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ABSTRACT

In this work we investigate the response of daily electricity peak load to daily maximum temperatures across
states in Europe and India. We propose a method that decomposes short- from medium/long-run effects,
retains the high frequency nature of the load-weather covariation and treats economic growth as a modulating
factor. By simultaneously exploiting variation in unexpected daily weather anomalies and decade-long climatic
changes in each location we decompose transitory - intensive margin - adjustments from permanent - extensive
margin - adjustments. We find that the shocks over the long-run differ substantially from the short-run
dynamics. Furthermore, we find evidence that per capita income modulates the adjustments over the short-
and long-run. We project that in response to climate change around 2050 the peak load may increase by up
to 20%-30% in Southern Europe and in several states in India, depending on the degree of warming and the
evolution of socio-economic conditions. Even with a limited scope to two world regions, we identify that the
structure of the economy and differences in future income growth matter in shaping the adaptation to climate
change. Our decomposition allows to identify how future weather anomalies can further amplify the relative
increase associated to the shift in the climate norm. Assuming that the interannual variability of maximum
temperatures follows the distribution observed in the past, we find a doubling of the impacts of climate change
during the summer in Europe. Uncertainty around the distribution of future weather anomalies may lead to
further unexpected peak load amplifications. Our results have important policy implications for power systems’
generation capacity, transmission and storage, as we show that the challenges to accommodate the peak load

in days with extreme temperatures may substantially increase already around mid-century.

1. Introduction

Electric power systems’ generation capacity, transmission, and stor-
age are designed to meet peak load, the maximum quantity of electric-
ity instantaneously demanded by grid-connected customers. Electricity
consumption is highly weather-sensitive (Yalew et al., 2020), with
demands for heating and cooling determining seasonal peak loads
(Boffmann and Staffell, 2015). Air-conditioning (AC) accounts for 30%
of peak demand in temperate and industrialized countries such as the
United States, and for 10% to 15% in tropical regions such as India,
Indonesia, and Mexico (International Energy Agency, 2018). Particu-
larly in emerging economies, AC adoption is expected to rise rapidly
due to the higher temperatures and growing per-capita income (Davis
et al., 2021; Pavanello et al., 2021). In this context, a major concern is
that the more frequent and intense extreme temperature events that are
projected in the near future (Seneviratne et al., 2021) will push energy
demand to levels that exceed system capacity more often, adversely

affecting electricity grids’ ability and reliability to deliver power, with
non-negligible implications for mortality and morbidity (Stone et al.,
2023). Key questions are thus the magnitude, character, and timing
of investments in electricity generation, transmission, and distribution
capacity that will be needed to accommodate the combination of these
short- and long-run adjustments, and what the implications might be
for future power system reliability and greenhouse gas (GHG) emissions
(Barnett and O’Neill, 2010). Load forecasting is fundamental to address-
ing these questions. In the short run, actual load exceeding forecasted
demand incurs costs in the form of balancing services, load shedding,
or, at worst, unplanned outages. Long-run peak load forecasts are
critical for planning generation, transmission, and distribution capacity
additions and retirements on multi-year horizons. While operational
forecasts only take into account historically-observed weather patterns
(Moral-Carcedo and Pérez-Garcia, 2017; Lindberg et al., 2019), empir-
ical projections of future electricity demand generally lack the spatial
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and temporal precision to inform power system planning (Deschénes
and Greenstone, 2011; Aroonruengsawat and Auffhammer, 2011; De
Cian and Sue Wing, 2019), or are limited in their ability to capture the
potential moderating effects of climate change adaptation (Wenz et al.,
2017; Auffhammer et al., 2017; Rode et al., 2021; Auffhammer, 2022a).

Empirical models that infer climate impacts from co-variation be-
tween economic outcomes and weather fluctuations may not accurately
capture the true long-run effects of climate change (Dell et al., 2014).
People respond to temperature shocks by adjusting their utilization of
energy-consuming capital goods such as AC. Changes in the utilization
of a capital good that is fixed in the short run are referred to as
the ‘intensive margin‘. Over longer time frames, repeated temperature
regimes that agents perceive to be climatic shifts can induce adjust-
ments in the possessions of durable stocks, e.g., households without AC
purchasing an air conditioner. Such adjustments are referred to as the
‘extensive margin‘ (Auffhammer and Mansur, 2014). Adjustments along
the extensive margin show their impacts over a longer period of time
and because capital goods are fixed character in the short run, actors’
responses to unanticipated weather shocks mostly through the intensive
margin.

Fine temporal scale co-variation between load and temperature
identifies the intensive-margin effects of transient extreme heat expo-
sures, conditional on electricity consumers’ adjustments to their utiliza-
tion of durable stocks that are quasi-fixed (Wenz et al., 2017; Auffham-
mer et al., 2017; Fonseca et al., 2019; Romitti and Sue Wing, 2020).
The central challenge is to identify simultaneous adjustments along
the extensive margin, i.e., consumer responses to average weather
conditions experienced over many years, in the form of new technology
adoption and/or adjustment of stocks of appliances with varying en-
ergy efficiencies—which are seldom directly observed (compare Davis
and Gertler, 2015; Auffhammer, 2022b). The framework proposed
by Auffhammer (2022a) quantifies extensive margin adjustments with
no information on the stock of appliances, but exploits cross-sectional
variation across several thousand households and henceforth relies on
rarely available large billing datasets.

In this paper, we propose a methodology to disentangle the
intensive- and extensive-margin adaptation components that are latent
in the relationship between electricity demand and temperature.

Departing from the common approach that treats economic, techno-
logical, and demographic trends as unobserved confounders (Auffham-
mer et al., 2017; Wenz et al., 2017), our strategy distinguishes the
responses of peak load to high-frequency transitory departures of
daily maximum temperatures from their climatic normal values (which
capture the effects of changes in appliance utilization) from those
to the low-frequency, interannual evolution of decadal average daily
maximum temperatures and per-capita income (which capture the
effects of growth, and/or improvements in the efficiency of, appliance
stocks). Our motivating hypothesis is that income affects consumers’
responses to climatic and weather shocks by determining their low-
frequency adjustment of energy-using capital goods like appliances
and air conditioners, and the high-frequency intensity of utilization
of those durables. We couple the resulting short- and long-run elec-
tric load responses to temperature with projections of mid-century
changes in daily maximum temperatures simulated by 25 global cli-
mate models (GCMs) to elucidate the potential future intensive- and
extensive-margin effects on electricity consumption in Europe and
India.

