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Abstract

This paper develops a new revealed-preference approach for valuing changes in product variety.
Our key contribution is to derive a sufficient statistics formula for the “variety effect”, the change
in consumer surplus resulting from a change in the number of products available to consumers. We
show that the variety effect can be represented graphically using a standard demand-and-supply
diagram. We demonstrate that our sufficient statistics formula is valid for a wide class of models
including both continuous and discrete choice. We give a microeconomic foundation for our key
assumption of parallel inverse demands and provide an asymptotic result. Next, we illustrate the
value of our approach by applying it to two classic questions. First, we consider whether product
variety is insufficient or excessive relative to the social optimum. Second, we consider the welfare
effects of taxation with endogenous product variety. Central to both applications are reduced-
form estimates of the effect of taxes on variety and the effect of taxes on prices and quantities in
two cases: where variety is held constant and where variety responds to a change in taxes through
entry or exit of firms. Combining rich retail scanner data from grocery stores in the U.S. with
detailed state and county sales tax data and using within- and between-state variation in sales
tax rates and tax exemptions, we find that at current sales tax rates and entry costs, product
variety is lower than socially optimal. Finally, we estimate a large effect of sales taxes on product
variety, and we find that the marginal excess burden of sales taxes is significantly larger when
incorporating the indirect effect of taxes on product variety.
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1 Introduction

Quantifying the benefits to consumers from new products is important for a broad range of economic

issues. In Industrial Organization (IO), it is central to whether markets provide an efficient level

of product variety (Spence 1976ab; Dixit and Stiglitz 1977; Mankiw and Whinston 1986). In Inter-

national Trade, it is crucial to a full accounting of the gains from trade (Feenstra 1994; Broda and

Weinstein 2006).

The typical approach to measuring the gains from greater product variety in both the IO and

Trade literatures has been to specify and estimate structural models of demand. In IO, the standard

approach involves estimating random utility models that allow for rich observed and unobserved

heterogeneity across both product characteristics and consumer tastes and examining the impact of

greater variety on consumer surplus (see, e.g., Petrin 2002). This approach allows for a welfare anal-

ysis of counterfactual scenarios, but requires modeling assumptions that may be hard to assess and

may have meaningful effects on the ultimate welfare estimates. Moreover, fully-specified structural

models are naturally specific to the particular setting, which makes it hard to extend and compare

results from these exercises to other settings.

By contrast, the standard approach in Trade to measuring the welfare gains from product variety

involves estimating parametric models of demand that ignore much of the heterogeneity that is

the focus in the IO literature (see, e.g., Broda and Weinstein 2006). This allows researchers to

analyze the consequences of changes in product variety in a large number of markets simultaneously,

but requires researchers to make strong functional assumptions on preferences such as Constant

Elasticity of Substitution (CES) demand.

In this paper, we propose a new revealed preference approach to studying the welfare consequences

of changes in product variety, what we label the “variety effect”.1 Rather than specify a consumer’s

utility function as a function of the number of offered varieties in the market, the spirit of our

approach is to use the market demand curve (for a given number of products) to evaluate changes

in consumer surplus due to changes in variety. We begin with a model of symmetric products and

show that the variety effect is given by the area between the market demand curves before and after

the change in variety. This is similar to the approach to value new goods using the area under the

demand curve for the new good (Hausman 1996; Bhattacharya 2015).

To identify the variety effect, we assume that the market inverse demand curve shifts in parallel

in response to exogenous changes in variety, and we show that under this assumption there are
1To be clear, there is also a price effect associated with changes in variety which affects consumer surplus. The

variety effect is the change in consumer surplus due to the change in variety holding market prices constant.
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three key “sufficient statistics” for identification: the price elasticity of market demand when variety

is held constant, the price elasticity of market demand when variety can vary, and the change in

market output with respect to a change in the number of varieties. We use these insights to provide

a graphical representation of the variety effect in a demand-and-supply framework. As in Einav,

Finkelstein, and Cullen (2014), we view these graphs as providing useful intuition and therefore as

an important contribution on their own.

We demonstrate that our sufficient statistics formula is valid for a wide class of models with

symmetric preferences, including both continuous and discrete choice, the key assumption being that

inverse aggregate demands are parallel for different variety levels. To give a microeconomic foundation

for the parallel demands assumption, first we restrict ourselves to the random utility model and show

that the symmetric nested logit model gives rise to parallel inverse demands. Next, we show that

for a wide class of distributions of the random utility shock, the inverse aggregate demands are

asymptotically parallel as the variety level increases. This result comes from extreme value theory:

when the random utility shocks are independent and identically distributed, the distribution of the

maximum order statistic converges to a Gumbel distribution (the same as the logit shocks) for a wide

range of distributions. We show numerically that this convergence happens very quickly for many

standard shock distributions (Normal, Gamma and Exponential).2 Second, we come back to the

continuous choice model and we characterize the utility functions that give rise to parallel demands.

Departing from the symmetric model, we show that our sufficient statistics formula is robust

to allowing for asymmetric products and prices. First we show that we can still obtain the variety

effect as the area between the market demand curves before and after the change in variety. Then,

under the assumption that all prices are increased simultaneously and in the same proportion in

response to a change in the number of varieties, we show how to summarize the area between the

market demand curves in terms of our sufficient statistics. Importantly, we show that we can state

the sufficient statistics in terms of the elasticity of market demand with respect to the uniform price

response and therefore we do not need to estimate how total output changes with each individual

price separately. We also consider an extension to probabilistic entry and provide an analysis of the

LeChatelier Principle in the context of product differentiation.

We next illustrate the value of our approach by applying it to two important economic questions.

First, we revisit the classic IO question of whether there is too little or too much product variety in the

free-entry equilibrium. To shed light on this, we consider a general model of imperfect competition
2Extreme value theory has been used in economics in a random utility context by Gabaix et. al. (2016) to show that

there might exist robustly high equilibrium markups in large markets that are insensitive to the degree of competition
as the number of firms increases.
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with symmetric firms (nesting Cournot, Bertrand and Perfect Collusion, all of which are captured in

a reduced-form by a conjectural variations parameter) and derive the social marginal welfare gain or

loss from a small change in the number of varieties. We show that whether variety is insufficient or

excessive depends on the relative magnitude of the variety effect and the “business-stealing effect”,

which is a negative externality arising because the marginal entrant does not account for the harm

it imposes on its competitors (see Mankiw and Whinston 1986). The business-stealing effect jointly

depends on the firm’s markup and the response of firm-level output to a change in the number

of varieties. Determining whether variety is socially optimal at the current equilibrium therefore

requires identifying both the variety effect and the business-stealing effect. A key insight of the

paper is to show, somewhat surprisingly, that one may recover the business-stealing effect locally

using a purely reduced-form approach, which we describe in more detail below.

The second application we consider is the welfare effect of taxation, which is of longstanding

interest in Public Economics. Standard formulas for measuring the welfare effects of taxes typically

assume markets are competitive (Harberger 1964) or markets are characterized by imperfect compe-

tition but the number of firms and products are fixed (Auerbach and Hines 2001, Weyl and Fabinger

2013). In differentiated product markets, taxes can distort product variety, since they reduce firm

profitability, thereby leading to exit for those firms at the margin. Our contribution is to derive a

new formula for the marginal welfare gain from increasing commodity taxes in a general model of im-

perfect competition covering a wide range of market conduct when variety is endogenous. While the

standard formula emphasizes the response of total output to the tax due to a fiscal externality, our

formula shows additionally that one needs to account for the variety effect which arises since taxes

distort product variety. Interestingly, the impact on welfare coming through a change in variety is

ambiguous and depends on whether variety is excessive or insufficient at the prevailing equilibrium.

We show how our new formula connects to existing formulas for the welfare effects of taxes under

imperfect competition (e.g., Besley 1989).3

Next, we show how both the marginal welfare gain of varieties and the marginal welfare gain of

taxation can be identified using exogenous variation in taxes. The key insight is that taxes shift

variety in the market. As a result, it is straightforward to apply our sufficient statistics formula for

the variety effect. To identify the business-stealing effect using a sufficient statistics approach, we

exploit the firm’s free-entry condition and show that, under a symmetry assumption, it’s possible

to recover a firm’s markup and the response of output to a change in varieties using the following
3Although we focus on taxes in this paper, our results are valid for any type of cost shock; for example, a tariff.

Thus, we view the methods developed in this paper as being portable across the different fields of economics, such as
Public Economics, Trade and IO.
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reduced-form parameters: the change in market output with respect to the tax when variety can

vary and when variety is held fixed, the change in market price with respect to the tax when variety

can vary, and the change in product variety with respect to the tax. Interestingly, our sufficient

statistics formula does not require observing a firm’s cost or the market conduct parameter, which

may be difficult to estimate. Comparing the variety effect against the business-stealing effect reveals

whether product variety is too high or low relative to the social optimum. The variety effect and the

impact of taxes on market-level output and price also allows us to implement the marginal welfare

gain of taxation.

Finally, as a last step in our analysis, we combine rich retail scanner data from grocery stores

in the U.S. with detailed state and county sales tax data. Our data allows us to estimate both the

“short-run” and “long-run” effects of taxes. To operationalize our framework, we assume that the

long-run effects of taxes correspond to situations where variety may adjust to taxes and the short-run

effets of taxes correspond to situations where variety is fixed, an assumption we test below. Following

the literature, the long-run effects of taxes are estimated using cross-sectional variation in sales tax

rates and exemptions between and within counties in a difference-in-differences research design. We

validate these cross-sectional results in a “border pair” subsample that compares similar counties in

different states that share a state border, following the empirical strategy laid out in Holmes (1998),

Dube et al. (2010) and Hagedorn, Manovskii and Mitman (2016). The short-run effects of taxes are

estimated by exploiting time-series variation in tax rates, and using fixed effects panel models to

focus on within-store changes over time in prices and expenditures in response to changes in sales

taxes.

Our preferred estimates suggest a large effect of sales taxes on product variety in the long run.

The long-run effects of taxes on output are larger (in magnitude) than the short-run effects and

we find similar effects on after-tax prices in the short run and long run. When we implement our

sufficient statistics formulas, we find that at current sales tax rates and entry costs, there is insufficient

entry. In other words, the variety effect dominates the business stealing effect. We also find that

the marginal excess burden of sales taxes is significantly larger than estimates ignoring the indirect

effect of taxes on product variety, reflecting the fact that sales taxes have an additional social cost

of moving product variety even further away from the social optimum. These results are of course

specific to the retail sector and may not generalize, but they illustrate the potential for our approach

to be usefully applied in other settings to learn more about the welfare effects of increasing product

variety.

A key advantage of our framework is that it illustrates in a transparent way the reduced-form
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estimates that are needed to conduct a welfare analysis. In this sense, our framework is broadly

related to the recent work on sufficient statistics (e.g., Chetty 2009), and we show how the welfare

analysis of product variety can be implemented using a key set of estimable reduced-form parame-

ters. Conditional on these statistics, the researcher does not need to estimate additional structural

parameters governing consumer tastes or firm costs, which may give our approach an advantage

of robustness to misspecifying these aspects of the problem; additionally, cost data are often not

readily available and not straightforward to estimate. As a result, it is relatively straightforward to

implement, which makes it applicable to the settings studied in IO, Public Economics and Trade.

These advantages come with important limitations. One is that our approach based on reduced-

form estimates is inherently “local”; we can estimate whether variety at the current equilibrium is

“too high” or “too low” relative to the social optimum and we can estimate the marginal welfare

gain from small increases in variety. However, we cannot readily solve for the socially optimal level

of variety as in Berry and Waldfogel (1999) and Gentzkow, Shapiro and Sinkinson (2014) without

imposing more structure on the problem. This is analogous to the optimal unemployment insurance

(UI) literature that uses sufficient statistics to estimate the marginal welfare gain from small changes

in UI benefit levels as opposed to the globally optimal UI benefit level (Baily 1978, Chetty 2006,

Chetty 2008, Kroft and Notowidigdo 2016). Another limitation of our modeling approach is that it

is not well-suited to studying endogenous changes in product characteristics, such as the strategic

product re-positioning that is examined in Wollmann (2016). Lastly, estimating the cost function

without cost data would require specifying a form of competition. Even then, given the inherently

local nature of our approach, we would only be able to estimate a linear approximation of the supply

function. Therefore, by not fully specifying the form of competition, we cannot easily analyze the

counterfactual welfare effects of alternative policies.

Finally our paper builds on and contributes to several literatures. First, our paper relates to the

vast literature on optimal product variety. This old literature dates back to Spence (1976), Dixit and

Stiglitz (1977) and Mankiw and Whinston (1986) with more recent contributions by Anderson, de

Palma and Nesterov (1995), Berry and Waldfogel (1999), Gentzkow, Shapiro and Sinkinson (2014),

Berry, Eizenberg and Waldfogel (2015). Similarly, our paper relates to the welfare economics of new

goods (Trajtenberg 1989, Hausman 1996, Hausman and Leonard 2002, Petrin 2002, Bhattacharya

2015). Much of this literature is purely theoretical; this paper is the first to adopt a sufficient

statistics approach.

Second, our paper directly relates to the literature on commodity taxation with imperfect com-

petition. Key papers in this area include Seade (1987), Stern (1987), Myles (1989), Besley (1989),
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Delipalla and Keen (1992), Anderson, de Palma and Kreider (2001a, 2001b), Auerbach and Hines

(2001), Weyl and Fabinger (2013) and Gillitzer, Kleven and Slemrod (2015). These papers typically

assume a specific form of firm competition and impose specific structure on consumer preferences,

and some of these papers focus purely on the short-run equilibrium holding the number of varieties

fixed. Our paper is distinguished by allowing for both differentiated products and free entry in

deriving our welfare expressions, without having to specify the form of imperfect competition (e.g.

Bertrand vs Cournot).

Lastly, our paper relates to the literature on the gains from trade and product variety. Key papers

in this area are Feenstra (1994), Broda and Weinstein (2006), Arkolakis, Costinot and Rodriguez-

Clare (2012), Melitz and Redding (2015) and Atkin, Faber and Gonzales (2016). These papers

typically specify a utility function and estimate the variety effect under that restriction; our frame-

work does not impose strong functional forms on preferences, but rather uses demand curves to

identify a consumer’s love for variety.

The rest of the paper proceeds as follows. Section 2 considers the symmetric model, and section

3 describes how to extend this model to incorporate asymmetries, multi-product firms, probabilistic

entry and long-run outside market adjustments. Section 4 explores the applications to the socially

optimal product variety and the welfare effects of taxation using a version of the simple model

described in section 2. Section 5 describes our data. Second 6 outlines our econometric framework.

Second 7 contains our empirical results. Section 8 reports our welfare calibrations and Section 9

concludes.

2 Symmetric Model of Demand

We begin with two classes of models with symmetric preferences. In section 2.1.1, we consider a

class of discrete choice (random utility) models and in section 2.1.2, we consider continuous choice

models. We show that for each model consumer surplus is equal to the integral of aggregate demand

(see proposition 1 and 1’). Next, we proceed to the welfare analysis of product variety, where we

define and provide graphical representation of the price effect and variety effect. We then derive a

sufficient statistics formula for the variety effect under a “parallel demands” assumption and consider

several microfoundations that satisfy parallel demands.
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2.1 Preferences, Demand, and Consumer Surplus

2.1.1 Symmetric Discrete Choice Model

Individuals indexed by i choose to purchase a single product j ∈ {1, ..., J} or the outside option

j = 0. The number of products in the market, J , is our measure of product variety.

Preferences. We consider a population of statistically identical and independent consumers of

mass unity. The utility of individual i who purchases product j is given by:

uij(yi, pj) = α(yi − pj) + δj + (1− σ)νi + σεij (1)

where yi is the consumer’s income, pj is the price of good j and (1 − σ)νi + σεij is an idiosyn-

cratic match value between consumer i and product j, which captures heterogeneity in tastes across

consumers and products. The utility of individual i who chooses the outside option is given by

ui0 = αyi + εi0. In general, we assume that for j 6= 0, the random utility shocks (εij) are identical

and independently (continuously) distributed (i.i.d.) and independent of (νi), but we allow εi0 to be

correlated with νi.

