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Weather Shocks and Food Choices: Evidence from U.S. Household Grocery Purchases1

Rising temperatures may influence everyday food choices in ways that have important
implications for nutrition and public health. This paper studies how short-run exposure to extreme
temperatures affects the composition of household grocery purchases in the United States. Using
a nationally representative household panel dataset of grocery transactions merged with local
weather information, we exploit within-household variation and estimate two-way fixed effects
models to identify causal effects. We find that hotter weeks consistently shift food purchases
toward less healthy items and reduce overall diet quality, with little change in total grocery
spending. In contrast, unusually cold weeks lead to slight increases in total spending but do not
significantly alter the nutritional composition of purchases. These results suggest that heat
exposure primarily induces households to reallocate spending toward less healthy foods rather than
to change how much they spend, whereas cold exposure mainly affects the volume of groceries
purchased. The heat-induced effects on healthiness of food purchases are modest in the short run
but are highly robust and more pronounced for households with less healthy baseline purchasing
patterns. These findings highlight an underexplored channel through which rising temperatures
may degrade diet quality, underscoring the potential public health and welfare costs of climate
change.
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consumer behavior
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1 Introduction

Climate change is accelerating the frequency and intensity of extreme temperature events
worldwide, with profound implications for human health and welfare. Among the many pathways

through which rising temperatures affect population well-being, diet quality stands out as a critical
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Marketing Data Center at The University of Chicago Booth School of Business. The conclusions
drawn from the NielsenlQ data are those of the researcher(s) and do not reflect the views of
NielsenlQ. NielsenlQ is not responsible for, had no role in, and was not involved in analyzing and
preparing the results reported herein.



yet understudied mechanism. A large and growing literature documents how temperature extremes
affect labor productivity, health, mortality, and energy demand (Burke et al., 2015; Carleton &
Hsiang, 2016; Graff Zivin & Neidell, 2014). Yet remarkably little is known about whether and
how short-run weather shocks influence everyday food purchasing behavior. If extreme
temperatures systematically shift household food choices toward less healthy options, the public
health consequences could be substantial and pervasive, operating silently through millions of

routine grocery shopping decisions.

This paper addresses this gap by examining how short-run exposure to extreme heat and
cold temperatures affects the composition and nutritional quality of U.S. household grocery
purchases. By documenting how short-run weather shocks systematically shift the healthfulness
of food purchases, this study speaks directly to weather adaptation and public health policy. On
the one hand, it underscores the importance of environmental sustainability efforts aimed at
reducing the frequency and intensity of extreme heat events. On the other hand, it highlights the
potential value of targeted nutrition assistance programs, retail-level interventions, and public
health messaging strategies designed to mitigate the dietary consequences of extreme weather
exposure when it does occur. More broadly, this study contributes to the literature by integrating
weather shocks into models of food choice, extending work on weather impacts beyond production

and prices to the demand-side determinants of nutrition and health.

Understanding the relationship between weather shocks and food purchasing decisions is
increasingly urgent. The Intergovernmental Panel on Climate Change (2023) projects that
heatwave frequency, duration, and intensity will continue to increase under all emission scenarios,
with many regions already experiencing statistically unprecedented heat extremes. At the same

time, diet-related chronic diseases remain among the leading cause of preventable death and



disability in high-income countries (Danaei et al., 2009). The direct medical costs of obesity alone
exceed $260 billion annually (Cawley et al., 2021), while the total economic impact including lost
productivity reaches $1.4 trillion per year (Milken Institute, 2018). If rising temperatures degrade
diet quality, even modestly, the compounding effects over time could substantially amplify the
health burden of climate change. Unlike acute climate impacts such as heat-related mortality,
which affect vulnerable populations during extreme events, dietary deterioration operates
continuously and cumulatively, potentially affecting the entire population through repeated
exposure. Moreover, since disadvantaged households already face higher rates of diet-related
diseases and may have fewer resources to adapt to temperature shocks, heat-induced changes in
food choices could exacerbate existing health inequalities. Recent macroeconomic evidence
further suggests that extreme heat affects household welfare indirectly through prices, with higher-
than-normal temperatures increasing food price and consumer price inflation over subsequent
months (Kotz et al., 2024), highlighting an additional channel through which short-run heat
exposure may influence real purchasing power. The intersection of weather shocks and dietary
health thus represents a critical frontier for both public health policy and climate adaptation

planning.

We combine the NielsenlQ Consumer Panel (2015-2019), the most comprehensive
household grocery purchase dataset in the U.S., with localized weather data at the three-digit zip
code-week level. Exploiting within-household variation in short-run temperature exposure, we
estimate the effects of extreme heat and cold on grocery spending composition and a continuous
diet quality index. We find that the heatwave weeks increase the unhealthy expenditure share by
0.21 percentage points and reduce diet quality by 0.0033 index units, with no detectable change in

total spending. To place these magnitudes in context, the heatwave effect on diet quality



corresponds to approximately 0.81% of the sample standard deviation of the diet quality index,
suggesting a modest but economically meaningful shift in nutritional composition during extreme
heat events. In contrast, coldwave weeks increase total grocery spending by 1.0% without altering
the nutritional composition of purchases, suggesting that cold exposure operates through a level

effect on spending rather than a compositional shift in diet quality.

We conduct a comprehensive set of robustness, falsification, placebo, and heterogeneity
analyses to assess the validity and timing of the baseline estimates and to examine how heatwave
and coldwave conditions differentially affect purchasing behavior. These analyses include: (i)
event-time analyses centered on heatwave and coldwave onset that verify the absence of pre-
existing trends and confirm that purchasing responses are contemporaneous with extreme
temperature exposure; (ii) robustness checks using multiple alternative temperature exposure
definitions, including continuous cooling and heating degree day measures, percentile-based
weekly thresholds, and daily temperature cutoffs, all of which yield results consistent with the
baseline; (iii) a falsification test using log spending on laundry supplies as a placebo outcome, a
non-food category unlikely to be influenced by heat-driven dietary mechanisms, which produces
no statistically significant temperature effect and confirms that the main results reflect genuine
food-specific behavioral changes rather than generalized spending responses; (iv) placebo lead
regressions demonstrating that future heatwave indicators do not predict current diet quality, ruling
out anticipatory behavior and reverse causality; (v) sample sensitivity checks under stricter diet-
quality score mapping coverage thresholds and with expanded weather controls; and (vi) non-
linear exposure-duration analyses revealing that dietary effects emerge only after three or more
consecutive days of extreme heat, providing additional evidence of a genuine behavioral

mechanism. Collectively, these tests confirm that the heatwave—diet quality relationship is



contemporaneous, short-lived, robust to alternative specifications, and not driven by generalized
shopping behavior, data artifacts, or anticipatory responses. We further document systematic
heterogeneity by baseline purchasing patterns and income, with the largest diet quality declines
concentrated among low-income households and those with pre-existing less healthy purchasing
patterns. These results support the finding that extreme heat induces short-run compositional shifts

toward less healthy grocery baskets, distinct from the patterns associated with cold exposure.

This paper makes three primary contributions to the climate economics and health
economics literatures. First, it provides the first causal evidence linking short-run temperature
exposure to diet quality, a novel outcome with direct implications for chronic disease risk. While
prior work has examined how weather affects food prices, agricultural yields, and food security in
developing countries, we show that temperature extremes systematically alter the nutritional
composition of food purchases even in a high-income setting where food availability is not
constrained. This finding reveals an underappreciated channel through which climate change may
affect population health, operating through voluntary changes in consumer behavior rather than
through supply constraints or purchasing power. Second, we identify that heatwaves and
coldwaves affect grocery shopping behavior in distinct ways (Table 3). Heatwave weeks shift the
composition of purchases toward less healthy options, increasing the unhealthy expenditure share
and lowering the diet quality score, without affecting total spending. Coldwave weeks, by contrast,
increase total grocery spending but leave diet composition unchanged. These contrasting patterns
suggest that heat and cold operate through different behavioral channels, and policies aimed at
mitigating the dietary consequences of extreme weather may need to target these distinct shifts
separately. Third, we document important heterogeneity in heat responses, with larger diet quality

declines among low-income households and those households that already consume less healthy



diets at baseline. This pattern highlights the potential for temperature-driven dietary changes to
exacerbate existing health disparities. These findings underscore the distributional consequences

of climate change beyond traditional measures of economic welfare.

2 Literature review

Food consumption represents a particularly important domain in which temperature exposure may
shape short-run behavior. A well-established literature on time allocation and household
production demonstrates that weather conditions influence how individuals allocate time across
activities (Becker, 1965; Graff Zivin & Neidell, 2014). Hot weather can increase the discomfort
costs associated with cooking, reduce time spent on home production, and shift preferences toward
foods that are convenient, immediately consumable, or perceived as cooling (Chen et al., 2026;
Graff Zivin & Neidell, 2014; He et al., 2025; Kenney et al., 2015). Because healthy meal
preparation is time-intensive relative to reliance on convenience or ready-to-eat foods (Davis &
You, 2011), reductions in cooking effort during extreme heat may directly translate into lower diet
quality. These behavioral responses are consistent with evidence that higher temperatures alter
daily routines, reduce physical activity, and shift consumption patterns (Graff Zivin & Neidell,
2014). Beyond time allocation, a growing body of experimental evidence suggests that heat
exposure impairs cognitive function, working memory, and executive control (Cedefo-Laurent et
al., 2018; Hancock & Vasmatzidis, 2003), which are capacities that underpin the self-regulation
required to maintain healthy dietary choices (Baumeister & Vohs, 2007). This cognitive channel
implies that extreme temperatures may degrade diet quality not only by changing what is
convenient to eat but also by undermining the decision-making processes that guide food selection.

Most existing empirical work linking climate and food outcomes has focused on

agricultural production, food prices, or caloric availability (Hertel et al., 2010; Wheeler & von



Braun, 2013). A small but growing body of work has begun to link temperature variation to food
purchasing behavior. Hyde (2022) documents that hotter-than-usual periods shift grocery
purchases toward foods higher in sugars and fats using U.S. scanner data. He et al. (2025) examine
sugar-sweetened beverage purchases specifically, and Chen et al. (2026) focus on macronutrient
intake patterns.

