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ABSTRACT

This dissertation studies the U.S. food market and examines economic questions closely
related to the producer, consumer, and retailer. In particular, the three essays in this dis-
sertation attempt to answer the following questions: Why organic production growth has
remained slow? Can consumers in different regions purchase the same basket of food with
an equal amount of food stamp allotment? Would temperature variation lead to changes in
retail food sales?

The first essay investigates whether price pass-through differs between organic and
conventional fresh fruit and vegetable markets and sheds light on structural differences
between markets. Using retail and wholesale price data from five metropolitan statistical
areas with terminal markets in the United States, we estimate a rolling-window retail pric-
ing model. We find that pass-through rates are 10 to 15 percentage points lower in the
organic market, and differences are statistically significant. We also find that the gap be-
tween pass-through rates narrows as the organic market share increases. Overall, our results
suggest that the organic market is relatively less competitive than the conventional market.
The implication is that farmers may have less incentive to convert to organic farming as
they may not be able to capture the full retail price premia paid by consumers.

The second essay estimates the real value of state-level Supplemental Nutrition As-
sistant Program (SNAP) benefits by constructing panel price indices for the Thrifty Food

Plan (TFP) using retail scanner data. Subsequently, the essay examines the extent to which

il



a change in the purchasing power of SNAP affects program participation. We show that
without correcting for population bias and outlet bias, the regional disparities in real SNAP
benefits could be overestimated. The estimated difference in real SNAP benefits for a
household of four ranges between 4 and 8 percentage points for the period 2006-2016.
This inequality of real SNAP benefits across states is persistent during the same period.
Examining the relationship between SNAP benefits and participation, we find that a ten-
percent increase in the real SNAP benefits leads to a 1.2 percentage point increase in SNAP
caseload per capita. The magnitude raises to 8.1 percentage points when we examine the
effect on caseload per eligible individuals. We also show that these effects would be ne-
glected if we use the unadjusted TFP prices to estimate real SNAP benefits.

The third essay examines the relationship between temperature and retail food sales
using store scanner data from 42,543 stores over 11 years in the United States. We find that
high temperatures increase total food sales in retail stores while extremely low tempera-
tures decrease them. There are substantial variations in the temperature-sales relationship
across food categories, and the effects are in opposite directions for drinks and non-drinks.
Furthermore, we show that the effects of temperature on retail food sales differ across retail
channels and income levels. Our findings have direct managerial implications and provide

insight into how weather conditions may affect health-related outcomes.

v
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CHAPTER 1.: Differential Price
Pass-Through in Organic and
Conventional Fresh Fruit and Vegetable

Markets

1.1 Introduction

The market for organic foods is growing rapidly in the United States. Between 2008 and
2017, organic retail sales more than doubled, from $20 billion to over $45 billion (Organic
Trade Association 2018). Organic foods sell for a premium over conventional foods and
premia are increasing over time (Jaenicke and Carlson 2015; Badruddoza et al. 2019;
Cakr et al. 2020). The increasing premia paid for organic foods suggest opportunities

for farmers to transition to or expand organic farmingowever, relative to the growth in

Metin Cak r, Timothy K.M. Beatty, and Timothy A. Park contributed to this essay. This work is sup-
ported by the Agriculture and Food Research Initiative Foundational Program 2018-67023-27683/1015219
from the USDA National Institute of Food and Agriculture. The research was conducted in collaboration
with USDA Economic Research Service under a Third-Party Agreement with Information Resources, Inc
(IR1). The ndings and conclusions in this presentation are those of the authors and should not be construed
to represent any of cial USDA or U.S. Government determination or policy. The analysis, ndings, and
conclusions expressed in this paper should not be attributed to IRI.

We use'transition” to refer to thetransition to organic farming



demand, organic production growth has remained slow (McBride et al. 2015; Greene et al.
2017) and has become the focus of federal and state policies.

We estimate the extent to which wholesale-to-retail price pass-through differs between
the markets for organic and conventional fresh fruits and vegetables (FFV). Price trans-
mission sheds light on structural differences between organic and conventional markets.
We focus on FFV as it is the largest organic food category, accounting for 36.5 percent
of total organic sales in 2017 (Organic Trade Association 2018). The price pass-through
rate is the rate at which price changes at one stage of a vertical supply chain transmitted
to downstream prices. Pass-through is an important indicator of market ef ciency. For
instance, incomplete wholesale-to-retail price pass-through — i.e., a one-percent decrease
in wholesale prices passes into retail prices by less than one percent — is consistent with
market power exertion along the vertical supply chain. In general, pass-through rates devi-
ating from unity indicate less competitive market conditions. An imperfectly competitive
organic market prevents farmers from fully capturing organic price premia and, as a result,
might dampen incentives to transition.

The literature on wholesale-to-retail price transmission uses both structural and reduced-
form approaches to model and estimate pass-through rates. Structural approaches involve
estimating a demand system and making choices about the form of rms' pricing equa-
tions (Hellerstein 2008; Kim and Cotterill 2008; Nakamura and Zerom 2010; Richards and
Hamilton 2015). This model is well suited to disentangling demand versus supply deter-
minants of pass-through insainglemarket. Here, we estimate price pass-through rates in

organic and conventional markets using a sample mitktiple fresh fruits and vegetables.

2The U.S. Congress has increased appropriations for organic data collection, cost-sharing on organic
certi cation, and extension and research in the last four Farm Bills (U.S. Department of Agriculture 2019).
Funds are also allocated to states to support organic production and transition.

3“Price transmission” is de ned as “How quickly and to what extent are changes in farm prices transmit-
ted to the retail level and vice versa” Vavra and Goodwin (2005). This essay focuses on the rst part of the
de nition, which examines how price changes at the wholesale level move downstream to retail prices. This
upstream to downstream price movement is also called “pass-through.”



As a result, we adopt a reduced-form retail-pricing model, which permits us to estimate
price pass-through rates without imposing any constraints on the range of rates that are
implicit in a structural model (Besanko et al. 2005; Amiti et al. 2014; Hong and Li 2017).
The simplest form of the retail pricing model regresses retail prices on the market, product,
and time-speci ¢ control variables together with wholesale prices.

We use rolling-window and distributed-lag approaches to estimate the wholesale-to-
retail price pass-through. Our interpretation of pass-through using the rolling-window
method follows Gopinath et al. (2011), Amiti et al. (2014), and Hong and Li (2017),
which is the equilibrium co-movement between the retail prices and the wholesale prices,
and not the causal impact of change in wholesale prices on retail prices. The distributed-
lag approach is widely used to estimate the vertical price transmission (e.g., Gopinath and
Itskhoki 2010; Nakamura and Zerom 2010; Ahn and Lee 2015), and it provides a more
exible pass-through estimation approach compared to the rolling-window method. How-
ever, with the distributed-lag method, the potential endogeneity of wholesale prices to retail
pricing decisions can be problematic. We use both approaches to estimate the pass-through
rates for comparison. However, we focus on the results from the rolling-window speci ca-
tion as we cannot address concerns about endogeneity in the distributed-lag approach due
to a lack of suitable instruments.

We nd pass-through in the U.S. FFV market is incomplete, and rates range from 11 to
20 percent —this is at the lower end of the ndings in the prior literature. Comparing organic
and conventional markets, we nd that pass-through rates in the organic FFV market are
signi cantly lower than rates in the conventional market, with estimated differences ranging

between 10 to 15 percentage points. Speci cally, wholesale-to-retail price pass-through is

4Besanko et al. (2005) provide several examples of restrictions imposed on estimated pass-through rates
under different assumptions of demand and retail pricing. For example, under the assumption that retailers
maximize category pro ts facing a linear demand and playing a Stackelberg game with manufacturers, the
predicted own-brand pass-through rate is positive and less than one.



between 6 to 14 percent in the organic FFV market and between 16 to 28 percent in the
conventional FFV market. Overall, the lower price pass-through of the organic market is

consistent with the notion that organic product marketing channels are less ef cient than

those for conventional products.

One explanation is that more popular products might command higher pass-through
rates due to competition for store traf c between retailers (Lal and Narasimhan 1996). In
our data, conventional FFV makes up about 95 percent of the overall FFV market. We con-
jecture that while retailers set conventional FFV prices competitively, they extract higher
markups for niche organic markets. Consistent with this conjecture, we also nd that the
difference in pass-through rates falls as the organic market share increases.

This essay adds to a growing literature exploring the causes of the slow organic transi-
tion. To date, research has largely focused on technical barriers to transition that increase
transition and production costs. Delbridge et al. (2017) provide an excellent overview.
Examples include challenging certi cation processes that involve complicated paperwork
and requirements not needed for conventional farming (Farmer et al. 2014; Veldstra et al.
2014; Delbridge and King 2016). Marasteanu and Jaenicke (2016) nd social and techni-
cal support can speed the transition. While the prior work has focused on increased costs,
uncertainty regarding revenues from organic farming is understudied — we |l this gap.

We also contribute to a related literature on price transmission along the vertical supply
chain. A general result from this literature is that vertical price transmission in food and
agricultural markets is delayed and incomplete. Changes in upstream costs are passed
into downstream prices with a lag and less than proportionally (Hellerstein 2008; Leibtag
2009; Nakamura and Zerom 2010). For example, Leibtag (2009) nds that the estimated
commodity-to-retail pass-through rates for major food products such as beef, pork, eggs,
and milk are less than 20 percent, with the speed of pass-through rates varying between

one and ve months. There are only a handful of studies that have examined structural



differences between organic and conventional markets. These studies show that organic
food products generally command higher margins than conventional products (Bezawada
and Pauwels 2013; Cakr et al. 2020). Organic apple growers may have more market
power than conventional apple growers (Richards et al. 2011), and organic labels may
allow manufacturers to obtain a higher share of total margins and more bargaining power
than retailers (Bonnet and Bouamra-Mechemache 2015). We contribute to this literature
by investigating whether price pass-through rates differ between organic and conventional
varieties for a broad set of fresh fruits and vegetables in several markets across the United
States.

The remainder of the essay is organized as follows. Section 1.2 describes the data used
in the estimation. We present the model speci cation in Section 1.3 and report the results

in Section 1.4. Section 1.5 concludes.

1.2 Data Construction

We combine data from two primary sources. Market price data is from the USDA Agricul-
tural Marketing Service (AMS), and store scanner data collected by Information Resources,
Inc. (IRI). The data spans January 2009 to December 2016, for a total of 96 months.

The USDA AMS data consist of weekly wholesale prices of FFV at terminal markets
throughout the United States. A terminal market is a central site near a large metropolitan
statistical area (MSA) where FFV are distributed to retailers or other downstream users.
AMS wholesale prices are the prices received by wholesalers in the terminal markets. Price
information is available from 13 domestic terminal markets, but organic price reports are
not available in all terminal markets. Thus, we use data from ve terminal markets to obtain

organic prices: Atlanta, Boston, Chicago, Detroit, and San Frangigcshortcoming of

5In other terminal markets, very few organic prices are available.



the AMS wholesale price data is that information is not available every week and across
all varieties of fruits and vegetables. Also, prices are often reported in different units. To
address these issues, rst, we aggregate weekly prices to a monthly level by taking the
simple average of wholesale prices for each product. Then, we convert the package price
to price per pound—the same unit as retail prices—using container net weight information
provided by the USDA AMS.

Retail scanner data from IRI consist of weekly store-level sales and prices at the Uni-
versal Product Code level obtained from over 40,000 retail stores across the United States.
Store types include groceries, mass merchandisers, club stores, convenience stores, drug
stores, dollar stores, and defense commissaries. We retain only transaction data from gro-
cery stores and mass merchandisers as these channels cover roughly 96 percent of all FFV
sales in the IRI data.

To arrive at our analysis sample, we rst de ne a product by the variety of produce
(e.g., Gala apples, Navel oranges, etc.) and focus on the products that have sales of organic
and conventional types. The explicit product de nition allows us to limit the difference
between organic and conventional FFV in our differential pass-through estimation. We
next aggregate the store-level data to county-level for sixty-six counties in the ve MSAs
for which we observe wholesale prices and calculate the sales-weighted average price of
each product by month. We then match the IRl and terminal market data at the county level
for each product in every peridd.

For some organic products, wholesale prices are not reported in every pefiod.
address this, we impute missing values as follows. First, we generate average prices at
the produce category level (e.g., apples, bananas, etc.) in each MSA. We then use the

monthly price changes at the category level to impute the missing prices for each variety.

5That is, retailers in the same county face the same product-level wholesale prices.
’Speci cally, there are less than 0.03% of the retail price data and about 20% of the wholesale price data
missing from the raw data.



For example, suppose the wholesale price of Fuji apple in February 2010 in Boston is
missing. In that case, we use the January price of the variety adjusted by the monthly price
change of all other apples in Boston to construct the missing price. This procedure requires
a product category to include at least one variety without missing price information. If, for
any period, all variety prices are missing in a given MSA, we use the temporal changes in
average prices of the category of all other MSAs to impute the missing prices.

Figure 1.1 presents the average wholesale and retail price trends for organic and con-
ventional FFV between January 2009 and December 2016. The average retail prices per
pound for organic and conventional products in our sample are around $2.87 and $1.54,
respectively. The average wholesale price differences between organic and conventional
products are smaller. The average wholesale price of organic products is $1.26 per pound
and is about 68 percent higher than the conventional average wholesale price of $0.75.
Consistent with prior work, organic FFV has higher wholesale-to-retail margins than con-
ventional varieties.

Table 1.1 shows summary data on retail prices and wholesale-to-retail margins for each
product in San Francisco MSA. Our data include 16 products from 6 different broad FFV
categories. The table shows that wholesale-to-retail margins for some FFV are lower for
organic varieties relative to their conventional counterparts. For example, organic apples
have smaller margins than conventional apples, whereas organic lettuce has larger margins
than conventional lettuce. This suggests that ndings from prior work focused on a speci ¢
product or market may miss the insight gained from considering the broader organic FFV
market. Our study contributes to the literature by considering nearly the entirety of the FFV
market across multiple cities in the United States.

An important caveat is that wholesale prices are not likely to be the retailers' actual

8Depending on the model speci cation, up to 25% of the price data is missing. Our qualitative results
are robust when we run regressions using the non-imputed data.



cost, given that retailers, particularly large retailers, can contract directly with farmers and
importers instead of purchasing from the wholesale markets. Unfortunately, systematic
data on FFV contracts between growers and retailers across products and chains are not
available for research purposes. Nevertheless, wholesale markets distribute about 30 per-
cent of all FFV in the United States (Volpe et al. 2013). Since terminal markets allow large
trade volumes and have a high concentration of supply and demand, we expect the whole-
sale price from terminal markets to be a reasonable proxy and represent an upper bound for

retailers' product cost.

