
Utility and Attention - a structural

model of consideration

by

Keyvan Dehmamy and Thomas Otter

May 5, 2014

Goethe University, Frankfurt am Main



Abstract

Models of consumer decision making often condition on attention to the dif-

ferent offers or alternatives to choose from. However, in many environments

offers not only compete through their utility but also for the attention of

decision makers. In this case, it is important to distinguish between atten-

tion and utility - it makes a difference whether an offering is overlooked, or

rejected conditional on awareness - for optimal marketing control and em-

pirical measures of competition. We show how quantity choices, in contrast

to multinomial choices, facilitate the empirical distinction between attention

and utility. In our illustrative application we analyze choices from simu-

lated store shelves. We find that the number of facings of a brand on the

shelf influence attention but not utility from the brand. We then formulate

a parametric model that identifies attention based considerations sets. We

find overwhelming support for this model compared to a model that ignores

attention and motivates choices from utility only.1

Keywords: Discrete-continuous demand, consideration-sets, awareness,

data augmentation, hierarchical Bayes

1We are grateful for the comments from seminar participants at the 2012 Market-
ing Science Conference, the 2012 ART Forum, University of Zurich, Erasmus University
Rotterdam, and the Winter Marketing Economics Summit 2014. We are indebted to the
Modellersr for providing us with the data. E-mail addresses: otter@wiwi.uni-frankfurt.de,
dehmamy@wiwi.uni-frankfurt.de.



1 Introduction

Marketing theory and practice is concerned with drawing attention to of-

fers that are expected to be evaluated favorably by consumers. Marketing

activities both influence the amount of attention for an offer as well as the

value of the offer experienced by consumers. Attention (to an offering) by a

consumer can be viewed as a requirement for the consumer to perceive value

in it, i.e., it is possible that a consumer passes by an offering of high value

because of a lack of attention. In contrast, marketers might invest in costly

but effective measures to create attention for an offer, and the offering can

still be rejected by many consumers because of a lack of perceived value.

Models of consumer decision making often condition on attention to the

different offers or alternatives to choose from, or implicitly equate utility and

attention when they include variables that control attention as arguments to

the utility function. The assumption that consumers are aware of all alter-

natives in a particular choice situation often is questionable, and especially

in environments where offers compete for the attention of decision makers,

e.g., on a supermarket shelf.

Including likely causes of attention, for example the number of facings

of a brand on the shelf, as arguments in the utility function is hamstrung

by two difficulties: First, the interplay between utility and attention at the
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source of consumers’ actions is highly non-linear and discontinuous. Without

attention, variables that control (indirect) utility such as e.g., price have no

effect. Second, the absence or presence of attention is only a probabilistic

function of variables that control attention, at least over some range of these

variables. Neither aspect is handled well by standard utility functions.2

However, the distinction between attention and utility based on con-

sumers’ choices is difficult. Unlike asking a consumer about whether he

is aware of a particular offer and how much he values the offer, consumers’

choices only reveal the combination of awareness and a positive valuation

when a product is chosen, and the lack of awareness or the lack of a suffi-

ciently positive valuation when a product is not chosen. Therefore, empirical

identification of utility and attention requires prior assumptions about func-

tional forms, e.g., exclusion restrictions that state which observed covariates

drive utility and which drive attention (and not utility).3 Similarly, the dis-

tinction between a consideration stage and utility maximization conditional

2It is certainly mathematically possible to conceive of the absence of attention as an
extreme utility shock, the distribution of which is controlled by variables that facilitate
attention. However, the implication is that there are causes to utility that only determine
if a purchase could potentially occur, with no bearing on how much someone values a
specific offer, which in turn implies that there are states of the world where a utility
maximizing consumer is indifferent between exactly identical offers at different prices.

3Technically, a model for attention and utility fit to multinomial choice data is a model
of selection based on attention where the outcomes ‘failed the attention stage’ and ‘failed
because of insufficient utility, conditional on attention’ cannot be distinguished from the
data. As a consequence, and in contrast to situations where the selection outcome is
observed independently, identification requires functional form assumptions even before
considering unobserved dependence between attention and utility.
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on consideration based on multinomial choice observations requires functional

form assumptions that define and thus identify ‘consideration’ and ‘utility’

a priori (e.g., Terui et al., 2011; Sovinsky Goeree, 2008; van Nierop et al.,

2010; Bronnenberg and Vanhonacker, 1996).

Draganska and Klapper (2011) show how additional data on the distribu-

tion of consideration sets can be used to improve inference about the utility

function when the full information assumption is not met. We contribute by

demonstrating how observations of choice and quantity, i.e., quantity choices

help jointly identify standard utility maximization and a preceding selection

process which determines the set of alternatives utility is maximized over.

We show that under the assumptions that i) all consumers are ‘in the mar-

ket’ (Fennell et al., 2003) and that ii) they determine what and how much to

choose by maximizing (constrained) utility, the information about a selection

step preceding utility maximization afforded by quantity choices approaches

the information content in the combination of multinomial choices with inde-

pendent observations of the selection outcomes. We believe that this result is

useful because independent data on selections that precede conditional utility

maximization are not generally available.4

4Technically, the assumption that someone is in the market defined by a particular
product category implies that all consumers under consideration are responsive to price,
conditional on the selection that may precede utility maximization. We thus rule out
utility functions accommodating variables that only determine the possibility of choosing
a positive quantity at all, such as e.g., dog ownership in the context of demand for dog
food, and variation in such variables (see also Footnote 2). We thank Emir Kamenica for
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In our illustrative application, we find strong empirical evidence for a

selection step that precedes conditional utility maximization in a conjoint

experiment designed to measure how shelf space allocation influences de-

mand. We find that the number of shelf facings occupied by a brand on

the shelf increases the probability for the brand to enter conditional utility

maximization, but does not contribute to the brand’s utility. Given this re-

sult and the nature of the variable controlling the selection process, i.e., the

number of facings, we conclude that attention is at the source of the selection

process.