At the household level, weather shocks can also affect food-related outcomes through
short-run income and budget constraints. Using survey data from 150 countries, Kroeger (2023)
shows that particularly hot weeks significantly increase the likelihood of moderate-to-severe food
insecurity, largely mediated by contemporaneous income and health shocks. Related evidence
from cold-weather conditions shows that poor U.S. households exposed to unusually cold winters
increase spending on home heating while reducing food expenditures almost one-for-one, leading
to declines in caloric intake (Bhattacharya et al., 2002). A recent study further indicates that
extreme temperatures affect retail behavior itself, with households making fewer shopping trips
and reducing total expenditures during heatwaves, while cold spells are associated with higher
grocery spending driven by stockpiling (Lee & Zheng, 2025). These income and access channels
may interact with spatial variation in the food environment. Households in areas with limited
access to healthy food retailers may face additional constraints during extreme temperature events
if heat reduces willingness to travel longer distances to reach supermarkets with healthier offerings
(Allcott et al., 2019).

Despite these advances, existing studies focus on specific nutrients or product categories,
changes in total consumption, or store visit patterns, and therefore cannot distinguish whether
temperature affects the level of food purchasing or the allocation of spending across healthier and

less healthy foods. This distinction is crucial for understanding diet quality rather than food



quantity, because nutritional deterioration may occur even when total grocery spending and caloric
intake remain stable. Our study advances prior literature in three key ways. First we use a
composite diet quality index (Hut & Oster, 2022) that captures shifts across the full grocery basket,
rather than focusing on individual product categories, providing a more complete picture of
nutritional consequences. Second, we provide the first systematic comparison of heat and cold
effects on diet composition, revealing a fundamental asymmetry in behavioral responses that prior
work has not documented. Third, we establish causal credibility through extensive event-study
designs, falsification tests, and dose-response analyses, and we characterize distributional
consequences across income levels and baseline unhealthy consumption levels, which has direct

policy relevance.

2 Data and variable construction

2.1 Consumer panel data

This study uses the NielsenlQ Homescan panel for the years 2015 to 2019. The panel records
itemized grocery purchases made by a national sample of U.S. households and includes
information on purchase date, UPC-level product descriptions, prices, household demographics,
and household location. We restrict the analysis to the pre-pandemic period to avoid confounding
effects associated with the COVID-19 shock. Beginning in 2020, household purchasing behavior
was substantially altered by factors such as lockdowns, supply chain disruptions, stockpiling,
changes in mobility, and shifts toward online and bulk purchasing, which are unrelated to the short-
term temperature mechanisms studied here. Focusing on the 2015-2019 period therefore allows
for cleaner identification of temperature-related behavioral responses under relatively stable

economic and institutional conditions.



The analysis draws on data from all U.S. states, providing broad geographic coverage and
substantial variation in temperature exposure. For each year, we merge the panelist file with
purchase records using the household identifier and stack the resulting datasets to form a single
panel covering 2015-2019. From the panelist file, we extract the panel year and the household
three-digit ZIP code (panelist zip3), which is used to assign geographic location. The main unit of
observation throughout the analysis is a household—week, constructed by aggregating item-level
purchases to International Organization for Standardization (ISO) 8601 calendar weeks (ISO year
and ISO week). Weeks with no recorded grocery purchases do not generate household—week
observations; accordingly, the analysis captures temperature-induced changes conditional on

observed shopping activity.

2.2 Weather measures and heat exposure

Daily weather data are obtained from National Oceanic and Atmospheric Administration’s
(NOAA) Global Surface Summary of the Day (GSOD), which provides station-based daily
summaries of surface meteorological conditions, including daily mean temperature, daily
maximum and minimum temperature, and measures related to humidity. Weather exposure is
assigned based on household location. In particular, five-digit zip code (ZIPS) centroids are
matched to the nearest available GSOD weather station. The daily observations from this station
are then aggregated to weekly weather measures at the household’s ZIP3 level. Specifically,
cooling and heating degree days are summed across all days within each ISO week, relative
humidity is averaged across days within the week, and precipitation is summed to yield weekly
totals. This procedure provides each household-week observation with local temperature exposure

indicators.
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The GSOD dataset reports daily mean temperature. When daily mean temperature is
missing, it is imputed using the midpoint approximation based on daily maximum and minimum

temperatures:

TMAX,, + TMIN,,
2 )

(1)

tmean,, =

where z indexes ZIP3 and t indexes calendar day. All temperature measures are expressed in

degrees Fahrenheit.
Daily cooling and heating degree days relative to a 65°F base are defined as
CDD65,; = max(tmean,; — 65,0), HDD65,; = max(65 — tmean,,, 0).

To capture short-run heat exposure, we construct a 7-day rolling sum of cooling degree

days within each ZIP3:

t
CDD65 7, = Z CDD65,,. 2)

T=t—6

and analogously define HDD65_7_, using HDD65,,. Because CDD65_7 , aggregates daily heat

deviations over seven days, it captures both the intensity and duration of heat exposure within a

given week. For example, a high CDD65_7 . value may reflect either moderately elevated

temperatures sustained over several days or a shorter burst of more extreme heat.

Our primary analysis relies on discrete heatwave indicators derived from this rolling

measure. For each ZIP3, we compute the 95th percentile of CDD65_7 , over the sample period
and classify a day as a heatwave day when CDD65_7_, equals or exceeds this ZIP3-specific

threshold. To capture persistent extreme heat events rather than isolated spikes, we further define

11



an indicator for heatwaves lasting at least three consecutive days (Smith et al., 2013). This variable
reflects sustained multi-day heat exposure that is extreme relative to local climate norms,
consistent with the epidemiological literature on health effects of prolonged heat (Anderson &
Bell, 2011). However, unlike Anderson and Bell (2011), who define heatwaves based on daily
maximum temperature thresholds, we adopt degree-day-based heatwave indicators because our
outcome of interest, weekly household grocery purchasing, is shaped by cumulative thermal
discomfort experienced over the course of a week rather than by peak temperatures on any single
day. Shopping trip frequency and cooking effort respond to the accumulated burden of sustained
heat (Graff Zivin & Neidell, 2014; Lee & Zheng, 2025), making a measure that integrates both
intensity and duration over the relevant decision horizon more appropriate for this context. We

similarly define coldwave days using the 5th percentile of HDD65_7_,over the sample period for
each ZIP3, classifying a day as a coldwave day when HDD65_7 . equals or exceeds this ZIP3-

specific threshold, with an analogous requirement of at least three consecutive days.

To complement this discrete heatwave approach, we also estimate continuous

specifications using the ZIP3-specific rolling weekly sum of CDD (CDD65_7_,) directly as the

treatment variable. These continuous models allow us to assess whether the dietary effects of heat
exposure scale linearly with cumulative heat intensity rather than operating primarily through
threshold-based extreme events. We further estimate nonlinear specifications that allow the
response to vary freely with the exact number of heatwave days in a week, providing additional
evidence on the dose-response relationship between heat duration and diet quality. As an additional
robustness check, we construct an alternative heatwave definition based on the 95th percentile of
weekly average temperature values (rather than rolling CDD sums) for each ZIP3, confirming that

our results are not sensitive to the specific method used to identify extreme heat events.
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Because the analysis is conducted at the household—week level, daily weather variables are
aggregated to ZIP3-by-week using the ISO 8601-week definition. Weekly cooling and heating
degree days are defined as the sum of daily CDD65,; and HDD65,; within the ISO week. The
weekly heatwave measure is constructed as the fraction of days in the ISO week classified as
heatwave days, and relative humidity is averaged across days within the same ISO week. These
ZIP3-level weekly weather measures are merged to the household-week purchase data using

panelist zip3 and the ISO year—week identifier.

2.3 Diet classification and outcome variables

The Homescan data provide item-level product information including department, product group,
and UPC-level product descriptions. These text fields are used to construct a rule-based classifier
that maps products into USDA-style food groups and assigns each item to a healthy or unhealthy
category. The classification follows the USDA healthy food group crosswalk commonly used in

the literature and is consistent with the approach in Volpe et al. (2013) and related studies.

All available text fields are converted to upper case and concatenated into a single
description string. Regular-expression dictionaries are then applied to identify major food groups,
including fruits, vegetables and legumes, whole grains, dairy products, meats and fish, nuts and
seeds, fats and oils, sugars, beverages, and commercially prepared foods. Beverages are classified
into water, one hundred percent juice, sugar-sweetened beverages, diet beverages, and sports or
energy drinks. Plain unsweetened tea and coffee are treated as separate beverage groups. Each
product is assigned to a single food group and then classified as healthy or unhealthy. For example,

fruits, vegetables, whole grains, and plain dairy products are categorized as healthy items, whereas
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sugar-sweetened beverages, candies and desserts, and salty snack foods are classified as unhealthy.

Items that cannot be confidently mapped to any category are treated as unmapped.

Using this classification, we construct household—week outcome variables capturing food
purchasing behavior. These include total weekly spending on healthy items and unhealthy items,
as well as expenditure shares (e.g., the share of total grocery spending allocated to unhealthy
purchases). In addition, we examine overall diet quality using a composite diet quality score
constructed following Hut & Oster (2022). This score aggregates household grocery purchases
using healthfulness ratings derived from a survey of 17 U.S. physicians covering approximately
70 food groups. The household—week diet quality score is computed as an expenditure-weighted
average across food-group ratings and ranges from —1 to 1, where higher values indicate a

healthier purchase basket.

