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Abstract

Price inflation rose dramatically in late 2021. While there were many potential
causes, some point to rising minimum wages, and wage inflation, as perhaps the most
important source of food-price inflation. There is a large body of research that studies
the aggregate effects of minimum wages, but none consider the precise mechanisms that
link higher food prices and minimum wages in an environment of high general price
inflation. In this study, we investigate the possibility that general price inflation serves
as a facilitating mechanism for localized price inflation. We estimate both reduced-
form and structural models of minimum-wage pass-through. Reduced-form models
show that general price inflation has a positive effect on minimum wage pass-through
to retail food prices. However, reduced-form models cannot account for the effects of
demand curvature and imperfect competition. Our structural model shows that, after
controlling for the primary determinants of wage pass-through, general price inflation
has an important role in accentuating the rate of minimum-wage pass-through. Our
findings have important implications for minimum wage policy, and for understanding
the role of labor cost in retail price inflation.
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1 Introduction

Minimum wages, at least at the state and local levels, have been rising rapidly for over a

decade. For most of that period, food price inflation has been relatively low, averaging some

2.5% over the 2011 - 2021 period (U.S. Bureau of Labor Statistics 2023). However, starting

in late 2021 food price inflation accelerated rapidly, averaging over 9.0% in the U.S. between

mid-2021 and mid-2023 (U.S. BLS 2023). Labor is an important cost-component for most

food retailers, forming some 16% of total operating cost (U.S. Bureau of Census, Annual

Retail Trade Survey, 2023) so higher labor costs may contribute to rising food prices. But,

there are many other potential contributors to food price inflation: Massive federal stimulus

following the COVID-19 pandemic, conflict in Eastern Europe and rising commodity prices,

and rising concentration among food retailers, just to name a few. Several recent studies

examine the pass-through of rising minimum wages to food prices, and report mixed findings

of either no pass-through at all (Ganapati & Weaver 2017), relatively small pass-through

elasticities (Renkin, et al. 2022), or over-shifting (pass-through greater than 1, Leung 2021).

Each of these studies, however, examine data from periods in which general price inflation was

relatively low and use reduced-form models that cannot take either imperfect competition

or the structure of demand into account in estimating pass-through. In this paper, we re-

examine the role of minimum wages in retail food price inflation, and explicitly consider

the role of generalized price inflation in a structural model of retail price competition and

consumer search.

Many firms are only indirectly affected by higher minimum wages, either because they

use relatively little minimum-wage labor, or wages form only a relatively small part of their

overall cost structure. However, pass-through in multi-echelon, differentiated-product supply

chains can be substantial as firms have considerable flexibility in setting prices (Ellickson &

Grieco 2013; Ellickson 2016).1 It is well understood that the rate at which firms pass-through

1Further, retail grocery stores are intermediaries, so cost-of-goods-sold (COGS) is clearly their most
important cost-element (83%, U.S. Census). However, labor forms most of the remaining variable cost (14%,
U.S. Census; NGA 2023) and is subject to greater retailer-control than are wholesale prices. Further, some
25% of workers in the grocery industry are within 1% of the minimum wage (U.S. Bureau of Census, Current
Population Survey) so changes in the minimum wage are likely to apply to a substantial share of grocery
workers. Therefore, it is likely that changes in minimum wages have material impacts on retailers’ operating
costs.
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higher costs to retail prices depends on both the curvature of demand, and the extent of

competition among firms in the market (Bulow & Pfleiderer 1983; Anderson, Hansen, &

Simester 2009; Weyl & Fabinger 2013; Hong & Li 2017; Miller, Osborne, & Sheu 2017; Mi-

ravete, Seim, & Thurk 2018, 2022). In the textbook case, with linear demands, perfectly

competitive firms pass-through any change in cost completely. However, because demand is

rarely linear, the degree of competitiveness and the curvature of demand interact to produce

ambiguous results (Weyl & Fabinger 2013; Miravete, Seim, & Thurk 2018). With linear

demands, constant marginal cost, and constant industry conduct (the degree of competitive-

ness does not change with prices), then pass-through varies continuously from 100% for firms

in perfectly competitive industries to 50% for monopolies (Weyl & Fabinger 2013; Miller,

Osborne, & Sheu 2017; Genakos & Pagliero 2022). In a more general empirical setting, this

textbook case does not apply and the effect of market power is indeterminate, depending

on the interaction between conduct and curvature.2 We account for this interaction in our

empirical analysis.

Anecdotal evidence in the media reflects a common assumption that firms with market

power raise prices during inflationary periods simply because they can (DePillis 2022; Curran

2023). But, the problem with this sort of casual empiricism lies in the fact that, from the

perspective of food markets in 2022, retail concentration rose relatively little over the past 10

years (McDonald, Dong & Fuglie 2023) but food price inflation only emerged in late 2021.

What changed to allow food price inflation in 2021? When all prices are rising quickly,

consumers face a fundamental signal-extraction problem that obscures relative price changes

from changes in the overall level of prices (Lucas 1972). More generally, we argue that

search-obfuscation plays an important role in an environment of general price inflation as

news that prices are rising gives retailers cover to increase consumer prices without fear

of retribution (Ellison & Ellison 2009; Ellison & Wolitzky 2012; Richards, et al. 2020).

More specifically, our framework shows that general price inflation, which contributes to the

volatility of nominal prices generates an obfuscatory effect around consumers’ expectations

2In fact, Miller, Osborne, and Sheu (2017) show that under log-convex demands (typical with CES de-
mands, and possible under AIDS) pass-through increases as industry conduct becomes more competitive,
which is counter to the “greedflation” story that oligopolies pass-through costs at a greater rate than com-
petitive firms.
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of individual–product prices, which provides firms’ latitude to raise their own prices.

Obfuscation does not mean that consumers do not search. On the contrary, consumers

search more with rising prices, but their search is less effective. In fact, it is well understood

that pass-through depends on the extent to which consumers search for the lowest price in

the market (Yang & Ye 2008; Tappata 2009; Chandra & Tappata 2011; Lewis 2011; Byrne

& De Roos 2017). While most of this literature seeks to explain the “rockets and feathers”

phenomenon, or the empirical observation that retail prices tend to rise after a cost shock

faster than they fall after the cost shock disappears, their insights have direct relevance for

empirical analysis of minimum wage pass-through. Namely, when general prices are rising,

Lewis (2011) shows that ”...[F]or a given level of consumers’ expectations: equilibrium prices

increase more quickly with wholesale cost as costs rise relative to expectations...” (p. 423).

Combining the obfuscation and search insights, we argue that inflation causes consumers to

search more and have less success doing so, with the result that individual product prices

rise more quickly than in low-inflation settings.

Understanding retail food price inflation is more than just a methodological or theoretical

curiosity due to the importance of food-at-home in consumers’ household budgets (Ganapati

& Weaver 2017; Leung 2021; Renkin, et al. 2022). Among the lowest income households

(lowest quintile), consumers spend over 30% of their income on food-at-home, largely pur-

chased through grocery stores (ERS 2023) while consumers closer to the median still spend

nearly 10% of their income on food. While we do not address the aggregate welfare effects

of minimum-wage changes, the fact that food purchased at grocery stores represents an im-

portant use of income argues for the overall importance of studying this issue, and of getting

it right.

The retail food industry represents an ideal setting to study the effects of imperfect

competition and inflation on minimum-wage pass-through as the degree of competitiveness

varies considerably by market (Hosken, Olson, & Smith 2018) and local competition is typ-

ically intense (Ellickson & Grieco 2013; Ellickson, Grieco & Khvastunov 2020; Arcidiacono,

et al. 2020). Although large, national retailers tend to follow relatively uniform pricing

strategies, which in absolute terms would mitigate their usefulness in studying pass-through

(DellaVigna & Gentzkow 2019; Hitsch, Hortacsu, & Lin 2021), our data includes a substan-
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tial contribution from perishable-food categories, which are more likely to reflect elements

of local competition, and regional retailers that do not follow national pricing strategies.

While others who study minimum wage pass-through in the grocery industry do not account

explicitly for competition among retailers (Leung 2021; Renkin, et al. 2022) we examine the

role of localized imperfect competition in a structural way.

Others provide extensive empirical evidence on the extent of minimum-wage pass-through

in the retailing industry (Leung 2021; Renkin, et al. 2022) but none address how minimum-

wage pass-through may change with generalized price inflation.3 In this paper, we test

a structural model of minimum-wage pass-through, and offer a simple explanation for how

minimum wages can have heterogeneous impacts on retail pricing in different macroeconomic

environments, controlling for the degree of competitiveness and curvature of demand.

We use changes in the minimum wage as a clean, exogenous source of econometric iden-

tification (Allegretto, et al. 2017). Studies that examine retail-price pass-through tend to

consider the effect of rising commodity prices on retail prices (for example, Lan, et al. 2022)

but there is no guarantee that rising commodity prices are independent of the economic

conditions that gave rise to rising retail prices in the first place. That is, commodity prices

are endogenous in a complete model of retail-wholesale distribution. In our case, however,

changes in minimum wages are clearly exogenous, and independent of conditions in whole-

sale markets. Therefore, rising minimum wages provides an excellent econometric setting in

which to study pass-through in the retail sector.

Studying wage pass-through to retail prices is very different from studying more usual

product-level cost shocks (Miravete, Seim, & Thurk 2018, 2022, 2023; Lan, et al. 2022).

Whereas changes in commodity prices affect the cost of acquiring products at the wholesale

level, wage changes affect the cost of selling finished goods through a retailer’s fixed costs.4

3There is a deep and unsettled literature on the employment effects of minimum wages (see Card &
Krueger (1994) for the seminal article on this topic, and Neumark & Washcher (2007) for an early review of
the literature), but the weight of the recent empirical evidence suggests that there are very small impacts
of an increase in the minimum wage on employment (Dube, Lester, and Reich 2010; Allegretto, et al. 2017;
Cengiz, et al. 2019; Azar, et al. 2019; Dustmann, et al. 2022), despite orthodox reasoning that suggests
the opposite – in the perfectly competitive case, a binding minimum wages must have a negative effect,
and create unemployment at the new minimum wage. Considering this question, however, is related to but
beyond the scope of our research.

4Wages affect fixed costs on the assumption that a retailer sells approximately the same amount of goods
each week, and does not respond to variation in weekly volume by employing more workers.
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Typical structural models of retail pass-through use matrices of cross-price effects to control

for a retailer’s internal incentives to change prices in response to changes in acquisition costs,

and cross-price matrices among competing retailers to control for the competitive incentives

to change prices (Richards, Allender, & Hamilton 2012; Hong & Li 2017). In our case,

however, changing labor costs only affect a retailer’s incentive to change general price levels

in competition with other retailers, assuming labor forms a different percentage of operating

costs among different retailers. Therefore, we examine how changes in labor cost, induced

by changes in the minimum wage, are passed through to consumers at the store level, and

not through the structure of individual-product demand.