Demand. Given the preferences in equation (1), we may define the demand for product j as

qj(p1, . . . , pJ , J) = P
(
uij(yi, pj) = max

j′∈{0,...,J}
uij′(yi, pj′)

)
(2)

Aggregate demand (for all products excluding the outside good) when pj = p for all j = 1 . . . J for

a fixed number of varieties J is defined as

Q(p, J) =
J∑
j=1

qj(p, J) (3)

Similarly, define P (Q, J) to be the inverse aggregate demand corresponding to Q(p, J).

Consumer Surplus. In the discrete choice model we define consumer surplus as the expected

maximum utility normalized by the marginal utility of income

CS(p1, . . . , pJ , J) = 1
α
E
[

max
j∈{0,...,J}

uij(yi, pj)
]

Proposition 1. Under the assumption of no income effects and symmetric prices pj = p, we can

represent consumer surplus as

CS(p, J) =
∫ ∞
p

Q(s, J)ds (4)
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Thus, consumer surplus is equal to the integral of aggregate demand.

Proof. This is a consequence of the Williams-Daly-Zachary Theorem (See McFadden 1981) which

states that ∂CS(p1,...,pJ ,J)
∂pj

= −qj(p1, . . . , pJ , J). Therefore, dCS(p,J)
dp =

∑J
j=1

∂CS(p,...,p,J)
∂pj

= −Q(p, J).

If follows that CS(p, J) =
∫∞
p Q(s, J)ds+k. The integration constant does not depend on (p, J) and

can be disregarded for comparative statics.

2.1.2 Symmetric Continuous Choice Model

We now introduce the continuous choice model and show the analogous result to proposition 1.

Preferences. Let the representative consumer’s utility function given by

u(q1, . . . , qJ ,m) = hJ(q1, . . . , qJ) +m

for any hJ : {1, . . . , J} → R which is symmetric in all its arguments, continuously differentiable,

strictly quasi-concave and h(0, . . . , 0) = 0 and where the linear good m is interpreted as money.

Demand. Imagine the consumer is facing symmetric prices pj = p for all j, and define HJ(Q) =

hJ
(
Q
J , . . . ,

Q
J

)
.

The solution to the consumer problem then is given by

u∗(p, J, y) = max
Q

HJ(Q) + y − pQ

From the first-order condition, we obtain the family of inverse demands P (Q, J) = H ′J(Q).

Furthermore, it is easy to see that given the optimal aggregate quantity Q(p, J) for price p, the strict

quasi-concavity of h implies the consumer chooses symmetric quantities qj = Q
J for all j.

Consumer Surplus. Finally, note that

u∗(p, J, y) = HJ(Q(p, J)) + y − p ∗Q(p, J) =
∫ Q(p,J)

0
P (s, J) + y − p ∗Q(p, J) =

∫ ∞
p

Q(s, J)ds+ y

proving proposition 1 for the continuous choice model.

Proposition 1’. If the consumer has preferences as described above, namely u(q1, . . . , qJ ,m) =

hJ(q1, . . . , qJ) + m for any hJ symmetric in all its arguments, continuously differentiable, strictly

quasi-concave and h(0) = 0, and if the consumer faces symmetric prices pj = p, we can represent

consumer surplus as

CS(p, J) ≡ u∗(p, J, y) =
∫ ∞
p

Q(s, J)ds+ y (5)
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Thus, consumer surplus is equal to the integral of aggregate demand up to a constant.

Furthermore, none of the assumptions on utility stated in the proposition are too restrictive.

We show that for any family of downward sloping aggregate demands there exists a utility function

uJ : RJ+1 → R satisfying the conditions of the proposition that rationalizes them; in particular, this

preferences are symmetric across different varieties and are strictly quasi-concave. Let P (Q, J) be

continuously differentiable and striclty decreasing in Q. Let H be any antiderivative
∫
P (Q, J)dQ,

which exists because P (Q, J) is differentiable. Then the following is a strictly quasi-concave direct

utility function that rationalizes P (Q, J) for integer J when all prices pj in the market are equal:

u(q1, . . . , qJ ,m) = H


Jρ−1

J∑
j=1

qρj

 1
ρ

+m

for some ρ ∈ (0, 1). Furthermore, we can make sense of J as a continuous variable if we permit a

continuum of varieties q : [0, J ]→ R and let

uJ(q,m) = H

(∫ J

0
Jρ−1qρ(j)dj

) 1
ρ

+m

Finally, in this case CS(p, J) =
∫∞
p Q(s, J)ds is differentiable in both p and J .

2.2 Welfare Effects of Variety

In this section, we consider the impact of a small change in the number of varieties J on consumer

surplus. The starting point of this section is the expression for consumer surplus as the integral of

aggregate demand CS(p, J) =
∫∞
p Q(s, J)ds which we have proved for both the discrete choice model

and continuous choice model. In what follows we we will assume that J is a continuous variable and

Q(p, J) is defined for any J ∈ R and continuously differentiable. We first introduce some definitions.

Definition 1. The “price effect” is defined as

−Qdp
dJ

(6)

It arises since market prices may change when firms enter or exit the market. Due to the envelope

theorem, there is no first-order effect on welfare due to re-optimization when prices change, so only

the mechanical effect of a price change affects consumer welfare.

Definition 2. The “variety effect” is defined as
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Λ(Q, J) ≡
∫ ∞
P (Q,J)

∂Q

∂J
(s, J)ds (7)

Holding the effect on prices constant, a new variety increases welfare since consumers exhibit

a “love of variety”. The variety effect depends on how aggregate demand responds to a change in

variety.
The total effect on consumer welfare is the sum of the price effect and the variety effect:

dCS

dJ
= −Qdp

dJ
+ Λ (8)

Each term in equation (8) is illustrated in Figure 1 where we consider a reduction in product

variety (∆J < 0). The price effect is the rectangular area where the base is the pre-existing output

level and the height is the change in prices. The variety effect is given by the area between the

demand curves. To see the intuition for the variety effect, consider a market where consumers choose

among a set of products. The aggregate demand curve for these products is given by equation

(3). The inverse of this curve gives the maximum willingness to pay for products in the market

across individuals. Now consider a reduction in the number of products available. In this case,

some consumers will no longer be able to purchase their most preferred option. Thus, the maximum

possible utility attainable will be lower for these consumers. We can represent this a shift down in

the inverse aggregate demand curve. The area between the inverse aggregate demand curves before

and after the change in variety (above the market price) corresponds exactly to the variety effect.

Another way to see this is to define the average change in willingness to pay for inframarginal

units as variety J changes as
∂P

∂J
(Q, J) = 1

Q

∫ Q

0

∂P

∂J
(s, J)ds.

We can then show the variety effect is the total change in willingness to pay for the units that

are actually exchanged:

Λ =
∫ ∞
p

∂Q

∂J
(s, J)ds =

∫ Q

0

∂P

∂J
(s, J)ds = Q

∂P

∂J
(9)

A key objective of this paper is to try and establish a method to identify the variety effect using

reduced-form methods. The next theorem states that one may recover the variety effect in the general

model above using a “sufficient statistics” approach (Chetty 2009).

Theorem 1. The variety effect Λ is equal to the average change in willingness to pay times the
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quantity demanded:

Λ(Q, J) = Q
∂P

∂J
(Q, J) (10)

Furthermore, if the inverse aggregate demands are parallel, ∂P∂Q(Q, J) = ∂P
∂Q(Q, J ′) for all J, J ′ and Q,

then the average change in willingness to pay is equal to the marginal change in willingness to pay,
∂P
∂J (Q, J) = ∂P

∂J (Q, J). Therefore we obtain:

∂P

∂J
=
(
dP

dQ
− dP

dQ

∣∣∣∣
J

)
dQ

dJ
(11)

where dP
dQ

∣∣∣
J

= ∂P
∂Q denotes the slope of inverse demand when variety J is held fixed and dP

dQ =
dP (Q(J),J)

dJ /dQdJ denotes the slope of inverse demand when J is variable.

Proof : See Appendix.

The expression for the variety effect in equations (10) and (11) can be most easily understood

geometrically. Figure 2 considers a reduction in variety and shows that the variety effect is the area

of the rectangle with base Q0 and height d ≡ P ∗ − P1. The base Q0 is simply the aggregate output

prior to the change in variety and is observable. The height d captures the change in willingness to

pay as J changes, therefore d = ∂P
∂J . However, d is not directly observable, it depends on the price

induced by the change in variety, P1, which is observable and the market price that would prevail at

the same level of output but on the original demand curve, P ∗, which is unobservable. To see how

to recover an expression for d, consider a change in variety from J0 to J . Note from Figure 2 that d

must satisfy the following relationship Q(P (J), J) = Q(P (J) + d, J0).4 To solve for d, note that for

a small change in J :

dQ ≈ Q(P (J), J)−Q(P0, J0)

= Q(P (J) + d, J0)−Q(P0, J0)

≈ dQ

dP
|J0(d+ P (J)− P0)

≈ dQ

dP
|J0(d+ dP

dQ
dQ)

Thus, rearranging and solving for d yields:

d ≈
(
dP

dQ
|J −

dP

dQ

)
dQ (12)

4Another way to characterize would be Q(P0, J0) = Q(P0 − d, J1).
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In economic terms, d gives the reduction in the willingness to pay for the marginal unit. The

upshot is that it’s possible to identify d using the price elasticities of demand when J is fixed and

when J is variable. Moving forward, we interpret these as the “short-run” and the “long-run” price

elasticities of demand, respectively. As long as one can estimate the short-run and the long-run price

elasticity of demand, then one can recover the variety effect using purely reduced-form methods. In

Section 4, we will show how to recover the variety effect associated with a commodity tax change.

2.3 Microfoundations for Parallel Demands

In this section, we consider the conditions under which aggregate demands satisfy the parallel de-

mands assumption. We start with the discrete choice model and then move to the continuous choice

model.

2.3.1 Discrete Choice Model

We first describe the Nested Logit model which features parallel aggregate demands. Next we prove

an asymptotic result that a wide class of random utility models feature parallel demands.

Example 1. If the random utility shocks (εij) are drawn from the Gumbel distribution, and (1−σ)νi
has the distribution derived in Cardell (1997), then this model corresponds to the nested logit model

in which there are only two nests: one which includes j = 1, ..., J and the other which includes only

the outside option j = 0. Then

qi(p1, . . . , pJ , J) =

(∑J
j=1 e

δj−αpj
σ

)σ
1 +

(∑J
j=1 e

δj−αpj
σ

)σ e
δi−αpi

σ∑J
j=1 e

δj−αpj
σ

As the parameter σ goes to 0, the only random term in (1) is νi which is constant across all j 6= 0.

When σ = 1, we retrieve the logit model. The parameter σ/α characterizes a consumer’s “love of

variety”. When σ/α is large, consumers value greater variety (higher J). This parameter is inversely

related to the elasticity of substitution considered in trade models with a representative consumer

with a CES utility function. In fact, it has been shown that the logit model aggregates to the CES

model (Anderson, de Palma and Thisse 1987).5 If we focus on a symmetric equilibrium where prices
5The formal connection requires one to introduce a second stage where individuals choose a continuous quantity of

the good.
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pj = p and attributes δj = δ for all j, aggregate demand is equal to

Q(p, J) = Jσeδ−αp

1 + Jσeδ−αp

Observe then the inverse aggregate demand curve is given by

P (Q, J) = δ

α
+ σ

α
log J − 1

α
log

(
Q

1−Q

)

which is is separable in J and Q. This implies that exogenous shifts in variety move the inverse

aggregate demand curve in parallel. Additionally, the coefficient on log variety is different than the

coefficient on output. Thus, in this model, the value of additional variety is not pinned down fully

by the price elasticity of demand, which is in contrast to the standard models considered in the

trade literature (see for example Feenstra 1994, Broda and Weinstein 2006). In the nested logit

model, consumer surplus is given by the familiar “log sum” expression CS = 1
α log

(
1 + Jσeδ−αp

)
,

also referred to as the “inclusive value.”6 Thus, we get a closed-form solution for the variety effect.

In particular, one can show that Λ = σ
αq. The variety effect in this parametric model is equal to

the willingness to pay for additional variety (σα) multiplied by the market share of a (symmetric)

product (q).7 Intuitively, if product variety increases by one, then evaluating the effect on consumer

surplus requires the post-entry market share of the new good. If this is zero, then consumers don’t

value the new good and hence the welfare gains are nil.

Next, we show that there is a large class of models that admit a nested logit approximation. The

random utility models in this class have in common that the distribution of the maxima of the shocks

is asymptotically Gumbel, which implies that the aggregate inverse demands are asymptotically

parallel. Therefore, for any model in this class, the structural estimates of the price effect and the

variety effect will asymptotically converge to the structural estimates of the nested logit, which in

turn can be estimated with reduced-form parameters, namely the price elasticities of demand when

J is fixed and when J is variable.

Summarizing, a sufficient condition to get inverse parallel demands is that the random utility

shocks (εij) are iid Gumbel, independent of the size of σ, the distribution of νi and the distribution

of εi0.8 Furthermore, if the shocks (εij) are assumed to be iid, then they have to be Gumbel in
6See Train (2003) for derivation.
7In this simple nested logit model, the marginal willingness to pay (WTP) for additional variety is the same as the

average WTP.
8Remember the starting point is the random utility specification uij = α(yi − pj) + δj + (1 − σ)νi + σεij , and

ui0 = αyi + εi0.
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order to satisfy the inverse parallel demands condition.9 Nonetheless, using results from extreme

value theory we can show that for a large class of iid shocks, the inverse demands are asymptotically

parallel. We now define the class of models that admit the asymptotic approximation, and provide

a useful sufficient condition to show that a given model is in the class.

Definition 3. Let (εj) be iid distributed according to a continuous cdf F. We say that F is in the

domain of attraction of the Gumbel distribution if

max
j∈{1,...,J}

εj
a∼ Gumbel(µ(J), σ(J)),

as J →∞ for some location and dispersion parameters (µ(J), σ(J)) .

Lemma 1. Let x0 be the supremum of the support of a cdf F that is twice continuously differentiable.

If F satisfies that limx→x0
F ′′(x)(1−F (x))

F ′2 = −1 then F is in the domain of attraction of the Gumbel

distribution.

See Resnick (1987) for a proof of the lemma and a full characterization of the domain of attraction

of the Gumbel distribution. The characterization is outside the scope of the paper and the lemma

is enough for our purposes. For example, if (εj) are iid N(0, σ2) or exponential the above lemma

applies.

The next theorem is the micro foundation for our key assumption of parallel inverse demands

and states that inverse demands become parallel as variety increases for any random utility model

with shocks in the Gumbel domain of attraction.

Theorem 2. Let the random utility shocks (εj) be iid and distributed according to F in the domain

of attraction of the Gumbel distribution. Then, for any large enough J and K there exists d such

that for all p ∈ R we have Q(p, J) ≈ Q(p+ d,K). Specifically, for all p we have

Q(p, J) = P
(

max
j∈{1,...,J}

uij(p) > ui0

)
a∼ P

(
max

j∈{1,...,K}
uij(p+ d) > ui0

)
= Q(p+ d,K)

Therefore the inverse demands are approximately parallel P (Q,K) ≈ P (Q, J) +d for all Q, for large

enough J and K.

Proof : See Appendix.
9Without the independence assumption, there are other distributions of shocks that also give rise to parallel demands.

If we do not assume independence of the shocks then the Gumbel distribution is not necessary. In this case, for any
family of (downward sloping, increasing in J) parallel inverse demands there is a joint density of shocks that rationalizes
it. In general, the shocks are not Gumbel and are correlated in this construction.
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In Figure 3, we assess this approximation theorem by numerically simulating different random

utility models and calculating the bias that arises from assuming demands are parallel. Specifically,

we simulate a model of a large number of consumers choosing with utility over products given by

equation (1). We choose α = 1 and y = 1 in the simulation and we consider a range of different

shock distributions (Gumbel, Normal, Gamma, and Pareto). We then repeat this procedure for a

range of different values of J to assess how the bias from assuming parallel demand varies with J

when consider a hypothetical 20 percent increase in the number of products (from initial value of J).

