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Consumption plays an important role in economic growth but little is known about its response to weather extremes. This paper examines the effect of temperature shocks on consumption using high-frequency and finescale data from the world’s largest payment network. Our analysis shows that excess heat and cold have a direct
and immediate negative effect on various consumption activities in the short run, leading to an inverted U-shaped
relationship between temperature and consumption. Consumption sensitivity varies by climate regions: excess
heat has the largest effect in cold regions but the smallest in hot regions. The long-run projections show that
without adaptation, climate change would reduce aggregate consumption under both moderate and aggressive
scenarios by the end of the century. However, no evidence of consumption reduction arises once adaptation
is accounted for. The findings highlight the importance of incorporating the moderating role of adaptation in
understanding consumption responses to climate change.

limate change is predicted to result in more frequent extreme weather conditions and large temperature

C shocks. A rich literature has documented the negative impacts of temperature shocks on economic
growth (1–5) through underlying channels including agriculture (6–10), human capital formation (11–13),
labor supply and productivity (14–16), human health (17–19), and social stability (20–22). With the
exception of studies on energy consumption (23–29), the literature has mostly focused on production
impacts and so far has been silent on the potential effect of temperature shocks on general household
consumption behaviour. However, consumption behaviour plays a crucial role in business cycles and
macroeconomic policies (30–34). Therefore, there is a strong need to understand the effect of temperature
shocks on household consumption and their broader implications on the economy.
This paper aims to address this knowledge gap by quantifying the direct effect of temperature shocks
on a range of consumption activities, identifying the patterns of adaptation, and projecting the long-term
impact under different climate scenarios. We leverage comprehensive household consumption data collected
during 2013-2018 from the universe of credit and debit (that is, bank) card transactions settled through the
world’s largest payment network, the UnionPay network in China. Our data contain transaction frequency
and value by consumption categories by city at the daily level for in-store transactions. The data are
derived from transaction records of 2.7 billion bank cards that contributed to nearly Y40 trillion (or $6
trillion) of economic transactions in 2018 (Extended Data Fig. 1 and Extended Data Fig. 2). We match
the spending data with temperature data (Extended Data Fig. 3) and construct a daily panel of spending
activities by merchant categories for each of the 283 largest cities in China. The data are comprehensive
and fine-scale in temporal and spatial dimensions on consumer spending in China.
The short-run effect is captured by the consumption-temperature curve, which is estimated using standard
panel data regressions (Eq. (1)). The empirical strategy exploits exogenous variation in daily temperature
in a given city to identify the effect of temperature on consumption activities. To capture the consumptiontemperature relationship flexibly, we specify a model with a series of 5-degree Fahrenheit (◦ F) bins based
on the 10-day average temperature to capture the short-term displacement of consumption (for example,
moving consumption from one day to the next). The regression model includes weather conditions (for
example, precipitation and humidity), air pollution, and a rich set of spatial and temporal fixed effects
to control for baseline differences in consumption across cities and over time. The remaining variation in
temperature is unlikely to be correlated with unobserved economic and environmental factors that affect
consumption. To further support causality, we estimate the impacts of future temperature on current
consumption as a falsification test. Additionally, we examine the impacts of temperature on consumption
subcategories, explore nonlinear impacts across multiple days, and estimate heterogeneous impacts by
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different climate regions.
To understand the consumption impact of climate change in the long run, we take adaptation into
account by allowing the consumption-temperature relationship to be affected by climate conditions. We use
linear splines to characterize the regional heterogeneity in the consumption-temperature relationship as a
function of local climate condition (Eq. (2)). Our method follows the strategy in (26) and (35), which study
the impact of climate change on energy demand and mortality, respectively. In addition, we allow economic
growth (gross domestic product (GDP) per capita) to affect the consumption-temperature relationship
following (36). We project consumption changes induced by temperature shocks under different climate
scenarios by allowing the consumption-temperature relationship to evolve based on projected climate
conditions, hence incorporating potential adaptation to future climate. Intuitively, if Beijing’s future climate
becomes similar to Shanghai’s current climate, Beijing’s consumption-temperature relationship in the future
is assumed to be the same as Shanghai’s current consumption-temperature relationship in the long-run
projections.
Our analysis provides four key findings. First, excess heat and cold have a direct and immediate negative
effect on household consumption, after accounting for interday substitution. The inverted U-shaped
relationship between temperature and consumption is robust to a range of model specifications. Second,
heterogeneity exists in the sensitivity of consumption responses to temperature shocks by climate regions.
Excess heat has the largest effect in cold regions but the smallest in hot regions. The opposite is true for excess
cold. The heterogeneity in the consumption-temperature relationship likely reflects the role of adaptation.
Third, without adaptation, our long-run projections show that end-of-century (2080-2099) consumption
would observe a statistically and economically significant decrease of 0.37% (P=0.005, 95% confidence
interval (CI)=-0.61% to -0.09%, or Y148 billion) under the moderate Representative Concentration Pathway
(RCP4.5) scenario, and a decrease of 0.86% (P=0.003, 95% CI=-1.39% to -0.27%, or Y344 billion) under
the aggressive RCP8.5 scenario on an annual basis. Fourth, by incorporating both the heterogeneity in
consumption sensitivity to temperature and the changing nature of this relationship due to adaptation, the
estimated consumption change due to climate change is closer to zero and not statistically significant.
The long-run effect of climate change incorporates both the direct impact of temperature and the
moderating effect of adaptation. First, the temperature impact indicates that both excess heat and cold
reduce household consumption. As climate warms, the temperature distribution shifts to the right, implying
fewer cold days and more hot days. The net impact depends on the change of the distribution and the
slopes of the consumption-temperature relationship at both ends of the temperature distribution, hence
ambiguous a priori. Our finding of a negative consumption effect under both climate scenarios in the
absence of adaptation implies that the reduction in consumption due to more hot days outweighs the
increase in consumption due to fewer cold days under both climate scenarios. Second, climate adaptation
implies that the slope of the consumption-temperature relationship changes: cities are better able to cope
with hot weather but less able to cope with cold weather as climate warms up. That is, there is adaption
toward hot weather but de-adaption toward cold weather. Therefore, adaptation would dampen the impact
of excess heat but intensify the impact of excess cold. The net impact from adaption is ambiguous a priori.
Our finding that the consumption effect becomes smaller and statistically insignificant after accounting for
adaptive behaviour implies that adaptation dominates de-adaptation in the aggregate.

