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Common Response, Unequal Vulnerability: Heat and
Residential Electricity Demand Across Chinese Cities

Abstract

Heat sensitivity of residential electricity demand is often expected to vary with development.
Using a panel of 151 Chinese cities from 2000 to 2020, we find that electricity use rises by
7.9% per additional 10,000 population-weighted cooling degree-hours, with no detectable heat-
ing response. Cooling sensitivity does not systematically vary with income, urbanization, air-
conditioner (AC) ownership, or urban versus rural residence. Projected climate-driven demand
increases reach 81% in the hottest third of cities. Vulnerability peaks under Shared Socioeco-
nomic Pathway (SSP) 3-7.0, where high heat hazard meets low income-based adaptive capacity,
rather than the warmer SSP5-8.5. Vulnerability is highest in southern cities, whereas population-
scaled risk concentrates in coastal megacities. Twenty-nine cities, home to about 160 million
people and concentrated in the Pearl River Delta and middle Yangtze basin, rank high on both.
Adaptation must address both the burden per resident and aggregate population risk.
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Climate warming is increasing residential electricity demand as households use air conditioning more
intensively and adopt it more widely (Auffhammer and Mansur, 2014; Li et al., 2018; Guo et al.,
2025). This growing demand creates a challenge for electricity planning and climate adaptation,
particularly when extreme heat coincides with disruptions to supply. In China, prolonged heatwaves
in summer 2022 sharply increased cooling demand while severe drought in the Yangtze River basin
reduced hydropower generation, prompting power rationing and temporary factory shutdowns (An
and Zhang, 2023; Hao et al., 2025). Chinese panel and household studies show that cooling and
heating exposure influence residential electricity use, with greater changes expected under continued
warming (Fan et al., 2019; Li et al., 2019; Zhang et al., 2022; Hu et al., 2025). Understanding how
these responses vary across cities is therefore essential for anticipating future demand and identifying
adaptation priorities.

Socioeconomic development could either amplify or reduce the electricity response to heat. Income,
population, and consumption patterns are established drivers of electricity demand (Zhao et al.,
2012; Lin and Wang, 2020). Energy efficiency and supporting policies further shape this demand
(Filippini and Zhang, 2016). Higher incomes and wider air-conditioner ownership strengthen cooling
responses by relaxing appliance and budget constraints (Auffhammer and Mansur, 2014; Zhang
et al., 2022; Caron et al., 2017). Denser urban development and stronger urban heat islands increase
cooling needs (Santamouris et al., 2015; Yan et al., 2026). Conversely, income growth may support
adaptation that reduces the marginal electricity response to heat, as evidence from the Yangtze River
Delta suggests (Zhang et al., 2021, 2020). Urban and rural responses may also differ, although these
differences could narrow as rural incomes rise and air conditioning spreads (Sun and Hanemann,
2024; Zhang et al., 2023; Wang et al., 2022a; Herrerias et al., 2017; Han and Wu, 2018). The
direction and consistency of these development gradients remain uncertain.

These competing expectations have rarely been tested across China using a consistent, long-term city
panel. Much of the existing evidence comes from high-income countries (Auffhammer et al., 2017,
Auffhammer and Mansur, 2014; Reyna and Chester, 2017), while Chinese studies often focus on
individual provinces or city clusters, aggregate or survey data, or short observation periods (Li et al.,
2019; Zhang et al., 2021, 2023). Limited availability of detailed residential electricity records has
constrained nationwide comparisons. Moreover, differences in marginal electricity responses alone
cannot establish which cities face the greatest heat-related challenges. Cities with similar responses
may experience different levels of heat exposure and have different resources for adaptation. Income
thus has two distinct roles: it may modify the electricity response to heat, and it provides a proxy
for the resources available for adaptation (Turner et al., 2003; IPCC, 2022). A city with a moderate
electricity response can therefore remain vulnerable if high heat exposure coincides with limited
resources to meet cooling needs (Lin and Wang, 2020; Li et al., 2023).

Here, we assemble a panel of 151 prefecture-level Chinese cities from 2000 to 2020, combining resi-
dential electricity and socioeconomic records with population-weighted cooling and heating degree-
hours calculated from a heat index incorporating temperature and relative humidity. Using city
and year fixed effects, we estimate electricity responses to cooling and heating exposure and test
whether development features modify these responses within and across cities. We then project
electricity demand under alternative climate and development pathways. Separately, we construct
a vulnerability index combining heat hazard and income-based adaptive capacity, and a companion
risk index incorporating exposed population. These indices distinguish potential vulnerability at
the resident level from the scale of population exposure across cities. Together, the analyses exam-
ine whether unequal heat impacts arise from differences in electricity sensitivity, heat exposure, or
adaptive capacity, and where these dimensions indicate different adaptation priorities.
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Results

Heat exposure increases residential electricity use

Residential electricity consumption responds strongly to cooling exposure. In the primary two-way
fixed-effects model (Table 1), an additional 10,000 pw-CDH raises log residential electricity by 0.076
points (/3’1 = 0.0765, P < 0.001), equivalent to about 7.9%. At the sample mean, this implies an
elasticity with respect to pw-CDH of about 0.099. In contrast, the heating response is imprecisely
estimated and not statistically different from zero (0.053 per 10,000 pw-HDH, P = 0.106).

