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Abstract

Discrete choice models are used extensively for demand estimation. An important

step in demand estimation using these models is the addition of the “outside option”,

the choice to not purchase any of the specified products. I demonstrate numerically that

estimated elasticities are especially sensitive to the choice set definition using data taken

directly from Berry et al. (1995) automobile dataset. Moreover, misspecified choice sets

continue to impact estimated elasticities even when the model is perfectly specified,

meaning that the model perfectly explains observed shares under the correctly specified

choice set. The inclusion of market fixed effects ameliorates but does not eliminate

this sensitivity to the choice set. Beyond elasticities, the choice set also matters for the

underlying preference parameters: in a companion experiment using the Nevo (2000)

cereal data, an endogenous choice set that depends on consumer income causes the

estimated income–price interaction to not only attenuate in magnitude but flip in sign

relative to the data-generating process. These results demonstrate that specification

of the choice set, more often art than science, has important implications for estimated

elasticities and for the qualitative interpretation of who is more or less price sensitive.

∗joe.campbell.pro@gmail.com
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1 Introduction

Since the publication of Berry et al. (1995), discrete choice models have become a workhorse

for demand estimation in industrial organization and applied microeconomics more generally.

Such models take the choice set as given and estimate the parameters of the model using

the observed choices. However, in practice, the choice set is often not well-defined. In

antitrust litigation, for instance, the choice set is often highly contested (Goodman et al.,

2026). In this paper I demonstrate numerically that estimated elasticities are sensitive to the

choice set definition using data taken directly from Berry et al. (1995) automobile dataset.

I consider two choice set definitions: the full market as defined in the original paper, and

a restricted market that excludes luxury vehicles. I estimate both the simpler logit model

and the more complex BLP random coefficients model. I find that the estimated elasticities

for mass market vehicles are sensitive to the choice set definition for both logit and BLP

models. I then consider an alternative dataset with shares modified so that the model is

“perfectly” specified, meaning that the model perfectly explains observed shares under the

correctly specified choice set. Elasticities from the logit model are not sensitive to the choice

set definition, but those from the BLP model remain sensitive to the choice set. These

results demonstrate that definition of the choice set, often relegated to the appendix, has

important implications for estimated elasticities. Put more forcefully, reported elasticities

should be treated as correct only conditional on correct specification of the choice set, even

if the underlying model is correctly specified.

Elasticities are not the only objects affected by choice-set misspecification. The same

logic distorts the underlying preference parameters that drive substitution. To illustrate

this directly, I conduct a complementary experiment using the cereal-demand setup of Nevo

(2000). The data-generating process features the standard income–price interaction with a

positive coefficient: high-income consumers are less price sensitive. I introduce an endogenous

choice set in which a specialty store carries premium variants of every cereal but operates only

in high-income markets. A researcher who observes only the regular-store products and re-
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estimates on all markets recovers an income–price interaction with the wrong sign, not merely

an attenuated magnitude. The qualitative interpretation of who is price sensitive is reversed.

This sharper failure mode underscores the broader message: choice-set misspecification can

corrupt headline parameters of the model, not just the equilibrium objects computed from

them.

2 Models and Estimation

I estimate demand using two models: logit and the BLP random coefficients model. This

section sets up utility, gives elasticity formulas, and describes estimation.

2.1 Setup

Consider market t = 1, . . . , T with Jt products indexed by j. Consumer i chooses among

inside goods and an outside option (good 0). The outside option captures non-purchase or

purchase outside the observed set.

Consumer i’s indirect utility from product j in market t is:

uijt = δjt + µijt + εijt (1)

where δjt is mean utility, µijt captures observed heterogeneity, and εijt is an idiosyncratic

Type I extreme value shock. I normalize ui0t = εi0t.