The remainder of the paper is organized as follows: We first develop

how quantity choices are informative about selections that precede utility

maximization and utility functions. Next, we present our data and use our

arguments to identify the presence of an attention based selection step that

precedes utility maximization, before committing to a particular model. We

then extend an existing model of conditional utility maximization by a model

of attention and document strong empirical support for this extension. The

Appendix summarizes computational details.

pointing this out to us (Marketing Economics Research Summit, 02-01-2014).
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2 Information In Quantity Choices

2.1 Multinomial Choice

It will be useful to first briefly restate how the combination of multino-

mial choices with independent observations of selections, which determine

which brands enter utility maximization, helps with the identification of ba-

sic model features. In the absence of correlated unobservables, the compari-

son between the set of regressors that predict the selection outcome and that

predicting the multinomial choice outcome conditional on selection, identi-

fies variables that exclusively drive the selection or the utility motivating

multinomial choice, given selection. Alternatively, if theory points to at least

one variable that exclusively drives the selection process, the combination

of multinomial choices with independent observations of selections identi-

fies conditional dependence between the selection decisions and multinomial

choice, given selections (e.g., Wachtel and Otter, 2013).

However, when only the final multinomial outcomes are observed, the

identification of a selection step that precedes utility maximization requires

functional form assumptions, even if conditional independence between the

selection and utility is assumed. Moreover, the degree of potential condi-

tional dependence between the selection preceding utility maximization and

utility is fundamentally unidentified in this case. Even exclusion restrictions
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are insufficient to jointly identify the selection equation and conditional de-

pendence between the selection equation and utility. The function relating

the excluded variable to the unobserved selection outcome can always be

adjusted to accommodate the ‘indirect’ effect on utility through conditional

dependence between the selection equation and the utility function. Next

we show how quantity choices usefully improve on the (lack of) information

present when only final multinomial outcomes are observed, approaching the

information contained in the combination of independent observations of se-

lection outcomes and conditional multinomial choice.

2.2 Quantity Choices - One Inside Good

We first discuss the stylized example of one brand, i.e., the inside good, and

an outside good. For illustrative purposes, and in line with our empirical

results, we refer to the selection that determines if a brand enters utility

maximization as selection based on attention throughout.

The consumer always considers the outside good but does not necessarily

pay attention to the brand available for purchase. The dotted line in Figure

1 depicts this consumer’s unobservable price demand curve conditional on

attention to the brand.5 The dashed line underneath is the observable price-

5The functional forms implied by the examples in Figure 1 are without loss of generality
and immaterial to our argument.
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Figure 1: Demand curves under full and limited attention

demand curve that is marginal with respect to attention. For example, if the

probability of paying attention to the brand is constant and equal to 0.5, the

observable marginal demand is half of the unobservable conditional demand

for every price. Finally, the solid line above is the (directly observable) price-

demand curve, conditional on positive observed demand. It is constructed

by omitting all observations with zero demand and therefore conditions on

attention and sufficiently positive utility.6

Conditioning on realized positive demand implicitly selects observations

based on relatively more positive realizations of stochastic arguments to con-

6Observed positive demand is impossible without attention to the brand. However,
zero demand can occur if the brand’s indirect utility is sufficiently low, even conditional
on attention.
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Figure 2: Demand as a function of increasing attention probabilities

ditional utility maximization. Because of this selection, the distance between

a point on the solid line and the corresponding point on the unobserved con-

ditional price-demand curve (the dotted line in Figure 1) is decreasing in the

indirect utility of the brand.

In Figure 1 price influences both marginal demand (the dashed line) and

quantity demand conditional on observing positive quantities, i.e., strictly

positive demand (the solid line). In Figure 2 we changed the x-axis from

price to a variable that only drives attention. The solid line in Figure 2 is

again constructed by omitting all observations with zero demand, and the

dashed line is the marginal demand curve. As the probability of attending

to the brand increases, marginal demand increases. However, conditional on
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positive demand, i.e., conditional on knowing that the brand was attended

to, the quantity demanded is constant and therefore independent of variables

that only control attention.

An implicit assumption here is that unobserved, stochastic aspects of at-

tention are orthogonal to utility. If this is not the case, the selection based on

positive errors in the attention process, inherent to conditioning on positive

quantities when observable covariates to attention are unfavorable, trans-

lates into selection based on utility errors which change expected positive

quantities, even if observed covariates only drive attention.

However, under the assumption of conditional independence between util-

ity and attention, finding an association between a variable and the collection

of strictly positive demand observations implies that this variable is an ar-

gument to utility maximization. Conversely, finding independence between

a variable and the collection of strictly positive realizations of demand im-

plies that this variable should be excluded from the utility function. If the

same variable is associated with marginal changes in demand, it defines an

unobserved selection process that precedes utility maximization, i.e., it only

determines if a brand enters utility maximization at all with no bearing on

how much the brand is valued.

Alternatively, if theory points to at least one variable to be excluded from

the utility function that is associated with changes in marginal demand, i.e.,
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with the probability of paying attention and thus observing non-zero demand

only, quantity choices facilitate the identification of unobserved dependence

between attention and utility in analogy to the classic Heckman selection

model (Heckman, 1979).

However, different from the classic selection model, the selection outcome

is not fully independently observed in quantity choices. Observing zero de-

mand can be rationalized by low utility or a lack of attention. Therefore,

regressing the binomial outcomes ’zero demand’ versus ’non-zero demand’

on variables excluded from the utility function and other variables fails to

estimate the selection equation consistently, in general.7

The partial observability of attention - positive quantities are conditional

on attention - coupled with observable variance in positive quantities, how-

ever, enables the parametric identification of conditional dependence. The

intuition for the identification is that conditional dependence between at-

tention and utility gives rise to systematic, observable variation in strictly

positive quantities as a function of the probability of attention, given at-

tention and holding observed argument to the utility function constant. In

summary, the information in quantity choices about a selection step that

precedes utility maximization usefully improves on that in simple multino-

7The selection equation will be estimated consistently if attention and utility are con-
ditionally independent and the fluctuations between zero and positive quantities because
of unobserved utility shocks are orthogonal to observed covariates.

10



mial choices and approaches that in independent observation of the selection

outcome and a multinomial choice outcome.

2.3 Quantity Choices - Multiple Inside Goods

The case of multiple brands is more complicated because attention is a finite

resource such that drawing more attention to one brand usually comes at

the price of a higher chance of overlooking another brand. First, the physical

environment, e.g., a store shelf may be space constrained and allocating more

shelf-facings to one brand to facilitate attention to this brand, in the limit,

translates into dropping other brands from the shelf altogether. Second, hu-

man attention is of inherently limited capacity (Miller, 1956). Therefore, an

increase in attention to one brand brought about by an increase in a variable

that only influences attention may cause another brand to be overlooked, i.e,

excluded from conditional utility maximization.