Results
Main Result. Fig. 1 and Supplementary Table 3 report the effects of average daily temperature on

consumption during a 10-day period (the current day and the next nine days), relative to the reference
temperature bin (40-45◦ F) from estimating Eq. (1). The result shows an inverted U-shaped relationship
between temperature and consumption. Spending per bank card during a 10-day period decreases by
Y7 (P<0.001, 95% CI=-9.86 to -4.22), or 5.9% of the daily spending per card when the current day’s
temperature is above 85◦ F, and by Y4 (P=0.002, 95% CI=-6.35 to -1.39), or 3.2% of the daily spending
per card when the temperature is below 10◦ F, relative to the reference level. These reductions amount

to Y12.1 million and Y6.9 million per day per city on average, respectively, relative to the level of daily
spending at the reference temperature bin. The inverted U-shaped relationship estimated from Eq. (1) is
robust to a number of model specifications including the inclusion of pollution and weather controls, using
log(consumption) as the dependent variable, adding city-specific time trends, and using the number of days
in each temperature bin as the key regressors (Extended Data Fig. 4). The distribution of the residuals
is similar to a normal distribution but is more concentrated around zero. The residuals do not exhibit
seasonality, suggesting adequate controls in the time dimension in our analysis (Extended Data Fig. 5).
The results are also robust to extreme values, suggesting that the inverted U-shaped relationship between
temperature and spending is not driven by the tails of the distribution (Extended Data Fig. 5).
To compare the effect size from our analysis with those in the literature, we interpret our results in
two ways. First, each additional hot day (>85◦ F) reduces average daily spending per card by 5.9%
(P<0.001, 95% CI=-8.2% to -3.5%). Second, relative to the reference bin of 40-45◦ F, linearizing the effect
of temperature implies that the marginal impact of one-unit increase in temperature on daily spending is
(-5.9%)/(85◦ F-42.5◦ F)=-0.14%/◦ F (P<0.001, 95% CI=-0.19%/◦ F to -0.08%/◦ F). (37) show that relative
to a day with an average temperature of 59◦ F, a day at 84.2◦ F lowers annual income by roughly 0.065%
(-0.00065 log points). Their results suggest that the marginal impact from a one-unit increase in temperature
on daily income/productivity is -0.93%/◦ F. Therefore, the impact on spending in our context is about 15%
of the impact on income in their context based on this comparison. Spending is likely less responsive to
temperature shocks than income especially for household necessities. Given the differences in the outcome
variables (income versus consumption) and the study context (United States versus China), readers should
be cautious to interpret the differences in the effect size.
Fig. 2 shows the heterogeneity in the consumption-temperature relationship among eight
subcategories: food, clothes, entertainment, transportation, department stores, cash, health, and online
purchases. Panel (a) shows that the temperature impact on food is close to zero, relative to the reference
temperature bin and Panel (b) shows spending on clothing decrease on both cold and hot days. The
contrast is consistent with the intuition that food stands first among all basic needs, and hence the impact
of temperature shocks would likely be small. In comparison, clothing is more like durable goods from a
10-day perspective in that people can defer buying new clothes when hit by temperature extremes. Panel (c)
shows that the spending on entertainment decreases in cold weather and increases in hot weather, relative to
the reference bin of 40-45◦ F. Spending is lowest when the temperature is lowest (<10◦ F) but highest when
the temperature is 55-60◦ F. Two countervailing forces are at play. First, as shown in (14), temperature
shocks could reduce the marginal productivity of labor and shift the allocation of time away from labor and
toward leisure. Second, temperature extremes make outdoor activities less pleasant and harder to conduct
especially during cold weather (for example, travel becomes harder). The results in Panel (c) suggest that
the first force dominates during hot days while the second force dominates during cold days.
Panel (d) of Fig. 2 shows that the impact of temperature shocks on transportation spending is similar to
that on entertainment in Panel (c): cold weather has a negative effect on transportation spending but hot
weather has a positive impact. On one hand, excess heat and cold could reduce consumption activities and
hence the need for driving. On the other hand, for activities that consumers have to carry out in person
(for example, going to grocery stores or restaurants), consumers may increase car use as the preferred travel
mode instead of using public transit or walking. In addition, the increase in entertainment activities could
play a role in the increased spending on transportation on hot days. Panel (e) shows an inverted U-shaped
relationship between temperature and spending in department stores. This means extreme weather has
negative effects on a variety of goods, particularly on hot days. Panel (f) shows that cash usage also
decreases during temperature extremes and the negative effect is particularly large on cold days.
Panel (g) shows a positive impact on health spending (for example, in hospitals and pharmacies) during
cold days. While temperature extremes could negatively impact human health (17–19) and hence increase
spending in healthcare facilities, these shocks could also reduce non-emergency visits and related spending
due to avoidance behaviour. So the net impact on health spending could be ambiguous a priori. The
Subcategories.

evidence suggests that the former channel dominates during cold days and is likely weaker during hot days.
Panel (h) examines the effect of temperature shocks on online purchases. One may expect online purchases
to be less sensitive to temperature shocks. In addition, consumers could shift from in-store visits to online
purchases during extreme weather conditions, thus flattening or even reversing the inverted U-shaped
pattern observed for in-store purchases. Our data on online transactions are limited in that electronic
payment methods that have become popular since 2015 (notably WeChat and Alipay) are not settled
through UnionPay and hence are excluded. Nevertheless, the analysis shows that online purchases in our
data are insensitive to temperature except on cold days with temperature <20◦ F. Consumption reduction
on cold days is likely driven by that cold weather presents challenges for deliveries and pickups. Many
urban residents live in condominiums and goods purchased online are often delivered to a nearby location
outside of the building (for example, the entrance of a gated community) for pickup. This pattern is not
symmetrically observed on hot days, likely because the temperature decreases in the evening when people
can pick up their deliveries. Overall, our limited data on online purchases show a less sensitive pattern.
In sum, the inverted U-shape of overall spending is mainly driven by changes in the composition of
spending across categories during temperature extremes although some categories exhibit the inverted
U-shaped impact by themselves (e.g., clothes and cash). Additionally, for goods that are durable beyond
10 days, the analysis of sub-categories may not fully capture the temperature effects. Future research is
warranted with richer data on transactions via popular electronic payment methods emerged in recent years.
Heterogeneous Effect by Climate Zones. We estimate Eq. (1) separately by regions with hot, mild, and