The cooling response is robust to the addition of controls and the choice of threshold. It remains
positive and significant at the 1% level across cooling thresholds from 24 to 28 °C (Table S1). The
coeflicient increases with the threshold as fewer degree-hours remain. The heating response remains
small and insignificant across thresholds from 9 to 13 °C. This limited heating evidence may reflect
the sample’s sparse coverage of the cold north (Fig. S1) and the use of district systems rather than
electricity for much residential heating in China.

Descriptive patterns are consistent with the estimated cooling response, although they do not pro-
vide the same identification. Hotter and richer cities use more residential electricity per person,
but these cross-sectional associations also reflect other differences between cities (Fig. S2). After
removing each city’s secular electricity trend, consumption runs above trend in hot years and below
it in cool years, with a pooled slope of 6% per 10,000 pw-CDH (Fig. S3a). Individual city slopes
are positive in 77% of the cities included in this descriptive analysis (Fig. S3b).

Cooling sensitivity does not systematically vary with development level

We examine whether development characteristics modify cooling sensitivity at the sector and city
levels. The sector analysis compares urban and rural sectors and tests AC ownership, household
size, income, and population (Table 2). The city analysis tests urbanization, GDP per capita
(GDPPC), population, and AC ownership (Table 3). At the sector level, AC ownership, income,
and population show no statistically detectable moderation of either cooling or heating. Household
size is the exception: a one-unit increase in log household size raises the cooling coefficient by 0.288
(P = 0.008), while the heating response shows no detectable change.

The urban interaction is negative (—0.049, P = 0.083), suggesting a weaker cooling response in
urban than rural sectors, although the contrast is uncertain. Rural households are larger within the
same city and year (3.41 versus 3.04 persons). On the common household-reporting subsample, the
urban interaction decreases in magnitude to —0.022, and its standard error rises from 0.028 to 0.038
(Table S2). Including household size jointly reduces the urban interaction further to —0.016, while
the household-size interaction remains close to its separate estimate (0.285 versus 0.288). Sample
composition and household structure therefore appear to contribute to the sector contrast, although
the limited precision of the 70-city subsample does not rule out an independent sector difference.

At the city level, none of the interactions is significant at the 5% level for cooling or heating (Table 3).
The smallest cooling interaction P value is 0.088, for urbanization. Given evidence that income can
modify cooling sensitivity (Auffhammer and Mansur, 2014; Zhang et al., 2021), we also compare
responses across GDPPC terciles (Table S3). The coefficients are 0.092, 0.066, and 0.065 from the
poorest to the richest tercile. Although the poorest group has the largest point estimate, pairwise
differences are not statistically distinguishable. The interaction and grouped estimates thus provide
no clear evidence of a systematic income gradient.
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Together, the sector and city analyses do not support assigning systematically stronger cooling
responses to wealthier, more urbanized, or more air-conditioned cities. Household size is associated
with cooling sensitivity, but the evidence for a separate urban and rural difference remains uncertain.
We therefore apply a common cooling coefficient in the city projections. This modeling choice allows
differences in projected cooling exposure to shape climate-driven demand growth without imposing
a development gradient that the estimates do not clearly establish.

Warming raises demand most in hot cities, while income drives total growth

Cooling exposure increases under all four SSP scenarios in both the mid-future (2040-2059) and
far-future (2080-2099) periods. Additional pw-CDH range from about 9,800 under SSP1-2.6 in
the mid-future to about 49,800 under SSP5-8.5 in the far future. Applying the common cooling
coefficient gives climate-driven residential electricity increases of about 8% and 49%, respectively
(Fig. 1). These scenario contrasts reflect differences in projected exposure, with greater warming
producing larger climate-driven demand increases under the assumed constant cooling response.
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Fig. 1 | Climate-only change in residential electricity demand under each SSP scenario for the
mid-future (2040-2059, a) and far-future (2080-2099, b) periods. Each dot is one of the 151
sample cities, coloured by climate zone. The black bar is the population-weighted mean, and the
grey band is the 95% confidence interval implied by the cooling coefficient.

The largest increases occur in cities that are already hot. Under SSP5-8.5 in the far future, the
population-weighted increase reaches about 106% in the hot summer and warm winter zone, com-
pared with 49% in the hot summer and cold winter zone, 31% in the cold zone, and 13% in the
severe cold zone. Grouping cities by historical cooling exposure gives the same pattern: increases
average about 25%, 45%, and 81% in the coolest, middle, and hottest thirds (Fig. S4a). Both order-
ings persist across scenarios and periods, indicating that additional cooling demand concentrates in
already hot cities.