We compute the welfare gains exactly using numerical methods and compare the exact welfare gain

to the approximate gains implied by assuming parallel demands based on the formula in equation

(10). The results in Figure 3 show that the bias that arises from assuming parallel demands is a

function of the number of varieties in the market, where bias is measured as the difference between

the estimated (approximate) variety effect and the exact variety effect. The benchmark distribution

is Gumbel where we know from theory that the demand curves are exactly parallel and therefore the

bias is zero. For both the Normal and Exponential distributions, we find that the bias is small in

magnitude and converges to 0 fairly quickly as the number of varieties increase. On the other hand,

with a Pareto distribution, there is a bias of roughly 20 percent, which does not vanish as varieties

increase. In this case, the variety effect computed using our sufficient statistics formula is a lower

bound on the true variety effect.

2.3.2 Continuous Choice Models

Inverse aggregate demands are parallel, ∂P∂Q(Q, J) = ∂P
∂Q(Q, J ′) for all J, J ′ and Q, if and only if they

are linearly separable in Q and J . Therefore any family of parallel inverse demands can be written

as P (Q, J) = a(J) − f(Q) for increasing and differentiable functions a(J) and f(Q). Letting F be

any antiderivative of f . Then

uJ(q,m) =
(∫ J

0
a(J)ρJρ−1q(j)ρdj

) 1
ρ

− F
(∫ J

0
q(j)dj

)
+m

for some ρ ∈ (0, 1) is a direct utility function that rationalizes P (Q, J) given that firms are playing

a symmetric price equilibrium.

We now describe examples of demand functions generated from continuous choice models that

feature parallel demands.

Example 2. Bulow and Pfleiderer (1981) obtain the following three classes of tractable inverse
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demands as the unique curves with the property that a constant fraction of cost is always passed on

to the consumer as marginal cost shifts:

1. P (Q, J) = αJ − βJQδ, for δ > 0,

2. P (Q, J) = αJ − βJ log(Q) ,

3. P (Q, J) = αJ + βJQ
1/η, for η < 0, which is the constant elasticity inverse demand shifted by

the intercept αJ .

As before, solving the integrability problem we can obtain direct utility functions that generate this

inverse aggregte demands when firms are setting symmetric prices. For example, for the first class

we can see that the following utility works

u(q1, . . . , qJ ,m) = αJ

(
Jρ−1

J∑
i=1

qρi

) 1
ρ

− βJ

(∑J
i=1 qi

)δ+1

δ + 1 +m

An important case is when βJ = β for all J, then the inverse aggregate demands are linearly

separable in J and Q and we say that they shift in parallel as J moves. The fact that these are

the only classes of curves for which marginal costs are passed-on in a constant fraction makes them

a tractable benchmark and therefore they have been popular in applied work. Fabinger and Weyl

(2016) generalize Bulow and Pfleiderer’s (1981) analysis and characterize a bigger class of “tractable

equilibrium forms” of the form P (Q, J) = αJ+βQt+γQu which allow for greater modelling flexibility.

Again, as long as β and γ are independent of J then we say that the inverse demands shift in parallel

3 Extensions

3.1 Asymmetric Products and Prices

So far we have assumed a symmetric price equilibrium. We now relax this assumption and allow

for asymmetric prices. Consider the case where the number of products goes from J to M (with

M > J). In this case, the variety effect is equal to the following line integral:10

Λ =
∫ ∞

0

M∑
j=J+1

qj(pJ, pJ+1 + s, pJ+2 + s, . . . , pM + s)ds

where pJ = (p1, p2, ..., pJ) are the prices for the existing J products before the introduction, and

(pJ+1, . . . , pM ) are the prices at which the new M −J products are introduced. This can be restated
10This holds for both continuous and discrete choice, see Bhattacharya (2016).
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in terms of aggregate demands as:

Λ =
∫ ∞

0
QM (pM + s1M )ds−

∫ ∞
0

QJ(pJ + s1J )ds

where 1K is a K−dimensional vector of ones, and pM = (pJ, pJ+1, . . . , pM ).

Next, we assume that there exists some d such that QM (pM + (s + d)1M ) = QJ(pJ + s1J ) for

all s ∈ R.11 In other words, increase prices starting from pM by some constant amount d until total

quantity demanded equals quantity demanded when there are J products in the market. Under this

assumption, it follows that:

Λ =
∫ d

0
QM (pM + s1M )ds (13)

By the mean value theorem for integrals, there exists d′ ∈ [0, d] such that

Λ =
∫ d

0
QM (pM + s1M )ds = d ∗QM (pM + d′1M ) (14)

Therefore, as M → J we have d′ → d and we obtain a first order approximation for the variety

effect:

Λ ≈ d ∗QJ(pJ)

We now have an expression for the variety effect that is similar to expression in the case of

symmetric prices, equation (10). All that remains is to characterize d. Let p1
M be the new prices

after the introduction of the M − J products. Then,

dQ = QM (p1
M)−QJ(pJ)

Using the definition of d,

dQ = QM (p1
M)−QM (pM + d1M)

Assume, furthermore, that prices all change by the same amount, s = dp = (p1
M − pM)j for all

11Note that for the symmetric price case, we considered a decrease in variety. Here, we consider an increase in variety
so the sign of d changes.
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j, after the introduction of the new products.12 Then,

dQ = QM (pM + s1M)−QM (pM + d1M)

= QM (pM + s1M)−QM (pM) +QM (pM)−QM (pM + d1M)

=
M∑
j=1

∂QM
∂pj

s−
M∑
j=1

∂QM
∂pj

d

= (s− d)
M∑
j=1

∂QM
∂pj

= (s− d) dQM
dp

∣∣∣∣
M

Where dQM
dp

∣∣∣
M

= dQ(pM+t1M)
dt =

∑M
j=1

∂QM
∂pj

. Thus, if we observe the change in market output

when all prices are increased simultaneously, we do not need to estimate each partial derivative

separately and we can directly estimate dQM
dp

∣∣∣
M
. When we take the model to the data, we assume a

tax change is passed on to the consumers symmetrically across products, therefore the tax inducing

the kind of uniform price change that allows to estimate the total derivative dQM
dp

∣∣∣
M

without having

to estimate the partial derivatives (which would require a different kind of independent variation in

the price data).

Finally, as M → J and using that s = dp we can rearrange the last equation to get the analogous

expression to equations (11) and (12):

d =
(
dp

dQ
− dp
dQJ

∣∣∣∣
J

)
dQ

Similarly, under symmetric pass-through a first order approximation to the price effect is −Qdp.13

3.2 Probabilistic Entry

In this section, we extend the symmetric firm model to allow for probabilistic entry.14 We assume that

nature draws a fixed cost. Let the equilibrium price and quantity functions be given respectively by

p(J) and q(J). Assume that for every draw of the fixed cost, there is a uniquely determined number

J of firms that enter the market. Then the distribution of fixed costs determines an equilibrium
12A class of models for which we obtain symmetric pass-through is that of linear-quadratic revenues with constant

marginal costs.
13When there is one large incumbent with several products and several small incumbents with one product each, it

might be unreasonable to assume that pass-through is symmetric.
14In light of propositions 1 and 1’, everything that follows goes through for both the continuous and discrete choice

models.
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distribution F of variety J and consumer surplus from an ex ante perspective is given by:

CS =
∫ ∫ ∞

p
Q(s, J)dsdF (J) (15)

Moreover, when there is an exogenous change in variety from the distribution F1 to F2 we may

calculate, for the discrete case, that the variety effect is:

Λ =
∫ ∫ ∞

p
Q(s, J)dsdF2(J)−

∫ ∫ ∞
p

Q(s, J)dsdF1(J) (16)

Suppose there exists d(J2, J1) such that QJ2(p + (s + d(J2, J1)) = QJ1(p) for all s. Let the

conditional distribution of new variety be given by F2|1(J2|J1). Then,

Λ =
∫ ∫ [∫ ∞

p
Q(s, J2)ds−

∫ ∞
p

Q(s, J1)ds
]
dF2|1(J2|J1)dF1(J1)

=
∫ ∫ [∫ d(J2,J1)

0
Q(p+ s, J2)ds

]
dF2|1(J2|J1)dF1(J1)

=
∫ ∫ [∫ d(J2,J1)

0
Q(p− d(J2, J1) + s, J1)ds

]
dF2|1(J2|J1)dF1(J1)

≈
∫ ∫

d(J2, J1)dF2|1(J2|J1)Q(p, J1)dF1(J1)

= E[d(J2, J1) ∗Q(p, J1)]

Thus, we obtain the familiar formula for the variety effect in terms of the product of the aggregate

demand and the expected vertical shift of the inverse demand, the second of which is the average

change in willingness to pay. Similarly, letting the bars denote expectations:

dQ̄ = EF2(Q(p(J), J)− EF1(Q(p(J), J))

= EF2(Q(p(J) + d(J, J0), J0)− EF1(Q(p(J) + d(J, J0), J0))

≈ EF2−F1

[
∂Q

∂p
(p0, J0) ∗ (p(J) + d(J, J0)− p0)

]
= ∂Q

∂p
(p0, J0)EF2−F1(p(J) + d(J, J0))

= ∂Q

∂p
(p0, J0)(dp̄+ E(d))

Therefore E(d) =
(
dp
dQ |J −

dp̄
dQ̄

)
dQ̄ corresponds to the probabilistic version of expression (12).
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3.3 The Principle of Le Chatelier and Parallel Inverse Demands

In this section, we extend the model by incorporating an outside market represented by the variable

y and we assume the consumer can only adjust y in the long run. We start from a continuous choice

model where all firms in the inside market are symmetric, we denote p the symmetric equilibrium

price of the inside market, and Q the aggregate quantity.

Let u(Q, y, J) − pQ be the utility function of the consumer and assume u is supermodular and

quasiconcave. Let

Q∗(y, p, J) = argmax
Q

u(Q, y, J)− pQ

be the aggregate demand of the inside good conditional on (p, y, J), and let

y∗(p, J) = argmax
y

u(Q∗(y, p, J), y, J)− pQ∗(y, p, J)

be the optimal choice of y given (p, J). Finally, define the long-run aggregate demand Q(J) =

Q∗(y∗(p(J), J), p(J), J).

Observe the long-run change in aggregate demand for the inside market given an exogenous

change in variety J has three components:

dQ(J)
dJ

= ∂Q∗

∂p

dp(J)
dJ

+ ∂Q∗

∂y

dy(p(J), J)
dJ

+ ∂Q∗

∂J
(17)

the indirect effect of variety through equilibrium price p, the indirect effect of variety through

the outside variable y, and the direct effect of variety J .

Assume the following parallel inverse demands condition:

Assumption. (Parallel Inverse demands) For all J and all y there exists d such that for all p then

Q(y, p, J) = Q(y0,p+ d, J0).

In particular, for all J there exists d(J) such that Q(J) = Q(y0,p(J) + d(J), J0). Then

dQ = Q(J1)−Q(J0)

= Q(y0,p1 + d, J0)−Q(y0,p0, J0)

≈ ∂Q∗

∂p
∗ (dp+ d)

And so we can calculate the vertical shift
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d ≈
(
dp

dQ∗
− dp

dQ

)
∗ dQ (18)

Define the indirect utility function

w(y, p, J) = u(Q∗(y, p, J), y, J)− pQ∗(y, p, J)

and note from the consumer perspective in a long-run equilibrium welfare is v(J) = w(y∗(p(J), J), p(J), J).

Taking the first order conditions:

dv(J)
dJ

= ∂w

∂p

dp

dJ
+ ∂w

∂J
+ ∂w

∂y

dy

dJ

= −Qdp
dJ

+ Λ + ∂w

∂y

dy

dJ

Furthermore, the parallel inverse demands condition implies −Q ∗ d ≈
(
Λ + ∂w

∂y
dy
dJ

)
dJ and so

dv(J) ≈ −Q ∗ (dp+ d) (19)

In other words, we can estimate the welfare effect in (19) by estimating pass-through and the

vertical shift parameter through equation (18). To estimate the second, we need the short-run slope

of demand (keeping both variety J and the outside market demand y fixed) and the long-run slope

of demand when both y and J are adjusted. However, estimating the vertical shift parameter is not

enough to estimate the variety effect, Λ, since the vertical shift includes indirect effects of variety

through the outside market y. An application of the Le Chatelier Principle (Milgrom and Roberts

1996) shows the slope of demand in the very long run (when both J and y are adjusted) is steeper

than when only variety J adjusts, therefore −Q ∗d would be overestimating Λ. In summary, the love

for variety assumption and the Le Chatelier Principle together imply the following bounds:

0 ≤ Λ ≤ −Q ∗ d′(J)

We have shown how to apply the parallel demands assumption in a model with an outside market

y to calculate the welfare effect dv
dJ with the reduced form estimates that are analogous to those used in

the baseline model. If we are interested in calculating the variety effect Λ we need one more estimate:

the long-run slope of demand where J is variable but y is kept constant dQ
dJ

∣∣∣
y

= dQ∗(y,p(J),J)
dJ . Then
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Λ = Q ∗

 dp
dJ
dQ
dJ

∣∣∣
y

− 1
∂Q∗

∂p

 ∗ dQ
dJ

∣∣∣∣
y

4 Applications

We now consider several applications of our model. First, we revisit the classic question of whether

free-entry is efficient and show how one can shed light on this question using reduced-form empirical

methods. Second, we consider the marginal welfare gain or loss of a small tax change in the context

of product variety and show to empirically implement it. We begin by describing firms, market

structure and the government.

4.1 Firms and Government

We start by assuming each firm j produces a single product according to the cost function cj(qj) =

c(qj) = cqj + f which is identical for all firms.15 Each firm faces an valorem tax on its output τ . A

given firm makes two decisions. First, each firm decides whether to enter the market given a fixed

cost of entry. Second, each firm chooses pj to maximize profits:

max
pj

πj = pj(1− τ)qj(p1 . . . , pJ)− cqj(p1 . . . , pJ)− f

s.t. ∂pk
∂pj

= ϑ for k 6= j

The first-order condition for pj is given by

(1− τ)qj + (pj(1− τ)− c)

∂qj
∂pj

+
∑
k 6=j

∂qj
∂pk

∂pk
∂pj

 = 0

We allow for different forms of behavior by letting ∂pk
∂pj

= ϑ, for k 6= j, parametrize the degree of

competition. For example, by setting ϑ = 0 we obtain Bertrand competition and setting ϑ = 1 we

obtain perfect collusion. This is related to the way Weyl and Fabinger (2013) model competition,

although they focus on tax incidence and pass-through with a fixed number of firms.16 The con-

jectural variation terms only make sense when they correspond to static solution concepts or are
15One can define a more general cost function c(q) + f for a convex variable cost function c(q) and all the results go

through.
16In the homogeneous good conjectural variations model, the first order condition is given by

p(1− τ) + dp(1− τ)
dQ

(1 + θ)− c = 0
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reduced forms of truly dynamic models (see Vives 2001, Riordan 1985) or supply function equilibria

(Hart 1982). We do not take a stance on which is the dynamic model that ϑ captures in reduced

form, instead proving that our evaluation of welfare is robust to any of the specifications that can

be modeled this way.

In a symmetric equilibrium, p1 = p solves:

(1− τ)q1(p1, p, . . . , p) + (p1(1− τ)− c)
(
∂q1(p1, p, . . . , p)

∂p1
+ (J − 1)ϑ∂q1(p1, p, . . . , p)

∂p2

)
= 0

We assume the left hand side ∂π1
∂p1

(p1, p) is strict single crossing (from above) in p1 and decreas-

ing in p so that a unique symmetric equilibrium p(J, τ) exists.17 Furthermore, we require that

πj(p(J, τ), J, τ) be decreasing in J. Then, the “long run” number of firms J∗ is determined by the

free-entry condition πj(p(J∗, τ), J∗, τ) = 0:

p(J, τ)(1− τ)q(p(J∗, τ))− cq(p(J∗, τ))− f = 0 (20)

Finally, government revenue is given by R = τ ∗ p ∗Q and social welfare W is defined as the sum

of consumers’ surplus (CS), producers’ surplus (PS) and government revenue (R).

4.2 Socially Optimal Product Variety

It is a well-known result that the number of firms in a free-entry equilibrium, may diverge from the

socially optimal number of firms (Spence 1976, Dixit and Stiglitz 1977, Mankiw and Whinston 1986,

Anderson, de Palma and Nesterov 1995). Observe the marginal welfare gain of variety is given by:

∂W

∂J
(J(τ), τ) = Λ + π + τpq + (p− c)J ∂q

∂J
(21)

The private optimum is determined by equation (20), where free entry drives profits to zero; thus,

we see that the private and social optimum diverge whenever Λ+τpq+(p−c)J ∂q
∂J 6= 0. The first term

is the variety effect and reflects the fact that firms create consumer surplus when they enter, a value

which they may not completely internalize if they cannot extract all surplus. The second effect is the

gain in government revenue which is a second externality not internalized by firms. Finally, the last

where 1 + θ ≡ dQ
dq

. The model nests various forms of competition such as Cournot (θ = 0), Bertrand (θ = −1), and
perfect collusion (θ = J − 1) which, of course, gives the monopoly outcome.