2. Modeling climate adaptation: Conceptual and empirical frame-
works

The total load on the power grid results from the electricity demand
that is unrelated to ambient weather or climate conditions (e.g., cook-
ing, manufacturing processes) and from electricity usages that are
sensitive to meteorological conditions (e.g., operation of electrical heat-
ing, ventilation and cooling assets). Peak weather-sensitive electricity
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demand (g) can then be decomposed into a long-run extensive margin
and a short-run intensive margin component (¢; and g;, respectively):

q9=/Qg.qr) (@)

What varies along the extensive margin includes the size (@) and the
technological characteristics (9) of the space conditioning appliances,
as well as their average level of utilization (). Per capita income (Y)
and expected climate conditions (C) come into play by influencing all
these three elements:

qg = a(C,Y) - 9(C,Y)-u(C,Y) = h(C,Y) (2)

We assume that changes along the intensive margin only occur
when the weather realization (7T") diverges from the expected climate,
E[T|C] # C. We define the divergence of weather from the climatically-
determined mean as an unanticipated weather anomaly (w = E[T|C] —
C). Such divergence induces adjustment along the intensive-margin via
changes in the utilization of the fixed stock of assets. The short-run
effect is constrained by the fixed durable stocks (a) and their average
use patterns (5), while income facilitates the degree of actual utilization
in response to anomalies w:

qr=a-9 u@Y)=g(C.Y,w;h(C.Y)) 3)

Under the assumption of linear additivity, total electricity demand can
be decomposed as follows:

q=hC,Y)+g(C,Y,w;h(C,Y)) 4

which highlights the challenge of empirically disentangling the com-
mingled effects of weather and climate.

Existing empirical modeling strategies address this challenge by
following three broad categories of approaches (Dell et al.,, 2014;
Kolstad and Moore, 2020). Cross-sectional approaches measure long-
run adaptation by directly estimating a climate response function across
locations characterized by different average climates. The specification
is essentially a time-averaged approximation of Eq. (4) at different
cross-sectional units (i):

7, ~ h(C,Y) +g(C,Y;;h(C,,Y,) sa)
= g, = f(C,) + controls, + ¢, )

where overlined variables indicate averages over time. The underlying
assumption is that welfare-maximizing agents will have fully adjusted
their asset stocks, and utilization of them, to the mean climatic condi-
tions they face (Mendelsohn et al., 1994; Schlenker et al., 2005). The
well-understood drawback of this approach is its inability to control for
time-invariant factors that are jointly correlated with the climate and
the outcome variable, with the potential for omitted variable bias.
The second category is cross-section/time-series, or panel, models
that exploit deviations of instantaneous weather from the location-
specific average of weather over time, while the differences in climate,
constant over time, are captured by location-specific fixed effects (De-
schénes and Greenstone, 2011; Schlenker and Roberts, 2009), as shown
in Egs. (6a) and (6b). The advantage of this approach is the ability
to control for idiosyncratic, time-invariant, locationally-varying shocks
through the inclusion of cross sectional and time fixed effects (y; and
o,, respectively). This approach has been widely used to investigate
residential energy demand responses to temperature (Deschénes and
Greenstone, 2011; Aroonruengsawat and Aufthammer, 2011; Auffham-
mer et al.,, 2017; Wenz et al., 2017). This approach is also vulnerable
to the omission of time-varying factors that influence energy demand
and are correlated over time with temperature (Hsiang et al., 2016).
Moreover, the effects of low-frequency variations in the climate or
climate-adaptive behavior over the cross-section is not identified due
to collinearity with the fixed effects. The resulting responses identified
out of inter-annual variations should be interpreted as the short-run
intensive-margin adjustments that do not account for the consequences
of more gradual extensive-margin adaptation. Non-linear specifications
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of the weather variables, f(T), allow the marginal effect of a given
amount of warming to vary locationally (Schlenker and Roberts, 2009,
2006), but the identified effects are still a combination of long- and
short-run responses (Kolstad and Moore, 2020):

gy —4; # W(T;,; — T, Y- Yo+ &, — T, Y, - Y T, - T, Y- Y))
(62)
=Gy = f(Tn) +u+o,+e;, (6b)

A number of studies adopt hybrid approaches that aim to identify
the impact of climate while still controlling for unobservable confound-
ing variables, using a variety of methods (Kolstad and Moore, 2020).
Two-stage, meta-analytic approaches (Butler and Huybers, 2013; Car-
leton et al., 2020; Auffhammer, 2022b) estimate, first, outcome vari-
ables’ linear responses to weather over time for various locations, and,
subsequently, the value of estimated weather coefficients as a func-
tion of climate using cross-sectional regressions. Distinctly, estimations
based on long-differences (Burke and Emerick, 2016; Moore and Lobell,
2014), exploit the observations of medium-run change across locations
over multiple periods and compare the effect on the outcome variable
of such medium-term climatic changes to the effect of interannual vari-
ations. While differencing removes the effect of time-invariant biases,
flexible time trends control for further omitted variables that affect both
the trend in weather and outcome. Estimations following the inclusion
of such controls gain statistical power from the effect of idiosyncratic
variation in the long-term trends around the average (Kolstad and
Moore, 2020).

Dynamic error correction modeling has sought to simultaneously
identify temperature’s effects on both long-run equilibrium energy
demand and short-run adjustment towards that equilibrium (De Cian
and Sue Wing, 2019).