cold climate. We use the 30-year average temperature from 1981 to 2010 to define the climate region.
Hot, mild, and cold regions are, respectively, those with the 30-year average temperature in the highest
30%, middle 30%, and lowest 40% of the distribution. The results are depicted in Fig. 3. In terms of
consumption reduction, cities in cold regions are most sensitive to hot weather and least sensitive to cold
weather. In contrast, cities in hot regions are least sensitive to hot weather, while those in mild regions
are more sensitive to cold than hot weather. The results suggest that consumers in cold areas are better
adapted to low temperatures while households in hot areas are better able to cope with high temperatures,
implying the important role of adaptation in addressing the negative consequences of temperature shocks.
Adaptation could take place through a variety of human behaviour adjustments and changes in buildings’
environments, ranging from installing indoor heating and cooling systems, improving the healthcare system,
and adopting new regulations in landscape and urban planning. Recent literature has documented the role
of adaptation in examining the impact of temperature and climate shocks on human health (19, 35) and
agriculture among others (9, 38–40).
Long-run Projections. To obtain long-run projections of the impact of climate change on consumption, we

model adaptation by allowing the consumption-temperature relationship to vary by climate. We use a
flexible semiparametric function to incorporate both daily temperature and climate conditions into the
analysis (see Methods for details) following the strategy in (26) and (35). In addition, we follow (36) to
account for the role that income may play in adaptive behaviours by allowing the consumption-temperature
relationship to vary by GDP per capita. Supplementary Table 4 presents the coefficient estimates for
Eq. (2). To facilitate interpretation of the coefficient estimates, Fig. 4 summarizes the results by plotting
the consumption-temperature relationship for Harbin, Shanghai, and Haikou under the current climate
conditions. Harbin is the northernmost (coldest) capital city in China, Haikou is the southernmost (hottest)
capital city and Shanghai is in the middle. Consistent with the results in Fig. 3, Harbin observes the
largest decrease in consumption on hot days and the smallest decrease on cold days as the city is already
well adapted to its cold climate. In contrast, Haikou observes the largest decrease in consumption on cold
days but is barely affected by hot days as it is well adapted to its hot climate. In the long-run projections,
we incorporate adaptation by allowing the consumption-temperature relationship to change as climate
conditions change. That is, if Harbin’s climate were to become similar to that in Shanghai by the end of
the century, we would use the consumption-temperature relationship of Shanghai to simulate end-of-century

consumption patterns in Harbin.
The findings obtained from Eq. (2) are robust to a number of robustness checks including the inclusion
of pollution and other weather variables as controls, using log consumption as the dependent variable, and
adding city-specific time trends (Extended Data Fig. 6). In addition, we estimate a more flexible model of
linear splines with knots at 10-degree increments, and obtain similar results (see Supplementary Table 5 for
coefficient estimates and Panel (d) in Extended Data Fig. 6 for the three-city plot).
For climate projections, we use two Representative Concentration Pathway (RCPs)
that are greenhouse gas concentration trajectories and climate scenarios adopted by the Intergovernmental
Panel on Climate Change’s Fifth Assessment Report (AR5) in 2014. RCP4.5 is a stabilization scenario
in which the emissions peak around mid-century under a range of mitigation strategies, while RCP8.5 is
a business-as-usual scenario with emissions continuing to rise throughout the century. Under each RCP
scenario, the main simulation results are produced using the median temperature and climate from an
ensemble of 21 General Circulation Models (GCMs). The Methods Section provides details on the data
inputs and how our results reflect three sources of uncertainty in simulations: emission uncertainty, climate
uncertainty, and regression uncertainty.
Fig. 5 depicts the projected changes in total annual national consumption (in %) during the 20-year
period at the end of the century (2080-2099) relative to the 2018 level. Panel (a) shows the results without
climate adaptation by holding fixed the consumption-temperature relationship at the current climate, hence
shutting down adaptation in projections. Therefore, the changes in consumption are only driven by the
change of the temperature distribution. Panel (b) presents results with climate adaptation by adjusting
the consumption-temperature relationship to the future climate, hence incorporating adaptation. For each
climate scenario, we show both the average impact at the national level and the impact by three climate
regions.
Two key findings emerge. First, without adaptation, Panel (a) in Fig. 5 shows that annual national
consumption at the end of century (2080-2099) would exhibit a statistically and economically significant
change of -0.37% (P=0.005, 95% CI=-0.61% to -0.09%) under RCP4.5, and -0.86% (P=0.003, 95% CI=1.39% to -0.27%) under RCP8.5. These losses of aggregate spending nationally are equivalent to Y148 billion
and Y344 billion under RCP4.5 and RCP8.5, respectively. The estimated projected changes in this panel
are driven by the shift in the temperature distribution, implying that the reduction in consumption due to
more hot days outweighs the increase in consumption due to fewer cold days under both climate scenarios.
Across the three climate regions, the estimated average impact in the mild and cold regions appears to be
more pronounced than that in the hot region particularly under RCP8.5, though the confidence intervals
overlap. The heterogeneity across cities without adaptation under RCP4.5 is further shown in Panel (a) of
Fig. 6. Southern China suffers minimal losses because the negative temperature impact is close to zero (as
shown by the green line in Fig. 4) in the absence of adaptation. Cities in the country’s middle exhibit a
larger consumption reduction due to losing more pleasant days to hot days than gaining from cold days.
Cities in the north exhibit smaller consumption reduction due to gaining more pleasant days from cold
days than losing to hot days. The impact is more pronounced under RCP8.5 than under RCP4.5 (Panel
(b) of Fig. 6). In addition, consumption reduction is also affected by income level: richer cities in the
southern and eastern regions exhibit larger consumption reductions because richer cities have a higher share
of discretionary spending, which is shown to be more sensitive to temperature shocks (see Supplementary
Fig. 3 for details).
The second key finding is that after accounting for adaptation, the negative impact of future temperature
shocks on consumption is mitigated. Panel (b) in Fig. 5 shows that the estimated impacts at the national
level are smaller in magnitude than those in Panel (a) under both RCP4.5 and RCP8.5. Across the three
climate regions, the cold region would observe a small decrease in consumption and the hot region would
observe a small increase, though neither is statistically or economically significant. The heterogeneity across
cities with adaptation is further shown in Fig. 6. Many cities in the south are predicted to observe an
increase in consumption. These cities are well equipped to deal with heat, and as a result, the negative
Simulation Results.

