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Abstract

This paper proposes new estimates of time-varying US markups and investigates the
contributions of aggregate demand to their dynamics. We proceed in two steps. First,
we show that annual average markups can be nonparametrically estimated based on a
locally-linear demand model. We apply a revenue-weighted instrumental variable ap-
proach to estimate region-specific time-varying markups using US grocery price scanner
data from 2001-2024. We find a secular trend rise and unconditional procyclical varia-
tion in markups. Second, using a dynamic panel model, we quantify the contributions of
four main channels of conditional variation: income (real GDP and housing prices), the
real interest rate, market concentration, and demographic trends. The income and real
interest rate channels explain a large fraction of markup variation across markets and
over time. Market concentration had only a small impact, while the demographic trend
is insignificant. From 2008-2016 negative real interest rates increased markups coun-
teracting downward pressure from the income channel. During COVID, higher housing
prices and low interest rates pushed markups above the trend while tighter monetary
policy helped them return to trend in 2024.
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1 Introduction

Since 2001, the US has experienced the Great Recession and a global pandemic. Policy-
makers have reacted with large fiscal and unprecedented monetary stimuli. It is clear that
these interventions have had large positive effects on overall GDP. However, the impact on
the structure of the economy, including the distribution of gains from growth, is less clear.
Markup over marginal cost is an important indicator that affects how the gains from eco-
nomic activity are divided between consumers and producers. An important open question
is how policy intervention supporting aggregate demand affects markups.

Sellers set markups to maximize profits. Markups, therefore, respond to changes in de-
mand elasticities—if consumers become less price sensitive, markups increase. Elasticities of
demand and, therefore, markups primarily depend on two factors: the income and wealth of
consumers, as well as the competitive landscape in which sellers operate. Demand elasticities
may change as a result of income or wealth shocks on the consumer side (Phelps and Winter),
1970; Afrouzi and Caloi, 2024). A possible mechanism is that consumers become less price
sensitive when housing prices increase (Stroebel and Vavral |2019). Demand elasticities faced
by stores may also be affected by changes in the competitive landscape, leading to coun-
tercyclical markups (Rotemberg and Saloner, 1986; Rotemberg and Woodford} [1992)). The
relative importance of these channels will determine the aggregate cyclical pattern of optimal
markups. If the former channel is stronger, we expect markups to be procyclical, while the
latter channel implies countercyclical markups.

In this paper, we use new estimates of markups to study the cyclical effect of aggregate
demand on variations in markups. We therefore need estimates of markups that vary over
time and at a frequency that allows us to identify the effects of aggregate demand shocks
on markups. We assemble new data of time-varying and region-specific markups. Following
Gandhi, Navarro, and Rivers (2020]), we use the first-order profit optimization condition
to nonparametrically identify optimal markups. We associate the demand elasticity at the
optimal price with the local average treatment effects (LATE) of log prices on log quantities
(Imbens and Angrist| [1994) [

This general approach allows us to estimate markups when there are potentially nonlinear
demand functions by calculating a local derivative close to the optimal price. It also allows us
to abstract from the specific competitive structure; instead, the store-level demand functions
that we estimate can be interpreted as sufficient statistics for the variable of interest.

It is possible that, in our weekly data, there are temporary deviations between optimal

1Unlike (Gandhi, Navarro, and Rivers (2020) we do not estimate the entire non-parametric production
functions, which may be time varying. Instead, we focus on the time-varying demand elasticity in a neigh-
borhood of the equilibrium price. (Gaarder, de Frahan, Mogstad, Torgovitsky, and Volpe, (2024) also estimate
heterogeneous coefficient linear demand models.



and actual markups, for example due to informational frictionsf] However, at the annual
level, we assume that the ratio of optimal and actual markups is mean reverting toward
one. Markups estimated using our LATE parameter can be interpreted as the harmonic and
revenue-weighted average of underlying time-varying optimal and, therefore, actual markups
within a year. By analogy with the harmonic Laspeyres price index (Balk, 2012)), we refer to
this average as harmonic markup indez.

We use the food retail sector in the US as a setting to study how aggregate demand and
market structure affect the markup index over time and across markets. There are several
benefits to studying this sector. It is a large sector, and for many households, expenditure
on food represents a significant fraction of discretionary spending. Changes in food markups,
therefore, affect a large share of the population. Moreover, recent evidence suggests that
consumers form their overall inflation expectations based on grocery bills (D’Acunto, Mal-
mendier, Ospina, and Weber}, 2021). The food retail sector also covers a wide variety of
geographical locations, and there are many different goods, most of which consumers pur-
chase frequently. The store panel data are from IRI (2001-2012) and NielsenIQ (2006-2024).
Our sample period includes three recessions, as well as the recent high inflation period.

We estimate time-varying own-price elasticities of demand using the well-known [Hausman
(1996) IV strategy.rﬂ We choose 25 large markets in the US in order to construct a geograph-
ically diverse sample of paired markets. The idea of Hausman is that one can use market
pairs, for example, New York City and Philadelphia, in order to identify cost shocks. We es-
timate revenue-weighted elasticities at the food-category level so that the estimated elasticity
reflects the typical consumer basket. This approach leads to accurate market-category-year
elasticities (e.g. cereal in Philadelphia in 2018) that vary at the annual frequency.

We find that the Hausman IV strategy works well: (i) a test for weak instruments rejects
the null for about 92% of elasticity estimations; (ii) estimates are precise under strong IV—
close to 96% of their standard errors are below 0.5 and more than 98% of their ¢-statistics are
above 1.96; and (iii) estimates are reasonable, i.e. more than 93% of them lie above one. We
find large variation across markets, good categories, and, importantly, over time, validating

our initial assumption of time-varying elasticities.ﬁ

2If optimal markups are constant, as is assumed in many New Keynesian models (Broer et al., 2020,
variation in the gap translates to variation in actual markups. This hypothesis has been present at least
since [Keynes| (1936)). In his General Theory, he hypothesized that the gap increases during economy-wide
downturns when aggregate demand declines. See also [Eichenbaum et al.| (2011)). Our results instead imply
that optimal markups are time-varying.

3This instrumental variable approach was also used in a static version in [DellaVigna and Gentzkow
(2019). The main other methods to estimate elasticities use demand control variables with high-frequency
data (Levin, Lewis, and Wolakl, 2017} Brand, |2021)) or impose covariance restrictions on supply and demand
shocks (Dopper et al.), [2025; | MacKay and Miller} 2023]). There have been alternative measures of IV variables,
such as production-side model-implied wholesale costs in |De Loecker and Scott| (2022]).

4De Loecker and Scott| (2022) also find time-varying own-price elasticities for the beer market. Their
paper combines production data and retail sector data.



We construct a panel of elasticity estimates across markets and good categories to analyze
unconditional variation over time. We then convert estimates to harmonic markup indices
and use them to measure both lower-frequency trend and higher-frequency cyclical variation.
We find a statistically significant slow upward trend in gross markups of 1.4% per year[]

At higher frequencies, we find evidence of unconditional procyclical markups. Our data
include two substantial contractions—the 2001 dot-com recession and the great recession of
2008. The annual drops in gross markups relative to the trend were about 20% and 4%,
respectively; these patterns are evidence of procyclical markups. In addition, there were
several other shocks to aggregate demand in our sample period. Some examples include
tightening of monetary policy in 2017, the passage of the tax cut and jobs act (TCJA) in
2017, and the 2020 COVID pandemic, which also saw large changes in markups. Overall, we
find that cyclical variation tended to be larger than trend variation. We note that our sample
period started and ended with drops in markups that move against the trend. Average gross
markups therefore increased by only 3.3% from 2001 to 2024 ]

Our evidence so far is based on unconditional variation. The unconditional procyclical
variation suggests that income and wealth channels are stronger than those driving changes
in the competitive landscape. In the second half of the paper, we use a dynamic partial
adjustment model (Balestra and Nerlove, 1966) to estimate the effects of different channels on
markups. This structural dynamic panel provides estimates of effects of market-specific and
aggregate factors from time-varying cross-sectional heterogeneity in markups. This analysis
allows us to measure the effects of various channels, including those resulting from policy, on
markups while controlling for other factors. We can therefore identify conditional cyclicality,
i.e. measure the conditional contribution of various channels on markups.

We include four sets of variables: income, the real interest rate, market concentration,
and demographic trends. We construct a structural historical decomposition of the markups
conditional on one channel at a time in a manner similar to the SVAR literature (Bernanke,
Gertler, Watson, Sims, and Friedman|, [1997; Bachmann and Sims, 2012]).

When explaining variation in markups we use measures capturing both factors affecting
income and wealth of consumers and those affecting market structure. We find several effects.
First, we identify a positive contribution of the household income channel, measured by per
capita GDP. When people’s income declines, for example, because of a more severe recession
than experienced by other markets, markups decrease as demand elasticities increase. |Aguiar,
Hurst, and Karabarbounis (2013) find that consumers become more price sensitive in response
to income losses, e.g. by shopping around more. We also find that higher housing prices result

in higher markups in both the current year and the long-run. The positive effect may come

®Gross markup equals price divided by marginal cost or equivalently 1/(1 — LernerIndex).
6The average gross markup increased by 11.5% from 2006 to 2019. Equivalently, the Lerner Index increased
by 14.1%, which is comparable to but smaller than Dépper et al.| (2025)).



from the wealth channel for home owners (Stroebel and Vavraj, 2019)).

Second, an increase in population leads to lower elasticities and therefore higher markups.
An increase in population in a specific market might be a sign of improved economic perfor-
mance or anticipated income growth, potentially making consumers less price sensitive. This
channel, however, is not statistically significant.

Third, we estimate the contribution of market structure, measured using the Herfindahl-
Hirschman index of store concentration (HHI) and product concentration (the number of
product codes per category). These market channels, especially the HHI index had a coun-
tercyclical effect on markups, in particular during the COVID period.

Fourth, we find a strong effect of the real interest rate channel. Lower real rates, e.g.
negative rates, lead to higher markups. This suggests a direct effect of inter-temporal substi-
tution on aggregate demand. Importantly, the effect is present after controlling for current
household incomes, proxied by regional real GDP per capita. Our finding highlights an im-
portant transmission mechanism of monetary policy that acts through changes in optimal
markups. Monetary policy therefore has a direct impact on prices through markups.

Based on the estimation results of our dynamic panel regression model, we perform a
structural historical decomposition into the four major groups of factors that we have identi-
fied. We find that these factors can explain variation both over time and across markets. This
exercise also allows us to observe conditional cyclicality of the different channels. A major
driver of markups over the sample were changes in income and wealth. Market-concentration
measures put countercyclical pressure on markups, while population had only a small impact.

The real interest rate put important supportive pressure on markups during the zero-
interest-rate period of 2008 to 2016. This effect is separate from that of income and wealth,
which, during this period, applied significant downward pressure on markups. As such, one
can interpret the accommodative monetary policy as stabilizing prices. In contrast, income
and interest rates both put upward pressure on markups from 2020 to 2022. Therefore, during
this period, low interest rates combined with macro factors delivered the highest markup
growth during our sample period. Monetary policy, therefore, did not stabilize prices and
contributed to the highest levels of food inflation in decades.

We can also use our new estimates of time-varying markups to learn about variation in
marginal costs. We deflate food-at-home CPI prices by the overall CPI and then use our
estimates of markups to calculate implied marginal costs. Over the sample period, food at
home and overall CPI rose by almost the same amount (76.8% and 77.2%), which implies that
real food prices stayed approximately constant. However, there was substantial variation in
marginal costs. Consistent with Coibion and Gorodnichenko| (2015)); Gafarov et al.| (2025,
we find evidence of marginal costs changing in response to fuel costs, which are an important
component of variable input costs.