We find that the pass-through rate of minimum wages is substantially higher during

periods of high inflation. Specifically, we show that each percentage point in inflation is

associated with a pass-through rate that is seven points higher than otherwise. Over our

sample period, retailers tend to pass higher minimum wages onto consumers completely (at

or near 100%), but particularly so during periods of high inflation. In fact, the average

pass-through rate in our data is over 170%, meaning that retailers increase prices by 17%

for each 10% increase in the minimum wage. Further, we find that demand curvature, in

spite of its theoretical importance in driving pass-through (Weyl & Fabinger 2013; Miravete,

Seim, & Thurk 2022, 2023), is a relatively minor contributor to pass-through empirically.

Although extreme values of curvature have an important influence on pass-through, the

fact that curvature varies near 1.0 in our data means that it is of little consequence in

reality. We attribute our findings regarding the importance of general price inflation to a

search effect: Consumers search more intensively when prices are rising, but the fact that

they are rising makes search less effective. Retailers understand this fact and raise prices

accordingly. Further, we examine our data during similar periods of previous empirical

analyses of minimum wage pass-through (Leung 2021) and find that some of their results

may be due to not accounting accurately for the joint effects of demand curvature and market

power. Third, we find that retailers price significantly below what we would expect from

highly-differentiated Bertrand-Nash competitors and that imperfect competition, per se, has

little impact on the observed rate of retail price inflation.

We make three primary contributions to the labor economics and empirical industrial
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organization literatures. First, we complement recent research by Leung (2021) and Renkin,

et al. (2022) by providing structural estimates of minimum-wage pass-through in the food

retailing industry. While both of these studies discuss the importance of the curvature

of demand and competition in affecting the rate of minimum-wage pass-through, neither

account for these features in a way that allows pass-through to vary by the degree of curvature

and the extent of competition. Our structural model allows us to directly estimate the impact

of both on the rate of minimum-wage pass-through to retail prices.

Second, we provide an estimate of how pass-through varies between low- and high-general

inflation environments, and explain why the difference is likely to be important. In settings

with low inflation, consumers do not expect prices to rise, so any retail price increase is more

likely to be viewed as a transparent attempt to increase profits. On the other hand, when

retail prices rise amidst more general price inflation, consumers search more intensively, but

with less success so retailers’ attempts to raise prices are able to stick and are not competed

away. We provide both an empirical test and theoretical explanation for why this variation

on the more general theme of consumer search and obfuscation is important to the conduct

of retail markets (Ellison & Ellison 2009; Lewis 2011; Allender, et al. 2021).

Finally, we contribute to the empirical industrial organization literature by providing

an empirical test of the strategic obfuscation hypothesis that is both grounded in theory,

and recent empirical developments in estimating retail pass-through (Miravete, Seim, &

Thurk 2018, 2022; Birchall & Verboven 2022). Although others document the importance

of accounting for structural attributes of demand while estimating pass-through, we are the

first to apply this approach to studying the effect of minimum wages on retail prices in a

high-inflation setting.

In the next section, we describe a simple model of price setting under imperfect competi-

tion, highlighting the importance of demand curvature. In section three, we explain the data

used in our analysis, and provide some summary and model-free evidence on the relationship

between minimum wages, retail prices, and the general rate of price inflation. In the fourth

section, we explain the empirical model we bring to the data, and show how pass-through

rates are likely to be affected by demand curvature and market power exercised by retail-

ers. In section five, we present and interpret our results, both in terms of the base rate of
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pass-through, the effect of general price inflation on the estimated rate of pass-through. The

final section concludes, and offers some insights for how policymakers should think about

the relationship between minimum wages and retail price inflation, and how this relationship

changes with overall price inflation.

2 Importance of Competition, Curvature and Search

Our structural model produces estimates of the minimum-wage pass-through rate that vary

over time, stores and markets. In this section, we explain why this is the case using the

canonical model of how pass-through varies with market power, demand-curvature and con-

sumer search behavior (Lewis 2011; Weyl & Fabinger 2013; Byrne & De Roos 2017; Miller,

Osborne, & Sheu 2017; Genakos & Pagliero 2022).

2.1 Theoretical Background

In discrete-choice models of demand, curvature derives from heterogeneity in consumers’

willingness to pay, and not from functional form as is usually the case (Miller, Osborne, &

Sheu 2017; Miravete, Seim, & Thurk 2018, 2022, 2023). Intuitively, consider the case of log-

convex demands (demands with “high” curvature). In a discrete choice framework, greater

heterogeneity in consumers’ willingness to pay implies more curvature and a correspondingly

higher rate of pass-through. As costs increase, firms are willing to “give up” low willingness

to pay consumers by raising prices in order to exploit the much higher willingness to pay

among consumers in the higher end of the market. What appears as something akin to

price gouging is simply exploiting the natural curvature of demand (Miller, Osborne, &

Sheu 2017). In this section, we show how this happens more formally, and derive testable

hypotheses for our empirical model below.

Consider the stylized market of Weyl & Fabinger (2013) that consists of n symmetrically

differentiated oligopoly firms. If they each face inverse demand curves p(q) then Weyl &

Fabinger (2013) show that joint profit maximization implies an equilibrium condition:

θ =

(
p(q)− c(q)

p(q)

)
εD, (1)
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where c(q) is the marginal cost of production, εD = −p/qp′ is the elasticity of inverse demand,

and θ is a conduct parameter defined such that θ = 0 implies competitive behavior, θ = 1

monopoly pricing, θ = 1/n is Cournot and θ = 1+
∑

i ̸=j(∂qj/∂pi)/(∂qi/∂pi) is Bertrand-Nash

conduct in terms of Shapiro (1996) diversion ratios. Further, define the elasticity of supply

as: εS = c(q)′(p/q), the elasticity of conduct with respect to output as: εθ = (dθ/dq)(q/θ) and

curvature as the elasticity of marginal surplus with respect to output as: ρ = pq(q)/(qpqq(q)).

With these elements, Weyl & Fabinger (2013) show the rate of pass-through as a function of

the degree of competition, demand curvature and the structure of cost and demand to be:

ϕ =
1

1 + θ
εθ

+ εD−θ
εS

+ θ(1− ρ)
, (2)

where ρ is the measure of demand curvature in Miravete, Seim, & Thurk (2022). In this

specification, it is straightforward to recognize that under assumptions of constant marginal

cost (εS = 0) and constant monopoly conduct (θ = 1, εθ = 0) then linear demands (ρ = 0)

imply a pass-through rate of 1/2 and competitive conduct implies complete pass-through

(ϕ = 1), as the “textbook” benchmarks for pass-through. Extending this intuition further,

if ρ > 1 then demand is log-convex, the denominator of (2) is smaller, all else constant at

the monopoly values, and firms pass-through cost increases at a rate greater than 100%, or

costs are over-shifted. In the concave-demands case (ρ < 0) then the denominator in (2) is

larger, pass-through is less than 100% and firms absorb some of the cost increase as lower

margins. Essentially, curvature interacts with market power to accentuate its effect on pass-

through in the log-convex demands case, raising the rate of cost pass-through and creating

the possibility that retailers over-shift cost increases into consumer prices, and profit as a

result.

We extend the basic model of Weyl & Fabinger (2013) to include consumer search, and

the role of inflation in pass-through. When consumers actively search, or choose whether

to search or not search, rational retailers play mixed strategies in prices (Yang & Ye 2008;

Tappata 2009; Chandra & Tappata 2011; Lewis 2011; Byrne & De Roos 2017). In a food-

retailing context, mixed strategies in individual product prices manifest as “temporary price

reductions” or sales (Varian 1980) in which the retailer maintains relatively high everyday

prices, but attracts searching consumers by periodically reducing prices below their usual
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level. When the market consists of a distribution of searching and non-searching consumers,

Lewis (2011) shows through numerical simulations of his mixed-strategy equilibrium that

retail prices rise more quickly in wholesale prices (i.e., pass-through rises) when consumers’

expectations of wholesale prices are below their current, actual level. This is precisely the

situation when inflation rises unexpectedly. Consumers search more when prices are rising,

so pass-through rises in inflationary periods.

Incorporating search directly into a structural expression for equilibrium pass-through

is complicated by the fact that the Weyl & Fabinger (2013) result considers pure strate-

gies while consumer-search arguments typically assume firms compete in mixed strategies.

Therefore, we summarize the implications of consumer search by incorporating a price dis-

persion parameter, T (q), in the equilibrium condition of Weyl & Fabinger (2013).5 From

Tappata (2009) and Lewis (2011) we know that S(p), the distribution of searchers across

prices, is strictly increasing in p: As prices rise, the payoff to search increases, incentivizing

more consumers to search. Because S(p) is monotonic in prices, we invert the distribution

of searchers so that S−1(p) =: T (q), which we define to be the number of searchers in terms

of quantity instead of prices. When we add T (q) in the equilibrium condition of Weyl &

Fabinger (2013) and derive an expression for pass-through, we find:

ϕ =
1

1 + θ
εθ

+ εD−θ
εS

+ θ(1− ρ)− εD
εT

T (q)
p(q)

, (3)

where εT = T (q)
T ′(q)·q is the search-elasticity.6 The only difference between the outcome for

pass-through in (2) and (3) is the negative term − εD
εT

T (q)
p(q)

that results from incorporating

search. Expression (3) implies that as search-intensity (in this case search-elasticity εT )

increases, pass-through (ϕ) also increases due to the fact that εD is negative, by definition.

Consequently, as inflation rises, the number of searchers rises, and we expect pass-through

to increase accordingly. In the next sub-section, we derive a conceptual approach to testing

each of these factors that are likely to be important to the observed rate of pass-through.

5In Weyl & Fabinger (2013), the equilibrium condition that generates the pass-through expression (2) is:
p(q)− θ ·ms(q) = mc(q) + t, where the LHS indicates the marginal revenue given conduct parameter θ, and
the RHS indicates the marginal cost plus an exogeneous shock (e.g., per-unit tax or minimum wage hike in
our case) that shifts the marginal cost curve upward.