The complication relative to the earlier example with only one brand and

an outside good arises because, when the set of brands attended to changes,

observed positive quantities may adjust. However, if one is willing to make

the standard assumption that utility from a brand at most depends on what

other brands are chosen, but not on what other brands were in the choice

set, quantity adjustments because of changes in the set of brands attended
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to can be identified from the data before committing to a model.8

Consider the case of two brands A and B competing in attention and

(indirect) utility for a consumer’s demand and an outside good the consumer

always pays attention to. If a particular covariate controls attention but not

utility, the function relating this covariate to strictly positive demand for

e.g., brand A will be flat except for discrete jumps occurring when observed

demand for brand B changes from positive to zero, or vice versa. Put dif-

ferently, any response in positive quantities demanded from brand A to a

covariate that influences attention only is fully mediated by the presence or

absence of positive demand for brand B.

If a particular covariate therefore is correlated with changes in demand

for brand A but, after controlling for the presence or absence of positive

demand for brand B, is orthogonal to strictly positive demand for brand

A, the analyst learns that this covariate can only influence attention and

8This assumption rules out all direct effects from attributes of other alternatives to the
utility of a focal alternative. However, it does not require independence between stochastic
utility components, or a specific distribution of random utility. If there were direct effects
from attributes of other alternatives to the utility of a focal alternative, the utility of and
therefore the optimal quantity from the focal alternative would depend on which of the
non-chosen alternatives the consumer paid attention to. In contrast, the distribution of
random utility does not depend on what alternatives a consumer pays attention to, even
if random utility is distributed dependently. For example, given realizations of stochastic
utility and observing a positive quantity for brand A and zero for brand B, the positive
quantity for brand A would not adjust if we deleted brand B from the choice set, i.e.,
conditioned on a lack of attention to brand B. The lack of adjustment from deleting brand
B is, conditional on error realizations, independent from utility or attention causing B to
be rejected in the first place. In general, unless paying attention to a brand changes the
budget or the (indirect) utility function, the specific reason, i.e., a lack of utility or of
attention, for choosing nothing from a particular brand is immaterial for observed positive
quantities that maximize utility conditional on attention (cf. Bronnenberg, 2013).
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that it has to be excluded from the utility function, of course subject to the

assumption of conditional independence between attention and utility.9

Conversely, all covariates found to shift positive quantities conditional

on a fixed set of brands receiving positive demand need to be included in

the (indirect) utility function, again subject to the assumption of conditional

independence between attention and utility. However, an influence of such

covariates on attention cannot be directly ascertained or ruled out.

3 Data

We illustrate our arguments using data from a commercial study designed to

measure demand effects of shelf-space allocation.10 Respondents saw virtual

store shelves on a computer screen featuring different varieties, i.e., ‘brands’

of packaged pre-cut and washed salads. The respondents’ task was to indicate

which brands they would choose and how many packs of each brand. All

study participants were in the market defined by the category of packaged

pre-cut and washed salads, as per their past purchase behavior. Respondents

were asked to imagine a typical shopping trip involving the intention to

purchase from this category and to choose as many brands and packs per

9Only the presence or absence of positive demand for B, not the actual quantity de-
manded from B needs to be controlled for. Therefore, the argument is independent of the
specific substitution relationships between brands in the demand system conditional on
attention, i.e., perfect substitution, weak complementarity, or strong complementarity.

10We thank the Modellersr for providing us with the data.

13



brand from a shelf as they would in a real purchase situation. Therefore,

respondents’ stated preferences for brands and quantities on a particular

shelf can be represented as a multivariate count vector.

Each respondent saw 16 different shelves in total. Respondents were

asked to treat each of the 16 shelves as offers faced in one of 16 independent

shopping trips, much like in a standard choice based conjoint experiment

(Louviere and Woodworth, 1983). Every shelf had 5 rows and 12 columns,

i.e., a total of 60 slots. The experiment featured 48 brands in total. The

average shelf carried 37 different brands. The minimum number of brands

presented on one shelf was 33 and the maximum 46.

All shelves presented to respondents were completely filled, i.e., did not

have empty slots, and multiple facings of brands compensated for differences

between the number of slots and the number of brands on a shelf. When

a brand occupied multiple slots on a shelf, these slots were adjacent and

horizontally aligned. The maximum number of slots allocated to one brand,

i.e., the maximum number of facings was four.

Different respondents saw different sets of shelves. Overall the experiment

comprised eight sets of 16 shelves each. Across the 8×16 choice-sets, variation

in the number of facings on the set {1, 2, 3, 4} is approximately orthogonal

to brands, χ2 = 25.75, df = 141. Approximate orthogonality also holds for

the relationship between the 60 shelf position and brands, χ2 = 375.57, df =
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2773. Brand prices and volumes per pack are fixed within brands. The causal

variables of interest are therefore a brands’ number of facings on a shelf and

its position. Overall 2300 consumers participated in this experiment. For

computational reasons, our results are based on a randomly selected subset of

700 respondents. On average, sample respondents chose 2.32 different brands

from a shelf with a standard deviation of 2.00. The average quantity, i.e.,

total number of packs chosen from a shelf is 3.08 with a standard deviation

of 3.14.

4 Reduced Form Analysis

In the context of our illustrative application, the management question is if

and how a brand’s position and number of facings, the ‘shelf-control vari-

ables’, influence demand for that brand. Under the primitive assumption

that respondents engage in constrained utility maximization conditional on

awareness when choosing from a shelf, a researcher trying to measure the

influence of these variables has a number of choices.

First, he could assume, preferably based on theory, that the shelf-control

variables only influence respondents’ attention to brands. Second, he could

assume away the relevance of attention processes in this experimental context

and postulate that respondents always attend to all brands presented. Under
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this assumption, the shelf-control variables need to be included as arguments

to the (indirect) utility function. Third, he could assume that the shelf-

control variables both influence attention to and the indirect utility from

brands.

Up to prior theoretical arguments these choices are subjective. Obviously,

the researcher could commit to (sets of) specific parametric models of atten-

tion and indirect utility, and use model comparisons to identify the causal

mechanism by which the shelf-control variables affect demand.11 We do not

intend to criticize this approach. However, we illustrate in the following how

the quantity choices we observe in our experimental data facilitate the direct

identification of basic model features.

We emphasize that the identification argument we illustrate here does

not hinge on the availability of experimental data, although approximate

orthogonality between brands and shelf-control variables certainly helps with

econometric identification and statistical efficiency.

Following the theoretical development presented in Section 2, we investi-

gate the shelf-control variables as potentially shifting demand marginal with

respect to attention, and as potentially shifting strictly positive demand.