Our paper is related to two main strands of the literature, demand elasticity estimation



and markup dynamics. There are two related papers that also estimate annual elasticities of
demand in the US food retail sector. Brand (2021) considers a subset of nine food categories.
Dopper, MacKay, Miller, and Stiebale| (2025]) use the Berry, Levinsohn, and Pakes (1995)
(BLP) method to estimate pooled US-level elasticities for 133 categories available in the
NielsenlQ scanner data, including many non-food categories. Neither paper uses an IV
approach. As a result, both may underestimate elasticities and overestimate markups. Also,
neither paper analyzes the effects of both aggregate demand and market concentration factors
on the cyclicality of markups[| Another difference from the existing literature is our focus
on revenue-weighted elasticities and markups.

Our paper contributes to the literature on markup dynamics. A prominent example is
De Loecker, Eeckhout, and Unger| (2020) who document that since the 1980s, there has been
a long-run upward trend in markups. Their analysis uses average cost data from financial
statements, which may result in some challenges related to time variation in production func-
tions and aggregation when studying time patterns (Bond et al., 2021} |De Ridder et al., [2024;
Grieco et al|,2024). When using marginal cost data instead, it is possible to directly estimate
markups. |Anderson, Rebelo, and Wong| (2023) proxy for marginal cost using replacement
cost data for a large US retailer from 2006 to 2009. They find that during their sample period,
markups are mildly unconditionally procyclical. However, they do not analyze conditional
cyclicality, which is the focus of |[Nekarda and Ramey| (2020). Based on an aggregate produc-
tion function, they use the labor share in the economy to proxy for time-varying markups. In
a monetary SVAR, they find conditional procyclicality of markups in response to monetary
policy driven demand shocks. In contrast, our approach uses disaggregated data and controls
for time-varying changes in income and wealth measures and market structure.

The remainder of the paper is organized as follows. Section 2 introduces our methodolog-
ical approach to elasticity and markup estimation. We discuss the theoretical IV approach to
elasticity estimation, the retail scanner data that we use, the data choices we make, and the
estimation results. Section 3 presents results on unconditional trend and cyclical variation
in elasticities and markups. Section 4 analyzes factors that drive markup dynamics, and
their historical contributions. Section 5 discusses the implications of these results. Section 6

concludes the paper.

"Dépper et al| (2025) allow for variation in demand side factors through demographic factors in their
random coefficient Gaussian mixture model while assuming that market concentration stays constant over
time. In contrast, we model the combined effect of consumer demand and market concentration using non-
parametric estimates of store-level demand elasticities.



2 Nonparametric identification of markups via demand

elasticities

2.1 Optimal markups

We start by introducing a model that is sufficiently flexible to allow us to estimate time-
varying demand elasticities and markups in a market with many products and competing
stores.

Let Qsir(Psiry P—sir, Xsir) be a smooth downward-sloping store-level demand curve faced
by store s for product ¢ at time 7. It depends on the price charged by competitors P_g;, and
the demographic characteristics of consumers Xg;,, which will depend on the store’s location.
Note that stores may charge different prices since they are in different geographic locations.
Suppose that all stores follow a Bertrand price competition model. In the Bertrand-Nash

equilibrium, competitor stores set equilibrium price P* ., which in general will be different

ST
across stores. We assume constant unit costs equal to cg,. A given store s then sets its own

price by maximizing profit§®| according to

ma‘X(PSiT - CsiT>QsiT(PsiT7 Pjsiq’? XSiT)' (1)
The first order condition for the optimal price P implies

0Qir (P, P* . X

(PS*“- . Csi-r) Qsm’( siT siT? Sl‘l') po.—pr + QsiT(Ps*iﬂ Pisiﬂ Xsir) =0. (2)
8PsiT siT

Markups ps;- are then set according to:

/~L*‘ _ Ps*iT — Csir _ 1 (3)
= Csir esiT(Ps*iT7 Pjs’iﬂ'? XsiT) - ]-’
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—S8iT)

Xsif) =

where eg; (P

ST

Dlog Pu; P..,=p7_ 18 the absolute elasticity of

residual demand that store s faces at the profit maximizing price in the Bertrand-Nash
equilibrium.

Assuming that, in the data, we always observe prices in the neighborhood of P} for all
stores s, one can compute the markups g, using a nonparametric estimate of elasticity as
the local average treatment effect (LATE) of the logarithm of the own price on the logarithm
of residual demand at every store. Therefore, this LATE parameter is a sufficient statistic for
the optimal markup charged by the store. A similar LATE approach was recently introduced
by Munro et al.|(2023) to study the impact of egg subsidies in rural India. Similar to us, they

do not require a structural parametric model as long as the observed prices remain close to

8We could include fixed costs in this formula, but we omit them because they do not affect the maximiza-
tion problem.



market equilibrium. However, unlike them, we work directly with differentiated products and
Bertrand-Nash competition. This setup is also related to |Gallego et al.|(2019), who consider
optimal price setting theory for a monopolist with a general smooth demand function that
can be approximated with a linear demand function in the neighborhood of the optimal price.

If we estimate a log-log demand specification of a locally linear model, then the markups
formula holds under the Bertrand-Nash competition of profit maximizing firms with a general
and time-varying residual demand curve. Thus, this result can be seen as a nonparametric
identification of markups using the first-order condition as proposed in|Gandhi et al.| (2020)) for
identification of the production functions. Our goal is to study heterogeneity in elasticities
and corresponding markups. We next discuss how to estimate weighted averages of these

parameters.

2.2 Actual markups

There are various reasons why optimal markups p};., which we will estimate, may deviate
temporarily from actual markups pg, that stores set. For example, when the store sets prices
it may face imperfect information about consumer preferences and choose a price setting
strategy that simultaneously aims to maximize profits while also learning about demand
(Wager and Xu, [2021). In a December 2025 article Consumer Reports states that “Instacart
is quietly running pricing experiments on millions of shoppers” (Consumer Reports, 2025).
These findings imply that prices change frequently (in our data, product prices change for
30% of the weeks within a store—year)ﬂ However, for goods that are sold less frequently, the
store may also face frictions, imperfect information, or menu costs. As a result, there may be
temporary differences between optimal and actual markups. Let deviations between actual

and optimal markups in a week be equal to

*
:usi‘r

= Qsit- 4
Msir 5 ( )

We assume that &;, is a mean reverting process that has a long run average of one. Specif-
ically, we assume that it is a weakly dependent stationary time series adapted to a natural
filtration generated by {gsi(fflfé)yﬂ;‘(pe)}?io with the property that E(&,|uk;,) = 1. Note
that we are assuming the ratio of optimal to actual markups to be a stationary mean-reverting
process. The markups themselves can be non-stationary.

Intuitively, this assumption allows for the realistic possibility of persistence in deviation
from optimal markups. It is satisfied, for example, if p¥, /4, is an autocorrelated time series

with log normal distribution. This assumption is consistent with, for example, [Mankiw and

9This price variation can be driven, for example, by promotions imposed by wholesale suppliers (Anderson
and Fox| 2019)), as discussed above.



Reis (2002) and other models of price stickiness.

2.3 Harmonic Markup Index

From an estimation perspective, the presence of suboptimal prices introduces measurement
error. That is, weekly optimal markup is a noisy measure of actual markups. Following
Wald (1940), to mitigate this problem, we work with group averages of optimal markups as a
proxy for actual markups. To reduce measurement error, we aggregate weekly markups to the
annual level and propose a harmonic markup index. The harmonic mean is preferred to the
simple average since we expect deviations &, with higher optimal markups to have higher
volatility.m The harmonic average automatically reduces the influence of such observations.

Indeed, calculating the harmonic average based on implies that

(-300) "= (F 2o+ £ 2ot 105 ®

=1

Since &, is a weakly dependent process, the second sum on the right hand side is approx-
imately zero for sufficiently large 7 by the law of large numbers. At the annual level, we
therefore expect the harmonic mean of actual markups to align with the harmonic mean of
optimal markupsE

By choosing larger groups of goods for aggregation, we can further reduce the influence
of suboptimal prices. We therefore aggregate up to the region-category level and compute
a harmonic average across multiple stores in region r and multiple UPCs in a category 7 in

year t to get a harmonic markup indez,

7T Ni N, rjt

i = <7_ZZ } ENT rjt Z Z Z Z}m> (6)

sz'rlzlsl

where wgft is a positive weight for year ¢t of UPC ¢ in category j of store s in market r;
T is the number of weeks in a year. For example, one can use weights proportional to the

annual revenue of a given UPC for particular store. Revenue weighting can further take into

107f optimal markups u*; are low, then there is no incentive to deviate from the optimal markups. Food
is perishable, so a store manager cannot afford to lose customers by withholding goods until consumer
demand becomes less elastic again. On the contrary, if there is a large and persistent positive shock in
demand that pushes optimal markups up, the store may take a more cautious approach and gradually adjust
actual markups to match the new optimal level. This consideration implies that the conditional variance
E((£sir — 1)?|uf;,) is an increasing function of u; . Similarly, we expect the conditional volatility of &, to
be higher if the product’s revenue is lower. One reason could be limited attention. Store price setting is more
likely to focus attention on reducing deviations from optimal prices for larger revenue products.

"For example, Anderson et al.| (2017) find that on average 21% of products in a grocery store change prices
every week. It is therefore reasonable to assume that the store evaluates product markups frequently and that
optimal and actual markups are co-integrated (in logs) implying that equation represents a reasonable
description of their evolution and that averaging at the annual level will reduce measurement error.



account the fact that the (conditional) variance of the disturbance term ;. is likely smaller
for products with larger revenue share.

We note that our harmonic markup index with revenue weights is analogous to the value-
share weighted “Harmonic Laspeyres” price index (value-share is measured by the revenue
share in our construction; see Coggeshall (1886)) and [Balk (2012)).

2.4 Panel-1V regression approach for demand elasticity estimation

In order to take our conceptual model to the data, we provide a mapping from the model
variables to the variables in the data, which we discuss in more detail in the next section. We
observe multiple UPC (barcode) varieties i of good category j, for example, different types of
cereal. We assume that within a year the actual price Pj;, fluctuates in the neighborhood of

the optimal price P = P¥_(P_sir, Xsir). Using a first order Taylor expansion of the demand

SiT

function (Cauchy’s mean value theorem),
IOg QsiT(PsiT> P—siTa XsiT) = —E€sir (log Psi‘r - lOg Ps*m—) + IOg QsiT(Pg*Z‘T; P—siTa Xsi‘r)? (7)

where e, is the absolute elasticity of demand at a point between Py;, and P

. .. For simplicity
we assume that the elasticity ey, is approximately constant for a specific store, UPC, and
week. The remaining terms in equation (7)) can be captured through fixed effects and an

error term in a saturated panel representation,
lOg QsiT = —€sir lOg Psi‘r + UpPCrit + Storesjt =+ weekrjf + Esir- (8)

The saturated regression model (see, for example, |Abadie et al., 2020; Bugni et al., 2023])
controls for the majority of demand factors X,;; and the prices of substitutes using group
fixed effects. The idea is that a sufficiently large set of fixed effects controls for market
conditions and consumer income nonparametrically, which is more flexible and potentially
more robust than including those controls directly and assuming a specific functional form.
Three sets of fixed effects {upc;,, storesi,, weeks;, } capture various demand effects associated
with particular UPC, store, and week.

The most granular empirical approach would be to calculate store-level elasticities for each
product variety 7 in a given week 7 in equation . This is the level at which we observe
the data, and so it is trivially impossible. We therefore aggregate the data across varieties
and stores and calculate an average elasticity for a specific group of observations. Naturally,
aggregation and higher power reduce resolution. This means that we need to choose a sample
over which we are averaging and then choose weights in order to calculate the within-sample
average. We next discuss grouping size and the associated estimating equation; after that we

turn to the weighting scheme.