6See Appendix A for full derivation of the pass-through formula involving search intensity.
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2.2 Empirical Approach to Estimating Curvature

With continuous models of demand, including the elements of the theoretical model above

– curvature, market power, and search – is relatively straightforward, but rarely done in

the literature. In discrete-choice demand models, however, curvature is only implicit in

the interaction between consumers’ price sensitivity, and the distribution of unobserved

heterogeneity in demands. Miravete, Seim, & Thurk (2022, 2023) show how curvature enters

discrete-choice models of demand, so we only sketch their results here. Suppose the utility of

consumer i choosing item j in market t is given by (dropping market subscripts for clarity):

uij = Xjβi + fij(pj, yi;αi) + ξj + εij, (4)

where Xj is a vector of attributes with parameters βi, yi is the income for consumer i, ξj

are factors that affect the demand for item j but are unobserved to the econometrician, and

νij are independent, identically distributed Type I Extreme Value errors. Further, fij is a

general sub-utility function that allows for a general set of relationships between price and

income with parameter αi, including the usual linear specification fij = αipj that ignores

income to the Berry, Levinsohn, & Pakes (BLP, 1995) model in which fij = αi log(yi − pj)

which captures how consumers allocate un-committed income to high-priced items such as

in their example (i.e., cars). With our Type I Extreme Value distributional assumption, the

logit choice probabilities are:

Pij(p) =
exp(Xjβi + fij(pj, yi;αi) + ξj)

J∑
k=0

exp(Xkβi + fik(pk, yi;αi) + ξk)

. (5)

Market demand for item, in our case store, j is found by integrating over the distribu-

tion of consumer heterogeneity, G(i), such that: Qj(p) =
∫
i∈I Pij(p)dG(i). Define f ′

ij =

∂fij(pj, yi)/∂pj and f ′′
ij = ∂2fij(pj, yi)/∂p

2
j so that the elasticity of demand is:

εD,j(p) =
−pj
Qj(p)

∫
i∈I

f ′
ijPij(p)(1− Pij(p))dG(i), (6)

where f ′
ij = αi in the linear sub-utility case, but more general for other non-linear sub-utility

specifications. Curvature reflects how elasticity changes in the quantity demanded, which
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includes both the dispersion of demand over the distribution of heterogeneity in (6), and its

third moment, or the skewness of G(i) so that:

ρj(p) =
p2jQj(p)

εD,j(p)

[∫
i∈I

f ′′
ijPij(p)(1− Pij(p))dG(i) +

∫
i∈I

(f ′′
ij)

2Pij(p)(1− Pij(p))(1− 2Pij(p))dG(i),

]
(7)

where µij3 = Pij(p)(1−Pij(p))(1−2Pij(p)) is the skewness of G(i). In the linear sub-utility

case, the first term on the right side of (7) is equal to zero, but not the second term, so even

in the simplest case the mixed logit model has the potential to capture a relatively wide

range of curvature values.

In fact, Miravete, Seim, & Thurk (2022) show how simple logit models restrict the value

of ρ < 1, restricting pass-through to be less than complete by construction. Further, they

demonstrate through Monte Carlo experiments that standard mixed logit models of the form

estimated in BLP and Nevo (2001) relax this restriction only marginally. Rather, in order

to remove the curvature restrictions on discrete choice models of demand, the distribution of

price sensitivity should be a function of income and thereby reflect the underlying asymmetric

distribution of income in the population.

In our empirical exercise below, we follow their example and estimate a discrete choice

model of retail store demand in which we allow for the price sensitivity of store demand to

be a flexible distribution of household income. We then estimate the value of minimum wage

pass-through comparing different implied restrictions on the curvature of demand in a model

of equilibrium pricing among imperfectly-competitive retailers in order to determine whether

changes in minimum wages are indeed more than completely passed-through to consumers,

and how the general rate of inflation affects the rate of minimum-wage pass-through.

3 Data and Identification

3.1 Data and Data Sources

We use NielsenIQ retail scanner data from the James M. Kilts Center for Marketing at the

University of Chicago Booth School of Business (hereafter, NielsenIQ / Kilts data) for our

primary pass-through analysis, for a time period that spans both low-inflation (2011 - early

2020) and high-inflation (late 2020 - 2021) time periods. In general, in choosing a sample
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time period that includes 2021 exploits a rather unique opportunity to examine retail pricing

behavior during a period of high general price inflation – an opportunity that has not arisen

in several decades (figure 1).

[Figure 1 in here]

The NielsenIQ / Kilts data are widely used for research in applied demand analysis,

empirical industrial organization, for studying wage pass-through as we do here (Leung

2021). The NielsenIQ / Kilts data measures prices, volume, and store merchandising for

every item in retail stores (at the universal product code, or UPC level), in every market in

the U.S., covering some 30, 000 − 35, 000 total stores. We conduct our analysis at the level

of the retail chain, or banner, in each of our sample markets in order to capture competition

between rival chains within the same local market. We develop store-level price and quantity

indices across all grocery categories for each retail grocery store in the NielsenIQ / Kilts RMS

data, which we explain in more detail below, and aggregate up to the banner level to produce

a market-week data set that varies across states and local areas, as well as over time. Our

empirical approach, therefore, assumes that consumers choose grocery stores on the basis of

basket competitiveness, assuming that all product categories in the store contribute to the

attractiveness of each store for consumers’ store-choice decisions. We treat each county as a

market for analytical purposes, and consider all the interaction in demand among all stores

in each county, grouping stores by ownership group as competing with all other stores in all

other ownership groups in each county.

The choice of county as our geographical unit of analysis is not without consequence, or

alternatives. Among recent research that uses the NielsenIQ / Kilts RMS data, Dix (2022)

define markets at the Designated Market Area (DMA) level to better understand retailer

market power in input markets, while Dopper, et al. (2022), Triggs (2021), and Luo (2023)

also use DMA-level data aggregations for different purposes.7 On the other hand, Kroft, et

al. (2022) define product markets at the county-level in order to use the state-border-county

identification strategy developed by Dube, et al. (2010). Because our treatment occurs at

the state and / or local levels, and we require accurate measures of market level income, we

7DMAs are also known as “media markets” so NielsenIQ reports scanner data by DMA in order to reflect
television and radio markets that may be relevant to retailers and product suppliers.
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follow Kroft, et al. (2022) and define markets at a county level.8

Our data measure store sales and prices on a weekly basis from the first week of January

2011 through the final week of December 2021. We do not aggregate out to the monthly

level as others in this literature do (Leung 2021; Renkin, et al. 2022) in order to focus our

attention on the announcement effects associated with minimum-wage legislation. Due to

the exceptional nature of retail sales during the COVID-19 pandemic, we control for the

onset and development of the COVID-19 pandemic using a full set of weekly controls in our

empirical model. Our identification strategy, therefore, compares weekly pass-through over a

long pre-inflationary period (before July 2021) with pass-through over several weeks during

strong retail price inflation. Our empirical analysis with this data include both reduced-form

models (similar to Leung 2021 and Renkin, et al. 2022) and structural models intended to

test our search, curvature, and market-power hypotheses.

Beginning with a sampling frame of the entire U.S., we remove several markets from our

analysis for various reasons. First, because we know that competitive interactions among

retailers are likely to be important in determining pass-through rates (Weyl & Fabinger 2013;

Miller, Osborne, & Sheu 2017; Miravete, Seim, & Thurk 2018, 2022), we choose specific

markets in each state and select competing retailers from those markets. Treatments in our

data are at the state and / or local areal level, so we choose the largest county, by population,

in each state as representative of the largest market for groceries. While this approach ignores

some important markets in each state, our intent is to sample representative markets and not

necessarily to include them all. Focusing on competitive interactions, however, means that we

drop some markets from our analysis that do not report at least two competing retailers that

compete over the entire sample period. We realize that all the largest counties in the U.S.

have at least two retailers, but not all report their data to NielsenIQ. Our set of competing

retailers, therefore, is conditioned on the subset that report scanner data to NielsenIQ. Our

final sample, therefore, consists of markets in seven states: Arizona, California, South Dakota,

North Carolina, Washington, West Virginia, and Vermont. Second, we retain one state that

does not have a minimum wage above the federal minimum (North Carolina) to serve as a

8There are also 12 DMAs in the U.S. that split counties, so allocating demographic variables collected at
the county level is more arbitrary than we are willing to accept.
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control market.9 While there were other markets that could serve as a control market, in

the sense that their minimum wage did not vary over the sample period, none also met the

criteria of having at least two retailers competing consistently over the entire sample period.

We form our price indices following Beraja, Hurst, & Ospina (2019) and Leung (2021),

with a similar goal of approximating the Bureau of Labor Statistics’ Consumer Price Index

(CPI) as closely as possible. We assume retailers make pricing decisions at the national or

regional level (DellaVigna & Gentzkow 2019; Hitsch, Hortacsu & Lin 2019) so we aggregate

sales over stores under the same retail banner in the same market in order to define our

price indices.10 First, we remove any store that does not appear in the data over the entire

sample period in order to remove the effect of store entry and exit. Second, others aggregate

the data to the monthly or quarterly level in order to minimize the effect of “chain drift,”

but at the expense of aggregation bias due to averaging over retailers’ pricing cycles.11

Because retailers compete on a regional basis over weekly pricing cycles, we instead use

weekly prices and allow item weights to reflect week-to-week changes in item sales. Third,

we construct product-group average prices by dividing the total sales in each product group,

for each store, by the total number of units sold in the product group. As Leung (2021)

explains, the result is a quantity-weighted weekly average price at the product group level.

Fourth, we then aggregate product-group-level price indices up to the store level using store-

level product-group shares as weights to construct weekly store price indices. Finally, we

aggregate to the chain level by constructing weighted averages over each retail chain, where

weights are defined as total store sales divided by chain sales, under the same retail chain in

the same market. Designing our sample around the implicit assumption that retailers price

consistently across stores in a particular region is supported by empirical evidence that there

is far more variation in retail prices between chains than within over a national or regional

9The federal minimum wage is currently $7.25 / hour, so retaining only North Carolina means that we drop
19 states from the analysis. Five states (Alabama, Louisiana, Mississippi, South Carolina and Tennessee)
do not have state minimum wages, Georgia and Wyoming have minimum wages that are below the federal
minimum, and the other 13 states have minimums equal to the federal minimum (U.S. Department of Labor).

10Retail banners are not synonymous with ownership groups as some owners may have several different
retail brands, each of which is managed somewhat independently of the others.

11Chain drift is defined as the difference between a “chained” price index, or one that updates the item-
weights of each item in the hypothetical consumer basket due to price-induced substitution, and one that
uses fixed item-weights, such as the BLS CPI. Fixed-weight indices overstate changes in the actual cost of
living as consumers substitute among items as relative prices change.
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sample (DellaVigna & Gentzkow 2019; Hitsch, Hortacsu & Lin 2019).

In the structural model, which we describe in more detail below, we estimate the choice-

probability for each retailer, in each market, each week. In order to estimate the relative

attractiveness of each retailer, we measure retailer-week-county market shares from observed

dollar-sales of each store, aggregated to the retailer level in the NielsenIQ / Kilts data.

Retailer attraction also depends on marketing mix elements that vary by retailer, and over

time (Bell & Lattin 1998; Briesch, Chintagunta, & Fox 2009; Briesch, Dillon, & Fox 2013)).

Therefore, we also calculate the size of the assortment offered by each retailer by taking a

weighted average of the assortments offered in each store, measured as the total number of

UPCs sold in each week, with weights defined as store sales divided by total weekly sales of the

retail chain. We introduce two marketing-mix elements by calculating the weighted-average

probability that a product is on display in each store, and the average feature probability,

with weights defined as above. Of course, store choice also depends on the store-level price

index.