The mean utility has the parametric form:

δjt = x′
jtβ − αpjt + ξjt (2)

where xjt is observed product characteristics, pjt is price, β and α are parameters, and ξjt is

unobserved product quality.
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2.2 Logit Model

In standard multinomial logit, µijt = 0 for all consumers. Under the Type I extreme value

assumption, the probability that consumer i chooses product j is:

sjt(δ) =
exp(δjt)

1 +
∑Jt

k=1 exp(δkt)
(3)

with the outside good share:

s0t(δ) =
1

1 +
∑Jt

k=1 exp(δkt)
(4)

Taking logs and differencing from the outside option gives:

ln(sjt)− ln(s0t) = δjt = x′
jtβ − αpjt + ξjt (5)

2.2.1 Logit Elasticities

Logit has closed-form elasticities. The own-price elasticity for product j is:

ηjj = −αpjt(1− sjt) (6)

The cross-price elasticity of product j with respect to the price of product k (k ̸= j) is:

ηjk = αpktskt (7)

These expressions show IIA. The ratio of any two choice probabilities depends only on

those two products. So ηjk depends on k’s price and share, not on j’s characteristics.
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2.3 BLP Random Coefficients Model

The BLP model relaxes IIA by allowing preferences to vary across consumers:

µijt =
R∑

r=1

x
(r)
jt σrνir − pjtσpνip (8)

where x
(r)
jt is the r-th characteristic with a random coefficient, νir and νip are taste draws, and

σr and σp govern heterogeneity. Price has a random coefficient, so price sensitivity differs

across consumers.

Consumer i chooses product j if uijt > uikt for all k ̸= j. Market share is the integral of

individual probabilities over νi = (νi1, . . . , νiR, νip):

sjt(δ, θ) =

∫
exp(δjt + µijt(θ))

1 +
∑Jt

k=1 exp(δkt + µikt(θ))
dF (νi) (9)

where θ = (σ1, . . . , σR, σp) collects nonlinear parameters and F (·) is the taste distribution.

2.3.1 BLP Elasticities

BLP elasticities account for heterogeneous responses. The own-price elasticity for product j

is:

ηjj = −pjt
sjt

∫
∂sijt
∂pjt

dF (νi) = −pjt
sjt

∫
(α + σpνip)sijt(1− sijt)dF (νi) (10)

where sijt = sijt(δ, θ) is individual i’s choice probability.

The cross-price elasticity of product j with respect to the price of product k is:

ηjk =
pkt
sjt

∫
∂sijt
∂pkt

dF (νi) = −pkt
sjt

∫
(α + σpνip)sijtsiktdF (νi) (11)

2.4 Estimation

I estimate both logit and BLP using two-step GMM with standard demand-side instruments

based on characteristics of other products in the same market. When I include market
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fixed effects, I interact instruments with market dummies so they are not absorbed. For

BLP, mean utilities are recovered from the share inversion at each candidate value of the

nonlinear parameters before minimizing the GMM objective. Implementation uses PyBLP,

following Conlon and Gortmaker (2020).

2.5 Model Specifications

I start from two baseline demand specifications. The first is logit without market fixed

effects,

ln(sjt)− ln(s0t) = x′
jtβ − αpjt + ξjt, (12)

estimated by two-step GMM with BLP-style demand instruments. The second is the corre-

sponding BLP specification,

δjt = x′
jtβ − αpjt + ξjt, (13)

where δjt is recovered from inversion and nonlinear parameters are chosen by GMM. Follow-

ing Berry et al. (1995), random coefficients are on price, horsepower, size, and air condition-

ing:

θ = (σp, σhp, σsize, σair).

As in the original paper, the marginal utility of price varies with inverse income, so the

effective price coefficient αi is scaled by consumer-specific income.

After baseline models, I estimate versions with market fixed effects. For logit:

ln(sjt)− ln(s0t) = x′
jtβ − αpjt + γt + ξ̃jt, (14)

and for BLP:

δjt = x′
jtβ − αpjt + γt + ξ̃jt. (15)

In practice, market dummies enter the linear stage and instruments are interacted with
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market indicators so they are not absorbed.