Remember that strictly positive demand is conditional on attention to the

brands which exhibit positive demand, by definition.

11We present the results of one such approach in Section 7.
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Without loss of generality, we characterize demand marginal to attention

as the binary outcome of ‘not choosing a brand from a shelf given its presence

on the shelf’ versus ‘choosing any positive quantity of the same brand given

its presence on the shelf’. The switch from zero to positive demand for

a brand can be brought about by increasing attention to the brand or by

increasing its indirect utility given attention. Therefore the distribution of

these binary outcomes across brands on a shelf is marginal to attention.12

Variation in strictly positive demand, in contrast and up to the assumption

of conditional independence between attention and utility, directly points to

variation in indirect utility because it occurs conditional on attention.

To learn about the mechanism by which the shelf control variables shift

demand, if at all, we specify two regression equations. The first equation is

a probit model that relates the collection of binary outcomes: ’not choosing

a brand from a shelf given its presence on the shelf’ versus ’choosing any

positive quantity of the same brand given its presence on the shelf’, to brand

specific dummy variables, dummy variables for the number of facings of a

brand, and a flexible parametric function of brand position on the shelf. We

also include the number of different brands present on a shelf as control

variable.

12Under the implicit assumption that attention processes are relevant at all, i.e., that a
non-degenerate distribution of attention generated the data.
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Positions are coded as signed horizontal and vertical distances from the

shelf center. Deviations towards the right and upwards (towards the left and

downwards) from the center are coded as positive (negative). When a brand

occupied more than one slot on the shelf, i.e., was present with more than one

facing, one of the corresponding slots was randomly chosen as its position.

The second equation is a linear model that regresses variation in strictly

positive demand on the same set of covariates. We construct the dependent

variable for this regression by omitting all the ‘zero’ observations from the

probit regression and replacing the ‘ones’ with the actually observed positive

quantities.

Table 1 summarizes the coefficients for the shelf control variables and

Table 2 those for brand dummy variables. We use a flexible bi-variate sec-

ond order polynomial function to capture the joint influence of signed ver-

tical and horizontal distances from the center of the shelf with coefficients

θv, θh, θvh, θv2 , θh2 , θvh2 , and θv2h. The main effect of the number of facings

is captured by dummy coding with coefficients θ2, θ3, θ4, where ’one facing’

forms the base category. The coefficient θnB measures the effect of the num-

ber of brands on the shelf which is coded linearly.

The key result from Table 2 is that shelf control variables influence the

probability of choosing a positive quantity from a brand versus choosing

nothing, but do not influence positive quantities. Increasing the number of
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Table 1: Regressing choice (probit) and strictly positive quantities (linear
regression) on shelf characteristics. * denotes significance at the 10%, and
** at the 5% level.

Par Choice(Probit) Quantity(Linear)
θv

θh

θvh

θv2

θh2

θvh2

θv2h

θ2

θ3

θ4

θnB

-0.00092
(0.0091)

0.01884**
(0.0021)

0.00573**
(0.0018)

0.01954**
(0.0045)

0.00276**
(0.0005)

-0.00753**
(0.0009)

-0.00127**
(0.0004)

0.15118**
(0.0086)

0.23004**
(0.0128)

0.27030**
(0.0234)

0.01079**
(0.0011)

0.0025
(0.0109)
0.0028

(0.0025)
0.0016

(0.0021)
-0.0007
(0.0057)
0.0004

(0.0006)
-0.0008
(0.0012)
-0.0001
(0.0004)

0.015
(0.0105)
0.0240

(0.0157)
0.0290

(0.0262)
-0.0024*
(0.0013)
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Figure 3: Heat-map illustrating the position effect on the probit scale
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facings increases the probability of choosing a brand, however at decreasing

marginal returns to additional facings. The position also has an effect on the

probability of choosing a brand that we illustrate in the heat-map in Figure

4. When brands appear in the upper left or the lower right corner of the shelf,

they are more likely to be chosen (see Figure 4). Finally, the coefficients in

the last row of Table 1 indicate that a brand on a shelf which features a larger

number of brands is more likely to be chosen but at a smaller quantity.

In isolation, the positive effect of shelf-facings on brand choice could occur

even if responses were random. The position effect adds a habitual compo-

nent, notwithstanding potentially random choice given this habit. However,

distinct brand specific constants in the range of [−3.22(0.08),−1.60(0.06)]

in the probit model, and in the range of [1.14(0.07), 1.40(0.06)] in the linear

regression model for positive quantities imply that the representative con-

sumer cares about differences between brands in this exercise, both in terms

of choice probability and the optimal positive quantity given brand choice.

Finally, the inverse relationship between quantity per brand and the num-

ber of brands on the shelf suggests that respondents allocate a fixed budget

across fewer brands when there are fewer brands on the shelf which is strongly

consistent with the assumption that respondents actually maximize utility

when making their quantity choice decisions.

Given respondents’ utility maximizing behavior and assuming conditional
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independence between attention and utility, the influence of shelf-control

variables on choice probabilities and the lack thereof on positive quantities

implies that the indirect utility function excludes shelf-control variables. Up

to these assumptions, the shelf-control variables seem to contribute to de-

mand only through facilitating awareness of a brand on the shelf. And the

fact that we find two different, roughly independent variables that influence

marginal demand but not strictly positive demand provides limited empirical

support to assuming conditional independence between attention and utility

similar to an over-identification test based on multiple instrumental variables

(see Hausman, 1978).

The variation in brand specific constants in the probit model and in the

linear regression model for positive quantities (see Table 2) imply that per-

ceived differences between brands influence both demand marginal with re-

spect to attention and strictly positive demand, i.e., demand conditional on

attention. It follows that brand specific constants need to be included in the

utility function, again assuming conditional independence between attention

and utility. However, based on these results we cannot rule out the possibil-

ity that some brands are inherently better at attracting attention than other

brands, in addition to providing differential utility conditional on attention.

We leave this question for future research. Next we extend an existing model

of conditional utility maximization by a model of attention and compare
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between full and limited attention models.

5 Evidence From a Parametric Model

We augment the multiple discrete-continuous extreme value (MDCEV) model

introduced by Bhat (2005) by a model of attention to test our results in

the context of a specific, and we believe reasonable, parametric setting. The

MDCEV-model is based on a translated non-linear, additively separable util-

ity function (see also Kim et al., 2002). The model contains the the standard

single discrete-continuous model (e.g., Dubin and McFadden, 1984; Hane-

mann, 1984; Chiang, 1991; Chintagunta, 1993; Arora et al., 1998) and thus

the standard multinomial-logit model as special cases.