Since we are interested in cyclical variation at the national level, we choose to estimate
average demand elasticities at the market-good category-year level. That is, for example, we

estimate the average elasticity of cereal in Sacramento in 2020.@ We therefore estimate:
log QSiT = —Crjt log PsiT + UPCrit + Storesjt + weekrj’r + Esir- (9)

On the LHS, we see that the resolution of our data is at the store-UPC-week level with
subscript siT. On the RHS, we note that the elasticity e,;; varies across regions r, good
categories j and years t, which is our chosen level of aggregation. We assume that demand
depends on (i) the UPC, i.e. the specific good, and that this effect varies across regions
r and over time ¢, (ii) the store, an effect that varies across good categories j and time ¢,
and (iii) the week 7, an effect that varies across regions r and good categories j. Our fixed
effects therefore capture differences in demand due to quality (UPCs), location (stores), and
seasonal variation (time). Our approach strikes a balance between being sufficiently specific
to capture important differences between goods, across regions, and, importantly, over time,
while delivering enough power to estimate elasticities with a relatively high degree of accuracy.

The remaining variation in demand shocks not captured by the fixed effects is included
in the residual term e,,. However, shocks to demand may be correlated with price changes
since they are determined together with product quantities in market equilibrium (Workingj,
1927)). This correlation may therefore cause endogeneity bias of elasticities towards zero. The
standard solution to the endogeneity problem when estimating demand elasticities is to use
an instrumental variable that moves together with the supply shock, but is orthogonal to any

remaining demand shocks in equation @ We describe our IV approach in Section .

Revenue weighting. We now discuss the weighting scheme when estimating the weighted
average elasticity e,;; for a specific market, food category, and year (r, j,t) in equation @D
Our goal is to estimate markups of products that a typical consumer buys in a typical store
in a typical week. In Section below equation @ we discussed the role revenue weighting
plays in improving alignment between actual and optimal harmonic markups in the presence
of suboptimal price adjustments.

We use the annual UPC-store-market revenue share to estimate LATE elasticity erjt.ﬁ

12 Alternatively, one may further subdivide good categories into smaller groups like organic and conventional
goods (Gafarov et al) [2024). Other options are to divide markets r into store chains (DellaVigna and
Gentzkow), 2019)), divide big categories into subcategories by brand or food labels, or work with a quarterly
(or monthly) resolution instead of the annual one we choose. There is a recent literature concerned with
automatic selection of groupings for time-varying fixed effects, for example, Bonhomme and Manresa| (2015));
Bonhomme et al.| (2022)); Chetverikov and Manresa (2022)). These procedures are computationally prohibitive
for large datasets such as ours. Such automatic procedures could be more promising when one is estimating
demand for one individual product category as opposed to the entire national market, which is the focus of
our paper.

13See the third paragraph in Appendix [Bffor further details on the estimation strategy.
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These revenue weights represent a typical food basket purchased by consumers. We apply
revenue weights to both stages of each IV regression. Similar to Theorem 1 in |Angrist et al.
(2000), the revenue-weighted LATE parameter takes the form

AT ZZwZ (10

er‘jt

where w7 is year t revenue of UPC i in category j of store s in market r; 0%, is the UPC-
level cost shock variance component of IV for market r in year ¢ conditional on the demand
shocks controls; T is the number of weeks in a year. We can use the LATE parameter ((10))
to compute the harmonic markup index for market r, category j, and year ¢t with weights

rjt __  rjt 2

wsi - w i Orit as

1

Erjt — 1

Horjt = (11)

That is, the harmonic markup index has an interpretation of optimal markups for a monopo-
list facing demand with a price elasticity equal to the LATE parameter e,;; (Cournot, 1838)).
Lerner| (1934) suggested using this formula as a measure of market power; hence, this index
is widely referred to as Lerner’s indexr. Lerner’s index has been used extensively in recent
work (for example, DellaVigna and Gentzkow, 2019, who assume time-invariant elasticity of
demand). We provide an interpretation of Lerner’s index in the case of heterogeneous and
time-varying demand elasticity using LATE framework.

It is useful to think about implications and potential advantages of revenue-weighting the
data rather than using an equally-weighted approach. There are two important differences
relative to equally-weighting. First, sale quantities tend to be concentrated in a small share of
UPCs. This means that an equally-weighted approach will effectively overweight UPCs that
have low sales. Some customers may have inelastic demand for highly specialized products,
e.g. specific organic products or fair trade labels (Gafarov, Hasbany, and Hilscher, 2025).
Thus, an equally-weighted estimation approach results in lower average elasticities than the
revenue-weighted alternative.[lz] Second, due to limited attention of a store, the UPCs that
bring the most revenues are more likely to be priced optimally and thus reflect our theoretical
model of profit maximization. Prices of such products are also more likely to reflect cost
shocks. Therefore, one can think of revenue weighting as a scheme to identify the effects for
“compliers” (Abadie, [2003)), i.e. UPCs with larger cost variance component 02, common with
the IV.

14\We discuss results from such an approach in the Appendix. Estimates are reported in Table The
revenue-weighted estimates are reported in Table

11



2.5 Hausman’s IV for cost shocks

We follow [Hausman| (1996) and [Nevo| (2001)) to address the endogeneity problem inherent
in demand estimation. We instrument the log of a store-specific weekly product price in a
market of interest by the quantity-weighted average of log weekly prices of the same product
sold at all stores in the paired market(s), i.e. markets that are geographically close.

Most products sold in neighboring markets (but not distant markets) are the same. This
enables us to instrument product prices in a market of interest by those in its neighboring
market(s). We select 12 pairs of 25 large markets that are from different US regions, thus
covering the East, South, West and Midwest of the country (Figure . By focusing on
geographically close markets we can better capture common local cost shocks such as labor

and transportation CostsE]
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Figure 1: Paired Markets for IV estimation.

Note: Paired markets have county borders colored in blue and orange. See specific pairs in Appendix Table

B.1

Note that product UPCs are manufacturer-specific, i.e. a product with the same UPC
sold in the paired market comes from the same manufacturer, which delivers the relevance of
our price instrument. For example, suppose that a wholesale supplier introduces promotional
coupons that temporarily lower the price of a particular UPC (e.g. a specific type of cereal) in
a given week. These coupons would be passed to all the sellers of this product and constitute

a positive supply shock. The coupon then will lead to a price decline for that UPC relative

150ur implementation of the Hausman IV strategy is different from [DellaVigna and Gentzkow| (2019) who
used the average price for a given UPC across the entire nationwide store chain.
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to the whole product category as required for the estimation of the own-price elasticity of
demand. In contrast, if producer input costs change, it will impact the whole good category
and will be captured by the weekly fixed effect together with category-level demand shocks.

We briefly discuss two assumptions that support our exclusion restriction. First, there
may be idiosyncratic UPC-specific demand shocks in geographically close areas resulting
in changed prices that are not driven by supply shocks. For example, in a specific location
consumers may stop purchasing a specific type of lettuce because of a reported e-coli outbreak.
Stores may reduce prices for that UPC in response to such a demand shock. We assume
that such common UPC-specific demand shocks have a negligible impact on our estimates.
Since we estimate an average price elasticity of hundreds of UPCs in a market, e,;;, such
an occurrence would not materially affect the final estimated elasticity unless it affects the
majority of the UPCs in the category.

Second, there may be some commonality across stores in cost shocks, resulting in prices
moving in more than one store at a time in response to the instrument. If consumers could
perfectly observe all prices in competing stores, their reaction to a price change in a given store
may be reduced. However, we make the reasonable assumption that most consumers shop at
the weekly frequency of our data and therefore become aware of price co-movement only with
alag. In the context of our model, we assume that costly search results in consumers observing
prices in the store they are shopping in at time 7 and know the average prices from other
stores from last week, 7 — 1 (Burdett and Judd, [1983)). Thus we assume that sales at store
Qsir depend on Py, and P_g; ;. In other words, demand at a specific store reacts primarily
to changes in the average regional price with a lag. We can therefore capture such competitor-
driven demand changes, P_g; -1, together with the consumer-side demand shocks, X,;; using
weekly fixed effects. Therefore, contemporaneous cross-store price movements do not violate
the exclusion restriction.

Consistent with our assumptions and as discussed in Section below, we find that this
Hausman-type price IV is strong for most of our demand elasticity estimates and substantially

reduces the downward simultaneity bias.

2.6 Retail scanner data

We estimate demand elasticities using data on prices and quantities for various food cat-
egories, markets, and years. We use retail scanner data from the IRI Marketing Dataset
(Bronnenberg et all [2008) and the NielsenlQ Retail Scanner Dataset['f] The IRI scanner
data covers 12 years, from 2001 to 2012 while the NielsenIQ) scanner data span 19 years,
from 2006 to 2024. Both have weekly transaction records of products sold by physical retail

16We obtain the NielsenIQ Retail Scanner Dataset from the Kilts Center for Marketing Data Center at
The University of Chicago Booth School of Business.
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stores across markets. We focus on IRI and NielsenlQ panel stores with continuous data
coverage throughout the two sample periods, ensuring that our results are not driven by
changes in store coverage. In the following, we describe the key features of the data that are

relevant to our empirical estimation strategy.

Markets. As noted above, we choose 12 pairs from 25 markets (Figure Fj] There are 50
IRI markets in total. The other 25 markets, which are not used in this paper, are mostly
small or do not have clear neighboring markets for pairing. An IRI market consists of one
or multiple adjacent counties; we match NielsenlQ) grocery store locations to find the IRI
markets to which they belong. We note that the selection of products sold in neighboring
markets is almost the same each year. In total, we successfully match 90.7% and 91.2% of
price observations with their I'Vs in the IRI and NielsenlQ samples, respectively.

Markets vary significantly in size. The largest markets are New York and Los Angeles.
In total, all markets had 123.8 million residents in 2010, more than 40% of the 2010 US
population. Taken together, panel stores in the 25 markets represent 33% of the observations
in the IRI scanner data, and contain a large but smaller proportion of observations in the
NielsenI(Q) scanner data. Table [B.2] shows a list of all markets, their populations, number of
observations and number of stores. Overall, these markets are broadly representative. Table
[B.4 reports summary statistics for observations per store, including the number of categories
and UPCs.

Food categories. We group UPC products into 16 food categories defined in the IRI
sample. In the Nielsenl() sample, we estimate elasticities for 58 food categories, defined by
using the NielsenlQ food groups. We include the complete list of food categories in Table
and discuss additional implementation details in Appendix [A] We estimate demand
elasticities at the food category level. While sets of UPCs sold are not the same across all
markets, they are similar for neighboring markets (see Table .

2.7 Estimates of market-category-year elasticities

We estimate absolute demand elasticities at the market-category-year level—25 markets, 12
(IRI) and 19 (NielsenlQ) years, and 16 (IRI) and 58 (NielsenlQ)) food categories.

When implementing our estimation strategy, we find that the proposed Hausman-type IV
works for most weekly product prices at the UPC level across markets and years. We find that
the price instrument is relevant (strong) for the vast majority of the market-category-year
combinations. Following the rule of thumb of (Staiger and Stock, 1997), we drop estimates
with an F-stat below 10, which represents about 7.9% of the data, with a relatively higher

1"We combine Omaha and Des Moines and pair them with Kansas City. Table outlines market pairs.
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percentage within the IRI sample possibly due to its smaller number of observations for each
elasticity estimation.

Among the strong-IV demand elasticity estimates, less than 1% have an incorrect sign,
most likely due to estimation errors in a typical IV regression. We drop these estimates. Our
final sample has 29,353 demand elasticity estimates with 13.1% in the IRI sample and 86.9%
in the NielsenlQ sample.

Panel-IV
Panel-WLS
Panel-OLS

kernel density

T T T T T

2 3 4 5 6
elasticity estimates

Figure 2: Smoothed density estimates of the distributions of OLS, WLS, and IV demand
elasticity estimates.

In order to assess the validity of the price instrument, we compare OLS (equally-weighted),
WLS and IV (revenue-weighted) estimates. Figure [2| reports the estimated kernel densities
for the three elasticity distributions. There is a strong shift in the distribution from OLS to
WLS, suggesting that there are a lot of UPCs with fairly low market shares that appear to
not be representative of what people purchase. One reason could be that more differentiated,
niche products with low market shares are less elastic. The strong shift from WLS to IV
indicates validity and underscores the need for our IV estimation strategy (Rossi, [2014). One
way to get a sense of the magnitude is to compare medians; the OLS median is 1.12, the WLS
median is 1.60 while it is 2.08 for the IV estimates. The fraction of estimates below one is
equal to 41.9% for OLS, 17.9% for WLS, and 6.9% for IV [¥| We conclude that our instrument
corrects for a significant part of the downward endogeneity bias, while the revenue weighting

adjusts for the composition of consumers’ shopping patterns.