17The case of strategic complementarities, where ∂π1
∂p1

(p1, p) is increasing in p allows for the existence of multiple
symmetric equilibria, in that case assume there is a continuous and symmetric equilibrium selection p(J, τ) .
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term is the business-stealing effect which arises because entry affects output per firm, if q increases

then entry is business enhancing otherwise entrants are stealing business from incumbent firms, in any

case there is an externality imposed to the other firms (Mankiw and Whinston 1986). If the number

of firms in the free-entry equilibrium diverges from the social optimum it depends on the relative size

of the positive and negative externalities, starting from a benchmark without taxes (τ = 0), socially

optimal variety is determined by balancing the variety effect with the business-stealing effect.

Empirical Implementation. In general, theory cannot determine where dW
dJ R 0. Thus,

whether there is excessive or insufficient entry is an empirical question. There have been some at-

tempts to tackle this question in the literature (Berry and Waldfogel 1999, Berry, Eizenberg and

Waldfogel 2015). These papers mostly consider a structural approach by specifying the utility func-

tion and the nature of firm competition. In this paper, we pursue a complementary approach. We

show that one may use exogenous variation in variety entry to identify whether there is too little

or too much variety. Ignoring government revenue effects, the logic is straightforward: with an

exogenous change in J we can use Theorem 1 to identify Λ. The key challenge is identifying the

business-stealing term (p − c)J ∂q
∂J . Although ∂q

∂J is estimable, one requires a measure of the social

value of this output, p − c.18 It turns out that this can be pinned down by a price effect using a

free-entry envelope condition.

To fix ideas, consider a cost shifter, τ . In general, any cost shifter is valid, but we focus on taxes

since this is the empirical application we consider below. The reduced-form objects we focus on are

the short-run and long-run price effects, output effects and variety effects. First, we note that the

variety effect can be pinned down as follows:

Λ = −Q

 dp
dτ

∣∣∣∣
J

dQ
dτ
dQ
dτ

∣∣∣
J

− dp

dτ

 1
dJ
dτ

(22)

The intuition for the variety effect is illustrated in Figure 4. Here we consider a small increase

in taxes. As discussed above, the base of the rectangular area is given by pre-existing output before

the tax change. The height of the rectangle is given by the difference between “long-run” change

in price as a result of the tax change and the “short-run” change in price re-scaled by the ratio

of the long-run output effect to the short-run output effect of the tax. The re-scaling serves to

extend the price effect up the demand curve so that it’s measured at the long-run output level. The

identification of the variety effect thus comes from a policy instrument that shifts marginal costs

(such sales taxes), and is observed in a setting where variety is held constant and in a setting where
18If the consumer price and producer price are equal, this is also the firm’s markup.
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variety can respond endogenously to the policy change, subject to a free entry condition. In the case

of a standard CES demand model, both of the short-run and long-run effects are linked together by

a single elasticity parameter. What our framework highlights is that in order to separately identify

the demand elasticity (holding variety constant) from the variety effect, one requires two separate

sources of variation. Conceptually, one needs an instrument to trace out demand holding variety

constant and an instrument for variety. Practically, finding plausibly exogenous shocks to variety is

likely to be challenging. Therefore, instead, we trace out the “long run” demand curve that allows

both prices and variety to respond to cost shifter and show that this can be combined with the “short

run” demand curve to identify the variety effect.

With the variety effect in hand, we next consider the business-stealing effect. Totally differenti-

ating the free-entry condition with respect to the tax, one can solve for p− c and show that:

(p− c)J ∂q
∂J

=
d(τpQ)
dτ −Q dp

dτ − τpq
dJ
dτ

dQ
dτ − q

dJ
dτ

dQ
dτ − q

dJ
dτ −

dQ
dτ |J

dJ
dτ

(23)

This condition shows that we can recover the business-stealing effect using the short-run and

long-run effects of the tax on firm output, prices, and firm expenditures. To see the intuition for this

expression, note that if the zero profit condition holds before and after the policy change, then

−(p(1− τ)− c)dq
dτ

= q
d(p(1− τ))

dτ

Thus, if there is a business-stealing effect so that per-firm output goes down in response to the

policy reform
(
dq
dτ < 0

)
, in a long-run equilibrium, these losses have to be offset by higher revenue in

the form of higher per-unit prices. By re-arranging this condition, we get p− c = −q dp
dτ

+ d(pqτ)
dτ

dq
dτ

, which

is the first term in equation (23). The second term follows naturally from the fact that q = q(J(τ), τ)

and dQ
dτ = q dJdτ + J dqdτ . Note that we do not require direct estimates of costs and markups which may

be difficult to measure in practice. By comparing the estimated variety effect and business-stealing

effect, we can determine whether there is too little or too much variety.

4.3 Marginal Welfare Gain or Loss of a Tax Change

We consider a government that imposes an ad-valorem tax (τ) on each product in the market (but

not the outside good). This generates revenue R = τpQ. Welfare is defined as W = CS + PS + R

where CS and PS are aggregate consumer and producer surplus, respectively. The marginal welfare
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gain is:
dW

dτ
= dCS

dτ
+ dPS

dτ
+ dR

dτ
(24)

First, consider the case of competitive pricing p(1−τ) = c and socially optimal variety (given the
tax τ and given competitive pricing) for all m. In this case, the marginal welfare gain from increasing
the tax rate τ is dW

dτ = τp dQ
dτ

∣∣∣
J
.19 Next, assume pricing decisions are left to firms and variety can be

set optimally by the government, given the taxes (τ) and given firms’ pricing decisions. The marginal
welfare gain from increasing the tax is dW

dτ = (p− c) dQ
dτ

∣∣∣
J
.20 Finally, assume that firms control both

pricing and entry decisions. The marginal welfare gain becomes:

dW

dτ
= (Λ− f) dJ

dτ
+ (p− c)dQ

dτ
(25)

To see the intuition for this, consider the case where Λ = 0 which corresponds to homogeneous

products.21 We see that the new term added to the welfare formula is −f dJdτ . In this case, a tax

cut leads to inefficient entry since the new output produced as a result of the tax could have been

produced more cheaply by incumbent terms. The only modification when there is product variety is

that entry might not be inefficient if consumers place a sufficiently high value on the new products.22

Empirical Implementation The above expressions do not make use of the free-entry condi-

tion and may be difficult to implement empirically since they require estimates of firms’ costs and

markups. When the free-entry condition holds before and after the policy change the marginal firm

J(τ) earns zero profits. In the symmetric model this implies that producer surplus PS = Jπ = 0

before and after the policy change. To derive a condition that is more easily implementable, we

impose the assumption that after a tax change, profits are driven to zero to show that the long-run

welfare gain from marginally increasing taxes is:23

dW

dτ
= −Q dP

dτ

∣∣∣∣
J

dQ
dτ
dQ
dτ

∣∣∣
J

+ PQ+ τ
d(PQ)
dτ

(26)

To implement the marginal welfare gain in (26), we only require behavioral responses to taxes.
19See Harberger (1964), Chetty (2009)
20See Auerbach and Hines (2001).
21This is considered in Besley (1989) and Auerbach and Hines (2001). Although these papers consider Cournot

competition, our formulas are valid for a broader class of models.
22One can also show the following equivalent representation for the marginal welfare gain: dW

dτ
= (Λ + π + τpq) dJ

dτ
+

(p− c)J dq
dτ
.

23In a model with asymmetric firms, we do not need to assume PS = 0 before and after the policy change, rather
we would require dπj

dτ
= 0 to get a similar formula. This is equivalent to −(pj(1− τ)− c′(qj)) dqj

dτ
= qj

d(pj (1−τ))
dτ

, the
condition we used to estimate markups in the previous section.
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In particular, we do not need to estimate the distribution of random utility shocks, the fixed cost of

entry f , the marginal cost of production c, or the market conduct parameter θ.

The empirical setting we consider below is about consumption of grocery products. Our data

contains a classification which assigns products to “modules”, which we may interpret as nests

through the lens of our model. Here we briefly sketch out a more general model where each product

belongs to a nest, m ∈ M , where we take the nesting structure as exogenous.24 This modeling

structure closely follows Sheu (2014). Products within a nest are taken to be more substitutable

than products between nests. We assume that expenditures are exhausted across all grocery store

products. Thus, while the random utility model considered above defined the “reference good” as the

no purchase option, in this model, we assume that the outside option of not purchasing a product in

some nest is choosing the most preferred option among products in all other nests. Thus, any effects

of changing expenditures in a given nest would be captured by shifting expenditures to a different

nest. In this setting, some nests are subject to taxes and other nests are not. We denote the set of

taxable nests as MT .

dW

dτ
=

M∑
m=1

(
Λm

dJm
dτ
−Qm

dpm
dτ

)
+

M∑
n∈MT

d(τpnQn)
dτ

(27)

The first term shows that one needs to evaluate the effect of the tax on variety and prices

in all nests. The second term shows that one needs to consider the fiscal externality which only

requires measuring behavioral responses in taxable nests. Under two assumptions, we can retrieve

the marginal welfare gain in (26). First, we assume symmetry withinMT and withinM\MT . Second,

we assume that prices, quantity and variety in untaxed nests do not respond to taxes.

5 Data

The previous section showed that the sufficient statistics for welfare are dJ
dτ ,

dp
dτ ,

dp
dτ

∣∣∣
J
, dQdτ , and

dQ
dτ

∣∣∣
J

. To estimate these objects, we rely on several data sets. For our measures of p, Q, and J , we rely

on Nielsen’s Retail Scanner Data. To measure τ , we rely on hand-collected local sales tax data in

the U.S. This section describes how we constructed the final samples used in our empirical analysis.

Further details on data construction are provided in the Appendix.
24For a more detailed analysis, we refer the reader to the Appendix.
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5.1 Nielsen Retail Scanner Data

We obtained the Nielsen scanner data from the Kilts Marketing Data Center at the University of

Chicago Booth School of Business. The micro data records weekly prices and quantities by product

at the barcode level (Universal Product Code, UPC) for over 35,000 stores from approximately 90

retail chains across the United States (except for Hawaii and Alaska), covering the years 2006-2014.25

Each store, geolocated at the county level, is assigned one of five possible store types (“channels”),

and can be matched with its parent chain.26 Products are organized in a hierarchical structure:

There are over 2.5 million different UPCs, which are categorized into approximately 1,200 product-

modules. Each module is then assigned to one of roughly 120 product-groups, which in turn is part of

one of 10 broader product-departments. Appendix Table 1 shows a few examples of UPCs included

in the retail data.

The Retail Scanner dataset’s coverage of total U.S. sales volume varies across locations and store-

types. For instance, it covers more than half of the total sales volume of U.S. grocery stores, but only 2

percent of sales in convenience stores. We impose several sample restrictions to address any potential

bias caused by differential coverage of sales by type of products across regions. First, we restrict our

sample of stores to grocery stores.27 Second, we only keep modules sold in all 48 continental states.

Finally, in our main specification, we restrict the sample to the top selling modules that rank above

the 80th percentile of total U.S. sales in the distributions of food and non-food modules. These

modules account for almost 80% of the total value of sales in grocery stores in the scanner data.

From the scanner data, we construct two samples that we use for our empirical analysis: 1)

repeated cross-sections where the unit of observation is at the store-module-year level, 2) panel data

where the unit of observation is at the store-module-quarter level. For each sample, we generate

measures of price (p), expenditure (pQ) and product variety (J) at the module level. All of our

regressions below will be based on expenditures, not output. We discuss below how we obtain

demand elasticity estimates from our expenditure and price elasticity estimates.

To measure price for each module-store-period combination, we take several steps. First, for

each UPC in each store, we aggregate weekly revenue and output over time (yearly for cross-section

and quarterly for time-series) and compute the average price by taking the ratio of these. This

delivers a price for each UPC-store combination per period. Second, for each module, we regress
25Products without a barcode such as random weight meat, fruits, and vegetables are not included in the data set.
26The five channels are grocery, drug, mass merchandise, convenience and liquor stores. Each store and each parent

chain has a unique identifier. Retail chain names are confidential and unknown to researchers.
27The distribution of stores by store-type varies substantially across regions. Restricting our sample to grocery stores

ensures that compositional changes across regions are not driving the results.
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the log of average price on a set of UPC fixed effects and store-by-period fixed effects. Since these

regressions are estimated separately for each module, the store-by-period effects by construction are

permitted to vary across modules. The estimated module-store-year and module-store-quarter fixed

effects serve as the long-run and short-run price indices, respectively. To measure expenditures, we

aggregate revenue across all UPCs to the module-store-year level for the cross-sectional analysis and

to the module-store-quarter level for the time-series analysis. Finally, product variety is measured

as the count of UPCs with positive sales in a given store over the relevant period of time (year for

long-run, quarter for short-run), separately for each module.28 Finally, we normalize our time-series

measures. For price, we divide by the average price in each store-quarter. For expenditures, we

divide by total expenditures in each store-quarter. Thus, below we will refer to this measure as an

expenditure share. For variety, we normalize by the store-quarter average number of varieties. As

we describe more fully below, we normalize these variables to account for store-level trends in our

regression analysis. An alternative way of addressing this is include store-by-period fixed effects,

however this is computationally burdensome due to the large number of fixed effects that need to be

estimated.

5.2 U.S. Sales Tax Exemptions and Rates

The second source of data we use is a hand-collected monthly panel of local (county and state) sales

tax rates and state-level exemptions, which vary at the product-module level, covering the years

2006-2015.29 In general, exemptions are set by states and are module-specific.3031 The general rule

of thumb is that food products are tax-exempt and non-food products are taxable. However, there

are important exceptions to this rule. First, several states tax food at the full rate or a reduced

rate. Second, in a few states, food products are exempt from the state-level portion of the total

sales tax rate, but remain subject to the county-level sales tax. Third, in some cases where food is

tax-exempt, there is a tax that applies at the product-module level. For example, prepared foods

are subject to sales taxes in many states. Finally, some states exempt some non-food products from

sales taxes. Our final exemption sample is at the county-module-month level, however it should be

noted that changes in exemptions over time are very rare during our sample period. For tax rates,
28The definitions of price and variety are similar to the corresponding definitions in Handbury and Weinstein (2015).
29We use sales tax rates from 2015 to test whether there is an anticipation response to changes in sales tax rates and

do not find any evidence that there is. Results are available upon request.
30The Online Appendix describes the sources we used in determining exemptions and rates.
31There are a handful of exceptions to this. Colorado, for example, allows each county to decide whether to subject

food to the county-level portion of the sales tax rate.
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we collected monthly state-level and county-level rates.32

There are several possible sources of measurement error in our sales tax rates. First, we do not

incorporate county-level exemptions or county-specific sales surtaxes that apply to specific products

or modules, although our understanding is that these cases are uncommon. Second, there may be

measurement error coming from our exemption definitions and how we assigned a taxability status

to each module, which in some cases required a subjective judgment based on interpreting the text

of the state sales tax law. While the bulk of the variation in taxes occurs at the module level or

higher, there are some instances where taxability varies within module. For example, in New York,

fruit drinks are tax exempt as long as they contain at least 70% real fruit juice, but are subject to

the sales tax otherwise. Therefore, some products in Nielsen’s module “Fruit Juice- Apple”, may or

may not be taxed in New York, but all are considered eligible for the sales tax exemption in our

database since we cannot readily identify the real fruit juice content.33

As a final step, we merge the effective sales tax rates to the Nielsen scanner data. This requires

aggregating the sales tax data to the level of the scanner data. For the cross-sectional analysis, we

obtain yearly sales tax rates by relying on the effective rate on September 1 of a given year.34 For the

time-series analysis, we use the rate effective at the mid-point of each quarter (February for quarter

1, May for quarter 2, etc). We then merge the sales tax rates to the scanner data by product-module,

county and time. Our final cross-sectional and panel samples cover over 10,000 grocery stores, and

contain price, expenditures and variety for 198 modules in 1,625 counties.35

Table 1 presents the tax status of the top selling food and non-food modules in our sample. There

are several noteworthy observations. First, modules such as soft drinks, ice cream, and candy are

taxed in states that exempt food, like Connecticut, Florida, and Wisconsin. Second, several non-food

modules are exempt from taxes. For example, toilet tissue and diapers are exempt in New Jersey and

Pennsylvania and magazines are exempt in Maine, Massachusetts, New York and Oklahoma. This

provides an additional source of variation in tax liabilities across states which is useful for identifying

the long-run effect of taxation as we discuss more fully below.
32Some cities and other localities also impose an additional local sales tax rate. We do not incorporate rates that

apply to areas smaller than counties.
33In cases where it is impossible to tell whether the majority of products in a given module are subject to the tax

or not, we code the statutory tax rate as missing. This results in excluding less than 3% of the observations in our
sample.