5.1 The Utility Model

The utility function for brand j consists of a baseline utility ψ(xj), where

xj are brand characteristics, a measure of (diminishing) marginal returns to

quantity qj, 0 < αj ≤ 1, and a translation parameter γj. By the assumption

of additive separability the total utility from a set of brands at quantities qj

is

U(q0, q1, . . . , qJ) =
∑
j

ψ(xj)(qj + γj)
αj (1)
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Diminishing marginal returns motivate the choice of more than one brand,

and positive parameters γj rationalize corner solutions in the sense that some

brands may not be chosen at all (see Kim et al., 2002).

We follow the standard approach to obtain a smooth likelihood function

based on Equation 1 and assume that the baseline utility is subject to iid

Type I extreme value error:

U(q0, . . . , qj) =
∑
j

exp(β′xj + εj)(qj + γj)
αj . (2)

Combining Equation 2 with the budget constraint I =
∑

j qjpj, where the

index j = 0 refers to the outside good with price normalized to one, yields

the Langrangian function:

L =
∑
j

exp(β′xj + εj)(qj + γj)
αj − λ

(∑
j

qjpj − I

)
(3)

Finally, the quantity choices that maximize budget constrained utility, {q∗j},

j = 0, . . . , J , satisfy the Kuhn-Tucker conditions

∂L
∂qj

(q∗1, . . . , q
∗
J) = 0, if q∗j > 0

∂L
∂qj

(q∗1, . . . , q
∗
J) < 0, if q∗j = 0
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which in the context of Equation 3 take the following form:

p−1j αj exp(β′xj + εj)(q
∗
j + γj)

(αj−1) = λ, if q∗j > 0 (4)

p−1j αj exp(β′xj + εj)(q
∗
j + γj)

(αj−1) < λ, if q∗j = 0. (5)

Utilities are measured relative to an outside good with index j = 0 that we

assume to be essential, i.e., γ0 is set to zero. Hence, λ = α0 exp(ε0)(q
∗
0)(α0−1).

Substituting this expression for λ in Equations 4 and 5 and taking logarithms,

the optimal quantities from (inside) brands j = 1, . . . , J can be expressed as

Vj + εj = V0 + ε0, if qj > 0

Vj + εj < V0 + ε0, if qj = 0 where

Vj = β′xj + lnαj + (αj − 1) ln(q∗j + γj)− log pj.

The expression is useful for generating data from the model, given param-

eters {β, γ, α}, draws of the error terms, and a budget I by solving for the

amount of money to be spent on the outside good such that the Kuhn-Tucker

conditions hold, and the budget is exhausted.

Bhat (2005) showed that the probability density of data generated from

this model can be expressed in closed form. Equation 6 is the probability

density of choosing the positive quantities q∗0, q
∗
1, . . . , q

∗
M from a subset of M
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brands among J brands in the choice set.13

P (q∗0, q
∗
1, . . . , q

∗
M , 0, . . . , 0) = (6)[

M∏
i=0

ci

][
M∑
i=0

1

ci

] ∏M
i=0 e

Vi(∑J
j=0 e

Vj

)M
M !.

where ci is defined as
(

1−αi

q∗i +γi

)
.

Because we do not observe the budgets or equivalently the amount of

money spent on the outside good in our data, we follow the standard approach

of setting the budget equal to a respondent’s maximal observed expenditure

throughout the repeated measurements14. Next we extend this model that

is conditional on attention to brands in the set {1, . . . , J} by a model of

attention that determines the size and the composition of the set entering

constrained utility maximization.

5.2 The Attention Model

We model attention to brands by a multivariate choice model. Specifi-

cally, we use the autologistic model (Besag, 1972, 1974) in Equation 7 to

express the full conditional probability of paying attention to, or consid-

13The incoherence between the assumption of strictly continuous, i.e., infinitely divisible
quantities and applications of the model to integer quantities is beyond the scope of this
paper (see Lee and Allenby, 2014)

14For the choice sets with the respective maximum observed expenditures, we set the
outside good consumption to 0.1, a relatively small value compared to the price of one
unit of the inside goods.
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ering brand j, P (yj = 1), given consideration of other brands in the set,

Y = (y1, y2, . . . , yJ)′. We only partially observe consideration sets Y =

(y1, y2, . . . , yJ)′ - we only know for sure that a brand was considered when we

observe a positive quantity - and address the problem of unobserved atten-

tion to brands that were not chosen using data augmentation (see Section 6

and Section 9.1 in the Appendix for details).15

P (yj = 1) =
exp(Cj + ΦjY )

1 + exp(Cj + ΦjY )
, for j = 1, . . . , J with (7)

Φj = (φj,1, φj,2, . . . , φj,j−1, 0, φj,j+1, . . . , φj,J)

The ’consideration index’ Cj in Equation 7 is a parametric function of covari-

ates that influence attention, i.e., brand j′s position and number of facings

in our example. The parameters in Φj account for inherently limited infor-

mation processing (Miller, 1956). A negative value φi,j implies that paying

attention to brand i inhibits attention to brand j. Because having paid at-

tention to brand j cannot cause itself, the corresponding elements are fixed

to zero, i.e., φj,j = 0 ∀j ∈ {1, . . . , J}.

For a parsimonious specification and the lack of more detailed theory, we

15The consideration probability of the outside good with index j = 0 is fixed at 1.
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impose the following equality constraints on the elements in Φj:

φi,j = φk,l = − exp(φ∗) ∀i, j, k, l ∈ {1, . . . , J |i 6= j and k 6= l}

such that inhibitory effects are identically symmetric across all brands in all

choice sets. Very large values φ∗ imply that attention is essentially limited

to one brand because of limited information processing capacity. Very small

values φ∗ imply that there are no capacity constraints.

Anticipating an eventually fully heterogeneous version of our model, we

choose the following, relative to those in Section 4 more parsimonious, func-

tional forms for the consideration index Cj. Brand j′s number of facings

denoted by ζj enter linearly and brand j′s position as a bi-variate first order

polynomial:

Cj = δ0 + δ1ζj + δ2vj + δ3hj + δ4vihi. (8)

Positions are again coded as signed horizontal. h, and vertical, v, distances

from the shelf center. Deviations towards the right and upwards (towards the

left and downwards) from the center are coded as positive (negative). When

a brand occupied more than one slot on the shelf, i.e., was present with

more than one facing, one of the corresponding slots was randomly chosen as

its position. The coefficient δ0 measures a baseline level of attention. Next
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we sketch Bayesian inference for a hierarchical, fully heterogeneous version

of our joint model of attention and constrained utility maximization. We

report the details in the Appendix.