18We note that equation implies that if we observe an estimated (absolute) demand elasticity below
one for the specific food category and time period, the observed price will not have been set based solely on
profit maximization.
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Another way to show the validity of our approach is to compare our elasticity estimates
with estimates from the literature. We note that the comparison is not exact since we are
estimating a revenue-weighted average elasticity. Cereal is commonly studied in the literature
and therefore an appropriate category for comparison. For the IRI sample, our mean elasticity
estimate is about 2.9 for the Los Angeles market during 2007-2010. For the same market and
time period, Richards and Hamilton| (2015) obtain an elasticity mean of 2.2 based on a BLP
model, which is comparable with our mean elasticity estimate. For the NielsenlQ sample, our
median elasticity estimate is about 2.5 for all 25 markets during 2007-2017. For the same time
period, [Backus et al| (2021)) have a median elasticity estimate of 2.7, although they include
fewer diverse markets in their sample of interest. In sum, our cereal elasticity estimates are
comparable to those obtained using BLP for both the IRI and NielsenlQ datasets.

Table 1: Summary Statistics of Demand Elasticity Estimates.

IRI sample® NielsenI(Q) sample®
mean pl0 p90 mean pl0  p90

point estimate 292 1.86 3.98 2.06° 1.11 3.06
standard error 0.24 0.10 0.42 0.17 0.06 0.33
t statistics 16.13 7.04 26.92 18.35 5.32 33.67
obs in an estimation (thousands) 120.0 18.7 259.7 1129.2 58.4 2845.0
Cragg-Donald F statistics 115.2 15.0 228.4 1740.2 33.3 2874.4

Note: “The IRI sample has 3,833 elasticity estimates. ®The NielsenIQ sample has 25,520
elasticity estimates. These samples include elasticity estimates that are obtained under
the strong price IV and exclude those that have negative values. See detailed descriptions
in the main text. “The NielsenI() sample has lower elasticity estimates than the IRI
sample. The downward trend in demand elasticities over time, as explained in Section
largely contributes to the lower elasticity estimates in the NielsenIlQ sample of more
recent years. The NielsenlQ sample also has a small proportion of price-inelastic goods
such as baby food, spices, seasoning, extracts and eggs.

Table [I] reports summary statistics for the final sample. We report statistics separately
for the IRI and NielsenIQ samples. We note that the average demand elasticity estimate in
the IRI sample is higher than that in the NielsenlQQ sample. This pattern is mainly due to
the downward trend in demand elasticities, which is one of the main findings of our paper
and which we start to discuss in more detail in Section [3l

We compute standard errors clustered at the store and week levels in two ways to allow
for arbitrary correlations of the error term e, across products within each store and across
stores within each week. The standard errors are small, implying that the elasticities are
estimated precisely. Close to 99% of the t statistics are above 1.96. Indeed, 90% of the
t-statistics are above 7.04 (IRI) and 5.32 (NielsenlQ). This is because we have sufficient
observations and strong price IVs in nearly every elasticity regression (see Table .

Our demand elasticity estimates exhibit notable heterogeneity across markets and goods,

which is in line with the empirical literature (DellaVigna and Gentzkow, 2019). For example,
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Figure 3: IRI Demand Elasticity Estimates by Food Categories in 2010.

Note: This boxplot shows the elasticity distribution across 25 markets for the 16 food categories in the 2010
IRI sample. We order food categories by their median elasticity estimates colored in dark orange. Each
boxplot consists of two parts—one box and two whiskers. A box ranges from the lower quartile to the upper
quartile of elasticity estimates with the median in the middle. The two whisker ends represent the 10th and
90th percentiles of the elasticity distribution, respectively.
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Figure 4: IRI Demand Elasticity Estimates by Markets in 2010.

Note: This boxplot shows the elasticity distribution across 16 food categories for 23 markets in the 2010 IRI
sample. We order markets by their median elasticity estimates colored in dark orange. South Carolina and
Peoria/Springfield markets have limited elasticity estimates in this particular sample so that we do not show
their elasticity distributions here.
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Figures 3| and [4] show that IRI demand elasticity estimates generally range from one to five
across food categories and markets in 2010. Within each food category (market), these
elasticity estimates also have sizable differences across markets (food categories). NielsenlQ
demand elasticity estimates have similar features, as shown in Figures [B.1] [B.2] and in
the Appendix. We will control for these notable level differences among market-category-year
specific demand elasticity estimates through market- and category-specific fixed effects in our

factor analyses for elasticity and markup dynamics in Section [4

3 Unconditional cyclical and trend variation

Having estimated elasticities that vary across good categories, markets and over time we
are now in a position to analyze time variation. In this section, we consider unconditional
cyclicality, i.e. the extent to which elasticities vary with the business cycle. In the next
section we then decompose this variation and attribute it to various drivers; at that point we
are able to measure conditional cyclicality.

We consider time variation by estimating the economy-wide average elasticity; we then
analyze trend and cyclical components. We begin by summarizing changes in the elasticity
estimates over time. We pool the IRI and Nielsenl() market-category-year estimates.ﬂ Each
year, we then calculate the median, 25th and 75th percentiles of the full distribution of
estimated market-category elasticities. Figure |5| reports these three time series. There are
three patterns that we immediately notice. First, there is a pronounced downward trend in
demand elasticities over the sample period. Median elasticities decline from 2.52 (peak in
2002) to 1.44 (in 2022).

Second, at times of contraction in aggregate demand, elasticities increase, implying counter-
cyclical elasticitiesm For ease of identifying important aggregate demand shocks, specifically
recessions in 2001, 2008-2009, the monetary contractions of 2017 and 2022, and the COVID-
19 pandemic and associated recession in 2019-2020, we add vertical lines to Figure[5|to denote
the first year of these events. We note that the Tax Cuts and Jobs Act (TCJA) in 2017 and
expansionary fiscal and monetary policy during the COVID pandemic imply that we need
to control for various factors driving variation in elasticities and markups. We perform such
analysis in Section [l when we study conditional cyclicality.

We check that the unconditional cyclical and trend variation is present both across good

¥Due to differences in store attributes and good coverage, the estimates of elasticities across the two data
sets are not directly comparable. Indeed, we find that the average elasticity estimates during the overlapping
part of the sample is not exactly the same. The IRI data set is much smaller in scope (fewer goods, stores,
and years); we therefore shift IRI elasticity estimates by a constant to match that estimated in the NielsenIQ
dataset. One reason for the difference may be the fact that a NielsenlQ food category has relatively more
substitutable products at the lower UPC level, as shown in Table

20We note that the increase in elasticities in 2008-2009 is present both in the IRI and NielsenIQ data.
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Figure 5: Demand Elasticity Estimates over Time.

Note: For each year, we report median, upper, and lower quartiles of the pooled market-category distribution
of elasticities. The five vertical gray lines refer to important aggregate demand shocks—the recessions in 2001,
2008-2009, the monetary contraction in 2017 and 2022, and the COVID-19 pandemic and associated recession
in 2019-2020. As explained in the main text, due to differences in store attributes and good coverage between
the IRI and NielsenIQ samples, we shift IRI demand elasticity estimates down by a constant so that they
have the same median elasticity estimate as NielsenIQ’s during the overlapping period of 2006-2012.

categories and markets (see the examples shown by Figures and . The pattern is
thus not driven by potential time-varying changes in the composition of the sample. This
motivates us to pool the IRI and NielsenIQ elasticity estimates into one sample for our main
analysis below.

Third, we note that the dynamic pattern of elasticities is present not only in the median
elasticity time series but is also reflected in the quartiles of the entire distributionﬂ

In addition to a visual inspection of the estimates in Figure |5l we decompose these changes
into a secular trend component and a higher frequency cyclical component. The former part
captures long-run changes in consumers’ preferences and shopping behavior as well as market
structure. The latter part captures the fluctuations of consumers’ purchasing power over the
business cycle and in response to demand shocks.

We run WLS of the market-category-year demand elasticity estimates in the pooled sam-
ple on year dummies and a linear year trend, using within-year market-category revenue
shares as weights. We use market-category-specific fixed effects em;, to control for level dif-

ferences in demand elasticity estimates across markets r, categories 7, and samples. We pool

2 Recently De Loecker et al.|(2020) argue that the upward trend in markups across US industries is driven,
to a large extent, by the upper tails of the markups distribution. The results in Figure [5| suggest declining
elasticities and therefore increasing markups across all quantiles of the distribution.
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market-category-year-specific elasticity in the IRI and NielsenI(Q samples and estimate:

2024
érjt = CMyjy + ol + Z HtDt + €rjt- (12)
t=2001
For normalization purposes, we drop year dummies for 2005 and 2016, the two reference years
with Og005 = 02016 = 0, such that the sum of the cyclical variation around the linear trend is

statistically indistinguishable from zero.

Table 2: Trend and Cyclical Variation in Elasticity and Implied Markup.
elasticity® gross markup, In(1 + )

Linear trend

average annual change, 2001-2024 -0.030*** 0.014%#*
(0.006) (0.003)
Aggregate demand contractions
from 2001 to 2002 0.380*** -0.204*#*
(0.072) (0.039)
from 2008 to 2009 0.119%%* -0.042%+*
(0.024) (0.009)
from 2017 to 2018 0.087#** -0.047#%*
(0.018) (0.010)
from 2022 to 2023 0.266%** -0.297%**
(0.026) (0.029)
COVID period annual changes (detrended)
from 2019 to 2020 -0.268%** 0.120%**
(0.050) (0.022)
from 2020 to 2021 -0.107** 0.072%*
(0.053) (0.036)
from 2021 to 2022 -0.079%*** 0.069***
(0.020) (0.018)

Note: “This table reports the estimates of linear trend and cyclical components as well as COVID-
specific yearly changes in elasticities and markups during our sample period. ®Using the chain rule,
we can calculate annual gross markup, In(1+ ), effects as elasticity effect times —1/(e(e;—1)). We
revenue-weight annual average elasticity estimates e; when computing markups effects. Standard
errors, clustered at the market, food category, and year levels (three-way clustering), are listed in
the parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table [2| presents estimates for annual changes in detrended average elasticities. For ex-
ample, elasticities increased by 0.38 from 2001 to 2002, during the recession associated with
the dot-com bubble bursting, 0.12 after the 2008 financial crisis, and 0.27 in response to the
2022-23 monetary tightening. Given these economically large changes, we next discuss their
implications for markups.

Table [2] reports the results from the trend-cycle decomposition of changes in annual gross

markups based on the trend-cycle estimation for annual elasticities. We convert annual
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effects of elasticities into gross markups using the chain rule and measure annual changes in
In(1+ p) where 1+ p represents gross markup (price divided by marginal cost). The average
trend increase in gross markups was equal to 1.4% per year from 2001 to 2024. The impacts
of negative aggregate demand shocks on markups vary between -29.7% (for 2022-2023) and
-4.2% (for 2008-2009).

Our trend and cycle decomposition also allows us to measure the unconditional detrended
effect on elasticities of the COVID years. There was a drastic reduction in elasticity (and a
corresponding jump in markup) in the first year of the COVID-19 pandemic, 2020. Gross
markups increased by 12.0% relative to the long-run trend. Over the next two years, there
were slightly smaller increases of 7.2% and 6.9% in 2020/21 and 2021/22 respectively (Ta-
ble . These increases were likely a short-run phenomenon driven by strong fiscal and
monetary stimuli. People’s concerns over getting COVID during multi-stop shopping may
have made them less price sensitive and thus raised stores’ markups. Indeed, the subsequent
reduction in markups in response to the monetary tightening of 2022, equal to 29.7%, was of

similar magnitude to the combined change over the COVID years.

