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Abstract

I combine complementarity in bundle choice and consideration set of products into a

demand model for differentiated products. I show identification of consideration prob-

abilities from the asymmetric demand even when only marginal market shares of prod-

ucts, not bundle options, are observed. I apply the model to the yogurt market with

consumer-level and store-level data to quantify the complementarity and the degree of

limited consideration. I tailor a novel estimation approach that features efficiency gain

via combining the loglikelihood of consumer choices and market shares with moment

conditions to my empirical application. I find a considerable demand synergy in the

bundle of different products and a significant proportion of consumer inertia, defined

here as choosing from the last purchases, in consumer demand for yogurt. Compared

to the standard discrete choice model, my estimation results suggest that accounting

for complementarity between products and consumers’ limited consideration set can

substantially affect price competition analysis.
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1 Introduction

The workhorse model in demand estimation is the random coefficients discrete choice demand

model, introduced by Berry, Levinsohn, and Pakes (1995) (BLP henceforth), who provide a tractable

framework to estimate flexible substitution patterns between many differentiated products in the

presence of price endogeneity. Like the standard discrete choice model, the BLP framework pre-

sumes that consumers choose one single option and consider all available products. However, it has

long been recognized in consumption literature that consumers can choose different products at one

time (see an early survey by Houthakker (1961)), and they may not be fully aware of all products

available in the market during the decision process, e.g., Roberts and Lattin (1991). Abstracting

away from more realistic behavioral assumptions could produce misleading results in demand es-

timation, which is always crucial for understanding a firm’s pricing and marketing strategy, and

even for conducting competition analysis in the industry.

Motivated by these two limitations, in this paper, I develop a new discrete choice model that

extends the existing BLP framework to simultaneously account for (i) extra utility(disutility) from

choosing multiple products as a bundle and (ii) a possibility of the limited consideration set. In

the model setup, I treat the deterministic utility change as a model primitive when the consumer

chooses multiple products jointly rather than separately. More specifically, it is the difference

between the average utility of any bundle and the sum of the average utility of all products in the

bundle. I refer to this utility discrepancy as “demand synergy” following Iaria and Wang (2020)

and Wang (2021). Complementarity in terms of compensated demand can arise when the demand

synergy in the bundle of products is positive (as shown in Gentzkow (2007)), as opposed to the

standard discrete choice model where alternatives are strictly substitutes by nature. As for the

consideration stage, I parameterize the consideration set formation as the hybrid consideration

specification introduced by Abaluck and Adams-Prassl (2021). This specification combines the

classic default specific consideration (DSC) and alternative specific consideration (ASC) to allow

inertia, which often arises from previous purchases, and attention shifters like advertising to affect

the consideration set formation. The consumer can choose one product as a single option or a

bundle option of multiple products from the consideration set. I discuss the identification conditions

for my empirical specification. Given the available household purchase data, the observed default
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consideration set, and excluded instruments for the price, the model parameters are point identified.

I also show that when the bundle option is allowed, the hybrid consideration model can be point

identified with only market share data of products, not bundles. However, the presence of bundle

options, in general, fails the nominal illusion property in the latent choice probabilities; hence

primitives on preference are not nonparametrically identified alone.

I apply the framework above to consumers’ demand for yogurt. As mentioned by Dubé (2019),

complementarity may be an important part of choices for product categories like yogurt, where

consumers purchase large assortments of flavors or variants. In my empirical application, I use

product-level data from retailers’ scanners (macro data) in combination with the consumer panel

on household yogurt purchases (micro data). From the consumer panel, I find that nearly 30%

of yogurt purchase incidences involve multiple products, and around 60% of choices stick to what

consumers chose last time. My empirical model treats the multiple products in one shopping trip

as a bundle option. I attribute the pattern of choice persistence partly to the default consideration

set from household last yogurt purchases. My estimation strategy is adapted from a novel method

proposed by Grieco, Murry, Pinkse, and Sagl (2022) who use macro and micro data in a mixed

likelihood approach, combined with the standard BLP moment conditions. The main advantage

of this approach is the efficiency gain from the maximum likelihood estimator, compared to other

classic approaches such as micro moments in Berry, Levinsohn, and Pakes (2004) and Petrin (2002).

I adjust their method by (i) allowing for the consideration stage in forming individual choice

probability and (ii) aggregating the model-predicted bundle shares into marginal product market

shares to match the store sales data. My estimation results indicate a sizeable positive demand

synergy on average in bundled yogurt products, and the synergy increases with the household

size. There exists a substantial degree of inertia, up to 80% chance that the household considers

only last-time purchases and the outside option. I do not find much individual heterogeneity in

price sensitivity, and the advertising effect becomes smaller in my model. I also conduct post

estimation analysis of price effects with the estimated parameters and find quite different diversion

ratios and cross-price elasticities, compared to those obtained from a standard BLP model. I find

larger magnitudes in my model and opposite signs for products in a bundle. In particular, for two

products often bundled, the complementarity caused by considerable demand synergy dominates

the substitution effect when we evaluate how the marginal market share of one product responds
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to the price change in the other.

My demand framework has important implications for the brand, the retailer, and the antitrust

regulator. First, the complementarity across products due to the demand synergy affects how

the brand designs its optimal product portfolio and pricing strategies. The consumers’ inertia

can contribute to partly explaining brand loyalty, which is a critical factor in measuring brand

value. Second, from a retailer’s perspective, my model implies that marketing promotions can

spill over across products within one category or products in different categories. Facing the

limited space for advertising, brick-and-mortar retail stores and online shopping platforms need a

better understanding of the consumers’ purchasing behavior to coordinate with brands on more

effective targeted advertising and promotion. Lastly, the pricing effect plays a central role in

the antitrust analysis of industry regulation. The common economic analysis tools in horizontal

merger evaluation require the precise estimation of diversion ratios, which reflects the proportion of

consumers who substitute from product A to product B when the price of product A increases by a

small amount. My study highlights that the presence of demand synergy and inertia in consumers’

choices cautions against using only the market share data in estimating diversion ratios.

To the best of my knowledge, this paper is among the first combining the complementary

options and limited consideration in a discrete choice demand model. Hence it mainly contributes

to two threads of literature in modeling consumer demand.

Complementary goods purchased as a bundle are commonplace in the consumer’s shopping

basket. Early papers such as Hendel (1999) and Dubé (2004) extend the discrete choice model to

multiple discreteness in different products demand. The major difference compared to the demand

synergy in my model is that their complementarity comes from a specific nonlinear function form

in utility, rather than the affine relationship in mean utility between bundle and bundle compo-

nents as Gentzkow (2007). There are also models that capture cross-category complementarity

in a continuous demand framework, e.g., Mehta and Ma (2012); Thomassen, Smith, Seiler, and

Schiraldi (2017). However, the complementary across products has yet to be well adapted into the

demand model for differentiated products, mainly due to the complexity of identifying the com-

plementarities. Gentzkow (2007) proposes an exclusive restriction and a panel structure as two

identification strategies to distinguish the complementarity in the deterministic part of the utility

from the correlation in error terms. Fox and Lazzati (2017) and Allen and Rehbeck (2019) discuss
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the nonparametric identification of additive utility in bundles in a simple discrete choice model. My

setup for the complementarity between alternatives in the BLP framework is closest to Iaria and

Wang (2020) and Wang (2021). Both papers propose the same bundle utility specification as the

affine relationship, and their identification results rely on the same demand inverse that maps the

product-level market shares to the market-product mean utility. Iaria and Wang (2020) propose a

new instrument-free identification argument and a maximum likelihood estimation approach when

market shares of bundles are observed. On the contrary, Wang (2021) requires excluded instru-

ments for identification when only marginal product-level market shares are observed, leading to

a GMM estimation approach. Nonetheless, existing papers on complementarity in demand have

always assumed the full choice set, yet to take into account the limited consideration set.