Demand curvature depends critically on observed heterogeneity, specifically household

income in each market (Miravete, Seim, & Thurk 2018, 2022, 2023). Our demographic

and socioeconomic data are from the NielsenIQ / Kilts HMS (Household Panel) data set

for matching markets and retailers as our RMS scanner data. We use contemporaneous

estimates from 2011 - 2021 for average age, education (years attained), average income, and

household size for each county represented in our scanner data. Although there are many

different potential measures of income, we use household income as the measure that is most

relevant for household-level grocery purchases, aggregated up to the county level by taking a

simple average over all households in the relevant HMS data. Table 1 summarizes all of our

estimation data, including the market-level demographic data and the week-market-banner

price indices that form the basis of both our reduced-form and structural models.

[Table 1 in here]

We obtain minimum wage data from Vaghul & Zipperer (2022), and define the effective

date as the date of implementation rather than enactment. Table 2 below shows how mini-

mum wages varied across our sample markets during the 2011 - 2021 time period, and Figure

2 shows how minimum wages vary more generally across all markets in the U.S. Unlike ear-
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lier sample periods used in Leung (2021) and Renkin, et al. (2022), minimum wages varied

substantially both over time and across the cross-sectional markets in our data. Figure 3

provides summary evidence of the extent of covariation between minimum prices and wages

across every state in the U.S.

[Table 2 in here]

[Figure 2 in here]

[Figure 3 in here]

Our inflation data are from FRED (Federal Reserve Board of St. Louis 2023) and rep-

resent monthly changes in the consumer price index (CPI) calculated by the U.S. Bureau

of Labor Statistics. Although this definition of inflation invites criticisms that inflation is

endogenous to minimum wage pass-through, retail food represents only 14.2% of the CPI

(Statista 2024) so changes in retail food prices have a relatively small effect on our measure

of inflation. Regardless, we conduct a robustness check of our main results with a measure

of the CPI that excludes food and our findings remain qualitatively the same.

This is an important point because our objective is not only to study the pass-through

of minimum wages to retail prices, but how the level of general price inflation affects pass-

through. The popular press coined the term “greedflation” as inflation rose during 2021 and

firm profits continued to rise, citing higher consumer demand a seeming unlimited willingness

to pay after emerging from the COVID-19 pandemic (De Pillis 2022). In Figure 4, we examine

this question visually by showing a summary relationship between quarterly gross margins of

all publicly-traded food retailers, which includes the retailers in our data, again relative to the

general level of price inflation. This graphic shows that there seems to be no credence to this

argument, at least in summary data. In fact, there seems to be a negative correlation between

inflation and gross margins. Rising profits when all costs are also increasing, however, implies

a very general sort of overshifting that has yet to be documented in the empirical literature.

In our empirical analysis below, we disentangle consumer and competitive responses and test

whether the summary insights in Figure 4 hold up under deeper statistical analysis.

[Figure 4 in here]

16



3.2 Identification and Reduced Form Estimates

Our identification strategy for the underlying minimum wage-price index relationship is

similar to that used in Leung (2021) and Renkin, et al. (2022) namely, conditional on a set

of controls and fixed effects at the week and store level, stores in areas that did not experience

an increase in the minimum wage serve as controls for stores in areas that did.12 Our strategy

is widely accepted in the literature that studies the impact of minimum wages on employment

and, as such, is not controversial (Allegretto, et al. 2017; Cengiz, et al. 2019; Azar, et al.

2019; Dustmann, et al. 2022). Given that our main approach is structural, however, we do

not rely solely on the causal nature of our findings for our main contribution, but as a means

to ensure that our structural findings can indeed be interpreted as causal.

In this sub-section, therefore, we offer an econometric analysis of minimum-wage pass-

through roughly equivalent to Leung (2021) and Renkin, et al. (2022) in the recent empirical

literature in order to establish a baseline for our structural estimates below, and to compare

our estimates to others. For this purpose, we estimate a series of reduced-form models in

which we include retailer (market) and week fixed effects in order to account for factors

that may affect pass-through that are either retailer or week-specific and yet not otherwise

captured by our controls. We also account for the effect of inflation in a very straightforward

way – simply by interacting the current rate of inflation with changes in the minimum wage.

Our estimates in Table 3 below find a pass-through rate of 8.1% (for a 100% increase

in minimum wages, or a pass-through elasticity of 0.081, we use the former interpretation

throughout for clarity) which is slightly larger than Renkin, et al. (2022, 3.6%) and is roughly

in line with Leung (2021, 7.0%). More importantly, however, our estimates in Table 3 show

that the pass-through rate in Model 5 is significantly higher in inflationary regimes than

otherwise. Because these estimates are in log-values of the price and minimum wage variables,

they imply that the base pass-through rate of 8.1% in the preferred model is over 10.0% when

inflation-interaction is taken into account. Leung (2021) shows that a pass-through rate of

about 7.0% is consistent with complete pass-through, given the share of labor in retailers’ cost

12We refer generically to “areas” to include both states and localities. There were no changes in the federal
minimum wage over our sample period, but many of the minimum wage changes took place at the sub-state
or locality.
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structures, so our estimate of 10.1% suggests that retailers significantly over-shift minimum-

wage increases during inflationary regimes. Over-shifting implies that retailers pass through

costs at a rate greater than 100% so are actually profiting from increases in cost, but whether

the mechanism is greed or a competitive equilibrium remains to be seen.

[Table 3 in here]

These estimates, however, are only reduced-form in nature and do not test any underlying

pass-through mechanism directly. The structural approach of Miravete, Seim, & Thurk

(2022), on the other hand, allows us to test directly whether pass-through is an artefact of

demand elasticity and demand curvature and, hence, the amount of market power exercised

by grocery retailers. We turn to this question in the next section after explaining how we

identify demand manifolds in our retailer data.

3.3 Structural Identification

As is common in structural models, however, the primary barrier to identification is the

endogeneity of prices (BLP; Berry & Haile 2016). For our structural analysis, we follow

Gandhi & Houde (2019) and Miravete, Seim, & Thurk (2022) and include distances between

fitted prices as instruments in a IV-estimation framework. Namely, we recognize that the

goal in instrumenting for prices is to remove endogeneity that derives not only from demand,

but from the exercise of market power as well. Gandhi & Houde (2019) argue that if we

control as nearly as possible for all of the elements that define the competitive environment

of each retailer (in our case), and remove those elements from the inverse demand for the

product, then we can isolate the remaining purely exogenous variation in prices. Formally,

we write the inverse demand for retailer demand as:

ϕ−1
jt (st, xt, pt; θ) = h(ωjt; θ) + Ct(θ), (8)

where st is the vector of retailer market shares in market t, xt is a vector of retailer attributes,

pt are endogenous prices, and θ is the vector of demand parameters we wish to estimate.

If Ct(θ) is a market-specific constant, then ωjt is a market-state vector composed of all

the elements relevant to market competition, or ωjt = {skt, dxj,kt, d
p
j,kt} such that dxj,kt =

xjt − xkt and dpj,kt = pjt − pkt are the distances between firms j and k in attribute and price
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space, respectively. Distances cannot be used directly, however, as they are not likely to be

independent of market-specific demand shocks, so we follow Miravete, Seim, & Thurk (2022)

and define distances instead using fitted prices from hedonic price regressions of the form:

pjt = γ0 + γ1xjt + γ2wjt + υjt, (9)

where xjt are exogenous store attributes and wt are market-level cost shocks. In our appli-

cation, we define the set of store attributes as the variety on offer each week (calculated as a

simple sum of the number of stock-keeping-units sold that week, as in Richards & Hamilton

(2015)), the percentage of items on display, the percentage of items featured that week, and

the number of stores owned by each retailer in the relevant market. We calculate cost shocks

as price indices for retail wages, a producer price index of manufactured food prices, and

indices of electricity, marketing, and transportation costs. All of these latter variables are

from the Bureau of Labor Statistics (BLS), while the retailer attributes are calculated from

our NielsenIQ / Kilts RMS data. Once we estimate the model in (9) we then form fitted

values, and calculate distances using:

zjt =
R∑

r=1

(
ˆ
prt −

ˆ
pjt)

2, (10)

for retail prices. Because these instruments reflect only exogenous variation in attributes

and cost shocks, they are themselves exogenous and are not subject to the usual criticism of

“Hausman Instruments” (Hausman, Leonard, & Zona 1994). Intuitively, expressing them as

distances from all other prices in the market removes the part that is common to all retailers

in the same market. We then use these instruments in a control-function framework in our

random-parameters logit model described in the next section.

4 Empirical Model

In this section, we describe the empirical model that we use to examine the effect of general

price inflation on minimum-wage pass-through. Our approach is structural in nature, so

that we can control for market power and demand curvature while estimating the extent of

minimum wage pass-through in different price-inflation scenarios. Therefore, our empirical
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approach accounts for three factors: (1) demand curvature, (2) imperfect competition among

retailers, and (3) the effect of inflation on pass-through. In the description below, we explain

how we account for curvature through the demand model, and address the other two through

a structural model of price-competition.

4.1 Demand Model

We base our demand model on the unit-demand, discrete-choice model of Miravete, Seim,

& Thurk (2022). We begin with a standard unit-demand, discrete-choice model of market-

level demand in which the object of demand is a grocery-store visit (Berry & Haile 2016).

Grocery stores are highly differentiated in each local market, and we assume consumers

choose one store from among many alternatives for their primary store visit during each

purchase cycle. Although there is a large literature that considers the role of categories that

may be particularly attractive at one store or another as a driver of store choice (Bell &

Lattin 1998; Briesch, Chintagunta, & Fox 2009; Briesch, Dillon, & Fox 2013), we abstract

from this element of the consumer-choice process as we focus only on store choice, and the

attributes of each store, and not the characteristics of each category in the store.13

We follow Miravete, Seim, & Thurk (2022) and consider a general discrete choice model

that is capable of producing both flexible substitution patterns and flexible curvature esti-

mates as both are important to the pass-through question. To that end, we write the utility

function for consumer i in time period t for store j as:

uijt = Xjtβ + fi(yi, pj) + ξj + εij, i ∈ I, j ∈ J, (11)

where we assume ε is Type-I Extreme Value distributed, and the sub-utility function fi(yi, pj) =

αi(yi, φi)pj = (α0 + α1yi + φi)pj, captures the insight from Miravete, Seim, & Thurk (2022)

that the only demographic interaction factor that matters empirically, at least for demand

curvature, is income. This point is particularly true in our setting, as income is a primary

determinant of whether a consumer visits a high-end supermarket or a lower-priced alter-

native, so is likely to be also important to both the elasticity of demand, and its curvature.

13Zhang, et al. (2017) develop the concept of “polygamous store loyalty” that captures the notion that
consumers may frequent multiple stores, depending on their needs and category-attributes of stores in their
choice set. We do not deny the validity of the polygamous store loyalty concept, but maintain that consumers
still have a preference for one store for the bulk of their grocery purchases.
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Our specification also captures the specific type of mixing distribution that will both avoid

generating positive demand-elasticities, and a general pattern of curvature with the least

empirical restriction. Namely, we allow the interaction parameter φi to follow a normal

distribution (φi ∼ N(0, 1)). With estimates from (11) we recover elasticity and curvature

estimates that vary over all observations in our data set using the approach described in

equations (6) and (7) above, and account for the other two features of our model (imperfect

competition and inflation) using the approach in the next section.