4 Estimation of conditional markup dynamics

4.1 Cross-sectional variation in conditional cyclical patterns

Results in the previous section show that elasticities and markups exhibit substantial sec-
ular and unconditional cyclical variation. In particular, the evidence suggests that average
markups react to aggregate demand shocks. It is possible that markups are affected by
various channels, which we explore in this section. Specifically, we consider demographic,
macro (income and wealth effects), competitive landscape, and real interest rate. We there-
fore present evidence of conditional dynamics to complement the evidence on unconditional
dynamics presented in the previous section.

Since our data is at the market-category-year level, it reflects regional variation. Different
markets may follow heterogeneous patterns, and so our panel data set allows us to estimate
the contributions of various underlying channels. In turn, we can measure cyclicality condi-
tional on changes in various factors.

There have been several channels discussed in the literature that transmit the business
cycles into price elasticities and markups. In particular, there is evidence that wealth affects
price elasticities (Stroebel and Vavra, [2019). Elasticities and therefore markups may also
vary along with income changes during business cycles (Aguiar et al. 2013)). Alternatively,
markups may grow as a result of increased market concentration (Philippon, |2019) and market
structure may evolve together with the business cycles (Rotemberg and Saloner, 1986)).

The panel structure of our dataset gives us the opportunity to study underlying channels
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of markup dynamics. We next investigate cross-sectional variation in aggregate demand

measures and indicators of market concentration.

4.2 Partial adjustment model

We next estimate a dynamic panel model. It is well known that demand functions may
gradually adjust to external factors due to, for example, habit formation. We therefore use
the partial adjustment dynamic panel model of Balestra and Nerlove (1966) and Houthakker
et al| (1974) to estimate the short and long-run effects of various measures on weighted
average elasticities and therefore harmonic average markups. Harmonic markups @ are a
function of revenue-weighted demand elasticities. We therefore follow a two-step procedure
to estimate the effects of explanatory variables on markups. We firstly estimate a model to
explain variation in elasticities across markets and over time, and then convert these effects
to changes in markups[?|

We pool market-category-year-specific elasticities in the IRI and NielsenlQ samples and

run a dynamic panel:

érjt - pérj(t—1)+z (aZRt—Z+MT(t—€)ﬁf—i_crj(t—ﬂ)7€+D§0_23‘/T(t—é)9£) +Cj+mr+D1§20_23mr+€rjt-

L
£=0

(13)
We include several macroeconomic, demographic, and grocery market factors to explore
channels that affect demand elasticity and markup dynamics: R; is the economy-wide real
interest rate, M, are market-specific factors (real GDP per capita, real housing prices, retailer
HHI, population), C,;; are food-category-specific variable (the average number of UPCs per
category across stores within each market). We also add category and market fixed effects, c;
and mrﬁ Our sample period includes the COVID years. During this period, real GDP per
capita may not have been a good measure of purchasing power for groceries. Due to changes
in shopping behavior and the increase of food-at-home consumption, the grocery sector was
exposed to a large positive and persistent demand shock. To isolate the effect of this sectoral
shock, we introduce a dummy variable D% = 1{2020 < ¢ < 2023} and its interactions
with real GDP per capita, V,—).

22We recall that for some market-category-year observations, the persistence of deviations between actual
and optimal markups, £, may be sufficiently large so that actual markups are measured with some noise
even at the annual level. When estimated annual average elasticities are close to one, it is likely that the
corresponding actual markup is different from the optimal markup. As discussed in Section [2.3] the harmonic
average markup dampens the effects of such outliers and presents a more stable estimate of actual (harmonic)
markups. Since elasticities are inverse markups , we therefore estimate the effects of explanatory variables
on markups using corresponding elasticities. We note that, as reported in Table [B.9, our main results are
robust to converting elasticities to markups and then estimating the dynamic panel model.

Z3IRI and NielsenIQ have different product category names, which are captured by our category fixed
effects. Also, Table shows that our regression results remain almost unchanged when a linear-time trend
is included for robustness.
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It is important to mention that both average elasticity (and therefore harmonic markups)
as well as the explanatory factors are persistent (see Appendix Figures and . This
may cause inconsistent estimators due to the spurious correlation effect in a static model.
Assuming that the persistent variables have at most one unit root, we can restore consistency
by including both lagged dependent and explanatory variables into the model (Sims et al.|
1990). We set L = 1 so that the lagged dependent and explanatory variables are included.

As pointed out earlier, the partial adjustment model allows us to estimate both the short-
and long-run effects of different variables. The short-run effects are equal to (ay, 5o, 70) and
capture contemporaneous effects of exogenous factors. The long-run effects are equal to
(25:0 ap/(1 = p), Zf:o Be/(1 = p), EeL:o ve/(1 — p)). They capture the predicted changes in
the dependent variable in response to permanent shifts in the explanatory variables.

Another feature of this setup is that we can perform a historical decomposition in which
we analyze the effect of variation in different explanatory variables on the dependent variable.
For example, what was the effect over time of the real interest rate on markup dynamics?

We will perform this exercise after discussing the explanatory variables.

4.3 Data on explanatory variables

Before proceeding, we briefly discuss the explanatory variables. We consider four types of
changes in local grocery demand: (i) slow-moving demographic factors, (ii) changes in the
competitive landscape of the local market, (iii) cyclical demand shocks driven by business
cycle variation, and (iv) effect of monetary policy. All of these factors may affect local
demand, and, as such, have an effect on grocery store price elasticities. The data is gathered
from publicly available sources. Appendix[C]lists data sources and describes the construction
of some explanatory variables. Here, we provide a brief discussion of their potential impacts
on demand elasticities.

(i) Population: Local population growth may reflect consumer’s outlook on future eco-
nomic development in each market. A better economic outlook may give households more
confidence in their future income growth and make them less price sensitive. Population
growth may also boost the economy and thus increase income in the near future, again po-
tentially resulting in lower price sensitivity. We note that the population data show that,
after the COVID-19 pandemic, some states, like California, saw a decline in population, while
others, like Texas, saw an increase.

(ii.a) Average No. of UPCs per product category across stores: We calculate this measure
at the market-category-year level based on the IRI and Nielsenl(Q) scanner datasets. For each
category and year, we take a weighted average of UPC numbers across stores within each
market using store-category-specific revenue shares as weights. Intuitively, more UPCs in a

product category mean more product varieties for consumers to choose from, which tends
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to make consumers more price sensitive. However, new products may be better tailored to
consumers with heterogeneous tastes, which tends to make consumers less sensitive to price
changes. In theory, these two effects may offset each other (Neiman and Vavral 2023;Grieco
et al., |2024). We will use the data to analyze which effect dominates.

(i1.b) Herfindahl-Hirschman index: HHI is a standard way to measure market concen-
tration (e.g., Neiman and Vavral 2023; (Grieco et all 2024). Following the literature, we
construct a retailer-HHI for each market during each year using NielsenIQ’s consumer panel
dataset 1] For the years of 2001-2003 that NielsenIQ’s consumer panel dataset does not cover,
we use the 2004 retailer HHI for each market. In principle, a higher HHI means a higher
market concentration so that consumers have more restricted retailer choices, resulting in
lower price elasticities of demand.

(iii.a) Real GDP per capita: We use this as a measure of real income. Increases in
household income may result in lower price sensitivity.

(113.0) Cumulative percentage changes in real housing prices: For homeowners, rising
housing prices can mean higher wealth and therefore make them less price sensitive (Stroebel
and Vavra, [2019)). However, [Stroebel and Vavral (2019) also find that, for renters, higher
housing prices can mean higher rent and therefore make them more sensitive to grocery
prices. Which effect dominates is an empirical question.

(iv) Real interest rate: We use the one-year real interest rate from FRED | The interest
rate is the key determinant of current consumption spending decisions in modern macroe-
conomic models (Woodford, 2003). Higher interest rates incentivize more savings at the
expense of current consumption. Moreover, in the short run, the Fed can adjust the real
interest rate using standard monetary policy tools.

In Figures and in the Appendix, we show the variations of all these factors.
Importantly, with the exception of the real interest rate, all other factors have both market-
specific and time variation. In the partial adjustment model estimation we exploit this
statistical power to identify the impacts of these factors on demand elasticities and therefore

markups across markets |

4.4 Estimation results

We use WLS to estimate the model in equation . For each year, we use market-category-
specific revenue shares as weights within the IRI or NielsenlQ sample. For the overlapping

period of 2006-2012, we adjust IRI and NielsenlQ sample weights using their observation

24Specifically, we use household-year-specific projection weights, provided by NielsenIQ, to calculate the
retailer-specific market shares of each year, together with household-retailer-year-specific expenditures. We
do not calculate HHI’s for the IRI sample as it does not have the required data.

25See: https://fred.stlouisfed.org/series/ REAINTRATREARAT1YE.

260wyang et al.| (2005) and Baumeister et al.| (2022) find substantial differences in the timing of business
cycles across the U.S.
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shares within each year. As discussed in Section it is important to use revenue share
weights to capture the average effects of the factors on the markups of a typical consumer
basket. Indeed, food groceries are very heterogeneous and the revenue shares reflect relative
spending on different categories.

Although our dynamic panel is relatively long (T = 24), the regression coefficient esti-
mates are still subject to O(1/T) bias, as pointed out by Nickell (1981) | However, recent
work by [Klosin| (2024) shows that such a dynamic bias is typically much smaller than the
bias from alternative estimation methods such as the static panel model. We use robust
three-way cluster standard errors (Cameron et al., 2011)) at the market-category-year level to
allow for common components in regression errors within a market, food category, and year.

Table |3| presents the results. We find that macroeconomic, demographic, and grocery
market factors can explain a large share of the trend and cyclical variation of implied markups.
Column (1) presents the main estimation results, which correspond to short-run effects of
the explanatory variables on elasticities. Column (2) reports the long-run effects using the
conversion discussed above. The adjusted R? is a whole-regression R? that takes into account
degrees of freedom and reflects the variation explained by fixed effects. The within R?
measures the explanatory power of our factor variables (excluding fixed effects). Of the 39%
within B2, 16% is due to the explanatory variables apart from the lagged dependent variable.
This pattern highlights the fact that it is important to model markups in a dynamic model,
while also indicating that the set of included factors explain a large share of the variation. In
Columns (3) and (4) we then convert the marginal effects of the various channels on markups.

We find that population does not have a statistically significant effect on markups, possi-
bly because it tends to be slow-moving and may be correlated with other variables, e.g. real
GDP. In the short run we find a positive point estimate; in the long run the effect is zero.
Grocery-market-specific factors also affect markups. In particular, the number of varieties in
a specific market has a negative effect on markups, though it is not statistically significant.
More varieties in a food category may lead to lower markups. The concentration of stores
in a market, for example, if a particular chain has a larger market share, is associated with
higher markups. The effect is statistically significant in both the short and long run.