1.3 Empirical Model

To estimate vertical price transmission in organic and conventional markets, we use a retail-
pricing model with a rolling-window speci cation (Gopinath et al. 2011; Amiti et al. 2014;
Hong and Li 2017). In this model, pass-through is de ned as the equilibrium co-movement
between the retail and wholesale prices. In other words, it is not a measure of the change in
retail prices given an exogenous shock on wholesale prices. In the rolling-window model,
the change in log average monthly retail prices d¢eperiods is regressed on the change

in log average monthly wholesale prices over the same périmally,
KInI:)irt = 1 KII'1Wirt + Xin + it ot o i (1.1)

whereln Py is the retail price in log of produgtin countyr and in time period, and
In Wi, is the wholesale log price. The time difference windo¥ In Pj;, In Pjyt

InPi: «, Xit IS a vector of controls; our controls include fuel price index, electricity

90ur empirical speci cation maintains symmetric responses to changes in the wholesale price. Empirical
results on the existence and the direction of the asymmetry are often mixed (e.g., Meyer and von Cramon-
Taubadel 2004). A recent study on the organic and conventional uid milk market shows that the downstream
price response to upstream price change is symmetric (Antonioli et al., 2018)



price, and retail store worker wage The main speci cation includes product-level xed
effects ; to allow for product-speci c price trends, county xed effectsto capture the
differences in prices in each county, and month of sample xed effects to control for sea-
sonality and year of sample xed effects to account for structural change over the year in
a vector ;. Since including xed effects may reduce variation by limiting the impact of
observable time-invariant factors, we estimate the model with and without xed effects. To
capture both short-term and longer-term pass-through, we present results from speci ca-
tions of 1-month, 4-month, and 8-month windows. In the rolling-window speci cation, the
parameter ; measures the wholesale-to-retail price pass-through for a given time window
K.

To estimate the pass-through rates separately for the organic and conventional prod-
ucts, we modify speci cation (1.1) by including a dummy variable for conventional (i.e.,
Orgn;; = 1 if the product is organic) and its interaction with the wholesale price. We

estimate:

KInPiy = 1 K InWi+ ,0rgn, + 3 “InW Orgng, +Xi + i+ + (+"in:
(1.2)

In this speci cation, ; measures the market price pass-through for conventional fruit
and vegetables. The coef cient of the interaction between wholesale prices and organic
dummy 3 captures the difference between organic and conventional pass-through and is
our main variable of interest.

Next, for robustness check, we estimate pass-through using a distributed-lag model.

In this model, we regress the monthly retail price change on the monthly wholesale price

10we obtain data on electricity prices, gasoline prices, and retail store worker wage rates from the Bureau
of Labor Statistics (BLS).



changes different numbers of lagjsFormally,

X X
In Py = |1( In Wit k+1 + 20rgn;, + eif In Wiy k+1 Orgng
k=1 k=1 (1.3)

+Xirt+ i+ r+ t+"irt;

P
where In Py, is the one-month log retail price change an(f:1 In Wi k+1 IS alag
distribution of wholesale price changes of produst countyr from timettot K. In

. — . . P
this speci cation, the pass-through estimate for conventional FF\fis= E=1 X, and

the differenceis§ = ., 3.

1.4 Results

1.4.1 Pass-Through Estimates

Before turning to our estimates, we plot price changes over four different window lengths
for organic and conventional FFV in Figure 1.2, respectively. The gures show that average
wholesale and retail price changes have similar patterns in both markets. Price changes in
the 1-month window have the highest oscillation and follow similar patterns as the price
changes in the 4-month and 8-month window lengths. Price changes for a 12-month win-
dow length display lower oscillation and exhibit different patterns than the shorter window
lengths, suggesting that the 12-month window may be too long to capture pass-through
patterns. Thus, we display results for 1-month, 4-month, and 8-month window lengths in

our main result tables and conduct robustness checks using other lengths.

Hnstrumental variables for wholesale prices may deal with the endogeneity problem in the distributed
lag model. However, we were unable to nd plausible instruments that suit well in our situation. IV estimates
with weak instruments will amplify endogeneity and lead to less precise estimates (larger standard errors)
than ordinary least squares estimates (Staiger and Stock 1997). Consequently, our preferred approach to
estimate the pass-through is the rolling-window model.

10



Table 1.2 presents estimates of the rolling-window model speci cation, as shown in
equation (1.1). The table includes three panels, each presenting results for 1-month, 4-
month, and 8-month window speci cations. Columns (1), (3), and (5) presents estimates
without the xed effects in each panel, while columns (2), (4), and (6) adds county, product,
month, and year xed effects.

Results show that the overall FFV market's price pass-through is incomplete, ranging
from 11 percent to 20 percent. For the 1-month, 4-month, and 8-month rolling-window
speci cations with the xed effects, the estimated pass-through rates are around 11 percent,
20 percent, and 18 percent, respectively. For each time-window speci cation, estimates are
about one percentage point higher without xed effects. Because the pass-through rate is
the lowest for the 1-month window, this implies it takes more than one month to pass-
through the wholesale prices in the FFV market.

Table 1.3 presents pass-through estimates separately for organic and conventional FFV
markets, following the format in Table 1.2. Our main results show that conventional market
pass-through rates range between 16 and 28 percent. In other words, a 10 percent change
in conventional wholesale prices is associated with changes between 1.6 and 2.8 percent in
retail prices. The organic market pass-through rates are 10 to 15 percentage points lower
than the conventional market rates, which are about 6 to 14 percent. This implies that
retailers' response to changes in wholesale conventional FFV prices is signi cantly larger
than their response to changes in wholesale organic FFV prices.

Estimates from the rolling-window approach are robust to alternative choices of win-
dow length. Speci cally, we nd pass-through rates for the FFV market are highest in the
6-month window speci cation and lowest in the 12-month window speci cation. Our nd-
ing that the pass-through rate in the organic market is lower than the conventional market
is consistent across model speci cations. The largest pass-through difference between the

two markets occurs with the 6-month window speci cation, with approximately 15 per-
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centage points lower for the organic market than the conventional market, and is about 6
percentage points higher than the lowest estimate of the difference. We present the results
of all speci cations from 1-month to 12-month window lengths in Appendix Figure A.1.
Table 1.4 presents the results of the distributed-lag model with 1, 4, and & |ags.
pass-through estimates of the distributed lag model are relatively stable across different lag
selections. The difference between the organic and conventional markets rates is around
11 percentage points, corroborating ndings from the rolling-window speci cation. A dif-
ference is that the pass-through estimates using distributed lag speci cations are approxi-

mately 6 percentage points lower than the estimates from the rolling-window speci cations.

1.4.2 Differential Price Pass-Through

The pass-through rate is 10 to 15 percentage points lower in the organic market than in
the conventional market. This nding suggests that the marketing channels for organic
products may be more inef cient than those of conventional products. In other words, the
signi cantly lower pass-through rate in the organic market is suggestive of retailers exerting
more market power and higher markups in the organic market than the conventional market,
which ultimately might reduce farmers' incentive to enter the organic market.

Differential price pass-through may be driven by retailers’ charging higher markups
on organic products. Lal and Narasimhan (1996) show theoretically that retailers could
price more popular products competitively, i.e., products that have a large market share and
are highly advertised, to compete for store traf c. Similarly, Besanko et al. (2005) and
Ailawadi and Harlam (2009) provide empirical evidence that products with larger market

shares have higher pass-throdghlndeed, the market share of organic FFV has nearly

12\We use the same number of lags here to compare with the results of the rolling-window approach.

13product share is the sales of a product divided by sales of all products within a group of highly similar
products, and brand share is the total sales for a product's manufacturer as a share of all sales among products
in the product category.
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doubled in the past ten years and accounts for 15 percent of all U.S. FFV sales in 2018
(Organic Trade Association 2018). Despite rapid growth, organics are still a niche mar-
ket in the United States. We speculate that retailers follow a share strategy when pricing
conventional FFV to compete for store traf c, while following a margin strategy when
pricing the organic FFV. To this end, we now consider the relationship between differential
pass-through and product market shafes.

Figure 1.3 presents changes in the organic market share over the sample period. We
leverage the variation in organic market share over time and across counties to examine the
relationship between market share and pass-through. If differential pass-through is partially
explained by retailers treating organics as niche products and pricing conventional products
to increase store traf ¢, we would expect a higher organic market share to attenuate the
pass-through difference between the organic and conventional market.

Write the organic market share of county r in time t as:

P X_orgn
Si=P P ; (1.4)
X X

wherex?" andxS" are the retail sales of organic and conventional prodirctountyr

in timet, respectively. We estimate the retail pricing model in equation (1.2) by adding an

interaction term between the organic market share and the wholesale price. Formally,

“In Pit = 1 “In Wi + 2SSk + 3 “In Wirt St
(1.5)
+Xirt + i+ ot t+"irt:
Table 1.5 presents the results. As above, we include all control variables and xed ef-

fects and present results using 1-month, 4-month, and 8-month window lengths. Results

Previous literature suggests that there exists a relationship between pass-through rates and product mar-
ket shares. However, the ndings are generally mixed. For instance, contrary to Besanko et al. (2005) and
Ailawadi and Harlam (2009), Hong and Li (2017) show that brands or products with larger market shares
have lower pass-through.
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show that the coef cients on organic market share interactions are statistically signi cant

for both markets and all window speci cations. The interaction coef cients for the organic
market are positive, while estimates for the conventional market are negative. This implies
that the difference in pass-through rates between organic and conventional markets de-
creases as the organic market share increases. The results also suggest that a higher market
share is associated with higher pass-through in the FFV market. Overall, these ndings are
consistent with ndings from the literature that retailers price products with higher market
share more competitively to increase store traf c.

Next, we investigate cross-price pass-through between organic and conventional FFV
to better understand retailers' pricing behavior in the FFV category. In particular, a positive
cross-price pass-through implies that retailers change organic and conventional FFV prices
in the same direction. In other words, a cost increase in conventional FFV is correlated
with an increase in retail prices of organic FFV. Such a pricing behavior would indicate
that retailers seek to maintain a stable relative price and avoid cannibalization of sales
between the varieties. On the other hand, a negative cross-price pass-through implies that
retailers change prices in the opposite direction. This would imply that retailers attempt to
drive consumers from one variety to the other.

For both organic and conventional markets, we run the following pass-through speci -

cation:

KInI:)irt = 1 KInWirt+ 2 KIerjrt +Xirt+ it ¢t t+"irt: (16)

The parameter, represents the cross-price pass-through of the organic (conventional)
wholesale price to the conventional (organic) retail price. We select the same window
lengths as in the previous models and include all control variables and xed effects. Our

cross-price pass-through is similar to the cross-brand pass-through in Besanko et al. (2005),
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which is the proportion of a change in the wholesale price of a product that is passed
through to the retail price of another product.

Table 1.6 provides the cross-price pass-through estimates. Results suggest that the
conventional-to-organic cross-price pass-through rates are positive and statistically signif-
icant, ranging from 5 to 7 percent. In comparison, the organic-to-conventional cross-price
pass-through rates have much smaller magnitudes, ranging between zero and -1.5 percent.
Although economically small, the estimates are negative and statistically signi cant for the
4-month and 8-month window length results. Overall, the estimates of cross-price pass-
through corroborate implications of previous ndings for retailer pricing behavior. If retail-
ers charge relatively higher margins when pricing organic FFV, they would prefer avoiding
cannibalization of organic FFV sales when conventional FFV prices decrease and further
improve their organic FFV margins when conventional prices increase. Such behavior is
consistent with the positive conventional-to-organic price pass-through estimates. Sim-
ilarly, economically small estimates of organic-to-conventional cross-price pass-through
rates are consistent with the small market share of organics and that it is a niche market.

Another driver of differential pass-through is the elasticity of supply. To our knowledge,
supply elasticities for organic FFV are not available in the extant literature. However, given
that organic cropland is xed in the short run because the cropland needs to be managed
following the organic standard for three years to expand (Delbridge et al. 2017), it seems
plausible that organic supply is more inelastic than conventional supply. Ceteris paribus,
the more inelastic supply would indicate lower pass-through in the organic FFV market
(Marion and Muehlegger 2011).

FFV production and marketing are highly seasonal. Hence, there may be seasonal
changes in degrees of competition in the FFV markets that lead to seasonal variations in the

price pass-through. To examine the role of the seasonality on the differential pass-through,
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we generate a market-season identi er for each product category and*MSAable 1.7
displays the average retail and wholesale prices for organic and conventional products in
each MSA by marketing seaséh.Average retail and wholesale prices are higher when
products are in season for both organic and conventional markets. This might indicate that
demand for FFV in marketing season relatively more than the supply, compared to the
demand and supply levels when FFV are not in season. Also, locally produced FFV might
command relatively higher prices, and their sales are higher when products are in season.
Table 1.7 also shows that the average wholesale-to-retail margins are higher in marketing
season for all except the conventional FFV in Atlanta and Boston MSAs. This suggests
that higher in-season prices might also be due to retailers' larger margins.

Table 1.8 presents estimates of the differential pass-through between the organic and
conventional markets by marketing season using the rolling-window model. Our main
nding is that the differential pass-through rates between the two markets are lower when
products are in season in 10 of 12 speci cations. However, the conventional pass-through
rates are still persistently higher than the organic pass-through with a difference ranging

between 9 and 17 percentage points depending on the time wifidow.

1.4.3 Discussion

Incomplete pass-through is suggestive of market power along the vertical supply chain. In

general, the pass-through rate from one stage of a vertical supply chain increases as markets

150ur marketing season de nition comes from an online source: https://www.webstaurantstore.com/blog/
1706/what-fruits-and-vegetables-are-in-season-in-your-region.html. (Accessed August 5, 2020). This is
our preferred method since it identi es the marketing season for different regions across the United States.
Appendix Table A.1 provides the in-season information of our sample.

8\we assume a marketing season is the same for organic and conventional products.

"This table excludes bananas since we don't have information on the banana's marketing season, and 100
percent of bananas are imported in our data.

18These results are robust to different de nitions of the marketing season, including the marketing season
de nition provided by the USDA (https://snaped.fns.usda.gov/seasonal-produce-guide) and another de nition
based on the volume sales observed in our sample.
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become more competitiv€. Speci cally, changes in costs are not completely transmitted

to nal prices unless retailers have zero margins. When costs decrease, retailers in less
competitive markets can exert market power and pass through a small fraction of changes in
the cost to retail prices in order to capture larger pro ts. This inverse relationship between
market power and pass-through rates is also typical in the food market. For instance, Kim
and Cotterill (2008) use the structural approach to estimate the cost pass-through in the U.S.
processed cheese market and nd that the pass-through rates are lower under collusion than
under Nash-Bertrand price competitith.

Other reasons for incomplete price transmission include local costs and price rigidities
in the supply chain (Hellerstein 2008; Nakamura and Zerom 2010). Local costs affect pass-
through behavior by creating a wedge between uctuations of the primary input cost, i.e.,
the wholesale price in our case, and the retailers' total marginal costs. In other words, if
local costs are high, changes in wholesale prices lead to small changes in retailers' total
marginal cost. We do not observe retailer local costs directly; nevertheless, we examine
regional pass-through rates to shed some light on the issue. Speci cally, we estimate the
retail pricing model separately for each of the ve MSAs using the 4-month window spec-

i cation with all control variables and xed effects included.

Table 1.9 shows that the estimated organic price pass-through rates differ by MSAs
but are, in general, close to the overall estimate. Atlanta has the lowest organic price
pass-through rate (10 percent) and a wider difference between organic and conventional
pass-through rates than the overall estimates. The pass-through rates for Boston, Chicago,

and Detroit fall within 10 to 17 percent. San Francisco has the highest organic price pass-

19For instance, McCorriston et al. (1998) show that conditional on linear demand and perfectly elastic
supply, the degree of price transmission falls as market power increases. A recent study by Cabral et al.
(2018) also shows that the pass-through rate is decreasing in market power under the assumption that market
conduct is constant for standard parameterizations of demand.