2.4 Analytic sample

After merging household—week purchase outcomes with ZIP3-level weekly weather measures and
dropping observations with missing weather data or weeks in which no purchases were recorded,
the final analytic sample consists of approximately 5.6 million household—week observations. The
diet quality score is available for a subset of these observations, yielding roughly 3.9 million
household—week observations for analyses involving diet quality outcomes. Unmapped items are
included in total grocery expenditure but do not contribute to healthy or unhealthy spending

measures or to the diet quality score.
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3 Empirical Strategy

3.1 Identification framework

The empirical analysis exploits high-frequency within-household variation in short-run
temperature exposure to identify the causal effect of extreme heat and cold on grocery purchasing
behavior. Identification comes from comparing a household’s purchasing outcomes in weeks with
and without extreme temperature exposure, while holding constant time-invariant household

characteristics and common seasonal patterns.

Let Y;,;(d) denote household i’s potential outcome in ISO week w of year t under
temperature exposure state d € {0,1}, where d = 1 indicates exposure to an extreme temperature
event (heatwave or coldwave) and d = 0 indicates no such exposure. The parameter of interest is

the average within-household effect of extreme temperature exposure:

IE[Yiwt(l) - Yiwt(o) | i]- (3)

All models are estimated at the household—week level using the NielsenlQ Homescan panel
from 2015 to 2019. Item-level purchases are aggregated to ISO 8601 calendar weeks. To avoid
ISO-year boundary spillovers (e.g., late December days classified in the subsequent ISO year),
observations are restricted to weeks whose ISO year matches the corresponding annual panel file,

and uniqueness of household X ISO year X ISO week is enforced.

Year-week fixed effects §,,,; are implemented as a full set of ISO year-week indicators (i.e.,
a separate indicator for each unique calendar week in each year, yielding approximately 260 fixed
effects over the 2015-2019 sample period). These flexibly control for seasonality, holidays,

nationwide macroeconomic shocks, and any other time-varying factors common across
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households within a given week. The identifying assumption is that, conditional on household
fixed effects, year-week fixed effects, and observed weather controls, short-run fluctuations in
extreme temperature exposure are orthogonal to unobserved determinants of food purchasing

behavior:
Ele;,: | Heatwave,,, Coldwave,;, X,;, a;, 6,,:] = 0, (4)
where €;,,,; is the regression error term.
3.2 Baseline specification
We estimate household fixed-effects regressions of the form
Yiw: = ByHeatwave,; + B,Coldwave,; + X, v + @; + Syt + Eiwe (5)

where Y}, denotes a household-level outcome for household i residing in ZIP3 z during ISO week

w of year t.

Outcomes include: (i) log(1 + TotalSpend, ), (ii) spending shares allocated to healthy

foods (iii) spending shares allocated to unhealthy foods, and (iv) a continuous diet quality index.

Heatwave,; is an indicator equal to one if ZIP3 z experiences at least one heatwave lasting three
or more consecutive days during week w. Heatwaves are defined using ZIP3-specific thresholds
based on the 95th percentile of the 7-day rolling sum of cooling degree days (CDD65). Coldwave,;

is defined analogously using heating degree days (HDD®65).

The vector X,; includes weekly precipitation totals and mean relative humidity. Household

fixed effects a; absorb all time-invariant household characteristics, including preferences,
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demographics, and baseline diet quality. Week fixed effects §,,; are implemented as ISO year—

week indicators and flexibly control for seasonality, holidays, and nationwide shocks.

All regressions are estimated using the fixest estimator (Bergé, 2018), which efficiently absorbs

high-dimensional fixed effects.

3.3 Event-time patterns around heatwave and coldwave onset

To examine how purchasing behavior changes around the onset of extreme temperature exposure,
we estimate event-time specifications centered on shopping weeks that coincide with the start of

heatwave and coldwave episodes.

Because the NielsenlQ Homescan panel records only weeks in which households make
purchases, the event-time analysis is necessarily conducted conditional on shopping activity. Event
time therefore indexes shopping occasions rather than calendar weeks. The estimates describe how
the composition of grocery baskets changes when a shopping week coincides with the onset of an

extreme temperature episode, relative to other shopping weeks for the same household.

We identify the first shopping occasion in which a heatwave (or coldwave) occurs
following at least four prior shopping occasions without such exposure, ensuring a clean pre-period
in terms of observed purchasing occasions. Event-time indicators are then constructed for shopping
occasions before and after this onset. While our baseline specification uses a four-week clean pre-
period requirement, we re-estimate all specifications using alternative thresholds of three and five

weeks to confirm robustness to this design choice (Appendix Figures Al and A2).

The event-time specification is

17



Yiwe = Z Br - Dix + Xzey + a; + e + € (6)

k+-—1

Where Dy, is an indicator equal to one if household i’s shopping occasion in week w falls &
shopping occasions before or after the onset of the extreme temperature episode, and k = —1 is
the omitted reference period. The requirement that event onset follows at least four shopping
occasions without extreme temperature exposure ensures that the pre-event indicators (k =
—4 through k = —1) are free of such exposure by construction. Here £ = 0 denotes the first
shopping occasion coinciding with event onset, £ = -2 denotes two shopping occasions before
onset, and so on. These models allow us to visualize how basket composition differs in shopping
occasions surrounding the onset of extreme temperature exposure. We assess the plausibility of
the identifying assumption by testing whether baskets in prior shopping occasions show systematic

differences using joint Wald tests of the pre-event coefficients, reported in Section 4.3.
3.4 Intensity and nonlinear exposure measures

Beyond binary event indicators, we exploit variation in the number of extreme-temperature days

within each week to examine how responses vary with exposure duration.

We estimate flexible specifications of the form
7 7
Yiwe = Ba 1(HeatwaveDayszt = d) + z 04 1(ColdwaveDayszt = d)
d=1 d=1

+X0¥ + @i + Sy + e (7)
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where HeatwaveDays , and ColdwaveDays_, denote the number of days in week w classified as

extreme based on ZIP3-specific temperature thresholds. Weeks with zero extreme days serve as

the reference category.

This specification imposes no functional form on the relationship between exposure
duration and outcomes. Instead, it allows the behavioral response to vary freely across weeks with
one through seven extreme-temperature days, providing a fully nonparametric characterization of

the dose—response relationship.
3.5 Diet quality outcomes

In addition to binary healthy and unhealthy spending measures, we examine a continuous diet
quality index following Hut & Oster (2022). Each product is mapped to physician-rated food

groups scored on a [—1,1] scale.
For household i in week w, the diet quality score is defined as

_ Xjedu Cijw Sj

DQiW - ) (8)

2 i€ Cijw

where e;;,, is expenditure on item j, s; is the physician-assigned healthfulness score for the

corresponding food group, and J;,, denotes the set of items with valid physician scores.

The physician-rated product categories from Hut and Oster (2022) cover approximately 70
percent of total grocery expenditure in the NielsenlQ panel. To ensure that the diet quality score
is computed from a sufficiently representative basket, we restrict the diet quality regressions to
household-weeks for which at least 70 percent of total grocery expenditure can be mapped to

physician-rated items. This restriction excludes household-weeks dominated by unmapped
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products, for which the diet quality score would reflect only a small and potentially
unrepresentative fraction of the grocery basket. Robustness to a stricter 80 percent threshold is also
estimated, with results that are substantively unchanged. To account for remaining variation in
coverage, these regressions are weighted by the product of the NielsenlQ projection factor and the

share of weekly expenditure covered by physician-rated items.

3.6 Heterogeneity analysis

We examine whether responses to extreme temperature exposure vary systematically across

households with different baseline dietary patterns and income levels.

3.6.1 Baseline unhealthy purchasing behavior. First, we assess whether households with
persistently less healthy purchasing patterns respond differently to heat and cold exposure. Let U;
denote household i’s baseline unhealthy expenditure share, computed using calendar year 2016

and standardised across households (z-score). We estimate the interaction model

Yiwe = P1Heatwave,, + (, Coldwave,; + B3 (Heatwave,, X U;) + S, (Coldwave,; X U;)
+X5y + @i + St + Eiwes 9

where X,; includes weekly precipitation totals and mean relative humidity. This specification
allows both heat and cold responses to vary continuously with households’ pre-existing dietary

tendencies. The corresponding estimates are reported in Table 7.
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3.6.2 Income group heterogeneity. Second, we examine heterogeneity by household income.
Households are assigned to low-, middle-, and high-income groups based on terciles of their
household-level median income category, with the low-income group serving as the reference
category. Let G; € {L, M, H} denote household i’s income group and let 1{-} be an indicator

function. We estimate

Yo+ = [, Heatwave,, + [, Coldwave,,
+0H (Heatwave,, X 1{G; = M}) + 0F (Heatwave,, X 1{G; = H}) (10)
+05(Coldwave,, X 1{G; = M}) + 85(Coldwave,, X 1{G; = H}) + X,y + a; + S, + Eiwe-
which permits weather responses to differ flexibly across the income distribution while

maintaining the same identification strategy as in the baseline models. Estimates are reported in

Table 8.
3.7 Interpretation

Estimated coefficients are interpreted as short-run within-household responses to extreme
temperature exposure. Because identification relies on high-frequency variation and fixed effects,
the estimates capture behavioral adjustments in the composition of food purchases rather than

long-run dietary change, residential sorting, or migration responses.

4 Results

4.1 Sample characteristics and exposure prevalence

Table 1 summarizes household characteristics and compares households that are ever exposed to
at least one heatwave week with households that are never exposed over the sample period (2015—

2019). The analysis panel includes 134,567 households, representing approximately 264 million
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individuals when applying NielsenlQ projection weights. From Table 2, heatwave and coldwave
exposure are common at the household—week level: heatwave weeks comprise approximately
7.5% of observations, while coldwave weeks comprise approximately 8.6%. Consistent with the
weekly structure of the panel, most household—weeks record zero heatwave (or coldwave) days,
with exposure concentrated in a relatively small share of weeks in which an event occurs. We have
summarized the household characteristics with heatwave exposure intensity in Appendix Table

Al.

Figure 1 illustrates the share of households exposed to heatwave and coldwave conditions
over time, showing substantial seasonal and year-to-year variation in exposure across the sample

period.