4.2 Pricing Model

We extend the base model of Miravete, Seim, & Thurk (2018, 2022) by allowing for the pos-

sibility that pass-through changes with both curvature and the general rate of inflation. Our

consumer search hypothesis implies that retailers with market power pass-through higher

costs in inflationary environments because consumers are searching more actively, and yet

all pass-through outcomes are conditioned by the curvature of demand. Both of these out-

comes are implicit in the strategic price equilibrium, which varies over time and across retail

markets.

We assume retailers maximize profit by choosing store-level prices under price (Bertrand-

Nash) rivalry. We depart from the usual Bertrand-Nash pricing literature, however, by

examining how retailers respond in equilibrium to a cost shock, in particular an increase

in the minimum wage. In this model, the minimum wage rises, and retailers change prices

in response to the cost shock in a way that restores the Bertrand-Nash price equilibrium,

conditioned on how they expect consumers to respond to the change in prices. In this way,

we capture the impact of imperfect competition and demand curvature on minimum-wage

pass-through. We begin by assuming the profit function for retailer j is written:

Πj = Msj(pj − cj)− Fj, (12)

where Πj is the profit for retailer j, sj is the market share of retailer j in its local market

(county), from the expression preceding equation (6) above, M is the total size of the local

market (in volume), cj is the marginal cost of selling groceries in retailer j, and Fj reflects

the retailer’s fixed cost of selling items in all categories. The marginal cost of stocking
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items in equation (12), which reflects both the costs of producing and retailing items in all

categories, is a linear function of input prices, which results in the following expression for

retailing costs:

cj(vj) =
∑
l∈L

ηwlvjl + ϵj, (13)

where vj is a vector of L input prices, ηwl are estimates of the contribution of each input

price to unit costs, and ϵj is an iid error term.

For our purposes, we assume retailing wages are separable between non-minimum wage

employees and minimum-wage employees. Assuming separability is necessary to obtain a

pass-through estimate that is unique to minimum-wage workers. We estimate retailing costs

after substituting equation (13) into the first-order conditions derived below. Conditional

on the structure of demand, store j’s first order condition for optimal prices becomes:

∂Πj

∂pj
= Msj +M

∑
k∈J

(pk − ck)
∂sk
∂pj

= 0, ∀j, k ∈ J, (14)

where ∂sk/∂pj is one element of a vector of store-sales derivatives with respect to price

for all retailers in each market. Stacking the first-order conditions across retailers in each

market, and suppressing the market notation for clarity, we we write the Bertrand-Nash

price equilibrium condition as:

p = c− (θSp)
−1S+ ϵ, (15)

where bold notation indicates a vector (or matrix), and Sp is the matrix of store-volume

derivatives with element ∂sk/∂pj. We include the conduct parameter θ consistent with the

theoretical framework above to measure the extent of deviation from the maintained form of

the pricing game, and to capture the effect of market power on pass-through. If our estimate

is θ = 1, then retailers compete as Bertrand-Nash rivals and any markup is due entirely

to the extent of store differentiation reflected in the matrix of store-volume derivatives. If,

however, we find θ = 0, then margins are zero and retail prices are consistent with perfect

competition. Based on the Weyl-Fabinger model in (2) above, the extent of market power

interacts with curvature in determining the pass-through of minimum wages to retail prices.

We measure the effect of curvature and market power on pass-through by simulating

pricing outcomes under equation (15) under different assumptions regarding values of ρ
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that are implicit in the demand estimates from equation (11) above. We obtain empirical

estimates of the pass-through rate following Miravete, Seim, and Thurk (2023), namely

by shocking the level of minimum wages by 100%, changing prices by the marginal-cost

estimate in (15), allowing demand to change through the matrix of cross-price elasticities

implied by (11), and then re-solving for the implied Bertrand-Nash equilibrium price vector,

and measuring the difference between the initial and simulated equilibrium values. Because

the change in minimum wages is set at 100%, the calculated pass-through value is easily

comparable to others in the literature (Leung 2021; Renkin, et al. 2022) who estimate

reduced-form pass-through elasticities. By allowing our pass-through estimates to vary over

all observations in the data set, over time and across retail markets, we are then able to

estimate the relationship between our implied pass-through values and variation in curvature

and the rate of general price inflation. We report the results of this exercise in the next

section.

5 Results

In this section, we present and interpret our empirical results, beginning with estimates of the

demand model, and then moving to our findings from the structural pricing and simulation

exercises.

5.1 Demand Estimates

We begin by presenting and explaining our demand estimates, and then move to their impli-

cations for pricing and pass-through in the next section. Estimates from different versions

of our demand model are in Table 4 below. In this table, we show estimates from successive

versions of the model in which we control for different levels of fixed effects (Models 1 and

2), adding a control for endogeneity in Model 3, and allowing for a fully-flexible marginal

utility of income in Model 4. Because the fully-saturated model (Model 4) provides the best

fit to the data (χ2 = 753.02 relative to Model 3) we interpret our findings using this model.

[Table 4 in here]

There are several estimates of note in Table 4, but we will focus on those that are of inter-
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est to our objective of estimating pass-through, and elements of the economic environment

that affect pass-through. First, note that the income effect in the random-price parameter

is significant, and including income as a measure of price-response heterogeneity explains

a considerable amount of demand-variation between stores and over time. Therefore, our

model is likely flexible enough to capture the sort of elasticity and curvature variation noted

by others in the literature (Birchall & Verboven 2022; Miravete, Seim, & Thurk 2022, 2023).

Exploiting this flexibility, we estimate price-elasticity and curvature values for every obser-

vation in the data set using equations (6) and (7) above, respectively. Across the entire data

set, the estimates in Table 4 imply an average own-price elasticity of −2.6038 (standard devi-

ation = 0.7428), which is relatively elastic compared to other store-choice models (Richards

& Liaukonyte 2023) but likely reflects the fact that our model accounts more completely

for factors that likely cause retail prices to be endogenous.14 Second, we find an average

curvature value of 1.0239 (standard deviation = 0.3514), which is slightly log-convex. Figure

5 below shows the demand manifold implied by these curvature and elasticity estimates, and

implied a significant number of elasticity and curvature pairs well into the sub-convex region

of the manifold. Consequently, we expect to find an average pass-through rate that is greater

than 1.0, or minimum wages that are overshifted into retail prices.

[Figure 5 in here]

Among the other parameters reported in Table 4, we note that variety and the breadth

of retail distribution have strong and statistically-significant effects on retailer-level market

share in each geographic market. Neither of these results are surprising (Bell & Lattin 1998;

Briesch, Chintagunta & Fox 2009), but point to the fact that our specification controls for

factors that are otherwise likely to explain variation in market share, and would otherwise

confound our elasticity and curvature estimates if not accounted for. The negative estimate

for the Display variable is somewhat surprising, but not in a model in which we already

control for the demand-increasing effect of featuring a product, and price variation.

14It is well understood that the direction of bias in estimating demand elasticities is typically positive
(Villas-Boas and Winer 1999) so removing sources of endogeneity lead to larger, or more negative, price
elasticities of demand.
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5.2 Retail Pricing Model Results

In this section, we discuss our pricing model estimates, and their implications for how cur-

vature and inflation affect the rate at which changes in minimum wages are passed through

to consumers. Recall that our pricing model assumes retailers compete as Bertrand-Nash

oligopolists in their local market, conditioned on the structure of demand shown in Table 4.

In this model, curvature is only implicit so we use the pricing model to estimate the marginal

cost of retailing labor, and then use counterfactual simulation to solve for equilibrium prices

that result following a shock to minimum wages. We interpret the resulting change in prices

as the extent to which higher minimum wages are passed through in each market.

We show our pricing model estimates in Table 5 below. We estimate three versions of

the pricing model in (15), accounting for three different fixed-effect structures in addition

to two measures of labor-based retailing costs. Our preferred model is a two-way fixed

effects model in which we account for fixed effects for the months of the data set and each

individual retailer.15 Because the marginal cost function is linear, each of the cost estimates

is interpreted as contributing to the unit cost of producing groceries. Both the retail wage

index and minimum wages are statistically significant and positive, which is to be expected.

These parameters, however, cannot be used to interpret pass-through directly as equilibrium

markups are likely to change following a shock to any cost item, which will change both

the left-side and the right-side of the model in (15). Consequently, estimating pass-through

involves re-solving for equilibrium prices conditional on the nature of competition in the

market. In this regard, our conduct-parameter estimate (θ = 0.5766, p < 0.01) implies that

retailers in our sample, on average, are more competitive than the maintained Bertrand-Nash

assumption (θ = 1) but are not perfectly competitive (θ = 0).16 When firms are imperfectly

competitive, the interaction between curvature and market conduct means that pass-through

is an empirical question (Miller, Osborne & Sheu 2017) and overshifting costs is a very real

15Because retailer banners are generally unique to each geographic market, it was not possible to include
market-level fixed effects as well.

16We acknowledge that estimating “conduct parameters” is controversial (Corts 1999), but follow Weyl
and Fabinger (2013) in interpreting conduct as a parametric estimate of the net effect of accounting for all
Shapiro (1996)-type diversion ratios across all retailers in each market. Weyl and Fabinger (2013) show that
allowing for conduct is essential in modeling pass-through in imperfectly competitive industries.
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possibility.

[Table 5 in here]

We summarize our findings regarding the pass-through of a shock to minimum wages in

Table 6 below. We following the experiment in Miravete, Seim, & Thurk (2022) by allowing

minimum wages to change by 100%, or doubling. Although a change in minimum wages of

this magnitude is unrealistic, the size of the change does not affect the relative magnitude of

the change in retail prices, and starting with a 100% change allows for a clean interpretation

of the result. Based on our assumed change in minimum wages, the estimates in Table 6 show

that we expect retail prices to rise by roughly 6.0% in equilibrium, and markups by almost

29.0%. While media reports during the inflationary period of 2021 - 2022 interpreted this

outcome as “greedflation,” we show that it is indeed a natural outcome of oligopoly retailers

passing-through costs in market equilibrium. The fact that markups rise following a change

in costs is less a matter of greed than a consequence of curvature, namely that log-convex

demand means that retailers have an incentive to raise prices for high willingness-to-pay

consumers, at the risk of losing low willingness-to-pay consumers, as the increase in profit

from serving the former outweigh the costs of losing the latter.

[Table 6 in here]

In fact, if we allow for the fact that 25% of retail grocery workers earn the minimum wage

(calculated from the U.S. Current Population Survey), and that labor accounts for some

14% of retail operating costs (National Grocers Association 2021; U.S. Census Bureau), our

estimates imply a pass-through rate of some 171.6%, or well above the level of complete cost

pass-through. Controlling for the structure of demand, competition in each retail market,

and other labor costs, therefore, changes in the minimum wage are over-shifted into retail

prices.