2.6 Summary

Table 1 reports four specifications: baseline logit, baseline BLP, and each with market fixed

effects. I estimate each on two choice sets (full and mass-market only) and two data types

(original and ideal), for 4× 2× 2 = 16 estimates.

Table 1: Model Specifications

Specification Model Market FE

1 Logit No
2 Logit Yes
3 BLP Random Coefficients No
4 BLP Random Coefficients Yes

3 Data and Empirical Design

I use the Berry et al. (1995) automobile data from 1971 to 1990. Each observation is a

model-year product, and each year is a market. The data include prices, market shares,

product characteristics, and firm identifiers.

I compare two choice sets. The first is the full market with all products. The second

excludes luxury brands and keeps mass-market products only. Excluded luxury products are

absorbed into the outside option.

To separate structural effects from econometric effects, I use an ideal-data exercise. For

each specification, I first estimate parameters on the full market and recover unobserved

quality. I then set unobserved quality to zero and recompute model-implied shares, holding

observed characteristics and prices fixed.

This represents the best-case scenario for each model. If, under ideal data, differences

across choice sets vanish, it indicates the model is capable of fully accounting for choice set

restrictions—any observed differences in the original data are due to misspecification. If
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differences persist even with ideal data, this reflects an inherent sensitivity of the model to

the choice set definition.

Combining two choice sets, two data types, and four specifications yields 16 estimates. I

compare elasticities across these different configurations.

4 Theory

This section formalizes why misspecifying the choice set can be absorbed in simple logit

(under correct specification), but not in random coefficients logit.

4.1 A Gumbel Aggregation Fact

Let {εijt}Jtj=1 be i.i.d. Type I extreme value with CDF

F (ε) = exp{− exp(−ε)}.

Define the inclusive value in market t:

It(δt) ≡ log

(
Jt∑
k=1

exp(δkt)

)
.

Proposition 1 (Maximum of shifted Type I EV shocks). If Mt ≡ max1≤k≤Jt{δkt + εikt},

then

Pr(Mt ≤ m) = exp{− exp[−(m− It(δt))]},

so Mt is also Type I extreme value with location parameter It(δt).

Proof. Using independence,

Pr(Mt ≤ m) =
Jt∏
k=1

Pr(δkt + εikt ≤ m) =
Jt∏
k=1

exp{− exp[−(m− δkt)]}.
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Therefore

Pr(Mt ≤ m) = exp

{
−

Jt∑
k=1

exp[−(m− δkt)]

}
= exp

{
− exp

[
−

(
m− log

Jt∑
k=1

eδkt

)]}
.

This is Type I extreme value with location It(δt).

So the key closure property is about the maximum of shifted Type I EV shocks (equiva-

lently, the log-sum-exp inclusive value), not the literal arithmetic sum of shocks.

4.2 Implication for Logit with Choice-Set Restriction

Let F denote the full set of inside goods and M ⊂ F the observed subset after dropping

some alternatives (e.g., luxury cars). For j ∈ M , the full-model logit probability is

sFjt =
exp(δjt)

1 +
∑

k∈F exp(δkt)
.

Conditioning on the event that a consumer chooses some product in M or the outside option,

the restricted logit probability is

sMjt =
exp(δjt)

1 +
∑

k∈M exp(δkt)
=

exp(δjt −∆t)

1 +
∑

k∈F exp(δkt)
,

where

∆t ≡ log

(
1 +

∑
k∈F exp(δkt)

1 +
∑

k∈M exp(δkt)

)
.

Hence dropping products shifts all surviving inside-good indices by the same market-level

constant −∆t. With market fixed effects this shift is absorbed, leaving slope parameters

unchanged under correct specification.