Income growth nevertheless dominates the projected change in total residential electricity under the
assumed socioeconomic elasticities (Fig. 2). From an observed baseline of about 435 TWh across the
151 cities, income contributes most in every scenario and period and across the specified elasticity
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ranges. Population contributes slightly positively at mid-century and negatively thereafter, while
the climate contribution remains positive and grows with warming. In absolute magnitude, late-
century population decline exceeds the climate contribution under SSP1-2.6 (377 versus 92 TWh)
and SSP2-4.5 (275 versus 159 TWh), whereas climate contributes more under SSP3-7.0 and SSP5-
8.5.
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Fig. 2 | Decomposition of the projected change in total residential electricity for the 151 cities,
from the observed 2000-2019 baseline to each future period. a-d, Mid-future (2040-2059) under
SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5. e-h, Far-future (2080-2099) under the same
scenarios. Each panel adds the climate (pw-CDH), population, and income (GDPPC)
contributions in turn. Contributions are computed as an exact Logarithmic Mean Divisia Index
(LMDI) attribution. Whiskers on the final bar give the 90% interval combining coefficient and
climate-model uncertainty.

The dominance of income is conditional on the assigned socioeconomic responses. The cooling
coefficient is estimated from annual weather variation, whereas income and population contributions
depend on assumed elasticities and SSP trajectories. In particular, the income contribution assumes
that a given percentage increase in income produces the same percentage response in electricity
demand throughout the century, even as income rises substantially. Maps of population change,
GDPPC growth, and total demand change show how these drivers combine geographically (Fig. S4b—

d).
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Slow income growth makes SSP3-7.0 more vulnerable than warmer SSP5-8.5

Greater total electricity demand does not necessarily imply greater vulnerability, because income
both raises demand and provides resources to meet cooling needs. The vulnerability index combines
the estimated electricity rise from pw-CDH with income-based adaptive capacity, while the com-
panion risk index additionally incorporates exposed population. Under this definition, vulnerability
is highest under SSP3-7.0, where strong warming coincides with slow income growth (Fig. 3). Its
population-weighted mean rises from about 23 in the present to about 38 in the far future. Under
SSP1-2.6, the far-future mean instead falls to about 21, below the present level.
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Fig. 3 | Residential heat vulnerability index across cities, scenarios, and time periods. The index

is the geometric mean of normalized hazard (the estimated electricity rise from pw-CDH) and lack
of adaptive capacity (one minus normalized log GDPPC). a, Distribution across the 151 cities for

the historical baseline and each scenario-horizon combination, with the population-weighted mean
marked in black. b,c, Share of the sample population in cities exceeding each index value, for the

mid-future and far-future periods.

SSP5-8.5 produces lower vulnerability than SSP3-7.0 despite greater warming, because faster in-
come growth provides greater adaptive capacity within the index. This contrast is also evident in
individual cities (Fig. S5). In the far future, Guangzhou’s vulnerability is about 45 under SSP3-7.0
and 23 under SSP5-8.5, while Zhanjiang’s is 63 and 49, respectively. In these comparisons, higher
income under SSP5-8.5 more than offsets its greater hazard. The scenario ranking therefore depends
on the balance between additional cooling demand and the resources available to meet it, rather
than on warming alone.

This scenario ordering is stable under the tested component weights. Doubling the weight on either
hazard or adaptive capacity leaves SSP3-7.0 the most vulnerable scenario, with city rank correlations
above 0.94 (Fig. S7a). An alternative vulnerability index that combines its components additively
and includes rural population share retains four of the five most vulnerable cities identified by
the main index. However, correlations between the two indices across cities are lower, at 0.4-0.7
(Fig. S7b). The main rankings are thus stable to the tested weight changes, while the broader
change in index formulation produces greater differences.
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Vulnerability and population risk identify different adaptation priorities

In the far future, the most vulnerable cities concentrate in the far south, whereas the highest
population risk occurs in large cities (Fig. 4). Vulnerability is highest in the hot cities of the far
south, particularly along the Guangxi and western Guangdong coast and on Hainan. Danzhou,
Guigang, and Yulin rank among the most vulnerable cities across scenarios, whereas Chongqing,
Shenzhen, and Shanghai are among those with the highest risk. Shantou appears most frequently
in both sets of top-five lists (Fig. 4a). Under SSP3-7.0, four of the five most vulnerable cities
fall in the poorest projected income quintile, and Zhanjiang falls in the second poorest. Their
vulnerability reflects a large additional cooling demand burden relative to their adaptive capacity,
while population risk also accounts for the number of residents exposed.

Cc

[ Hot summer, cold winter Il Severe cold I Hot summer, warm winter Vulnerability: real GDPPC, 2000-2019 mean
N Hot summer, warm winter Bl Cold Bl Temperate (thousand yuan, 2000 prices)

Most frequently identified city [ Hot summer, cold winter ] 514 [ 18-24 WM 38-79
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[ 0.9-26 [ 3.8-50 HH 75294
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Fig. 4 | Population-weighted vulnerability and risk indices by scenario in the far future
(2080-2099). Each sector shows one scenario, with vulnerability in the upper half of each circle
(solid outlines) and risk in the lower half (dash-dot outlines). a, The five most vulnerable cities
and the five cities with the highest risk, coloured by climate zone. The city identified most
frequently across both indices is named in red. b, Five climate zones. ¢, Five income quintiles for
vulnerability and five population quintiles for risk. Income and population quintiles are defined by
2000-2019 baseline means and held fixed across scenarios. Bar length is the population-weighted
mean index of each group, or the city’s own index in a. Fig. S8 shows both time periods.