34Most rate changes occur either on January 1 or July 1.
35The panel includes stores in 1,625 counties, but the number of stores and counties varies slightly across years.
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5.3 Descriptive Statistics

Figure 5 shows the cross-sectional distribution of the total sales tax rate (state + county) in Septem-

ber 2008. There is substantial cross-sectional variation in sales tax rates ranging from zero in Mon-

tana, Oregon, New Hampshire and Delaware to a maximum rate of 9.75 percent in Tennessee. Table

2 compares the observable characteristics of low and high tax states. It presents annual descriptive

statistics for the year 2008 for simplicity as the patterns are very similar in the other years of our

sample. Column (1) reports means and standard deviations for all counties and columns (2) and (3)

report results for high and low sales tax counties, respectively. The typical county in our sample

has roughly $75 million (U.S. dollars) in yearly grocery store sales (for the top 20 percent selling

modules) with about 6.5 stores per county. Food modules account for roughly 75 percent of total

annual sales on average. There are roughly 100 varieties sold in a typical module in a typical grocery

store over a year. Turning to taxes, the average combined county and state sales tax rate is 6.3

percent while the average tax rate on food products alone is 1.6 percent. Finally, the typical county

has a population of about 165,000, a household median income of $44,000 and roughly 50 percent

with a high school degree or less.

Turning to columns (2) and (3), we see that grocery stores are very similar between high-sales

tax and low-sales tax counties on a number of dimensions although low-tax counties have larger sales

per store ($10 million versus $9.3 million). Locations with sales tax rates above the median exhibit

lower rates of excise taxes on alcohol and cigarettes, tend to be more populous, have more grocery

stores, and cover smaller territories. In column (4), we regress the county characteristics on the sales

tax rate. The reported coefficients indicate that sales tax rates are negatively associated with variety

and price levels, but positively correlated with the food share of sales. These regressions also provide

further evidence that counties with high sales tax rate have, on average, lower rates for other types

of taxes.

Finally, in Appendix Figure 1, we present visual evidence on the distribution of food tax exemp-

tions across states. In general we see that food taxability status is spatially correlated. For example,

most states that tax food are located in the South or in the Midwest. In regressions below, we

evaluate the robustness of our results to controlling for module fixed effects interacted with census

region fixed effects.
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6 Empirical strategy

In this section, we discuss the research design we use to study the effects of taxation. Later we discuss

how we map our reduced-form empirical estimates to our sufficient statistics in order to implement

our welfare formula in equations (22), (23) and (26).

6.1 Long-run Effects of Taxation

Grocery stores sell some products that are subject to the sales tax and other products that are

exempt, generating within-store differences in after-tax prices between products. Our empirical

strategy exploits cross-sectional variation in sales tax rates across counties interacted with tax status

across modules. Since we are expoiting cross-sectional variation which corresponds to the steady-

state, we interpret the resulting estimates as “long-run” elasticities. In particular, our estimates will

incorporate the endogenous response of product variety to sales taxes.36

To see how this source of variation can be used to identify the long-run effects of taxation, consider

the following example. Suppose that food modules are exempt in all locations and non-food products

are taxed everywhere, and sales tax rates are set by legislators independently of local differences in

sales/prices between food and non-food products. In this case, we can recover a consistent estimate of

the long-run elasticity of taxation by estimating the following difference-in-differences (DD) regression

model:

log ymrcs = βLR (log(1 + τcs)×Nonfoodm) + δr + δm + εmrcs (28)

where the outcome ymrcs is either price, expenditures , or product variety . The terms δr and δm

are store fixed effects and module fixed effects, respectively, Nonfoodm is a dummy variable for

non-food modules and τcs is the sales tax rate in county c.37 Any county-level differences that do not

vary across modules are absorbed by the store fixed effects. Any systematic differences in taxability

across modules are soaked up by the module fixed effects. The coefficient of interest is βLR . Under

the assumptions stated above, we can use OLS to estimate the long-run causal effect of taxes on

prices, expenditures, and variety.

Our preferred specification builds on the DD specification by additionally incorporating variation
36Similarly, Atkin, Faber and Gonzales (2016) use cross-sectional variation in store-level prices to estimate long-run

elasticities of substitution across stores.
37Note that the main effects of the Nonfoodm indicator and the sales tax rate τcs are absorbed by the inclusion of

module and store fixed effects in the model.
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in tax rates across modules within the broad categories of food and non-food products. This mainly

arises due to product-specific exemptions, such as the taxation of candy products in some states or

the exemption of diapers. In this case, the long-run estimating equation is given by:

log ymrcs = βLR log(1 + τmcs) + δr + δm + εmrcs (29)

The main difference between equations (28) and (29) is the definition of the sales tax rate. For the

latter equation, taxes may vary across food (non-food) products within a store, hence the tax rate

is also subscripted by m. The long-run parameter βLR is identified under the assumption that the

within-store differences in statutory rates across modules do not systematically vary across counties

with within-store differences in unobservables. For example, our estimates of βLR for expenditures

would be biased upwards if jurisdictions where the consumption share of unhealthy food products

(e.g., candy, soft drinks) is relatively high responded by specifically subjecting these goods to the

sales tax.

Our final empirical strategy to estimate long-run effects is to implement a border-design following

Holmes (1998), Dube, Lester and Reich (2010), and Hagedorn, Manovski and Mitman (2016). We

restrict the sample of stores to those located in contiguous counties located on opposite sides of a

state border. Two contiguous counties located in different states form a county-pair d, and counties

are paired with as many cross-state counties they are contiguous with. The estimating equations are

modified such that module fixed effects are now county-pair specific:

log ymrcsd = βLR log(1 + τmcs) + δr + δmd + εmrcs (30)

To estimate equation (30), the original dataset is rearranged by stacking all pairs. For instance,

a module-store cell located in county c appears as many times as the number of counties county c is

paired with. Regressions are weighted by the inverse of the number of pairs a county is part of.

6.2 Short-run Effects of Taxation

The empirical strategy to estimate the short-run expenditure and price elasticities with respect to

the sales tax exploits within-store time-series variation in tax rates over the 2006-2014 period. We

interpret these as “short-run” because firm entry and exit is unlikely to adjust instantaneously to

high-frequency variation in sales taxes, an assumption we empirically test below. The baseline short-

run specification is the following:
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log ymrcst = βSR log(1 + τmcst) + δt + δmr + δm × t+ εmrcst (31)

where the unit of time (t) is a quarter, and δt and δmr are quarter and module-by-store fixed effects.

In some specifications, we include a module-specific time trend δm × t while in others we include

module-by-quarter fixed effects, δmt.38 The dependent variables used to estimate the elasticities of

interest are normalized within store-time cells to account for module-invariant store-specific trends.39

The identifying assumption is that states and counties do not differentially change effective sales tax

rates across products endogenously with respect to changes in consumer demand. Additionally,

we require that any quarter-to-quarter variation in product variety is unrelated to sales tax policy

changes – an assumption we test below.

7 Results

In this section, we report our long-run and short-run elasticity estimates. We also use the empirical

framework developed in the previous section to provide evidence in support of the symmetric price

assumption.

7.1 Long-run Estimates based on Cross-Sectional Variation in Sales Taxes

As a first step, we estimate this simplified DD model in equation (28) on yearly cross-sectional data

by restricting the sample to counties where food products are fully exempt from the state sales tax,

and to modules that are either taxed or exempt in all stores in this subset of counties.40 We estimate

the cross-sectional model separately for each year between 2006 and 2014, and then take a simple

linear combination of these nine coefficients. Coefficients of interest are shown in Table 3.

In all specifications, standard errors are clustered at the state-module level, the broadest level at

which sales taxes are determined. The dependent variable is expenditures in columns (1) and (2),

consumer price in columns (3) and (4), and variety in columns (5) and (6). Note that because we
38All results reported in this paper hold if months are used as the unit of time instead of quarters. Results are

available upon request.
39This normalization is similar but not equivalent to including store-time fixed effects, which is computationally

burdensome. The exact normalization procedure is described in details in the Appendix. Note that because our
measures are in logs, the cross-sectional framework with store fixed effects yields identical results whether outcomes
are normalized within store or not.

40The selection criteria for the difference-in-differences estimation sample is based on state-level exemptions and
therefore includes stores located in a handful of states where food products are exempt from the state’s sales tax but
may remain subject to some local taxes.
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use consumer prices, a coefficient of one in columns (3) and (4) implies full pass-through of the sales

tax to consumers. In columns (1), (3) and (5), the specifications include store and module fixed

effects. Our estimates across these columns indicate that the tax elasticity of expenditures is −0.840

(s.e. 0.574), and that there is slight undershifting of taxes onto consumer prices with a coefficient

of 0.894 (s.e. 0.074). The elasticity of product variety with respect to sales taxes is −0.987 (s.e.

0.299). To address the concern that sales taxes are spatially correlated across regions of the U.S. in

ways that may endogenously reflect the geographic distribution of consumer preferences, we consider

a specification that allows module fixed effects to vary across census regions (columns (2), (4), and

(6)). All of our results gain in precision with the inclusion of module-by-region fixed effects, and the

point estimates are robust.

Next, we report results from our preferred specification (equation (29)) in Table 4. Standard

errors are clustered within state-module cells. For expenditures, the elasticity is −0.683 (s.e. 0.255)

and for variety it is −0.848 (s.e. 0.148) which are qualitatively similar to the corresponding estimates

shown in Table 3, both for the baseline specifications and when allowing for region-specific module

fixed effects. The price coefficient suggests that sales taxes are slightly overshifted to consumers with

an elasticity of 1.145 (s.e. 0.036). All of the estimates reported in Table 4 are statistically significant

at the 1% level.

7.1.1 Robustness of Long-Run Estimates

We next explore a series of robustness checks in Table 5. Columns (1) and (2) report our benchmark

results from Table 4 for comparison. First, to further address spatial correlation of taxes, we turn

to a specification that relies exclusively on module-specific exemptions. More precisely, we exclude

all observations included in the difference-in-differences model. This sample thus includes: (a) all

observations in counties where food is subject to a sales tax, as well as (b) for counties where food is

generally exempt, the subset of modules for which there is some between-state variation in taxability

status. The results, shown in columns (3) and (4) of Table 5, are in line with the baseline estimates.

Second, we examine the robustness of our results to dropping small counties (with a population

below 150,000), for which few stores are observed and are therefore more likely to be subject to

sampling issues. These are reported in in columns (5) and (6) and again we find that our results are

qualitatively similar. Third, to verify that the estimated effects are not driven by counties setting

their local sales tax rates endogenously with respect to local consumer preferences, we instrument

the county-level effective sales tax rate with the state-level effective rate (columns (7) and (8)) and

again find similar results. Finally, in column (9), we include all Nielsen’s modules that are observed
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in all of the 48 continental states. Our estimates are consistent across all these specifications.

Table 6 presents the results of the border-counties analysis.41 For all specifications, to account

for spatial auto-correlation, standard errors are clustered two-way – by state-module as well as by

border-segment-module (Cameron et al. 2011). In columns (1), (3) and (5), the estimating equation

is equivalent to equation (29), but the sample is restricted to border-counties. This sample restriction

has little impact on the magnitude of the coefficient for consumer prices, but yields slightly smaller

point estimates for both expenditures and variety. We then allow module fixed effects to vary by

county pairs in columns (2), (4) and (6). The implied tax elasticity of expenditures −0.649 (s.e.

0.142) is in line with our baseline results, as is the coefficient for prices 1.036 (s.e. 0.016). The

effect of taxes on variety −0.304 (s.e. 0.070) is smaller in this specification, but remains statistically

different from zero at the 1% level.

Both pooled cross-sectional results and “border county” results suggest large effect of taxes on

variety, with elasticity roughly between 0.3 and 0.8. This estimate can be compared to some the

recent estimates of the elasticity of variety to population in Handbury and Weinstein (2014) and

Schiff (2015) which range from 0.3 to 0.6. In both cases (change in taxes and change in population),

there is a change in aggregate demand which in turn affects vareity.

7.2 Short-run Estimates based on Time-Series Variation in Sales Taxes

To estimate the short-run effects of taxation, we use our quarterly panel covering 2006-2014. The

results based on our main specification in equation (31) are reported in Table 7. Standard errors

are clustered at the state-module level to allow for correlation across stores located in a given state

and to adjust for serial correlation. Columns (1) to (2) contain our estimates for expenditures and

columns (3) to (4) contain our results for prices. In columns (1) and (3), we include module, store

and time fixed effects, module effects interacted with store effects and module-specific linear time

trends. By including module effects interacted with store effects, we effectively shut down the cross-

sectional variation in taxes and rely exclusively on within-store, across module time variation. Our

estimates indicate an expenditure elasticity of −0.315 (s.e. 0.111) and a price elasticity of 1.024 (s.e.

0.038), consistent with full pass-through. We cannot reject the null hypothesis that the coefficient

for prices is equal to one at conventional levels of statistical significance. In columns (2) and (4) we

control for module-specific trends more flexibly by including module effects interacted with quarter
41There is evidence that border counties set local sales tax rate strategically to compensate for cross-border difference

in state-level sales tax rates (Agarwal 2015). In unreported regressions, we verified that results are not driven by this
possible source of bias by instrumenting the statutory county-level tax rate (τmcs) with its state-level value (τms).
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fixed effects instead of linear time trends. The expenditure elasticity remains negative but is smaller

in magnitude −0.165 (s.e. 0.103), and the price elasticity is again statistically indistinguishable from

one. Finally, as a placebo test we report results using variety as the outcome variable in columns

(5) and (6). Reassuringly, the coefficient is statistically insignificant and close to 0, supporting our

interpretation of the evidence as representing a short-run effect of taxation.

Overall, we find larger effects of taxes on variety and expenditures in the long-run, while pass-

through estimates are similar in the long-run and in the short-run. The coefficient on price remains

relatively close to one and is considerably smaller than estimates reported in Besley and Rosen (1999).

In Section 8, we employ these empirical estimates to implement the sufficient statistics approach to

welfare analysis described in Section 2.

7.2.1 Robustness of Short-Run Estimates

In Table 8 we explore the sensitivity of our short-run estimates to alternative samples and specifica-

tions. Columns (1) and (2) show our baseline estimates from Table 7 for comparison. In column (3),

we include store-by-time fixed effects to flexibly account for any location-specific time trends. The

expenditure elasticity −0.426 (s.e. 0.128) is slightly larger under this specification, while the point

estimates for prices and variety are barely affected by the inclusion of these additional fixed effects.

In columns (4) to (6), we restrict our sample to large counties and obtain very similar results for all

three dependent variables.

To further assess the robustness of our short-run estimates, we also report results from a state

border sample. In column (7) of Table 8, our main specification is estimated on the restricted state

border sample, and column (8) includes pair-specific module trends. Reassuringly, these results

closely mirror our main estimates, with coefficients for expenditures and prices slightly smaller in

this sample.

7.2.2 Testing for Symmetric Pass-through

Section 3.1 showed that the key assumption for the validity of the sufficient statistics formula for the

variety effect in the case of asymmetric prices is symmetric pass-through. We now empirically test

this assumption by comparing pass-through rates across classes of products within each module. Our

approach consists in partitioning each module into several categories of UPCs and estimating short-

run pass-through parameters separately for each of these categories. This is equivalent to testing for

heterogeneous effects of sales tax changes on consumer prices across categories of products.
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We first test for symmetric pass-through across products with different price levels. To classify

UPCs as either high- or low-price products, we first use our panel dataset from 2006-2014 to estimate

UPC fixed effects by regressing pre-tax prices on UPC and store fixed effects, separately for each

module. For each module, we define the average value of the UPC fixed effects that is time-invariant.