Our estimate is substantially higher than Renkin, et al. (2022) and even the relatively-

high estimate of Leung (2021), but neither of these studies account for the equilibrium change

in prices and the effect of competition on cost pass-through. Reduced-form estimates of pass-

through cannot control for the impact of competition on retail pricing because conduct in

imperfectly-competitive markets is endogenous in a way that cannot be addressed by simply

adding fixed effects or even conventional instrumental-variables strategies (Miller, et al.
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2022). Further, neither of these studies consider pass-through during inflationary periods,

which may be substantially different because consumers expect higher prices when all prices

are rising. In a high-inflation environment, the possibility of using a general increase in prices

to pass through cost increases more effectively is a real possibility as it is a consequence of

consumer search behavior (Lewis 2011; Byrne & De Roos 2017) or the ability to profit from

confusion.17 Disentangling the effect of inflation from the structure of demand, however, does

not emerge from our structural model so we conduct a post-simulation regression analysis

to disentangle the relative contribution of each.

As we discuss above, the effect of curvature on pass-through is implicit in the Bertrand-

Nash pricing model developed in the previous section, and the effect of inflation is struc-

turally absent. Therefore, we examine the relationship between curvature and inflation with

pass-through using a set of secondary two-way fixed effects regression models in which we

use variation in each to explain variation in pass-through over time, and across our sample

retailers.18 We show our estimates from these two-way fixed effects regressions in Table 7

below. In this table, the preferred-model specifications show that both inflation (Model 2)

and curvature (Model 4) are positively related to pass-through rates over time and across

retailers, as expected. In Model 2, we find that a one percentage point increase in inflation

(for instance, from 1.0% rate of increase in prices to 2.0%) results in a roughly seven per-

centage point increase in pass-through (for instance, from 100% to 107%). Because inflation

reached a peak of some 7.0% in our sample (2021) and over 9.0% during 2022 (see Figure

1), our findings suggest that changes to the observed pass-through rate due to inflationary

pressures alone could have easily changed an under-shifting environment, in which retailers

absorb cost increases and suppress food price inflation, to an over-shifted environment in

which cost increases are magnified and the appearance of greedflation sets in.

[Table 7 in here]

In fact, the effect of inflation is substantially larger than the effect of curvature in our

data. From Model 4 in table 7, we see that a one point increase in curvature (not measured

17This notion paraphrases a statement by Tony Curtis in the movie “Petticoat Junction” but refers to a
more general social-psychological concept.

18Note that we use the national rate of inflation in these regressions, and measure pass-through at the
individual store level, so any endogeneity through individual-store prices is likely to be very small.
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in percentages), or roughly from the mean to the upper 95th percentile in our data based

on the demand manifold in Figure 5, implies a 0.4 percentage point increase in pass-through

(for instance, from 100% to 100.4%). Figure 6 shows this relationship in graphical form,

and highlights the fact that something other than curvature seems to explain differences in

the pass-through rate, particularly at low levels of curvature. Curvature does indeed have a

significant effect on pass-through, but not nearly as statistically important as the effect of

inflation. Based on the theoretical model of pass-through from Weyl & Fabinger (2013) in

(2) above, the reason is clear: Curvature only mediates the effect of market power on pass-

through, so when retailers play something near Bertrand-Nash (θ = 1) and curvature itself

floats around 1.0, the entire second term in the theoretical pass-through equation nearly

disappears. In fact, when we restrict our sample to only high-curvature observations, the

estimated effect of pass-through rises from 0.4 to 1.5, so curvature becomes much more

important for pass-through in some markets.

[Figure 6 in here]

Our findings provide an important link in the policy discussion surrounding the effect of

minimum wages on retail food prices, and on the causes of inflation more generally. First, we

show that understanding the structure of demand is critical to understanding how changes

in cost are likely to affect retail prices. Whereas traditional models of retail pricing, based

on BLP-type demand models, cannot account for the effect of curvature on demand, by

using a modeling approach that permits flexibility in both elasticities and curvature we are

able to generate more accurate estimates of pass-through that address the effect of consumer

behavior on retail pricing. Second, we provide empirical evidence that greedflation may

indeed be present in retail pricing, but not through the usual mechanisms described in the

media. While we cannot test our consumer search hypothesis directly, as others that use

experimental data can (Allender, et al. 2021), we find evidence that pass-through rises

in periods of general price inflation. This suggests that individual stores are able to use

consumers’ expectations of rising prices as a sort of self-fulfilling outcome – if consumers

expect higher prices, and retailers profit from their expectations, then prices will indeed

rise. Third, we show that there is no bright line between market structure, or even market

conduct, and pass-through as the transmission of costs to retail prices results from a complex
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interplay of the structure of demand, the general macroeconomic environment, and the extent

of imperfect competition.

6 Conclusion

In this paper, we provide an empirical analysis of minimum wage pass-through among a

sample of food retailing data using a structural approach in which we are able to account

for the exercise of market power and demand curvature. We also estimate our model in a

setting of general price inflation and argue why pass-through is likely to differ in high-inflation

settings. While there has been a considerable amount of recent research on this topic using

data from previous periods of low price-inflation (Leung 2021; Renkin, et al. 2022) we are the

first to consider how pass-through differs across different regimes of fundamentally different

experiences with general price inflation. Our hypothesis is that pass-through is higher when

all prices are rising, and base our expectations on a theoretical model of consumer search,

and consumer expectations.

We find that accounting for demand curvature and market power is important when

estimating cost pass-through rates. However, our empirical findings suggest that accounting

for the likely “feedback effect” through a high general rate of price inflation is more important.

In fact, our empirical estimates point to an inflation effect that is an order-of-magnitude more

important than demand curvature alone. We explain the importance of price inflation on

minimum-wage pass-through as an example of the importance of accounting for consumer

search behavior – when consumers are unsure as to what the true price of an item is supposed

to be, sellers can exploit this informational uncertainty to their advantage. In this case, that

means passing through cost increases that they would otherwise not be able to. There

is a strong theoretical (Ellison & Ellison 2009; Ellison & Wolitzky 2012) and empirical

(Allender, et al. 2021) basis for our findings, but our application in this case is arguably

more important for policy purposes as minimum wages are one of the primary pillars through

which governments attempt to redress issues of fundamental inequality in the economy.

Our findings are important because our experience with pass-through prior to 2021 simply

cannot be used as a guide for more general expectations in a different world in which price

29



inflation is neither low nor stable. We use minimum wages as one example of a plausibly

exogenous rise in costs that may contribute to price inflation, but it is likely the case that

higher rates of pass-through in high-inflation settings holds for other costs as well, from

wholesale purchases to operating inputs like energy, materials, real estate, and the cost

of capital. Indeed, the mechanism we describe here suggests that cost increases during

inflationary times can lead to a sort of self-fulfilling prophecy wherein rising prices beget

more rising prices in a destructive upward cycle of inflation.

Future research in this area would benefit from more data during high-inflation periods.

Because our retail data only captures the beginning of the inflationary period in 2021, sub-

sequent empirical analyses may find something different when inflation appeared to peak in

2022, and declined thereafter. Further, we are confident that our demand model captures

a wide range of possible curvature scenarios, but other research in this area (Birchall &

Verboven 2022; Miravete, Seim, & Thurk 2022, 2023) points to a much larger set of tools

that are able to account for demand curvature in applications like this. Third, we con-

sider minimum-wage pass-through as an important example of why pass-through matters

in an economically-critical industry, but there are other settings in which pass-through is

also important and worthy of investigation over the inflationary period of 2021-22. Hori-

zontal mergers, new-product introductions, or changes in distribution technologies are all

examples of cases in which pass-through during inflationary periods is likely to differ from

non-inflationary periods.
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[24] Döpper, H., MacKay, A., Miller, N., & Stiebale, J. (2022). Rising markups and the

role of consumer preferences. Harvard Business School Strategy Unit Working Paper,

(22-025). Harvard University, Cambridge, MA.

[25] Dube, A., Lester, T. W., & Reich, M. (2010). Minimum wage effects across state borders:

Estimates using contiguous counties. Review of Economics and Statistics, 92(4), 945-

964.

[26] Dustmann, C., Lindner, A., Schönberg, U., Umkehrer, M., & Vom Berge, P. (2022).

Reallocation effects of the minimum wage. Quarterly Journal of Economics, 137(1),

267-328.

[27] Ellickson, P. B. (2016). The evolution of the supermarket industry: From A&P to

Walmart. Handbook on the Economics of Retailing and Distribution, 368. Edward Elgar

Publishing.

[28] Ellickson, P. B., & Grieco, P. L. (2013). Wal-Mart and the geography of grocery retailing.

Journal of Urban Economics, 75, 1-14.

[29] Ellickson, P. B., Grieco, P. L., & Khvastunov, O. (2020). Measuring competition in

spatial retail. RAND Journal of Economics, 51(1), 189-232.

[30] Ellison, G., & Ellison, S. F. (2009). Search, obfuscation, and price elasticities on the

internet. Econometrica, 77(2), 427-452.

[31] Ellison, G., & Wolitzky, A. (2012). A search cost model of obfuscation. RAND Journal

of Economics, 43(3), 417-441.

[32] Federal Reserve Board of St. Louis (FRED). (2023). (https://fred.stlouisfed.org). Ac-

cessed December 1, 2023.

33



[33] Ganapati, S., & Weaver, J. (2017). Minimum wage and retail price pass-through: Evi-

dence and estimates from consumption data. Available at SSRN 2968143.

[34] Gandhi, A., & Houde, J. F. (2019). Measuring substitution patterns in differentiated-

products industries. NBER Working paper, (w26375).

[35] Genakos, C., & Pagliero, M. (2022). Competition and pass-through: evidence from

isolated markets. American Economic Journal: Applied Economics, 14(4), 35-57.

[36] Goodman-Bacon, A. (2021). Difference-in-differences with variation in treatment timing.

Journal of Econometrics, 225(2), 254-277.

[37] Hausman, J., Leonard, G., & Zona, J. D. (1994). Competitive analysis with differenci-

ated products. Annales d’Economie et de Statistique, 159-180.

[38] Hitsch, G. J., Hortacsu, A., & Lin, X. (2021). Prices and promotions in US retail

markets. Quantitative Marketing and Economics, 16, 1-80.

[39] Hong, G. H., & Li, N. (2017). Market structure and cost pass-through in retail. Review

of Economics and Statistics, 99(1), 151-166.

[40] Hosken, D. S., Olson, L. M., & Smith, L. K. (2018). Do retail mergers affect competition?