Proposition 2 (Choice-set invariance in correctly specified logit with market FE). Sup-

pose data are generated by standard logit with common slope parameters across markets and

products. If estimation includes market fixed effects, then estimating on F or on any subset
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M ⊂ F yields the same (β, α) for products in M .

Proof. From the previous display, for each j ∈ M :

log sMjt − log sM0t = log sFjt − log sF0t −∆t,

where ∆t is constant within market t. In the linear index representation

log sjt − log s0t = x′
jtβ − αpjt + γt,

this only changes γt to γt−∆t. Therefore within-market variation, and thus identified slopes

(β, α), are unchanged.

4.3 Why Random Coefficients (BLP) Is Different

In random coefficients logit,

uijt = δjt + µijt(νi) + εijt,

with µijt(νi) containing heterogeneous tastes, including random price sensitivity. For a fixed

draw νi, dropping products still induces a log-sum-exp correction, but now it is

∆it(νi) = log

(
1 +

∑
k∈F exp(δkt + µikt(νi))

1 +
∑

k∈M exp(δkt + µikt(νi))

)
,

which varies across consumers through νi.

Proposition 3 (No general invariance in random coefficients logit). With non-degenerate

random coefficients, restricting from F to M does not in general induce a common market-

level additive shift in mean utility. Therefore market fixed effects cannot, in general, absorb

the effect of omitted alternatives, and estimated substitution patterns can change even under

correct specification.
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Proof. The correction term is ∆it(νi), not ∆t. Since ∆it depends on νi, there is no single con-

stant that maps all individual probabilities under F to probabilities under M . Aggregating

over F (ν) then changes the moments that identify the random-coefficient distribution. In

particular, omitting high-price/high-quality products removes information about consumers

with low price sensitivity and high taste for quality; this changes identified heterogeneity

and therefore elasticities among remaining products.

Intuitively, in simple logit, omitted products are absorbed into a market intercept via the

inclusive value. In BLP, omitted products alter which parts of the heterogeneity distribution

are identified, so the effect is not a single intercept shift.

4.4 Elasticities Depend on Other Prices Even with Fixed Param-

eters and Shares

The BLP cross- and own-price formulas can be written as

ηjk,t = −pkt
sjt

∫
(αi) sij,t sik,t dF (νi), αi ≡ α + σpνip.

Holding (α, σp) and observed aggregate shares sjt fixed does not generally pin down ηjk,t

because individual probabilities sij,t and sik,t depend on the full denominator

1 +
∑
ℓ∈Jt

exp
(
δℓt + µiℓt

)
,

which moves when the price of any product ℓ changes.

Therefore, even if two specifications match the same aggregate shares and use the same

estimated parameters, elasticities can differ if the surrounding price vector (or available

alternatives) differs. Elasticities are equilibrium objects of the entire choice set, not functions

of each product’s own (pjt, sjt) alone.
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Figure 1: Elasticity Comparison: Logit without Market Fixed Effects (Original Data). Left
panel shows own-price elasticities; right panel shows cross-price elasticities. Points represent
elasticities estimated on the full market (x-axis) versus mass-market only (y-axis). The 45-
degree line indicates perfect agreement.

5 Empirical Results

I now present empirical results. For each specification, I estimate elasticities on the full

market and the mass-market-only sample. I do this for original and ideal data, for 16 total

estimates.

5.1 Original Data

On original data, logit without fixed effects moves away from the 45-degree line when the

choice set is restricted (Figure 1). With fixed effects, the differences become even larger—a

result of misspecification, not a contradiction of the earlier proposition, which holds only

under correct specification.

BLP behaves differently. In Figures 3 and 4, the partial (restricted) model actually yields

less elastic (smaller-magnitude) own-price responses for products near the omitted luxury

segment, relative to the full model. Cross-price elasticities among remaining products are

not generally more extreme either, and market fixed effects make little difference to this
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Figure 2: Elasticity Comparison: Logit with Market Fixed Effects (Original Data). In the
original-data estimates, differences between full-market and mass-market elasticities remain
visible, and can be larger than in the no-fixed-effects case.

pattern.

