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• Ambient air pollution is the biggest environmental 
health risk factor worldwide. In 2021, more than 4 
out of 10 Americans (135 million people) lived with 
polluted air in the U.S.

• Sustained exposure to high levels of polluted air 
poses significant threats to human health and well-
being, and these threats include but are not limited 
to significant rises in depression and anxiety

• Most studies focus on the adverse health 
consequences of air pollution, but little examined 
the air pollution’s effects on consumers’ food 
purchase behaviors

• Two sometimes competing mechanisms regarding 
the effects of air pollution on food purchases:

① Air pollution may raise people’s health 
awareness, which could make consumers 
increase purchases of healthier foods

② Air pollution may stimulate purchases of 
unhealthy comfort foods by increasing stress

Introduction

• Examine the causal effect of air pollution on the 
purchases of comfort foods and the overall 
healthfulness of food purchases

 We presume that various levels of air quality 
affects consumers’ food choices through mood

Objectives

A. Mixed results of the air pollution’s effects on 
purchases of different types of comfort foods 
and for healthy and unhealthy components of 
the HEI
 Both mechanisms hold simultaneously? Or 

one is dominated by another for different 
individuals and for different air quality?

 Heterogeneous responses to air pollution 
among demographic subgroups

 The same person may hold one mechanism 
for mild levels of air pollution, but switch to 
another when air pollution is severe

 When the air quality was bad in the near 
past, the effect of air pollution may be 
mitigated by an adaption behavior

B. Small effects of air pollution on comfort food 
sales and overall healthfulness of food 
purchases
 The effect in more polluted states might be 

offset by the effect in less polluted states?
 Repeat random sampling procedure:

① Draw another 5% sample from the more 
polluted states in the U.S. (e.g., CA, AZ, TX)

② Draw another 5% sample that contains 
grocery stores only

C. Stock up foods in advance for future 
consumption if knowing bad air quality in the 
next couple of days or weeks?
 Include more non-perishable goods such as 

peanut butter, canned beans, dry pasta, etc.
 Incorporate air pollution levels on a week 

leading up to and following the current-week 
air pollution levels

Discussion & Future Directions

• Food Sales Data: IRI retail scanner data (InfoScan) from years 2010 to 2018
 Sample includes 5% randomly selected retailers that report weekly transactions at the individual 

store levels (2,563 stores) 
• Nutrition Data: 2011-12 and 2013-14 USDA’s FNDDS, SR-28, FPED and FPID

 Link nutrition datasets to the InfoScan using the USDA’s Purchase to Plate Crosswalk (PPC)  
• Air Pollution Data: U.S. EPA’s Air Quality System (AQS) from years 2010 to 2018

 Adopt inverse distance weighting (IDW) to calculate a county’s daily average PM2.5 
 Obtain weekly average PM2.5 by averaging daily readings for each county

Data

Methods
We fit a two-stage least squares (2SLS) regression:

𝑃𝑖𝑐𝑡: Weekly average concentrations of PM2.5 for store 𝑖 in county 𝑐 at week 𝑡 (Standardized)
𝑍𝑐𝑡: Instrumental Variables (IVs)
𝑾𝑐𝑡: A set of weather controls, including weekly average temperature and cumulative precipitation in county c
𝑦𝑖𝑠𝑡: Log of sales of all products; Log of sales of nine types of comfort foods and one non-perishable goods (bottled 

water); Composite purchase-based HEI-2015 scores, and the 13 individual HEI components (Standardized)
෠𝑃𝑖𝑐𝑡: Predicted values from eq. (1) 
𝛽𝑖: Store fixed effects (FEs); 𝜎𝑡: Time FEs to control for seasonality and time trends 

Preliminary Results

Disclaimer: This research is supported by the USDA National Institute of Food and Agriculture and Hatch Appropriations under Project #PEN04709 and Accession #1019915. The views expressed 
in this poster are those of the authors and should not be attributed to those of the USDA or IRI

Instrumental Variables for Air Pollution 
① Weekly total number of thermal inversions or whether at least one inversion occurs
② Weekly total number of the wind direction falling into each 90-degree wind angle bin (Deryugina

et al., 2019)