Table 2 reports household—week summary statistics for spending outcomes, expenditure
shares, diet quality, and weather measures. Unhealthy items account for a substantial share of
grocery expenditure on average, leaving scope for heat-related compositional shifts even in the

absence of large changes in total spending.

4.2 Main effects of heatwaves and coldwaves on spending and diet quality

Table 3 presents household fixed effects estimates for grocery outcomes and diet quality.
Heatwave weeks do not lead to a statistically detectable changes in log total spending. However,
heatwave weeks produce a statistically significant increase in the unhealthy expenditure share and
a decline in the diet quality index. The estimated increase in unhealthy share is 0.0021,
corresponding approximately to a 0.21 percentage-point shift in the weekly grocery basket toward
unhealthy items. The diet quality score declines by approximately 0.0033 index units (on a -1 to 1

range) during heatwave weeks. Although these effects are modest at the weekly horizon, the
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coherence of these findings, increased unhealthy share alongside reduced diet quality with no
change in total spending, indicates that heat exposure primarily affects the composition of

purchases rather than overall spending levels.

Coldwaves exhibit a different pattern. Coldwave weeks lead to statistically significant
increases in both unhealthy and healthy spending (approximately 1.0 % in log terms), but do not
generate meaningful changes in expenditure shares or diet quality. This contrast suggests that cold
exposure is linked to higher overall grocery expenditure, whereas heat exposure is more closely

related to compositional adjustments and a deterioration in diet quality.

4.3 Dynamic responses around event onset: event-time evidence

To understand the timing of purchasing responses to extreme temperature exposure, we plot event-
time coefficients around the onset of heatwave and coldwave episodes. These estimates correspond
to the event-time specification described in equation (6) and allow us to assess whether purchasing

patterns differ before and after exposure.

Figure 2 reports the event-time estimates for heatwave onset and provides visual evidence
supporting the parallel trends assumption. The coefficients in the pre-period (k =—4 to k =—2) are
close to zero and tightly estimated, providing strong evidence that baskets in earlier shopping
occasions do not systematically differ prior to heatwave exposure. To formally assess this, we
conduct joint Wald tests of the pre-event coefficients. For both unhealthy expenditure share and
diet quality, we fail to reject the null that all pre-event coefficients are jointly equal to zero (p =
0.39 and p = 0.56, respectively). These clean pre-trends strengthen confidence in the causal
interpretation of our estimates, as they rule out the possibility that our results are driven by pre-

existing trends or anticipatory behavior correlated with upcoming heat exposure.
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Post-onset estimates provide additional evidence that heat-related adjustments operate
primarily through changes in the composition of the grocery basket rather than changes in overall
purchasing levels. As shown, the unhealthy expenditure share increases and the diet quality score
declines in shopping occasions coinciding with heatwave onset. These dynamic patterns reinforce
the interpretation from the baseline models that extreme heat is associated with short-run

reallocation within the grocery basket.

Figure 3 presents analogous results for coldwave onset. The event-time estimates are less
precisely estimated than for heatwaves, with confidence intervals that span zero across all post-
onset periods for all three outcomes. For log total spending (Panel A), the pre-event coefficients
at k = -4, -3, and -2 are negative and relatively stable, while the reference period (k =-1) shows a
notable upward shift, suggesting that households may increase grocery purchases in the week
immediately preceding a coldwave, consistent with anticipatory stockpiling behavior (Lee &
Zheng, 2025). Post-onset coefficients for log total spending return to levels similar to or slightly
above the earlier pre-event periods, indicating that cold exposure does not reduce overall grocery
spending. Expenditure shares and the diet quality index show no systematic shifts following
coldwave onset. Taken together, these patterns suggest that cold exposure may affect the level of
grocery purchasing through anticipatory stockpiling rather than altering the nutritional
composition of the grocery basket.

Joint tests of the pre-event coefficients (k = -4,-3,-2) show no significant pre-trend for log
total spending, expenditure shares, or diet quality, supporting the validity of the parallel trends
assumption for coldwave exposure. The negative pre-event coefficients visible in Panel A
therefore reflect the elevated spending at the reference period (k = -1) rather than a systematic pre-

trend and are consistent with the stockpiling interpretation outline above.
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The less precise estimates in the coldwave event-time estimates likely reflect a combination
of fewer usable clean-start coldwave events, greater heterogeneity in shopping behavior during
cold spells, and the fact that shopping occasions do not occur at fixed calendar intervals. Taken
together, the event-time evidence complements the baseline regressions: cold exposure primarily
affects spending levels, while heat exposure operates more through changes in basket composition
and diet quality. One possible explanation for this pattern is that cold exposure increases overall
energy needs and encourages stockpiling or higher total food expenditures without substantially
altering the types of foods purchased (Lee & Zheng, 2025; Warwick & Busby, 1990). In contrast,
heat exposure may reduce appetite for heavier or home-prepared foods and increase preferences
for convenience, ready-to-eat, or more processed items, leading to shifts in basket composition
and declines in diet quality rather than large changes in total spending (Bernhard et al., 2015; Graff
Zivin & Neidell, 2014). These behavioral responses are consistent with physiological and time-
use adjustments to temperature extremes, whereby heat alters food choice margins while cold

primarily affects the intensive margin of food demand.

The event-study results are robust to the choice of clean pre-period length. Appendix
Figures Al and A2 present sensitivity analyses using clean pre-period requirements of three, four,
and five weeks for heatwave and coldwave outcomes respectively. The three-week and four-week
specifications produce nearly identical point estimates and confidence intervals across all pre- and
post-event periods, and pre-trend tests find no significant violation of parallel trends under either
window length. The five-week specification yields consistent post-period estimates but shows an
anomalous positive coefficient at k = —5 for coldwave total spending, attributable to a boundary

artifact in which some qualifying events immediately follow a prior coldwave episode. The close
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alignment between the three-week and four-week specifications confirms that the main findings

are not driven by the specific four-week design choice.

4.4 Robustness checks

4.4.1 Selection into shopping and the extensive margin

This analysis is separate from the main estimation sample and is used only for diagnosing selection.
Table 4 examines whether extreme temperature events affect the probability that a household
makes any grocery purchase in a given week. Because the NielsenlQ panel only records weeks in
which purchases occur, this test is conducted on a balanced household—week panel constructed by
taking the cartesian product of all household codes and all calendar weeks in the sample period,
with a binary indicator equal to 1 in weeks with at least one recorded purchase and 0 otherwise. A
linear probability model with household and year-week fixed effects is estimated on this panel,

with standard errors clustered at the ZIP3 level?.

The estimates show that both heatwave and coldwave weeks are associated with small
reductions in the likelihood of shopping. In the unweighted specification, a heatwave week reduces
the probability of making any purchase by 0.18 percentage points, while a coldwave week reduces
it by 0.15 percentage points. The weighted results are similar in magnitude. To examine whether
households compensate for reduced shopping frequency by purchasing more per visit, we estimate
the effect of heatwave and coldwave weeks on basket size and variety, conditional on making at

least one trip. Coldwave weeks are associated with significant increases in units per trip (1.8%),

2 Zero-purchase weeks include both true non-shopping weeks and weeks in which a household
may have been temporarily inactive in the panel; this attrition cannot be separated from genuine
non-purchase behavior in the NielsenlQ data
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spending per trip (1.6%), and UPCs per trip (1.8%), alongside an increase of 0.08 additional
product groups per trip (Appendix Table A2). While coldwaves reduce how often households shop,
each trip becomes substantially larger and more varied, consistent with precautionary stockpiling.
Heatwaves produce no significant increase in any per-trip measure, indicating changes in basket
composition as observed in Table 3 rather than stockpiling. The asymmetry between the two
shocks is statistically significant across all per-trip outcomes (p < 0.001), confirming that cold and

heat operate through distinct behavioral channels (Appendix Figure A3).

These results show that extreme temperature events reduce the likelihood of making any
grocery purchase. While this raises the possibility of selection bias in our main estimates (which
are conditional on shopping), the direction of selection likely works against our findings. If heat
exposure discourages marginal shopping trips, particularly quick convenience runs that tend to
involve less healthy items, then the households and shopping occasions observed during heatwave
weeks may actually be more representative of planned, deliberate shopping trips. The fact that we
still observe a shift toward unhealthy purchases among those who do shop during heatwaves
therefore suggests that our estimates, if anything, understate the full compositional effect of heat
exposure. Moreover, the magnitude of the extensive margin is small (0.18 percentage points),

limiting the scope for selection to meaningfully alter the conditional estimates.

4.4.2 Alternative Heat Exposure Definitions

To assess sensitivity to the measurement of extreme temperature exposure, we estimate two sets
of alternative specifications. Appendix Table A3 reports results using (i) continuous weekly CDD
and HDD sums as treatment variables and (ii) a heatwave/coldwave definition based on the 95th
and 5th percentiles of weekly average temperature rather than the rolling CDD sum. The

continuous CDD specification confirms that a 10-unit increase in weekly cooling degree days
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significantly increases the unhealthy expenditure share and reduces diet quality, with no effect on
total spending, consistent with the baseline results. The weekly average temperature-based
heatwave definition yields estimates that are similar in sign and magnitude to the baseline and
statistically significant across all key outcomes, confirming that results are not sensitive to the

specific method used to identify extreme heat events.

