effects of temperature and precipitation on income growth using NTL
data, 6 lags. Robust standard errors in parentheses adjusted for two-way clustering at country and
region-year levels. *** significant at <1%. ** <5%, * <10%.



Unweighted Mean Population-weighted Mean

dg/dT dg/dP dg/dT dg/dP
<10 decile 0.4319% -0.0000**  0.4642** -0.0000**
(0.0490)  (0.0000) (0.0551)  (0.0000)
10" - 20 decile 0.3393% -0.0000**  0.4424**  -0.0000**
(0.0347)  (0.0000) (0.0537)  (0.0000)
20" - 30" decile 0.2998* -0.0000**  0.3998***  -0.0000**
(0.0313)  (0.0000) (0.0468)  (0.0000)
30t - 40™ decile 0.2311%* -0.0000**  0.3417**  -0.0000**
(0.0245)  (0.0000) (0.0378)  (0.0000)
40" - 50" decile 0.1794** -0.0000* 0.2344%%  -0.0000**
(0.0216)  (0.0000) (0.0245)  (0.0000)
50 - 60™ decile 0.1018* -0.0000 0.1899***  -0.0000**
(0.0196)  (0.0000) (0.0244)  (0.0000)
60" - 70" decile 0.0201  -0.0000 0.0592**  -0.0000
(0.0180)  (0.0000) (0.0179)  (0.0000)
70" - 80" decile -0.0293  -0.0000 -0.0353*  -0.0000
(0.0196)  (0.0000) (0.0197)  (0.0000)
80" - 90" decile -0.0781*** 0.0000 -0.0929%**  0.0000
(0.0221)  (0.0000) (0.0216)  (0.0000)
> 90" decile -0.2439*** 0.0000* -0.2866***  0.0000
(0.0297)  (0.0000) (0.0342)  (0.0000)

Table 7: Cumulative marginal effects of temperature and precipitation on income growth using NTL-
subset data, 6 lags. Robust standard errors in parentheses adjusted for two-way clustering at country
and region-year levels. *** significant at <1%. ** <5%, * <10%.



Unweighted Mean Population-weighted Mean

dg/dAT dg/dAP dg/dAT dg/dAP
<10™decile 0.8948 0.0084*** 0.9033 0.0084***
(0.6604)  (0.0015) (0.6623) (0.0016)
10™ - 20" decile 0.7580 0.0082*** 0.8253 0.0083***
(0.6263)  (0.0015) (0.6423) (0.0015)
20% - 30™ decile 0.6064 0.0080*** 0.7366 0.0081***
(0.5923)  (0.0015) (0.6217) (0.0015)
30" - 40™ decile 0.3891 0.0077*** 0.6214 0.0080***
(0.5412)  (0.0015) (0.5947) (0.0015)
40™ - 50™ decile 0.0902 0.0073%*** 0.3733 0.0077***
(0.4754)  (0.0017) (0.5394) (0.0015)
50% - 60" decile -0.3257 0.0067*** 0.0374 0.0072%**
(0.3915)  (0.0020) (0.4647) (0.0017)
60" - 70" decile -0.7137*  0.0062** -0.4592 0.0065***
(0.3272)  (0.0025) (0.3670) (0.0022)
70™ - 80" decile 1.0409*** 0.0057** -0.9898***  0.0058**
(0.2911)  (0.0029) (0.2953) (0.0028)
80™ - 90" decile -1.4147** 0.0052 -1.4089***  0.0052
(0.2782)  (0.0034) (0.2782) (0.0034)
> 90" decile -2.2589%* 0.0040 -2.2763**  0.0040
(0.3657)  (0.0046) (0.3691) (0.0046)

Table 8: Cumulative marginal effects of change in temperature and precipitation first differences on
income growth using Flights data, 6 lags. Robust standard errors in parentheses adjusted for two-
way clustering at country and region-year levels. *** significant at <1%. ** <5%, * <10%.