impact from more frequent hot days is dominated by the positive impact from less frequent cold days in
the future. In comparison, some cities in the north are predicted to observe consumption reductions. The
negative impact from more frequent heat events will be larger in the northern cities relative to that for their
southern counterparts because even with adaptation, the northern cities are still less equipped to cope with
heat. At the same time, as these cities adapt to a warmer climate, they are less able to cope with extreme
cold events that will still be present even though less frequently. The differential impacts across cities
highlight the environmental inequality documented in (41), as well as the importance of understanding the
spatial heterogeneity of climate impacts across regions and countries using granular data.
The contrast between findings with and without adaptation highlights the critical role of adaptation in
climate impacts and the need to better understand it (4). The result that adaptation mitigates climate
impacts is also documented in (35) in the context of mortality in the United States. To examine the
importance of adaptation and the sensitivity of our results, we focus on the projection results when end-ofcentury temperatures were to be realized at the 90th percentile (instead of the median) of the predicted
temperature distribution. Our simulations again show larger consumption reductions in the absence of
adaptation: a statistically and economically significant change of -0.55% (P=0.004, 95% CI=-0.90% to
-0.16%) under RCP4.5, and -1.19% (P=0.002, 95% CI=-1.89% to -0.39%) under RCP8.5, on an annual
basis. The loss of national spending would amount to Y220 billion and Y476 billion, respectively. However,
with adaptation, consumption reduction is again neither economically nor statistically significant for the
country as a whole.

Discussion
While consumption is a key component in understanding economic growth, past research on the impact of
climate change on economic growth has mostly focused on production channels. This paper examines the
direct effect of temperature shocks on household consumption behaviour by leveraging, to our knowledge,
the most comprehensive and fine-scale data on consumer spending. In the short run, the analysis shows
that temperature shocks have an immediate and negative effect on consumption. Supplementary Figures 1
and 2 confirm that the consumption reduction from Eq. (1) is unlikely to be accounted for by intertemporal
substitution. The consumption-temperature relationship may be explained by the physiological, psychological, and cognitive burdens from temperature extremes (42–47), as well as changes in human behaviour to
avoid these burdens. Our finding is consistent with recent studies that document the negative impact of
temperature extremes on outdoor activities (14, 48, 49).
To predict the long-run implications of climate change on consumption, we incorporate both the
temperature impact and the adaptation channel in our simulations. Our results show that adaptation
could reduce the negative consequences of temperature shocks from climate change on consumption and
even reverse the direction of the impact, especially in hot regions. Two sets of countervailing forces are
behind these findings. The first set comes from the shift in the temperature distribution and heterogeneous
consumption responses to extreme heat and cold. On one hand, under both the RCP4.5 and RCP8.5
scenarios, excess heat becomes more common, which reduces consumption. On the other hand, excess
cold becomes less common especially under RCP8.5, which could lead to increases in consumption. The
second set of countervailing forces comprises adaptation to excess heat versus de-adaptation to excess
cold. As the population adapts to a warmer climate and becomes more resilient to excess heat over time,
de-adaptation occurs on the other end of the temperature distribution, and excess cold induces a stronger
negative impact on consumption. Our results imply that adaptation’s positive effect on consumption could
dominate de-adaptation’s negative effect, especially under RCP8.5 as climate becomes warmer.
We end with several caveats. First, while transactions through the UnionPay network account for a
significant share of the overall retail consumption expenditure by 2018 (Extended Data Fig. 1), differences
in coverage across consumption categories arise between the UnionPay data and the aggregate statistics from
the National Bureau of Statistics (NBS) (Supplementary Table 1). Particularly, electronic payment methods
(WeChat and Alipay) have increased significantly overtime and some of the observed relationship between

temperature and spending could be driven by substitution between UnionPay and other payment methods.
Second, adoption of credit and debit cards is lower among rural and less developed areas (Extended Data Fig.
2), so the findings should be interpreted as capturing the impact on urban residents. Third, temperature
shocks could affect consumption through both the demand and supply channels. By examining the impact
on aggregate consumer spending rather than on quantities and prices separately, our analysis quantifies the
magnitude of the equilibrium outcome but is unable to disentangle the impacts through either channel. We
consider these limitations as important questions for future research.

Methods
Data Description.
Credit and Debit Transactions. The consumption data are from the universe of credit and debit card (or
“bank card”) transactions in China settled through the UnionPay network. The data we have access to
do not contain any personal information, and they are aggregated to the city by day by category level.
The UnionPay network is the only interbank payment network in China and is state-owned. After its
inception in 2002, the UnionPay network experienced dramatic growth: the value of bank card transactions
through this network was equivalent to approximately 80% of overall retail consumption expenditure by
2018, increasing from 17% in 2006. In the United States, spending from credit and debit cards accounts for
55% of all consumer spending (50). The UnionPay network is the largest network in the world in terms of
both the number and value of transactions, ahead of Visa and Mastercard. About 2.7 billion UnionPay
cards were in use from 2013 to 2018. Extended Data Fig. 1 plots the aggregate UnionPay expenditures
against the GDP and total retail consumption expenditures over 2013–2018. Extended Data Fig. 2 shows
the spatial pattern of card adoption by plotting the number of active cards per resident by city in 2015.
Card adoption is high throughout the country, especially in coastal and high-income cities. In addition, the
penetration tends to be higher in cities with a more educated and younger population (51).
UnionPay transactions cover seven major merchant categories and over 300 subcategories. Supplementary
Table 1 compares the shares by consumption categories from UnionPay transactions with those from the
NBS in 2015. Some categories exhibit significant differences in shares. For example, the shares for “Food”
and “Clothing” are significantly smaller in UnionPay transactions. Consumer may use cash for small
transactions in these categories. In addition, some food and clothing related transactions are classified into
other categories in UnionPay, which uses merchants’ core business to group transactions. Despite these
differences, to our knowledge the UnionPay data represent the most comprehensive and fine-scale data in
temporal and spatial dimensions on consumer spending in China.
The UnionPay data we have access to contain information on transaction volume and monetary value
by city by consumption category by day for offline transactions. Information on consumer categories is
not populated for online transactions, limiting our ability to understand online purchase behaviour. Our
analysis uses data from January 1, 2013 to December 31, 2018 in the 283 largest cities in China, which
account for over 96% of the population and 98% of consumer spending. The top panel in Supplementary
Table 2 reports summary statistics on the transaction data. Daily consumption per card is Y120 on average.
We exclude observations with the top and bottom 1% of spending per card as OLS (ordinary least squares)
is sensitive to outliers.