We denote UPCs with a fixed effect above their module-specific mean as “high-price” products, and

below-mean UPCs as “low-price” products. Next, we regress log prices on UPC fixed effects and

store-by-quarter fixed effects interacted with the high/low price dummy variable. This delivers a

quarterly panel data set of store-module price indices with two price indices for each module-store-

quarter cell.

Our second test of symmetric pass-through is based on a comparison of products across brands

with different market shares. Formally, for each module, we aggregate UPCs into brands and compute

the market share for each brand. We then classify brands on the basis of their market shares in each

module and define the top selling brand, the second selling brand and all remaining brands. Each

UPC in the data is assigned to one of the categories based on that UPC’s brand. Finally, for each

module, we regress log price on UPC fixed effects and store-by-quarter fixed effects interacted with

a categorical variable representing the brand popularity. This delivers a quarterly panel data set of

store-module price indices with three price indices for each module-store-quarter cell.

Results for theses specification checks are reported in Table 9. The estimates are obtained by

estimating our main short-run specification that includes module-store fixed effects and module-

specific linear time trends (equation (31)). In columns (1) and (2) we calculate pass-through rates

separately for high- and low-price UPCs. We fail to reject the null of equal pass-through rates

(p-value>0.1). Similarly, in columns (3) to (5), we compare pass-through rates between top-selling

brands and brands with relatively smaller market shares. We test for equality of the three estimates

and again we cannot reject symmetric pass-through (p-value>0.17).42

42In unreported regressions, we re-estimate these pass-through rates but substitute module-time fixed effects for
module-specific linear time trends. In these cases, the p-values for the null of symmetric pass-through are 0.235 and
0.252 for the price-based and the brand-based tests, respectively.
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8 Welfare calibration

As a final step in the paper, we numerically implement our welfare formulas using our empirical

estimates. First, note that we can re-write equation (26) as:

1
pQ

dW

dτ
= − dlogP

dτ

∣∣∣∣
J

dlogQ
dτ

dlogQ
dτ

∣∣∣
J

+ 1 + τ
dlogPQ

dτ
(32)

In order to implement our welfare formula, we need to measure dlogQ
dτ and dlogQ

dτ

∣∣∣
J
. We get

this by applying the chain rule and using our expenditure elasticity and price elasticity estimates,
dlogQ
dτ = dlogpQ

dτ − dlogp
dt and dlogQ

dτ

∣∣∣
J

= dlogpQ
dτ

∣∣∣
J
− dlogp

dτ

∣∣∣
J
. Our calibrations are contained in Tables

10 and 11.43 First, consider Table 10. Columns (1) to (5) provide a set of illustrative calibrations

for our welfare formulas. The values of the inputs in these columns do not correspond to our

empirical estimates and are intended only as illustrations to provide intuition. Across all columns,

the marginal welfare gains/losses J
pQ

dW
dJ and 1

pQ
dW
dτ are the main objects of interest. For comparison,

we also report the marginal welfare gain of taxes assuming that variety is fixed or efficient and prices

are set competitively.

The first two columns illustrate the scenarios where either the variety effect or the business-

stealing effect is 0. In column (1), we see that the short-run and long-run effects of taxes on prices

and output are the same and so the variety effect is 0. In this case, the reduced-form estimates reveal

that consumers do not value variety. Since the shift in the aggregate demand curve depends jointly

on the variety response to taxes and the variety effect, there is no downward shift in the aggregate

demand curve, despite the fact that taxes nevertheless affect entry/exit of firms since they affect

profits given the fixed cost of entry. In this case, additional entry only reallocates output among

firms, but does not cause an overall expansion of output. Clearly in this case, there is too much variety

at current level of taxes since the business-stealing effect dominates (i.e., dW/dJ < 0). Turning to

column (2), here we see that the business-stealing effect is 0 so that increase in variety only increases

total quantity and does reduce quantity per firm; in this case only the variety effect remains. Clearly,

in this case, variety is inefficiently low (e.g., dW/dJ > 0). The next set of columns illustrate the
43For the variety effect and business-stealing terms reported in Tables 10 and 11, we scale each term by J/pQ. Thus,

the estimates reported in the table are rescaled versions of equations (22) and (23), respectively. Namely
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relative importance of the variety effect and business-stealing. We see that for a plausible range of

short-run and long-run estimates, we may have either insufficient or excessive entry; ultimately, it is

an empirical question depending on the short-run and long-run price elasticities and the magnitude

of the variety response to taxes. Turning to the welfare effect of taxes (dW/dτ), we see that the

role played by the gap between the variety and business-stealing effects. When this gap is large,

the welfare losses from a change in taxes are larger (in magnitude) compared to the case where the

gap is small. We also see that a larger behavioral response of taxation leads to a larger welfare loss,

consistent with standard intuition that taxes have a fiscal externality on the government’s budget.

Using Table 10 as a template, we next implement the same formulas with our preferred set of

reduced-form estimates from empirical analysis. We report these results in Table 11. Our estimates

imply that the variety effect is around 1.2-1.6, depending on whether we use preferred pooled cross-

sectional results or instead the “border pair” results. The scaling of the variety effect gives a unit-free

measure that can be interpreted as the elasticity of the inverse aggregate demand curve with respect

to variety. In other words, the magnitude of estimated variety effect suggests that an exogenous

decrease in variety of 1 percent will decrease average willingness-to-pay by 1.2-1.6 percent. This is a

large variety effect, although it is smaller that what is implied by logit model that constrains variety

effect to be related to the price elasticity of demand. In addition to the variety effect, we can also

recover estimate of business-stealing effect, and we find it is smaller in magnitude than the variety

effect , suggesting that there is too little variety relative to the social optimum (i.e., dW/dJ > 0).

To give some intuition behind magnitude of the variety effect estimate, consider the following

example: assume that an exogenous 1 percent decrease in variety results in all consumers who

previously purchased the (removed) varieties deciding to purchase the outside good. Assuming

identical market shares initally, then in this example a 1 percent decrease in variety will reduce

quantity demanded by 1 percent (holding price constant). This is identical to an inward shift in the

inverse aggregate demand curve by the reciprocal of the price elasticity of demand, or approximately

2 given the short-run estimates in Table 11. Alternatively, we can assume that the individuals who

purchased the (removed) varieties instead purchase second choice, which they value 10 percent less

on average. In this case, we would calculate an inward shift in inverse aggregate demand curve by 0.1

percent. The combination of the large variety effect and small business stealing effect is consistent

with many consumers not choosing an alternative variety when their preferred variety is elimianted

due to taxes.

Turning to the welfare effect of taxes, we find that since taxes further distort variety below the

socially optimal level, the welfare effect of taxes with endogenous variety is larger than the welfare
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effect of taxes ignoring variety, with most of the social costs due to the additional cost of reduced

variety. Thus, we see that it’s important to account for the variety distortion. The final columns

of Table 11 reproduces these calibrations instead imposing the logit assumption. A common theme

across the columns is the implied estimate of the variety effect is significantly larger under the logit

specification compared to using our approach. This can be seen by comparing columns (1) to (2)

with columns (3) to (4). The variety effect is significantly larger, which likely relates to the well-

known result that the logit model tends to overstate the welfare gains from new goods (Hausman

1996; Petrin 2002).

These estimates are intended to be illustrative of our new revealed-preference approach, and

given the uncertainty in our reduced-form estimates, the findings should be interpreted tentatively.

However, our formulas also provide a way to recover implied markups (as a share of consumer price),

which we find to be between 0.15 and 0.39. These values are broadly similar to other estimates of

average markups (above wholesale costs) estimated using more detailed price and cost data (see,

e.g., Gopinath et al. 2010). This suggests that the combination of our formulas and reduced-form

estimates provide sensible markups, even thought we do not observe markups or costs directly. We

thus view our results as a useful first step at valuing gains to variety using reduced-form estimates.

9 Conclusion

Understanding how changes in product variety affect consumer welfare is critical for a host of ques-

tions. In this paper, we develop a sufficient statistics method for valuing changes in product variety

and we apply it to two classic questions. First, we consider whether product variety is insufficient

or excessive relative to the social optimum. Second, we consider the welfare effects of taxation with

endogenous product variety. Central to both applications are reduced-form estimates of taxes on

prices and quantities where variety is held constant and where variety responds to a change in taxes,

subject to a free-entry condition, along with estimates of taxes on varieties.

We implement our approach by combining rich retail scanner data from grocery stores in the U.S.

with detailed state and county sales tax data. Our empirical results indicate that at current sales tax

rates and entry costs, product variety is below the social optimum. Additionally, we estimate a large

effect of sales taxes on product variety, and we find that the marginal excess burden of sales taxes

is significantly larger than estimates ignoring the indirect effect of taxes on product variety. These

results are of course specific to this setting, but we see this “proof of concept” as demonstrating

applicability to other settings in IO and International Trade.
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Our analysis can be extended and generalized in several dimensions. Most directly, one could

use the sufficient statistics formula for the variety effect developed here to study the impact of tariffs

on welfare or other government policies that result in changes in equilibrium varieties, such as price

controls. One could also use a similar approach to study the welfare effects of mergers, taking

into account the variety effect in addition to the price effect. Finally, it would be useful to extend

the methods developed here to allow for firm heterogeneity and multi-product firms when modeling

socially optimal product variety and to investigate endogenous changes in product quality in response

to government policies.
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Proofs of Propositions, Derivations of Formulas, and Model Exten-

sions

Observe Qm can be written in terms of cdf of max shock

Qm = 1− P(max
j∈m

εj ≤ p+ ε0)

For any family (Qm(p, J))J which is decreasing in p and increasing in J , we can use induction to

construct cdfs of shocks from cdf of max. For example:

P(ε2 ≤ x) = P(max{ε1, ε2} ≤ x) + P(ε2 ≤ x|ε1 > x)(1− P(ε1 ≤ x))

Where the first and third terms are fixed, but the second is free. another way to see the construction

is that basically we can let ε2 have distribution 1−Q(·, 2), and so on.

Gumbel is the unique iid distribution satisfying parallel demands

Assuming the unique attribute is price and these are symmetric, the inverse demands when there are

J and J + 1 varieties are parallel iff there exists t such that for all p then Q(p, J) = Q(p+ t, J + 1) ,

that is

P(ε0m < −p+ νm(1− σm) + (σm) max
1≤j≤J

εj) = P(ε0m < −p+ t+ νm(1− σm) + (σm) max
1≤j≤J+1

εj)

Since ε0m and νm(1−σm) are independent of max1≤j≤J εj this can only be true if the distribution

of the maxima is the same, that is

max
1≤j≤J

εj
d= t+ max

1≤j≤J+1
εj

Let F be the cdf of ε, then the equation above implies there exist t(n) such that for all x:

F (x) = Fn(x+ t(n))

Iterating on both sides implies

Fnm(x+ t(nm)) = Fnm(x+ t(n) + t(m))
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we recognize an instance of Hamel’s functional equation t(nm) = t(n) + t(m) which has solution

t(n) = c log(n).44 therefore

F (x) = F y(x+ c log y),

letting s = c log y,

F (0) = F e
s/c(s),

and so

F (s) = elogF (0)e−s/c ,

which is a Gumbel distribution with location parameter c log logF (0) and dispersion parameter c.

Gumbel Approximation Theorem

Again, fixing pn and Jn for all n 6= m and εj for all j /∈ m then:

If (εj)j∈m are i.i.d. and the distribution is in the domain of attraction of the Gumbel distribution,

then for big enough K and all Jm ≥ K

max
j∈m

εj
approx∼ Gumbel(µ(Jm), σ(Jm)),

for some (µ(Jm), σ(Jm)), so the inverse demands are approximately parallel for Jm ≥ K and we can

get the variety effect with our sufficient statistics formula.

For example, if εj ∼ N(0, σ2) iid for all j the above theorem applies.

Measurement

To link the data with the theoretical framework, we construct module-level measures of prices,

expenditures and variety from the scanner data. For each variable, we produce both a cross-sectional

dataset in which the unit of time (t) is a year and a quarterly panel.45

44It is easy to extend the formula for real numbers through rationals, note

F (x) = Fn(x+ t(n)) = Fm(x+ t(m))

implies
F (x) = Fn/m(x+ t(n)− t(m)),

so we can consistently define t(n/m) = t(n)− t(m).
45We use statutory tax rates effective on September 1 of a given year as yearly rates. The rates effective on February

1, May 1, August 1, and November 1 are used as quarterly rates.
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Expenditures Let qjmrcsw denote the number of units of product (UPC) j in module m sold

in store r, located in county c in state s, in week w. Similarly, let pjmrcsw be the associated

per-unit average weekly price. We denote weekly revenue from sales of product j in store r by

Rjmrcsw = qjmrcsw × pjmrcsw and module-level measures are obtained by aggregating across UPCs

and weeks: Rmrcst =
∑
j∈m

∑
w∈tRjmrcsw. The unit of time, t, is either a year (for equation (29)) or

a quarter (for equation (31)). Finally, we calculate expenditure shares within each store-time cells:

Emrcst = Rmrcst/Rrcst for each period, where Rrcst =
∑
mRmrcst.

Prices First, we average (pre-tax) prices across weeks to obtain either quarterly or yearly measures:

pjmrcst =
∑
w∈tRjmrcsw∑
w∈t qjmrcsw

.

We then average prices across UPCs to obtain module-level price indices. Handbury and Wein-

stein (2015) show that comparing standard indices across locations can be problematic if consumer

preferences are heterogeneous across locations, and if some varieties are unavailable in some places.

For example, if consumers in a given location tend to buy larger packages of a given beverage than

in other locations, the average per-unit price will be higher in that location even though the per liter

average price is likely lower. To correct for these sources of bias, we follow Handbury and Weinstein

(2015) and adjust prices by estimating the following regression separately for each module:

log pjmrcst = αj + αmrcst + εjmrcst

where αj and αmrcst are UPC and module-store-time fixed effects, respectively.46 We keep the

estimated module-store-time fixed effects, α̂mrcst as pre-tax price indices (which are in logs). Adjusted

consumer prices are then given by p̃mrcst = exp (α̂mrcst + log(1 + τmcs)).

We then normalize the consumer price indices within store-time cells by dividing by the store-

time-specific average pre-tax price.47 Note that we normalize using pre-tax prices rather than con-

sumer prices so that the mechanical relationship between the price measure and sales taxes is effec-

tively one-to-one. To see this, note that log (p̃mrcst/p̄mrcst) = α̂mrcst + log(1 + τmcs)− log p̄mrcst.
46Observations are weighted by expenditures, Rjmrcst. Both a cross-sectional and a time series version of this equation

are estimated. In the former,t is a year and only one year of data is used. For time-series, all periods (quarters) are
simultaneously included the regression.

47The within store-time average is p̄mrcst = 1
Nrcst

∑
m

exp(α̂mrcst) , where Nrcst is the number of modules with
positive sales in store r at time t.
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Variety Finally, variety is measured by counting the number of unique UPCs per module sold each

period t in store r: Jmrcst = {j ∈ Jm|qjmcsrt > 0}. As for prices, we normalize variety by dividing

by the store-time average.
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Figure 1: Price Effect and Variety Effect
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Notes: This figure shows graphically the result of a decrease in variety (∆J < 0). The price effect represents the rectangle
formed by the base of the pre-existing output level and the height is the change in prices. The variety effect is the area
between the two aggregate demand curves.
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Figure 2: Variety Effect Under Parallel Demands
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Notes: This figure shows graphically the variety effect in the case of parallel aggregate demand curves (i.e., ∆J shifts
aggregate demand curves in parallel). In this case, the variety effect is the area of the shaded parallelogram.

52



Figure 3: Approximate Parallel Demand Curves
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Notes: This figure reports results from numerical simulations that are designed to evaluate the quality of the key approx-
imation theorem (Theorem 2) in the main text. By simulating simple discrete choice models under different assumptions
about distirbution of the iid error terms and increasing number of varieties in the market, we calculate (exact) variety
effect numerically and compare it to variety effect we would infer from assuming parallel demands. Consistent with result
of Theorem 2, for distributions that satisfy assumptions of theorem, as J increases, the bias in variety effect from assuming
parallel demand approaches zero.
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Figure 4: Long Run and Short Run Demand
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Figure 5: Map of Cross-Sectional Variation in Salex Tax Rates

Note: No data indicates counties for which no grocery store sales were recorded in Nielsen's Retail Scanner data in 2008.
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Figure 6: Full Welfare Effect of Taxes Including Variety Effect
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Module
Avg. Mkt. 