Other approaches based on heterogeneous marginal effect frame-
works identify adaptation by including a set of interaction terms that
modulate the relation between the outcome and weather either though
a cross-sectionally varying parameter. Examples include cross-sectional
averages of climate as in Rode et al. (2021), Carleton et al. (2020),
dummy variables grouping units by level of development as in Burke
et al. (2015), or time-varying factors, such as income per capita levels
as in Rode et al. (2021), Carleton et al. (2020). The modulation term of
climate can be included only as a interaction parameter because of its
perfect collinearity with the fixed effects ;. This specification can be
generalized as an approximation to Eq. (4) that provides heterogeneous
values of the intensive margin response over different average climatic
cross-sectional exposure:

4 = H(C,,Y ) +g(T;,, Y s h(C., Y ) (72)
=24, =TT+ CT)-Cot fYT) Y+ +0,+¢, (7b)

The justification for the heterogeneous marginal effect approaches
is that over the period of the sample there is not a sufficiently large
within-unit variation in climate for the purposes of identification.
Moving away from such assumption, Mérel and Gammans (Mérel and
Gammans, 2021) and Bento et al. (Bento et al., 2020) use panel data
and partition the variation in weather into a slowly-moving climate
exposure (5), where C identifies a form of time smoothing, such a
multi-year moving average, and short-run weather deviations from it
(w), using the two distinct variables to jointly to estimate the effects of
respectively long- and short-run effects:

5 _ Tk T

G, = Sk it ®

k
w, =T, -C, ©

where: i indexes the unit, t indexes the time step, k indexes the moving
average window.

The identification of any statistically significant adaptation adjust-
ments is explicit since it is derived directly from the difference between
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the responses to weather shocks and climatic changes (Bento et al.,
2021). Most importantly, since adaptation in the response is measured
by the progressive adjustments of the same economic agents, this
unifying approach does not require extrapolation over time and space
to infer adaptation. The effect of weather shocks and climatic variations
are identified by the variations over time in each location, that is the
climate variable evolves not only across locations but also over time
in each given location. The partitioning method proposed by Bento
et al. (2020) can be straightforwardly applied to investigate differences
in the intensive and extensive margins as theorized in Eq. (4) and to
separate the effect of C and w on g, identifying in the same equation
the slowly evolving behavior resulting in the extensive margin effect
and the instantaneous constrained adjustment resulting in the intensive
margin effect.

Here we also aim at identifying the effect of socio-economic devel-
opment. Considered as a non-temperature confounder, socio-economic
development is typically removed through low frequency controls such
as polynomials functions of time trends (Auffhammer et al., 2017;
Wenz et al., 2017) or year dummies in a semi-parametric framework
(Romitti and Sue Wing, 2020). Here we assume that we can identify
the separate effects of a slowly moving socio-economic driver such as
per capita income (¥) on i) agents’ ability to adapt to climatic changes
through progressive accumulation of an assets a and ii) the adjustments
to weather anomalies though a more intensive use of a. Note that this
approach differs from the one adopted with Eq. (2), since the latter only
provides a quantification of marginal effect of per capita income on
the intensive margin adjustments, once the cross-sectional, long-term
climatic effects on the intensive margin have been removed through a
separate interaction effect.

We account for the influence of per capita income on both the in-
tensive and extensive margin adjustments, and formulate an empirical
specification that allows to adequately tests the model described in
Eq. (4):

qiy N h(ci,p er) + g(C,-’t, @; 15 h(ci,p Y,;)) (10a)
=4, = S(C )+ [Y(C) - Y+ 2(w) + 2 (@) Yy, + py + 0, + €,
(10b)

3. Data and methods

3.1. Data

We adopt two mixed-frequency panel data-set covering, respec-
tively, 28 European States over the period from 2006 to 2019 and
30 Indian States over the period from 2013 to 2019. The data-set
include: (i) daily peak and total electricity load; (ii) daily population-
weighted exposure to maximum temperatures, computed from hourly
near surface temperature data at 0.25 degrees gridded resolution from
ERAS reanalysis (Hersbach et al.,, 2020); (iii) yearly state-level per
capita GDP (Anon, 2021a,b). Data for 28 European States is taken from
the European Network of Transmission System Operators (ENTSO-E),
while data for 30 Indian States is collected from the Power System
Operation Corporation (POSOCO). Actual total load is defined as the
sum of power generated by plants on transmission networks, net of
the balance (export—import) of exchanges on interconnections between
neighboring bidding zones and the power absorbed by energy storage
resources. The total load represents the power demand on the trans-
mission and distribution networks, while any power demand served
by distributed networks is not included in the statistics. Distributed
generation reduces our measure of the total load at times of high
generation from renewables. Despite such difference, throughout the
paper we refer to load and electricity demand interchangeably.
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3.2. Empirical models

Our empirical approach relies on two key elements. The first is the
decomposition of the meteorological variable, daily maximum temper-
atures T, into two components: long-run climate normals and weather
anomalies defined as deviations from those norms. We measure the
climate normals (CN‘,v,d) as the 30-year moving average of the daily
maximum temperature. For every day in the sample, 5“1 combines the
information of the weather realizations of the previous 30 years in that
same calendar day'. The adoption of a moving average assumes that
individuals and firms respond to information on climatic variation they
have observed and processed over the years’. The weather anomaly
(w,) is computed as the deviation of daily maximum temperature from
the 30-year average of maximum temperature. Weather shocks are
computed as the difference between the observed weather exposure and
the exposure expected by economic agents in each specific calendar day
in the year:

v Tha

~ n=j-31

B(T,1C) = Cy = =52 an

0 g =T q—Ciy (12)

where: i indexes the State, d indexes the day, j indexes the year.

The second key element of our empirical approach is the estimation
of the intensive and extensive margin components in the same equation
by: i) exploiting variations that evolve slowly over time in each location
to identify the average impact of long-run climatic changes, while
controlling for time-invariant and time-specific observable variables
though the fixed-effects; ii) retaining the high-frequency nature of the
load-weather co-variation to capture fast responses of peak load to
unexpected weather anomalies.

We characterize the response of per capita daily peak load to climate
and weather anomalies by estimating a fixed-effect panel model in each
of the two macro-regions, Europe and India. Variables are observed in
State i and day d. For the clarity of notation, equations below omit
regional and the time indices.