Comparisons across climate, income, and population groups reinforce these contrasting priorities
(Fig. 4b,c). Under SSP3-7.0 in the far future, vulnerability averages 53 in the hot summer and
warm winter zone, compared with 19 in the severe cold zone. However, it varies little across
baseline income quintiles, from 40 in the poorest to 38 in the richest, because projected income
convergence weakens the baseline income ordering. Risk instead increases with baseline population
quintile, from 14 in the smallest to 37 in the largest. Income and population quintiles are defined
using 2000-2019 baseline values. Each city remains in the same quintile across scenarios and future
periods.



179

180

181

182

183

184

185

186

188

189

190

191

192

194

195

196

197

199

200

201

202

203

204

205

206

207

208

210

211

212

213

214

215

216

217

218

219

220

221

The distinction between vulnerability and population risk also produces substantial differences in
city rankings. In the far-future comparison averaged across pathways, the rankings correlate at 0.58
and share only five of their top ten cities (Fig. S6). Danzhou ranks first on vulnerability but 128th
of 151 on risk, illustrating how a small exposed population can limit population risk despite high
vulnerability. Shanghai ranks second on risk but 84th on vulnerability, whereas Shenzhen ranks
first on risk and eighth on vulnerability. These contrasts show why screening by population risk
alone can overlook smaller vulnerable cities, while screening by vulnerability alone can overlook
cities with large exposed populations.

Considering both indices identifies both distinct and overlapping adaptation priorities. In the far
future, 12 cities combine high vulnerability with low risk, while one combines high risk with low
vulnerability (Fig. S6). Meanwhile, 29 cities rank in the top tercile of both indices and contain
about 160 million residents, or 29% of the sample population. All but Nanyang lie in the south, and
28 belong to the two hot summer climate zones. They cluster particularly in the Pearl River Delta,
the Guangdong and Guangxi coast, and the middle Yangtze basin. These cities warrant attention
under both measures because a large cooling demand burden relative to adaptive capacity coincides
with substantial population exposure.

Discussion

Residential electricity use responds strongly to cooling exposure, but we find no robust evidence that
income, urbanization, or air-conditioner ownership systematically modifies this response within or
across cities. The urban and rural contrast becomes small and imprecise on the common household-
reporting subsample, while the household size association persists. The central finding is therefore
that the data do not support a general development gradient in marginal cooling sensitivity. This
does not establish identical responses across cities, but it suggests that development level alone is
an insufficient basis for assigning cities different electricity responses to heat.

The estimated cooling elasticity of 0.099 is close to the provincial estimate of 0.094 reported by
Fan et al. (2019). Other studies measure different responses: Li et al. (2019) estimate annual
residential electricity changes in Shanghai per degree of global mean warming, while Zhang et al.
(2022) estimate household consumption changes per additional hot day. These measures are not
directly comparable with our response per degree-hour. Regional studies also link stronger urban
sensitivity to greater AC ownership (Sun and Hanemann, 2024; Zhang et al., 2023). Differences in
data and design may help explain this contrast: Sun and Hanemann (2024) use household-level,
high-frequency records for southern China, whereas our analysis uses annual city records. Regional
evidence that income weakens cooling sensitivity (Zhang et al., 2021) also need not generalize to
this national sample, where income differences in sensitivity remain uncertain.

Similar marginal responses can nevertheless produce unequal climate impacts. Already-hot cities
face the largest projected additions to cooling exposure and, consequently, the largest climate-driven
increases in residential electricity use. Under the assumed socioeconomic elasticities, income growth
remains the largest driver of total demand growth, while population decline partially offsets it by
the end of the century. Long-term electricity planning must therefore consider climate, income, and
population together, while adaptation to warming should account for the geographic concentration
of additional cooling demand. The projections use the cooling response estimated from historical
data, while income and population responses are assigned using regression results and modeling
assumptions.
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Demand growth and vulnerability identify different planning challenges. Higher income can increase
electricity consumption while providing greater resources for adaptation. The vulnerability index
captures this second role: SSP3-7.0 produces greater vulnerability than the warmer SSP5-8.5 be-
cause slower income growth leaves less capacity to meet additional cooling demand. Vulnerability
concentrates in cities of the far south, while incorporating population into the risk index shifts
attention toward large cities. The 29 cities ranking high on both indices identify locations where
a large cooling demand burden relative to adaptive capacity coincides with substantial population
exposure. Considering both indices also retains smaller vulnerable cities that screening by pop-
ulation risk alone could overlook. These rankings indicate potential adaptation priorities rather
than measured cooling costs or realized damages. Together, they suggest that adaptation should
address both the concentration of additional cooling demand and the resource constraints that limit
residents’ ability to meet it.