6 Bayesian Estimation

Conditional on consideration sets, we use Metropolis-Hastings steps to draw

from the full conditional distributions of respondent n = 1, . . . , N specific

parameter vectors βn = (βn,1, . . . , βn,J) and αn = (αn,0, . . . , αn,J) defined, up

to a constant of proportionality, by the product of the likelihood in Equation

6 and the hierarchical priors for βn and αn.16

The hierarchical prior for βn is multivariate normal with standard weakly

informative subjective prior distributions (Rossi et al., 2005). That for αn is

non-standard, to simultaneously allow for flexibility across different brands

and efficient pooling of information across respondents. We found this prior

to improve on a log-normal prior in combination with a logit transformation

in situations where respondents are heterogeneous in αn,j.

We divide the unit interval into ten equally spaced intervals {(0, 0.1],

(0.1, 0.2], . . . , (0.9, 1]} and specify a subjective Dirichlet prior for the hier-

16Because the outside good forms the baseline for utility comparisons βn,0 is fundamen-
tally unidentified and fixed at zero. The translation parameter γ0 for the outside good is
fixed at zero, i.e., the outside good is treated as essential, and the remaining elements of
the parameter vector γn fixed at 1 for empirical identification (Kim et al., 2002, 2007)
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archical prior probabilities that an αn,j is from a particular interval, pα ∼

Dirichlet(1, . . . , 1). Given the interval, the prior for αn,j is uniform on the

interval. The subjective Dirichlet prior is updated for each brand separately,

resulting in brand specific hierarchical prior probabilities over the 10 intervals

a posteriori.

Again conditional on consideration sets, we use Metropolis-Hastings steps

to draw from the full conditional distributions of respondent specific param-

eters δn = (δn,0, δn,1, δn,2, δn,3, δn,4) and φ∗n in the attention model. We con-

struct the full conditional distribution, up to a constant of proportionality,

as the product of full conditional attention probabilities given in Equation 7

times the hierarchical prior density.17 We use a standard multivariate normal

hierarchical prior distribution with weakly informative subjective priors here

and allow for hierarchical prior dependence between parameters in the utility

function and those in the model of attention.

Finally, we augment the unobserved part of the consideration set. The full

conditional attention probabilities in Equation 7 fully characterize a proper

distribution of all consideration sets (Besag, 1972). Unfortunately, evaluating

17We note that this only results in a large sample consistent approximation to the
full conditional posterior, because the product of full conditional attention probabilities
in Equation 7 only defines a pseudo-likelihood (Besag, 1975). We leave exact Bayesian
inference for this (sub-)model to future research. However, because the marginal posterior
of parameter sets {δn} and {φ∗n} is marginal with respect to unobserved attention to (large
sets of) brands that were not chosen, we believe that ‘overconfidence’ from inference based
on the pseudo-likelihood is negligible in our application.

31



this distribution for a particular consideration set is beyond reach for choice

sets of the size encountered in our application.18 However, in the context

of our model, this unwieldy distribution is a prior distribution for the set

of considered brands which is an argument to the likelihood of the observed

quantity choices in Equation 6. And the full conditional attention probabili-

ties in Equation 7 define a Gibbs-sampler to generate from this distribution.

Thus, setting the proposal distribution of consideration sets equal to the

prior distribution, we arrive at a simple Metropolis-Hastings update with

acceptance probabilities defined by ratios of likelihoods defined in Equation

6 (see Section 9.1 in the Appendix for details).

7 Results

We compare three full-information models M1, M2, and M3 that assume at-

tention to all brands on a shelf a priori to three limited information models

M4, M5, and M6 that include our model of brand selection based on atten-

tion before utility maximization. Models M1 and M4 ignore shelf control

variables, i.e., a brand’s number of facings on the shelf and its position all

together. Models M2 and M5 include a brand’s number of facings, the former

as a source of utility and the latter as a cause to attention. Finally, models

18For a shelf featuring 37 brands, for example, the normalizing constant of this distri-
bution consists of 237 ≈ 1.37× 1011 terms.

32



M3 and M6 include both a brand’s number of facings and its position, again

the former as sources of utility and the latter as causes to attention (see

Table 3). When we include shelf-control variables as sources of utility, we

include them as covariates to a brand’s baseline utility ψ(xj) (see Equations

1 and 2).

Table 3: Model Comparison

Utility Index Consideration Index LML
Model

M1
M2
M3
M4
M5
M6

nF po Brand
x

x x
x x x

x
x
x

Const. nF po

x
x x
x x x

-86378.59
-88522.53
-100162.3
-80359.76
-73462.16
-83931.53

The rightmost column in Table 3 reports log-marginal likelihoods for

the different models (see Section 9.2 in the Appendix for computational de-

tails).19 Models assuming full information, M1-M3, fit the data much worse

than models that account for a selection of brands based on attention, M4-

M6. The best full information model, M1, excludes shelf control variables

and fits the data much worse than the worst limited information model M6.

It appears that including shelf control variables as sources of utility takes

away from the explanatory power of the full attention model. The best lim-

19Marginal likelihoods automatically penalize for differences in model complexity and
can be directly compared across non-nested models. Assuming equal subjective prior
model probabilities, ratios of marginal likelihoods define Bayes-factors (Rossi et al., 2005).
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ited attention model, M5, includes a brand’s number of facings as a cause

to attention, but excludes position effects from the model. Apparently, the

additional complexity from including the bi-variate first-oder polynomial we

use to code a brand’s position is no longer supported by the data, once

heterogeneity is taken into account.

Table 4 summarizes posterior moments of the population mean effects of

shelf control variables and of selected brand specific constants. Comparing

the full information models M2 and M3 to the limited information models

M5 and M6 we see a statistically credible change in the sign of the number

of facings coefficient, δ1. Both full information models M2 and M3 imply

that increasing a brand’s number of facings decreases this brand’s utility,

i.e., depresses demand for this brand overall. In contrast, both limited atten-

tion models M5 and M6 imply that increasing a brand’s number of facings

increases the probability that this brand is considered, i.e., enters utility

maximization to the effect of increasing demand for this brand overall.20 We

also find a statistically credible sign change for the main effect of a brand’s

horizontal position comparing the coefficient δ3 across models M3 and M6.