We test a first “naive” model specification including as main interest
variable the observed daily maximum temperature exposure, binned
into jth intervals (T;). Temperature bins are a semi-parametric function
that is widely adopted in order to capture non-linearities through the
inclusion of piece-wise linear variables (as in Deschénes and Greenstone
2011, Auffhammer et al. 2017, De Cian and Sue Wing 2019Wenz et al.
(2017)). The identification strategy relies on contemporaneous weather
realizations, as previous panel studies (Wenz et al., 2017; Auffhammer
et al., 2017). The effect on electricity demand in measured exclusively
by the deviation of observed temperature from its local average value,
and therefore f; identifies shocks which are informative of the average
short-run response across locations. Controls include per capita GDP
and a matrix N including time and unit fixed-effects and a set of
calendar dummies, see Eq. (17a).

The preferred specification uses two sets of covariates: i) the 30-year
moving average of daily maximum temperature exposure binned into
kth 3 °C intervals, denoted by the dummy indicators D, ,; ii) the daily
departure from these long-run averages, captured by the positive and

1 In an alternative specification we construct a monthly average of the 30-
year moving average of daily maximum temperatures, in order to test if the
inter-annual variation of our climate variable at different frequencies (daily
or, alternatively, monthly) could affect the results. We find similar results for
both specifications (see Supplementary Table 4 and 7), and therefore rely on
the more general specification using a day-specific climate variable.

2 We test alternative measure relying, respectively, on 10 and 20 years
moving averages, finding negligible differences in the econometric model.
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negative temperature anomalies, »}, and ], respectively’. We sort

each daily observation into bins with a specific equidistant cut off of
3 °C and assign a value of one if daily average temperature falls in a
given range*

D{ = 1[T; € (T Ty)] (13)

kEurore e 40,0-3,...,27-30,)30}, k"9 e {(12,12—-15,...,30-33,)33}
a4

DS = Uy € Ty Tyl (k) € 1(12,)24) @ € {wpy w},)  (15)

wy, = Cia = Tia- T<C"’7 (16)
0 otherwise

4 {Ti,d - ﬁi,ds T> Ei,d
wT =

ind 0 otherwise

The effect of the weather anomalies from the climate is conditional
on the temperature level. A given anomaly (e.g. +/- 1 °C) in a day
with a hot climate norm (e.g. 28 °C) affects the response of the load
demand differently than what the same anomaly does in a day with
a cold climate norm (e.g. 12 °C). Therefore, weather anomalies are
included in the equation through an interaction term with the climate
variable, providing a flexible and asymmetric modulation of the linear
piece-wise response of load (17b).°.

Note that in Eq. (17b), income, measured by the logarithm of per
capita GDP in the previous year, y, has no effect on the shape of the
temperature response: it is simply a non-linear control that captures
the adjustment of consumers’ low-frequency conditional mean level
of demand. In a set of alternative specifications we test if per capita
income, affects the response of electricity demand to the climate and
weather anomalies. In Eq. (17c) per capita income is assumed to
interact only with the response of demand to climatically determined
diurnal temperature maxima. This captures the situation in which
the normal temperature regime induces agents to invest in stocks of
energy-using space conditioning durable, but the extent to which agents
respond through actual stock adjustments and average utilization levels
is constrained by their income (as in Eq. (2)). The final specifica-
tion includes a further interaction term between income and weather
(Eq. (17d)), allowing to test the hypotheses that agents’ ability to afford
a more intensive use of existing energy-using stocks under a positive or
negative temperature anomaly depends on their income (as in Eq. (3)).

g= ZykTD£+ﬂYy+NﬁN+el (17a)
k

3 An alternative specification uses month- (D,;,) rather than calendar
day-specific (D,,,) variations in average climate. As we find no substantial
differences between the two specifications, results are presented for the
higher-frequency daily variable

4 We conduct a set of robustness tests by adopting different cutoffs, ranging
from 1.5 °C to 5 °C. We also test the reference temperature bin representing
thermal comfort, by excluding from the regression equation alternatively the
bins of the interval 15 °C-18 °C, 18 °C-21 °C and 21 °C-24 °C. We evaluate
the performance of the different alternatives based on standard performance
metrics (AIC, BIC) and find that the specification based on 3 °C is the one
obtaining the best scores. The selected thermal comfort interval for Europe is
18 °C-21 °C while for India is 21 °C-24 °C.

5 In order to reduce the number of variables included in the model, we test
two alternative specifications: one in which weather anomalies are interacted
with all climate bins & (see the Supplementary Informations) and one in which
weather anomalies are interacted with two aggregated bins p capturing only
the exposure to climatic norms below 15 °C and above 24 °C for Europe
and below 15 °C and above 27 °C for India. As both specifications lead to
very similar results (see the Supplementary Tables 3-6), we rely on the latter
specification, providing a more aggregated but sufficiently flexible response
function to weather anomalies. The results of all specifications are provided
in the Supplementary Material (see the Supplementary Tables 1-7).



F.P. Colelli et al.

a=Y (:C) D + Z DS, [te] + 87y + 57T NN+ ey (A7)
K

q= 2 (rE +By) DC + 2 Dp(k) [( (k))w] + B y+ Y+ NBN + 5
3

(17¢)

0= X0E + s + 2 DS, [0+ Bgmue] + 57 v+ 977 52

+NpN +¢4 (17d)

The coefficients ykc capture the potentially nonlinear peak load
response to climatically determined daily maximum temperature, while
the coefficients VZV capture the potentially asymmetric response of peak
load to differences between each day’s maximum temperature and the
long-run normal maximum. The modulation of per capita income on
the effects of climate and weather anomalies is estimated though the
interaction coefficients ﬂk s ﬁ'W The matrix N includes time and unit
fixed effect, controlling, respectlvely, for unobserved unit-invariant and
time-invariant confounders, as well as day-of-the-year, weekly, monthly
and yearly fixed effects, to control for calendar and seasonal effects
unrelated to temperature variations. Equations are estimated by OLS
using White standard error robust to heteroscedasticity and, alterna-
tively, Newey-West standard errors accounting for serial correlation.
Our identification strategy allows to test if the response of ¢ to a
given observed maximum temperature 7' = C, + @), combining the
extensive margin adjustment to C, and the intensive margin adjustment
t0 @, y:

Yo PGy #re By w(rg + B y) (18)

In particular, if peak load response under a hotter climate C, is
higher than its response under the combination of the colder climate
C,s and the positive anomaly w,/, it suggests that adapting to the hotter
climate increases the sensitivity of energy demand to temperature (for
instance due to a variation in the stock of cooling appliances). The
opposite would suggest that adapting to the hotter climate decreases
the sensitivity of energy demand to the same observed maximum
temperature T (for instance due to acclimatization or energy efficiency
effects). A graphical representation of this comparison is provided in
Fig. 1, for the case T = 30 °C, Cpy = 27 °C, w,ys, +3 °C and C;, =
30 °C.

3.3. Climate change impact projections

For the projection component of our analysis, we use future esti-
mates of global population and GDP downscaled to X-Y° grids from
(Olen and Lehsten, 2022) and Murakami et al. (2021), respectively,
developed in accordance with the shared socioeconomic pathway (SSP)
scenarios. CDDs and daily maximum temperatures in current and mid-
century climates are estimated using the outputs of 29 global climate
models (GCMs) participating in the Coupled Model Intercomparison
Project, Phase VI (CMIP6) (Eyring et al., 2016). Specifically, we use
GCM-simulated daily temperature fields for moderate (SSP2-RCP45)
and vigorous (SSP55-RCP85) warming scenarios that are bias corrected
and downscaled to a 0.25° grid, from the NASA NEX-GDDP-CMIP6
dataset (Thrasher et al., 2012, 2022).

Baseline per capita peak electricity demand in 2050 is computed
for each grid-cell by coupling the estimated income elasticities (¢ and
n) with the income per capita variations from 2010 to 2050 and the
season-, month-, weekday- and country-specific fixed effects, in order to
construct a baseline peak load profile specific for each day of the year.
The second stage of our analysis combines the estimated parameters
ka and ﬂkC with climate change projections and per capita income
projections, to estimate the impacts on the peak load of mid-century
temperature increases along both the intensive and extensive margins.
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We use representative 5-year periods from the current (2010-2014)
and mid-century (2055-2059) epochs. Within each epoch we compute
at the grid cell level (i), for each day (d), the contemporaneous max-
imum temperature interval, CC“’ and CF ufFollowing Maraun (2016),
climate change-driven temperature ShlftS were estimated by calculating
the differences between simulated daily maximum temperatures over
the historical and future epochs, and adding these ‘“deltas” to the
corresponding series of historical observations recorded in ERAS5. The

Cur

resulting synthetic series for the current and future epochs, C;;, , and
——Fut . . . .
Cia *, are then used to project the concomitant impact on daily peak

load (w) in conjunction with Eq. (17d):

~T ~ —~ ~
exp [Ek 7€, CFut 4 3, jC, (lem . ;Fut) + l’ﬁ’y]—‘ut]
19

vj =
T .
exp [Zk YR+ i POk (CCW NC'”) /finC'”]

Eq. (19) is computed using each GCM’s simulated output at the grid
cell level (i) for the 5y epoch and constituent days (d), respectively. We
leverage our observations of historical average per capita demand for
i European countries and Indian states to aggregate the shocks using
future gridded population, 77, as follows:

v = Zg(i) Zd l//dﬁ,-,ﬁg‘” (20
b X Za diamEm

We decompose the variation in the additional electricity used for
thermal comfort into the fractional effect of: i) the change in climate
when actors are constrained by the current per capita income level
(imensive). the additional change resulting from the concomitant fu-
ture climate and future per capita income (¥¢¥¢"sive), We derive the
amplification effect of future positive (z*) and negative (z~) weather
anomalies on the peak load with respect to the historical climate based
on Egs. (21) and (22), respectively.

T~ —~
exp [Zk 7€ Ry B, (CFu! Fw) + 30 D:(’ll()(y[;u(k))W+ + 5 Fm]

7l'+=

T ~ ~
exp [Ek 7€, Cr 43, BT, (CCur . ;Cur> + ﬁy;,Cur}

(21)

T~ ~ o .
exp [Ek 7€, CFu 4 3, T, (C’"“’ . yrm) + X0 D;Zz)(y;k))w +1§Yyl-m]

=

exp [ B G0 3, 7 (o o) ]
(22)
4. Results
Short- and long-run response functions

We find evidence of a statistically significant, U-shaped, relationship
between peak electricity demand and the slowly varying climate expo-
sure to maximum temperatures (see Supplementary Tables 1-7 in the
Supplementary Material). The spline function resulting from the com-
bination of the coefficients of the climate intervals (y,) increases more
sharply in the temperature range for cooling services (around 24 °C
and above) than for heating services (around 12 °C and below) both
in Europe and India. The long-run response of the peak load to a shift
in the climate from the reference interval to maximum temperatures
above 30 °C is considerably higher in Europe (a 30% increase) than
in India (an 11%-18% increase respectively in the intervals 30 °C -
33 °C and above 33 °C), when per capita income is fixed at the median
level (black lines in the central panel of Fig. 2). In both Europe and
India the long-run exposure to cold temperatures increases the peak by
around 8%-10%. In India the left-arm of the response derives from the
exposure to mild temperatures around 10 °C - 15 °C, suggesting that
the underlying end-uses driving the shock are unrelated to residential
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Fig. 1. Stylized short-run and long-run responses. Panel a shows a stylized distribution of daily maximum temperatures in a given calendar day, characterized by a mean value
equal to C, and a weather shock equal to W), leading to an observed daily maximum temperature equal to 7,. Panel b shows how a shift in the stylized distribution of daily
maximum temperatures translates into a variation in the local climate from C; to C. Panel c¢ shows the load change due to the extensive margin response to C, and the intensive
margin response to W;. Panel d shows the load change due to the extensive margin response to C, alternatively higher (b) or lower (c) than the response in Panel C.

heating services and may derive from seasonal shifts in the power
consumption of the agricultural and industrial activities that could not
be captured though the fixed effects (such as the usage of ground water
irrigation through electric pumps (Balasubramanian and Balachandra,
2021)).