On the thread of literature on limited consideration in consumer’s choice, a simplified con-

sideration set model assumes away the structural model for consideration formation, such as the

searching process. Without auxiliary data available to supplement the observed choices, most em-

pirical papers consider two probabilistic specifications on the consideration set formation. One is

the default specific consideration (DSC), assuming a probability that the decision-maker always

adheres to the default option or a default subset of options such as the chosen one(s) in the status

quo (Hortaçsu, Madanizadeh, & Puller, 2017; Ho, Hogan, & Scott Morton, 2017; Heiss, McFadden,

Winter, Wuppermann, & Zhou, 2021). The second one is the alternative specific consideration

(ASC), in which the agent is supposed to consider each option with a probability independent

from the consideration probabilities of other options (Ben-Akiva & Boccara, 1995; Goeree, 2008;

Van Nierop, Bronnenberg, Paap, Wedel, & Franses, 2010). My consideration model adapts the

hybrid model of DSC and ASC introduced in Abaluck and Adams-Prassl (2021) to simultaneously

capture the two different types of consideration formation process.1

Most existing empirical research with probabilistic specification on the consideration stage of-

ten relies on the two-way exclusion restrictions on the consideration stage and utility shifters to

separately identify the parameters in each part, e.g., Goeree (2008). Van Nierop et al. (2010)

validates the exclusion restrictions in a grocery shopping context from online experimental data

1A growing trend in literature is to avoid the probabilistic consideration model via imposing restrictions
on the consideration set formation (Cattaneo, Ma, Masatlioglu, & Suleymanov, 2020; Crawford, Griffith, &
Iaria, 2021; Lu, 2021; Barseghyan, Coughlin, Molinari, & Teitelbaum, 2021). It is interesting to explore the
possibility of combining weak restrictions on consideration set and a BLP-type demand model.
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tracking participants’ consideration sets. A noticeable alternative identification strategy is devel-

oped by Abaluck and Adams-Prassl (2021). Without imposing exclusion restrictions, they explore

the identification of consideration probability and latent choice probabilities conditional on the con-

sideration set by exploiting the cross-partial derivatives of the demand function. They assume there

exists an exogenous covariate that can shift both utility and consideration probability. Under full

consideration, the cross-partial derivatives of market shares with the covariate are symmetric, while

asymmetric under limited consideration. So asymmetry property helps identify the consideration

process once the cross-partial derivatives are observed from the data. I extend their identification

results by allowing the bundling option while keeping the same data structure, so that the observed

market shares in their case becomes the observed product-level market shares. Regarding previous

studies using the same IRI academic datasets (Zhang, 2006; Van Nierop et al., 2010), they estimate

the consideration set formation with only the consumer panel. This paper allows for choosing a

bundle option from the consideration set and applying both macro and micro data in estimation.

Lastly, the yogurt industry has been actively analyzed to study important questions in empir-

ical industrial organizations like distinguishing informative and prestige effects of advertisement

by Ackerberg (2001, 2003), and the vertical relationships in Villas-Boas (2007). Some industry-

specific studies are also appearing lately (e.g., Rossetti, 2018; Liu, 2019; Triggs, 2021). My paper

distinguishes itself from others through its behavioral assumptions of the demand model.

The applicability of my framework definitely goes beyond yogurt consumption and allows to

address more general empirical questions. From the firm’s perspective, does more brand advertise-

ments in category A have a spillover effect on brand awareness in category B, when two categories

have positive demand synergy? How would the promotion of one product affect the demand for

its complements, especially when the promotion itself can shift consumers’ attention? From the

antitrust perspective, what is the correct diversion ratio between the target and acquirer in a hor-

izontal merger? My model can provide valuable insights into these questions and highlight the

importance of consumer purchase data across multiple products and categories. Companies usually

learn a full picture of the consumer behaviors from their retailers. Thus, my analytical strategy

helps provide fundamental business logic for the fast-growing retail media market where the retailer

helps the brand better target potential customers via the retailer’s first-party consumer data.

The remainder of this paper is structured as follows: Section 2 introduces the general setup of my
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demand model and discusses some identification results. In Section 3, I describe both product-level

and consumer-level data, and provide suggestive evidence on the consumer behavioral patterns that

motivate my empirical specification. The empirical model, estimation strategy, estimation results,

and price effects analysis are presented in Section 4. Section 5 concludes.

2 Model

In this section, I first formally set up my model. My model starts from the individual utility

of alternatives (including bundling options) and the consideration stage to the individual choice

probabilities. Lastly, market shares of each option are aggregated from individual choice probabil-

ities by the distributions of individual preferences. They can further sum up the marginal market

shares at the product level. I discuss the identification result with different data settings. I can

use individual choice data from the consumer panel to identify the parameters of demand synergy

and the consideration probabilities in my empirical application. When only product-level market

shares are available, I show how the consideration probability formation is identified.

2.1 General Setup

The discrete choice model consists of two steps: individual i in market t first considers a subset of

all feasible products as his/her consideration, and then i selects either a single option or a bundle

of items from the consideration set in the first step.

Assume that there are t = 1, . . . , T independent markets, and i = 1, . . . , It individuals in each

market t. The feasible choice set Jt collects all “inside” products and the outside option in market t.

Consumer i2 considers a non-empty subset Cit ⊆ Jt of products from which he/she can choose one

product as a single option or multiple products as a bundle option. I first model the consideration

set formation following the hybrid model of default specific consideration and alternative specific

consideration introduced in Abaluck and Adams-Prassl (2021), namely

Pr(CS = Cit) = µ01(Cit = Ci0) + (1− µ0)
∏

j∈Cit

ϕijt

∏
j /∈Cit

(1− ϕijt), (1)

2I may use individual, consumer, and household interchangeably.
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where C0it is the default consideration set representing the inertia status, and I allow it to vary

across individuals and markets. In my empirical application, I construct the default consideration

set as products purchased during their previous purchase trip plus the outside option. It is com-

mon in the literature to degenerate C0it to the default option (Hortaçsu et al., 2017; Abaluck &

Adams-Prassl, 2021). The term ϕitj is the consideration probability for alternative j in the ACS

part. Following Goeree (2008) and Van Nierop et al. (2010), I model ϕit(zjt, vit) as a function of

observables zjt that shift the consideration probability of product j, and individual unobservables

vit. The distribution of vit is parameterized by Fv(·), and is often assumed to be independent from

the random coefficient βit in the consumer’as utility. The standard identification argument from

exclusion restrictions requires non-overlapping covariates in consideration and choice stages, hence

at least one of the observables needs to be excluded from the utility specification.

I adapt the bundle utility specification in Iaria and Wang (2020) and assume that consumers

choose a single or bundle option from individual-specific consideration setCit, instead of the feasible

choice set. LetCikt, k = 1, 2, . . . denote the collection of all options from individual i’s consideration

set Cit and k denotes the number of products in the option. We always include the outside option

in Cit and denote a set of all single options as Ci1t. The indirect utility for choosing single product

is specified as

Uijt = uijt + εijt = δjt + ηijt + εijt, j ∈ Cit, Ui0t = εi0t, (2)

where δjt is the market t-specific average utility of product j, ηijt an unobserved individual-specific

utility deviation from δjt, and εijt and εi0t are idiosyncratic taste shocks for inside single option

and outside option, respectively. The market-specific average utility of product j often follows the

linear specification as

δjt = −αpjt + β′xjt + ξjt,

where pjt is the price of product j in market t and xjt are product j’s characteristics that may

change across markets. In my empirical application, xjt includes the advertisement, the flavor

variety and also product j’s fixed effect. ξjt denotes the market level demand shock to product j,

and price endogeneity implies E(pjtξjt) ̸= 0.