5.2 Perfect Specification

With perfect specification, the results for logit demonstrate that restricting the choice set

has little effect on estimated elasticities, both with and without fixed effects (see Figures 5

and 6). The estimates from the mass-market-only sample closely match those from the full

market in both cases.

For BLP, the gap remains significant under perfect specification (Figures 7 and 8), though

the magnitude is smaller than with original data. Without fixed effects, the BLP estimates

from the mass-market-only sample are less elastic (closer to zero) than those from the full

market. With fixed effects, however, the direction of the difference is less clear.

These changes are economically meaningful. Own-price elasticities move, and cross-price

elasticities often move more. Changes are larger for products closer to the excluded segment

in characteristic space. In many markets, own-price differences are on the order of 20–30%

in absolute value, and cross-price differences can be larger. So the gap is not cosmetic; it
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Figure 3: Elasticity Comparison: BLP without Market Fixed Effects (Original Data). The
BLP model shows greater sensitivity to choice set restrictions than logit, with substantial
scatter around the 45-degree line.

is large enough to materially change substitution predictions. To isolate the mechanism,

the next section varies prices of omitted products while holding observed-product prices and

estimated preference parameters fixed.

6 Price Sensitivity and Unobserved-Good Prices

This section provides a direct mechanism check using original shares. I vary prices of omitted

luxury goods by factors of 0.25, 1, and 4 and then recompute own-price elasticity magnitudes

for non-luxury products. Figure 9 compares these magnitudes across the three counterfac-

tuals.

The pattern is clear: when omitted goods are made more expensive, observed non-luxury

products become closer substitutes for those omitted goods, and own-price elasticity magni-

tudes increase. Consumers therefore appear more price sensitive among observed products.

When omitted goods are made cheaper, substitution toward those omitted goods ab-

sorbs demand reallocation that would otherwise occur within the observed set, so own-price
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Figure 4: Elasticity Comparison: BLP with Market Fixed Effects (Original Data). Unlike
logit, market fixed effects do not eliminate BLP’s sensitivity to choice set definition.

elasticity magnitudes for observed products decrease. Consumers therefore appear less price

sensitive among observed products.

This is exactly the channel emphasized by the choice-set argument: elasticities for ob-

served products depend on prices of alternatives that may be unobserved to the researcher.

7 Sign Flip in the Income–Price Interaction Under an

Endogenous Choice Set

The previous sections establish that misspecified choice sets distort BLP elasticities even

under best-case (“ideal data”) conditions. A natural follow-up question is whether the

underlying preference parameters that drive those elasticities are themselves stable. In a

BLP-style model, the marginal utility of price typically varies with consumer income, and

the sign of that interaction is the standard summary statistic for who is more or less price

sensitive. This section demonstrates that, under a plausible and economically motivated

form of choice-set misspecification, the estimated income–price interaction coefficient can

not only attenuate in magnitude but flip in sign relative to the data-generating process.
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Figure 5: Elasticity Comparison: Logit without Market Fixed Effects (Perfect Specification).
With ξjt = 0 by construction, econometric issues are eliminated, revealing the structural
sensitivity to choice set definition.

7.1 Setup

I use the cereal-demand setup of Nevo (2000) as implemented in the PyBLP reference data

(Conlon and Gortmaker, 2020). Indirect utility is

uijt = β0 + (βp + π incomei) pjt + βs sugarjt + βm mushyjt + ξjt + εijt, (16)

so the sign of π governs whether high-income consumers are more or less price sensitive than

low-income consumers. There are 24 cereals across 94 markets. Estimating this specification

on the raw Nevo data by two-step GMM yields π̂ = +13.96 (βp negative, so high-income

consumers are less price sensitive), in line with the standard interpretation.