In our preferred specification the long-run spline function is modu-
lated by the short-run adjustment effect triggered by weather anomalies
through the coefficients y:V. The peak load response associated to
any given maximum temperature realization 7' is not unique, but it
depends on the underlying combination of the expected climate ¢ and
weather anomalies w. For any given T > 24 °C the long-run response
lies above the set of short-run responses (colored scatters in Fig. 2):
in other words, when the peak load is allowed to adjust in the long-
run though the extensive margin, its sensitivity to hot temperatures
increases. This result suggests that increasing air-cooling appliances’
adoption is the driving underlying adaptation strategy to cope with
an hotter climate. For any given T < 15 °C the /ong-run response lies
within the set of short-run responses, suggesting that the sensitivity of
peak electricity demand to heating needs may be reduced over time.
Variations over time in the energy efficiency of appliances and better
home insulation may be factors that contribute to such effect®. Per
capita income modulates both the long-run response of the peak load
across the full set of bins k, and the short-run response to positive
weather anomalies occurring above 24 °C for Europe and 27 °C for

© The set of short-run responses is computed for each maximum temperature
bins 7, (with a 1 °C interval width) by taking into account any combinations
of C and o observed in the sample that would result in a value within 7,. In
other words, the distribution of the observed C and w in the sample is used
to construct the distribution of possible short-run responses for any given T,.

India, altering significantly both the short-run and long-run responses
(Fig. 2). The shocks associated with maximum temperatures above
30 °C in Europe and above 33 °C in India more than double when
per capita income shifts to the 75th quantile (12,000 USD/year for
Europe and 1,100 USD/year for India) from the 25th quantile (37,000
USD/year for Europe and 2,700 USD/year for India). We find that
the high-income response of India approaches the low-income response
of Europe, despite the large differences in nominal income per capita
between the two regions.

Regional impact of climate shifts and weather anomalies

The shift from the historical daily maximum temperature exposure
to the future climatic exposure around 2050 triggers a change in the
long-run - optimal - response of the peak load. When we aggregate
the shocks from the gridcell-level to the macro-regional level, we find
a long-run increase of the peak load of up to 12% in Europe and
15% in India (black line in Fig. 3, Panel a) under the RCP 5-8.5
(differences across SSPs and RCPs are presented in the Supplementary
Material). The long-run shocks, that represent the adjustments driven by
slowly changing climatic exposure and include the amplification effect
of income growth (see Eq. (17d)), are roughly two times larger than
the shocks computed based on the naive weather response function
(Eq. (17a), dotted line in Fig. 3, Panel a). Taking into account the
latent, extensive margin, adjustments changes considerably the pro-
jected impact of climate change on the peak load. On top of the shift
in the climatic norm, we quantify the additional influence of future
positive and negative anomalies from that norm. In other words, we
consider how the peak load responds not only the shift in the mean
of the distribution (based on the extensive margin response) but also
to the dispersion around that mean (based on the intensive margin
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Fig. 2. Long- and short-run adaptation responses to maximum temperature exposure by per capita income quantile. The long-run adaptation response (black line) is presented next
to the short-run response for each 1 °C bin of maximum temperature exposure (colored scatters). The range of short-run responses is computed, for each 1 °C bin of maximum
temperature exposure, from the distribution of the weather anomalies and climate norms in the two regions’ samples. Coefficients are estimated though Eq. (8)-d.

response). We estimate the additional impact of the occurrence of
weather anomalies by computing the standard deviation of all future
maximum temperatures anomalies for any given calendar day and
location (projected by 25 GCMs in each calendar day for the period
2040-20607). Light red (blue) shades represent the resulting shock ob-
tained by adding (subtracting) one standard deviation of the anomaly to
the climatic exposure, in each calendar day. We find that the pressures
on the electric grid can be greatly amplified by the combination of
shifts in the mean climate and weather anomalies®: positive weather
anomalies can result in a peak load shock of 20% in both Europe and
India under the RCP 8.5.

Patterns in the North-South gradient

The impact of climate change on peak demand across the two
regions is affected by the seasonal and geographical heterogeneity
across states. In Europe, a predominantly temperate region, we identify
a strong North-South gradient: Northern European countries experience
reductions in the peak load of up to —20% due to milder winters,
while Southern countries experience an exacerbation of summer peaks
of up to 20% (33%), excluding (including) the additional effect of

7 For any given calendar days in any location, the distribution of weather
anomalies from the climate norm comprises 420 values

8 The additional intensive margin component is computed assuming that in
a given calendar day all locations experience a temperature which is equal
to the climate norm plus/minus one standard deviation of the maximum
temperature projected in the years 2050 to 2059, meaning that we show a
scenario in which in the same day everywhere in Europe and India weather is
warmer than the 30 years’ average. The aggregation from grid-cell to country
shocks is based on population share, as we assume that power demand within
a country is exactly proportional to its population. The aggregation from the
National to the regional level is based on the share of National peak demand
over the regional total in 2019.

positive weather anomalies (Fig. 4, Panel a). A similar gradient is
present in India, a predominantly tropical region, where states located
in the Northern areas (Jammu and Kashmir, Himachal Pradesh, Sikkim)
experience reductions in the peak load in the winter but, at the same
time, non-negligible increases in the peak load in the summer. A second
group of States located in the Central ans Southern regions experience
a similar evolution of shocks, mostly happening after the end of the
dry season (December-March) (Fig. 4, Panel a). Delhi and Goa are the
states with the highest relative increase in daily peak load, reaching
values around 30% (33%), excluding (including) the additional effect
of positive weather anomalies. The difference in the extent of the
gradient in Europe and India derives from the inherently different
tropical and temperate climates in the two regions, which are reflected
also in the reduced-form responses of peak load. We find that in areas
close to the equator the response to heat is characterized by an almost
monotonic function, given that the range of the daily average maximum
temperatures distribution, between 24 °C and 40 °C, corresponds only
to the rightward arm of the response function identified for India. On
the other hand, in temperate regions the response exhibits the typical
U-shaped form as the daily average maximum temperatures distribution
ranges from roughly 0 °C to over 30 °C. This difference results in a
weakening of the North-South gradient when extending towards the
tropics, as the heterogeneity in the response across regions saturates.
In other words, we show that the gradient effect is not monotonically
increasing all the way to the equator.