The weather data are ERA-Interim products from the European Center
for Medium-Range Weather Forecasts (ECMWF). ECMWF provides daily meteorology information such as
temperature, precipitation, wind speed, and humidity from 1979 to present at the 79-km-grid resolution.
Extended Data Fig. 3 plots the fraction of days by temperature bins over 2013–2018, for cities in the
highest 30%, the middle 30%, and the lowest 40% of the distribution of the 30-year average temperature
from 1981 to 2010. We merge the transaction data with the weather data by matching the centroid of a
city with the nearest grid point from the weather data. The air pollution index by city and day is from
China’s Ministry of Ecology and Environment (formerly the Ministry of Environmental Protection). The
two bottom panels in Supplementary Table 2 report summary statistics on the meteorological variables and
the air pollution index.
Meteorology and Air Pollution Data.

The projected weather and climate data for the long-run simulations are from the
NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP). The NEX-GDDP dataset is
derived from the GCM conducted under the Coupled Model Intercomparison Project Phase 5 (CMIP5).
The NEX-GDDP dataset provides daily downscaled projections under RCP4.5 and RCP8.5 scenarios from
21 GCM models at a spatial resolution of 0.25 degrees from 1950 to 2100 (52). Projections from the
NEX-GDDP dataset has the same unit of analysis (that is, by city by day) as our baseline model. Similar to
Climate Projections.

the meteorology data, the centroid of a city from the transaction data is linked with the nearest grid point
from the NEX-GDDP dataset. Our main results are produced using the median projected temperature and
climate from the 21 GCM models.
Future GDP and population projections are from the Shared Socioeconomic
Pathways (SSPs). The SSPs depict a set of plausible scenarios of socioeconomic development over the
21st century that are predicted by the Integrated Assessment Modeling (53). We obtain SSP2, SSP3 and
SSP4 that yield carbon emissions that fall between RCP4.5 and RCP8.5 in integrated assessment modeling
exercises (36, 54). While there are many models within the SSP database, we adopt the following three sets
of projections that include China: the Organization for Economic Co-operation and Development (OECD)
Env-Growth model (55), the International Institute for Applied Systems Analysis (IIASA) GDP model
(56) and the Potsdam Institute for Climate Impact Research (PIK) (57). GDP per capita that we use for
our analysis is obtained by averaging across SSP2/SSP3/SSP4 scenarios in the OECD, IIASA, and PIK
projections. GDP per capita does not differ between RCP 4.5 and RCP 8.5 scenarios as such practice does
not provide additional information in our context. GDP per capita is originally in five-year increments at
the national level. We use the implied annual growth rate to construct the projected GDP per capita in
each future year. In the absence of city-specific projections from SSPs, we apply the national growth rate
between 2018 and future years uniformly across cities.
Socioeconomic Projections.

Econometric Models.

To examine the effects of temperature on consumption behaviour, we estimate the
following parsimonious model:
Short-run Effects.

yc,t =

J
X

j
βj T Pc,t
+ xc,t ρ + ηt + κc,s + εc,t ,

[1]

j=0
j J
where yc,t is the value of transactions per card in city c at time (day) t. {T Pc,t
}j=0 is a vector of 5◦ F bins.
j
T Pc,t
equals one if the average daily temperature during the past 10 days (t − 9 to t) in city c falls in the jth
temperature bin and zero otherwise. xc,t is a set of control variables including air pollution, precipitation,
and relative humidity. ηt is day-of-the-sample fixed effects to control for unobserved common shocks (for
example, national holidays). City by year-quarter fixed effects, κc,s , capture city-specific and time-varying
shocks such as the adoption of card payment by merchants, economic fluctuations, and political events (for
example, an anti-corruption campaign that started in early 2013). In addition, the regression includes city
by holiday fixed effects. εc,t is the error term.
This model is equivalent to a distributed lag model that focuses on the aggregate impact during the
10-day time window. An alternative approach would be to include lagged temperature variables for each
of the past 10 days. However, high autocorrelation among these daily variables produces oscillating and
imprecise coefficient estimates as shown in Supplementary Fig. 1. We specify a window of 10 days prior
to date t to capture the lagged effects as well as intertemporal substitution. For health spending, there
might be an incubation period for illnesses to show symptoms after exposure to excess heat or cold, or a
lag between symptoms and treatment that is captured in our data. In addition, consumers may reschedule
their shopping or entertainment activities to later dates in response to excess heat or cold on a given day.
The 10-day window allows us to capture the temporal replacement within the time window and estimate
the net effect (for example, permanent changes). We discuss the choice of window length below.
We set the temperature bin that exhibits the largest impact as the reference bin. The approach of
using temperature bins offers a non-parametric method to capture the nonlinearities in the consumptiontemperature relationship. The coefficient of interest, βj , in Eq. (1) can be equivalently interpreted as the
cumulative consumption impact of past 10 days’ temperature in temperature bin j relative to the reference
bin. βj can also be interpreted as the impact of current day’s temperature j on cumulative consumption