Several limitations apply. The estimation sample is concentrated in warm, eastern cities, limiting
generalization to colder and less represented regions, and projected totals refer to the 151 sample
cities rather than China as a whole. Applying a linear degree-hour model to substantially hotter
conditions involves extrapolation. The cooling coefficient reflects the historical weather response,
while the projections hold technology and policy fixed and do not explicitly model future changes in
appliance adoption or efficiency. Income and population elasticities are also held constant despite
large socioeconomic changes. In particular, declining income elasticities as households become
wealthier could make the projected income contribution an upper bound (Caron et al., 2017).
GDPPC is a single proxy for adaptive capacity and does not directly measure electricity affordability
(Cong et al., 2022; Li et al., 2023), grid reliability (Wang et al., 2025; Liang et al., 2025), or
cooling access (Mazzone et al., 2023; Falchetta et al., 2024). Consistent projections of electricity
affordability, grid reliability, and cooling access are unavailable across the sample cities and SSP
scenarios. The index therefore uses income as a proxy for adaptive capacity to compare cities and
identify potential adaptation priorities. Its rankings are robust to alternative component weights
(Fig. S7a), although this does not establish that income fully captures adaptive capacity. These
uncertainties support interpreting the projections as conditional scenario comparisons rather than
precise predictions.

Methods

Electricity and socioeconomic data

Residential electricity and socioeconomic records are drawn from Chinese city statistical yearbooks
for 2000-2020 (Table S4). The initial coverage comprises 293 prefecture-level cities and four mu-
nicipalities spanning the five climate zones defined by GB 50176-2016 (Ministry of Housing and
Urban-Rural Development of the People’s Republic of China, 2016). Electricity reporting is more
complete in eastern and coastal cities (Fig. S1). GDP and disposable income are expressed in con-
stant 2000 prices using provincial implicit gross regional product (GRP) deflators and city consumer
price indices, respectively. Population refers to permanent residents rather than registered residents.

Quality control checks units, index conventions, and anomalous values against each city’s reporting
history. Inconsistent values are corrected only when the intended value can be recovered from
surrounding years or related fields. Otherwise, they are set to missing. Total residential electricity
is also compared with the sum of its urban and rural components to identify cities whose total is
compiled on a broader basis. Electricity values < 0 and AC ownership outside [0,300] units per
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100 households are set to missing. Listwise deletion yields 1,876 observations across 161 cities.
After accounting for reporting breaks and removing singleton segments, the final estimation sample
contains 1,860 observations across 151 cities and 158 segments. Table S5 compares alternative
reporting-break treatments. Table S6 summarizes the regression variables.

Heat index and population-weighted degree-hours

Temperature, relative humidity, and precipitation are obtained from the China Meteorological Forc-
ing Dataset version 2 (CMFDv2) (He et al., 2025). Temperature and humidity at 3-hourly resolution
are interpolated to hourly values to calculate the extended heat index of Lu and Romps (2022).
This incorporates humidity, which influences cooling demand (Maia-Silva et al., 2020; Scoccimarro
et al., 2023; Li et al., 2026). Annual precipitation is averaged over each city’s area and included as
a control.

Cooling degree-hours sum hourly heat index above 26 °C (Morakinyo et al., 2019; Atalla et al.,
2018):

Ny
CDHy, = ZmaX(Hfg,h — HlIy, 0), HIly=26°C, (1)
h=1

where g is the grid cell, y the year, h the hour, and IV, the number of hours in year y. Heating
degree-hours sum deviations below 11°C (Hao et al., 2022):

Ny
HDH,y, = Y max(HIy — Hlyp, 0),  HIy =11°C, 2)
h=1

Annual 1km WorldPop population (WorldPop, 2020) weights grid-cell degree-hours within each
city:

P, ,CDH P.. HDH
pW_CDHva = dec 2 g,ya pW'HDHC,y = dec = gvy’ (3)

dec Pg,y EgEc Pg,y

where P, , is grid-cell population. These normalized measures retain degree-hour units and represent
average resident exposure rather than population totals. For sector models, weights and climate
fields are restricted to urban or rural grid cells. Annual CLCD “Impervious” cells are classified
as urban and other land types as rural (Yang and Huang, 2021). Electricity outcomes come from
separately reported urban and rural yearbook series, reconciled with the reported total. Robustness
checks vary the cooling threshold over 24-28 °C and heating threshold over 9-13°C (Table S1) and
replace heat index with dry-bulb temperature (Table S7).

Econometric specifications

The primary model relates annual log residential electricity to cooling and heating exposure, log
population, log real GDPPC, and annual precipitation:

InE., = fo+ p1pw-CDH, , + B pw-HDH_ , + Xcy v + fg(cy) + Ay + €cys (4)
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Here c indexes cities and y years. Degree-hours are expressed in units of 10,000, and precipitation
in 1,000mm. The segment effect jiy.,) absorbs persistent city characteristics and reporting-level
shifts, while A, absorbs common annual shocks and trends. We split city series at annual electricity
changes exceeding 50%. These persistent shifts suggest changes in reporting definition or coverage.
Segment effects absorb the resulting level changes while preserving annual variation within segments.
Ten breaks occur in the estimation sample, with seven cities having multiple segments. For the
remaining 144 cities, segment effects reduce to city effects. Table S5 compares alternative thresholds
and estimates without segmentation, which shows minimal variation in conclusions.