Utility for bundle b ∈ Cikt is specified as the additive sum of single options’ deterministic utility

(the total utility δjt subtracted from the idiosyncratic shocks εijt), plus the additional demand
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synergy Γibt with another bundle-specific idiosyncratic shock εibt. We can decompose Γibt into

market average synergy for bundle b Γbt and the individual deviation from the average synergy ζibt

(Γibt = Γbt+ ζibt). Finally, the total utility of individual i choosing bundle b (whether it is a single

or bundle option) in market t is additively separable in market-average utility level of the option

δbt, individual deviation to the average bundle utility ηibt and the idiosyncratic shock εibt:

Uibt =
∑
j∈b

uijt + Γibt + εibt

=
∑
j∈b

δjt + Γbt︸ ︷︷ ︸
δbt

+
∑
j∈b

ηijt + ζibt︸ ︷︷ ︸
ηibt

+εibt.
(3)

Under some distributional assumptions, we can obtain individual choice probabilities and the

market shares of bundle by aggregating over individuals’ choice probabilities. We first assume

i.i.d Type-I extreme value distribution for all idiosyncratic taste shocks ε. Hence the individual

choice probability of any option b conditional on the consideration set Cit has a multinomial logit

expression. Then we average conditional choice probabilities by the probability of considering the

bundle b to obtain the unconditional choice probabilities as follows

sibt =
∑

Cit∈C(b)

Pr(CS = Cit)
exp (δbt + ηibt)∑K

k=1

∑
b′∈Cikt

exp (δb′t + ηib′t)
, (4)

where C(b) collects all possible consideration sets covering products in bundle b. The individual

choice probabilities of the single product j have the similar multinomial logit form as Eq.(4) by

replacing b with j.

Next we calculate the market share of bundle b in market t. Here we parameterize the distri-

bution of the individual deviation ηibt =
∑

j∈b ηijt + ζibt via random coefficients βit governed by

some distribution F (·) with parameters ΣF . We remark that ηibt (βit) can also be a function of

demographics of individual i and product characteristics in option b in market t. Regarding consid-

eration formation stage, given the distribution Fv(·) and its independence with random coefficients

βit in the utility following Goeree (2008), we can obtain the market share of option b as follows:

sbt =

∫∫
sibt (δt (Γt) , βit, ϕit) dF (βit; ΣF ) dFv(·), (5)
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where Fv(·) is the distribution of unobservable vit in ϕit(·, ·). One can also obtain product-level

market shares sj· as a (weighted) sum of sbt for bundles including product j: When only product-

level sales are observed, the market share of product j is the weighted sum of market shares of all

options including product j, denoted as P(j):

sj·t =
∑

b∈P(j)

ωjbsbt, (6)

where weights ωjb are positive integers indicate the number of product j in the bundle j, known

or observed by the analyst. In my empirical specification, all weights are equal 1 when I observe a

purchase incidence of two different products. Depending on the context, weights can have different

values, but I assume it is fixed when calculating the product level market share sj·t.

2.2 Identification

Depending on the data availability, identification results may vary. With the consumer level data,

the bundle market shares can be observed and it helps the point identification of my model. How-

ever, when only product level market shares are observed, I show that the consideration formation

stage can be identified, but preferences in the utility specification are not in the absence of extra

functional form assumptions.

2.2.1 Identification with Bundle Market Shares

Point identification when market shares of all options (single + bundle) is established under three

key conditions: (i) observed market shares of bundle options, (ii) two-way exclusion restrictions,

(ii) excluded instruments for price.

When the market shares of bundle options are either observed or identified from a large consumer

sample, the bundle options can be treated as just like other options in the multinomial choice model

conditioning on the consideration set. I can observe bundle options chosen by individuals from the

consumer data. Hence, I am less concerned about the absence of market shares of bundle option in

the product level data. Furthermore, consumer panel data also provide extra identification sources

for nonlinear parameters in utility specification (Berry & Haile, 2020; Grieco et al., 2022).

The fundamental identification challenge in the consideration stage is to distinguish the two
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drivers of consumer’s choice: either highest utility for the option compared to many others, or a

small number of options considered even though the utility of the chosen one is not the highest

among all feasible options. Therefore, without individual data on product awareness, identification

must rely on functional form assumptions to disentangle preference and consideration. The most

common identification strategy is the two-way exclusive restrictions, such as in Goeree (2008), who

requires sufficient exogenous variations in excluded variables that only affect consideration but not

the indirect utility, and vice versa. My empirical model of the inertia in consideration stage assumes

the default specific consideration, based on household last yogurt purchases. The probability of

the default consideration is mainly driven by the average level how, on average, consumers’ choices

respond to exogenous changes in characteristics of products not in the consideration set.

The price endogeneity in the BLP framework lies in the correlation between prices pjt and

market-product specific unobservables ξjt. I construct Hausman-type instruments (Hausman, 1996;

Nevo, 2000) via average prices of same products in other geographic markets at the same time as

the data. The intuition behind is that the price variations across other geographic markets are

driven by changes in marginal costs that are supposed to be exogenous to the local demand shock

ξjt. I also use some cost shifters from input data to provide additional exogenous variations for

prices.

2.2.2 Identification with only Product Market Shares

Here I extend the point identification of consideration probabilities from Abaluck and Adams-

Prassl (2021) to the case allowing for the choice of 2-goods bundle with linear pricing. I consider

the same standard additive random utility models as the Eq.(4) in Abaluck and Adams-Prassl

(2021); however, there are two main differences from their discrete choice framework, namely:

(i) The consideration set is formed at the single product level, while I allow multiple-product bun-

dles in the choice stage. Therefore, the sum of latent product-level market share conditioning

on the consideration set would exceed 1 with positive choice probabilities on bundles.

(ii) The absence of “nominal illusion” no longer holds, because a constant shift of one exogenous

attribute of all products (single options) has a larger effect on the choice probabilities of

bundle options than choice probabilities of single options.
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In terms of (ii), the exogenous attribute is assumed to be the price in Abaluck and Compiani

(2020), so “nominal illusion” in standard discrete choice model means that a constant price change

of all options does not change the choice probabilities. With the presence of bundle option, one

unit change of all prices in market t change δbt by α
∑

j∈b ωjb, which is greater than α, the change

of δjt. Hence the individual choice probabilities sibt do change. Nonetheless, we can still exploit

the asymmetry of cross partial derivatives of marginal market shares of products under limited

condition to identify the consideration process as Abaluck and Adams-Prassl (2021). In the full

consideration, the cross partial derivatives of market shares are still symmetric at the product level.

Below I show the details on the symmetry property of cross partial derivatives.

Symmetry in Latent Product Shares

I denote the full feasible set of inside alternatives as J = {1, . . . , J}, the multi-product bundles

b ∈ {(j, j′) : j ̸= j′, j, j′ ∈ J }3, the consideration set C ⊆ J and all consideration sets that contain

alternative j as P(j). I suppose outside option 0 is always considered and the default inside option

is product 1. Let the continuous exogenous attribute that shifts both consideration and utility be

z = (z1, z2, ·, zJ), which corresponds to the prices in Abaluck and Adams-Prassl (2021). In my

empirical application, the advertising level works as a valid candidate for such a shifter, given the

endogenous prices here. Suppressing other observables, the marginal product-level market shares

{sj·(z), j ∈ {0} ∪ J } and their cross partial derivatives {∂sj′·(z)/∂zj , j, j′ ∈ {0} ∪ J } w.r.t. the

exogenous shifter, are assumed to be identified from the data.4 The latent marginal product level

market shares conditional on the consideration set C are denoted s∗j·(z|C). We first show that

cross partial derivatives of latent marginal market shares are symmetric. Let θi denote the random

3The size of bundle options are assumed to consist of two different products for simplicity.