Unweighted Mean Population-weighted Mean

dg/dAT  dg/dAP dg/dAT dg/dAP
< 10" decile 227272 0.0007 -27316  0.0007
(2.7879)  (0.0010) (2.7791)  (0.0010)
10 - 20 decile -2.7583  0.0007 -2.7545 0.0007
(2.7286)  (0.0010) (2.7370)  (0.0010)
20" - 30" decile -2.7930  0.0007 -2.7638 0.0007
(2.6708)  (0.0010) (2.7193)  (0.0010)
30" - 40™ decile -2.8568  0.0008 -2.7727 0.0007
(2.5774)  (0.0010) (2.7036)  (0.0010)
40" - 50" decile -2.9168  0.0008 -2.7853 0.0007
(2.4875)  (0.0011) (2.6854)  (0.0010)
50 - 60™ decile -3.0536  0.0009 -2.8029 0.0007
(2.3733)  (0.0015) (2.6549)  (0.0010)
60" - 70" decile -3.1954  0.0011 -2.8673 0.0008
(2.3657)  (0.0021) (25607)  (0.0010)
70" - 80" decile -3.5958  0.0014 -3.0330 0.0009
(2.8758)  (0.0036) (2.3882)  (0.0014)
80" - 90" decile 39110  0.0017 -3.5842 0.0013
(3.5242)  (0.0047) (2.7370)  (0.0033)
> 90" decile -4.0973  0.0019 -4.2001 0.0019
(4.3884)  (0.0060) (4.7824)  (0.0066)

Table 9: Cumulative marginal effects of change in temperature and precipitation first differences on
income growth using NTL data, 6 lags. Robust standard errors in parentheses adjusted for two-way
clustering at country and region-year levels. *** significant at <1%. ** <5%, * <10%.
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Unweighted Mean

Population-weighted Mean

dg/dAT  dg/dAP dg/dAT dg/dAP
<10 decile 5.7531%% 0.0000%*  -57536%** 0.0000%**
(0.8954)  (0.0000) (0.9013)  (0.0000)
10 - 20 decile -5.6965%%% 0.0000***  -5.7231*%* (.0000%**
(0.8529)  (0.0000) (0.8733)  (0.0000)
20" - 30" decile -5.6557%% 0.0000%**  -5.7020*** 0.0000***
(0.8084)  (0.0000) (0.8529)  (0.0000)
30t - 40™ decile -5.5434*%% 0.0000%*  -5.6634** 0.0000%**
(0.7472)  (0.0000) (0.8236)  (0.0000)
40" - 50% decile -5.4589%%% 0.0000***  -5.5928%** (.0000%**
(0.6815)  (0.0000) (0.7578)  (0.0000)
50t - 60™ decile -5.3304*** (.0000** -5.4489%  0.0000%***
(0.5875)  (0.0000) (0.6689)  (0.0000)
60t - 70" decile -5.2145%* 0.0000* -5.2510%%*  0.0000%**
(0.5407)  (0.0000) (0.5601)  (0.0000)
70" - 80™ decile -5.1388*** 0.0000 -5.1013**  0.0000
(0.5371)  (0.0000) (0.5377)  (0.0000)
80" - 90" decile -5.0313** 0.0000 -4.9554*%  0,0000
(0.5679)  (0.0000) (0.5759)  (0.0000)
>90™ decile -4.5205*** 0.0000 -4.4368**  0.0000
(0.7302)  (0.0000) (0.7669)  (0.0000)

Table 10: Cumulative marginal effects of change in temperature and precipitation first differences
on income growth using NTL-subset data, 6 lags. Robust standard errors in parentheses adjusted for
two-way clustering at country and region-year levels. *** significant at <1%. ** <5%, * <10%.
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Figure 1: Scatter plot of income against temperature from flights data with 3rd-degree polynomials
fitted to indicated years.
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Figure 2: Scatter plot of income against temperature from nightlights data with 3rd-degree
polynomials fitted to indicated years.
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Figure 3: Effect of Temperature on Income Levels (thousands) using Airport Data
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Figure 4: Effect of Temperature on Income Levels (thousands) using Nightlights Data
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Figure 5: Effect of Precipitation on Income Levels (thousands) using Airport Data
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Figure 6: Effect of Precipitation on Income Levels (thousands) using Nightlights Data
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Figure 7: Marginal effects of temperature change on the income growth rate (population-weighted

data). Left column: 0-lag specification. Right column: 6-lag specification. Top row: Flights data.
Middle row: NTL data. Bottom row: NTL-subset data.
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Figure 8: Marginal effects of change in temperature first differences on the % income growth rate.

Left column: 0-lag specification. Right column: 6-lag specification. Top row: Flights data. Middle row:
NTL data. Bottom row: NTL-subset data.
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Figure 9: As for Figure 7 but using changes in Flight numbers (top row) and NTL counts (bottom
row) themselves as dependent variables rather than as predictors for changes in income.
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