Appendix Table A4 reports results using heatwave and coldwave definitions based on daily
temperature thresholds (daily degree day and daily mean temperature) rather than the rolling
weekly CDD sum, each with the same three-day persistence requirement. Under both daily
threshold definitions, heatwave weeks continue to significantly increase the unhealthy expenditure
share, with magnitudes similar to the baseline estimates. However, the diet quality coefficient,
while negative, is smaller in magnitude and not statistically significant. This attenuation is
consistent with the interpretation that dietary responses to heat are driven by cumulative thermal
discomfort accumulated over multiple days rather than by brief temperature spikes on individual
days. Daily threshold-based definitions can classify weeks as heatwave weeks even when extreme
heat is concentrated in a short burst surrounded by milder days, whereas the rolling CDD-based
definition used in the baseline more directly captures the sustained thermal burden that shapes
weekly shopping and food preparation decisions. The fact that the unhealthy share effect is robust
across all definitions while the diet quality effect emerges more clearly under the cumulative
measure reinforces both the validity of our baseline measure and the behavioral interpretation that

sustained, multi-day heat drives the dietary response.
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4.4.3 Robustness of the diet quality findings

Table 5 reports a set of robustness and falsification tests designed to assess whether the estimated
heatwave effect on diet quality reflects a contemporaneous behavioral response to extreme
temperatures rather than measurement artifacts, general weather variation, or spurious timing
patterns. The table presents alternative sample restrictions, augmented weather controls, and event-
timing specifications that probe the sensitivity and temporal structure of the baseline estimates.
Specifically, Columns (2) and (3) test robustness to data coverage and weather confounding, while
Columns (4) and (5) implement placebo lead and true lag specifications to examine anticipatory
behavior and persistence. Together, these checks clarify both the credibility and the timing of the

heat-related deterioration in diet quality documented in the main results.

First, the negative effect of heatwave exposure on diet quality is robust when the sample is
restricted to weeks with higher mapping coverage of physician-rated food groups (80% threshold
in Column 2). This indicates that the result is not driven by measurement error or incomplete
classification of grocery items. Second, Column (3) shows that the effect remains when additional
weather control, such as mean temperature is included. The heatwave coefficient remains negative
and of similar magnitude, suggesting that the result is not simply capturing general temperature

variation but is specific to sustained extreme heat exposure.

Columns (4) and (5) provide stronger evidence regarding the timing of the response. The
placebo lead specification in Column (4) shows that future heatwave indicators do not
systematically predict current diet quality, ruling out anticipatory behavior or pre-trends correlated
with heat exposure. In Column (5), true lag terms are added to test whether the effect persists
beyond the week of exposure. The absence of significant lagged effects indicates that the diet

quality response is short-lived and concentrated in the week of the heatwave itself.
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Across all specifications, coldwave exposure remains statistically insignificant for diet
quality, reinforcing the asymmetry observed in the main results. Specifically, heat exposure leads
to a compositional shift in grocery purchases, whereas cold exposure primarily affects spending

levels rather than diet composition.

Taken together, these checks demonstrate that the main finding surrounding the diet quality
measure is not driven by sample construction, measurement coverage, omitted weather variation,
anticipatory behavior, or persistent effects over time. Instead, the evidence points to a

contemporaneous and short-run behavioral response to extreme heat.

4.4.4 Falsification test using non-food purchases

As a final robustness check, we conduct a falsification test to assess whether the observed
temperature effects on food purchasing behavior reflect genuine behavioral responses specific to
diet-related decisions or instead capture spurious correlations or unobserved factors that might
affect all household purchases equally. If extreme temperatures systematically alter all types of
household consumption through general shopping behavior, budget constraints, or measurement
artifacts, we expect to observe similar effects on non-food items that have no plausible theoretical

connection to temperature-driven dietary changes.

We estimate the baseline specification using log spending on laundry supplies as the
dependent variable. Laundry supplies represent a useful placebo outcome for several reasons. First,
unlike food items, laundry product purchases are unlikely to be influenced by the same behavioral
mechanisms that link temperature exposure to dietary choices — such as thermal comfort, cooking
effort, or preferences for cooling/warming foods. Second, laundry supplies are a regular household

purchase category with sufficient variation to detect effects if they exist, but they are typically
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purchased less frequently than groceries and involve different consumption dynamics. Third,
because laundry supplies are recorded in the same scanner data and subject to the same
measurement and reporting processes as food purchases, this test holds constant potential data

quality issues while isolating the substantive channel of interest.

The results, reported in Appendix Table A5, show no statistically significant relationship
between extreme temperature exposure and laundry supply purchases. These findings provide
reassurance that the main results are not driven by general changes in shopping behavior,
household budget reallocations, or data artifacts that would affect all product categories uniformly.
Instead, the observed effects on food purchases and diet quality appear to reflect specific
behavioral responses to temperature exposure that may operate through the mechanisms discussed
earlier. The contrast between the significant effects on food outcomes and the null effects on
laundry supplies strengthens the causal interpretation of the main findings and supports the
conclusion that extreme temperatures influence dietary behavior through channels distinct from

general household consumption patterns.

4.5 Nonlinear effects of heatwave and coldwave days

Table 6 replaces the binary heatwave and coldwave indicators with the exact number of event days
(0 through 7) within a week. This specification provides a direct test of whether dietary responses
scale with the duration of extreme temperature exposure or instead emerge only after a sustained
period of heat, as implied by the three-consecutive-day persistence requirement used in the

baseline heatwave definition (Table 3).

The heatwave results show a clear threshold pattern. Weeks with one or two heatwave days

generate little change in outcomes. In contrast, once exposure reaches three to five heatwave days,
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a consistent pattern emerges: unhealthy expenditure share increases and diet quality declines, while
log total spending remains statistically unchanged. For example, weeks with three heatwave days
are associated with a statistically significant decline in diet quality, and weeks with four or five
heatwave days show persistent increases in unhealthy expenditure share. Importantly, even in the
most extreme exposure category, there is no evidence of systematic increases in total spending.
This pattern confirms that heat exposure operates primarily through reallocation within the grocery
basket rather than through changes in overall purchasing levels, and that this compositional

response only appears once heat exposure is sustained for multiple consecutive days.

The coldwave results display the opposite structure. Weeks with one to three coldwave
days show little response. However, once exposure reaches four or more coldwave days, there are
large and statistically significant increases in total spending in log terms. These increases occur
without corresponding changes in expenditure shares or diet quality, except for seven coldwave
days where the effect is positive and significant for unhealthy shares. For instance, weeks with five
or seven coldwave days show substantial increases in spending across categories while diet quality
remains statistically unchanged. This pattern is consistent with stock-up or higher at-home

consumption behavior during prolonged cold periods, rather than substitution across food types.

These nonlinear patterns provide strong support for the interpretation of the main results.
The findings are not an artifact of the binary event definition. Instead, they reveal distinct duration
thresholds at which behavior changes, with heat exposure inducing compositional shifts only after
several consecutive hot days, and cold exposure leading to higher overall grocery purchases only
during sustained cold spells. The asymmetric thresholds across heat and cold further reinforce the

conclusion that the two temperature extremes differentially influence grocery shopping behavior.

32



4.6 Heterogeneity by baseline purchasing patterns and income

Table 7 examines whether weather-related effects vary by households’ baseline unhealthy
purchasing behavior across all four outcomes. The interaction between heatwave exposure and
baseline unhealthy share is negative and statistically significant for diet quality, indicating that
households with less healthy baseline baskets experience larger heat-related declines in diet
quality. Specifically, a one standard deviation increase in baseline unhealthy share is associated
with an additional decline of approximately 0.0036 index units in the diet quality measure during
heatwave weeks. In contrast, heterogeneity in spending levels is not statistically detectable,
reinforcing the broader result that heat primarily operates through compositional adjustments

rather than expenditure changes.

Coldwaves display a similar pattern of heterogeneity, though with an important distinction.
The general effect of cold exposure documented earlier operates primarily through total spending
rather than basket composition. However, among households with higher baseline unhealthy
shares, cold exposure also produces statistically significant compositional responses, including
effects on unhealthy expenditure shares and diet quality. This suggests that while cold exposure
broadly raises total grocery spending, it additionally shift composition of basket for households
with less healthy baseline purchasing behavior, in a manner consistent with their underlying
preferences. The pattern thus partially mirrors the compositional effects of heatwaves, but is
concentrated among households already predisposed to unhealthy purchasing, rather than

representing a general population-level shift.

Table 8 and Appendix Table A6 reveal that income moderates household responses to
temperature extremes through vulnerability rather than exposure differences. Appendix Table A5

shows that heatwave and coldwave exposure rates are nearly identical across income groups
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(approximately 7.5% and 8.5% of household-weeks, respectively), indicating that differential
impacts stem from varying adaptive capacity, not disproportionate exposure. During heatwaves,
low-income households experience significant diet quality declines, while high-income
households show attenuated effects (interaction coefficient: 0.0047, p<0.10), likely due to better
access to air conditioning and delivery services. Coldwave responses differ by income. Middle-
income households increase total spending by 1.24% (p<0.01) relative to low-income households,
accompanied by a statistically significant increase in unhealthy food shares by 0.23% (p<0.05).
High-income households also increase total spending by 1.88% (p<0.01) but show no
corresponding increases in unhealthy food shares. These patterns are consistent with stockpiling
behavior and increased at-home consumption as plausible explanations for the spending responses
among households with greater purchasing capacity, while budget-constrained low-income

households show limited spending responses despite facing similar cold exposure rates.

Taken together, these results suggest a clear asymmetry in how extreme temperatures
interact with household characteristics. Heat exposure primarily worsens diet quality among
households who already maintain less healthy baskets, without materially changing spending
levels. In contrast, cold exposure triggers both higher spending and stronger compositional
responses, particularly among households with less healthy baseline patterns and among higher-
income groups, consistent with stock-up behavior and increased home consumption during cold

periods.
4.7 Interpretation and economic relevance
Although the estimated coefficients are numerically small, they are measured at the weekly level

and capture within-household shifts in purchasing behavior under short-run exposure. Across
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specifications, extreme heat is associated with small but systematic reductions in diet quality and
increases in the unhealthy expenditure share, while cold exposure primarily increases total
spending. One plausible explanation for the coldwave effect is that households engage in
stockpiling and increased at-home consumption during prolonged cold spells; reduced willingness
to go outdoors during cold periods may further reinforce this behavior. The heat effect is consistent
with a mechanism in which high temperature increases reliance on convenience-oriented or
immediately consumable items, reducing the relative share of healthier components in the basket

without materially changing the overall amount purchased.