20speci cally, the range of pass-through rates is between 73 percent and 103 percent under the Nash-
Bertrand price competition, while, under collusion, the range of pass-through rates falls between 21 percent
and 31 percent.
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through rate (24 percent) and the highest organic market share at 9 percent on average,
corroborating our nding of a positive relationship between market share and pass-through.
In general, the nding that the pass-through rates in organic markets are lower than the rates
in conventional markets is consistent across model speci cafions.

Marketing contracts create price rigidities along the vertical supply chain. As one of the
primary methods of exchange between farmers and buyers, a marketing contract speci es
the price, quantity, quality, and delivery timing (MacDonald et al. 2668etailers may
be less affected by the shift in wholesale prices if they obtain products through the mar-
keting contract, which leads to incomplete pass-through. Also, the use of the marketing
contract in the procurement of organic and conventional FFV might be substantially dif-
ferent, which, in turn, might lead to the differential pass-through between the two markets.
Speci cally, the lower pass-through could be driven by the higher use of the marketing
contract for organic FFV.

We cannot add controls in our econometric models to account for contracts due to the
lack of systematic data on contracting in the FFV markets. However, aggregate data from
USDA (2014) shows that less than 21 percent of organic fruits and about 14 percent of
organic vegetables in the United States were sold under marketing contracts. There is a
lack of marketing contract data speci cally for conventional FFV, but data for the whole
FFV market shows that 56 percent of fruits and 54 percent of vegetable productions were
under marketing contract (USDA 2019)?“ These data indicate that the marketing contract
rates could be higher for conventional FFV than for organic FFV, and thus suggesting that

our differential pass-through estimates may be lower than the actual difference. The 2018

21The difference between organic and conventional pass-through rates is positive but statistically insignif-
icant for Detroit.

22The other three methods are spot market, production contract, and vertical integration. The percent of
production under the production contract for FFV is less than 3 percent (USDA 2018).

23\We present a more detailed marketing contract percentage information in Appendix Table A.2.

24Due to the lack of data, we cannot compare contract rates in the same year.
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Farm Bill provides $5 million in mandatory funding for organic data collection, and future
research should be directed to meet the granular data needs on contracts in order to examine

the extent to which contracting contributes to the incomplete and low pass-through rates.

1.5 Conclusion

This essay estimates the wholesale-to-retail price pass-through in the U.S. FFV market
and investigates the differences between the organic and conventional pass-through rates.
We nd that price pass-through in the U.S. FFV market is incomplete, with rates ranging
between 11 and 20 percent, depending on the window length we choose in our model.
Our results also show the pass-through rate is lower in the organic market than in the
conventional market, at around 10 to 15 percentage points. The lower pass-through rate
of the organic market may indicate a less competitive market condition in the organic than
conventional food market. Prior work typically focused on the role of the upstream factors,
such as production technologies, on farmers' transition to organic. This essay shows that
downstream agents' conduct may also impede farmers' transition. Speci cally, due to the
market power exerted along the supply chain, farmers cannot capture the full retail price
premia commanded by organic foods, hampering their incentive to enter the organic market.
This nding provides important insights into the puzzle that despite the continuing growth

in organic demand, conversion to organic farming remains low.

Our results also indicate that market share is an important factor explaining differential
pass-through. FFV with higher market shares are associated with higher price pass-through,
supporting the conjecture that retailers' price popular products more competitively to in-
crease store traf c. While retailers price conventional FFV competitively, they maintain
high margins on the niche organic FFV market. This nding also suggests that the differ-

ence in pass-through rates would decrease as the organic market share increases.
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Finally, these ndings have important implications for policies that seek to expand or-
ganic production. The 2018 Farm Bill has provisions aiming to increase organic supply
by lowering barriers to transition. For instance, the bill includes funding for nancial as-
sistance programs and certi cation cost reimbursement to support organic production and
transition. However, without knowing the actual premium captured by farmers, the sub-
sidies may be insuf cient as the slow transition of organic farming may be due to a lack
of revenue instead of the transition cost. Also, our ndings indicate that while increasing
organic supply will likely decrease the premium in the long run, it could allow farmers to
capture a greater share of that premium as the organic market becomes more competitive
with an increasing market share. Policies that help increase organic market share, such as
promoting organic imports and supporting organic marketing, could also be plausible ways

to encourage transition.
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Table 1.1: Average Prices in San Francisco MSA

Notes:This table displays the average retail and wholesale prices of sixteen FFV in San Francisco MSA. The

retail price is the average price of each product in San Francisco from January 2009 to December 2016. The
retail margin is the difference between the retail price and the wholesale price of the product. The unit of the
prices is dollar per pound.

Source:IRI scanner data and USDA AMS data.
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Table 1.2: Price Pass-Through in the FFV Market using Rolling-Window

Notes:This table presents results from regressions based on equation (1.1). The dependent variable is change in log retail price. The window lengths are 1-
month, 4-month, and 8-month. Sample from January 2009 to December 2016, includes fresh fruits and vegetables from sixty-six counties in Atlanta, Boston,
Chicago, Detroit, and San Francisco markets. All speci cations include demand controls (grocery and supermarket worker wage rates and electricity price),
and common controls (linear and quadratic prices of gasoline). All regressions use heteroskedasticity robust standard errors. Stars indicate signi cance at

10% (*), 5% (**), and 1% (***) levels.
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Table 1.3: Price Pass-Through in Organic and Conventional FFV Markets using Rolling-Window

Notes:This table presents results from regressions based on equation (1.2). The dependent variable is change in log retail price. The window lengths are 1-
month, 4-month, and 8-month. Sample from January 2009 to December 2016, includes fresh fruits and vegetables from sixty-six counties in Atlanta, Boston,
Chicago, Detroit, and San Francisco markets. All speci cations include demand controls (grocery and supermarket worker wage rates and electricity price),
and common controls (linear and quadratic prices of gasoline). All regressions use heteroskedasticity robust standard errors. Stars indicate signi cance at

10% (*), 5% (**), and 1% (***) levels.
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Table 1.4: Price Pass-Through in Organic and Conventional FFV Markets using Distributed Lag

Notes:This table presents results from regressions based on equation (1.3). The dependent variable is change in log retail price. The dependent variable is
change in log retail price. The number of lags are 1, 4, 8. Sample from January 2009 to December 2016, includes fresh fruits and vegetables from vegetables
from sixty-six counties in Atlanta, Boston, Chicago, Detroit, and San Francisco markets. The pass-through results present in this table is the sum of the
lagged coef cient as described by¢ and & in equation (1.3). All speci cations include demand controls (grocery and supermarket worker wage rates

and electricity price), and common controls (linear and quadratic prices of gasoline). All regressions use heteroskedasticity robust standard errors. Stars

indicate signi cance at 10% (*), 5% (**), and 1% (***) levels.
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Table 1.5: Organic Market Share and Price Pass-Through

Notes:This table presents results from regressions based on equation (1.5). The dependent variable is change in log retail price. The window lengths are
1-month, 4-month, and 8-month. Sample from January 2009 to December 2016, includes fresh fruits and vegetables in sixty-six counties Atlanta, Boston,
Chicago, Detroit, and San Francisco markets. Control variables as well as county, product, month, and year xed effects are included. All regressions use
heteroskedasticity robust standard errors. Stars indicate signi cance at 10% (*), 5% (**), and 1% (***) levels.
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Table 1.6: Cross-Price Pass-Through

Notes:This table presents results from regressions based on equation (1.6). The dependent variable is change in log retail price. The window lengths are
1-month, 4-month, and 8-month. The “Wholesale Price — Other” variable represents organic and conventional wholesale prices in the “Organic Market”
and “Conventional Market”, respectively. Sample from January 2009 to December 2016, includes fresh fruits and vegetables in sixty-six counties Atlanta,
Boston, Chicago, Detroit, and San Francisco markets. Control variables as well as county, product, month, and year xed effects are included. All regressions
use heteroskedasticity robust standard errors. Stars indicate signi cance at 10% (*), 5% (**), and 1% (***) levels.
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Table 1.7: Average Prices by Whether Product is in Marketing Season

Notes:This table table presents the average retail price and wholesale price in dollar per pound for fresh fruits and vegetables in our sample for each MSA
in and not in marketing season.
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Table 1.8: Price Pass-Through by Marketing Season for Different Window Lengths

Notes:This table presents pass-through estimates and the difference between organic and conventional pass-
through rates for 12 different window lengths by marketing season. The dependent variable is change in log
retail price. Sample from January 2009 to December 2016, includes fresh fruits and vegetables from sixty-
six counties in Atlanta, Boston, Chicago, Detroit, and San Francisco markets. Control variables as well as
county, product, month, and year xed effects are included. Stars indicate signi cance at 10% (*), 5% (**),
and 1% (***) levels.
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Table 1.9: Pass-Through Estimates for each MSA

Notes:This table presents results from regressions based on equation (1.2). The dependent variable is change in log retail price. The results are shown for
the 4-month window but are robust to alternative window lengths. Sample from January 2009 to December 2016, includes fresh fruits and vegetables in
each county of the ve MSAs. Control variables as well as county, product, month, and year xed effects are included. Stars indicate signi cance at 10%

(*), 5% (**), and 1% (***) levels.
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Figure 1.1: Organic and Conventional FFV Price Trends

Notes:This gure presents the average monthly prices of organic and conventional FFV sold in retail and
wholesale between January 2009 and December 2016.
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Figure 1.2: Changes in Log Prices with Different Window Lengths

Notes:This gure presents price changes over four different window lengths for organic and conventional
FFV.
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Figure 1.3: Changes in Organic Market Share by MSA

Notes:This gure presents changes in the organic market share for ve MSAs in our sample between January
2009 and December 2016.
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CHAPTER 2: Thrifty Food Plan Price
Index, SNAP Purchasing Power and

Participation

2.1 Introduction

Decreasing food insecurity is a top public policy priority in the United States. The annual
rate of food-insecure U.S. households has remained above 10 percent over the last two
decades® The U.S. government implements several programs to address food insecurity.
Among these, the Supplemental Nutrition Assistant Program (SNAP), formerly the Food
Stamp Program, is the largest nutrition assistance program in the United States with a cost
to the federal government of over $60 billion per year. In 2019, 38 million U.S. households,
about 12 percent of the total population, were enrolled in the program. Participation in
SNAP is associated with improved food security (Mykerezi and Mills 2010; Nord and Prell
2011; Schmidt et al. 2016), better health outcomes (Gregory and Deb 2015; East 2019),
and increased economic self-suf ciency (Hoynes et al. 2016). An important feature of
SNAP is that bene ts are paid in cash and are xed across the country. Hence, due to the

regional differences in food price levels, the nutritional value of SNAP bene ts is not the

25See https://www.ers.usda.gov/data-products/chart-gallery/gallery/chart-detail/?chartld=58378.
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same across states or over time. In this essay, we investigate the extent to which disparities
in the real value of SNAP bene ts exist and whether such inequality is consequential to the
program participation.

SNAP bene ts are determined primarily by household size and income. For example,
in the scal year 2019, a participant family of four with $1,000 of net monthly income
was eligible for $342 in SNAP bene ts anywhere in the United Stdte3he value of
SNAP bene ts is linked to the cost of the USDA's Thrifty Food Plan, TFP. The cost of the
TFP is measured annually at the national level using the Bureau of Labor Statistics (BLS)
Consumer Price Index (CPI) for select food categories (Carlson et al. 2007). Meanwhile,
food prices vary substantially across the country (Todd et al. 2011; Gregory and Coleman-
Jensen 2013; Cakr et al. 2018). Consequently, the real SNAP bene ts are unequal such
that some of the neediest households who live in high-price regions would not be able to
purchase the same amount of food as those who reside in the low-price regions.

Currently, there is no mechanism by which the regional value of SNAP bene ts can be
measured and adjusted periodically. This is because we do not have systematic information
on regional food price differences in the United States. The spatial variability of the value
of SNAP bene ts could also have important implications for the program evaluation. To the
extent that inequalities in real SNAP bene ts exist, the impact of nominal SNAP bene ts
on key outcomes such as household participation and food insecurity may not be measured
accurately. In this essay, we address each of these issues in turn. In particular, we rst
highlight two notable weighting biases in the TFP price index in prior studies and make

adjustments to address them. Then, using state-of-the-art methods from index number

26The benet amount equals the maximum benet for a household of four in the scal year 2019
($642) minus 30 percent of its net income (30 percent of $1000 is $300). We assume the household
passes the asset test, which states that household assets must be less than $2250. For more details,
see Center on Budget and Policy Priorities, “Policy Basics: The Supplemental Nutrition Assistance Pro-
gram (SNAP),” June 2019, https://www.cbpp.org/research/food-assistance/policy-basics-the-supplemental-
nutrition-assistance-program-snap.
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theory, we construct TFP price indices to document the changes in real SNAP bene ts over
time and across space. Next, we test whether the relative price levels of the TFP basket
converge across the contiguous United States. Last, we investigate the impact of the real
SNAP bene ts on program participation.

We use detailed retail scanner data obtained from 48 contiguous states and the District
of Columbia from 2006 to 2016 to construct panel price indices for the TFP bdsRetall
scanner data provide high-frequency store-level price and sales information on consumer
food purchases and allow us to construct panel price indices at any geographic level and
frequency. We construct state-level indices to coincide with geographic boundaries along
which policy implementation varies and examine the month-to-month differences as SNAP
bene ts are distributed monthly.

To construct the TFP panel price indices, we follow a similar approach to the one de-
scribed by Cakr et al. (2018). Speci cally, we use the GEKS method to construct the
temporal index? When using scanner data, the GEKS method has the advantage of both
chained indices, which account for the introduction of the new products and the omission
of obsolete products, and xed base indices, which are free of the chain drift (Ivancic et
al. 2011). We use the minimum spanning tree (MST) approach to construct the spatial
index (Hill 1999). The MST approach accounts for the similarity in regional price struc-
tures and looks for a path through regions that minimizes the dissimilarity between each
pairwise combination of regions. We then combine the temporal and spatial indices using
the chronological graph (CG) method suggested by Hill (2004). A limitation of the CG
method is that the resulting panel indices are base-dependent due to the linking procedure.

We overcome this limitation by taking the geometric mean of the panel indices where panel

2"The contiguous United States consists of 48 adjoining states and the District of Columbia on the conti-
nent of North America (49 in total). The non-contiguous states (Alaska and Hawaii) and all other off-shore
insular areas (American Samoa, U.S. Virgin Islands, Northern Mariana Islands, Guam, and Puerto Rico) are
not included in this study.

28The GEKS method is named after Gini (1931), Elteto and Koves (1964), and Szulc (1964).
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indices are constructed using each period as a base in turn, which is similar to the approach
in the GEKS method.

This essay rst documents that SNAP recipients do not closely follow the TFP recom-
mendation and redeem a large portion of their SNAP bene ts at mass merchandise out-
lets. We show that these behaviors lead to weighting biases when we estimate TFP price
changes. After adjusting for those biases, both the average range and the average standard
deviation in SNAP real value across contiguous states reduce by 50 percent, suggesting
that regional disparities in SNAP purchasing power found in previous studies could be
overestimated.