In the group of macro effects, real per capita GDP and housing prices have strong short-
run effects on markups. Real GDP per capita measures the contribution of income on
markups, while housing prices measure the effect of wealth. Consistent with this inter-
pretation, the effect of housing prices has a statistically significant long-run effect, while the
effect of real GDP is not statistically significant in the long run. We note that consump-

tion and wealth are cointegrated in the long run through the effect of permanent income on

27 A typical standard error of an estimator in a time series application is O(1/ VT ). So, the second order bias
in our application is comparable in scale to a standard error in a time series regression with T' = 242 = 576
observations, which is common in modern empirical practice.
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Table 3: Factor Regression Results for Estimated Elasticities and Implied Markup Effects.

dependent variable: elasticity
explanatory variables® elasticity effects gross markup effects® (In)
(1) (2) (3) (4)

short-term long-run® short-term long-run®

real interest rate 4.43** 8.84*** -2.10%* -4.20%**
(1.45) (2.55) (0.69) (1.21)

real GDP per capita -1.16*** -0.89 0.55%** 0.42
(0.31) (0.60) (0.15) (0.28)

real housing price -0.37* -0.53** 0.17%* 0.25*
(0.09) (0.23) (0.04) (0.11)

retailer HHI -0.39* -0.52* 0.19** 0.25*
(0.16) (0.29) (0.08) (0.14)

# UPCs per category 0.19 0.16 -0.09 -0.08
(0.14) (0.10) (0.06) (0.05)

population -0.13 0.00 0.06 -0.00
(0.40) (0.36) (0.19) (0.17)

COVID controls? YES

one lag of all variables YES

fixed effects of markets and goods YES

adj.R? 0.66

within R? 0.39

N 27,526

Note: “Explanatory variables are computed in natural log except for real interest rate and cumulative
percent change in real housing price (both in decimal points). See details in the main text and Appendix
bUsing the chain rule, we can calculate annual gross markup, In(1+ ), effects as elasticity effect times
—1/(et(er — 1)). We revenue-weight annual average elasticity estimates e; when computing markups
effects. “Given the distributed lag model, we impute the long-run effects for each factor and estimate
standard errors using the Delta method. Pandemic controls for 2020-2023 have two parts: one captures
heterogeneous level shifts across markets and the other captures interactions with real GDP per capita.
All the models above are estimated by OLS using market-category-specific revenue shares as weights
within each year. Standard errors, clustered at the market, food category, and year levels, are listed in
the parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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consumption (Friedman| 1957). Therefore, we expect the effects of real GDP and income
to measured less precisely in the long run (the standard error of real GDP approximately
doubles from short to long run). In the next section, when we perform a historical decom-
position of the variation in markups we group variables together and compute the overall
effect of these variables. One reason for this approach is the within-group correlation across
variables. We note that the effect of house prices on markups indicates that the wealth effect
of homeowners may dominate the effect of potentially higher rents ]

The real interest rate has a negative and statistically significant effect on markups. This
effect is consistent with the standard consumption and savings decision where a higher real
rate results in lower demand today. Our results indicate that markups decline when the real
interest rate increases. This pattern is consistent with conditionally procyclical markups.
We note that this effect is present not only in the short-run but also in the long-run. If
we assume that prices are not sticky over longer horizons, our result suggests a direct effect
of monetary policy on grocery store prices. This result is relevant for the literature on the
transmission mechanism of monetary policy”]

The actual economic impact of any specific variable on markups depends both on the
estimated coefficient but also on the variation of the explanatory variable. In the next section
we therefore perform a historical decomposition. Finally, we find evidence of a structural
break in the effect of per capita GDP during the COVID-19 pandemic and its immediate
aftermath Y]

Robustness. We perform robustness checks. We include a linear time trend in the regres-
sion as an additional control. The linear time trend is not statistically significant and the
main results are robust to this change (see Table . In our main specification, we do not
include the unemployment rate due to its high correlation and resulting potential collinearity
with real GDP per capita. We obtain similar results qualitatively when we replace real GDP
per capita with unemployment rate (Table . As expected, higher unemployment leads
to higher elasticities and thereby lower markups. Finally, we re-estimate the model by first
converting to markups and then estimating the dynamic panel (Table . These results
represent estimates of effects on average markups rather than harmonic markups. We find

that the results are robust.

Z8We note that |Stroebel and Vavral (2019) find a related wealth-effect mechanism. Their argument is based
on the assumption that food retail costs (e.g., store rents) do not react to changes in housing prices, thus the
positive effect of higher housing prices on grocery prices from homeowners leads to higher retail markups.

29Gee, for example |[Eggertsson et al.| (2021)).

30The CDC declared the end of the pandemic in 2023.
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4.5 Channels of cyclical variation in markups

As discussed in Section [3] there is evidence of unconditional procyclical markups. We now
use the estimation results from Table [3] to study the channels affecting cyclical variation
in markups, and thereby shed light on conditional cyclicality. We perform a historical de-
composition to study the contribution of different groups of factors on overall and market-
specific markup dynamics. The purpose of this exercise is to measure the effect of different
channels—demographic, market-specific, macroeconomic (income and wealth), and real inter-
est rate—on the harmonic average markups in various markets while accounting for transition

dynamics.
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Figure 6: Annual Gross Markups and Factor Contributions.

Note: We first obtain predicted market-category-year-specific elasticities based on the estimated regression
model . We then convert these predicted elasticities into annual gross markups, as in Table To
calculate factor contributions, we first set all factors at their initial values to obtain predicted annual gross
markups under endogenous elasticity dynamics, which are used as the baseline annual gross markups. We
then calculate the cumulative contributions of each group of factors by taking the cumulative differences
between the factor-predicted annual gross markups and the baseline annual gross markups. We group our
six factors into four groups: (1) population; (2) real GDP per capita and cumulative changes in real housing
prices combined as macro factors together with pandemic effects; (3) the number of UPCs per product
category and retailer HHI combined as grocery market factors; and (4) real interest rate.

For each market, we calculate the difference in predicted values of harmonic markups
under scenarios in which a given factor remains constant at the initial level and one where
the factor follows the historical trajectory. We use results from the specification in Table [3| to
calculate dynamics of average elasticities and then convert those to harmonic markups. We
revenue-weight across categories within a market and then across markets. Figure @ Panel (a)
reports overall markups, across all of the markets in our sample, together with the markups
predicted by the variation in the explanatory variables. The figure shows that there is a close

fit of unconditional markup dynamics.
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There are both slow-moving and higher-frequency channels affecting markups. We note
a slow upward trend in markups due to population and a slow downward trend due to
grocery market factors. This implies that changes in the competitive landscape put downward
pressure on markups over the sample period and suggests that the grocery retail sector
became more competitive. We revisit this implication in Section [5]

We find that higher frequency cyclical changes are mainly driven by macro factors and the
real interest rate as well as transitional dynamics. For example, in 2008, there is a negative
effect of macro factors on markups, and in 2017 higher real interest rates put downward
pressure on markups. Overall, macro factors reduced markups from 2009 to 2013, a period of
somewhat sluggish growth after the Great Recession. In contrast, accommodative monetary
policy had a supportive effect on markups during the period. From 2019 to 2020 markups
increased, which was at least partly due to COVID-specific developments captured by the
macro factors.

Aggregate markups are averages across markets and categories. In our panel data set all
variables, except the real interest rate, vary at least at the market level. That is, real GDP
growth is different in LA and Chicago. This setup therefore allows us to explore the ability
of our model to explain regional variation in markups.

We next consider the largest markets from the four macro-regions of the country - NYC
(East), Chicago (Midwest), Dallas (South) and LA (West). Figure [7| shows overall actual
and fitted markups as well as factor-specific historical decompositions.

The top row of Figure [7| plots average actual and fitted harmonic average markups. The
level of fit for the individual markets is similar as what we saw for the overall average. This
implies that the unexplained variation is primarily due to differences across categories.

The bottom row of Figure [7] shows the contribution of the various channels for Chicago,
New York, Dallas, and Los Angeles. These plots therefore reflect conditional markup dynam-
ics by showing effects of different channels. We find that population dynamics generally have
a very small impact on markups, except for Dallas. The effect of grocery market factors is
similar across markets. The largest driver of differences across markets are the macro factors
— per capita GDP growth, housing prices, and the effects of the COVID pandemic. The
largest post-Great-Recession impact was in LA, which also saw the highest recent increase
in markups due to macro factors. Chicago, which experienced only small changes in macro
factors, saw the lowest overall increase in markups during the sample period.

We note that, in the figures, the real interest rate has a slightly different reported effect
across markets. This is because of compositional effects in the unbalanced panel. Therefore,
the average effects of common factors are not exactly aligned across markets.

The results imply that our model does a good job explaining variation in average markups
over time across markets. We also note that the real interest rate plays an important role in

explaining variation in markups, a point which we discuss in the next section.
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Figure 7: Revenue-weighted Annual Gross Markups of the Four Largest Regional Markets.

Notes: We calculate and decompose the predicted annual gross markups as in Figure [6] Chicago does not
have elasticity estimates in 2001 and thereby no annual gross markup in that year. For Chicago, we also use
the average annual gross markups of 2002 and 2004 for 2003 in which it has limited elasticity estimates.



5 Discussion

5.1 [Evidence of procyclical markups

We document procyclical movement in markups. This finding is related to a growing em-
pirical literature on procyclical markups as summarized in Nekarda and Ramey] (2020). The
existing literature predominantly uses the production function approach which can be prone
to specification errors (Bond et al., 2021). Complementing earlier work, our paper provides
nonparametric demand-side evidence on the procyclicality of optimal markups (the markups
in the absence of sticky prices).

Based on the results from our dynamic panel estimation, we find effects of income and
wealth shocks and the interest rate. In our estimation approach we can distinguish between
these two effects using cross-sectional variation in demand shocks. As shown in Table [2], the
monetary tightening in 2017 coincided with an average decrease of 4.7% in gross markups,
while the sector-specific demand shock from COVID and concurrent government spending
stimulus in 2020 was associated with an average increase of 12% in gross markups. These
effects are unconditional responses. The conditional responses in Table |3 reflect different
effects potentially offsetting one another. For example, the negative aggregate demand shock
in 2008 resulted in only a small change in markups. Our estimates imply that loose monetary
policy counteracted low aggregate demand. To be specific, if we combine population, grocery
market and macro factors from 2007 to 2011, the cumulative effect on markups would have
been -4.7%. Adding in the interest factor instead resulted in a cumulative change of +3.0%
(see Figure[]). Our results therefore imply an important role of monetary policy in stabilizing
prices through their effect on gross markups.

The patterns in grocery-market factors are consistent with earlier theoretical models of
countercyclical markups (Rotemberg and Saloner] 1986; Rotemberg and Woodford, [1999)).
We find that competition tends to increase during expansions, e.g. the recovery from the
great recession and the expansion following the 2020 recession. However, our results imply
that this effect is not strong enough to counteract the direct positive effect of aggregate

demand and monetary policy on markups.

5.2 Implication for movements in marginal costs

Our results can be used to explore the dynamics of marginal costs by combining observed
food-at-home prices with our new estimates of time-varying markups. Each year, we deflate
the food-at-home CPI using our average markup estimate and the overall CPI. Panel (a) of
Figure[§| plots food at home prices deflated using the overall CPI and the resulting time series

of real marginal costs. We note that for food at home prices changed little over the sample
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period.ﬂ

In contrast, there was quite a bit of variation in real marginal costs. We note a decline
in real marginal costs of food from 2019 to 2022 and an increase from 2022 to 2023. We
expect variation in marginal costs to be driven by variation on input prices. Specifically, it is
possible that the decline and subsequent increase in marginal costs were related to fuel prices.
Diesel prices represent a large share of marginal costs for some food categories such as milk
(Gatarov et al., [2025) and the timing of the reduction and subsequent increase in marginal
costs is aligned with changes in diesel prices. Due to evidence of a lagged pass-through from
diesel prices to marginal costs and therefore food prices, we compare changes in real marginal
costs and lagged changes in real diesel prices. The correlation coefficient is equal to 0.44 for
our sample period. Panel (b) of Figure [§ plots log diesel prices and log real marginal costs.
We note a strong comovement especially during the second half of the sample.

Our findings are consistent with the literature on oil shocks and inflation. [Coibion and
Gorodnichenko (2015) observed that oil prices explain approximately one half of the variation
in consumer inflation expectations. One possible channel is that diesel prices are a major
contributor to the variation in marginal costs of groceries, and grocery prices drive consumer

expectations of inflation (D’Acunto et al., [2021)).
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Figure 8: Prices and Marginal Costs of Food at Home v.s. Diesel Retail Prices.

Note: We obtain food-at-home CPI and overall CPI from FRED. We obtain No.2 Diesel Retail Prices from
EIA. For Panel (a), we deflate food-at-home CPI by the overall CPI to obtain real prices for food at home.
We also normalize them to the base year of 2001. We then impute real marginal costs for food at home using
our estimated annual gross markups, following equation . For Panel (b), we deflate diesel prices before
taking log difference; we also take log difference for real marginal costs for food at home.