4The marginal product share can be constructed either by aggregating observed bundle shares or mea-
sured directly in the way of Wang (2021).
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coefficient for z. I obtain the cross derivatives as follows5:

∂s∗j·
∂zj′

=
∑

b∈P(j)

∂s∗b
∂zj′

=
∑

b∈P(j),b ̸=(j,j′)

∫
θis

∗
ib(

∑
b′∈P(j′)

s∗ib′)dFθ −
∫

θis
∗
i(j,j′)(1−

∑
b′∈P(j′)

s∗ib′)dFθ

=

∫
θi[(

∑
b∈P(j)

s∗ib)(
∑

b′∈P(j′)

s∗ib′)− s∗i(j,j′)]dFθ

=

∫
θi[s

∗
ij·s

∗
ij′· − s∗i(j,j′)]dFθ

Notice that the last term is exchangeable between j and j′ for any consideration set C. Therefore,

we have the symmetric result at the marginal product level similar to in Abaluck and Adams-Prassl

(2021) as follows:
∂s∗j·(z)

∂zj′
=

∂s∗j′·(z)

∂zj
. (7)

Point Identification of Hybrid Consideration Model

The observed product market shares and latent shares are linked by consideration probabilities

sj·(z) =
∑

C∈P(j)

πC(z)s
⋆
j·(z | C). (8)

Adapting the Theorem 1 in Abaluck and Adams-Prassl (2021), under similar assumptions, we can

conclude that if we observe asymmetric cross partial derivatives in product-level market shares,

then the limited consideration occurs with a positive probability, i.e.

∂s∗j·(z)

∂zj′
̸=

∂s∗j′·(z)

∂zj
=⇒ πJ (z) < 1.

Following the identification construction procedure in Abaluck and Adams-Prassl (2021), we

can replace the observed market shares in their setting with the marginal product-level market

shares here. Hence we can achieve point identification on consideration probability without much

modification. I sketch the proof using the current hybrid consideration formation, so that the

5I suppress the consideration set C for expository brevity.
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observed marginal product-level market shares follow:

sj·(z) =


1− µ(z1) + µ(z1)

∑
C∈P(0,1)Πj∈Cϕ(zj)Πj′ /∈C(1− ϕ(zj′)s

∗
j·(z|C), j = 0, 1

µ(z1)
∑

C∈P(0,1)Πj∈Cϕ(zj)Πj′ /∈C(1− ϕ(zj′)s
∗
j·(z|C), j = 2 . . . J.

(9)

Some algebra using the symmetry of cross partial derivatives of the latent market shares shows that

for non-default alternatives (j, j′ > 1), the difference between observed cross-partial derivatives is

specified as:

∂sj·(z)

∂pj′
−

∂sj′·(z)

∂pj
=

∂ log ϕj′

∂zj′

(
sj·(z)− sj·

(
z | J /j′

))
− ∂ log ϕj

∂zj

(
sj′·(z)− sj′·(z | J /j)

)
. (10)

where J/j denotes the market where product j is not available. The difference between non-default

product j and the default inside product 1 then becomes

∂sj·(z)

∂z1
− ∂s1·(z)

∂zj
=

∂ log (µ1)

∂z1
sj·(z)−

∂ log (ϕj)

∂zj
(s1·(z)− s1· (zj)) , (11)

where zj for the case when the zj → +∞ Equations (10) and (11) consist of 1
2(J−1)(J−2)+(J−1)

equations in total with J unknowns in the derivatives of consideration functions ϕj and µ. One

can obtain a unique solution to J unknowns from the system of equations with observed marginal

product-level shares and their cross partial derivatives under a full rank condition. Once the first-

order change of consideration functions is identified, their levels can be recovered through the

condition that µ(z1) → 1 as z1 → +∞ in DSC and ϕj(zj) → 1 as zj → +∞ in ASC.6 Hence, the

consideration formation process is point identified with observed marginal product-level market

shares, and also the existence of an exogenous and continuous shifter. It is worth noting that the

proof does not presume either (i) all marginal product shares summing up to 1 or (ii) the absence

of nominal illusion.

Latent Market Shares

However, latent market shares of products and bundles are not non-parametrically point identified

6Details on identification proof can be found in Abaluck and Adams-Prassl (2021) and their online
appendix.
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even if we can identify the consideration process. Relaxing the key assumption of absence of nominal

illusion in Abaluck and Adams-Prassl (2021), one can see that, at given level of z in Eq.(9), there are

at least 2J−1 possible cases of consideration sets and for each consideration set with size l (l >= 2).

Hence we need to identify at least l+1 product-level latent shares or even 1
2 l(l− 1)+ (l+1) latent

market shares of bundles. In contrast, we can observe at most 1
2J(J−1)+1 market shares at bundle

level and only J +1 marginal product-level shares. Without further restrictions in functional form

of the utility, it is not clear how to uniquely pin down those latent shares in the constructive manner

as Abaluck and Adams-Prassl (2021). I suppose it must rely on parameteric specifications in the

random utility model to achieve point identification of preference primitives.

3 Data on Yogurt Markets

I apply my discrete choice model to household demand for yogurt using both store sale data and

consumer purchase panel. In this section, I introduce the yogurt store sale data and consumer

panel data, define the market and purchase options, and describe consumers’ purchase behavior for

the empirical setting.

3.1 Product Level Data

I obtain yogurt sales from the retail scanner data in the IRI academic datasets. The retail scanner

data cover about sales of 30 consumer package goods categories at participated grocery stores in

50 geographic markets from 2001 to 2012. A detailed description of the IRI academic datasets can

be found in Bronnenberg, Kruger, and Mela (2008). I select the retail scanner data at two largest

grocery stores in Pittsfield(Massachusetts) from 2008 to 2012, mainly because of the availability

and quality of the consumer panel that I will discuss later.

The store scanner data record weekly sales at the UPC (Universal Product Code) level. It

contains information on price, sale units and some marketing variables like advertisement, display,

and temporary price discount. The store scanner data are supplemented by item’s attribute infor-

mation on brand, manufacturer, equivalent volume, and other characteristics like style, fat content,

flavor, calorie, and whether it is organic. The market is defined at the week-store level. I assume

away the store choice issue from household yogurt purchase decision. Given the small proportion of
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yogurt in the total expense of grocery shopping basket (4% on average), it is reasonable to assume

that yogurt purchase decision usually does not drive household grocery store choice. Yogurts of

national brands are available in both stores around the same time in most cases, with the exception

for private label yogurts. There are no inventory data, so I could not observe either price of yogurt

that had never been purchased in the market, nor the out-of-stock status of yogurt products any

time during the week.

Given the large number of items (1,107 unique UPCs), I aggregate UPC items into the brand-

attribute level as the alternative for consumer to choose, to make tractable the size of the choice

set. The brand-attribute alternative is close to the definition of the product line in Triggs (2021).