during a 10-day period (current day and the nine days in the future), relative to the reference bin. The
regression is weighted by a city’s number of active cards at the beginning of the sample period (January 1,
2013). We cluster the standard errors at the city level to account for autocorrelation in the error term.
We further compute Conley standard errors to address the spatial correlation in the error term (58, 59).
These adjustments do not change the inference results qualitatively. All statistical tests in this work are
two-tailed tests.
The key variation for identification is the within-quarter and within-city changes in temperature. The
identifying assumption is that changes in temperature experienced by a city are exogenous to unobserved
time-variant factors that affect consumption behaviour in the city. The assumption is plausible because of
the randomness of temperature fluctuations and the rich set of controls for factors that could be correlated
with both temperature and consumption. As illustrated by Extended Data Fig. 4, our results are robust
to alternative model specifications with: (i) different sets of control variables; (ii) log consumption as the
dependent variable; (iii) city-specific time trends instead of city by year-quarter fixed effects; and (iv) using
the number of days in each temperature bin as key regressors rather than the average-temperature bin.
Additionally, our results are also robust to potential bias from extreme values and substitution across
different payment types, as illustrated in Extended Data Fig. 5 and Supplementary Fig. 5.
Next, we estimate additional models to examine the role of intertemporal (day-to-day) substitution
as well as determine how many day-lags should be included in Eq. (1). Ideally, our empirical framework
should start from estimating the day-specific temperature impact to determine how many day-lags should
be added to the model. However, due to the high autocorrelation in daily temperature variables, estimating
the coefficients for 17 temperature bins per day is difficult for any reasonable window length. We thus
resort to two alternative methods.
First, we follow (17) and include three temperature bins (below 30◦ F, between 30◦ F and 90◦ F, and above
◦
90 F) for each day over a 15-day window (day t − 14 to t). The reference bin is the temperature between
30◦ F and 90◦ F. To provide additional evidence on causality, we add temperature bins in the next three
days as a placebo test. Supplementary Fig. 1 illustrates that the scope of inter-temporal substitution and
lagged effects of temperature shocks are likely to be limited to 10 days for most consumption activities,
motivating the 10-day time window in our baseline analysis.
Second, we test the significance of the consumption impacts of 51 average-temperature bins corresponding
to the three 5-day windows: past day t-4 to t, t-9 to t-5, and t-14 to t-10. That is, we keep the same 17
temperature bins as in Eq. (1) for each time window. The results, presented in Panel (a) of Supplementary
Fig. 2, supports our choice of the 10-day window. As a falsification test, we add in Eq. (1) the averagetemperature bins based on the future 5 days. As shown in Panel (b) of Supplementary Fig. 2, after
controlling future temperature bins, the impacts from the last 10 days are similar to the baseline regression
(Eq. (1)) and the impacts from the future 5 days are close to zero, supporting that our estimated effects are
not spurious.
As climate changes gradually over time, we would expect adaptation
to occur through various channels including physiology, behaviour, technology, and investment by households
and governments. The consumption-temperature relationship would therefore change with climate, as
illustrated in Fig. 3. To capture how the consumption-temperature relationship varies by climate in
the presence of adaptation, we use a semiparametric function to incorporate both daily temperature and
climate conditions into the analysis, following the strategy in (26) and (35) which study energy demand and
mortality impact from climate change. Essentially, we quantify the future adaptation of a given location to
climate change based on the historical adaption behaviour of another location to which the climate of the
given location is converging.
Existing studies document that income may affect adaptation to climate changes (36, 60). To account for
the role of income in the consumption-temperature relationship, our model includes the interactions between
temperatures and log GDP per capita in the spirit of (36). As illustrated by the theoretical framework
in (36), climate captures the adaptive behaviour through various channels and income reflects the budget
Long-run Projections with Adaptation.

constraint governing adaptation. The model is specified as:
yc,t = f(T Pc,t , CMc , GDPc ; θ) + xc,t ρ + ηt + κc,s + c,t , where

[2]

f(T Pc,t , CMc , GDPc ; θ) =α0 T Pc,t + α1 T Pc,t · 1(T Pc,t ∈ [40, 60)) + α2 T Pc,t · 1(T Pc,t > 60)

+ [β0 T Pc,t + β1 T Pc,t · 1(T Pc,t ∈ [40, 60)) + β2 T Pc,t · 1(T Pc,t > 60)] · CMc

+ [γ0 T Pc,t + γ1 T Pc,t · 1(T Pc,t ∈ [40, 60)) + γ2 T Pc,t · 1(T Pc,t > 60)] · GDPc .
TPc,t is the average daily temperature during the past 10 days (inclusive of current day) for city c and
day t. CMc denotes the climate condition of city c (the 30-year average temperature from 1981 to 2010).
GDPc is measured by GDP per capita in 2010 in logarithmic scale. To capture the relationship flexibly,
we define f(·) as a linear spline in temperature with knot points at 40◦ F and 60◦ F that is interacted with
climate CMc and GDP per capita. The other variables in Eq. (2) are defined the same way as in Eq. (1).
Parameter estimates are reported in Supplementary Table 4.
By allowing the slope of the consumption-temperature function to vary by climate conditions, this
specification recovers the consumption-temperature relationship for a continuum of climate conditions.
To examine the robustness of Eq. (2), we perform the following tasks and plot results in Extended Data
Fig. 6: (i) adding different sets of control variables; (ii) using log consumption as the dependent variable;
(iii) replacing city by year-quarter fixed effects with city specific linear time trends; and (iv) using a more
flexible spline with knots at 10-degree increments from 40◦ F to 90◦ F. The coefficient estimates for this
more demanding spline specification are reported in Supplementary Table 5. Our results are robust to these
alternative specifications.
In estimating the parameters in Eq. (2), climate condition (CMc ) and GDP per capita (GDPc ) for
a given city are fixed during our data period of 2013-2018. In long-run projections, we allow these two
variables to evolve. To account for climate adaptation in the long-run, we use the consumption-temperature
relationship based on the future (rather than current) climate condition of a given city from global climate
projections. Specifically, in the projections with climate adaptation, we estimate the change of consumption
in a future year τ relative to the 2018 consumption as:
∆ŷAdapt
= f(T Pc,τ , CMc,τ , GDPc,τ ; θ̂) − f(T Pc,2018 , CMc,2018 , GDPc,τ ; θ̂),
c,τ

[3]

where θ̂ is a vector of parameter estimates in Eq. (2). T Pc,τ , CMc,τ , and GDPc,τ are projected future
temperature, climate condition, and GDP per capita, respectively. In the projections without climate
adaptation, the change of consumption in a future year τ relative to the 2018 consumption is:
∆ŷNoAdapt
= f(T Pc,τ , CMc,2018 , GDPc,τ ; θ̂) − f(T Pc,2018 , CMc,2018 , GDPc,τ ; θ̂),
c,τ

[4]

where climate condition CMc,2018 for city c is held constant based on the 30-year average temperature
from 1981–2010. The difference between ∆ŷAdapt
and ∆ŷNoAdapt
captures the role of climate adaptation.
c,τ
c,τ
In our simulations, we use projected future GDP per capita throughout, that is, GDP in Eq. (3) and
Eq. (4) has the subscript τ. Therefore, our simulations do not capture the full impact of income growth
on consumption changes. The role of income is incorporated only through its impact on the slope of the
consumption-temperature relationship but not its impact on the level of consumption, as discussed in detail
in Supplementary Information (Supplementary Fig. 4).
Three sources of uncertainty exist: emission uncertainty, climate uncertainty, and regression
uncertainty (61). First, emission uncertainty refers to the imperfect knowledge in the future trajectory of
anthropogenic activities that might affect the climate system (for example, RCP4.5 or RCP8.5). Second,
climate uncertainty refers to the uncertainty in how the climate system responds to a given level of emissions.
An ensemble of 21 GCMs is typically used in national and international climate assessments. Third,
Uncertainty.