Next, using the TFP price indices with adjusted weights, we show that the difference
between the contiguous states with the highest and lowest real SNAP bene ts in our study
period is between 4 to 8 percent in a month. We do not nd evidence of price convergence
between regions, indicating that this regional inequality in the real value of SNAP bene ts
has been persistent over time. The weight adjustments also impact the temporal price
indices. Speci cally, the temporal changes of TFP price levels show a similar trend for all
the states, and we nd that the of cial updates of the SNAP bene ts by the government each
scal year are generally suf cient to offset the declines due to in ation. Nevertheless, there
exist differences in the in ation rates between states. For example, we nd that between
2006 and 2016, the TFP price in North Dakota has increased by 25 percent, while the TFP
price in California has increased by 17 percent.

Finally, we examine the relationship between real SNAP bene ts and SNAP patrticipa-
tion. Finding ways to increase SNAP participation is an important target for policymakers
and often draws attention from researchers (Finkelstein and Notowidigdo 2019; Hoynes
and Schanzenbach 2020). However, identifying the causal effect of SNAP bene ts on
SNAP patrticipation is dif cult because nominal SNAP bene ts and eligibility rules do not

vary across regions. In a recent study, Bronchetti et al. (2019) proposed a new identi cation
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strategy that leverages variation in the real value of SNAP to examine the impact of SNAP
bene ts on child health outcomes. We follow their approach and use SNAP real bene t val-
ues generated using our weight-adjusted TFP price indices for the estimation. Our results
indicate that there exists a signi cant and positive relationship. In particular, we nd that

a ten-percent increase in the real value of SNAP bene ts leads to a 1.2 percentage points
increase in per-capita SNAP participation. When we use the ratio of SNAP participation
to the state population below the poverty line as a SNAP participation measure, we nd
that a ten-percent increase in the real value of SNAP bene ts leads to an 8.2 percentage
point increase in SNAP participation among eligible individuals. Our results suggest that
in addition to unemployment rates and state-level SNAP policies that have been shown to
impact SNAP participation (Ganong and Liebman 2018), the real value of SNAP bene ts
is another contributing factor. We also show that these results would be concealed if we do
not use the adjusted TFP prices to estimate real SNAP bene ts.

The essay proceeds as follows. Section 2.2 provides an overview of the SNAP and
reviews previous literature. Section 2.3 describes the data, and Section 2.4 illustrates the
methods we used to construct the price indices. In Section 2.5, we present the TFP price
indices. Section 2.6 reports the real SNAP bene ts and examines the relationship between

SNAP real bene ts and SNAP participation. Section 2.7 concludes.

2.2 SNAP Overview and Previous Literature

2.2.1 SNAP Overview

SNAP provides participants with monthly bene ts to purchase foods and beverages using
an electronic bene t transfer card. However, not all foods and drinks are eligible for pur-

chase using SNAP bene ts. For example, purchases of hot foods, pre-prepared foods for
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immediate consumption, and alcoholic beverages cannot be made using SNAP bene ts.

A household needs to meet three requirements to be eligible for SNAP. First, the house-
hold's gross monthly income needs to be less than 130 percent of the poverty line. Second,
the household's income after deductions must be at or less than the poverty line. Third,
household assets must be $2,250 or {&gsparticipating household receives SNAP bene-
ts equal to the maximum bene t allotted based on the household's size minus 30 percent
of the household's net income. The maximum value of SNAP bene ts is determined by the
cost of the USDA's TFP basket. The TFP basket comprises 29 food categories at differ-
ent weights representing a national norm for a nutritious diet at a minimal cost. The food
categories include four categories of grains, seven categories of fruit and vegetables, four
categories of milk products, six categories of meat and beans, and eight categories of other
foods (Table 2.1). The SNAP bene ts are updated every scal year based on the Consumer
Price Index (CPI) for each food category in the TFP (Carlson et al. 2007).

In 2009, the American Recovery and Reinvestment Act (ARRA) boosted SNAP ben-
e ts by 13.6 percent per month in response to the Great Recession of 2008. The ARRA
speci ed that there would be no SNAP bene t adjustment for in ation during the bene t
boost period until the real value of SNAP bene ts drops to the same level before the boost
due to in ation. Nevertheless, the ARRA bene t boost ended before achieving this target.
After October 2013, SNAP lowered the bene t and resulted in a 7 percent bene t cut on
average (Keith-Jennings and Rosenbaum 2015). Nord and Prell (2011) show that the in-

crease in the nominal value of SNAP bene ts provided by ARRA increased food spending

These eligibility tests are for 48 contiguous states and the District of Columbia. Households with a
member who is elderly or has a disability and households that are categorically eligible for SNAP have
different income and asset requirements.

30Each SNAP scal year is from October in the past year through September this year (e.g., the allotments
for 2012 are from October 1, 2011, through September 30, 2012). There was a change in SNAP bene ts in
2009 due to the American Recovery and Reinvestment Act (ARRA) in responding to the Great Recession,
thus in the table “2009-1" covers October 1, 2008, through March 31, 2009, and “2009-2" covers April 1,
2009, through September 30, 2009.

31See Dean and Rosenbaum (2013) for the details on the sunset of the ARRA bene t boost.
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and reduced food insecurity among SNAP participating households. However, these im-
provements were partly offset as the real value of SNAP bene ts declined due to in ation

(Nord 2013).

2.2.2 Previous Literature on the TFP Price

Previous studies use various sources of data and methods to generate the basket price of
TFP. Gregory and Coleman-Jensen (2013) and Bronchetti et al. (2019) use data from the
Quarterly Food-at-Home Price Database (QFAHPD) to generate the TFP price for desig-
nated market groups in the United Staté&oth studies use expenditure weighted average
prices of products in the TFP category to construct annual price estimates for the TFP for
markets across the United States. Gregory and Coleman-Jensen (2013) use the TFP price to
examine the link between food prices and food insecurity. Bronchetti et al. (2019) calculate
the purchasing power of SNAP using the TFP price for the years from 1999 to 2010 and es-
timate the relationship between the local purchasing power of SNAP and health outcomes.
They take the expenditure-weighted average prices of foods in the QFAHPD to estimate
the regional cost of the TFP basket for 30 market groti®milarly, Feeding America for

the Map the Meal Gap (Gundersen et al. 2018) uses Nielsen household scanner and retail
scanner data to construct the TFP basket price and estimate the relative pricing between the
U.S. counties. This project uses expenditure weighted prices from a 4-week period in Oc-
tober to generate annual TFP basket prices for each county from 2009 t6“2Qn@ther

paper by Gundersen et al. (2016) uses retail scanner data to calculate weekly store-level

32QFAHPD is constructed using Nielsen Homescan data, which contains detailed information on
household-level purchases. See https://www.ers.usda.gov/data-products/quarterly-food-at-home-price-
database/documentation/ for a detailed overview of this data.

33Market groups are geographic areas de ned in the QFAHPD and each market group covers a set of
counties.

34The project mainly uses retail scanner data to calculate the price per pound for each category and county.
For stores that do not exist in the sales data, purchase records from the household scanner data were used to
impute the food prices.
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TFP basket prices in 2012. Their approach is taking the median prices in each TFP food
category to remove the potential effects of outliers on prices.

The existing studies on measuring the TFP basket cost have several limitations. First,
household scanner data used in the previous studies have a relatively small sample in each
region. For instance, the San Francisco market group in QFAHPD data has fewer than 100
households in 1999, 2002, and 2003, and less than 400 households in the years 2004 to
2006°° Since the TFP basket includes a large number of food categories, it is dif cult to
construct a representative TFP price index of high frequency by region. In addition, the
household scanner data may suffer non-response bias as consumers may not always scan
all of their purchases. We address this limitation by using a point-of-sale retail scanner
dataset that comprises much more purchase information than the household scanner data
in any regiort® Unlike household scanner data that is collected from households, retail
scanner data includes detailed prices and quantities of all products sold at retail outlets and
is observed at higher frequencies. This feature allows us to make more accurate product-to-
product price comparisons as there would be fewer unmatched products between periods
and different regions.

Second, prior methods used to construct the TFP basket price are potentially subject to
important biases such as product heterogeneity bias and variety bias. Heterogeneity bias oc-
curs when prices of differentiated products are compared. For example, the average price of
milk could be higher in region A than in region B if region A is consuming a higher quality
milk brand at higher rates. In other words, the higher average milk price in region A might
re ect quality differences rather than price differences. Handbury and Weinstein (2015)
address this shortcoming by comparing prices of identical goods at the Universal Product

Code, UPC, level. The variety bias arises from the fact that the availability of products is

35See Todd et al. (2010) for details on the number of households by market and year.
36Zhen et al. (2018) show that there exist signi cant differences between retail scanner data index and
household scanner data based index.
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not the same across regions. For example, small cities may offer fewer purchase options
than large cities. Thus, consumers in small cities need to substitute the missing products to
achieve the same level of utility as consumers in large cities. Broda and Weinstein (2010)
address this bias by constructing the Exact Price Index (EPI) which assumes constant elas-
ticity of substitution preferences. Since product composition and quality are not identical
over time and across space, these biases are likely to exist when comparing any basket
prices. Moreover, Handbury and Weinstein (2015) show that controlling for these biases
reverses the nding that prices increase with city siz€@ur data and methods allow us to
address the product heterogeneity bias to a great extent. Speci cally, we resolve the prod-
uct heterogeneity bias that arises from the comparison of aggregated goods by constructing
our temporal and spatial indices based on matching products at the Universal Product Code
(UPC)3® Also, our spatial index method allows us to mitigate variety bias as it is based on
an approach that links regions with similar price structures, where the similarity is deter-
mined by the product composition of index baskets and weights of each product.

Finally, since the TFP prices in the previous studies were constructed using the TFP
recommended weight, they may be improper for estimating the real value of SNAP bene-
ts. In particular, a price index using the TFP recommended weight would re ect the prices
of a basket of foods that USDA considers would provide suf cient nutrition for households
in poverty; however, this may not re ect the actual prices of the basket that SNAP house-
hold purchase. In Sections 2.5.1 and 2.5.2, we show that SNAP households do not follow
the TFP recommendation carefully and spend most of their bene ts at speci c retail out-

lets. Ignoring these weights may bias the TFP prices for SNAP households and result in

37Fan et al. (2018) calculated the EPI proposed by Handbury and Weinstein (2015) for the TFP basket
using IRI retail scanner data in 2012 to examine whether a nutritious diet cost more in food deserts. The EPI
is a spatial price index that eliminates the heterogeneity and variety biases. Fan et al. (2018) use the food
group elasticities in 2012 from Handbury and Weinstein (2015) to construct the EPI. We are not able to use
the same approach as we are constructing a panel index instead of a spatial index for a speci c year.

38The term “temporal” in our essay refers to comparisons for a given region or state across different points
of time, and the term “spatial” refers to comparisons across regions or states at a speci ¢ point of time.
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inaccurate estimates of the real SNAP bene ts.

2.3 Data

We use retail scanner data collected by the Nielsen Company (U.S.), LLC, to construct
the TFP price index between 2006 and 2616The data includes information on retail
prices and sales from more than 35,000 stores comprising more than 50 percent of the
total sales volume of grocery and drug stores and 30 percent of the total sales volume of
mass merchandisers in the United Stdte¥/e focus on mass merchandisers and grocery
stores (listed as the “food” channel in the Nielsen data), as these have consistent reporting
and represent more than 93 percent of all food sales in the TFP basket. Retail scanner
data offers weekly information at the UPC or barcode level and provides new avenues
to improve estimates of price changes using the index number of methods. Speci cally,
the high frequency and the availability of both price and quantity information of the retail
scanner data allow us to generate weighted price indices at detailed aggregation levels.
We create the TFP basket for our analysis by selecting the food categories in the Nielsen
retail scanner data that match the TFP food categ6ti€able 2.1 presents how we match
the food categories. After matching, our sample consists of 640,679 UPCs from 414 prod-
uct modules of the 40 matched categoffestor each of the 414 product modules, we
assign each of them to the TFP food type that matches the descriptiimere are four

units of measurement for products in the TFP basket, including ounce, pound, liter, and

39The data are provided for research purposes by the Kilts Center for Marketing Data Center at the Uni-
versity of Chicago Booth School of Business. The conclusions drawn from the Nielsen data are ours and
do not re ect the views of Nielsen. Nielsen is not responsible for, had no role in, and was not involved in
analyzing and preparing the results reported herein.

40see http://research.chicagobooth.edu/nielsen/ for more information on the retail scanner data.

4IWe use “product category” to refer to the “product group” in the product hierarchy of the Nielsen data.

42Nielsen refers a “product module” to be a more disaggregate product than a “product group”. For
example, “Fresh Apple” is the product module under the “Fresh Produce” in the product group.

43The detailed matching table for the 414 product modules and the 29 TFP categories is available upon
request.
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count. Because we are making a UPC-level comparison when we construct the price in-
dices, the volume sales do not need to be expressed in the sam® units.

We create the unit value price—the rst level of aggregate prices used in the price index
formulae—at the UPC level for each month and staté/e use monthly unit value prices
since SNAP bene ts are distributed monthly. Also, we use states, including the District
of Columbia, as our geographic unit as they coincide with the administrative boundaries
along which regional policies are implemented. Thus, our nal sample consists of monthly
prices and sales for each UPC between January 2006 and December 2016 in 48 states and
the District of Columbid®

We collect data on SNAP patrticipation and SNAP bene ts from the USDA Food and
Nutrition Service. Table 2.2 presents the maximum allotments for a household size of one, a
household size of four, and the average monthly bene ts of SNAP. We include the year 2017
since SNAP bene ts are in effect from October to September (i.e., the allotments for 2017
are from October 1, 2016, through September 30, 2017). The average annual increase in
maximum bene ts for a household of four is about 5 percent from 2006 to 2009. Then there
was a change in SNAP bene ts in 2009 due to the ARRA that caused the nominal value of
SNAP bene ts to change twice in 2009, leading to a 14 percent increase in the max SNAP
bene ts for a household of four. Since the ARRA, a SNAP participant has received around
$125, except between 2010 and 2013, when the bene ts were around $133 per person. The
USDA Food and Nutrition Service provides the monthly number of SNAP participating
individuals and households at the state level. We combine the participation data with state
population and poverty rate from the Current Population Survey (CPS) to generate SNAP

caseload per capita and SNAP caseload among eligible individuals, measured as a ratio of

44This also avoids potential measurement error caused by the unit conversion.

45Speci cally, we take the expenditure weighted average of weekly store-level prices to generate monthly
prices.

46The retail scanner data cover the years 2006 to 2017, but there was a dramatic change in store compo-
sition after 2016. Thus, we limit our data to between 2006 and 2016.
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SNAP patrticipation to the state population below the poverty line.

2.4 Price Index Methods

2.4.1 Temporal Indices

The availability of both price and quantity information in the retail scanner data makes it
possible to construct superlative price indices, which allows us to account for the product-
level substitution in consumer spending due to relative price chandésvertheless, there

are two potential drawbacks of scanner data: the high attrition and quality change of goods
and the high volatility of prices and quantities because of sales and promotions. Chaining
is often used to handle the issue of new and disappearing items. Chained indices compare
the current period to the base period by taking the product of all chain links, which are
the bilateral indices for two adjacent periods, between the two periods. However, chained
indices might suffer from chain drift, which means that the indices do not return to unity
even when prices return to those in the base period. The problem of chain drift exacerbates
when using retail store scanner data due to the price oscillation or quantity shifts owing to
the high prevalence of retail promotions (Feenstra and Shapiro 2003; de Haan and van der
Grient 2011; Ivancic, Diewert, and Fox 2011).