Regarding brands, I select major ones that satisfy a minimum sales share threshold: 10% of sale

volume share in at least one market. For attributes, I use three categorical ones that do not vary

across markets: whether it is Greek, whether it is organic, and one of three levels in fat content: fat-

free, reduced-fat, and whole fat.7 I further rule out brand-attribute alternatives that fail to reach

0.1% sales volume in any market. I will refer to the brand-attribute alternative as the “product”

thereafter. Finally, I have 22 inside products in the store data at the brand-attribute level, and I

combine the remaining yogurt items and no purchases into the “outside” option when calculating

market shares. The discrete choice model abstracts away from the choice of quantity of yogurt in

each purchase incidence. Hence market size is the total number of shopping trips at the grocery

store in each week, and I approximate the market share of no purchases using the consumer panel

data. As Table 1 shows, national major brands like Yoplait and Dannon offer most non-organic and

non-Greek yogurts, while other popular brands like Chobani and Stonyfield concentrate on market

segments of Greek and organic yogurt, respectively. Most popular products are either fat free or

reduced fat in our sample, as opposed to a small fraction of whole fat yogurt. Table 1 also provides

the entry and exit information

Product Attributes

I also aggregate market-specific characteristics of products like prices, flavor variety, advertising,

display and discount from the item level. Given the equivalent volume of each item, I aggregate the

7With over 2% fat is considered whole fat, reduced fat is between 0.5% and 2%, and below 0.5% is fat
free. Source: https://www.livestrong.com/article/444387-low-fat-yogurt-vs-no-fat-yogurt/.
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Table 1: Market Shares of all (Inside) Yogurt Products

Brand Style Fat Organic First week Last week Median market share

Yoplait Non-greek Reduced Non-organic 1/6/08 12/30/12 2.308%
Dannon Non-greek Free Non-organic 1/6/08 12/30/12 1.883%
Dannon Non-greek Reduced Non-organic 1/6/08 12/30/12 1.231%
Chobani Greek Free Non-organic 2/3/08 12/30/12 1.130%
Private1 Non-greek Free Non-organic 1/6/08 12/30/12 0.742%
Private1 Non-greek Reduced Non-organic 1/6/08 12/30/12 0.703%
Yoplait Non-greek Free Non-organic 1/6/08 12/30/12 0.680%

Stonyfield Non-greek Reduced Organic 1/6/08 12/30/12 0.574%
Private1 Greek Free Non-organic 6/26/11 12/30/12 0.404%
Breyers Non-greek Reduced Non-organic 1/6/08 11/13/11 0.398%

Stonyfield Non-greek Free Organic 1/6/08 12/30/12 0.385%
Colombo Non-greek Reduced Non-organic 1/6/08 1/24/10 0.330%
Colombo Non-greek Free Non-organic 1/6/08 1/24/10 0.318%
Chobani Greek Reduced Non-organic 5/25/08 12/30/12 0.295%
Stonyfield Non-greek Whole Organic 1/6/08 12/30/12 0.261%
Dannon Greek Free Non-organic 2/6/11 12/30/12 0.194%
Private2 Greek Free Non-organic 8/7/11 12/30/12 0.156%
Yoplait Greek Free Non-organic 2/14/10 12/30/12 0.137%
Weight Non-greek Free Non-organic 1/6/08 4/15/22 0.136%
Breyers Non-greek Free Non-organic 1/6/08 11/20/11 0.105%
Dannon Greek Reduced Non-organic 7/31/11 12/30/12 0.051%
Dannon Non-greek Whole Non-organic 1/22/12 12/30/12 0.041%
Stonyfield Greek Free Organic 6/26/11 12/30/12 0.031%

Note: Private1 denotes the private-label yogurt in Store 1, and Private2 denotes the private-label
yogurt in Store 2. Median market shares are based on sales volume within the weeks with positive
volume and adjusted for the no-purchase option.
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items’ prices into price per pint by volume-based weights. The variety of flavors is calculated by

the number of items’ flavors within each product and normalized in each market between 0 and 1.

The marketing variables like advertisement, display and discounts are first converted into numerical

values and weighted by the number of distinct items. The advertisement feature codes the size of

promotion text and the retailer coupon or rebate information. I convert levels of features into one

value from (0, 0.25, 0.5, 0.75, 1) in which 1 means coupon, 0.75 for large ad size, 0.5 for medium

size, 0.25 for small and 0 if none. In-store display information coded as 2 for major place like lobby

or end-aisle, 1 for minor display and 0 if none, and I rescale it to (1, 0.5, 0) respectively. Discount

is a binary variable for whether a temporary price reduction is greater than 5% the regular price.

Product availability varies moderately across markets, mainly because of the trend of Greek yogurt

led by Chobani and followed by other brands later. I also observe brands like Breyers and Colombo

exited the yogurt market during the sample period. Table 2 summarizes the store level data.

Table 2: Summary Statistics from Store Sales Data

Mean Median Std. 1st Qt 3rd Qt N

Markets
Num. available products 13.97 14 1.42 13 15 492
Share of outside option 0.88 0.88 0.03 0.85 0.95 492

Products
Price per pint 2.41 2.28 0.74 2 2.64 6,887
Advertisement 0.11 0 0.24 0 0 6,887
Display 0.01 0 0.07 0 0 6,887
Discount 0.17 0 0.28 0 0.23 6,887

Note: Share of outside option includes both no purchase and purchase of other brands.

To handle the price endogeneity, I need to excluded instrumental variables. I collect price

information for the same yogurt products sold in the same grocery chain in other geographic

markets from the IRI retail data. Then I construct Hausman-type instruments for prices via

averaging yogurt prices in other markets. In addition, I collect data on the cost shifters like the

hourly wage in the food production industry in the state of the brand’s nearest manufacturer,

industrial electricity price in the region of the corresponding manufacturer, and nationwide price
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on raw milk.8 These cost shifters are recorded monthly or quarterly, and do not vary much across

products in the same period. Therefore, most identification power comes from the variation in

the yogurt prices in other geographic markets. I assume the price variable as the only endogenous

product characteristics, so that other product attributes including advertising, variety of flavors,

and product fixed effects are valid included instruments into the moment conditions.

3.2 Consumer Panel Data

Consumer panel is obtained from the household survey data in IRI’s “behavioral” markets, two

small cities called Pittsfield and Eau Claire. Pittsfield has more participating households over years

and reporting errors were minimal after 2007. It contains information on dates, stores, purchased

items and quantity, and the total expenditure of each grocery trip. The sample of households

does change by year, but around 70% households stay in the survey across years. I also have

demographic information on households in the consumer panel, and I use household income and

family size as key demographic variables in household utility specification. Table 3 presents the

summary statistics from the consumer panel. Household demographics include all participants who

have ever buy yogurt once in all 492 markets.

Table 3: Summary Statistics on Consumer Panel

Mean Median Std. 1st Qt 3rd Qt N

Markets
Num. of grocery trips 670 649 105 607 736 492
Num. of yogurt incidences 120 110 41 87 154 492

Demographics
Annual income ($10,000) 7.03 7 3.27 5 10 2,519
Family size 2.41 2 1.25 2 3 2,519

Note: Household income was reported in income brackets in the unit of ten thousand dollars in
the original data, and I uniformly draw a number from the household income bracket as household
actual annual income to make it a continuous measure in the model estimation.

Size of Purchase Incidences

The consumer panel shows that about 30% of purchase incidences involve multiple yogurt products

8Data on cost shifters are collected from https://fred.stlouisfed.org.
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which I define as the bundle option. I restrict the bundle composition to be 2 different products

in the estimation, given that less than 5% shopping trips involving more than 2 yogurt products.

Table 4 shows the distribution of purchase incidences of yogurt products from the consumer panel.

The reduced fat and nonfat Yoplait non-Greek, non-organic yogurt products are the most popular

bundle choice. I find that most co-purchases take place between reduced fat and fat free products

that are the same otherwise. For major brands like Yoplait and Chobani, consumers tend to buy

fat-free and reduced-fat yogurt together more often than fat-free yogurt of the same brand only.

Table 4: Distribution of Top Bundle Options

Yogurt Incidence Frequency Percent Cum. Pct.