regression uncertainty stems from the econometric estimates of response functions using historical data,
that is, uncertainty in the regression coefficient estimates.
To account for regression uncertainty, we follow the procedure in (36, 62) to randomly draw a set of
parameters 100 times from a multivariate normal distribution characterized by the covariance matrix for
the parameter estimates in f(·) in Eq. (2). Next, we construct a predicted response function (for each
city and each day in 2080–2099) by combining these parameter draws with the median values (locationand time-specific) of temperature and climate provided by the 21 climate projections. Last, we take the
2.5th and 97.5th percentiles from the distribution of the outcomes to construct the 95% confidence interval.
To account for emission uncertainty, we report results under both RCP4.5 and RCP8.5 scenarios. To
account for climate uncertainty, besides the median value, we further discuss our key results using the 90th
percentile values of temperature and climate provided by the 21 climate projections.
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8. Deschênes, O. & Greenstone, M. The economic impacts of climate change: Evidence from agricultural output and random
fluctuations in weather. American Economic Review 97, 354–385 (2007).
9. Burke, M. & Emerick, K. Adaptation to climate change: Evidence from us agriculture. American Economic Journal -Economic
Policy 8, 106–140 (2016).
10. Ortiz-Bobea, A. The role of nonfarm influences in ricardian estimates of climate change impacts on us agriculture. American
Journal of Agricultural Economics 102, 934–959 (2020).
11. Zivin, J. G., Hsiang, S. M. & Neidell, M. J. Temperature and human capital in the short and long run. Journal of the Association of
Environmental and Resource Economists 5, 77–105 (2018).
12. Park, R. J., Goodman, J., Hurwitz, M. & Smith, J. Heat and learning. American Economic Journal: Economic Policy 12, 306–39
(2020). URL https://www.aeaweb.org/articles?id=10.1257/pol.20180612.
13. Garg, T., Jagnani, M. & Taraz, V. Temperature and human capital in india. Journal of the Association of Environmental and Resource
Economists (2020).
14. Zivin, J. G. & Neidell, M. Temperature and the allocation of time: Implications for climate change. Journal of Labor Economics 32,
1–26 (2014).
15. Somanathan, E., Somanathan, R., Sudarshan, A. & Tewari, M. The impact of temperature on productivity and labor supply:
Evidence from indian manufacturing (2018). Becker Friedman Institute Working Paper.
16. Park, R. J. & Behrer, P. Will we adapt? temperature, labor and adaptation to climate change (2016). Harvard Project on Climate
Agreements, Belfer Center, Discussion Paper 2016-81.
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Figures & Tables

Fig. 1. Consumption Responses to Temperature Shocks
Notes: The figure reports the 10-day cumulative effect on daily spending per card (in Y) due to the temperature change from
the reference bin of 40-45◦ F to the corresponding temperature bin. The regression model includes day-of-the-sample fixed
effects, city by year-quarter fixed effects, city by holiday fixed effects, and a set of control variables including air pollution,
precipitation and relative humidity. Shaded areas show the 95% confidence intervals and the centers measure the change in
spending. Standard errors are clustered at the city level. The number of observations is 594,706.

Fig. 2. 10-Day Effect on Consumption Categories
Notes: This figure reports the 10-day cumulative effect on per card daily spending (in Y) in eight different consumption
categories due to a temperature change from the reference bin (40-45◦ F) to the corresponding temperature bin. The regression
model includes day-of-the-sample fixed effects, city by year-quarter fixed effects, city by holiday fixed effects, and a set of
control variables including air pollution, precipitation and relative humidity. Shaded areas show the 95% confidence intervals
and the centers measure the change in spending. Standard errors are clustered at the city level. The number of observations is
594,706 for panel (a)-(g) and 385,610 for panel (h).

Fig. 3. Consumption Responses by Hot, Mild, and Cold Regions
Notes: The figure reports the 10-day cumulative effect on daily spending per card (in Y) due to a temperature change from the
reference bin (40-45◦ F) to the corresponding temperature bin in hot, mild and cold regions. The cities are categorized into
three regions/climate zones based on the 30-year average temperature from 1981 to 2010. The hot, mild, and cold regions
include cities with the average temperature in the highest 30%, middle 30% and lowest 40% of the distribution, respectively.
The regression model includes day-of-the-sample fixed effects, city by year-quarter fixed effects, city by holiday fixed effects, and
a set of control variables including air pollution, precipitation and relative humidity. Shaded areas show the 95% confidence
intervals and the centers measure the change in spending. Standard errors are clustered at the city level. The number of
observations for cold, mild and hot regions is 239,041, 180,230 and 175,435, respectively.

Fig. 4. Consumption-temperature Relationship by City
Notes: The figure reports the 10-day cumulative effect on daily spending per card (in Y) due to a temperature change from the
reference temperature (40◦ F) to the corresponding temperature in Harbin, Shanghai, and Haikou. Harbin is the northernmost
(coldest) capital city in China, Haikou is the southernmost (hottest) capital city and Shanghai is in the middle. The estimates
are based on the semiparametric specification of Eq. (2). The regression includes day-of-the-sample fixed effects, city by
year-quarter fixed effects, city by holiday fixed effects, and a set of control variables including air pollution, precipitation and
relative humidity. GDP per capita is at the 2010 level. Shaded areas show the 95% confidence intervals and the centers measure
the change in spending. Standard errors are clustered at the city level. The number of observations is 594,706.