5 Discussion and Conclusion

This paper examines how short-run exposure to extreme temperature conditions affects household
grocery purchasing behavior and diet quality using a high-frequency household—week panel. The
results point to a consistent distinction between hot and cold extremes. Heat exposure is associated
primarily with small but systematic changes in the composition of grocery baskets, whereas cold
exposure is associated with higher overall spending without meaningful changes in diet quality.
This contrast highlights that different temperature extremes might operate through distinct

behavioral mechanisms in food purchasing decisions.

Across specifications, heatwave weeks did not significantly affect log total grocery
spending, but they significantly increased the unhealthy expenditure share and reduced the diet
quality index (Table 3). A heatwave week increases the unhealthy expenditure share by
approximately 0.21 percentage points and reduces the diet quality index by about 0.0033 units.
Because these effects are measured at the weekly horizon and identified from within-household

variation, they should be interpreted as short-run adjustments in purchasing behavior rather than
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large shifts in total consumption. The negative effect of heatwave exposure on diet quality is robust
to a range of alternative specifications and sample restrictions. The effect persists when the sample
is restricted to weeks with higher coverage of physician-rated food groups and when additional
weather controls, including mean temperature and degree-day measures, are included. Placebo
lead specifications further support a contemporaneous interpretation of the results, as future
heatwave indicators do not systematically predict current diet quality. Together, these checks
reduce concerns that the main findings are driven by sample construction, omitted weather

conditions, or pre-existing trends correlated with heat exposure.

The compositional nature of the heat effect, changes in the composition of grocery
purchases rather than in total spending, aligns closely with existing research documenting that
temperature shocks influence daily behavior by altering time allocation, comfort costs, and
constraints on routine activities (Graff Zivin & Neidell, 2014). In the context of grocery purchases,
heat exposure plausibly increases reliance on convenience-oriented or ready-to-consume items
while reducing emphasis on foods requiring preparation, leading to lower diet quality even when
total spending remains stable. This interpretation is consistent with Hyde (2022), who documents
that hotter-than-usual periods shift U.S. grocery purchases away from complex carbohydrates
toward foods higher in sugars and fats, and with recent findings that warmer conditions lead to
increased purchases of sugary products, such as sugar-sweetened beverages and frozen desserts

(He et al., 2025), and shift toward higher fat intake (Chen et al., 2026).

In contrast, coldwave weeks are associated with statistically significant increases in total
spending, on the order of approximately 1.0 percent, with little evidence of changes in expenditure
shares or diet quality. This suggests that cold exposure operates more through changes in total

purchasing levels, potentially reflecting greater at-home consumption needs, stock-up behavior, or
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higher caloric demand, rather than through compositional substitution within the grocery basket.
The asymmetry between heat and cold responses underscores the importance of distinguishing
between intensive margins of spending and compositional margins of diet quality when studying
climate-related behavioral responses. This pattern is also consistent with recent evidence that
extreme heat reduces shopping frequency and total retail expenditures, whereas cold exposure is
associated with higher grocery spending driven by stock-up behavior, underscoring that
temperature shocks affect both the timing and composition of household purchases (Lee & Zheng,

2025).

The heterogeneity analysis further reveals that vulnerability to temperature extremes
operates through adaptive capacity rather than differences in exposure rate, since all income groups
face similar rates of heat and cold exposure. Households with higher baseline unhealthy
expenditure shares experience larger heat-induced declines in diet quality, indicating compounding
vulnerability among those already consuming less healthy diets. This dynamic has direct
implications for health disparities. As extreme heat events become more frequent, households with
poor baseline diets face disproportionate dietary deterioration, potentially widening existing gaps
in diet-related health outcomes. Income shapes how households respond. Specifically, higher-
income households maintain diet quality during heatwaves, likely through access to cooling and
convenient healthy options, while also showing greater spending flexibility during cold periods
through stockpiling behavior. These patterns suggest that climate adaptation policy must address
both baseline dietary quality and the differential capacity to adjust consumption in response to

temperature shocks.

Although the estimated weekly effects are modest in magnitude, their relevance depends

on exposure frequency and persistence. To illustrate the economic magnitude of these effects,
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consider a household with average weekly grocery spending of $350. During a heatwave week,
the 0.21 percentage-point increase in unhealthy expenditure share amounts to approximately $0.74
per week in additional unhealthy food purchases ($350 x 0.0021). Over a year with 10 heatwave
weeks, this cumulates to approximately $7.35 per household in additional unhealthy food
spending. Aggregated across more than 130 million U.S. households, and with climate projections
indicating increasing heatwave frequency, these per-episode shifts translate into substantial
population-level reallocation of food spending toward less healthy items. Moreover, the diet
quality decline of 0.0033 units per heatwave week, when compounded over repeated exposure,
could translate into measurable increases in chronic disease risk over 5-10 years, given the well-
established link between diet quality and conditions such as type 2 diabetes and cardiovascular

disease (Della Pepa, 2023; McNaughton et al., 2009; Taylor et al., 2024).

From a policy perspective, the results suggest that climate adaptation and nutrition policy
may intersect through behavioral responses to heat. If heat exposure increases reliance on
convenience-oriented purchases, interventions that preserve convenience while improving
nutritional quality may be especially effective during hot periods. Potential approaches include
retailer strategies that promote healthier ready-to-eat options, targeted public messaging around
hydration and low—added-sugar alternatives, and programmatic support for households facing
repeated heat exposure. These implications are consistent with public health guidance emphasizing
limits on added sugars and the promotion of balanced dietary patterns (U.S. Department of Health

and Human Services, 2020; WHO, 2015).

This study also points to several promising avenues for future research. Extending the
analysis beyond grocery purchases to incorporate food-away-from-home spending would provide

a more complete picture of how households adjust consumption under extreme temperatures.
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Further work could refine measurement by linking scanner data to richer product classification
systems, individual-level exposure metrics, or microclimatic variation. Because the empirical
design isolates short-run, within-household responses, an important next step is to examine longer-
run adaptation mechanisms, including changes in cooking technologies, shopping frequency, and
seasonal planning. Finally, integrating information on access to cooling, retail infrastructure, and
downstream health outcomes would help clarify how extreme weather exposure translates into

nutritional and welfare consequences.

Overall, this study shows that extreme weather shocks can influence everyday consumer
decisions in subtle but systematic ways. By documenting how extreme heat affects the nutritional
composition of household food purchases, the paper contributes to a more complete understanding
of the economic and health dimensions of climate impacts and underscores the importance of

behavioral responses in shaping climate-related welfare outcomes.
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Tables
Table 1: Sociodemographic Characteristics of Households by Heatwave and Coldwave Exposure
Heatwave exposure Coldwave exposure
Overall Never Ever Never Ever
Heatwave Heatwave Coldwave Coldwave
Number of 134,567 13,150 121,417 7,466 128,682
Households
(unweighted)
Population 264,344,256 29,956,816 234,387,441 15,397,182 147,416,748
equivalent
(weighted)
Median income 21 21 21 21 21
category
Household size 2.63 291 2.60 2.99 2.61
(mean)
Male head age 4.41 3.92 4.47 3.82 4.45
(mean)
Female head age 4.89 4.35 4.96 4.41 4.93
(mean)
WIC participation 0.013 0.018 0.013 0.021 0.013
(current share)
Low income share 0.402 — — — —
Middle income 0.348 — — — —
share

High income share 0.250 — — — —

Notes: Statistics are household-level. “Population equivalent” is the sum of NielsenIQ projection weights (shown for
heatwave columns only, as coldwave weighted totals were not provided here). “Ever heatwave” (“Ever coldwave™)
indicates households experiencing at least one heatwave (coldwave) week during the sample period.

44



Table 2: Summary Statistics (Household—Week Panel)

Variable N Mean SD P25 Median P75
log(1 + Unhealthy spending) 5,993,397 3.578 1.110 3.031 3.765 4.342
log(1 + Healthy spending) 5,993,397 1.866 1.258 0.798 2.077 2.856

log(Total Spending) 5,993,397 4.021 0970 3.480 4.164 4.707
Unbhealthy share 5,993,304 0.683 0.226 0.565  0.713 0.841
Healthy share 5,993,304 0.145 0.159 0.023  0.108 0.210
Diet quality score 5,815,371 -0.143  0.409 -0.418 -0.142 0.124
Heatwave week indicator 5,993,397 0.075 0.263 0.000  0.000 0.000
Coldwave week indicator 5,993,397 0.086 0.281 0.000  0.000 0.000
Heatwave days (0-7) 5,993,397 0308 1.224 0.000  0.000 0.000
CDD65 (weekly sum) 5,993,397 30.658 43.738 0.000  4.440 53.040
HDD65 (weekly sum) 5,993,397 73.574 90.975 0.000 31.380 126.780
Precipitation (weekly sum) 5,993,397 13.498 24356 0.000 2.290 17.585
Relative humidity (mean) 5,612,979 66.754 14.135 60.286 69.229  76.229
Mean temperature (weekly 5,993,397 58.716 17.417 46.477 61.134  72.551
mean)

Notes: Summary statistics are computed on the household—week analysis panel (2015-2019). Monetary outcomes are
transformed using log(1 + x). Heatwave and coldwave indicators equal one if the household’s ZIP3 experiences at
least one three-day heatwave/coldwave during the ISO week.

Table 3: Effects of Extreme Temperature on Grocery Purchases and Diet Quality

Dependent variable

Log Total Healthy Unhealthy Diet Quality

Spending Share Share Score

1) (2) 3) 4)
Heatwave week -0.0025 -0.0006 0.0021*** -0.0033**

(0.0025) (0.004) (0.0006) (0.0012)
Coldwave week 0.0099*** 0.0001 0.0001 0.0009

(0.0025) (0.0004) (0.0006) (0.0014)
Weather controls Yes Yes Yes Yes
Household fixed Yes Yes Yes Yes
effects
Week fixed effects Yes Yes Yes Yes
Observations 5,610,416 5,610,416 5,610,332 3,877,003
R? 0.306 0.237 0.204 0.304

Notes: The table reports household fixed-effects regressions at the household—week level. Heatwave (Coldwave) week
equals one if the household’s ZIP3 experiences at least one three-day heatwave (coldwave) during the week. All
specifications include household fixed effects and ISO year—week fixed effects. Weather controls include weekly
precipitation totals and mean relative humidity. Regressions are weighted using NielsenlQ projection factors. Diet
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quality regressions are additionally weighted by the share of expenditure mapped to physician-rated food groups.
Standard errors clustered at the ZIP3 level are reported in parentheses. Significance levels: ***p < 0.001, **p < 0.01,
*p < 0.05.