To address the chain drift, we follow the method outlined by Ivancic, Diewert, and Fox
(2011) that uses the multilateral index number method of Gini (1931), Elteto and Koves
(1964), and Szulc (1964). Studies have shown that the GEKS method performs well with
scanner data (e.g., de Haan and van der Grient 2011). The GEKS method is generated by
taking the geometric mean of the ratios of all bilateral indices between the two periods that

we are comparing, where each peribe (1, ...,T) in the sample is taken as the base. The

4’See Cak r et al. (2018) and Zhen et al. (2018) for more information on superlative and bilateral indices.
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GEKS index formula between perigcandk can be expressed as follows:

Yoo ks
= piophcTT (2.1)
1=0

ik
Pdeks

whereP#' andP"* are bilateral indices. Here we use the Térnqvist intfexhich has the

formula:

Yoo i

T pO
i=1 I

; (2.2)

wherep! is the price of itemi in periodt ands! is the expenditure share of iteinin period
t.

The GEKS index has the advantages of both the xed base index and the chained index.
Since the GEKS method uses each of the possible matches between any two periods, and
each period is considered in turn as the base period, the method is free from chain drift.
Also, the maximum use of all possible matches between any two periods allows the GEKS
index to deal with the high attrition rate of items. We use the GEKS-T6érngvist index to

present the changes in TFP costs for each contiguous state between 2006 and 2016.

2.4.2 Spatial Indices

The GEKS method is a multilateral index method that is typically used for spatial price
comparison$? However, a shortcoming of the GEKS method is that it assigns equal
weights to each bilateral index number comparison between any two regions, failing to ac-
count for the relative price and consumption similarities between the regions. Hill (1999)

suggests the minimum spanning tree (MST) approach that accounts for price structure dif-

48The GEKS-Térnqvist index can also be referred to as CCD (Caves, Christensen, and Diewert 1982)
index. The Fisher index, which would produce similar results, can also be used.

“Multilateral index methods are often used for spatial comparisons (e.g. Caves et al. 1982; Diewert 1999;
Zhen et al. 2018). Hill (2004) provides a general taxonomy of index methods that can be used to compute
spatial indices.
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ferences between regions to reconcile this issue in EKS-type methddspanning tree,
by de nition, is a connected, undirected graph with no cycles (loops). The no-cycles feature
ensures the internal consistency (transitivity) of the price index. Any pair of vertices are
connected to only one path of edges, and the MST approach chooses the spanning tree that
connects all the vertices and has the minimum possible total edge weightsur spatial
comparisons, each region represents a vertex, and each edge connects the two vertices. We
present an example of MST in Appendix Figure B.1.

To apply the MST approach, we rst need to measure the dissimilarity between the
price structure of all region pairs to use as the edge weights. Following Cak r et al. (2018),
we use a weighted log quadratic index suggested by Diewert (2009) to measure the relative

price dissimilarity between the prices of regionsandn:

m. N. AM. AN )(\I 1 m n p:'] 2 .
PLQ (P phatd) = E (Si + Si) In pm P mn ! (2.3)
i=1 !
wheres = E‘n g'n IS the expenditure share and is the quantity of commodityin region

n, andP™" is the Tornqvist index between regiomsandn.>? This log quadratic index
provides the relative price dissimilarity between any two regions with a lower bound of O
if the prices in the two regions are proportional (i.epT = p" for > 0). The greater
value of po(P™;p";d"; q") represents that the relative prices for regiom&ndn are
more dissimilar.

After we generate the relative price dissimilarity scores for each pair of regions, we fol-
low Hill (1999) and use Kruskal's algorithm to nd the path with the least sum of dissimi-

larity scores between all regions to obtain the MST. We then link the bilateral comparisons

50In general, GEKS and EKS usually refer to the same method of making the bilateral index formula
transitive by taking the geometric mean. The practice of adding Gini to EKS came in recently.

5For a set oM vertices, we can have a maximwh" 2 number of spanning trees.

52Any superlative price index formula can be usedPd%” to calculate the dissimilarity scores. Here we
follow Diewert (2009) and use the Térnqvist index.
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along the path of the two regions. Speci cally, if we have regmninked with regionn

through region, then the spatial index between regimrandn can be calculated as:

pmn = pm - pin; (2.4)

whereP™! andP"" denote Térngvist indices.

2.4.3 Panel Indices

Finally, to construct panel price indices, we combine the temporal and spatial price indices
using the “chronological graph” (CG) method introduced by Hill (2064)he CG method

had the desirable properties of temporal xity and temporal consistency. Temporal Xxity
means that adding new periods to the data does not affect the previous periods’ price com-
parisons. Temporal consistency means that the temporal comparisons for each region do
not depend on other regions in the panel. The CG method links the temporal price indices,
which are chronological, with a reference multilateral spatial comparison (i.e. an MST in
one of the periods). Figure 2.1 presents a chronologically chained graph with a spatial
comparison in one of the periods, where we link temporal indices from January 2010 to
June 2010 with the spatial indices for Massachusetts, California, Illinois, and Minnesota
using March 2010 as the spatial comparison reference.

A limitation of this approach is that the choice of the reference period could lead to
different spatial comparison results. For example, changing the reference period (e.g., from
March 2010 in Figure 2.1 to January 2010) reduces the spatial difference between CA and
MN in April 2010 from 1.3 to 1.2. This concern is due to the properties of the CG method,

which is not being able to maintain spatial consisteticfo address this issue, we take

53We present an overview of steps required to compute our TFP price indices in Appendix Table B.1.
S4similar to temporal consistency, spatial consistency is satis ed if the comparison can be collapsed into
a series of separate spatial comparisons for each period (Hill 2004).
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an approach similar to the GEKS method. Speci cally, we use the geometric mean of all
available periods as the base to link the temporal and spatial price indices to construct the
panel price index. This approach maintains the same temporal changes as choosing any

reference period while also producing consistent spatial comparisons.

2.5 TFP Price Index

2.5.1 SNAP Expenditures vs. Recommended Expenditures

The TFP is designed to represent the minimal cost needed for a nutritious diet and pro-
vide guidance on the food spending behaviors of SNAP recipients. Thus, previous studies
generally use the TFP recommended weights to estimate costs and generate the real value
or purchasing power of SNAP bene ts (Gregory and Coleman-Jensen 2013; Bronchetti et
al. 2019; Christensen and Bronchetti 2020). However, the food expenditure patterns of
SNAP recipients may be different from the TFP recommendation (Sanjeevi et al. 2018).
Consequently, the TFP price index computed using the recommended weights may not ac-
curately re ect the changes in the minimal cost of a nutritious diet instead of the changes in
the food prices that SNAP households facdo examine and address this potential bias,

we use data from the Consumer Expenditure Surveys (CEX) Diary Survey to generate ex-
penditure weights for food categories in the TFP of SNAP households. The Diary Survey
is a panel survey that provides detailed purchase information by respondents and has been
used for the computations of the weights for the €RWVe obtain the average annual ex-
penditure of each food category for SNAP households in the CEX Diary Survey from 2006

to 2016. Then, we match the CEX food categories with the food categories in the TFP and

SSWe refer to this bias as population bias.
56For details on the Diary Survey, see https://www.bls.gov/cex/pumd-getting-started-guide.htm#section4.
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generate the expenditure weights for each TFP food catégory.

Figure 2.2 displays the TFP recommended expenditure weights and the actual expen-
diture weights of TFP food categories of SNAP households. There are substantial differ-
ences for most of the food categories. For SNAP households, grains, soft drinks, red meat
(beef, pork, veal, lamb, and game), frozen entrees, and milk have the highest proportions
of the expenditure, while dark-green vegetables, potato products, orange vegetables, soups
(ready to serve and condensed), and soups (dry) represent the lowest percentage expen-
ditures. There are 12 out of the 25 food categories for which the actual expenditure of
SNAP households is higher than the TFP recommendation, in which soda (9%), frozen
entrees (7%), and bacon, sausages, and other meat (4%) show the largest gaps. For the 13
food groups that have lower actual expenditures, whole fruits (10%), milk (7%), dark-green
vegetables (7%), and other vegetables (6%) show the largest differences.

Figure 2.2 suggests that SNAP households are not following the food spending recom-
mendations of the TFP.Therefore, the TFP basket weights for food categories would not
accurately re ect the overall changes in the TFP basket price for SNAP households. For
example, TFP recommends zero percent of expenditure on soft drinks, which suggests that
the price change in soft drinks would not be considered in the TFP cost. However, since
SNAP households on average spend 9 percent of their food expenditure on soft drinks, soft
drink price changes would affect real SNAP bene ts over time and across space. Thus, in
constructing the TFP price index to estimate the real SNAP bene ts, one should use SNAP
households' actual expenditure weights instead of the TFP recommended weights.

To obtain the weighted TFP index, we rst construct price indices for the 25 food

5"To match the CEX categories with TFP categories, we aggregate the four categories in the “Grains” TFP
food type, and thus we have 25 food categories. See Appendix Table B.2 for the matching details.

%8The recommended weights for food categories are based on the expenditure shares for a household of
four (two adults and two children) in Carlson et al., (2007).
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categories included in the TFP basket. Then, we construct the aggregate price index as:

)@5
PiFP = Py W (2.5)

c=1
where Py, is the index value of product categocyin regionr in periodt, andW, is
the expenditure weight of product categary’ Equation (2.5) addresses population bias
while accounting for the substitution bias within each food category. Also, this formula
addresses the data limitation due to missing sales information on random weight products
in the Nielsen data. Speci cally, the food categories with large sales of random weight
products, such as fruits and vegetables, will not be underweighted when we use weights
obtained from the household expenditure survey.

Figure 2.3 compares the range and standard deviation of the spatial TFP index val-
ues estimated using the SNAP household expenditure weight and the TFP recommended
weight for contiguous states between 2006 and 20The results show a clear difference
between the spatial indices constructed using the SNAP household expenditure weight and
the TFP recommended weight. In particular, the household expenditure weighted index
displays lower spatial variation. The average range between the highest index value and
the lowest index value drops from 10.1 to 7.7, a 24 percent decrease. The average decrease
in the standard deviation of the spatial index value is 21 percent, from 2.5 to 1.9. These
changes suggest that the spatial differences in the cost of what SNAP households spend are

less than the spatial differences in the cost of what TFP recommends.

59This index weight for each food category also addresses the limitation of not including random weight
products in the Nielsen data. Speci cally, the food categories with random weight products missing will
not be underweighted because our weights are from household expenditure data that includes expenditure on
random weight products.

800ur discussions on the adjustments focus on the spatial index as the differences are more notable than
the temporal index. We will compare the differences in the temporal index values after both expenditure
weight and outlet adjustments.
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2.5.2 Adjusting for Outlet Bias

Outlet bias occurs when the sample of outlets is not representative of the outlets used by
the target population (Hausman 2003). This was a notable bias in the previous calculation
of the CP?! as mass merchandisers and club stores were underrepresented and generally
led to an upward bias in in ation estimates (Hausman and Leibtag 2009). Similar to the
outlet bias in the previous CPI, the TFP index may not accurately estimate price changes if
SNAP households' expenditure distribution across retail outlets substantially differs from

a representative households' expenditure distribution in the data.

In 2016, there were 260,115 authorized SNAP stores, and more than 84 percent of the
stores were grocery or convenience outlets (USDA Food and Nutrition Services®2017).
The SNAP redemptions, however, were mainly at grocery and mass merchandise outlets.
Figure 2.4 shows the percentage of SNAP bene ts redeemed and authorized store counts
for grocery, mass merchandise, convenience, and other outlets between 2010 ahtf2016.
The average authorized store percentage and redemption percentage for the grocery outlet
are both around 44 percent. For mass merchandisers, despite having only around 8 percent
of authorized stores, about 50 percent of all SNAP bene ts were redeemed in these outlets.
Whereas about 40 percent of authorized stores are convenience stores but only 5 percent of
redemptions were in these outlets. In general, the redemption percentages by the type of
retail outlet remain stable between 2010 and 2016.

Stores from grocery and mass merchandise outlets comprise more than 93 percent of

51In recent years, the BLS has responded to the outlet bias in the CPI by adding observations from new
outlets.

52Not all stores accept SNAP, and retailers need to apply and receive training in order to become autho-
rized.

63The grocery outlet includes supermarkets, small grocery stores, medium grocery stores, large grocery
stores, and combination grocery/other stores. The mass merchandisers combine discount stores and super-
markets, such as Walmart and Target. The convenience outlet represents convenience stores. See U.S. De-
partment of Agriculture, Food and Nutrition Services (2017) for the store types in the other outlets.

64The USDA Food and Nutrition Services started to report the retailer management annual reports from
2010.
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the TFP food sales in the Nielsen retail scanner data, and grocery stores have about eight
times more sales than the mass merchandise stores. In other words, a TFP price index con-
structed using this data would mostly re ect the price changes or differences for the grocery
outlets®® To examine the extent to which the outlet bias exists, we construct separate TFP
price indices for grocery stores and mass merchandisers for comparison.

Figure 2.5 presents the range and standard deviation of the SNAP household expendi-
ture weighted spatial indices constructed using data from grocery and mass merchandisers
combined, only from grocery stores, and only from mass merchandisers. The range and
standard deviation of grocery and mass merchandisers combined are from our previous re-
sults, and the values are close to the values of the only grocery stores. This is intuitive since
about 90 percent of the sales in the grocery and mass merchandisers are from the grocery
stores. Compared to the grocery outlet, the average range of the spatial index values de-
creases by 4.5, which is about a 52 percent decrease. The average standard deviation of the
index from only mass merchandisers is 1.2 (about 60 percent) lower than the value of the
grocery outlet.

The ndings suggest that the TFP price of mass merchandise outlets has substantially
less spatial variation than that of grocery outlets, which is foreseeable as mass merchandise
stores generally implement national pricing within retail chains (DellaVigna and Gentzkow
2019)%¢ Therefore, to more precisely measure the price changes of outlets where SNAP
households redeem their bene ts, we use the SNAP redemption percentages of grocery
and mass merchandise outlets to adjust the TFP price index. Speci cally, we rst take the
average redemption percentages for the two outlets and convert the percentages to weights.

Then, we construct the SNAP expenditure weights TFP price index for each outlet and

85|n the case of using the household scanner data, if all households were used, as most studies have done,
this issue would raise as well.

66Also, mass merchandisers are only a few large national chains, such as Target and Walmart; that are
notorious for their ef cient supply chains. Whereas, there are hundreds of grocery retailers.
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aggregate them using the outlet weights to generate the adjusted TFP price index.

2.5.3 Spatial and Temporal TFP Price Indices

Figure 2.6 illustrates the average spatial variation of the TFP price index before (map on
the left) and after (map on the right) the expenditure weight and outlet weight adjustments.
We use California's price level as the spatial comparison reference, so the index values
for most states are less than 100 as California has a higher cost of living than most other
states$’ This gure shows a notable reduction in the spatial variation of the TFP price
index after the adjustments. For example, all the states with index values less than or equal
to 95.7 show higher index values after the adjustments. Only the index value of the District
of Columbia remains above 102. Overall, both the average range and the average standard
deviation of the spatial index decrease by about 50 percent after the expenditure weight and
outlet weight adjustments. In general, the fact that SNAP households buy different amounts
of foods than the TFP recommendation and redeem a large proportion of SNAP bene ts
at mass merchandise stores substantially reduces the cost of living differences across the
contiguous states.