Yoplait-NG-NO-RF 10,334 17.46% 17.46%
Dannon-NG-NO-FF 10,231 17.28% 34.74%
Dannon-NG-NO-RF 5,805 9.81% 44.54%
Yoplait-NG-NO-FF&RF 5,105 8.62% 53.16%
Chobani-G-NO-RF 3,944 6.66% 59.83%
Yoplait-NG-NO-FF 2,527 4.27% 64.09%
Private1-NG-NO-FF 2,111 3.57% 67.66%
Breyers-NG-NO-RF 1,851 3.13% 70.79%
Chobani-G-NO-FF&RF 1,688 2.85% 73.64%
Stonyfield-NG-O-FF 1,520 2.57% 76.21%
Private1-NG-NO-RF 1,459 2.46% 78.67%
Stonyfield-NG-O-RF 1,197 2.02% 80.69%
Dannon-NG-NO-FF&RF 1,175 1.98% 82.68%

Total 59,203 100% 100%

Note: I rank the purchase options based on the frequency from the consumer panel. I include options
with more than 1,000 trips. For example, incidence “Yoplait NG-NO-FF&RF” means the bundle
of Yoplait non-Greek non-organic fat-free yogurt and Yoplait non-Greek non-organic reduced-fat
yogurt.

I also find a positive correlation between the family size and the tendency to purchase the

bundling option in Table 5. It is intuitive that the diversity in yogurt products in household shop-

ping basket can satisfy the different preferences across family members. More household members

often imply a stronger preference for the variety in yogurt consumption at the household level.

Hence, I consider the family size as an important demographic factor in determining the comple-

mentarity level in bundles.
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Table 5: Bundle Size and Demographics

Household average multiple purchase percent

Family size 0.029***
(0.005)

Household income -0.001
(0.002)

(Intercept) 1.217***
(0.015)

Number Obs. 2,519
R2 0.015

Note: This table reports the OLS regression results. The outcome variable is the average share
of trips with multiple yogurt purchases for each household. Two regressors are household size and
annual income. * p < 0.05, ** p < 0.01, *** p < 0.001.

Inertia and Product Switch

Although the consumer panel does not ask for what household considered before the purchase, my

empirical specification for the consideration stage models the default consideration set to be last-

purchased yogurt products plus the outside option. I refer the status of choosing from the default

consideration as inertia. A substantial level of inertia would imply some degree of persistence in

individual purchase history. I choose households with at least 2 shopping records in the consumer

panel and find that around 60% of yogurt product choices come from household last-time purchases,

and choices in nearly 40% of yogurt purchase incidences belong to the default set of their last

purchased ones. The persistence in yogurt choices supports the general pattern found in Keane

(2015) where the author finds substantial persistence in brand choice of consumer package goods9

from most consumer panel data.

I also find in Table 6 that consumers are more likely to switch to a yogurt product different

from last purchases when advertising, promotion, and price discount are active. In my empirical

specification, I add product’s advertising level into the product-market average utility.10

9Other factors like state dependence and individual preference heterogeneity can also contribute to the
individual persistence, but those go beyond the scope of my current model.

10Admittedly, advertising can also affect the consideration formation. I leave for future research the esti-
mation of a hybrid consideration model with bundle, allowing advertising in both utility and consideration.
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Table 6: Linear Probability Model on Product Switch

Whether current choice differs from last purchase

Advertising 0.024*
(0.012)

Display 0.167***
(0.020)

Discount 0.059***
(0.011)

First week 0.523*
(0.203)

Number Obs. 72,082

Note: The table reports the regression result of the linear probability model. The sample includes all
yogurt products households purchase after their first yogurt shopping trips in the consumer panel.
The outcome variable is binary and equals 1 if the product is the same as the last purchase, and 0
otherwise. First Week indicates whether the product was launched in the store that particular week.
* p < 0.05, ** p < 0.01, *** p < 0.001.

Representativeness of the Consumer Panel

According to the summary statistics of the consumer panel, the sample size of consumers with

yogurt purchases varies across markets. On average, the yogurt purchases in the consumer panel

represent about 6% store sales by total weighted volume. Since the consumer panel is crucial for

identifying and estimating the demand synergy in bundle and the degree of inertia, markets with

fewer purchase incidences are more prone to sampling errors. Therefore, I choose markets with

enough consumers in the model estimation. The consumer sample needs to be also representative

of the whole population in terms of the distribution of income and household size to ensure that

there is no selection bias in panel participation based on demographics. Otherwise, the estimation

for nonlinear parameters on demographics would be biased.

4 Estimation

I first specify the empirical model as a special case in the general setup. Then the estimation

strategy adapted from Grieco et al. (2022) is introduced. Next I show the estimation results

comparing my model with the multinomial logit model and the standard BLP model. In the post

estimation analysis, I decompose the diversion ratios into substitution and complementarity effects.

For products that are often bundled, the complementarity dominates the substitution, reversing
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the signs of their diversion ratios.

4.1 Empirical Specification

In the empirical application to yogurt, I model the consideration stage as the default specific

consideration11, assuming that the consumer’s default consideration set in each market consists of

the outside option and all yogurts from his/her last purchases that are currently available at the

current grocery store

Pr(CSit) = µ01(CSit = C0it) + (1− µ0)1(CSit = J t)

Hence, the consideration set has a probability µ0 for the default consideration set and a (1-µ0)

probability for the full feasible choice set. I simplify the consideration set as the full feasible choice

set in the case of no yogurt purchase history. Such cases occur in 3% of yogurt purchases incidences

and should not significantly affect the estimation.

Regarding the utility specification, first, the average utility δjt of the single yogurt product j

in market t, is a linear function of price, the level of advertising, the relative variety of flavors, the

product j’s fixed effect and unobserved market-specific demand shock ξjt, namely

δjt = −αPricejt + β1Advertisingjt + β2Flavorjt + FEj + ξjt

Then I introduce household heterogeneity in price sensitivity as follows:

ηijt = (θ1νi + θ2Incomeit)× Pricejt.

Each household has a random taste shock νi on price, and price sensitivity also depends on the

household income level. I expect a positive sign on θ2 since consumers with a higher income are

probably less price sensitive.

As for demand synergy, I model it as a linear function with a constant term κ0 for the extra

utility of buying a bundle of two products and a household-specific term depending on the family

11Estimating the hybrid consideration model implies more computational burden due to the simulation
of consideration set.
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size. A positive κ1 is expected, in line with the positive correlation between household size and the

number of yogurt products in each shopping trip displayed in Table 5. This gives

uibt =
∑
j∈b

(δjt + ηijt) + κ0 + κ1sizei︸ ︷︷ ︸
synergy

.

I confine the feasible set of all bundle options to the collection of all observed bundles with at least

total 100 occurrences in the consumer panel. It leaves me 26 possible bundling options from 22

yogurt products. For shopping trips with more than 2 yogurt products, I randomly select two from

all purchased products as the chosen bundle option.12

4.2 Estimation Strategy

Standard BLP estimator with available consumer level data often imposes market shares constraints

in estimation. A new estimation procedure recently proposed by Grieco et al. (2022) relaxes market

shares constraints and allows for sampling errors in observed market shares from the data. It turns

out to be a more efficient estimator than previous estimator which imposes share constraints such

like micro moments (Petrin, 2002; Berry et al., 2004) and the two-stage estimator (P. K. Chinta-

gunta & Dube, 2005; P. Chintagunta, Dubé, & Goh, 2005; Goeree, 2008). The intuition for the

efficiency improvement is that the first-order conditions for their objective function are equivalent

to some underlying GMM objective with an efficient weighting matrix. In contrast, the share con-

straints impose infinite weights on some parts of first order conditions, which leads to an efficiency

loss. The estimator can also achieve optimal convergence rates in different asymptotic settings

regarding the number of consumer sample size in micro data, the market size in macro data and

the number of products in moment conditions.