Table 4: Selection into shopping: probability of any purchase in a week

Dependent variable: Any purchase week (0/1)

(1) Unweighted LPM (2) Weighted LPM
Heatwave week -0.0018%** -0.0024*
(0.0009) (0.0013)
Coldwave week -0.0015* -0.0010
(0.0009) (0.0011)
Weekly precipitation (sum) -0.00002 -0.00003*
(0.00001) (0.00002)
Mean relative humidity -0.00004 -0.00003
(0.00004) (0.00005)
Household fixed effects Yes Yes
Week fixed effects Yes Yes
Observations 10,125,305 10,125,305
R? 0.3606 0.3634
Within R? 0.000004 0.000005

Notes: The dependent variable equals 1 if the household makes any grocery purchase in the week and 0 otherwise.
The balanced household—week panel includes weeks with zero purchases. Standard errors are clustered at the ZIP3
level and reported in parentheses. The weighted specification uses NielsenlQ projection weights. Significance: ** p <
0.05, * p < 0.10.

Table 5: Robustness Checks for Diet Quality Effects of Extreme Temperature
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Variable

Dependent variable: Diet Quality Score

(1) () 3) “4) (5)
Baseline 80% Extended Placebo Lagged
(70%) coverage controls leads effects
Heatwave week -0.0033** -0.0032* -0.0031%** -0.0036* -0.0034*
(0.0012) (0.0014) (0.0012) (0.0015) (0.0016)
Coldwave week 0.0009 0.0011 0.0003 0.0012 0.0003
(0.0014) (0.0017) (0.0014) (0.0019) (0.0018)
Mean temperature -0.00007
(0.00005)
Heatwave lead (t+1) 0.0020
(0.0017)
Heatwave lead (t+2) -0.0005
(0.0015)
Coldwave lead (t+1) 0.0024
(0.0019)
Coldwave lead (t+2) -0.0017
(0.0018)
Heatwave lag (t-1) 0.0003
(0.0016)
Heatwave lag (t-2) 0.0023
(0.0016)
Coldwave lag (t-1) 0.0012
(0.0018)
Coldwave lag (t-2) 0.0009
(0.0019)
Weather controls Yes Yes Yes Yes Yes
Household fixed Yes Yes Yes Yes Yes
effects
Week fixed effects Yes Yes Yes Yes Yes
Observations 3,877,003 2,963,320 3,877,003 2,626,482 2,622,624
R? 0.304 0.309 0.291 0.322 0.317




Notes: Household—week fixed-effects regressions. Heatwave (coldwave) week equals one if the household’s ZIP3
experiences at least one three-day heatwave (coldwave) during the week. Column (2) restricts the sample to weeks
with at least 80% of grocery expenditure mapped to physician-rated food groups. Column (3) includes additional
weather controls (mean temperature, cooling and heating degree days). Column (4) adds placebo leads. Column (5)
adds true lags constructed using consecutive calendar weeks. Standard errors clustered at the ZIP3 level in parentheses.
“*p < 0.001, *p < 0.01, *p < 0.05.

Table 6: Nonlinear Heatwave/Coldwave Days and Food Outcomes

(1) 3) 4) %)
Log Total Unhealthy Healthy Diet Quality
Spent Share Share Score
Heatwave days (ref = 0)
Heatwave days (ref = 1) 0.0011 0.0033™ -0.0017* -0.0038
(0.0060) (0.0013) (0.0009) (0.0028)
Heatwave days (ref = 2) 0.0003 0.0020 0.0005 -0.0001
(0.0056) (0.0013) (0.0010) (0.0027)
Heatwave days (ref = 3) -0.0044 0.0014 -0.0009 -0.0065***
(0.0043) (0.0011) (0.0008) (0.0024)
Heatwave days (ref = 4) -0.0040 0.0027** -0.0015* -0.0049*
(0.0054) (0.0012) (0.0009) (0.0027)
Heatwave days (ref = 5) -0.0025 0.0030™ -0.0011 -0.0055*
(0.0058) (0.0013) (0.0010) (0.0030)
Heatwave days (ref = 6) -0.0012 0.0009 0.0010 -0.0020
(0.0063) (0.0013) (0.0010) (0.0031)
Heatwave days (ref = 7) -0.0045 0.0019* -8.92¢-5 -0.0005
(0.0046) (0.0011) (0.0007) (0.0021)
Coldwave days (ref = 0)
Coldwave days (ref = 1) 0.0049 -5.27e-6 -0.0005 8.56€-5
(0.0057) (0.0013) (0.0008) (0.0027)
Coldwave days (ref = 2) 0.0063 -0.0015 0.0004 0.0003
(0.0053) (0.0012) (0.0009) (0.0029)
Coldwave days (ref = 3) 0.0022 -0.0018 0.0007 0.0003
(0.0046) (0.0012) (0.0007) (0.0025)
Coldwave days (ref = 4) 0.0120"** 0.0016 0.0003 0.0009
(0.0045) (0.0012) (0.0008) (0.0023)
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Coldwave days (ref = 5) 0.0201*** -0.0007 0.0007 0.0044
(0.0048) (0.0013) (0.0009) (0.0027)
Coldwave days (ref = 6) 0.0138" 0.0010 -0.0014 0.0028
(0.0067) (0.0015) (0.0011) (0.0033)
Coldwave days (ref = 7) 0.0154** 0.0025* 0.0001 -0.0010
(0.0051) (0.0014) (0.0008) (0.0025)
Additional weather controls Yes Yes Yes Yes
Household FE Yes Yes Yes Yes
Year-Week FE Yes Yes Yes Yes
SE clustered by ZIP3 Yes Yes Yes Yes
Observations 5,610,416 5,610,332 5,610,332 3,877,003
R? 0.30576 0.20383 0.24728 0.30431
Within R2 1.16e-5 1.14e-5 6.73¢e-6 1.14e-5

Notes: Coefficients shown with standard errors in parentheses. Heatwave and coldwave day indicators are relative to
0 days. All specifications include household and year-week fixed effects and controls for weekly precipitation and

mean relative humidity.

Significance: *** p < 0.01, ** p < 0.05, * p < 0.1.

Table 7: Heterogeneity by Baseline Unhealthy Consumption (Continuous)

(1) () 3) 4)
Log Total Unhealthy Healthy Diet quality
spent share share score
Heatwave week -0.0037  0.0022™*  -0.0010*  -0.0033**
(0.0031)  (0.0007)  (0.0005) (0.0014)
Coldwave week 0.0093*** 0.0002 -0.0002 0.0011
(0.0029)  (0.0008)  (0.0005) (0.0018)
Heatwave x Baseline unhealthy share (z) 0.0004 0.0004 -0.0007*  -0.0036™*
(0.0022)  (0.0006)  (0.0004) (0.0014)
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Coldwave x Baseline unhealthy share (z)  -0.0029 0.0002** -0.0002 -0.0025%
(0.0021)  (0.0006) (0.0004) (0.0013)
Additional weather controls Yes Yes Yes Yes
Household FE Yes Yes Yes Yes
Year-week FE Yes Yes Yes Yes
SEs clustered by ZIP3 Yes Yes Yes Yes
Observations 3,839,620 3,839,561 3,839,561 2,680,989
R? 0.30699 0.19712 0.23353 0.28605
Within R? 8.834e-6  7.327e-6 5.29e-6 1.99e-5

Notes: Interaction terms capture heterogeneity in weather responses by households’ baseline unhealthy purchasing
behavior (standardized z-score). Standard errors in parentheses, clustered at the panelist ZIP3 level. **p < 0.01, ""p <

0.05, *p < 0.10.

Table 8: Heterogeneity in Weather Effects by Income Group

(1) 2) 3) 4)
Log Total Unhealthy = Healthy  Diet Quality
Spent Share Share Score
Heatwave week -0.0033 0.0020*" -0.0003 -0.0051***
(0.0036) (0.0008) (0.0006) (0.0017)
Coldwave week 0.0008 -0.0012 0.0006 0.0003
(0.0037) (0.0008) (0.0006) (0.0016)
Heatwave week x Middle income 0.0027 0.0002 -0.0004 0.0015
(0.0046) (0.0011) (0.0008) (0.0020)
Heatwave week x High income -0.0006 0.0003 -0.0005 0.0047*
(0.0066) (0.0012) (0.0009) (0.0024)
Coldwave week x Middle income 0.0124** 0.0024* -0.0007 -0.0007
(0.0042) (0.0010) (0.0007) (0.0019)
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Coldwave week x High income 0.0188"** 0.0016 -0.0008 0.0028
(0.0049) (0.0013) (0.0008) (0.0021)

Additional weather controls Yes Yes Yes Yes
Household FE Yes Yes Yes Yes
Year-week FE Yes Yes Yes Yes
SEs clustered by ZIP3 Yes Yes Yes Yes
Observations 5,610,416 5,610,332 5,610,332 5,445,239
R? 0.30576 0.20382 0.24728 0.28874
Within R? 1.38e-5 7.84e-6 2.71e-6 8.49¢-6

Notes: Low income is the omitted (reference) group. Standard errors in parentheses, clustered at the panelist ZIP3
level. **p < 0.01, **p < 0.05, *p < 0.10.