Across all limited information models M4 - M6, the posterior mean of φ∗

suggests the relevance of inherent capacity constraints to attention such that

20The posterior distribution of the number of facings coefficients, δ1,n in the utlity
function under M2 (in the attention function under M5) has more than 90% (80%) of its
mass in the negative (positive) domain (see Table 8 in the Appendix).
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attention to brand i inhibits attention to brand j. In the best fitting model

overall, M5, the size of the inhibitory effect from two additional brands in

the consideration set at the posterior mean of φ∗ roughly equals the positive

effect of one additional facing on attention.

Table 6 reports posterior moments of the population means of α′s, that

measure the rate at which marginal returns to quantity diminish.21 Limited

information models M4-M6 infer that utility from the outside good with index

j = 0 diminishes faster than under full information (M1-M3). Apparently,

the full information models need a large α0, i.e., slowly diminishing marginal

returns from the outside good, to help rationalize the choice of only a few

brands from large sets of brands.

Finally Table 7 reports population covariances and correlations between

the base line utilities of selected brands and parameters in the attention

index. We find only small correlations between parameters δ0 and δ1 in the

attention index and the brands’ base line utilities, β. However, for some

brands we find sizeably positive correlations between base line utilities β

and φ∗, suggesting that respondents with high baseline preferences for these

brands are more attention constrained and thus have smaller consideration

sets than other respondents.

21We compute these values directly from the marginal posterior of random effects. An
alternative approach computes the means implied by the brand-specific hierarchical multi-
nomial prior over uniform α-bins. The corresponding population variances are reported
in Table 9 in the Appendix.
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Population variances of these effects are reported in Table 5. Comparing

the best fitting full attention model M1 to the overall best fitting model M5,

we see that the latter infers relatively more heterogeneity in the brand specific

utility constants β. In the full information model, systematic variance in

attention to one and the same brand, because of changes in the shelf layout,

can only be rationalized through shocks to the utility function. These shocks

increase the error variance, i.e., lower the signal to noise ratio and thus make

it harder to recover heterogeneous tastes. In the limited attention model

without observed drivers of attention, M4, the posterior variances are even

more extreme. However, because this model has to do without covariates to

attention, it fails to clearly identify a posterior mode between the extremes

of full attention to all brands (δ0 large), and attention to only the chosen

brands (δ0 small), both at the individual and the population level thereby

inflating marginal heterogeneity in brand specific utility constants, β.
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8 Discussion

In this paper we show how observing quantity choices facilitate the identifi-

cation of a selection step that determines which of the brands available in a

choice environment enter utility maximization. We first develop how the in-

formation content in quantity choices exceeds that in multinomial choices and

compare the information in quantity choices to independent observations of

a selection that precedes utility maximization. We find that quantity choices

directly identify drivers of demand that operate before utility maximization,

and thus have to be excluded from the utility function, assuming conditional

independence. We also find that quantity choices identify conditional depen-

dence when exclusion restrictions are known a priori. Both results suggest

a useful information advantage from quantity choices relative to observing

only multinomial outcomes.

The distinction between utility maximization and a preceding selection

step is related to the differentiation between informative and persuasive ef-

fects of advertising (e.g. Ackerberg, 2001).22 Actions that only inform con-

sumers about the availability of a particular brand and therefore only deter-

22Ackerberg (2001) successfully identifies advertising for a newly introduced brand of
yogurt as informative about the availability of its inherent product characteristics only, i.e.,
as not having an image, prestige, or generally persuasive effect by contrasting the effects on
more and less experienced users. Here we follow his example and use the term informative
in the sense of informative about the availability of a particular alternative and not in the
sense of (additional) information about this alternative’s features or characteristics (c.f.
Johnson and Myatt, 2006)

41



mine the probability of choosing a positive quantity from that brand need

to be excluded from the utility function that jointly determines if and how

much to optimally choose from this brand conditional on awareness. If some

action also influences the optimal quantity choice, conditional on awareness,

it qualifies as persuasive and needs to be included in the utility function.

Therefore, observed quantity choices should be useful in the context of mea-

suring advertising effects.23

In the context of our illustrative application, the research question is if

the number of facings and the position of a product on a shelf only help

alert respondents to the presence of the product on the shelf or additionally

connote utility, i.e., persuade respondents. We find strong empirical support

in favor of informative effects, and contradicting persuasive effects.

An implication of full information models is that more variety weakly

increases consumers’ utility. Under full information, the limited provision

of variety we see in the real world has to be motivated by supply side con-

straints only, such as e.g., the fixed costs associated with creating, producing

and offering additional variety. The limited attention model explored in this

23Terui et al. (2011) investigate direct, persuasive effects and awareness effects of ad-
vertising in a multinomial probit choice model augmented by a consideration stage. They
find support for an indirect, awareness effect of advertising on consideration sets in a
fully parametric setting, and assuming conditional independence between consideration
and utility maximization. Similarly, van Nierop et al. (2010) find shelf space, display, and
feature advertising to influence the consideration stage, again in a fully parametric model
and assuming conditional independence between consideration and utility maximization
(see also Bronnenberg and Vanhonacker, 1996).
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paper contributes a demand side motivation for the limited provision of vari-

ety we see in practice, with potentially interesting implications for retailers’

assortment decisions and competition.

If consumers’ attention is inherently limited, consumers will fail to realize

the full set of substitution possibilities among the different offers in a par-

ticular market. This failure translates into market power for brands, even if

they are poorly differentiated under full information. In this way, limited in-

formation can rationalize a manufacturer’s decision to offer more of the same

variety that may already exist in a market under a different brand name,

instead of contributing to increasing the total variety supplied in market.

Moreover, the action of alerting consumers to the presence of a brand

often cannot be targeted well, such as e.g., investing in more shelf facings at

a large, national retailer. Now, if a brand competes for consumers’ inherently

limited attention, by definition, at the cost of attention to other brands the

retailer may be offering, horizontally differentiated ‘niche’ offerings face a

greater challenge than under full information. First, the attention generated

through additional, costly shelf facings only translates into purchases by a

smaller subset of customers, by the definition of a niche offering. Second,

the attention drawn to the brand depresses demand for other brands simply

because attention is limited and therefore other, potentially more suitable

offerings may not have received attention.
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The flipside of this argument is that a manufacturer who can invest in

attention to his brand, simultaneously decreasing attention to other brands

because of consumers’ limited bandwidth, will benefit relatively more from

providing a less differentiated, ‘mainstream’ offering than under full infor-

mation. A formal analysis of the implications of inherently limited consumer

attention for competitive market outcomes is however beyond the scope of

this paper and left for future research.