Figure 2.7 illustrates the temporal movements in the TFP prices for the contiguous
states from 2006 to 2016 and compares them with the percentage changes in the of cial
TFP cost, which is updated monthly by the USDA. The of cial TFP costis calculated using
the national average CPI for food and beverages by the BLS to provide a national measure
(Carlson et al. 2007). The upper and lower panel presents the temporal price changes be-
fore and after the expenditure weight and outlet weight adjustments, respectively. After
correcting for population bias and outlet bias, the temporal prices generally show lower
rise during the period. North Dakota has the highest price in ation regardless of the adjust-

ments, while California became one of the states with the lowest price in ation. In general,

67Note that the MST results are invariant to the choice of the base state.
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the temporal changes of TFP prices follow a similar pattern for all states and is analogous
to the movements of the of cial TFP cost: the prices were increasing from 2006 to 2008
but dropped a bit in 2009, then the prices went up gradually and started to decrease again
in 2016. However, the of cial TFP cost index values are higher than most states in most of
the periods and there still exist substantial differences in the temporal movements of dif-
ferent states. For instance, compared to the base period (i.e., January 2006), the TFP price
in North Dakota has increased by 25 percent in January 2016, but Florida, New York, and
California have only increased by 22 percent, 19 percent, and 17 percent during the same
period, respectively. The difference in TFP price in ation among states in our study period
can be more than 11 percent. The high temporal price movement in North Dakota may be
due to the oil boom that started in 2006, leading to a substantial growth job in population

and per capita gross domestic product (U.S. Energy Information Administration 2013).

2.6 Real Value of SNAP Bene ts and SNAP Participation

2.6.1 TFP Panel Price Index and the Real Value of SNAP Bene t

Using the adjusted temporal and spatial indices, we rst construct the TFP panel price index
using the CG methotf. Then, we generate the real value of SNAP bene ts for each state
in each period from 2006 to 2016 using TFP panel price indit@he real value of SNAP
bene ts allows us to examine whether the of cial updates in SNAP bene ts in each scal
year are adequate to offset the price in ation and investigate the difference in real SNAP
bene ts across states.

Although the nominal SNAP bene ts are identical across states, the real value of SNAP

%8We provide an interactive version of the TFP panel price indices online at https://www.ligingxiao.com/
price-index-projects/tfp-price-index.

69Speci cally, the real value of SNAP bene tSNAP Rea} = EfreF”F‘:[t‘ , WwhereBene t, is the nominal
SNAP bene tin period andTFP; is the TFP price index of statdn periodt.
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bene ts is changing over time and is different across states. Figure 2.8 displays the real
value of SNAP max bene ts for a household of four in each state between 2006 and 2016.
The dash lines in the gure present the time of of cial SNAP adjustments in each scal
year/® Other than the ARRA period, there were declines in the real values of SNAP ben-
e tsin scal years 2007, 2008, and 2014, but the updates at the end of those scal years
suf ciently offset the declines. Among those years, the decline in the real value of SNAP
bene ts was less than 7 percent before the updates. In the ARRA period, SNAP bene ts
were not updated for 55 months, and thus the real value of SNAP bene ts eroded during
the period. Using household data, Nord (2013) shows that after the ARRA, from 2009 to
2011, the maximum SNAP bene t declined by 7 percent after the in ation adjustment. The
decline estimates using real SNAP bene ts calculated by the unadjusted TFP panel price
index show similar results as Nord's nding; however, the results using weight-adjusted
index show a smaller decline. Speci cally, we nd that from April 2009 to September
2011, the average decline in the maximum SNAP bene ts for 48 contiguous states and the
District of Columbia was 4.6 percent. Furthermore, we nd that this decline ranges from
2 to 6 percent across the states. Starting from the scal year 2012, the food price in ation
rates were quite stable for most states. This is consistent with the sunset of the ARRA ben-
e tincrease that was due to the lower-than-expected food price in ation. Nevertheless, the
in ation rates vary substantially across states. These variations might help explain some of
the state-level differences in outcomes like food insecurity and SNAP patrticipation.

As we have already shown from the spatial TFP price indices, there is inequality in
SNAP bene ts' real value. Even though this inequality becomes much smaller after we
make the adjustments to the TFP price indices, there are substantial differences between

the states with the highest real SNAP bene ts and lowest real SNAP bene ts. For instance,

OWe exclude the dash lines during the ARRA period, from April 2009 to November 2013, during which
the SNAP bene ts remain unchanged. Also, note that there were no adjustments in scal years 2015 to 2017.
See Table 2.2 for detailed information on the SNAP allotments.
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in the 2006 scal year, a household of four living in Oklahoma can use their maximum
SNAP bene ts to purchase about 7 percent more of the same foods in the TFP basket each
month on average than a household of four living in California could purchase. In general,
our results show that the gap between the highest and lowest real SNAP bene ts among
contiguous states in our study period is between 4 to 8 percent, which is about 22 to 54

dollars a month for a household of fotr.

2.6.2 Convergence of Prices over Time

Next, we examine the whether the differences in the real value of SNAP bene ts persist over

time using the panel price indices. Following the approach in Hill (2004), we calculate the

as:

V 11 LL
u 2
t 1 % P

IR P

: 2.6
t K 1 = Pe. (2.6)

. . e P
whereP, denotes the price level in the base state Ian(lé’;—l) = Ki Ezl In(%).72 A de-
crease in ; signals that price levels are converging over time and an increasesignals
that price levels are diverging.
We present the trends of annual relative regional prices across the contiguous United
States from 2006 to 2016 in Figure 2.9. In general, there is no obvious evidence of conver-
gence or divergence across the contiguous states over the period. There was a substantial

decrease in; from 2006 to 2008, suggesting that the price levels were converging in the

period. After that, the value of; uctuated and did not show an obvious pattern. Over-

"The dollar amount depends on the maximum bene ts of the period; therefore, the estimates do not
match exactly with the percentage difference. This result is robust to the choice of excluding the District of
Columbia in the comparison.

"2\We choose California as the base state as it has the most SNAP participants. Neverthisl@ssriant
to the choice of base state (Hill 2004).
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all, the differences in TFP price levels have been going up and down with a slight trend
suggesting divergence in 2016. This nding suggests that the TFP price levels between the
states are likely to remain different. Thus, in the absence of regional adjustments, the gap,

despite small, in the real value of SNAP bene ts are likely to persist over time.

2.6.3 Impact of Real SNAP Bene ts on SNAP Participation

SNAP has been an effective program, but it does not reach all households who need it.
The number of people participating in SNAP rose during the recession but has declined
by more than 7 million people between 2013 and 2018 (Rosenbaum and Keith-Jennings
2019). This decline is mainly due to the recovery of the economy; however, the number of
eligible people is still larger than the number of people participating in SNAP. Rosenbaum
and Keith-Jennings (2019) show that the SNAP participation share was lower in 2018 than
in 2013 for 45 states and the District of Columbia, and the timing and depth of the decline
vary across states. Consequently, many public policies attempt to increase the SNAP par-
ticipation rate, and researchers are advocating more experimentation and attention to SNAP
participation (Hoynes and Schanzenbach 2020).

Studies have shown that changes in unemployment (Bilter and Hoynes 2016) and state
policy (Ganong and Liebman 2018) are the key determinants of SNAP participation. Also,
incomplete information about eligibility and transaction costs are considered two of the
main reasons for less than full participation in social programs (Currie 2006). Using a
randomized eld experiment, Finkelstein and Notowidigdo (2019) show that reducing the
private costs of applying can increase the SNAP participation of eligible individuals. Sim-
ilarly, the higher purchasing power of SNAP bene ts would offset more costs of applying,
such as time cost and transportation cost, and therefore could stimulate eligible individuals
to apply and enroll in SNAP. Thus, we leverage the variation in the real value of SNAP

bene ts to examine whether such an effect exists.
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Following Bronchetti et al. (2019), our identi cation strategy relies on the variation in
temporal trends in the real value of SNAP bene ts across states. For instance, from 2006
to 2016, some states experienced large increases in real SNAP bene ts, while some other
states had smaller increases. These spatial differences that lead to the plausibly exoge-
nous variation could be attributed to local market conditions such as local wages, demand
conditions, or local supply shocks.

We examine the following model using OLS wheteis SNAP participation of state
intimet:

yi = + In(SNAPReak)+ i+ + Xjo + i (2.7)

We use two different measures for the SNAP participation, including SNAP caseload
per capita and SNAP caseload per eligible. The key independent varigbAR Real; )
is the log of the real value of SNAP bene ts for statm timet. The vectorX;; includes
the key determinants of SNAP participation found in previous studies, including the state
unemployment rate and a SNAP policy index (Ganong and Liebman 2018). We also include
state xed effects (j) and time xed effects (;).

Table 2.3 presents the results of equation (2.7) with and without the state-level unem-
ployment and SNAP policy index controls for the two SNAP participation measures. The
policy index constructed by Ganong and Liebman (2018) is an omnibus adoption measure
that takes the mean of eight SNAP policy indicatGrdMe do not have data on the pol-
icy index for 2016, so we have fewer observations in the results in columns (2) and (4).
The caseload per-capita SNAP participation measure in columns (1) and (2) is a ratio of
SNAP participation to the state population. This measure was used in Bronchetti et al.
(2019), in which they found no statistically signi cant relationship between SNAP pur-

chasing power on SNAP patrticipation after they controlled for the unemployment rate in

"3The eight policy indicators include simpli ed reporting, recerti cation lengths, interview format, estab-
lishment of call centers, online applications, Supplemental Security Income Combined Application Project,
vehicle exemptions, and broad-based categorical eligibility.
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their regression. Our results show signi cant and positive effects regardless of including
the unemployment rate. Speci cally, we nd that a ten-percent increase in the real value of
SNAP bene ts increases the SNAP caseload per capita by 0.9 to 1.2 percentage points. In
columns (3) and (4), we present ndings for SNAP caseload per eligible, which is a ratio
of SNAP patrticipation to the state population below the poverty line. The results suggest
that a ten-percent increase in the real value of SNAP bene ts leads to a 6.5 to 8.2 per-
centage point increase in SNAP participation among eligible individuals, which is 5 to 8
times larger than the per capita estimates. These results corroborate the ndings of Finkel-
stein and Notowidigdo (2019), who suggest that reducing transaction costs can increase the
participation of SNAP-eligible individuals.

Next, we examine whether the relationship holds if we use the real value of SNAP
bene ts using the unadjusted TFP price index, i.e., constructed using TFP recommended
expenditure weights and without an adjustment for outlet bias. Table 2.4 presents the same
speci cations as Table 2.3 with the unadjusted real SNAP bene ts being the only differ-
ence. After allowing for population bias and outlet bias, none of the real SNAP bene ts
coef cients are statistically signi cant. This may be one of the reasons Bronchetti et al.
(2019) did not nd a signi cant relationship between SNAP purchasing power and SNAP
caseload? Furthermore, since most previous studies use the TFP recommended weight to
calculate the local food prices, their estimations on SNAP-related outcomes could also be

inaccurate due to this concern.

"40ther reasons may include 1) we use retail scanner data instead of household data that they are using; 2)
our index number approach addresses the product heterogeneity bias and the variety bias to some extent; 3)
we have more variations as we are using monthly SNAP real values and participation in the analyses instead
of yearly.

59



2.7 Conclusion

SNAP benet levels are xed across the continental United States and remain relatively
stable in recent years, but food prices vary over time and across regions. Consequently, in
some regions, low-income households that rely on SNAP would face inequality of SNAP
bene ts. Adjusting SNAP bene ts to align more accurately with the regional cost of food
could help reduce this inequality and improve the effectiveness of SNAP. To examine the
real value of SNAP bene ts, we construct panel price indices for foods in the TFP basket,
since TFP is the basis for legislated SNAP bene ts. Our panel price indices present the
monthly change in TFP food prices from 2006 to 2016 and the spatial difference over 48
contiguous states and the District of Columbia.

Our panel price indices show that the price levels of the TFP basket change at a differ-
ent rate for each state over time, and the price levels across space are also different. These
ndings are concordant with previous studies on regional food prices; nevertheless, we
show that local food prices estimated using the TFP prescribed weight may be improper to
estimate the real value of SNAP bene ts because SNAP recipients do not closely follow the
TFP recommendation and redeem a large portion of their SNAP bene ts at mass merchan-
dise outlets. The spatial differences in TFP prices for SNAP households fall by 50 percent
after we correct for the sample population bias and the outlet bias. Our ndings suggest that
the spatial variation in the real value of SNAP bene ts is less than what has been found in
previous studies that use the TFP recommendation weight to estimate the prices. The gap
between the highest and lowest real SNAP bene ts among contiguous states in our study
period is between 4 to 8 percent, which is about 22 to 54 dollars of food for a household of
four in the month. The disparities in the real value of SNAP bene ts across states are likely
to persist over time.

In addition to the spatial variation, we nd that the in ation in TFP prices varies across
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states. Still, the of cial updates of the SNAP bene ts by the government each scal year
are generally suf cient to offset declines due to in ation. Using the variation in temporal
trends in the real value of SNAP bene ts across states, we examine the impact of real
SNAP bene ts on SNAP participation. Our results show that a ten-percent increase in the
real value of SNAP bene ts leads to a 1.2 percentage point increase in SNAP participation
per capita. Furthermore, we nd that the estimated impact of real SNAP bene ts on SNAP
participation among eligible individuals is about seven times larger, which is around 8.2
percentage points.

Our results have direct implications for SNAP administration. First, a regional food
price index, as suggested in Ziliak (2016), would overstate the variation in food prices for
SNAP households across the 48 contiguous states if it does not account for population bias
and outlet bias. Second, to the extent that inequalities in real SNAP bene ts exist, the im-
pact of the nominal SNAP bene ts on key outcomes such as household participation and
food insecurity may be inaccurately measured. Third, our nding of a statistically signi -
cant positive relationship between real SNAP bene ts and SNAP participation presents one
of the potential bene ts of adjusting SNAP bene ts to account for inequality in real SNAP

bene ts.
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Table 2.1: TFP-Basket and Nielsen Retail Scanner Food Categories

Notes:The TFP food types and food categories are from Thrifty Food Plan report (Carlson et al. 2007).
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Table 2.2: SNAP Allotments

Notes:This table presents maximum and average allotments for the 48 States and the District of Columbia
from 2006 to 2017. The period that SNAP bene ts cover each year is from the from October in the past year
through September this year (e.g. the allotments for 2012 are from October 1, 2011 through September 30,
2012). There was a change in SNAP bene ts in 2009 due to the American Recovery and Reinvestment Act
(ARRA) in responding to the Great Recession. Thus, in this table “2009-1" covers October 1, 2008 through
March 31, 2009, and “2009-2" covers April 1, 2009 through September 30, 2009.