Standard errors are clustered by city, including across segments, and model fit is reported as within
R?. Identification relies on annual weather variation within cities that remains after accounting
for controls and fixed effects. We assume this variation is unrelated to unobserved determinants of
electricity use. In contrast, income and population effects partly operate through gradual changes
in appliance ownership, dwelling size, and urban form. City and year effects absorb much of the
associated variation, so the remaining variation need not identify the long-term socioeconomic elas-
ticities required for projections. We therefore assign these elasticities separately from the estimated
climate response.

Urban and rural sector heterogeneity within cities is estimated on a stacked urban and rural panel.
Let s denote sector, Us the urban indicator, and X, sector log population, log real per capita
disposable income in 2000 prices, and precipitation. The urban model interacts climate terms and
controls with Us:

mEc.sy = Po+ pipw-CDH_,, + S2pw-HDH, ; , + 61 pw-CDH,. ; , Us + d2 pw-HDH, , , Us

(5)

+ Xc,s,y ~ + Xc,s,y Us 'YU + Nq(c,s,y) + As,y + 5c,s,y7
The base climate coefficients are rural slopes and 4; and d2 are urban and rural differences. fiq(cs.y)
denotes city-by-sector segment effects, using the same reporting-break rule, and A, denotes sector-
by-year effects.

Continuous sector moderators enter separately in centered form, M. s, = M., — M:

nE.sy = po+ p1pw-CDH.,, + B2pw-HDH, ; , + 01 pw-CDH, ¢, M5, + 62 pw-HDH,  , M. 5,

+0 Mc,s,y + Xc,s,y v+ Mq(c,s,y) + )‘s,y + €c,s,y-
(6)

Moderators are AC ownership per 100 households, log household size, log per capita income, and
log population. Centering makes the base climate coefficients the response at the moderator mean.
Where income or population is the moderator, its centered value replaces the corresponding raw
control. Urban status and household size are also estimated separately and jointly on the common
household-reporting subsample to distinguish sample composition from moderation.

City-level heterogeneity returns to the aggregate panel and interacts both climate terms with a
centered city characteristic Z ,:

InE.y = Bo+ B1pw-CDH,,, + 2 pw-HDH, , + 61 pw-CDH,.,, Z.,, + 62 pw-HDH,,, Zc.,

7 (7)
T 0 Zey + Xeyy + Ps(ey) + Ay + Ecys

11



323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

Moderators are urbanization, log real GDPPC, log population, and city AC ownership, calculated
as the urban-share-weighted mean of sector ownership. Controls and fixed effects follow Equation 4.
A centered moderator replaces its raw control where applicable. All heterogeneity models cluster
standard errors by city.

Scenario projections, driver decomposition, and uncertainty

Climate projections use four Coordinated Regional Climate Downscaling Experiment (CORDEX)
East Asia regional climate models (RCMs) (Lee and Cha, 2020) driven by UKESM1-0-LL (Sellar
et al., 2019) under SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 (Table S4). The reference period
is 19952014 and future periods are 2040-2059 and 2080-2099. Output at 3-hourly resolution is
first bias-corrected against ERA5 (Hersbach et al., 2020) using quantile delta mapping (Cannon
et al., 2015), which preserves projected quantile changes. The corrected output is then interpolated
to hourly values. Population and GDP projections follow Wang et al. (2022b) and Wang and Sun
(2022), respectively. Historical population is from WorldPop (WorldPop, 2020), and historical GDP
uses the GDP projection source.

Projected log demand changes combine the estimated climate coefficient and assigned socioeconomic
elasticities:

AlE. = > By Ay, (8)
k

where Axy, . is the projected change in driver k& and Bk its assigned response parameter. The cooling
parameter is the fixed-effects estimate per 10,000 pw-CDH. Income and population parameters are
elasticities. For GDPPC, the range spans the estimates with city-segment and year effects and
with city-segment effects only. The former is the chosen lower endpoint, while the latter retains
common temporal trends. For population, the range spans the city-segment-effects-only estimate
and unit elasticity, representing proportional scaling. We do not carry the population coefficient
from the model with city and year effects into the projections. These choices reflect the limited
information that residual socioeconomic variation provides about long-term demand growth. The
assumed central values and endpoints are listed in Table S8. These are modeling ranges, not
statistical confidence intervals. All parameters remain constant to 2100, assuming the historical
cooling response applies to future conditions. Table S8 documents the parameter sources.