9 Appendix

9.1 Augmentation of Consideration Sets

Equation 7 expresses the full conditional (prior) probability that a respon-

dent attends to a particular brand in a choice set. The set of recursively

updated full conditional distributions for all brands define a Gibbs sampler

for consideration sets. Obviously, brands chosen by a respondent are in the

consideration set with probability 1. Therefore we can partition the consid-

eration set {yi}Ji=1 = Y into an observed part Y o comprising brands chosen

by a respondent, and an unobserved part Y ∗ indicating if the remaining, non-

chosen brands received attention or not for each choice set, Y = Y o ∪ Y ∗.24

We propose the unobserved part of the consideration set, conditional on δ,

24Respondents always attend to the outside good with index j = 0.
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φ∗, and Y o by Gibbs-sampling from the full conditional probabilities defined

in Equation 7. The consideration set Y is an argument to the likelihood

function L(q|β, α, γ, Y ) defined in Equation 6. The proposed move from Y ∗

to (Y ∗)′ is then accepted with probability

α = min

{
1,
L(q|β, α, γ, Y o ∪ (Y ∗)′)

L(q|β, α, γ, Y o ∪ Y ∗)
× Π((Y ∗)′|δ, φ∗, Y o)

Π(Y |δ, φ∗, Y o)
× Q(Y )

Q((Y ∗)′)

}
,

where L(q|β, α, γ, Y ) is defined in Equation 6 and Π(Y ∗) and Q(Y ∗) de-

note prior and proposal densities of the consideration set’s unobserved part

Y ∗, respectively. We noted earlier that computing the (joint) probability

Π(Y ∗|δ, φ∗, Y o) implied by recursively sampling from Equation 7 is practi-

cally impossible, when the number of (non-chosen) brands on a shelf is large.

However, because we propose (Y ∗)′ by recursively sampling from Equation

7, our proposal distribution Q(Y ∗) is equal to the prior Π(Y ∗|δ, φ∗, Y o).

As a consequence, the proposal and the prior distributions cancel in the

Metropolis-Hastings ratio and the acceptance probability simplifies to

α = min

{
1,
L(q|β, α, γ, Y o ∪ (Y ∗)′)

L(q|β, α, γ, Y o ∪ Y ∗)

}
.
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9.2 Computation of Marginal Likelihoods

A full attention model is that special case of a limited attention model that

puts unit mass on the full consideration set, i.e.,

L(q, Y full) = L(q|Y full)Π(Y full) = L(q|Y full)× 1 = L(q|Y full).

A limited attention model acknowledges that all we learn from the data

directly is that the brands that were chosen from a choice set were part of

the consideration set, Y o. However, the respondent may have paid attention

to additional brands that form the unobserved part of the consideration set

Y ∗. The unobserved parts of the consideration set are parameters that need

to be integrated out to arrive at the marginal density of what is observed,

i.e., q and Y o:

∫
L(q, Y o ∪ Y ∗)dY ∗ =

∫
L(q|Y o ∪ Y ∗)Π(Y o ∪ Y ∗)dY ∗

=

∫
L(q|Y o ∪ Y ∗)Π(Y ∗|Y o)Π(Y o)dY ∗.

= L(q|Y o)Π(Y o)

Therefore, full attention models can be compared to limited attention

models based on comparing L(q|Y full)Π(Y full) = L(q|Y full) to L(q|Y o)Π(Y o).
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We noted earlier that computing Π(Y ) is beyond practical reach for larger

sets of brands. When computing Π(Y o), we take advantage of the fact that

the number of brands chosen from a particular choice set, i.e., shelf, tends to

be small.

Using the basic identity (Rossi et al., 2005),

1

L(q, Y o)
=∫

g1(α, β)g2(δ, φ
∗)g3(Y

∗|δ, φ∗)
L(q|α, β, Y o, Y ∗)Π(Y o|Y ∗, δ, φ)Π(Y ∗|δ, φ∗)π(α, β, δ, φ∗)

×

p(α, β, Y ∗, δ, φ|q, Y o)d{α, β, Y ∗, δ, φ∗}.

(9)

where p(α, β, Y ∗, δ, φ|q, Y o) is the joint posterior distribution, and setting

g1(α, β)g2(δ, φ
∗) = π(α, β, δ, φ∗) and g3(Y

∗|δ, φ∗) = Π(Y ∗|δ, φ∗), Equation 9

simplifies to

1

L(q, Y o)
=∫

1

L(q|α, β, Y o, Y ∗)Π(Y o|Y ∗, δ, φ∗)
×

p(α, β, Y ∗, δ, φ∗|q, Y o)d{α, β, Y ∗, δ, φ∗}.

(10)

Next we explain how to compute Π(Y o|Y ∗, δ, φ∗).

For the sake of illustration let’s assume that Y o contains only two brands,
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A and B. Then

Π(Y o|Y ∗, δ, φ) =
exp(CA + CB + {CY ∗}+ Y ′A,B,Y ∗ltrig(Φ)YA,B,Y ∗)

D
(11)

where Cj is brand j′s consideration index defined in Equation 8, the sub-

scripts in YA,B,Y ∗ indicate which brands are in the consideration set, and D

is a normalizing constant defined as follows (Besag, 1972):

D = exp({CY ∗}+ Y ′Y ∗ltrig(Φ)YY ∗)+

exp(CA + {CY ∗}+ Y ′A,Y ∗ltrig(Φ)YA,Y ∗)+

exp(CB + {CY ∗}+ Y ′B,Y ∗ltrig(Φ)YB,Y ∗)+

exp(CA + CB + {CY ∗}+ Y ′A,B,Y ∗ltrig(Φ)YA,B,Y ∗)

(12)

Thus, using MCMC draws of Y ∗ for integration in computing Π(Y o|δ, φ∗)

from Π(Y o|Y ∗, δ, φ∗) saves us from having to explicitly compute Π(Y ∗|δ, φ∗)

and Π(Y o, Y ∗|δ, φ∗) which is practically impossible given the algebraic struc-

ture of the normalizing constant in Equation 12.

Table 8: Comparison between the deciles of the means of posterior distribu-
tion of coefficients on number of facings (δ0)

Deciles
Model

M2
M5

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
-0.90 -0.76 -0.67 -0.59 -0.50 -0.43 -0.34 -0.25 -0.10
-0.44 -0.10 0.11 0.24 0.37 0.51 0.69 0.83 1.05
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