Share States taxing all food
State taxing module 

at reduced rate
State taxing module at full rate 
(but otherwise exempt food)

DAIRY - MILK 3.04% AL, ID, KS, 
MS, OK, SD

AR, IL, MO, NC, 
TN,UT,VA,WV

SOFT DRINKS - 
CARBONATED 2.88% AL, ID, KS, 

MS, OK, SD
AR, IL, MO, 
TN,UT,VA

CA, CT, FL, IA, IN, KY, MD, 
ME, MN, NC, ND, NJ, NY, 

OH, PA, RI, TX, WA, WI, WV

BAKERY - BREAD - FRESH 2.19% AL, ID, KS, 
MS, OK, SD

IL, MO, TN,UT,VA, 
WV

CEREAL - READY TO EAT 1.93% AL, ID, KS, 
MS, OK, SD

AR, IL, MO, NC, 
TN,UT,VA,WV

SOFT DRINKS - 
LOW CALORIE 1.62% AL, ID, KS, 

MS, OK, SD
AR, IL, MO, 
TN,UT,VA

CA, CT, FL, IA, IN, KY, MD, 
ME, MN, NC, ND, NJ, NY, 

OH, PA, RI, TX, WA, WI, WV

WATER-BOTTLED 1.42% AL, ID, KS, 
MS, OK, SD

AR, IL, MO, NC, 
TN,UT,VA,WV LA, MD, ME, MN, NY

ICE CREAM - BULK 1.22% AL, ID, KS, 
MS, OK, SD

AR, IL, MO, NC, 
TN,UT,VA,WV FL, MD

COOKIES 1.21% AL, ID, KS, 
MS, OK, SD

AR, IL, MO, NC, 
TN,UT,VA,WV

CANDY-CHOCOLATE 0.64% AL, ID, KS, 
MS, OK, SD

AR, IL, MO, 
UT,VA,WV

CT, FL, IA, IN, KY, MD, ME, 
MN, NC, ND, NJ, NY, RI, TN, 

TX, WI

Module
Avg. Mkt. 

Share State with no sales tax
State exempting 

module
State taxing module 

at reduced rate
WINE - DOMESTIC 2.11% DE, MT, NH, OR PA, KS, KY, MA

CIGARETTES 1.70% DE, MT, NH, OR CO, MN, OK
TOILET TISSUE 1.07% DE, MT, NH, OR PA, NJ

DETERGENTS - LIQUID 0.75% DE, MT, NH, OR
PAPER TOWELS 0.66% DE, MT, NH, OR NJ

RUM 0.54% DE, MT, NH, OR PA, KS, KY, MA

DISPOSABLE DIAPERS 0.50% DE, MT, NH, OR MA, MN, NJ, PA, 
VT IL

MAGAZINES 0.41% DE, MT, NH, OR MA, ME, NY, OK
CAT FOOD - DRY TYPE 0.35% DE, MT, NH, OR

COLD REMEDIES - ADULT 0.28% DE, MT, NH, OR
CT, FL, MD, MN, 
NJ, NY, PA, TX, 

VA, VT
IL

DOG & CAT TREATS 0.25% DE, MT, NH, OR
ALE 0.25% DE, MT, NH, OR PA, KS, KY, MA

DOG FOOD - WET TYPE 0.23% DE, MT, NH, OR
FACIAL TISSUE 0.22% DE, MT, NH, OR NJ

TOOTH CLEANERS 0.22% DE, MT, NH, OR PA IL

Table 1: Sales Tax Exemptions

Panel A: Food Modules

Notes: Average market shares are calculated at the store-level for the year 2008.

Panel B: Non-Food Modules
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All counties Counties with high 
sales tax rate

Counties with low 
sales tax rate

Linear Relationship 
with tax rate

Mean Mean Mean Coefficient
[s.d.] [s.d.] [s.d.] [s.e.]
(1) (2) (3) (4)

Retail Scanner Data
Total grocery store sales in county ($ million) 74.516 85.867 62.691 0.061**

[203.266] [261.604] [113.313] [0.025]
Average store-level sales ($ million) 9.641 9.268 10.030 -0.051**

[4.454] [4.263] [4.615] [0.025]
Average store-level food share of total sales 0.753 0.751 0.754 0.086***

[0.055] [0.053] [0.057] [0.025]
Average store-module-level price index -0.015 -0.015 -0.015 -0.149***

[0.039] [0.038] [0.039] [0.025]
Average store-module-level variety 101.331 99.022 103.737 -0.075***

[23.716] [23.278] [23.942] [0.025]
Number of grocery stores 6.548 7.636 5.415 0.071***

[15.931] [20.506] [8.825] [0.025]
Sales Taxes
Average sales tax rate 0.063 0.073 0.052

[0.017] [0.008] [0.017]
Average sales tax rate on food products 0.016 0.019 0.012

[0.022] [0.025] [0.019]
Difference between effective rates on nonfood and food 0.047 0.054 0.040

[0.024] [0.022] [0.023]
Other county characteristics
Population 164,735.384 194,155.060 134,083.470 0.109***

[415,237.292] [534,496.461] [229,759.717] [0.025]
Household median income 43,960.860 42,908.241 45,057.567 -0.041

[11,639.929] [11,504.321] [11,686.549] [0.025]
Share population with high school degree or less 49.870 51.485 48.188 0.187***

[11.234] [11.132] [11.099] [0.025]
Land area 1,023.535 865.155 1,188.548 -0.170***

[1,564.558] [1,368.855] [1,730.830] [0.025]
Other Taxes
Property tax rate 0.009 0.009 0.009 -0.072***

[0.005] [0.005] [0.005] [0.025]
Average gasoline excise tax rate 0.264 0.264 0.263 -0.010

[0.089] [0.090] [0.088] [0.025]
Average cigarette excise tax ($) 1.287 1.269 1.316 0.031

[0.893] [0.983] [0.816] [0.025]
Average alcohol excise tax ($) 2.070 1.871 2.282 -0.349***

[1.409] [1.115] [1.642] [0.023]
Top Marginal Income Tax Rate 0.056 0.057 0.055 -0.073***

[0.028] [0.033] [0.023] [0.025]
Number of counties 1,560 796 764 1,560

* p<0.1  ** p<0.05  *** p<0.01

Table 2 : Descriptive Statistics

Note: Sales tax rates efffective on September 1, 2008.  Sales, pre-tax prices and variety are measured yearly, for 2008. The Retail Scanner data is 
restricted to modules above the 80th percentile of the national distribution of sales. Column 2 restricts the sample to counties for which the total sales 
tax rate is greater than the median, and column (3) is restricted to below-median counties. Column 4 reports the coefficient from a regression of the tax 
rate on the county characteristic. In each regressions, all variables are standardized with mean zero and unit variance.
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Dependent Variable:
(1) (2) (3) (4) (5) (6)

Non-Food Module × log(1 + τ cs ) -0.840 -0.810 0.894 0.846 -0.987 -1.092
  (0.574) (0.414) (0.074) (0.049) (0.299) (0.200)
Specification:
Store fixed effects y y y y y y
Module fixed effects y y y
Module × Region fixed effects y y y

N (observations) 9,653,999 9,653,999 9,653,999 9,653,999 9,653,999 9,653,999
N (modules) 147 147 147 147 147 147
N (stores) 7,621 7,621 7,621 7,621 7,621 7,621
N (counties) 1,059 1,059 1,059 1,059 1,059 1,059
R2 0.757 0.801 0.561 0.633 0.865 0.881

Table 3: The Long-Run Effect of Sales Taxes -- Difference-in-Differences Model
Expenditure shares Prices Variety

Notes:  Sales tax rates efffective on September 1.  Sales, prices and variety are measured yearly. The Retail Scanner data is 
restricted to modules above the 80th percentile of the national distribution of sales. The sample is restricted to states where 
food products are exempt from the state sales tax, and to modules that are either taxed or exempt in all of these states. All 
standard errors are clustered at the state-module level.
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Dependent Variable:
(1) (2) (3) (4) (5) (6)

log(1 + τ mcs ) -0.683 -0.716 1.145 1.060 -0.848 -0.813
  (0.255) (0.198) (0.036) (0.025) (0.148) (0.123)
Specification:
Store fixed effects y y y y y y
Module fixed effects y y y
Module × Region fixed effects y y y

N (observations) 17,320,024 17,320,024 17,320,024 17,320,024 17,320,024 17,320,024
N (modules) 198 198 198 198 198 198
N (stores) 10,215 10,215 10,215 10,215 10,215 10,215
N (counties) 1,560 1,560 1,560 1,560 1,560 1,560
R2 0.774 0.810 0.558 0.631 0.858 0.875

Table 4 : The Long-Run Effect of Sales Taxes on Expenditure Shares, Average Prices, and Product Variety
Expenditure shares Prices Variety

Notes: Sales tax rates efffective on September 1.  Sales, prices and variety are measured yearly. The Retail Scanner data is 
restricted to modules above the 80th percentile of the national distribution of sales. All coefficients are linear combinations 
of nine coefficients -- one for each year from 2006 to 2014. All standard errors are clustered at the state-module level.
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(1) (2) (3) (4) (5) (6) (7) (8) (9)

Dependent Variable:

Log of Expenditure Share -0.683 -0.716 -1.032 -0.929 -1.115 -0.992 -0.824 -0.962 -0.744
(0.255) (0.198) (0.294) (0.255) (0.251) (0.207) (0.347) (0.265) (0.112)

Log of Average Consumer Price 1.145 1.060 1.226 1.112 1.171 1.053 1.047 0.964 1.072
(0.036) (0.025) (0.039) (0.030) (0.038) (0.026) (0.069) (0.050) (0.016)

Log of Variety (# of UPCs) -0.848 -0.813 -0.801 -0.753 -0.916 -0.838 -0.737 -0.791 -0.909
(0.148) (0.123) (0.192) (0.169) (0.146) (0.122) (0.215) (0.166) (0.068)

Specification:
Store Fixed Effects y y y y y y y y y
Module fixed effects y y y y
Module ⨉ Region fixed effects y y y y y
Restrict to Non-DD sample y y
Restrict to Large Counties (>150k) y y
Instrument with State Tax Rates y y
Include Low Expenditure Modules y

N (observations) 17,320,024 17,320,024 7,666,025 7,666,025 12,373,721 12,373,721 17,320,024 17,320,024 79,376,154
N (modules) 198 198 198 198 198 198 198 198 975
N (stores) 10,215 10,215 10,215 10,215 7,314 7,314 10,215 10,215 10,215
N (counties) 1,560 1,560 1,560 1,560 364 365 1,560 1,560 1,560

Table 5: Robustness of Long-Run Estimates to Alternative Specifications and Sample Restrictions

Notes:  All coefficients are linear combinations of nine coefficients -- one for each year from 2006 to 2014. All standard errors are clustered at the state-module level. In 
columns (3) and (4), the sample is restricted to module-county cells that do not fullfil the restriction criteria of the difference-in-differences approach. Columns (5) and 
(6) restricts the sample to counties with a population larger than 150,000. The county-level effective tax rate is instrumented with the state-level effective rate in columns 
(7) and (8). In column (9), all modules that are sold in all 48 continental states are included.
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Dependent Variable:
(1) (2) (3) (4) (5) (6)

log(1 + τ mcs ) -0.539 -0.649 1.093 1.036 -0.564 -0.304
  (0.230) (0.142) (0.030) (0.016) (0.139) (0.070)
Specification:
Store fixed effects y y y y y y
Module fixed effects y y y
Module × Pair fixed effects y y y

N (observations) 14,113,781 14,113,781 14,113,781 14,113,781 14,113,781 14,113,781
N (modules) 198 198 198 198 198 198
N (stores) 3,572 3,572 3,572 3,572 3,572 3,572
N (counties) 606 606 606 606 606 606
R2 0.773 0.888 0.564 0.784 0.854 0.918

Table 6: Robustness to State Border Design - Long-Run Elasticities
Expenditure shares Prices Variety

Notes: The sample is restricted to border counties. Observations are weighted by the inverse of number of pairs a county 
belongs to.  All coefficients are linear combinations of nine coefficients -- one for each year from 2006 to 2014. All 
standard errors are clustered two-way at the state-module level and at the border segment-module level.
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Dependent Variable:
(1) (2) (3) (4) (5) (6)

log(1 + τ mcst ) -0.315 -0.165 1.024 1.008 -0.0234 -0.0820
  (0.111) (0.103) (0.0380) (0.0245) (0.0791) (0.0705)
Specification:
Store, Time, Module fixed effects y y y y y y
Module × Store fixed effects y y y y y y
Module-specific linear time trend y y y
Module × Time fixed effects y y y

N (observations) 68,076,928 68,076,928 68,076,928 68,076,928 68,076,928 68,076,928
N (modules) 198 198 198 198 198 198
N (stores) 11,487 11,487 11,487 11,487 11,487 11,487
N (counties) 1,625 1,625 1,625 1,625 1,625 1,625
N (quarters) 36 36 36 36 36 36
R2 0.998 0.971 0.676 0.746 0.962 0.965

Table 7: The Short-Run Effect of Sales Taxes on Expenditure Shares, Average Prices, and Variety
VarietyExpenditure shares

Notes: A unit of time is a quarter, and the period covered is 2006-2014. All standard errors are clustered at the state-module 
level.

Prices
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(1) (2) (3) (4) (5) (6) (7) (8)

Dependent Variable:

Log of Expenditure Share -0.315 -0.165 -0.426 -0.358 -0.164 -0.536 -0.199 -0.109
(0.111) (0.103) (0.128) (0.118) (0.109) (0.134) (0.117) (0.104)

Log of Average Consumer Price 1.024 1.008 1.039 1.055 1.017 1.086 0.983 0.957
(0.0380) (0.0245) (0.0457) (0.0398) (0.0263) (0.0478) (0.0361) (0.0385)

Log of Variety (# of UPCs) -0.0234 -0.0820 0.0484 -0.0589 -0.130 -0.0186 0.00127 0.0519
(0.0791) (0.0705) (0.105) (0.0866) (0.0769) (0.113) (0.0773) (0.0687)

Specification:
Store, Time, Module fixed effects y y y y y y y y
Module × Store fixed effects y y y y y y y y
Module-specific linear time trend y y y y y
Module × Time fixed effects y y
Restrict to Large Counties (>150k) y y y
Store × Time fixed effects y y
Module × Pair-specific linear time trend y

N (observations) 68,076,928 68,076,928 68,076,928 48,680,109 48,680,109 48,680,109 55,419,758 55,419,758
N (modules) 198 198 198 198 198 198 198 198
N (stores) 11,487 11,487 11,487 7,128 7,128 7,128 4,040 4,040
N (counties) 1,625 1,625 1,625 368 368 368 606 606
N (quarters) 36 36 36 36 36 36 36 36

Table 8: Robustness of Short-Run Estimates to Alternative Specifications and Sample Restrictions

Notes: A unit of time is a quarter, and the period covered is 2006-2014. In columns (4) to (6), the sample is restricted to stores located in counties with a 
population greater than 150,000. Standard errors are clustered at the state-module level in columns (1) through (6). In columns (7) and (8), the sample is 
restricted to border counties, observations are weighted by the inverse of number of pairs a county belongs to, and standard errors are clustered two-way at 
the state-module level and at the border segment-module level.
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Sample of UPCs: High-price Low-price Top-selling 
brand

2nd best-
selling brand 

All other 
brands

(1) (2) (3) (4) (5)

Dependent Variable:

Log of Average Consumer Price 1.050 0.991 1.096 1.013 1.012
(0.0396) (0.0423) (0.0522) (0.0524) (0.0394)

Symmetric pass-through (p-value)

Specification:
Store, Time, Module fixed effects
Module × Store fixed effects
Module-specific linear time trend

N (observations)
N (modules)
N (stores)
N (counties)
N (quarters)

y

0.1710.107

192,934,542

Table 9: Symmetric Pass-Through

y
y
y

y
y

Notes: A unit of time is a quarter, and the period covered is 2006-2014. All standard errors are clustered at the state-
module level. All fixed effects are fully interacted with indicators for each UPC categories. The p-value reported is for a 
test of equality of coefficients.