For each RCM, cooling exposure change is future minus historical pw-CDH. These changes are
averaged across the four models. The climate reference period (1995-2014) differs from the socioe-
conomic and electricity baseline (2000-2019) because of data availability. Using changes within each
RCM removes reference-level offsets but not necessarily biases in projected changes. ERA5 com-
parisons indicate that differences between these baseline windows are small relative to projected
cooling exposure changes (Fig. S9). Population and GDPPC changes are log ratios within each
source. Baseline electricity is each city’s mean observed consumption over its reporting years in
2000-2019, summed across the 151 cities. Exact LMDI decomposition attributes the change in to-
tal electricity to climate, income, and population, with contributions summing to the total. Monte
Carlo uncertainty combines cooling coefficient uncertainty, assumed socioeconomic elasticity ranges,
and sampling across the four RCMs. Reported intervals cover 90%.
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Vulnerability and risk indices

Two comparative indices combine heat hazard, population exposure, and income-based adaptive
capacity (Turner et al., 2003; IPCC, 2022; Ahmed et al., 2023; Munioz-Pizza et al., 2023). Hazard
is the estimated electricity rise from pw-CDH (exp(@ -pw-CDH) — 1), exposure is population, and
adaptive capacity is log GDPPC. Income plays two distinct roles: it can increase electricity demand
while also providing resources to meet cooling needs. Higher income can ease the energy burden,
support more reliable grids, and widen cooling access, although GDPPC does not directly measure
these dimensions. Each component is min-max normalized to [0, 1] over cities, scenarios, periods,
and the historical baseline, allowing comparisons across these dimensions. Vulnerability combines
hazard and lack of adaptive capacity. Risk additionally incorporates population:

. - 1/ (wy+wa) - - ~ \1/3
V, = 100(Hg“H : (1—Ac)wf*) YR, = 100(Hc " E, - (1—AC)> . (9)

Tildes denote normalized components, and vulnerability weights wy and w4 are equal by default.
Population is excluded from vulnerability to separate conditions faced by residents from the scale
of population exposure. We test alternative component weights and an additive alternative incor-
porating rural population share (Fig. S7). More direct measures include energy burden or energy
poverty (Cong et al., 2022; Liang and Asuka, 2022), outage hours (Wang et al., 2025; Liang et al.,
2025; Shi et al., 2025), and cooling access (Mazzone et al., 2023; Falchetta et al., 2024). Consistent
historical data and future projections of electricity affordability, grid reliability, and cooling access
are unavailable for all 151 cities across the four SSP pathways. We therefore use GDPPC as a proxy
for adaptive capacity to compare cities and identify potential adaptation priorities. Fig. S7 shows
how the results change under alternative component weights and index formulations.

Data availability

The 3-hourly temperature and relative humidity used to construct the heat index behind the cooling
and heating degree-hours, together with the precipitation control, are taken from the China Meteo-
rological Forcing Dataset, version 2 (CMFDv2, He et al., 2025), distributed by the National Tibetan

Plateau Data Center at https://data.tpdc.ac.cn/en/data/e60dfd96-5fd8-493f-beae-e8ebd24deced.

The annual 1km population used to weight the degree-hour fields and to set the historical popula-
tion baseline is the WorldPop product (WorldPop, 2020), available at https://www.worldpop.org/.
The urban and rural classification of grid cells, used for the sector split, is the China Land Cover
Dataset (CLCD, Yang and Huang, 2021), available at https://zenodo.org/records/4417810.

For the projection, the future temperature used to build the projected cooling and heating degree-
hours comes from four regional climate models downscaled over the CORDEX East Asia domain
(Lee and Cha, 2020), available at https://doi.org/10.1186/s40562-020-00162-8. These simu-
lations are bias-corrected against the ERAS reanalysis (Hersbach et al., 2020), obtained from the
Copernicus Climate Data Store at https://doi.org/10.24381/cds.adbb2d47. The historical and
future gridded GDP, used to compute GDPPC in the projection, is the SSP-consistent product
of Wang and Sun (2022), available at https://doi.org/10.5281/zenodo.5880037. The future
gridded population, used for the projected population and to weight the future degree-hour fields,
follows Wang et al. (2022b), available at https://figshare.com/articles/dataset/19608594.

The processed city-level panel used in this study contains statistical yearbook data, which provide
the residential electricity consumption, GDP, population, number of households, and air-conditioner
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ownership used as the regression outcome and the socioeconomic controls, and which are confidential
under government data-use requirements. It is therefore not publicly available and can be obtained
from the corresponding authors upon reasonable request.

Code availability

The Stata code used for the regression analysis and the Python code used to produce the figures
are available from the corresponding authors upon reasonable request.
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Table 1 | Main estimation results

(1) @) 3) (4)
No controls Social only Climate only All

pw-CDH 0.0735 0.0797 0.0712 0.0765

(0.0226) (0.0190) (0.0223) (0.0187)

[0.001] [<0.001] [0.002] [<0.001]

pw-HDH 0.0613 0.0526 0.0613 0.0526

(0.0333) (0.0323) (0.0334) (0.0323)

[0.068] [0.105] [0.068] [0.106]

Population 0.1897 0.1908

(0.1390) (0.1389)

[0.174] [0.172]

GDPPC 0.3495 0.3503

(0.0816) (0.0814)