310ver our sample period the CPI subindex for food at home (food groceries) increased by 76.8% while
the overall CPI increased by 77.2%. The overall CPI index refers to the “Consumer Price Index for all urban
consumers: all items in U.S., city average" and the CPI subindex for food is the “Consumer Price Index for
all urban consumers: food at home in U.S., city average.” We obtain both data from FRED.
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6 Conclusion

In this paper, we make two main contributions to the literature on markup estimation and the
cyclicality of markups. First, we estimate revenue-weighted demand elasticities in a panel-IV
regression model that implements the widely-used [Hausman| (1996) IV strategy. This allows
us to compute a panel of harmonic markup indices. Our new estimates of markups are non-
parametric in the sense that we do not assume any single particular parametric model of
consumer demand and are based on a local average derivative of the demand function in the
neighborhood of the market equilibrium (Imbens and Angrist, [1994)). Our particular imple-
mentation only assumes common wholesale suppliers for each specific pair of geographically
close markets. We work directly with weekly sales data which results in strong price I'Vs.
Second, we use our new estimates to explore dynamics of markups and the channels
through which aggregate demand affects them. We provide direct micro-level evidence of a
slow-moving upward trend in US markups of 1.4% per year from 2001 to 2024. Moreover,
our markup measure exhibits economically large and statistically significant drops at times of
contractions in aggregate demand, implying unconditional procyclical variation in economy-
wide markups. The patterns in food markups that we find are representative of the whole
economy since we cover markets in the Western, Mid-Western, Eastern, and Southern US.
We use a dynamic adjustment model to estimate the partial effects of aggregate demand on
markups corresponding to various channels. We then conduct a structural decomposition to
attribute changes in markups across regions and over time to various factors. This exercise
allows us to study cyclicality of markups conditional on various channels. Our structural
attribution also allows us to answer the question we asked at the beginning: Does policy
intervention supporting aggregate demand increase competition? We find that increases in
income and wealth together with accommodative monetary policy have strong positive effects
on markups. Changes in the competitive landscape affect markups countercyclically—when
competition increases during economic expansions, markups decline. Overall, as reflected in

the unconditional dynamics, the effects of income and wealth dominate.
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Appendix

A Details on IRI and Nielsenl() datasets

For comparability, we do not take the lower product module in the NielsenlQ sample as the
product category, since it has far fewer UPCs than a product category in the IRI sample does.
Instead, we take food groups as the product category for the NielsenlQQ sample. Table
shows that these two samples now have a comparable number of UPCs per food category
in magnitude, although the NielselQ sample has more UPCs per food category. We also
drop four food categories or groups in the NielsenlQ sample: ICE, YEAST, GUM, and PET
FOOD. For the first two, our paired markets have a limited number of common products at
the UPC level, which would make our IV strategy infeasible if we included these two food
categories in our estimation sample. For the last two food categories, we drop them as we
focus on edible human food in this paper.

Regarding UPCs, we take them as given in the IRI and NielsenlQ retail scanner data
sets. Both data sets have collapsed private-label UPCs across retailers to some extent. The
assumption is that the core attributes are identical for these UPCs, although there may be
some custom characteristics that differ depending on how the different products are marketed.
Using these collapsed UPCs and retailer codes, we can construct retailer-specific private-label
UPCs within each food category. However, we find that it will not only weaken the strength
of our price IVs but also lower our elasticity estimates. This suggests that refining private-
label UPCs will not help us recover reasonable price elasticities of demand. Hence, we stick
to the collapsed private-label UPCs in our main results. Results based on retailer-specific
private-label UPCs are available upon request.

When it comes to the food stores of paired markets listed in Table [B.1] we focus on panel
stores that have reported product transactions across all 12 years in the IRI retail scanner
data set and across all 19 years in the Nielsenl(Q) retail scanner data set. Both data sets have
store entries and exits over time. In particular, NielsenlQ’s coverage rate for food stores
decreased from 53% in 2011 to 26% in 2017. We study time variation of annual markups
among food stores that are covered in the data across all years. In this way, our results will

not be mechanically driven by any changes in the store coverage of the data.

B Additional tables and figures

Table presents the specific pairs of the 25 markets shown on the US mainland map
(Figure [1)). Table reports the number of observations and stores across markets as well
as population for the IRI and NielsenlQQ samples. In total, each year, the IRI data include



close to 48 million observations from 429 stores, while the NielsenlQ data contain over 1700
million observations from 2884 stores. There are notable size differences across Markets. For
example, the market with the most stores and observations, LOS ANGELES, had 12 times

more population than Syracuse, one of the smallest markets, in 2010.

Table B.1: The 12 Pairs of 25 Markets.

region  market(s) A market(s) B

EAST BUFFALO/ROCHESTER® SYRACUSE
BOSTON HARTFORD
NEW YORK PHILADELPHIA

SOUTH  CHARLOTTE RALEIGH/DURHAM
ATLANTA SOUTH CAROLINA
DALLAS, TX HOUSTON

WEST LOS ANGELES SAN DIEGO
SACRAMENTO SAN FRANCISCO
PORTLAND, OR SEATTLE/TACOMA

MIDWEST KANSAS CITY DES MOINES  OMAHA®
CHICAGO PEORIA/SPRINGFLD.
DETROIT TOLEDO

Note: We take markets defined by IRI as given. Each IRI market
consists of one or more adjacent counties. We use county-specific
FIPS codes identify markets to which NielsenlQ stores belong.
@The "/" means that the two areas belong to a single market.
®The "+" means that the two areas belong to two markets but
are combined as one by us when implementing our identification
strategy. Specifically, when there is no single neighboring mar-
ket with a sufficient number of stores, we pair a large market of
interest with two smaller neighboring ones and utilize their aver-
age product prices to instrument the product prices of the large
market of interest. However, when the two small markets are of
interest, we treat them separately and use the product prices of
the large market to instrument their product prices. Hence, we
have 25 markets in total for demand elasticity estimations.



Table B.2: Summary Statistics of Markets.

population IRI (2001-2012) NielsenlIQ (2006-2024)
market name in 2010  obs per year panel stores obs per year panel stores
(million) (million) (count) (million) (count)

NEW YORK 19.5 4.9 41 139.4 244
LOS ANGELES 17.1 5.6 5%5) 242.7 413
CHICAGO 9.0 1.9 16 124.8 178
PHILADELPHIA 6.5 3.0 24 58.1 108
DALLAS, TX 6.2 1.5 15 99.8 163
SAN FRANCISCO 6.1 2.4 23 100.3 171
HOUSTON 5.9 2.0 20 80.3 122
BOSTON 5.5 2.6 19 87.1 138
SOUTH CAROLINA 5.1 1.6 20 70.0 138
ATLANTA 4.9 2.2 17 82.4 114
DETROIT 4.8 0.9 7 58.7 79
SEATTLE/TACOMA 3.4 2.4 24 105.2 169
RALEIGH/DURHAM 3.3 1.8 19 121.6 236
HARTFORD 3.2 1.1 8 14.6 28
PORTLAND, OR 3.2 1.6 15 85.0 137
SAN DIEGO 3.1 1.8 16 44.4 72
SACRAMENTO 2.8 14 12 32.5 51§)
CHARLOTTE 2.6 1.3 13 90.4 176
BUFFALO/ROCHESTER 2.5 1.7 15 0.9 8
TOLEDO 2.0 0.9 7 21.6 29
PEORIA /SPRINGFLD. 2.0 0.6 5 17.9 27
KANSAS CITY 2.0 2.3 17 15.1 18
SYRACUSE 1.2 0.8 8 4.5 10
OMAHA 1.1 0.8 6 21.5 28
DES MOINES 0.7 0.9 7 15.7 22
total 123.8 47.8 429 1734.5 2884

Note: We report the store-UPC-week observations only for the food categories listed on Table B.6l

Table B.3: Summary Statistics of Food Categories.

IRI categories®

mean

pl0

p90

NielsenlQ categories

mean

pl10

b
p90

obs per year (million)
No. of UPCs per year

3.0

0.8

6.1

29.9

7.3

63.9

1887.2 283.8 4307.3 4114.8 599.8 10024.4
No. of UPCs per year-market 467.8 106.3 959.0 953.4 172.7 1963.5

Note: “IRI has 16 food categories. *NielsenIQ has 58 food categories. See the list below.



Table B.4: Summary Statistics of Stores.

IRI stores NielsenlQ stores

mean pl0 p90 mean plO0  p90
obs per year (thousand) 113.1 81.5 145.3 610.0 437.3 801.9
No. of weeks per year 50.9 48.8 52.1¢ 52.0 51.6 52.2°
No. of categories per year 16.0 16.0 16.0 58.0 580 58.0

No. of UPCs per year-category 222.3 171.8 272.2 372.5 270.1 477.1

Note: A IRI week starts on Monday and ends on Sunday. ’A NielsenIQ week starts
on Sunday and ends on Saturday. Hence, both IRI and NielsenlQ stores have sales
records of 53 weeks in some years.

At the store level, Table [B.4]shows that almost all panel stores report transaction records
for most weeks. The average reported weeks per year-store are 51 and 52 for the IRI and
NielsenlQ samples, respectively. Moreover, stores sell products for all the food categories
of interest in this paper. Hence, we have sufficient observations nearly for every store. The
average obervations per year are 113 and 610 thousands for the IRI and NielsenlQ samples,
respectively, at the store level. Stores sell fewer UPC products per category than markets.

For each market-category-year pair, we use store-UPC-specific quantity shares within
a week to compute the quantity weighted average of log weekly store-UPC-specific prices
(IV) across all stores in the paired market. We impute the weekly store-UPC-specific prices
from the data of weekly store-UPC-specific quantities and revenues before taking log. After
constructing the price IV, we use store-UPC-specific revenue shares within a year to estimate
the revenue-weighted price elasticity of demand based on the IV regression @ These revenue
weights represent a typical food basket of each category purchased by consumers in each

market and year. We apply the same weights to both stages of each IV regression.

Table B.5: Summary Statistics of the Equally-weighted Demand Elasticity Estimates.

IRI sample® NielsenIQ sample®
mean plo0 p90 mean plo0 P90
point estimate 2.46 1.64 3.31 1.62¢  0.87 2.44
standard error 0.19 0.09 0.34 0.13 0.04 0.27
t statistics 16.37  7.24 27.11 1844 595 33.43
obs in an estimation (thousands) 118.3 18.8 2574 11329 57.3  2859.0
Cragg-Donald F statistics 131.6  14.8 274.8  1457.1 34.1 2822.3

Note: “The IRI sample has 4,009 elasticity estimates. *The NielsenIQ sample has 25,432 elasticity
estimates. These samples include elasticity estimates that are obtained under the strong price IV
and exclude those that have negative values. “The NielsenIQ sample has lower elasticity estimates
than the IRI sample. The downward trend in demand elasticities over time largely contributes to
the lower elasticity estimates in the NielsenIQ sample of more recent years. The NielsenI(Q sample
also has a small proportion of price-inelastic goods such as baby food, spices, seasoning, extracts
and eggs.



For comparison, we report the following summary stats for the equally-weighted IV es-
timates. Table shows that the equally-weighted elasticity estimates are sizably lower
not only in mean but also in percentiles, such as the 10 and 90 percentiles of the distribu-
tion, compared to the revenue-weighted estimates as summarized in Table [I, However, their

standard errors are slightly smaller.



Table B.6: The List of Food Categories.