Source:USDA Food and Nutrition Service.
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Table 2.3: Real Value of SNAP and SNAP Participation

Notes:This table presents the results of equation (2.7) with 2 different speci cations. The dependent variables
include per-capita SNAP participation and a ratio of SNAP participation to the state population below the
poverty line. The key independent variable is the log of the real value of SNAP bene ts. The controls we
include in columns (2) and (4) are the monthly state unemployment rate of the state and the policy index
from Ganong and Liebman (2018). The policy index does not cover 2016, and thus regressions with the
policy index included have fewer observations. Heteroskedasticity-robust standard errors in parentheses.
Stars indicate signi cance at 10% (*), 5% (**), and 1% (***) levels.
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Table 2.4: Unadjusted Real Value of SNAP and SNAP Participation

Notes:This table presents the results of equation (2.7) with 2 different speci cations. The dependent variables
include per-capita SNAP participation and a ratio of SNAP participation to the state population below the
poverty line. The key independent variable is the log of uhadjustedreal value of SNAP bene ts. The
controls we include in columns (2) and (4) are the monthly state unemployment rate of the state and the policy
index from Ganong and Liebman (2018). The policy index does not cover 2016, and thus regressions with
the policy index included have fewer observations. Heteroskedasticity-robust standard errors in parentheses.
Stars indicate signi cance at 10% (*), 5% (**), and 1% (***) levels.
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Figure 2.1: Chronologically Chained Graph with a Spatial Comparison in period March
2010

Notes:This gure presents a chronologically chained graph with a spatial comparison in one of the periods.
In this example, we select 2010-03 as the spatial comparison reference.
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Figure 2.2: SNAP Household Expenditure Weights versus TFP Expenditure Weights

Notes:This gure shows the actual expenditure weights of TFP food categories of SNAP households from

the Consumer Expenditure Surveys and the TFP recommended expenditure weights. To match the CEX
categories with TFP categories, we aggregate the four categories in the “Grains” TFP food type, and thus we
have 25 food categories. The TFP recommended weights are based on the expenditure shares for a household
of four (two adults and two children) in Carlson et al., (2007).
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Figure 2.3: Range and Standard Deviation of the Spatial TFP Index Values by Expenditure
Weight

Notes:The gures display the range and standard deviation of the spatial TFP index values estimated using
the SNAP household expenditure weight and the TFP recommended expenditure weight for contiguous states
between 2006 and 2016.
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Figure 2.4: SNAP Redemption and Authorized Stores by Outlet

Notes:This gure displays the percentage of SNAP bene ts redeemed and authorized store counts for gro-
cery, mass merchandise, convenience, and other outlets between 2010 and 2016. The grocery outlet in-
cludes supermarkets, small grocery stores, medium grocery stores, large grocery stores, and combination
grocery/other stores. The mass merchandisers combine discount stores and supermarkets, such as Walmart
and Target. The convenience outlet represents convenience stores.

Source:USDA Food and Nutrition Service.
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Figure 2.5: Range and Standard Deviation of Spatial Index by Outlet

Notes:These gures present the range and standard deviation of the SNAP household expenditure weighted
spatial indices constructed using data from grocery stores and mass merchandisers combined, only from
grocery stores, and only from mass merchandisers.

70



Figure 2.6: Spatial Difference Before and After Adjustments

Notes:The two maps illustrate the average spatial variation of the TFP price index before (map on the left)
and after (map on the right) the expenditure weight and outlet weight adjustments.
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Figure 2.7: Temporal Price Changes Before and After Adjustments

Notes:Figures present the temporal movements in TFP prices for the contiguous states from 2006 to 2016
and compares them with the percentage changes in the of cial TFP cost, which is updated monthly by the
USDA.

72



Figure 2.8: Real Value of SNAP Bene ts

Notes:This gure presents the real value of SNAP max bene ts for a household of four in each state between

2006 and 2016. The dash lines in the gure present the time of of cial SNAP adjustments in each scal year.
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Figure 2.9: Convergence of Price Levels Across States

Notes:This gure displays the trends of annual relative regional prices across the contiguous United States
from 2006 to 2016.
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CHAPTER 3: Temperature and Retall
Food Sales: Evidence from Store

Scanner Data

3.1 Introduction

Weather affects consumer behavior in many ways. Individuals tend to spend more when
there is more sunlight (Murray et al. 2010) and have a higher willingness-to-pay when they
are in a warm room (Zwebner et al. 2014). The linkage between weather conditions and
consumer behavior provides opportunities for marketers and has received growing attention
from researchers in the marketing literature (e.g., Li et al. 2017; Buchhelm and Kolaska
2020; Martinez-de-Albéniz and Belkaid 2020). Nevertheless, evidence on the relationship
between weather and retail sales is still limited (Badorf and Hoberg 2020), and studies on
this topic are generally based on eld experiments or data from relatively small markets
and short periods of time.

This essay provides the rst large-scale empirical evidence on the relationship between
temperature and retail food sales. We use store scanner data that records weekly store-
level sales for food products sold in 42,543 stores over 11 years. Our sample covers stores

from various retail channels and 2,646 counties across the United States. The large data
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set enables us to overcome a limitation of the extant literature, which typically focuses on
a small number of products, stores, or regions.

We apply panel data methods that exploit random interannual variation in temperatures,
a standard approach in climatic economics, to identify the causal impacts of temperature on
retail food sales (Deschénes and Greenstone 2011; Dell et al. 2014; Barreca et al. 2016).
In addition, we follow Deschénes and Greenstone (2011) and break down temperatures
into different bins in our speci cations. This approach requires high-resolution data but
can reveal nonlinear effects of temperature (Dell et al. 2014). In general, our empirical
approach incorporates seasonality and nonlinearity that previous studies on the impact of
weather on retail sales usually neglect (Badorf and Hoberg 2620).

Our primary analyses characterize the impact of temperature on total food sales and
sales of twenty-six food categories. Previous studies on the relationship between weather
and sales are generally based on evidence from the apparel market (e.g., Bahng and Kin-
cade 2012; Bertrand et al. 2015; Martinez-de-Albeniz and Belkaid 2021). A few studies
examine the impact of weather on food sales; however, they mainly focus on the con-
sumption of speci ¢ products, such as tea (Murray et al. 2010) and nonalcoholic drinks
(Ramanathan and Muyldermans 2010; Mirasgedis et al. 2014). A more general investiga-
tion of the temperature effects on retail food sales is essential for a nuanced understanding
of the link between weather and the retail industry.

We nd statistically signi cant relationships between temperature and retail food sales
in the United States. In particular, total food sales increase in response to additional days
with high temperatures and decrease in response to additional days with extremely low
temperatures. The higher sales on hot days may be attributable to the higher desirability

of certain products, such as soda and ice creams, while the lower sales on cold days may

"Badorf and Hoberg (2020) account for seasonality and nonlinearity by including seasonal variables per
weather parameter and adding squared terms on weather parameters in their model.
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attribute to the cold weather-induced physical preventions (Steele 1951).

We then estimate the impacts of temperature on sales at the category level and exam-
ine the effects on healthy and unhealthy food sales. Our results vary substantially across
food categories. We nd that all drinks, including carbonated beverages that are generally
considered unhealthy, have a positive relationship with high temperatures. Our estimates
imply that replacing a single day in temperature between 60-69°F with a day in tempera-
ture below 30°F and a day in temperature above 80°F leads to a 1.4 percent decrease and
a 0.9 percent increase in carbonated beverage sales, respectively. In contrast, fteen out
of the twenty-six food categories in our sample show a negative relationship between tem-
perature and retail sales. These food categories include a wide range of products, such as
fresh produce, fresh meat, nuts, and frozen pizza. The remaining food categories display a
nonmonotone relationship between sales and temperature. However, we nd that all except
one of them have higher sales on days with mean temperature below 30°F, compared to
days with mean temperature in the 60-69°F range.

We also investigate the relationship between temperature and food sales for drinks and
non-drinks (i.e., solid foods), separately. Our estimates suggest opposite temperature-sales
relationships for drinks and non-drinks. Compared to a day in the 60-69°F range, an addi-
tional day above 80°F increases drink sales by about 1.4 percent while decreases sales of
non-drinks by 0.7 percent. Intuitively, consumers tend to buy more drinks to keep them-
selves hydrated during hot weather. The nding that consumers spending less on non-
drinks on hot days and more on cold days is less intuitive but adds to the literature on the
impact of weather on household nutrition (e.g., Bhattachary et al. 2003).

We document substantial heterogeneity in the effects of temperature on total food sales

across four major retail channels, including convenience stores, grocery stores, mass mer-

"6Bhattachary et al. (2003) show that poor households reduced food expenditure while richer households
increased food expenditure during cold-weather periods.
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chandisers, and drug stores. Previous studies on the weather-sales relationship generally
focus on one speci c retail channel or store type, so it is unclear whether food sales in stores
from different retail channels are affected differently by temperature. Our estimates sug-
gest that temperature effects are larger in magnitudes for convenience stores and grocery
stores than the estimates of mass merchandisers and drug stores. The retail channel hetero-
geneity in the estimated effects of temperature on sales persists when examining healthy
and unhealthy food categories.

We also test for heterogeneity in the estimates across income levels, which has not
been examined in the previous literature, possibly due to data limitations. We leverage
spatial variation in county income levels and nd statistically signi cant heterogeneity in
the estimates for two of the six temperature bins. Speci cally, low-income areas' estimates
are higher in low-temperature bins and lower in high-temperature bins than estimates of
high-income areas.

This essay also adds to a growing literature exploring the impact of weather on business
operations. From a managerial standpoint, the signi cant relationship between temperature
and retail sales implies potential bene ts for retailers to incorporate weather variations
into their operations and marketing decisions, such as better workforce planning and more
effective pricing. It is especially important for food retailers as it may also help reduce food
waste by improving the accuracy of inventory management (Williams et al. 2014).

Last, we also contribute to understanding the health consequences of weather condi-
tions. We document that healthy and unhealthy food sales are signi cantly affected by tem-
perature, while the effects differ by the food category. The relationships between weather
and healthy and unhealthy food sales may provide insight into the temporal and spatial vari-
ations in health outcomes. For instance, people spending more on carbonated beverages in
warmer temperatures could help explain the association between ambient temperature and

obesity (Voss et al. 2013).
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The essay proceeds as follows. Section 3.2 describes the data sources, and Section 3.3

present the empirical strategy. We report the results in Section 3.4. Section 3.5 concludes.

3.2 Data

3.2.1 Weather Data

The weather data are obtained from Schlenker and Roberts (2009), who derived weather
grids from the PRISM climate data. This data contains daily maximum and minimum
temperature and total daily precipitation for points on a 2.5-by-2.5 mile grid for the con-
tiguous United States. Following the convention in the literature, we calculate the daily
mean temperature by taking the average of maximum and minimum. Then, we aggre-
gate the data to the county level by averaging daily values across all grid points in each
county’® Next, we group the daily temperature records into 10°F-wide bins, ranging from
less than 30°F to greater than 80°F. This binning of the data preserves the daily variation in
temperature and is important for estimating nonlinear relationships (Deschenes and Green-
stone 2011). Figure 3.1 presents the average annual distribution of daily mean temperatures
across seven bins for the counties in our sample over the 2006—2016 period.

To match with the sales data, we construct weekly measures of temperature from the
daily records. Speci cally, we sum the number of days in each temperature bin for each
week in the sample. The key independent variables are the number of days for which a

given county had a mean temperature in each bin in a given week.

""See http://www.columbia.edu/ ws2162/links.html for more details on the data source. Accessed May 3,
2021.
"8This approach follows Burke and Emerick (2016) and Deryugina et al. (2019).

79



3.2.2 Retail Scanner Data

We obtain store-level information from the Nielsen retail scanner data provided by the
Kilts Center at the University of Chicag8. The data consist of weekly sales and prices
from more than 40,000 stores across the contiguous United States between 2006 and 2016.
Each store reports weekly data for every UPC with at least one unit of the product sold. An
important feature of the data is that it covers various retail channels, including convenience
stores, grocery stores, mass merchandisers, and drug stores. In addition, the data account
for more than 50 percent of total sales of grocery and drug stores and more than 30 percent
of all mass merchandiser sales. Figure 3.2 presents the geographic coverage of the stores
in our sample. There are data from stores in 2646 counties, about 85 percent of all counties
in the contiguous United States.

In the data, a week is a seven-day period from Sunday to Saturday. For retailers who
do not provide weekly data using this de nition, Nielsen maps non-Saturday ending weeks
to best t the Sunday to Saturday scheme. There are 574 weeks between 2006 and 2016.
The years 2011 and 2016 each have 53 calendar weeks, and the remaining nine years in
our sample have 52 calendar weeks. Our main analyses use weekly data, though we also
conduct a robustness check based on aggregated monthly data.

The retail scanner data contain information for more than 2 million UPCs, including
food, nonfood grocery items, health and beauty aids, and general merchandise. However,
since point-of-sale systems generated the data, it only records weeks when at least one
unit of the product is sold. Therefore, we aggregate UPC-level sales to the category level
and focus on 26 major food categories. Table 3.1 presents the summary statistics for sales

of food categories in our sample. Each column reports the average store daily sales for

¥See http://research.chicagobooth.edu/nielsen/ for more information on the retail scanner data. The con-
clusions drawn from the Nielsen data are ours and do not re ect the views of Nielsen. Nielsen is not respon-
sible for, had no role in, and was not involved in analyzing and preparing the results reported herein.
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days when the temperature falls in the correspondingiFhe average daily sales of all

food products are around $9,000 for stores in our sample. The sales are the highest for
fresh produce, carbonated beverages, bread and baked goods, and snacks, while they are
the lowest for our, canned seafood, canned fruit, and sugar and sweeteners. In general,

high-temperature bins have lower average daily sales than low-temperature bins.

3.2.3 Income Data

We use county-level median household income between 2006 and 2016 from the U.S. Cen-
sus Bureau, Small Area Income and Poverty Estimates Program. We dichotomize the in-
come variable to maximize the power of our estimates. Speci cally, each county-year will
be classi ed as “high income” or “low income” based on whether the median household

income for that county in that year was above or below the national median income.

3.3 Empirical Strategy

Our panel data allow us to causally identify the impacts of temperature on retail sales by
exploiting the exogeneity of cross-time weather variation (Dell et al. 2014). Speci cally,
our speci cations include store-by-week xed effects, and thus the estimates are identi ed
by random interannual variation in weather within a given store and calendar week. We
estimate the following speci cation:

X

IN(Ysewy) =+ iTemPewy + Xewy + swt oyt "scwys (3.1)

j=1

where Inyscwy) IS the log of sales for storgin countyc, in calendar weekv of yeary.

Temp..y Is the variable of interest and is de ned as the number of days in a week that

80we divide the weekly sales by seven to generate the daily sales. Then, for all temperature bins in a
week, we assume they have the same daily sales and estimate the average for each temperature bin.
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the daily mean temperature is in thtéh bin of the temperature bins presented in Figure
3.1. We use the 60-69°F bin as the reference bin, so we exclude it and haé® A
notable advantage of this speci cation is that it allows for arbitrary nonlinearity, which is
important for estimating the impact of weather (Badorf and Hoberg 2019) but has been
generally neglected in the prior literature. The vecetgg,, include controls for unusually
high or low total precipitation. Speci cally, it includes indicators for whether the total
weekly precipitation in a given county-week-year is less than the 25th or more than the 75th
percentile of the 2006-2016 average total precipitation for that county-week (Barreca et al.
2016). The speci cation also includes store-by-week xed effegtsto absorb seasonality
in sales and county-by-year xed effectg, to control for idiosyncratic changes in sales
over the year for the county. We cluster the standard errors at the county level.

Equation (3.1) establishes an overall relationship between temperature and retail sales.
Next, we examine the heterogeneity of temperature effects by store channel and income. In
equation (3.2), we describe the model for estimating the effects of temperature on sales by

store channel.