Increase in the annual peak capacity

Although we project the amplification in the peak load over the full
extent of a year, capacity planning relies on the long-run projections
of the maximum peak load in a year (henceforth “annual peak”). Here
we provide a quantification of the annual peak around 2050 due to
both socio-economic growth and climate change. The variations in per
capita income and population from the current period to 2050 trigger
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Fig. 3. Macro-regional peak load response due to climate change around 2050 under RCP 5-8.5. Panel a: Percentage increase in the peak load due to mean climate shifts in
each day of the year circa 2050 for each of 25 GCMs (scatters) and mean across GMCs (black lines). The mean shock based on the model with climate coefficients (solid black
line) is compared to the mean shock based on the weather model (dotted black line). Panel b: Percentage increase in the peak load due to the combined effect of mean climate
shifts (solid black line) and weather anomalies (colored shades). Light red (blue) shades represent the weather anomaly component obtained by adding (subtracting) one standard
deviation of the daily maximum temperature from the climatic exposure, computed for each calendar day, as the mean across 25 GCMs.
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Fig. 4. Panel a: Peak load shock induced by climate change shifts, by day of the year circa 2050 under RCP 5-8.5. The values correspond to the mean across 25 GCMs. Panel b:
Annual peak load in 2050, decomposed between four additive components: i) historical annual peak load (highest level observed in the time series), ii) additional increase due to
the income per capita growth, under the RCP 5-8.5., iii) additional increase due to climate change and iv) due to a positive weather anomaly, under the RCP 5-8.5.

an increase in the future annual peak that is independent from the
influence of climate change (“socio-economic driver”). The baseline an-
nual peak in 2050 increases considerably with respect to the historical
level in the Indian states experiencing large growth in both per capita
income and population. In India, we project that an additional 185 GW
of annual peak demand will be required (a 140% increase from the

historical annual peak), while 80 GW will be required in Europe (a 19%
increase from the historical annual peak), under the RCP 5-8.5. The
impact of climate change on the maximum annual peak load derives
from the combination of two different drivers: i) the climatic shifts in
the moving average of daily maximum temperatures; ii) the additional
peak demand due to future positive weather anomalies departing from
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the average climatic exposure(Fig. 4, Panel b)°. Together, the shifts in
the climate norm and weather anomalies account for an increase in the
annual peak of roughly 20 GW in Europe and 60 GW in India, mostly
due to the additional requirements in a handful of Southern European
states (Italy 8 GW and Spain 6 GW) and Indian states (Maharashtra 12
GW, Gujarat 9 GW, Tamil Nadu 6 GW). The additional annual peak
is indicative of demand-side shocks prior to any market adjustment.
The analysis of the implications of such ex-ante demand shifts on the
supply-side (i.e. on electricity generation, dispatch and transmission)
requires the adoption of power market and capacity expansion models
that fall beyond the scope of this study.

5. Discussion

A small number of studies indicate how the peak load of developed
countries responds to intensive margin adjustments. In the United
States, the peak load is expected to vary due to increases in daily
average temperatures by moderate and heterogeneous changes, with
an average increase of 3.5% (9.6%) under the RCP 4.5 (RCP 8.5) by
2100 (Auffhammer et al., 2017). In Europe, substantial heterogeneity
across regions has been identified, with shocks as low as —4% (—6%) in
Northern countries and +4% (+8%) in Southern countries around 2050
(2100) under the RCP 8.5 (Wenz et al., 2017). The range of shocks
provided for the European countries in Wenz et al. (2017) is in line
with our projections based on the model specification excluding any
long-run adjustment or per capita income modulation effect (a 5% to
8% increase in the peak load in Western and Southern European states
in 2050 under RCP 8.5, see Supplementary Figure 3). Our specification
based on the extensive margin provides substantially higher relative
changes in peak demand already around 2050, due to the long-run
adjustments to climate and the additional short-run adjustments to
weather anomalies. Our results shed light on the fact that changes
in electricity demand due to climate change adaptation are going to
be driven by movements along the extensive margin, a component
disregarded by the previous studies based on peak load data (Wenz
et al., 2017; Auffhammer et al., 2017) and that has been addressed
more often by studies exploiting billing data and households’ informa-
tion (Auffhammer, 2022b; Davis and Gertler, 2015)). Our projections
are inclusive of the amplification effect of per capita income on the
sensitivity of peak load, an effect that has so far been identified only
by studies using more aggregated energy statistics (Rode et al., 2021;
Colelli and Mistry, 2022) or micro-level surveys (Pavanello et al.,
2021).

Colelli et al. (2023) is the only study directly comparable, as it pro-
vides an estimation of the effect of adaptation on the peak load through
future variations in residential AC ownership (i.e. directly measuring
extensive margin adjustments), using a dataset with similar geographic
and temporal scope. With respect to Colelli et al. (2023), the relative
increases of the peak load we project have a similar magnitude in both
Europe and India, pointing to the adequacy of our income-modulation
and long-run climatic effects as proxies for extensive margin adjust-
ments when data on AC is not available (see Supplementary Figure
4). Nevertheless, some differences between our projections and Colelli
et al. (2023) arise, as the former appear to be higher than the latter in
colder states (such as Germany and France) while higher in hotter states
(such as Italy and Spain). Such differences might arise because future
income per capita amplifications increase the sensitivity of the peak
load to both hot temperatures and cold temperatures, while in Colelli
et al. (2023) AC ownership amplifications only affect cooling demand.
Furthermore, peak load shocks in Colelli et al. (2023) are based on
variations in residential AC ownership rates, while our shocks are based

9 Results of the state-level peak capacity projections around 2050 by SSP
and RCP are provided as a Supplementary Data file.
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on income and climatic variables that capture economy-wide extensive
margin adjustments.