I extend their estimation approach to allow for the consideration stage before utility-maximizing

decision and the weighted sum of bundle market share to (marginal) product market shares to match

the store sale data. The objective function combines the mixed loglikelihood from the consumer

panel and retail sale data, and generalized methods of moments. I denote the linear parameters in

12However, I do allow more than 2 products in the default consideration set in which case the household
bought more than 2 yogurt products last time.
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average utility δ as β, and the rest model primitives as θ. We have

(β̂, θ̂, δ̂) = argminβ,θ,δ − logL(θ, δ) + Π(β, δ) (12)

The mixed loglikelihood follows:

logL(θ, δ) =

T∑
t=1

J2t∑
b=0

It∑
i=1

Dityibt log sibt(θ, δ)︸ ︷︷ ︸
micro loglikelihood

+
T∑
t=1

Jt∑
j=0

(
Its̃j·t −

It∑
i=1

Dityibt1(j ∈ b)

)
log sj·t(θ, δ)︸ ︷︷ ︸

macro loglikelihood

,

where Dit is a binary variable on whether individual i in the panel sample, yibt - whether i chooses

option b, and
(
Its̃j·t −

∑It
i=1Dityibt1(j ∈ b)

)
- j’s total purchase incidences excluding those in

consumer panel. Excluding consumer sample in macro likelihood ensures that purchase decisions

from the consumer sample are not double counted in the loglikelihood.

The GMM part objective function is based on standard moment conditions from instruments

specified as follows:

Π(β, δ)=
1

2
m′(β, δ)Wm(β, δ),

m(β, δ)=
T∑
t=1

Jt∑
j=1

zjt(δjt − (β′xjt − αpjt + FEj)),

where W is the scaled efficient weighting matrix such that JW converges to the inverse of the

variance of moments: V(zjtξjt), where J =
∑

t Jt is the total number of products across all markets.

4.3 Estimation Results

First, I report the point estimates for parameters of interest in Table 7. I compare the results of

the multinomial logit regression, the standard BLP model with random coefficients and income

effect on price sensitivity, as well as the above empirical model that features the default specific

consideration and bundle options. The first two models are estimated from the “pyblp” python

package introduced in Conlon and Gortmaker (2020) where the standard BLP results are obtained

with optimal instruments. I estimate my model using the Mathematical Program with Equilibrium
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Constraint (MPEC) techniques in the optimization (Dubé, Fox, & Su, 2012) of the objective func-

tion Eq (12). The estimation requires a richer data structure as the model becomes more complex.

Only market shares and product characteristics are needed in simple logit model, while the income

distribution is necessary for income effect on price sensitivity. Estimating the demand synergy in

bundle and the degree of default consideration does rely on a consumer panel for observed bundle

purchases and consumer’s shopping history. As I mentioned previously in Section 4.2, I subsample

markets with at least 100 yogurt purchase records in the consumer panel to estimate my model,

which finally leaves 286 markets.13 The standard errors for my estimates are derived from the

inverse of the numerical Hessian matrix of the objective function in Eq (12) in Grieco et al. (2022).

I also report estimation results with the full sample of 492 markets using the simple logit and

standard BLP model in Table A1 in the Appendix. The estimation results of simple logit and stan-

dard BLP do not change much between the subsample and the full sample, therefore the selected

subsample of 286 markets could be considered as representative.

I find a large and significant demand synergy within bundles, and such bundling effect increases

with household size. Households on average have 80% chance to choose from their default consid-

eration set, which suggests the important role of past shopping history on the current decision. In

addition, nonlinear parameters on price are negligible, implying little heterogeneity in price sensi-

tivity across households. I also find that advertising effect, albeit statistically significant, diminishes

in the presence of the default consideration set and the bundle option.

4.4 Price Effects

I focus on measuring the diversion ratios to analyze price effect in the post estimation. As pointed

out by Pittman (2018), two common economic tools in evaluating the competition effect in hori-

zontal merger and acquisition are critical loss analysis and upward pricing pressure, and both tools

requires precise calculation of consumers’ diversion ratios between products offered by relevant

companies. The diversion ratio with respect to price reflects the proportion of consumers substi-

tute product j with product j’ when product j’s price increases by a small amount, and is defined

as follows in the standard discrete choice model:

13I also exclude markets with obvious measurement errors, for example, markets where product sales in
retail data are less than the total volume from the consumer panel.
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Table 7: Estimation Results of Parameters

Logit Standard BLP Bundle + Defaults

Price −α -0.745*** -1.127*** -1.261***
(0.0443) (0.0714) (0.0011)

Flavor β1 0.761*** 0.779*** 0.419***
(0.0393) (0.0339) (0.0019)

Feature β2 0.503*** 0.479*** 0.0783**
(0.0458) (0.0465) (0.0269)

Random coefficient θ1 0 0
0 0

Income on price θ2 0.0957*** 0.0091***
(0.0079) (1.16e-05)

Ave. synergy κ0 7.515***
(0.619)

Family size on synergy κ1 0.0744***
(0.00171)

Inertia µ0 0.794***
(3.98e-05)

Number of markets 286 286 286
Data market market + income consumer + market

Note: The table reports the estimation of parameters in interest across three demand models: multi-
nomial logit with only market share data, BLP with market share and income distribution data, and
my model with consumer panel and market share data. Product fixed effects are estimated but not
reported. Price endogeneity is accounted for in all three models. The first two columns are esti-
mated by the “PyBLP” python package introduced in Conlon and Gortmaker (2020). The standard
BLP result uses the optimal instrument option in the package. Standard errors in the last column
reported are derived from the diagonal entries of the inverse of Hessian of the objective function in
Eq.(10). Random coefficient θ1 reaches the lower bound of 0. Hence no standard error is reported.
* p < 0.05, ** p < 0.01, *** p < 0.001.

26



Dj′j = −
∂sj′

∂pj

/
∂sj
∂pj

, j = 0, . . . , J. (13)

A higher diversion ratio between two products indicates a tougher price competition, and the

calculation of diversion ratios has been important for antitrust analysis in horizontal merger. A

more thorough and detailed discussion on diversion ratios can be found in Conlon and Mortimer

(2021). In my model, when bundling options are allowed, I replace the market share of product j,

sj , with the marginal product level market share of j, sj·.

I consider the effect of a small amount of price change in the best-selling yogurt, Yoplait

non-Greek, non-organic, reduced-fat yogurt (Yoplait NG-NO-RF) on following three other popular

yogurt products:

(i) Yoplait non-Greek non-organic fat-free yogurt (Yoplait NG-NO-FF)

(ii) Dannon non-Greek non-organic reduced-fat yogurt (Dannon NG-NO-RF)

(iii) Chobani Greek non-organic reduced-fat yogurt (Chobani G-NO-RF)

These three products are ranked in a descending order of chances of buying together with Yoplait

NG-NO-RF in the consumer panel. The number of incidences of Yoplait NG-NO-RF and Yoplait

NG-NO-FF bundle is highest among all bundle alternatives, and even exceeds the number of shop-

ping trips with Yoplait NG-NO-FF alone. Yoplait NG-NO-RF and Dannon NG-NO-RF are some-

times purchased together, while the frequency of the Yoplait NG-NO-RF and Chobani G-NO-RF

bundle is negligible so that I exclude it from the choice set of bundle options.