Fig. 5. End-of-Century Consumption Projection by Climate Condition (Eq. (2))
Notes: This figure reports the predicted percentage change in consumption by end of the century (2080-2099) relative to the
2018 level, for the national aggregate as well as three regions/climate zones under two climate scenarios RCP4.5 and RCP8.5.
This projection analysis is based on model estimates shown in Supplementary Table 4. The cities are categorized into three
regions/climate zones based on the 30-year average temperature from 1981 to 2010. The hot, mild, and cold regions include
cities with the average temperature in the highest 30%, middle 30%, and lowest 40% of the distribution, respectively. In panel
(a), the p-values are 0.005 (0.003), <0.001 (<0.001), 0.003 (0.002) and 0.041 (0.031) for the national average, cold, mild and
hot regions respectively under RCP4.5 (RCP8.5) scenario. In panel (b), the p-values are 0.904 (0.778), 0.529 (0.411), 0.924
(0.860) and 0.839 (0.896) for the national average, cold, mild and hot regions respectively under RCP4.5 (RCP8.5) scenario.
Error bars show the 95% confidence intervals and the centers measure predicted percentage change in consumption. Panel (a)
holds fixed the consumption-temperature relationship at the current climate, hence not incorporating adaptation to climate
change. Panel (b) allows the consumption-temperature relationship to be adjusted based on future climate conditions, hence
incorporating adaptation in projections. Both figures use the predicted GDP per capita at end of the century (2080-2099)
in projecting the end-of-century consumption. The findings do not mean that climate change counteracts the full impact of
income growth on consumption: these simulations only account for the partial effect of income growth through its impact on
the slope of the consumption-temperature relationship but not through its impact on the level of consumption. See the section
of The Role of Income in the supplementary information for a detailed discussion.

Fig. 6. End-of-Century Consumption Projections by City (Eq. (2))
Notes: This figure reports the predicted impact of climate change (in %) for each city at the end of the century (2080-2099)
relative to the 2018 level under climate scenario RCP4.5 (panels (a) and (c)) and climate scenario RCP8.5 (panels (b) and (d)).
The projection is based on model estimates shown in Supplementary Table 4. Green color indicates consumption reduction
while red color indicates consumption increase. Projections in panels (a) and (b) are based on the consumption-temperature
relationship at the current climate and hence do not incorporate adaptation. Panels (c) and (d) incorporate adaptation by
using the consumption-temperature relationship that corresponds to the future climate. All plots use the predicted GDP per
capita at end of the century (2080-2099). The findings do not mean that climate change counteracts the entire benefits of
income growth. See the section of The Role of Income in the supplementary materials for a detailed discussion.

Extended Data

Extended Data Fig. 1. Consumption Trends: UnionPay vs. National Accounts
Notes: This figure plots annual GDP (blue) and total retail consumption (red) which are sourced from the National Bureau of
Statistics of China (NBS), and total bank card spending (green), sourced from UnionPay.

Extended Data Fig. 2. The Number of Active Bank Cards per Capita, 2015
Notes: Bank cards include debit and credit cards. Active bank cards are defined as cards that have been used at least once in a
given year. Each card is assigned to one primary city based on the location of its most frequent usage. Population measure is
year-end registered population of each city.

Extended Data Fig. 3. Fraction of Days by Temperature Bin
Notes: This figure plots the fraction of days by temperature bin in hot, mild and cold regions. The three regions are classified
based on the 30-year average temperature from 1981 to 2010. The hot, mild, and cold regions include cities with the average
temperature in the highest 30%, middle 30% and lowest 40% of the distribution, respectively. The number of observations is
594,706.

Extended Data Fig. 4. Robustness Checks of Eq. (1)
Notes: The figure presents robustness checks on the inverted U-shaped relationship between temperature and consumption
from Eq. (1). Panel (a) excludes air pollution and other weather variables as controls. Panel (b) uses log consumption as the
dependent variable. Panel (c) replaces city by year-quarter fixed effects with city-specific linear time trends. Panel (d) uses the
number of days in each temperature bin as the key regressors. The coefficients are interpreted as the impact from exchanging
one day from a given temperature bin with one day from the reference bin. All panels include city fixed effects, city by holiday
fixed effects, and day-of-the-sample fixed effects. Shaded areas show the 95% confidence intervals and the centers measure the
change in spending. Standard errors are clustered at the city level in all panels. The number of observations is 594,706.

Extended Data Fig. 5. Residuals and extreme values
Notes: The figure reports residuals from our baseline model Eq. (1). Panel (a) shows the histogram of residuals, where the
blue line indicates a normal density function. Panel (b) shows the Q-Q plot, where the blue line indicates the 45◦ line. The
distribution of residuals is similar to a normal distribution but is more concentrated. While the error terms’ deviation from the
normal distribution may present an issue for hypothesis testing in a small sample (for example, the finite sample distribution of
OLS estimates could be far from being normally distributed), we rely on the large sample properties of OLS estimates for
hypothesis testing given our large sample size. The consistency and asymptotic normality of our parameter estimates do not
rely on the normality of the error term, but are derived from the Law of Large Numbers and the Central Limit Theorem under
certain regularity conditions (63). Panel (c) reports the residuals over time from our baseline model Eq. (1). The residuals
do not exhibit any seasonable patterns, suggesting that the baseline model performs well in capturing seasonality. Panel (d)
accesses the robustness to extreme values by trimming 1%, 5% and 10% on both ends of the sample distribution (i.e., trimming
2%, 10% and 20% in total). Shaded areas show the 95% confidence intervals and the centers measure the change in spending.
First, the qualitative results remain after trimming 2%, 10%, and even 20% of data, indicating that the inverted U-shaped
relationship between temperature and spending is not driven by the tails of the distribution. Second, on cold days, the size of
the estimated effects remains quite stable. Third, on hot days, the magnitudes reduce (gradually) from -7.03 to -4.15 yuan
(-5.85% to -3.45%) after trimming from 2% to 10% of data, using the bin of >=85◦ F as an example, suggesting relatively larger
heterogeneity in effect size across spending levels in the right tail of the distribution. Nevertheless, the magnitude of impact is
more stable across specifications with trimming from 10% to 20% of the data. Note that the distribution of expenditure data
tends to have positive skewness intrinsically. If trimming off a large proportion of the sample, the representativeness of our
sample as well as inference could be compromised. Therefore, the specification with 2% trimming (1% on each side) is kept as
the baseline specification.

Extended Data Fig. 6. Robustness Checks of Eq. (2)
Notes: The figure assesses the robustness of consumption-temperature relationships by climate zone according to Eq. (2). Panel
(a) excludes air pollution and other weather variables as controls. Panel (b) uses log consumption as the dependent variable.
Panel (c) replaces city by year-quarter fixed effects with city specific time trends. Panel (d) uses a more demanding splines with
knots at 10-degree increments from 40◦ F to 90◦ F (see Supplementary Table 5 for coefficient estimates). All panels include city
fixed effects, city by holiday fixed effects and day-of-the-sample fixed effects. Shaded areas show the 95% confidence intervals
and the centers measure the change in spending. Standard errors are clustered at the city level in all panels. The number of
observations is 594,706.