Through the decomposition between climate and weather anoma-
lies, we obtain a long-run response to high temperatures that is the
outer envelope of short-run possibilities, a result that is in line with al-
ternative methodological frameworks measuring adaptation with panel
data (Mérel and Gammans, 2021). Note that while Mérel and Gammans
(2021) develop a framework that by design imposes that the long-
run curve lies above the short-run curve, we do not impose any such
restriction. As a result, we find that: i) the long-run peak load response
for heating services lies within the short-run response, pointing to an
attenuating effect over the long-run; ii) the long-run peak load response
for cooling services is always above the short-run response, and we
explain this adaptation dynamic by the fixity of cooling appliances’
purchases in the short-run. Although we cannot identify the specific
end-uses underlying the short- and long- term responses, the drivers of
such adjustments can in part be attributed to shifts in the residential
and commercial sectors’ adaptation actions, ranging from adoption of
new appliances to efficiency improvements and changes in buildings’
insulation. Lack of information on the sector-level high-frequency elec-
tricity demand prevents us from identifying adjustments that separate
buildings’ cooling and heating demands from weather-sensitive end
uses in other sectors, in particular from the consumption of industrial
and agricultural activities. Industries use heating, ventilation, and air-
conditioning (HVAC) systems both for ensuring thermal comfort of
workers and for process-related purposes (the latter ensuring that the
operation of manufacturing systems and production processes is not
undermined by temperature variations (Murphy et al., 2007)), while
electricity demand from agriculture comes from irrigation activities
(Balasubramanian and Balachandra, 2021). Electricity consumption for
these activities may depart from the seasonal average consumption,
that we control for through the use of flexible fixed-effects, due to
the intensification of HVAC or irrigation needs and due to possible
drops in the energy efficiency of the industrial and irrigation systems
during extreme heat events or droughts (Soto-Garcia et al., 2013).
Furthermore, shifts from short- to long-run electricity demand due
to adaptation may occur also in industrial and agriculture activities,
through the acquisition of new machinery or shifts in practices and
type of crops (Wing et al., 2021). Therefore, it is likely that our findings
identify the combined shifts from the short- to the long-run sensitivity
of peak load of different responses across sectors, which so far have
been separated only though time-aggregated annual energy statistics
(De Cian and Sue Wing, 2019).

The difference between the long-run and short-run response is
robust across two very different regions. Despite macro-level studies
suggest that historical temperature responsiveness of electricity de-
mand in the tropics is small (De Cian and Sue Wing, 2019), studies
based on micro-data show that growth in air conditioner penetra-
tion in tropical countries will increase cooling electricity requirements
(Davis and Gertler, 2015). By exploiting state-level electricity demand
statistics we find evidence backing the latter hypothesis.

Even with a limited scope to two world regions, we identify that
the structure of the economy and differences in future income growth
matter in shaping the peak load amplification due to climate change.
The extensive margin shock is going to be very relevant in places that
already have high levels of income through the temperature channel, as
well as in hot places that are poor though the income growth channel.
Whether this evidence is indicative of a pattern that can be extended to
other world regions is nonetheless a speculative assumption. More data
are needed to investigate the extent to which these patterns are robust
in areas such as South America, East Asia and Africa. High frequency
(daily, hourly) electric load data for sub-national administrative units
are now routinely archived in several countries in and outside of
OECD, expanding the scope for future research on world regions for
which empirical evidence is lacking. The adoption of our model to
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other contexts can be limited by one key data requirement: since our
framework relies on the slowly-evolving climatic exacerbation in each
location, an insufficiently long time span of the panel data can hider
the identification of climate variations over time.

6. Conclusions

This paper proposes a new methodology for the assessment of
climate change adaptation that has two main advantages: i) through
the variation that evolves slowly over time in each location we identify
the average impact of long-run climatic changes, our analogue for the
extensive margin adjustment, without an explicit measurement of the
ownership shares of air conditioners and controlling for time-invariant
and time-specific unobservables; ii) we retain the high frequency nature
of the load-weather co-variation, enabling to capture the fast responses
of peak load to unexpected weather anomalies, our analogue for the
intensive margin adjustments. Thanks to this decomposition we show
that both an increase in the maximum temperatures’ climate norms and
the inherent unexpected variation around that norms can contribute to
increase the pressure on the peak load in Europe and India, with respect
to historical climate conditions.

We leave for future work the adoption of a weather variable ac-
counting for humidity (i.e. daily maximum wet-bulb temperature), and
the inclusion of a wider set of controls for seasonal economic activities
(quarterly or monthly macroeconomic data at the State level in India is
unavailable from public repositories to the best of our knowledge). A
further improvement would be accounting for differences in the long-
run response function across sectors, as the available evidence based
on more aggregated energy demand statistics shows considerable het-
erogeneity between the residential, commercial, and industrial sectors
(De Cian and Sue Wing, 2019; Colelli and Mistry, 2022),

Our key impact metric quantifies the relative effects of future socio-
economic and climatic shifts on the peak load by assuming that today’s
structure of the power market is maintained towards 2050. Our pro-
jections depend on the assumption that the historical diffusion of
appliances, as well as their average energy efficiency, can be an ap-
propriate measure of the evolution of the extensive margin in the
future. The adoption of energy efficient appliances at a rate higher than
the historical one, as well as breakthrough technological changes, can
lower the peak demand required to satisfy heating and cooling needs
(e.g. though the large scale adoption of green roofs or demand side
management mechanisms targeting consumption during heat waves).
Furthermore, we do not account for the implications on the supply-side,
most importantly on the power generation options that could meet the
projected increase in the peak load (ranging from conventional thermal
generation, storage and variable renewable energy), nor the potential
limitations deriving from grid constraints. The implications for power
supply, costs, reliability, and carbon emissions can be evaluated only
by coupling the high-frequency shocks estimated in this work with
capacity expansion and dispatch models.
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