IRI food (16)

NielsenIQ non-dry food (22)°

NielsenIQ dry food (36)°

carbonated beverages

coffee

cold cereal

frozen dinners&entrees
frozen pizza

hotdog

margarine butter
mayonnaise

milk
mustard&ketchup
peanut butter

salty snacks

soup
spaghetti&italian sauce
sugar substitute

yogurt

BAKED GOODS-FROZEN

BREAKFAST FOODS-FROZEN

BUTTER AND MARGARINE

CHEESE

COT CHEESE, SOUR CREAM, TOPPINGS
DESSERTS,/FRUITS/TOPPINGS-FROZEN
DOUGH PRODUCTS
DRESSINGS/SALADS/PREP FOODS-DELI
EGGS

FRESH MEAT

FRESH PRODUCE

ICE CREAM, NOVELTIES

JUICES, DRINKS-FROZEN

MILK

PACKAGED MEATS-DELI

PIZZA /SNACKS/HORS DOEURVES-FRZN
PREPARED FOODS-FROZEN

PUDDING, DESSERTS-DAIRY

SNACKS, SPREADS, DIPS-DAIRY
UNPREP MEAT/POULTRY /SEAFOOD-FRZN
VEGETABLES-FROZEN

YOGURT

BABY FOOD

BAKING MIXES

BAKING SUPPLIES

BREAD AND BAKED GOODS
BREAKFAST FOOD

CANDY

CARBONATED BEVERAGES
CEREAL

COFFEE

CONDIMENTS, GRAVIES, AND SAUCES
COOKIES

CRACKERS

DESSERTS, GELATINS, SYRUP
FLOUR

FRUIT - CANNED

FRUIT - DRIED

JAMS, JELLIES, SPREADS

JUICE, DRINKS - CANNED, BOTTLED
NUTS

PACKAGED MILK AND MODIFIERS
PASTA

PICKLES, OLIVES, AND RELISH
PREPARED FOOD-DRY MIXES
PREPARED FOOD-READY-TO-SERVE
SALAD DRESSINGS, MAYO, TOPPINGS
SEAFOOD - CANNED

SHORTENING, OIL

SNACKS

SOFT DRINKS-NON-CARBONATED
SOuUP

SPICES, SEASONING, EXTRACTS
SUGAR, SWEETENERS

TABLE SYRUPS, MOLASSES

TEA

VEGETABLES - CANNED
VEGETABLES AND GRAINS - DRIED

Note: *NielsenlQ non-dry food categories span five departments including dairy, deli, fresh produce, frozen
foods, and packaged meat. We exclude ICE and YEAST as our elasticity estimation records show that their
UPC-level products are not commonly shared by neighboring markets such that there are missing elasticity
estimates of these categories for many markets. These two categories have limited revenue shares within
each store though. *NielsenIQ dry food refers to food categories in the dry grocery department; we exclude
GUM and PET FOOD that are not of research interest in this paper. The bold food categories are the ones
that IRI and NielsenlQ share the same names, although NielsenIQ have more varieties or larger numbers of

UPCs within each of these five common food categories.



Table B.7: Factor Regression Results for Estimated Elasticities and Implied Markup Effects
with a Linear Time Trend.

dependent variable: elasticity
explanatory variables® elasticity effects gross markup effects® (In)
(1) (2) (3) (4)

short-term long-run® short-term long-run®

real interest rate 4.50%** 8.64*** -2.14%* -4.10%**
(1.42) (2.78) (0.68) (1.32)

real GDP per capita -1.07** -0.59 0.51*** 0.28
(0.28) (0.53) (0.13) (0.25)

real housing price -0.37 -0.55** 0.17*** 0.26**
(0.09) (0.23) (0.04) (0.11)

retailer HHI -0.39* -0.51% 0.19* 0.24*
(0.16) (0.29) (0.08) (0.14)

# UPCs per category 0.19 0.17 -0.09 -0.08
(0.14) (0.11) (0.07) (0.05)

population -0.11 0.05 0.05 -0.03
(0.41) (0.39) (0.19) (0.19)

linear time trend -0.003
(0.004)

COVID controls? YES

one lag of all variables YES

fixed effects of markets and goods YES

adj.R? 0.66

within R? 0.39

N 27,526

Note: “Explanatory variables are computed in natural log except for real interest rate and cumulative
percent change in real housing price (both in decimal points). See details in the main text and Appendix
Using the chain rule, we can calculate annual gross markup, In(14 ), effects as elasticity effect times
—1/(et(er — 1)). We revenue-weight annual average elasticity estimates e; when computing markups
effects. “Given the distributed lag model, we impute the long-run effects for each factor and estimate
standard errors using the Delta method. “Pandemic controls for 2020-2023 have two parts: one captures
heterogeneous level shifts across markets and the other captures interactions with real GDP per capita.
All the models above are estimated by OLS using market-category-specific revenue shares as weights
within each year. Standard errors, clustered at the market, food category, and year levels, are listed in
the parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



Table B.8: Factor Regression Results for Estimated Elasticities and Implied Markup Effects
with Unemployment Rate.

dependent variable: elasticity
explanatory variables® elasticity effects gross markup effects® (In)
(1) (2) (3) (4)

short-term long-run® short-term long-run®

real interest rate 6.36™"* 10.29*** -3.017 -4.86™**
(1.40) (2.35) (0.66) (1.11)

unemployment rate 3.25"* 3.27* -1.54%* -1.55%
(0.76) (1.95) (0.36) (0.92)

real housing price -0.31%* -0.64*** 0.14*** 0.30***
(0.10) (0.23) (0.05) (0.11)

retailer HHI -0.36* -0.46* 0.17* 0.22*
(0.16) (0.27) (0.07) (0.13)

# UPCs per category 0.19*** 0.14 -0.09*** -0.06
(0.06) (0.10) (0.03) (0.05)

population -0.30 -0.20 0.14 0.10
(0.23) (0.37) (0.11) (0.17)

COVID controls? YES

one lag of all variables YES

fixed effects of markets and goods YES

adj.R? 0.66

within R? 0.39

N 27,526

Note: “Explanatory variables are computed in natural log except for real interest rate, unemployment
rate and cumulative percent change in real housing price (both in decimal points). See details in the main
text and Appendix Using the chain rule, we can calculate annual gross markup, In(1 + u), effects
as elasticity effect times —1/(e;(e; — 1)). We revenue-weight annual average elasticity estimates e; when
computing markups effects. “Given the distributed lag model, we impute the long-run effects for each
factor and estimate standard errors using the Delta method. “Pandemic controls for 2020-2023 have two
parts: one captures heterogeneous level shifts across markets and the other captures interactions with
unemployment rate. All the models above are estimated by OLS using market-category-specific revenue
shares as weights within each year. Standard errors, clustered at the market, food category, and year
levels, are listed in the parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



Table B.9: Factor Regression Results for Market-category-year-specific Markups.
dependent variable: In(gross markup )’

explanatory variables® (1) (2)
short-term long-run®

real interest rate -4.08** -4.93***
(0.85) (1.64)

real GDP per capita 0.70%** 0.58**
(0.16) (0.23)

real housing price 0.29*** 0.24***
(0.07) (0.09)

retailer HHI 0.07 0.03
(0.09) (0.06)

# UPCs per category -0.12%* 0.13**
(0.03) (0.05)

population 0.32 0.22
(0.26) (0.17)

COVID controls? YES

one lag of all variables YES

fixed effects of markets and goods YES

adj. R? 0.63

within R? 0.40

N 24,706¢

Note: “Explanatory variables are computed in natural log except for real interest rate
and cumulative percent change in real housing price (both in decimal points). See
details in the main text and Appendix ®We calculate market-category-year specific
markups based on equation ; gross markup equals markup plus one by definition.
dPandemic controls for 2020-2023 have two parts: one captures heterogeneous level
shifts across markets and the other captures interactions with real GDP per capita.
€We trim off the upper and lower 1% of elasticity estimates in each year to avoid
extreme values; we also drop the bottom 5% (in revenue share) of the rest elasticity
estimates with the elasticity cutoff equal to 1.1. All the models above are estimated
by OLS using market-category-specific revenue shares as weights within each year.
Standard errors, clustered at the market, food category, and year levels, are listed in
the parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure B.1: NielsenlQ Demand Elasticity Estimates by Dry Food Categories in 2010.
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Figure B.2: Nielsenl() Demand Elasticity Estimates by Non-dry Food Categories in 2010.
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Figure B.4: Trend and Unconditional Cyclical Variation of Demand Elasticity Estimates.

Note: This figure shows trend and unconditional cyclical variation of demand elasticity estimates in the
pooled IRI and NielsenI@Q sample. Details of our estimation are discussed in the main text. The five vertical
gray lines indicate aggregate demand shocks. The spikes show the 95% confidence intervals of the revenue-
weighted average annual demand elasticities relative to the linear trend (2001-2024). Standard errors are
clustered at the market, food category, and year levels (three-way clustering).
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Figure B.5: Demand Elasticity Estimates of the Four Common Food Categories.

Note: TRI and NielsenlQ have different elasticity levels as they differ in store and UPC coverages in the data.
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Figure B.6: Demand Elasticity Estimates in the Four Largest Regional Markets.

Note: There are limited elasticity estimates for Chicago in 2001-2003 and 2006 so that we do not have
boxplots for those years in the figure.
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C Data construction for market-year-specific factors

Several of our market-specific factor measures in the raw data, e.g., house prices, are nominal.
We use the standard GDP deflator, measured at the national level, to take out the trend
increases in prices. We reset its base year to 2001, the first year of our sample period 2001-
2024.

Real GDP per capita We deflate the county-level nominal GDP to the base year 2001
using the GDP deflator. Then, we divide it by population to obtain the real GDP per capita
for every county in each year. Finally, we take logarithm and then average using county-level
populations as weights to obtain the market-level counterpart.

Unemployment rate The raw data is in percentage. We average them using county-level
populations as weights to obtain the market-level measurement for each year.

Cumulative change in real housing price We start with the county-level housing price index
that is calibrated using appraisal values and sales prices for mortgages bought or guaranteed
by Fannie Mae and Freddie Mac (Bogin et al., 2019). We set the base year at 2001, the
same base year for our GDP deflator, and deflate it using the GDP deflator. Then, we take
differences relative to the base year for every county in each year, namely the county-level
cumulative percentage changes relative to the base year. Finally, we average them using
county-level populations as weights to obtain the market-level cumulative percentage change
in real housing prices.

Population We aggregate annual county populations at the market level before taking
logarithm.

Table shows the public sources of the original data while Figure gives their
graphical representations. Other factors, including real interest rate, retailer-HHI, and UPCs
per category, have been explained in Section [£.3] Figure shows their dynamics over the

years.

Table C.1: Public Sources of the Raw Data.

variable level source?
GDP deflator national Federal Reserve Bank of St. Louis
GDP county  Federal Reserve Bank of St. Louis

housing price index county Federal Housing Finance Agency
unemployment rate county U.S. Bureau of Labor Statistics
population county  U.S. Census Bureau

Note: “Here are website links below for all the data listed above.

(1) GDP deflator: "https://fred.stlouisfed.org/series/USAGDPDEFAISMEI".

(2) GDP: "https://fred.stlouisfed.org/release/tables?rid=397&eid=1054597".

(3) housing price index: "https://www.fhfa.gov/data/hpi/datasets?tab=annual-data".

(4) unemployment rate: "https://www.bls.gov/lau/tables.htmentyaa".

(5) population: "https://www.census.gov/programs-surveys/popest /technical-documentation /research /evaluation-estimates.html"
for 2001-2019 & "https://www.census.gov/data/datasets/time-series/demo/popest /2020s-counties-total.html" for 2020 onward.
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Figure C.1: Cross-sectional and Time Variations of Market-specific Factors.

Note: See the text above for the constructions and descriptions of these market-level factors.

16



natural log
1.6

L

g i S O B S
year year
(a) One-year real interest rate (b) Retailer-HHI
= —
[ NielsenlQ

P T e R T ST T n e e

year

(c) UPCs per category

Figure C.2: Cross-sectional and Time Variations of Other Factors.

Note: The national one-year real interest rate is obtained from FRED. The market-level retailer-HHI is
calculated from the NielsenI() consumer panel that starts from 2004. We calculate the revenue-weighted
average UPCs per category across stores from both IRI and NielsenlQ retail scanner data sets. This factor
is at the market-category level. For the latter two factors, we show boxplots as in Figure[C.1]
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