134,556,758
198

11,487
1,625

36

198
11,487
1625
36
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(1) (2) (3) (4) (5)

"Long-run" estimates (endogenous J, free entry)
  Pass-through rate, dlog(p)/dt 1.10 1.10 1.10 1.10 1.05
  Quantity response, dlog(Q)/dt -1.00 -1.50 -1.10 -1.30 -1.35
  Variety response, dlog(J)/dt -0.50 -0.40 -0.90 -0.80 -0.80

"Short-run" estimates (fixed J)
  Pass-through rate, dlog(p)/dt  |J 1.10 0.90 1.10 1.10 1.10
  Quantity response, dlog(Q)/dt  |J -1.00 -1.10 -1.00 -1.10 -1.10

Welfare estimates
Variety Effect Parameter,  dlog(P)/dlog(J) 0.000 0.318 0.122 0.250 0.375
Business stealing effect, ∂log(q)/∂log(J) -0.250 0.000 -0.472 -0.188 -0.102
Implied dW/dJ -0.188 0.381 -0.288 0.125 0.336

dW/dt Under New Formula -0.156 -0.315 -0.273 -0.375 -0.431
  Variety effect share of dW/dt 0.0% 40.4% 40.4% 53.3% 69.6%

Alternative estimates of dW/dt
dW/dt = (t/p)*dlog(Q)/dt  (Harberger) -0.063 -0.094 -0.069 -0.081 -0.084
dW/dt = (p-c)/p * dlog(Q)/dt |J  (Auerbach and Hines) -0.250 -0.163 -0.531 -0.275 -0.163
   Implied markup, (p-c)/p 0.250 0.148 0.531 0.250 0.148

Table 10: Illustrative Calibrations of dW/dJ and dW/dt

Notes: This table reports calibration of the marginal welfare gain formulas in main text.  In all columns, the results are based on assuming 
current tax rate is $0.063 per dollar.  All columns report illustrative calibrations for different scenarios making different assumption about 
short-run and long-run effects of taxes.  The first two columns illustrate the scenarios where dW/dJ is determined entirely either by the 
variety effect of the business stealing effect.  The remaining columns show how the relative importance of these two terms is determined by 
the reduced-form estimates of taxes (in short-run and long-run).  The key results in this table are the implied dW/dJ, which describes 
whether variety is too high or low relative to the social optimum, and dW/dt, which describes the full welfare effect of taxes including 
indirect effect of taxes on variety and the business stealing effect.
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Long-run estimates Pooled 
cross-section Border pair Pooled 

cross-section Border pair

Short-run estimates Time series, 
full sample

Time series, 
full sample

Time series, 
full sample

Time series, 
full sample

(1) (2) (3) (4)

"Long-run" estimates (endogenous J, free entry)
  Pass-through rate, dlog(p)/dt 1.05 1.04 1.05 1.04
  Quantity response, dlog(Q)/dt -0.87 -0.69 -0.87 -0.69
  Variety response, dlog(J)/dt -0.74 -0.30 -0.74 -0.30

"Short-run" estimates (fixed J)
  Pass-through rate, dlog(p)/dt  |J 1.04 1.04 1.04 1.04
  Quantity response, dlog(Q)/dt  |J -0.47 -0.47 -0.47 -0.47

Welfare estimates
Variety Effect Parameter,  dlog(P)/dlog(J) 1.220 1.627 2.234 2.234
Business stealing effect, ∂log(q)/∂log(J) -0.176 -0.042 -0.176 -0.042
Implied dW/dJ 1.107 1.648 2.122 2.256

dW/dt Under New Formula -0.998 -0.571 -1.746 -0.756
  Variety effect share of dW/dt 90.1% 86.5% 94.3% 89.8%

dW/dt = (t/p)*dlog(Q)/dt  (Harberger) -0.055 -0.043
dW/dt = (p-c)/p * dlog(Q)/dt |J  (Auerbach and Hines) -0.341 -0.104
   Implied markup, (p-c)/p 0.392 0.152

Notes: This table reports calibration of the marginal welfare gain formulas in main text.  In all columns, the results are based on assuming current tax rate 
is $0.063 per dollar.  All columns use actual short-run estimates reported in Table 7 and long-run estimates reported in Table 5 or Table 6.  To do this, we 
first translate the reduced-form empirical estimates to the pass-through rate and quantity response using simple algebra.  The key results in this table are 
the implied dW/dJ, which describes whether variety is too high or low relative to the social optimum, and dW/dt, which describes the full welfare effect of 
taxes including indirect effect of taxes on variety and the business stealing effect. The final two columns compare these results to analogous calibration 
results that assume logit/CES demand (as opposed to the more general "parallel demands" model described in main text). 

Table 11: Model-based estimates of dW/dJ and dW/dt
Baseline results Results under logit/CES
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UPC Description Module Description Group Description
Department 
Description

Brand 
Description Multi Size Units

M&M PLN DK CH HDY-
M HDY

CANDY-CHOCOLATE-
SPECIAL CANDY DRY GROCERY

M&M MARS 
M&M PLAIN 1 12.6 OZ

M&M PLN CH/TY 
SHREK 2 HL

CANDY-CHOCOLATE-
SPECIAL CANDY DRY GROCERY

M&M MARS 
M&M PLAIN 1 1.75 OZ

M&M PLN CH DSP 
STAR WARS

CANDY-CHOCOLATE-
SPECIAL CANDY DRY GROCERY

M&M MARS 
M&M PLAIN 1 1.06 OZ

R SSY E-C MSE AP 
CHFN

COSMETICS-EYE 
SHADOWS COSMETICS

HEALTH & 
BEAUTY CARE

REVLON STAR 
STYLE 1 0.17 OZ

R SSY E-S PWD SQN
COSMETICS-EYE 

SHADOWS COSMETICS
HEALTH & 

BEAUTY CARE
REVLON STAR 

STYLE 1 0.05 OZ

AXE AR R TWIST
DEODORANTS - 
COLOGNE TYPE DEODORANT

HEALTH & 
BEAUTY CARE AXE 1 4 OZ

CTL BR EGGS A LG EGGS-FRESH EGGS DAIRY CTL BR 1 12 CT
CTL BR B-E JMB EGGS-FRESH EGGS DAIRY CTL BR 1 12 CT

COKE CLS R CL NB 6P
SOFT DRINKS - 
CARBONATED

CARBONATED 
BEVERAGES DRY GROCERY

COCA-COLA 
CLASSIC R 6 8 OZ

COKE CLS R CL CN &
SOFT DRINKS - 
CARBONATED

CARBONATED 
BEVERAGES DRY GROCERY

COCA-COLA 
CLASSIC R 1 12 OZ

GPC 2 UL L M F UT 85 P 
-.30 CIGARETTES

TOBACCO & 
ACCESSORIES

NON-FOOD 
GROCERY GPC 1 20 CT

GPC 2 UL L M F UT 85 C 
-2.00 CIGARETTES

TOBACCO & 
ACCESSORIES

NON-FOOD 
GROCERY GPC 10 20 CT

Table A1 : Examples of Universal Product Codes (UPC)

Source: Nielsen's Retail Scanner Data.
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Note: No data indicates counties for which no grocery store sales were recorded in Nielsen's Retail Scanner data in 2008.
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Year: 2006 2007 2008 2009 2010 2011 2012 2013 2014 Average
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Dependent Variable:

Log of Expenditure Share 0.263 -0.657 -0.930* -1.665** -1.624*** -0.930 -0.781 -0.715 -0.523 -0.840
(0.534) (0.542) (0.546) (0.654) (0.624) (0.598) (0.616) (0.622) (0.614) (0.574)

Log of Average Consumer Price 0.849*** 0.905*** 0.844*** 0.949*** 0.993*** 0.943*** 0.930*** 0.835*** 0.797*** 0.894
(0.0907) (0.0833) (0.0784) (0.0833) (0.0871) (0.0838) (0.0827) (0.0811) (0.0819) (0.074)

Log of Variety (# of UPCs) -0.310 -0.782*** -1.140*** -1.255*** -1.269*** -0.965*** -0.989*** -1.166*** -1.009*** -0.987
(0.290) (0.299) (0.306) (0.340) (0.336) (0.323) (0.334) (0.341) (0.344) (0.299)

Specification:
Store Fixed Effects y y y y y y y y y y
Module fixed effects y y y y y y y y y y
Notes: All standard errors are clustered at the state-module level.

Year: 2006 2007 2008 2009 2010 2011 2012 2013 2014 Average
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Dependent Variable:

Log of Expenditure Share 0.703* -0.565 -0.836** -1.496*** -1.628*** -1.026** -0.916** -0.868* -0.655 -0.810
(0.380) (0.397) (0.394) (0.434) (0.429) (0.445) (0.450) (0.454) (0.457) (0.414)

Log of Average Consumer Price 0.837*** 0.878*** 0.828*** 0.856*** 0.869*** 0.890*** 0.876*** 0.802*** 0.774*** 0.846
(0.0571) (0.0536) (0.0497) (0.0495) (0.0611) (0.0654) (0.0620) (0.0616) (0.0596) (0.049)

Log of Variety (# of UPCs) -0.364* -0.914*** -1.295*** -1.383*** -1.433*** -1.114*** -1.078*** -1.207*** -1.037*** -1.092
(0.208) (0.221) (0.211) (0.214) (0.214) (0.220) (0.218) (0.232) (0.239) (0.200)

Specification:
Store Fixed Effects y y y y y y y y y y
Module × Region fixed effects y y y y y y y y y y
Notes: All standard errors are clustered at the state-module level.

Robustness of Long-Run Estimates to Alternative Specifications and Sample Restrictions

Robustness of Long-Run Estimates to Alternative Specifications and Sample Restrictions
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Year: 2006 2007 2008 2009 2010 2011 2012 2013 2014 Average
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Dependent Variable:

Log of Expenditure Share -0.641** -0.756*** -0.795*** -0.988*** -0.843*** -0.591** -0.545* -0.473* -0.518* -0.683
(0.268) (0.249) (0.262) (0.268) (0.272) (0.274) (0.282) (0.283) (0.281) (0.255)

Log of Average Consumer Price 1.102*** 1.121*** 1.148*** 1.170*** 1.197*** 1.206*** 1.210*** 1.092*** 1.056*** 1.145
(0.0476) (0.0405) (0.0399) (0.0413) (0.0417) (0.0410) (0.0406) (0.0397) (0.0408) (0.036)

Log of Variety (# of UPCs) -0.759*** -0.775*** -0.914*** -0.962*** -0.833*** -0.719*** -0.827*** -0.900*** -0.945*** -0.848
(0.157) (0.149) (0.162) (0.160) (0.163) (0.167) (0.169) (0.168) (0.176) (0.148)

Specification:
Store Fixed Effects y y y y y y y y y y
Module fixed effects y y y y y y y y y y
Notes: All standard errors are clustered at the state-module level.

Year: 2006 2007 2008 2009 2010 2011 2012 2013 2014 Average
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Dependent Variable:

Log of Expenditure Share -0.330 -0.573*** -0.756*** -1.119*** -0.941*** -0.675*** -0.706*** -0.662*** -0.686*** -0.716
(0.207) (0.186) (0.210) (0.202) (0.213) (0.220) (0.218) (0.220) (0.226) (0.198)

Log of Average Consumer Price 1.046*** 1.098*** 1.084*** 1.066*** 1.081*** 1.087*** 1.089*** 1.011*** 0.979*** 1.060
(0.0316) (0.0285) (0.0290) (0.0289) (0.0310) (0.0315) (0.0302) (0.0307) (0.0311) (0.025)

Log of Variety (# of UPCs) -0.762*** -0.720*** -0.958*** -1.037*** -0.897*** -0.647*** -0.697*** -0.826*** -0.774*** -0.813
(0.135) (0.120) (0.133) (0.129) (0.137) (0.143) (0.140) (0.140) (0.148) (0.123)

Specification:
Store Fixed Effects y y y y y y y y y y
Module × Region fixed effects y y y y y y y y y y
Notes: All standard errors are clustered at the state-module level.

Robustness of Long-Run Estimates to Alternative Specifications and Sample Restrictions

Robustness of Long-Run Estimates to Alternative Specifications and Sample Restrictions
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Year: 2006 2007 2008 2009 2010 2011 2012 2013 2014 Average
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Dependent Variable:

Log of Expenditure Share -0.620** -0.769*** -0.627** -0.783*** -0.584** -0.493* -0.459* -0.280 -0.238 -0.539
(0.267) (0.249) (0.261) (0.244) (0.252) (0.256) (0.255) (0.249) (0.249) (0.230)

Log of Average Consumer Price 1.099*** 1.082*** 1.107*** 1.161*** 1.124*** 1.120*** 1.116*** 1.026*** 1.002*** 1.093
(0.0419) (0.0372) (0.0367) (0.0343) (0.0348) (0.0348) (0.0355) (0.0346) (0.0350) (0.030)

Log of Variety (# of UPCs) -0.581*** -0.684*** -0.679*** -0.708*** -0.547*** -0.439*** -0.502*** -0.558*** -0.376** -0.564
(0.168) (0.151) (0.162) (0.152) (0.156) (0.157) (0.161) (0.157) (0.166) (0.139)

Specification:
Store Fixed Effects y y y y y y y y y y
Module fixed effects y y y y y y y y y y
Notes: All standard errors are clustered at the state-module level.

Year: 2006 2007 2008 2009 2010 2011 2012 2013 2014 Average
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Dependent Variable:

Log of Expenditure Share -0.334** -0.401*** -0.777*** -0.975*** -0.815*** -0.614*** -0.655*** -0.757*** -0.514*** -0.649
(0.137) (0.112) (0.177) (0.168) (0.175) (0.161) (0.154) (0.161) (0.165) (0.142)

Log of Average Consumer Price 1.022*** 1.057*** 1.047*** 1.070*** 1.051*** 1.028*** 1.013*** 1.005*** 1.035*** 1.036
(0.0199) (0.0166) (0.0210) (0.0197) (0.0214) (0.0206) (0.0190) (0.0190) (0.0196) (0.016)

Log of Variety (# of UPCs) -0.163** -0.160** -0.294*** -0.491*** -0.416*** -0.282*** -0.212*** -0.422*** -0.300*** -0.304
(0.0808) (0.0660) (0.0915) (0.0854) (0.0877) (0.0870) (0.0797) (0.0898) (0.0957) (0.070)

Specification:
Store Fixed Effects y y y y y y y y y y
Module × Pair fixed effects y y y y y y y y y y
Notes: All standard errors are clustered at the state-module level.

Robustness of Long-Run Estimates - Border-design

Robustness of Long-Run Estimates - Border-design

72


	draft_april20_2017
	Introduction
	Symmetric Model of Demand
	Preferences, Demand, and Consumer Surplus
	Symmetric Discrete Choice Model
	Symmetric Continuous Choice Model

	Welfare Effects of Variety
	Microfoundations for Parallel Demands
	Discrete Choice Model
	Continuous Choice Models


	Extensions
	Asymmetric Products and Prices
	Probabilistic Entry
	The Principle of Le Chatelier and Parallel Inverse Demands

	Applications
	Firms and Government
	Socially Optimal Product Variety
	Marginal Welfare Gain or Loss of a Tax Change

	Data
	Nielsen Retail Scanner Data
	U.S. Sales Tax Exemptions and Rates
	Descriptive Statistics

	Empirical strategy
	Long-run Effects of Taxation
	Short-run Effects of Taxation

	Results
	Long-run Estimates based on Cross-Sectional Variation in Sales Taxes
	Robustness of Long-Run Estimates

	Short-run Estimates based on Time-Series Variation in Sales Taxes
	Robustness of Short-Run Estimates
	Testing for Symmetric Pass-through


	Welfare calibration
	Conclusion
	References

	figures
	Tables_April11
	Food modules 
	Descriptive statistics
	DD
	Main results LR
	Robustness 1 LR
	Border-design LR
	Main results SR
	Robustness 1 SR
	Robustness PassThrough
	Calib_illust
	Calib_logit
	UPC examples (Appendix)
	Heat map
	food taxability map (Appendix)
	DD by year
	Long-Run by year
	LR Border by year