7.2 An Endogenous Choice Set

To isolate the effect of choice-set misspecification from incidental noise in ξ, I first construct

an “ideal” dataset by recomputing model-implied shares with ξ ≡ 0 at the estimated (β, π).

I then build a richer data-generating process that embeds an endogenous choice set:
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Figure 6: Elasticity Comparison: Logit with Market Fixed Effects (Perfect Specification).
Near-perfect clustering on the 45-degree line confirms that logit with market fixed effects is
structurally robust to choice set restrictions under correct specification.

1. Markets are split at the median of mean consumer income into low-income and high-

income markets.

2. In high-income markets only, an additional “specialty store” offers premium (sugar

+25) variants of every cereal. The specialty variants share the original prices but are

observably distinct from their regular counterparts.

3. Aggregate shares for both stores are simulated under the original (β, π) and the ex-

tended choice set.

This is a stylized version of a familiar pattern in retail data: assortments differ across markets

in ways that are correlated with income (e.g., specialty grocers, premium dealerships, urban

vs. suburban formats, online vs. in-store ranges).

The misspecified researcher does not observe (or does not model) the specialty store.

Specialty-store purchases are absorbed into the outside option. The researcher then re-

estimates the same Nevo specification on the regular-store products, using all markets. As a

sanity check, re-estimating on the full extended dataset recovers the true (β, π) to numerical
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Figure 7: Elasticity Comparison: BLP without Market Fixed Effects (Perfect Specification).
Even with perfect specification (ξjt = 0), BLP remains sensitive to choice set restrictions,
demonstrating that the vulnerability is structural rather than econometric.

precision.

7.3 Result

Table 2 reports the estimates and Figure 10 visualizes the income–price interaction coefficient

across the three cases. The full-data estimator recovers the truth exactly. The misspecified

estimator returns an attenuated |β̂p| (−12.50 versus−18.09) and, more strikingly, an income–

price interaction of the wrong sign: π̂ = −2.36 versus the truth of +13.96.

Table 2: Estimates Under Endogenous Choice-Set Misspecification (Nevo Cereal DGP)

βconst βprice βsugar βmushy πprice×income

True DGP −2.25 −18.09 0.049 0.097 +13.96
Recovered (full data) −2.25 −18.09 0.049 0.097 +13.96
Misspecified (regular store only) −3.39 −12.50 0.051 0.123 −2.36

Notes. Two-step GMM on the Nevo (2000) cereal data with X1 = (1, prices, sugar, mushy) and an
income–price interaction. Ideal shares are constructed by setting ξ ≡ 0 at the baseline estimates. The
DGP adds a specialty store that operates in high-income markets only and stocks premium (sugar +25)
variants of every cereal. The misspecified estimator is run on regular-store products in all markets.
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Figure 8: Elasticity Comparison: BLP with Market Fixed Effects (Perfect Specification).
Market fixed effects do not resolve BLP’s structural sensitivity to choice set definition. The
persistent scatter demonstrates that excluding luxury brands fundamentally affects prefer-
ence distribution identification.

7.4 Mechanism

Under the true DGP, high-income consumers in high-income markets concentrate inside-

good demand on the (sweeter, premium) specialty variants. After the researcher drops these

products, that demand mass is reassigned to the outside option, so observed regular-store

inside shares are systematically lower in high-income markets than in low-income markets.

The model has only one channel through which to rationalize this pattern: the income–price

interaction. The estimator therefore reads “high income ⇒ less inside-good demand” as

“high income ⇒ more price sensitive,” and assigns π̂ a negative sign. The price coefficient

βp shrinks toward zero to absorb the corresponding average-level discrepancy.