Table 8 reports the median(at the top) and mean(at the bottom) of diversion ratios of three

products under different models across 286 markets in the subsample. The large demand synergy

reverses the sign of price effects when two products are likely to be bundled, and I also find a

larger magnitude of the diversion ratios in my model than the multinomial logit and the random

coefficient model.14

The bundle option enables me to decompose the diversion ratios of marginal product shares

into the substitution and complementarity of the price effect as follows:

14I calculate the corresponding cross-price elasticities in Appendix Table A2. The pattern of cross-price
elasticities remains the same with the trend of diversion ratios.

27



Table 8: Diversion Ratios by Models and Products

Diversion Ratios

Yoplait NG-NO-FF Dannon NG-NO-RF Chobani G-NO-RF

Logit 0.0102 0.0143 0.0031
0.0132 0.0161 0.0036

Standard BLP 0.0111 0.0152 0.0032
0.0137 0.017 0.0037

Bundle + Defaults -0.103 -0.0856 0.015
-0.13 -0.0898 0.0169

Note: This table reports the median (top) and mean (bottom) diversion ratios from Yoplait NG-
NO-RF to three products: Yoplait NG-NO-FF, Dannon NG-NO-RF, and Chobani G-NO-RF in
286 markets across three models in Table 7. I report the standard diversion ratios in Eq(11) for the
first two models in the upper panel and marginal diversion ratios with product-level market shares
for my model in the lower panel.

−
∂sj′·/∂pj
∂sj·/∂pj

= −
∑

b′∈P(j′)\P(j) ∂sb′/∂pj′∑
b∈P(j) ∂sb/∂pj︸ ︷︷ ︸

Substitution

−
∂s(j,j′)/∂pj∑
b∈P(j) ∂sb/∂pj︸ ︷︷ ︸

Complementarity

. (14)

The substitution part represents the fraction of consumers who switch from any option in-

cluding product j to any option including product j′ but not the bundle of j and j′, while the

complementarity part represents the fraction of consumers who leave the bundle of j and j′ as

product j’s price increases. With considerable demand synergy in bundle, one would expect a large

bundle market share of product j and j′. Therefore, complementarity dominates substitution when

evaluating the diversion ratios in the product level.

Figure 1 displays the distribution of complementary and substitution effects against the ob-

served share of Yoplait NG-NO-FF and Yoplait NG-NO-RF bundle among all Yoplait NG-NO-RF

incidences across the sample markets.15 I also find that in markets with relative more bundle

purchases, the magnitudes of both effects increase.

As for Dannon NG-NO-RF, the level of complementarity still outweighs the substitution effect,

15The cluster around zero y-axis reflects markets that have no observed bundle purchases. Nonetheless,
my model can still predict price effects in those markets.
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Figure 1: Decompose diversion from Yoplait NG-NO-RF to Yoplait NG-NO-FF

Note: This figure shows the decomposition in Eq (14) for the diversion ratio from product j Yoplait
NG-NO-RF to product j′ Yoplait NG-NO-FF in each of 286 markets. The blue dot denotes
the complementarity effect, and the red dot denotes the substitution effect. The x-axis measures the
percentage of purchase incidences of the bundle out of total Yoplait NG-NO-RF purchase incidences
in each market. I scale the y-axis by base ten logarithm.
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to a less degree though, as shown in Figure 2. Figure 2 also indicates that the substitution effects

between Dannon NG-NO-RF and Yoplait NG-NO-RF are greater than that between Yoplait NG-

NO-FF and Yoplait NG-NO-RF. It is in line with the intuition that many consumers have strong

preference for reduced-fat yogurt, so they are more likely to switch to the reduced-fat of another

brand, rather than to a yogurt product with different fat content from the same brand. In the case

of Chobani G-NO-RF, only substitution effect exists due to the exclusion of its bundling option

with Yoplait NG-NO-RF.

Figure 2: Decompose diversion from Yoplait NG-NO-RF to Dannon NG-NO-RF

Note: This figure shows the decomposition in Eq (14) for the diversion ratio from product j Yoplait
NG-NO-RF to product j′ Dannon NG-NO-RF in each of 286 markets. The blue dot denotes
the complementarity effect, and the red dot denotes the substitution effect. The x-axis measures the
percentage of purchase incidences of the bundle out of total Yoplait NG-NO-RF purchase incidences
in each market. I scale the y-axis by base ten logarithm.

5 Conclusion

This paper develops a new discrete choice model for differentiated products that combines the

bundle option and the limited consideration set. The motivation for this new model is to relax (i)

the single discrete option to choose, and (ii) the full consideration of all feasible alternatives in the
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standard discrete choice models. My model allows both demand synergy in consumers’ utility when

choosing multiple products as a bundle and a consideration formation process before the decision.

I discuss the identification of my model under different conditions of data availability and model

restrictions. I extend the identification result of Abaluck and Adams-Prassl (2021) by showing

the identification of the consideration process with product-level data only and in the absence of

two-way exclusion restrictions.

I apply my model to estimate consumer demand for yogurt, using both store sales and consumer

panel data. I adapt a novel estimation procedure that makes full use of both micro and macro data

for a more efficient estimator. The estimation results suggest a considerable demand synergy within

bundle options and a substantial effect of previous yogurt purchases on the consideration set. Taking

both features into account profoundly reshapes the micro foundation for price competition analysis.

For products often bundled, the complementarity driven by a large demand synergy dominates the

substitution effect when the price of one product changes. It leads to the opposite sign of diversion

ratios, compared to the estimation result from the standard discrete choice model that rules out

the complementarity. My results emphasize the critical role of consumer-level data in demand

estimation, and a better understanding of consumer behavior is always crucial for market-level

analysis.

There are several directions for future research. First, some open questions remain regarding

the identification of my current model under weaker data requirements or model restrictions. Does

the two-way exclusion restriction help identify the demand synergy in the bundle option when the

researcher can only observe product-level market shares? Even with data on individual choices

or bundle shares, what identification result can be achieved if the consideration stage is not fully

parameterized? Second, one needs to overcome computational challenges to estimating the hybrid

model of consideration formation model. Optimizing over all parameters of interest, along with the

mean utility of every product-market pair in one step, can be further complicated by the simulation

procedure of individual latent consideration sets. Finally, it is necessary to complete the current

framework with a supply-side model to study firms’ pricing and advertising strategies. I hope my

model can serve as the first step to answer important counterfactual questions in empirical settings

featuring multi-product demand and limited consideration.
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APPENDIX

A Appendix Tables and Figures

Table A1: Estimation of Parameters with all Markets

Logit Standard BLP

Price −α -0.79*** -1.2***
(0.062) (0.043)

Flavor β1 0.67*** 0.75***
(0.046) (0.028)

Feature β2 0.38*** 0.43***
(0.064) (0.042)

Random coefficient θ1 0

Income on price θ2 0.09*
(0.0037)

Num. of markets 492 492

Note: This table reports the estimation results of multinomial logit and standard BLP. I follow the
same estimation procedure as Table 7 with the full 492 markets. * p < 0.05, ** p < 0.01, *** p <
0.001.
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Table A2: Cross-price Elasticities across Models and Products

Elasticities

Yoplait NG-NO-FF Dannon NG-NO-RF Chobani G-NO-RF

Logit 0.0481 0.0481 0.0448
0.0499 0.0499 0.0458

Standard BLP 0.055 0.054 0.0494
0.0577 0.0572 0.0517

Bundle + Defaults -0.692 -0.434 0.187
-0.712 -0.464 0.191

Note: This table reports the median(top) and mean(bottom) cross-price elasticities from the price
change of Yoplait NG-NO-RF to the market share of three products: Yoplait NG-NO-FF, Dannon
NG-NO-RF and Chobani G-NO-RF in 286 markets across three models in Table 7. I report the
standard cross-price elasticities for first two models in the upper region, and cross-price elasticities
at the product level market shares for my model in the lower region.
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