X X
j=1 j=1

+ chy T oswt ot "scwy:
(3.2)

Equation (3.2) extends equation (3.1) by adding the store channel va@dtalanels,y,
and its interaction with the temperature bins. The coef cignheasures the difference be-
tween store channels in the effect of an additional day in a temperature bin j relative to a
day in the 60-69°F range. For income heterogeneity, we use the same speci cation except

that we replac&€ hannels,, with Income,,, which is a dummy variable for high income

81The 60-69°F reference bin is arbitrary, so we follow a selection used in recent studies (e.g., Barreca et
al., 2016; Mullins and White, 2019).
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(i.e.,Income,, =1 if countyc is above national median household income in ygar

3.4 Results

3.4.1 The Impact of Temperature on Total Food Sales

We start by estimating the impact of temperature on total food sales. Our measure of total
food sales is calculated as the sum of all food sales in the retail scanner data. Figure 3.3
plots the coef cient estimates and 95 percent con dence intervals;fan equation (3.1)

with the 60-69°F bin set as the refererfié€ach coef cient presents the estimated impact

of one additional day in temperature hion the log weekly total food sales relative to the
impact of one day in the 60-69°F bin.

Figure 3.3 shows a nonlinear relationship between temperature and total food sales.
While the estimates of additional most cold days (below 30°F) and most hot days (above
70°F) are statistically signi cant at the 5 percent level, the estimates of bins with mean
temperature between 30°F and 59°F are not. The estimates imply that switching a day in
the 60-69°F range for one day below 30°F increases total food sales by 0.12 percent, while
an additional 70-79°F day and above 80°F increases total food sales by 0.09 percent and

0.18 percent, respectively.

3.4.2 The Impact of Temperature on Sales by Food Categories

We now turn to our estimates of the impact of temperature on sales by food categories.
Table 3.2 reports the estimates for each of the food categories. For compactness, each row
of Table 3.2 presents the regression results for one food category. To provide insights into

the impacts of temperature on healthy and unhealthy food consumption, we identify two

82\We present the results for different speci cations in Appendix Table C.1.
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relatively healthy (fresh produce and nuts) and two relatively unhealthy (carbonated bev-
erages and frozen pizza) food categories based on the U.S. Food and Drug Administration
standard (2016).

Panel A in Table 3.2 shows the estimates of food categories that exhibit positive rela-
tionships between temperature and sales. There are ve out of the twenty-six food cate-
gories in this panel, and all of them are drinks. The estimated coef cients of the impact of
coldest temperature (i.e., below 30°F) range from -0.036 to -0.012, and for hottest tempera-
ture (i.e., above 80°F), the estimated coef cients range from 0.003 to 0.036. For carbonated
beverages, one of the unhealthy food categories, the estimates suggest that relative to a day
in the 60-69°F range, one additional day below 30°F leads to a 1.4 percent decrease in
sales; one additional day above 80°F leads to a 0.9 percent.

Panel B includes fteen food categories that show negative relationships between tem-
perature and sales. There are both healthy (i.e., nuts and fresh produce) and unhealthy (i.e.,
frozen pizza) food categories listed in this panel. Relative to a day in the 60-69°F range,
retail sales for these food categories, on average, increase by 1.76 percent in response to
an additional day below 30°F and decrease by 0.69 percent in response to an additional
day above 80°F. Among these food categories, soup, canned vegetables, and eggs show the
largest difference in sales between hot and cold days. Notably, two representative perish-
able food categories, fresh produce and fresh meat, are also in this group.

Panel C presents the remaining food categories with nonmonotone relationships be-
tween temperature and their retail sales. Despite not showing monotone trends, all food
categories except canned fruit in this panel have positive and statistically signi cant coef-
cients on the below 30°F temperature bin. Taken together with the evidence in Panel B,
these estimates suggest that retail sales of most non-drink products are higher on extremely
cold days than on days in the 60-69°F range.

Next, we investigate the relationship for drinks and non-drinks (i.e., solid foods), sep-
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arately. Figure 3.4 plots the effects of temperature on sales of drinks and non-drinks.
For drinks, the estimates associated with the low-temperature bins (i.e., below 30°F, 30-
39°F, 40-49°F, and 50-59°F) are all negative, while estimates associated with the high-
temperature bins (i.e., 70-79°F and above 80°F) are all positive. In particular, replacing a
single day in temperature between 60-69°F with a day in temperature below 30°F and a
day above 80°F would lead to a 1.2 percent decrease and a 1.4 percent increase in drink
sales. On the contrary, the estimates for non-drinks display an opposite pattern and smaller
magnitudes. The estimates associated with the three lowest temperature bins are similar in
magnitude, at around 0.005, while the estimate for the highest temperature bin (i.e., above

80°F) is -0.007.

3.4.3 Heterogeneity by Retail Channel

Next, we test for heterogeneity in the estimates across retail channels. Figure 3.5 presents
estimates of the temperature and retail food sales relationship for convenience stores, gro-
cery stores, mass merchandisers, and drug stores. These estimates are calculated by inter-
acting the temperature bins with indicators for the retail channels, as shown in equation
(3.2). Figure 3.5 reveals substantial heterogeneity in the effects of temperature on food
sales across retail channels. For example, for convenience stores, one day below 30°F
leads to a 2.5 percent decrease in total food sales, while for grocery stores, that effect leads
to a 0.9 percent increase in total food sales. The estimates for mass merchandisers and drug
stores are smaller in magnitude.

The retail channel differences in the impact of temperature on food sales may be ex-
plained by variation in the types of food sold in each channel. Thus we also conduct the
heterogeneity analysis for category-level food sales. For the sake of brevity, instead of re-
porting the estimates for all food categories, we focus on the four healthy and unhealthy

food categories and report the results in Table 3.3. We see that retail channel heterogeneity
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in the estimated effects of temperature on sales still exists when examining the effect at the
food category level. In fact, the effect differences across retail channels can be large. For
example, the estimated coef cient associated with the below 30°F temperature bin for nut
sales in grocery stores is 0.014, while it is -0.024 for nut sales in convenience stores.

The estimates for the healthy food categories (i.e., fresh produce and nuts) are mixed
and vary across channels. We do not nd a systematic pattern in the effects of temperature
on fresh produce. The impacts of temperature on nut sales are positive in low-temperature
bins for all channels except for the convenience stores, which show a U-shaped relationship
between temperature and nuts sales.

Among food categories that are generally considered unhealthy, carbonated beverages
and frozen pizza have shown opposite directions in the relationship between temperature
and sales across retail channels. Despite differences in magnitudes, the positive rela-
tionships between temperature and carbonated beverage sales are consistent across retail
channels. The difference between the estimates of extremely cold temperatures (i.e., be-
low 30°F) and extremely hot temperatures (above 80°F) ranges from 1.8 percent (grocery
stores) to 3.2 percent (convenience stores). For frozen pizza, the estimates for convenience
stores are all statistically insigni cant. However, for the other retail channels, there exist
negative relationships. Speci cally, the average difference between the estimates of ex-
tremely cold temperatures (i.e., below 30°F) and extremely hot temperatures (above 80°F)

for those three retail channels is 2.8 percent.

3.4.4 Heterogeneity by Income

We now test for heterogeneity in the estimates by income. Figure 3.6 displays the extent of
income difference in the temperature and total food sales relationship. The estimated coef-
cients are larger for low-income areas in temperature bins below 60°F, while smaller for

high-income areas in temperature bins above 70°F. Further, there are statistically signi cant
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differences in the estimates of the 30-39°F and above 80°F bins.

Next, we examine heterogeneity in temperature effects on the select healthy and un-
healthy food categories to provide more insights. We report the estimates in Table 3.4.
Again, we see that the income heterogeneity in the estimated effects of temperature on
sales varies across food categories. For all four food categories, the impacts of below 60°F
days on sales are generally smaller in magnitude for high income areas than low income ar-
eas. For high temperatures (i.e., 70-79°F and above 80°F), the heterogeneity estimates are
statistically insigni cant for fresh produce and frozen pizza, while the estimates for nuts
and carbonated beverages are positive and statistically signi cant for at least one of the
high-temperature bins. Although there is considerable income heterogeneity, there are no

systematic trends in temperature impacts on healthy and unhealthy food sales by income.

3.5 Conclusion

This essay presents evidence on the causal impacts of temperature on retail food sales using
scanner data from more than 40,000 retail stores in the United States. Our sample consists
of data on weather conditions and food sales in 2,646 counties over the period 2006-2016.
To our knowledge, this essay is one of the rst studies to examine the impact of weather
on retail sales, using a comprehensive datd“s&te use panel xed effect methods that
rely on the variation in temperatures within a speci ¢ store-week and control for annual
county-level idiosyncrasies to causatively identify the effects of temperature.

We document statistically signi cant relationships between temperature and retail food
sales, including total food sales and sales of twenty-six food categories. Our results show
that total food sales are lower on extremely cold days and higher on hot days, while this

pattern does not hold when we examine the relationship at the food category level. In

83To our knowledge, Badorf and Hoberg (2020) have the closest sample size to ours, which uses sales
data from 673 stores in Germany for two years.
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particular, for food categories that are considered drinks and non-drinks, the relationships

between temperature and their sales are positive and negative, respectively. Moreover, we
document the temperature-sales relationships for select healthy and unhealthy food cate-
gories but do not nd a systematic pattern. Nevertheless, we observe a consistent relation-
ship between temperature and sales of carbonated beverages. Finally, we nd that there
exists heterogeneity in the effects of temperature on retail food sales across retail channels
and income levels.

Our ndings imply that there are potential bene ts in incorporating weather information
in their business operations for food retailers. In particular, retailers could leverage weather
information to better anticipate consumption patterns and strategically plan activities such
as product marketing, workforce planning, and inventory management. For example, given
higher drink sales on high temperature days, retailers could extract more consumer surplus
by reducing promotional activities on drinks during those days. Similarly, retailers could
prepare more stock when they expect higher sales based on the weather forecast. Further, a
more accurate food sales forecast could help reduce food waste, which is a major issue for
food retailers (Teller et al. 2018) and has signi cant economic impacts (Venkat 2011).

For policymakers, understanding the relationships between weather conditions and food
expenditures highlighted in our results could provide more effective economic policy in-
terventions. For example, the ndings that higher temperatures increase carbonated bev-
erage sales suggest that soda tax are likely to be more ef cient and may generate more
taxes revenue in cities with warmer temperature or in years with more hot‘tayie-
wise, policymakers should also be aware of the impact of temperature variation on healthy

and unhealthy food expenditures, which may in uence local households' diet quality and

8450da tax or sugar-sweetened beverage tax is a tax that aims to decrease obesity and the health impacts of
being overweight by reducing sugary drink consumption among people. The bene ts of soda taxes, including
gaining tax revenue and reducing soda consumption, may exceed their costs (Allcott et al. 2019). Further,
Allcott et al. (2019) show that there are between $2.4 billion and $6.8 billion social welfare bene ts per year
from implementing the optimal soda tax.
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health-related outcomes.
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Table 3.1: Summary Statistics on Food Sales

Notes:This table presents the summary statistics for sales of all food products and 26 selected food categories
in each temperature bin. Each column reports the average store daily sales (in USD) for days when the

temperature fall in the corresponding bin.
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Table 3.2: Estimates of the Impact of Temperature on Sales by Food Categories

Notes: The dependent variable is log weekly sales. All regressions include store-by-week xed effects,
county-by-year xed effects, and controls for precipitation. Standard errors are clustered at the county level.
Stars indicate signi cance at 10% (*), 5% (**), and 1% (***) levels

91



Table 3.3: Effects of Temperature on Sales of Healthy and Unhealthy Food by Retalil
Channel

Notes: The dependent variable is log weekly sales. All regressions include store-by-week xed effects,
county-by-year xed effects, and controls for precipitation. Standard errors are clustered at the county level.
Stars indicate signi cance at 10% (*), 5% (**), and 1% (***) levels
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Table 3.4: Income Heterogeneity in Effects of Temperature on Sales of Healthy and Un-
healthy Foods

Notes: The dependent variable is log weekly sales. All regressions include store-by-week xed effects,
county-by-year xed effects, and controls for precipitation. Standard errors are clustered at the county level.
Stars indicate signi cance at 10% (*), 5% (**), and 1% (***) levels
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Figure 3.1: Distribution of Daily Average Temperatures, 2006—2016

Notes:This gure presents the average annual distribution of daily mean temperatures across seven bins for
counties in our sample over the 2006—2016 period.
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Figure 3.2: Retail Store Coverage

Notes:This gure presents the geographic coverage of the stores in our sample.
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Figure 3.3: Effects of Temperature on Total Food Sales

Notes:This gure presents the estimates of the impact of temperature on log weekly total food sales.
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Figure 3.4: Effects of Temperature on Sales of Drinks and Non-Drinks

Notes:This gure presents the estimates of the impact of temperature on log weekly total sales of drinks and
non-drinks.
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Figure 3.5: Effects of Temperature on Total Food Sales by Retail Channel

Notes:This gure presents the estimates of the impact of temperature on log weekly total food sales for each
retail channel.
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Figure 3.6: Effects of Temperature on Total Food Sales by Income

Notes:This gure presents the estimates of the impact of temperature on log weekly total food sales for stores
in counties with median household income above (high income) and below (low income) national median for
the year.
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Table A.1: Seasonal Fruits and Vegetables in Regions

I'HE%&  (&"H) 4 00&
1$.-#$-
000/((.% 1 1 1
0002%%$%$*3% 1 1 1
0004&-#)% 1 1 1
00056%-$6 1
00076+-$6 1 1
869%6#
000/((.% 1 1
0002%%$%$*3% 1 1
0004&-#)%
00056%-%$6 1 1
00076+-$6 1
"3-)6
000/((.% 1 1
0002%%$%$*3% 1 1
0004&-#)%
00056%-%$6 1
00076+-$6 1 1
<%3$&6"$
000/((.% 1 1
0002%%$%$*3% 1 1
0004&-#)%
00056%-%$6 1
00076+-$6 1 1
-#0,&-#3"936
000/((.% 1 1
0002%%$%$*3% 1 1 1
0004&-#)% 1 1
00056%-%$6 1 1 1
00076+-$6 1 1 1

Notes: This table presents the market-season identifier. "X" represents that the product category is in market-
ing season for the season in the given city.
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Table A.2: Contract Percentage for Fruits and Vegetables

Organic in 2014 Sold under ANLFFV in 2018 Production under
Marketing Contract Marketing Contract

Apples in U.S. 1% Fruits in U.S. 55.9%
Apples in California 6% Vegetables in U.S. 53.8%
Other Fruits in U.S. 21%

Other Fruits in California 26%

Other Fruits in Florida 36%

Other Fruits in Oregon 11%

Vegetables grown in the open U.S. 14%

Vegetables grown in the open Arizona 34%

Vegetables grown in the open Idaho 19%

Vegetables grown under protection U.S. 14%

Vegetables grown under protection California 16%

Source: USDA, Economic Research Service and National Agricultural Statistics Service, 2012 Census of Agriculture and USDA (https://www.nass.usda.
gov/Publications/AgCensus/2012/Online_Resources/Organics/organics_1_004_004.pdf), Economic Research Service and National Agricultural Statistics
Service, 2018 Agricultural Resource Management Survey (data as of December 2019).
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