Figures

Heatwave and coldwave exposure over time
08

0.64

0.44 heatwave_ma4

—— coldwave_ma4

0.24

/

B I G - I LSRR N P UL LN P R B
N N N N N N X X
N R R

Share of households exposed (4-week MA)

Figure 1: Heatwave and coldwave exposure over time. The figure plots the share of household—
weeks classified as exposed to heatwaves or coldwaves (4-week moving average), 2015-2019.
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Figure 2: Event-study estimates of the effect of heatwave onset on household food purchasing
behavior and diet quality. Each panel plots coefficients relative to one week before the
heatwave start (k= -1). The sample is restricted to clean heatwave events preceded by at

least four weeks without heat exposure.
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Figure 3: Event-study estimates of the effect of coldwave onset on household food purchasing

behavior and diet quality. Each panel plots coefficients relative to one week before the

coldwave start (k= -1). The sample is restricted to clean coldwave events preceded by at

least four weeks without cold exposure.
Appendices:

Appendix Table Al: Household Characteristics by Heatwave Exposure Intensity

Exposure Group
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Medium (6-  Low (1-5 Never High (11-20  Very High

10 weeks) weeks) weeks) (>20
weeks)
N_households 44539 46217 13199 30983 1210
Pop weighted 83566032 99038246 30056171 52907568 2206124
Med_income 21 21 21 21 23
Mean _HH_size 2.58 2.72 291 2.43 241
Mean_male_age 4.57 4.04 3.92 5.07 5.16
Mean_female_age 5.12 4.59 4.35 5.41 5.26
WIC_share 0.01 0.01 0.02 0.01 0.01
Low_inc_share 0.40 0.40 0.42 0.40 0.34
Mid_inc_share 0.35 0.35 0.35 0.34 0.35
High_inc_share 0.25 0.25 0.24 0.26 0.30

Appendix Table A2: Stockpiling Mechanism - Heatwave vs. Coldwave Effects on Shopping
Behavior

Dependent variable

Trips/ Ln (Total Ln (Units/ Ln (Tot. In(UPCs/  Groups/
. . Spend/ . .
Week quantity) trip) trip) trip) Trip
(D) (2) (3) 4p (5) (6)
“4)

Heatwave —0.0079*  —0.0025  —0.0010  —0.0005  —0.0029  —0.0118
week

(0.0048) (0.0023) (0.0022) (0.0022) (0.0021) (0.0104)
Svce’iwave —0.0191%%% 0.0118%%*  0.0184%*%* (.0158%** (.0182%** (,0809%**

(0.0054) (0.0024) (0.0024) (0.0023) (0.0024) (0.0118)
Weather Yes Yes Yes Yes Yes Yes
controls
Household Yes Yes Yes Yes Yes Yes
fixed effects
Week fixed Yes Yes Yes Yes Yes Yes
effects
Observations 5,610,416 5,610,416 5,610,416 5,610,332 5,610,416 5,610,416
R? 0.480 0.308 0.400 0.414 0.432 0.451

Notes: All models include household and year-week fixed effects. Standard errors (in parentheses) are clustered by 3-
digit ZIP code. Columns (3)—(6) are estimated on purchase weeks only (n_trips > 0). Per-trip outcomes are undefined
in zero-trip weeks. Coldwave weeks are predicted to reduce trip frequency while increasing basket size and variety
under the stockpiling hypothesis. * p <0.10, ** p <0.05, *** p <0.01.
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Appendix Table A3: Alternative Specifications Using Continuous Weekly CDD/HDD and Weekly Average Temperature-Based

Heatwave/Coldwave Definitions)

Dependent Variable

Log Total Log Total Healthy Healthy Unhealthy ~ Unhealthy  Diet Quality Diet

Spending Spending Share Share Share Share Score Quality

(D (2) 3) 4) ) (6) (7 Score

®

CDD10 -0.00030 -0.00001 0.00021*** -0.00056**

(0.00026) (0.00005) (0.00007) (0.00015)
HDDI10 0.00186*** 0.00004 -0.00005 0.00007

(0.00014) (0.00002) (0.00003) (0.00007)
Heatwave -0.00578™ -0.00103™** 0.00196"** -0.00254"

(0.00245) (0.00040) (0.00063) (0.00133)
Coldwave 0.01047"* -0.00003 0.00122 0.00219
(0.00282) (0.00048) (0.00083) (0.00161)

Weather Yes Yes Yes Yes
controls
Household Yes Yes Yes Yes Yes Yes Yes Yes
fixed effects
Week fixed Yes Yes Yes Yes Yes Yes Yes Yes
effects
Observations 5,610,416 5,610,416 5,610,332 5,610,332 5,610,332 5,610,332 3,877,003 3,877,003
R? 0.306 0.315 0.237 0.247 0.193 0.204 0.340 0.304

Notes: The table reports household fixed-effects regressions at the household-week level. Columns (1), (3), (5), and (7) use continuous weekly cooling and heating
degree day sums as treatment variables, scaled by 10 (CDD10 and HDD10), so that each coefficient represents the effect of a 10-unit increase in weekly degree
days. Columns (2), (4), (6), and (8) define heatwave (coldwave) weeks using the 95th (5th) percentile of weekly average temperature within each ZIP3, with a
requirement of at least three consecutive qualifying days. Heatwave (Coldwave) week equals one if the household's ZIP3 experiences at least one such three-day
event during the week. All specifications include household fixed effects and ISO year-week fixed effects. Weather controls include weekly precipitation totals
and mean relative humidity. Regressions are weighted using NielsenlQ projection factors. Diet quality regressions are additionally weighted by the share of
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expenditure mapped to physician-rated food groups. Standard errors clustered at the ZIP3 level are reported in parentheses. Significance levels: ***p < 0.001,

*p <0.01, "p < 0.05.

Appendix Table A4: Alternative Heatwave and Coldwave Definitions Based on Daily Temperature and Degree Day Thresholds

Dependent Variable

Log Total  LogTotal  Healthy Healthy Unhealthy ~ Unhealthy Diet Quality Diet

Spending Spending Share Share Share Share Score Quality

(1) 2) (3) (4) (5) (6) (7) Score

(¥

Heatwave dd -0.00415" 0.00006 0.00126** -0.00097

(0.00240) (0.00042) (0.00059) (0.00127)
Coldwave dd 0.00894*** -0.00041 0.00142* 0.00017

(0.00246) (0.00044) (0.00070) (0.00149)
Heatwave_tmean -0.00413" 0.00005 0.00127* -0.00101

(0.00240) (0.00042) (0.00059) (0.00127)
Coldwave_tmean 0.00892"* -0.00036 0.00125 0.00015
(0.00246) (0.00044) (0.00069) (0.00149)

Weather controls  Yes Yes Yes Yes
Household fixed ~ Yes Yes Yes Yes Yes Yes Yes Yes
effects
Week fixed Yes Yes Yes Yes Yes Yes Yes Yes
effects
Observations 5,610,416 5,610,416 5,610,332 5,610,332 5,610,332 5,610,332 3,877,003 3,877,003
R? 0.315 0.315 0.247 0.247 0.204 0.204 0.304 0.304

Notes: Household fixed-effects regressions at the household-week level. Columns (1), (3), (5), and (7) define heatwave (coldwave) weeks using ZIP3-specific 95th
(5th) percentile thresholds for daily cooling (heating) degree days, requiring at least three consecutive qualifying days. Columns (2), (4), (6), and (8) apply the
same persistence requirement using daily mean temperature instead. All specifications include household and ISO year-week fixed effects, and control for weekly
precipitation and mean relative humidity. Regressions are weighted using NielsenlQ projection factors; diet quality regressions are additionally weighted by the
share of expenditure mapped to physician-rated food groups. Standard errors clustered at the ZIP3 level in parentheses. * p <0.10, ** p <0.05, *** p < 0.01.
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Appendix Table AS5: Falsification test (Using Laundry Supplies)

Dependent Variables

Log Laundry Supplies spent

Heatwave week -0.0016
(0.0016)
Coldwave week 0.0020
(0.0017)
Weather controls Yes
Household FE Yes
Week FE Yes
Observations 5,610,416
R2 0.0889

Notes: Standard errors clustered at the ZIP3 level in parentheses (Household code and ZIP3 for
real spending). Significance codes *** p<0.01, ** p<0.05, * p<0.10.

Appendix Table A6: Heat and Cold Exposure by Income Group, 2015-2019

Income Group

Low Middle High
N Households 28,148 35,852 14,825
N HH-Weeks 2,077,982 2,749,229 1,166,186
Heatwave Share (%) 7.47 7.46 7.48
Avg Heatwave Days/Week 0.31 0.308 0.307
% Ever Exposed (Heat) 84.9 86 86.6
Coldwave Share (%) 8.69 8.65 8.51
Avg Coldwave Days/Week 0.356 0.352 0.344
% Ever Exposed (Cold) 91.9 92.2 92
Avg CDD65 30.74 30.94 29.84
Avg HDD65 74.39 73.64 71.97
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Appendix Figures:

Heatwave sensitivity: L=3/4/5 | In_total_spent Heatwave sensitivity: L= 3/4 /5 | unhealthy_share
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Appendix Figure Al. Event-study sensitivity analysis for heatwave onset using clean pre-period
requirements of three, four, and five weeks. Panels show effects on log total spending (A),
unhealthy expenditure share (B), healthy expenditure share (C), and diet quality score (D).
Reference period is k = —1. All models include household and year-week fixed effects; standard

errors clustered by 3-digit ZIP code.
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Appendix Figure A2. Event-study sensitivity analysis for coldwave onset using clean pre-period

requirements of three, four, and five weeks. Panels show effects on log total spending (A),

unhealthy expenditure share (B), healthy expenditure share (C), and diet quality score (D).

Reference period is k = —1. All models include household and year-week fixed effects; standard

errors clustered by 3-digit ZIP code.
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Stockpiling mechanism: heatwave vs. coldwave
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Appendix Figure A3. Heatwave vs. coldwave effects on trip frequency, basket size, and variety.
Points show coefficients and 95% confidence intervals for heatwave (red triangles) and coldwave
(blue circles) weeks. Per-trip outcomes estimated on purchase weeks only. All models include

household and year-week fixed effects; standard errors clustered by 3-digit ZIP code.
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