This failure mode is conceptually distinct from the elasticity exercises of the previous sec-

tions. There, choice-set misspecification distorted equilibrium objects (own- and cross-price

elasticities) computed from estimated parameters and observed shares. Here, the headline

parameter on the interaction term is itself wrong, in sign as well as magnitude. The same

logic applies whenever choice-set selection is correlated with the same consumer attribute
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that drives a random-coefficient interaction. Income-segmented retail is a leading example,

but analogous concerns apply to any setting in which assortment varies systematically with

consumer demographics that enter the demand model nonlinearly. In such cases, even mod-

est assortment misspecification can invert the qualitative answer to the question of who is

more price sensitive.

8 Conclusion

This paper demonstrates how incomplete choice sets affect demand elasticities in the BLP

automobile data. By comparing logit and BLP on original and ideal data, I eliminate

misspecification as a source of sensitivity.

The main finding is an asymmetry across model classes. Logit with market fixed effects is

close to invariant under correct specification. BLP remains sensitive to choice-set definition

even with fixed effects and even on ideal data.

A second, sharper finding concerns the parameters themselves rather than equilibrium

objects derived from them. Section 7 shows that when the choice set is endogenous to the

same consumer attribute that enters a random-coefficient interaction — here, an income-

segmented specialty store — the estimated income–price interaction does not merely atten-

uate. It can flip in sign relative to the true data-generating process, reversing the qualitative

interpretation of who is more price sensitive. This means the consequences of choice-set

misspecification go beyond the magnitude of substitution patterns and reach into the core

preference parameters that researchers and policy analysts report.

These findings relate to recent theoretical work on random utility models with incomplete

choice sets by Kono et al. (2023).

The practical implications are important. BLP-style models are used in merger and

antitrust work where substitution patterns matter directly, and the income–price interaction

is often a headline coefficient in such analyses. Even modest choice-set truncation can lead
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to meaningful errors in elasticities and, when the truncation is correlated with consumer

demographics, to qualitatively wrong inferences about the heterogeneity of price sensitivity.

The definition of the choice set is a key step in identifying elasticities, rather than a minor

detail to be relegated to the appendix.

A natural next step is to consider partial identification of elasticities when the choice set

is only imperfectly observed.
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Figure 9: Own-price elasticity magnitudes under counterfactual omitted-good prices (Orig-
inal Shares). Each panel compares non-luxury own-price elasticity magnitudes across
omitted-luxury price factors 0.25, 1, and 4. Points above the 45-degree line indicate larger
elasticity magnitudes under the y-axis counterfactual.
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Figure 10: Estimated income–price interaction coefficient under correct and misspecified
choice sets. The truth and the full-data estimator agree at +13.96, indicating high-income
consumers are less price sensitive. Dropping the income-segmented specialty store flips the
estimated interaction to −2.36, reversing the qualitative interpretation.
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A Additional Figures: Own-Price Elasticities vs. Prices

This appendix presents scatter plots of own-price elasticities against product prices for all

model specifications and data types. Each figure compares estimates from the full market

(blue) and mass-market only (red) choice sets. These plots reveal how the relationship

between prices and own-price elasticities changes with choice set restrictions.

A.1 Original Data

A.2 Ideal Data
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Figure 11: Own-Price Elasticities vs. Prices: Logit without Market Fixed Effects (Original
Data)
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Figure 12: Own-Price Elasticities vs. Prices: Logit with Market Fixed Effects (Original
Data)
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Figure 13: Own-Price Elasticities vs. Prices: BLP without Market Fixed Effects (Original
Data)
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Figure 14: Own-Price Elasticities vs. Prices: BLP with Market Fixed Effects (Original
Data)
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Figure 15: Own-Price Elasticities vs. Prices: Logit without Market Fixed Effects (Ideal
Data)
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Figure 16: Own-Price Elasticities vs. Prices: Logit with Market Fixed Effects (Ideal Data)
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Figure 17: Own-Price Elasticities vs. Prices: BLP without Market Fixed Effects (Ideal
Data)
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Figure 18: Own-Price Elasticities vs. Prices: BLP with Market Fixed Effects (Ideal Data)
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