[<0.001] [<0.001]

Precipitation -0.0079 -0.0113

(0.0119) (0.0110)

[0.508] [0.305]

Constant 12.0921 7.3477 12.1049 7.3519

(0.0662) (1.5197) (0.0669) (1.5177)

[<0.001] [<0.001] [<0.001] [<0.001]
Observations 1860 1860 1860 1860
Cities 151 151 151 151
Within R? 0.026 0.104 0.026 0.105
City-segment fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

The dependent variable is log(residential electricity). The estimation sample is
held fixed across columns. Columns add: (1) no controls, (2) social controls only
(population, GDPPC), (3) climate control only (precipitation), (4) all controls.
Standard errors clustered at the city level are reported in parentheses. Two-
sided P values are reported in square brackets.
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Table 2 | Urban and rural sector heterogeneity in the cooling and
heating response within cities

1) (2) (3) (4) (5)
Urban AC ownership HH size Income Population
pw-CDH 0.1201 0.1264 0.1051 0.1010 0.0924
(0.0272)  (0.0282)  (0.0222) (0.0148)  (0.0177)
[<0.001] [<0.001] [<0.001] [<0.001] [<0.001]
pw-CDH x Urban -0.0493
(0.0282)
[0.083]
pw-CDH x AC ownership -0.0311
(0.0233)
[0.185]
pw-CDH x HH size 0.2884
(0.1052)
[0.008]
pw-CDH X Income -0.0203
(0.0362)
[0.576]
pw-CDH x Population 0.0132
(0.0208)
[0.526]
pw-HDH 0.0488 0.0349 0.0096  0.0271 0.0175
(0.0378)  (0.0388)  (0.0452) (0.0240)  (0.0259)
[0.199] [0.370] [0.832] [0.260] [0.501]
pw-HDH x Urban -0.0667
(0.0388)
[0.088]
pw-HDH x AC ownership 0.0139
(0.0315)
[0.659]
pw-HDH x HH size 0.0786
(0.0672)
[0.246]
pw-HDH x Income 0.0147
(0.0271)
[0.589]
pw-HDH x Population 0.0083
(0.0190)
[0.663]
Constant 8.9774 8.7840 9.1451  10.9645 9.2613
(1.4937)  (1.6189)  (1.7637) (0.4341) (1.3652)
[<0.001] [<0.001] [<0.001] [<0.001] [<0.001]
Observations 2173 1224 1071 2173 2173
Cities 140 102 70 140 140
Within R? 0.071 0.090 0.107 0.059 0.055
City x Sector segment fixed effects Yes Yes Yes Yes Yes
Sector x Year fixed effects Yes Yes Yes Yes Yes

Column 1: the base coefficient is the rural slope and the X Urban coefficient is the urban-
rural difference, with all controls interacted with Urban (not shown). Columns 2 to 5 interact the
cooling and heating terms with one mean-centered moderator at a time (AC ownership, household
size, income, and sector population), with income, population, and precipitation as controls (not
shown). Where a moderator duplicates a control, the centered form replaces the raw variable.
Standard errors clustered at the city level are reported in parentheses. Two-sided P values are
reported in square brackets.
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Table 3 | City-level heterogeneity in cooling sensitivity

(1) 2) 3) (4)
Urbanization GDPPC Population AC ownership
pw-CDH 0.1044 0.0782 0.0784 0.1334
(0.0153) (0.0208)  (0.0192) (0.0300)
[<0.001] [<0.001]  [<0.001] [<0.001]
pw-CDH x Urbanization -0.0016
(0.0009)
[0.088]
pw-CDH x GDPPC -0.0308
(0.0309)
[0.321]
pw-CDH x Population -0.0012
(0.0282)
[0.965]
pw-CDH x AC ownership 0.0074
(0.0281)
[0.794]
pw-HDH 0.0152 0.0467 0.0549 0.0488
(0.0344) (0.0327)  (0.0318) (0.0331)
[0.660] [0.155] [0.086] [0.144]
pw-HDH x Urbanization -0.0016
(0.0012)
[0.200]
pw-HDH x GDPPC -0.0284
(0.0206)
[0.170]
pw-HDH x Population 0.0304
(0.0260)
[0.245]
pw-HDH x AC ownership 0.0055
(0.0282)
[0.845]
Constant 8.9787 11.0672 8.4977 3.7809
(1.7051) (0.8183)  (0.8410) (2.1526)
[<0.001] [<0.001]  [<0.001] [0.082]
Observations 1461 1860 1860 632
Cities 141 151 151 90
Within R? 0.126 0.114 0.107 0.308
City-segment fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Each column interacts the cooling and heating terms with one mean-centered mod-
erator (urbanization rate, log real GDPPC, log population, or AC ownership), so
the uninteracted pw CDH and pw HDH coefficients give the response at the sample
mean. GDPPC, population, and precipitation are held as controls (not shown). In
columns 2 and 3 the centered moderator replaces the corresponding raw control.
Standard errors clustered at the city level are reported in parentheses. Two-sided
P values are reported in square brackets.
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