Evidence from grocery retailing. Journal of Economics & Management Strategy, 27(1),

3-22.
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Table 1. Summary of Variables used in Estimation

Variable Units Mean Std. Dev. N

Store Volume Units / Wk 5,627,097 6,717,335 17,343

Feature % 6.4802 8.5233 17,343

Display % 4.4530 10.3887 17,343

Variety # 11,402 7,982 17,343

Store Price $ / Unit $3.5575 $1.0113 17,343

Number of Stores # 129.0616 249.7131 17,343

Education Years 11.6379 0.4350 17,343

Income $ 000/ Yr $66.5033 $7.5478 17,343

Age Years 50.8081 1.4483 17,343

Household Size # 2.2116 0.1183 17,343

Minimum Wage $ / Hr $9.2339 $1.8642 17,343

Retail Wage Index 382.5384 23.8377 17,343

Electricity Index 145.8650 19.2558 17,343

Marketing Cost Index 136.3880 3.9734 17,343

Transportation Index 139.5035 11.2508 17,343

Food Mfg. Wage Index 202.3916 9.1223 17,343

US Inflation % 2.0626 1.3609 17,343

Note: Retail sales and pricing data from NielsenIQ / Kilts RMS data on an

individual-store level. Demographic data are from NielsenIQ / Kilts HMS

data for matching stores and markets. Instrumental variables and cost

indices are from U.S. Bureau of Labor Statistics.

38



T
ab

le
2
.
M
in
im

u
m

W
ag

es
b
y
Y
ea
r
a
n
d
S
am

p
le

M
ar
ke
t

Y
ea
r

P
h
o
en

ix
,
A
Z

L
o
s
A
n
g
el
es
,
C
A

C
h
ar
lo
tt
e,

N
C

S
io
u
x
F
al
ls
,
S
D

B
u
rl
in
gt
on

,
V
T

S
ea
tt
le
,
W
A

C
h
ar
le
st
on

,
W

V

20
1
1

7.
35

8.
00

7.
25

7.
25

8.
15

8.
67

7.
25

20
1
2

7.
65

8.
00

7.
25

7.
25

8.
46

9.
04

7.
25

20
1
3

7.
80

8.
00

7.
25

7.
25

8.
60

9.
19

7.
25

20
1
4

7.
90

9.
00

7.
25

7.
25

8.
73

9.
32

7.
25

20
1
5

8.
05

9.
00

7.
25

8.
50

9.
15

9.
47

8.
00

20
1
6

8.
05

1
0.
00

7.
25

8.
55

9.
60

9.
47

8.
75

20
1
7

10
.0
0

1
0.
50

7.
25

8.
65

10
.0
0

11
.0
0

8.
75

20
1
8

10
.5
0

1
1.
00

7.
25

8.
85

10
.5
0

11
.5
0

8.
75

20
1
9

11
.0
0

1
2.
00

7.
25

9.
10

10
.7
8

12
.0
0

8.
75

20
2
0

12
.0
0

1
3.
00

7.
25

9.
30

10
.9
6

13
.5
0

8.
75

20
2
1

12
.1
5

1
4.
00

7.
25

9.
45

11
.7
5

13
.9
6

8.
75

N
ot
e:

M
in
im

u
m

w
ag
e
d
at
a
fr
om

V
ag
h
u
l
an

d
Z
ip
p
er
er

(2
0
1
6
),
a
n
d
w
e
ex
te
n
d
th
ei
r
d
a
ta

se
t
th
ro
u
g
h
2
0
2
1
fo
r
a
ll
m
a
rk
et
s
/
st
a
te
s.

A
ll

w
ag
es

ar
e
in

$
/
h
ou

r
an

d
d
o
n
ot

in
cl
u
d
e
ti
p
p
ed

m
in
im

u
m
s.

C
h
a
rl
o
tt
e,

N
C

is
in
cl
u
d
ed

a
s
a
co
n
tr
o
l
m
a
rk
et

a
s
it
s
m
in
im

u
m

w
a
g
e
is

th
e

fe
d
er
al

m
in
im

u
m
.

39



T
a
b
le

3.
R
ed

u
ce
d
-F
or
m

E
st
im

at
es

o
f
M
in
im

u
m

W
ag

e
Im

p
ac
t:

C
om

p
le
te

D
at
a
S
et

M
o
d
el

1
:
O
L
S

M
o
d
el

2:
O
L
S

M
o
d
el

3:
O
L
S

M
o
d
el

4:
O
L
S

M
o
d
el

5:
O
L
S

E
st
im

a
te

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

ln
(M

in
W
ag

e)
0.
29

9
2*

*
*

0
.0
83

6
0.
30

34
*

0.
17

64
0.
28

47
0.
17

67
0.
32

37
**

*
0.
06

18
0.
08

14
0.
05

42

In
fl
a
ti
o
n

-0
.0
61

5
0.
09

89
-0
.0
51

6
0.
09

90
-0
.0
75

0*
**

0.
02

85
-0
.0
47

3*
*

0.
02

24

In
fl
a
ti
o
n
*M

in
W
ag

e
0.
02

32
0.
04

55
0.
01

79
0.
04

56
0.
03

24
**

0.
01

28
0.
02

06
**

0.
01

03

ln
(A

g
e)

-0
.6
40

5
0.
65

47
-0
.6
42

1
0.
65

49
-0
.4
78

2*
**

0.
14

95
-0
.1
34

0
0.
11

19

ln
(I
n
co
m
e)

0.
02

49
0.
34

63
0.
02

43
0.
34

64
0.
38

92
**

*
0.
10

26
0.
01

15
0.
05

21

ln
(E

d
u
ca
ti
on

)
-0
.5
35

8
0.
87

74
-0
.5
36

5
0.
87

79
0.
01

45
0.
24

10
0.
09

97
0.
14

16

ln
(H

H
S
iz
e)

-0
.0
31

3
0.
44

01
-0
.0
29

8
0.
44

03
0.
07

70
0.
06

74
0.
04

58
0.
04

69

N
o
.
C
o
m
p
et
it
or
s

0.
01

84
0.
01

54
0.
01

85
0.
01

54
0.
00

23
0.
00

38
-0
.0
02

1
0.
00

27

C
on

st
an

t
0
.5
6
28

0
.1
86

0
4.
02

17
3.
82

29
4.
06

33
3.
82

48
-0
.1
06

7
1.
08

68
0.
88

62
0.
54

65

R
2

0
.0
25

3
0.
04

48
0.
04

70
0.
96

64
0.
98

26

R
S
S

41
4
0.
09

40
57

.4
1

40
47

.9
9

14
2.
71

74
.0
6

C
on

tr
o
ls

N
o

Y
es

Y
es

Y
es

Y
es

W
ee
k
F
E

N
o

N
o

Y
es

Y
es

Y
es

R
et
ai
le
r
F
E

N
o

N
o

N
o

Y
es

Y
es

R
et
ai
le
r
T
re
n
d
s

N
o

N
o

N
o

N
o

Y
es

N
ot
e:

A
ll
m
o
d
el
s
es
ti
m
at
ed

w
it
h
N
ie
ls
en
IQ

/
K
il
ts

R
M
S
d
a
ta
,
2
0
1
1
-
2
0
2
1
,
a
ll
st
a
te
s
w
it
h
eff

ec
ti
v
e
m
in
im

u
m

w
a
g
es
.
In
fl
a
ti
o
n
is

d
efi
n
ed

a
s
th
e
ye
a
r-
ov
er

ye
ar

ch
an

ge
in

B
u
re
au

of
L
ab

or
S
ta
ti
st
ic
s
C
P
I
va
lu
e.

In
co
m
e,

E
d
u
ca
ti
o
n
,
H
o
u
se
h
o
ld

S
iz
e,

a
n
d
A
g
e
fr
o
m

N
ie
ls
en
IQ

/
K
il
ts

C
o
n
su
m
er

P
a
n
el

(H
M
S
)
d
a
ta
.

C
o
effi

ci
en
t
on

ln
(M

in
im

u
m

W
ag
e)

is
in
te
rp
re
te
d
a
s
th
e
”
p
a
ss
-t
h
ro
u
g
h
el
a
st
ic
it
y
”
o
r
th
e
p
er
ce
n
ta
g
e
ch
a
n
g
e
in

av
er
a
g
e
re
ta
il
p
ri
ce

fo
r
a
p
er
ce
n
ta
g
e
ch
a
n
g
e

in
th
e
w
ag
e.

U
n
it

of
ob

se
rv
at
io
n
is

th
e
re
ta
il
er
-c
o
u
n
ty
-w

ee
k
.
S
ta
n
d
a
rd

er
ro
rs

a
re

cl
u
st
er
ed

a
t
th
e
re
ta
il
er

le
ve
l,
*
*
*
(p
<
0
.0
1
),
*
*
(p
<
0
.0
5
),
*
(p
<
0
.1
0
).

D
at
a
se
t
co
n
si
st
s
of

al
l
re
ta
il
er
s,

in
al
l
st
at
es

(c
o
u
n
ti
es
),

re
g
a
rd
le
ss

o
f
th
e
n
u
m
b
er

o
f
co
m
p
et
it
o
rs
.
M
o
d
el

1
is

b
a
se

m
o
d
el

w
it
h
o
n
ly

m
in
im

u
m

w
a
g
e,

M
o
d
el

2
is

M
o
d
el

1
w
it
h
co
n
tr
ol
s,

M
o
d
el

3
is

M
o
d
el

2
w
it
h
w
ee
k
fi
x
ed

eff
ec
ts
,
M
o
d
el

4
is

M
o
d
el

3
w
it
h
re
ta
il
er

fi
x
ed

eff
ec
ts
,
a
n
d
M
o
d
el

5
a
d
d
s

re
ta
il
er
-l
ev
el

tr
en
d
s.

40



T
a
b
le

4.
M
ix
ed

L
og

it
S
to
re

D
em

a
n
d
M
o
d
el

E
st
im

at
es

M
o
d
el

1
M
o
d
el

2
M
o
d
el

3
M
o
d
el

4

E
st
im

a
te

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

E
st
im

at
e

S
td
.
E
rr
.

C
on

st
an

t
-7
.6
4
0
4*

*
*

0.
05

45
-8
.6
96

3*
**

0.
04

74
-7
.0
82

6*
**

0.
05

53
-4
.1
90

5*
**

0.
11

12

F
ea
tu
re

2
.2
2
92

*
*
*

0.
15

06
0.
40

01
**

*
0.
02

63
0.
30

97
**

*
0.
01

98
0.
27

64
**

*
0.
01

79

D
is
p
la
y

0.
56

0
2*

*
*

0.
11

83
-0
.2
66

1*
**

0.
01

64
-0
.2
37

7*
**

0.
01

50
-0
.2
79

6*
**

0.
01

08

V
ar
ie
ty

0.
12

8
2*

*
*

0.
00

16
0.
14

33
**

*
0.
00

20
0.
13

70
**

*
0.
00

15
0.
15

36
**

*
0.
00

11

N
u
m
.
S
to
re
s

0
.5
3
31

*
*
*

0.
00

53
0.
77

55
**

*
0.
00

88
0.
75

70
**

*
0.
00

49
0.
45

77
**

*
0.
00

61

C
F
*P

ri
ce

0.
06

37
**

*
0.
00

12
0.
07

64
**

*
0.
00

12

P
ri
ce

-0
.0
04

6
0.
01

25
-0
.1
62

1*
**

0.
00

63
-0
.4
74

6*
**

0.
00

87
-0
.2
11

4*
**

0.
01

78

P
ri
ce
(I
n
c)

N
.A

.
N
.A

.
N
.A

.
N
.A

.
N
.A

.
N
.A

.
-0
.0
04

3*
**

0.
00

08

W
ee
k
s?

N
o

Y
es

Y
es

Y
es

Y
ea
rs
?

N
o

Y
es

Y
es

Y
es

R
et
ai
le
rs
?

N
o

Y
es

Y
es

Y
es

N
17

,3
4
3

17
,3
43

17
,3
43

17
,3
43

L
L
F

-3
2
,6
48

.1
3

4,
50

9.
52

5,
07

7.
00

5,
45

3.
51

A
I
C

3.
76

5
7

-0
.5
13

9
-0
.5
79

3
-0
.6
22

7

N
ot
e:

A
ll
m
o
d
el
s
es
ti
m
at
ed

w
it
h
N
ie
ls
en
IQ

/
K
il
ts

R
M
S
st
o
re
-l
ev
el

sc
a
n
n
er

d
a
ta

fo
r
se
ve
n
-s
ta
te

sa
m
p
le

o
f
m
in
im

u
m
-w

a
g
e
st
a
te
s.

R
et
ai
le
rs

an
d
ge
og
ra
p
h
ic

m
ar
ke
ts

ar
e
n
o
t
se
p
a
ra
te
ly

id
en
ti
fi
ed

so
w
e
es
ti
m
a
te

u
si
n
g
re
ta
il
er
-l
ev
el

fi
x
ed

eff
ec
ts
.
M
o
d
el

1
is

a
si
m
p
le

lo
gi
t
m
o
d
el

w
it
h
on

ly
at
tr
ib
u
te
s
an

d
st
o
re
-p
ri
ce

in
d
ic
es
,
M
o
d
el

2
a
d
d
s
fi
x
ed

re
ta
il
er
,
w
ee
k
,
a
n
d
y
ea
r
fi
x
ed

eff
ec
ts
,
M
o
d
el

3
a
d
d
s

a
co
n
tr
ol

fu
n
ct
io
n
,
M
o
d
el

4
ad

d
s
ra
n
d
o
m

p
a
ra
m
et
er
s
a
n
d
in
te
ra
ct
io
n
o
f
m
a
rg
in
a
l
u
ti
li
ty

o
f
in
co
m
e
w
it
h
h
o
u
se
h
o
ld
-i
n
co
m
e
d
ra
w
,

**
*
(p
<
0.
01
),
**

(p
<
0.
05
),
an

d
*
(p
<
0
.1
0
).

41



Table 5. Bertrand-Nash Pricing Model Estimates

Model 1 Model 2 Model 3

Est. Std. Err. Est. Std. Err. Est. Std. Err.

Retail Wage 0.0105 0.0081 0.0060 0.0019 0.0067*** 0.0001

Minimum Wage 0.0798 0.0843 0.0325 0.0194 0.0232*** 0.0024

Conduct -2.3022*** 0.7776 0.5693*** 0.2414 0.5766*** 0.0375

Month Fixed Effects No No Yes

Retailer Fixed Effects No Yes Yes

R2 0.1042 0.9426 0.9464

F 673.61 6,194.53 5,372.60

Note: All pricing models estimated using markups implied by estimates in Table 4. Retail wages are from the

Bureau of Labor Statistics, and minimum wages from sources reported in table 3. Model 1 is the base model with

only retail wages, minimum wages and markup term. Model 2 adds retailer fixed effects, and Model 3 adds

monthly fixed effects. All models estimated with standard errors clustered at the market level. ***(p<0.01),**

(p<0.05), * (p<0.10).

Table 6. Summary of Pricing and Passthrough Estimates

Base Value New Equilibrium

Variable Est. Std. Err. Est. Std. Err.

Minimum Wage 9.2339*** 1.8642 18.4678*** 3.7284

Retail Price 3.5575*** 1.0113 3.7712*** 1.0176

Markup 1.3749*** 0.1137 1.7714*** 0.8806

Market Share 0.0616*** 0.0101 0.0232 0.0465

Passthrough (%) 0.0597*** 0.0010

Curvature 1.0239*** 0.3514

Elasticity -2.6038*** 0.7428

Note: All estimates based on flexible demand-model estimates in table 4. All estimates

at sample-average values. Minimum wage simulation shocks wage by 100% as in Mir-

avete, Seim, and Thurk (2023b) so the pass-through value is interpreted as an

elasticity.
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Figure 1: Rate of Inflation in U.S., by Month, 2020 - 2023

Note: Data from FRED, St. Louis Federal Reserve Board, and represents the annual percentage change in

the Bureau of Labor Statistics Consumer Price Index, each month of the period represented in the figure.
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Figure 2: Number of state level minimum wage changes, 2011-2021

Note: A map of US states with number of new minimum wage implementations from 2011-2021. The graph

shows substantial variation in frequency of minimum wage changes in several states, while about half of the

states do not have minimum wage changes in our sample period. Minimum wage data are from Vaghul and

Zipperer (2022).
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Figure 3: Evolution of retail price index and minimum wages, 2011-2021

Note: The first panel shows evolution of averages of retail price index and minimum wages across our

sample period 2011-2021 or weeks 1-572 in all the 25 states, which is our entire dataset in reduced-form

analysis. The second panel shows the evolution within 7-states dataset, which is the data used in structural

analysis and consisting of a consistent set of at least two competing retailers in each state or FIPS. Both

panels show positive relationship between minimum wages and retail price index. Minimum wage data are

from Vaghul and Zipperer (2022), and we compute retail price indices from NielsenIQ / Kilts data.
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Figure 4: Inflation and Gross Margin, U.S. Grocery Retailers, 2018 - 2023

Note: Inflation data from FRED, St. Louis Federal Reserve Board, and Gross Margin data calculated as

average over top 10 publicly-traded grocery retailers in the U.S., from Yahoo Finance, on a quarterly basis.
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Figure 5: Demand Manifold, Mixed Logit Model of Store Choice, Various U.S. Retail Mar-
kets, 2011 - 2021

Note: Estimated with 2011 - 2021 NielsenIQ / Kilts store choice data over seven sample U.S. markets, on

a FIPS (county), and weekly level. Store choice elasticities and curvature estimated using expressions in

Miravete, Seim, and Thurk (2022). Elasticities and curvature values are estimated for each point in the data,

and are not averages.
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Figure 6: Demand Curvature and Pass-Through Rates, Various U.S. Retail Markets, 2011 -
2021

Note: Estimated with 2011 - 2021 NielsenIQ / Kilts store choice data over seven sample U.S. markets,

on a FIPS (county), and weekly level. Pass-through values simulated on the assumption stores compete as

Bertrand-Nash oligopolists in each local market, and prices re-equilibrate after 100 percent shock to minimum

wages. Pass-through values assume wages represent 14 percent of retail operating costs (NGA 2023; Bureau

of Census 2023). Curvature values estimating from demand model estimates shown in table 5 in the text.
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Appendix

A Pass-through with search

In this section, we derive the pass-through formula in Equation (3). The goal is to extend

the formula in Equation (2) to incorporate consumer-search. Let p(q) denote the price

function in terms of quantity q, mc(q) marginal cost, ms(q) = −q · pq(q) marginal surplus,

εD elasticity of inverse demand, θ = p(q)−mc(q)
p(q)

· εD the conduct parameter, εS = mc′(q)(p/q)

supply elasticity, εθ = (dθ/dq)(q/θ) the elasticity of conduct with respect to output, and

ρ = pq(q)/(qpqq(q)) curvature as the elasticity of marginal surplus with respect to output.

Using a result in Tappata (2009) and Lewis (2011) that S(p), the distribution of searchers in

prices, is strictly monotone increasing, we take its inverse S−1(p) =: T (q) to define number of

searchers in quantities instead of prices.19 The starting point for a pass-through expression

is the equilibrium condition

p(q) + T (q)− θ ·ms(q) = mc(q) + t (16)

where t indicates per unit tax or in our case, minimum wage hike. In Equation (16), the

LHS indicates marginal revenue adjusted by the conduct parameter, and the RHS indicates

marginal cost plus per unit exogenous cost shock. The equilibrium condition in (16) is

same as that in Weyl & Fabinger (2013) but with an additional contribution of T (q) in the

marginal revenue part. Differentiating (16) with respect to t:

d

dt
[p(q) + T (q)− θ ·ms(q)] =

d

dt
[mc(q) + t]

Using the chain rule, we get:

dp(q)

dq
· dq
dt

+
dT (q)

dq
· dq
dt

− θ
dms(q)

dq
· dq
dt

−ms(q) · dθ
dq

· dq
dt

=
dmc(q)

dq
· dq
dt

+ 1

The expression then simplies to:

dq

dt

[
p′(q) + T ′(q)− θ ·ms′(q)−mc′(q)−ms(q)

dθ

dq

]
= 1

⇒ dq

dt
=

1

p′(q) + T ′(q)− θ ·ms′(q)−mc′(q)−ms(q)dθ
dq

(17)

19It is a general mathematical result that one can always invert strictly monotone functions.
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Pass-Through Definition and Calculation. Pass-through is defined as:

ϕ =
dp

dt
=

dp

dq
· dq
dt

⇔ ϕ = p′(q) · dq
dt

(18)

Substituting Equation (17) in Equation (18),

ϕ =
p′(q)

p′(q) + T ′(q)− θ ·ms′(q)−mc′(q)−ms(q)dθ
dq

⇒ ϕ =
1

1 + T ′(q)
p′(q)

− θ·ms′(q)
p′(q)

− mc′(q)
p′(q)

− ms(q) dθ
dq

p′(q)

(19)

We next simplify some terms in Equation (19):

ms′(q)

p′(q)
=

ms′(q) · q · p
p′(q) · q ·ms(q)

· qms(q)

q · p
= − εD

εms

· ms

p
= − εD

εms

· 1

εD
= − 1

εms

= ρ− 1 (20)

T ′(q)

p′(q)
= T ′(q) · q · p

p′(q) · q · T (q)
· qT (q)
q · p

= −εD · T (q)
εT · p(q)

(21)

where εT = T (q)
T ′(q)·q is the elasticity of search. Similarly,

mc′(q)

p′(q)
= mc′(q) · q · p

p′(q) · q ·mc
· q ·mc

q · p
= −εD

εS
· εD − θ

εD
= −εD − θ

εS
(22)

εθ =
θ

q · dθ
dq

⇒ dθ

dq
=

θ

qεθ
(23)

ms(q) = −p′(q) · q ⇒ ms(q)

p′(q)
= −q. (24)

We substitute Equations (20) to (22) in Equation (19) and simplify to get a final expression

for passthrough:

ϕ =
1

1 + θ
εθ

+ εD−θ
εS

+ θ(1− ρ)− εDT (q)
εT p(q)

. (25)
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