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Abstract

We study how to design product recommendations when consumers’ attention and utility are
influenced by time pressure—a prominent example of the context effect—and menu characteris-
tics, such as the number of recommended products in the assortment. Using unique data on con-
sumer purchases from vending machines on train platforms in Tokyo, we develop and estimate a
structural consideration set model in which time pressure and recommendations can influence at-
tention and utility. We find that time pressure reduces consumer attention but increases utility.
Time pressure moderates the effect of recommendations for the attention of both recommended
and non-recommended products, and utility for recommended products. Moreover, the number
of total recommendations increases consumer attention in general, but in a diminishing way. In
our counterfactual simulations, we find that the revenue-maximizing number of recommendations
decreases with time pressure, and that optimizing recommending products to accommodate time
pressure by a greedy algorithm increases total sales volume by 3.7% relative to the actual policy,
0.6% points more than traditional consumer-segment-based targeting policy.
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1 Introduction

Context-based marketing attracts increasing attention from marketing managers as more real-

time consumer behavioral data become available. Foursquare, for example, sends messages

to consumers when they are close to shops or restaurants that they are predicted to like. In

fact, a large number of behavioral studies in marketing find that consumers tend to behave

differently under context factors such as time and social pressures. Dhar and Nowlis (1999)

find that consumers are more likely to avoid making any decisions when they are under time

pressure to save their cognitive resources. Using in-store shopper movement data, Hui, Brad-

low, and Fader (2009) find that consumers’ purchase decisions are affected by time pressure.

More recently, Kawaguchi, Uetake, and Watanabe (2019) study the effects of product recom-

mendations in a beverage vending machine under time and crowd pressures, and find that

time pressure significantly affects the effectiveness of marketing interventions.

Despite its practical importance, how context-based marketing works and how managers

can optimize it are not well understood. This paper aims at filling the gap by studying the

mechanism behind the effect of recommendations under contextual factors, and by investi-

gating how to optimize marketing interventions to contextual factors. More specifically, we

decompose the effect of recommendation to the one through consumer attention and the

other through preference when consumers are under time pressure, and study the design of

the recommendation system for beverage vending machines, taking into account the effects

of time pressure.1 To do so, we structurally estimate a consideration set model in which both

time pressure and product recommendation can affect consumer attention and utility. More-

over, our model allows time pressure to affect the effectiveness of product recommendations,

and allows consumer attention to depend on “menu”-related variables such as the number of

recommended products and the number of unique products in the assortment. Our consider-

1We focus on time pressure given that Kawaguchi, Uetake, and Watanabe (2019) show large effects of time pres-
sure on the effectiveness of recommendation in the same context, while the effects of crowd pressure are small
and not robust.
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ation set model is motivated by a finding of Kawaguchi, Uetake, and Watanabe (2019) that rec-

ommendations have strong positive spillover effects to the sales of non-recommended prod-

uct on the menu.2 As a recommendation to other products is unlikely to affect consumer’s

preference over the product, a natural interpretation of the spillover effect is that it affects

consumer’s attention to non-recommended products. Disentangling this mechanism through

which recommendation affects preference and attention is essential to design the optimal rec-

ommendation, especially under contextual factors that may influence the effectiveness of rec-

ommendations on preference and attention in a different way.

We use the data on the consumer beverage purchases from vending machines in Japan,

which is also used in Kawaguchi, Uetake, and Watanabe (2019). There are several unique fea-

tures in the setup, which allow us to estimate our flexible consideration set model. First, a

reliable proxy variable that captures time pressure is readily available in our setup, allowing us

to study time pressure in a non-laboratory environment, in contrast to extant studies, which

are mostly laboratory-based. The vending machines we study are located on the platforms of

train stations in Tokyo. Hence, the time until the next train is a natural proxy for the time pres-

sure consumers feel when purchasing a product.3 By utilizing the train schedule information,

we can precisely measure time pressure at the minute level.

Second, our consumer purchase data comes from a period when the company owning the

vending machines executed an experiment on product recommendations. Since the vend-

ing machines we study are equipped with a recommendation system based on the installed

camera, which recognizes consumer attributes, the vending machines can change recommen-

dations depending on consumer demographic information. Estimating the effect of recom-

2Moreover, Ching, Erdem, and Keane (2009), Ching and Hayashi (2010), Conlon and Mortimer (2013) (and other
papers) also point out the importance of incorporating choice set heterogeneity to correctly infer the consumer
preference. Ching, Erdem, and Keane (2009) estimate the price consideration model and show the crucial role of
allowing flexible consideration sets. Ching and Hayashi (2010) use a unique survey data that contain the infor-
mation about choice sets and study the effect of credit card reward programs on the consumer’s payment method
choice. Conlon and Mortimer (2013) use the information about stock-out to construct exact choice sets and show
that the estimates of price elasticity are biased if stock-outs are not taken into account.

3In Kawaguchi, Uetake, and Watanabe (2019), they conducted a validation experiment to study if the time to
the next train is strongly correlated with the time pressure felt by subjects, and they confirmed this relationship.
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mendations is challenging in general due to the endogeneity bias resulting from the fact that

popular products are likely to be recommended and the popularity of the recommended prod-

ucts may be wrongly attributed to the effect of recommendations. With our exogenous exper-

imental variation in product recommendations, we can identify the causal effect of product

recommendations without much concern for the endogeneity of recommendations.

Third, product assortments vary greatly across vending machines. Based on the recent

development of the decision theory literature on the consideration set model,4 this variation

in assortment (that is, the available set of products) gives us a useful source of identification

for the consideration set model along with other excluded variables. Specifically, it allows us

to include advertising variables for both attention and utility. Typically, in existing papers that

estimate consideration set models, advertisements are included only in consumer attention,

but not in utility (see, e.g., Goeree (2008) and Van Nierop, Bronnenberg, Paap, Wedel, and

Franses (2010)). Including advertising in the utility function allows us to (indirectly) test the

signaling and/or persuasive role of advertising.5 With the variation in product availability,

advertising variables need not be excluded from the utility formation in our model.

4See, e.g., Masatlioglu, Nakajima, and Ozbay (2012) and Manzini and Mariotti (2014).
5As Bagwell (2005) summarizes, the marketing and economics literature have theoretically considered the infor-

mative role and the persuasive role of advertisements (e.g., Stigler (1961); Grossman and Shapiro (1984); Milgrom
and Roberts (1986), Becker and Murphy (1993)). Empirically, these roles are tested in various settings. For exam-
ple, the literature of structural learning models, as surveyed by Ching, Erdem, and Keane (2013) and Ching, Erdem,
and Keane (2017), studies how advertisements affect learning process and consumer preference. In this literature,
Ching and Ishihara (2010) estimate a dynamic learning model of detailing in the pharmaceutical industry, in which
physicians face uncertainty about the effectiveness of drugs and learn it over time through prescription. Detail-
ing can directly affect the physician’s prescription decisions and also the physician’s learning process by providing
information. Also, Ching and Ishihara (2012) study the information and persuasive role of detailing in the phar-
maceutical industry. Their identification strategy is based on the observation that the informative component of
detailing is chemical specific while the persuasive component is brand specific. Focusing on markets where some
drug companies use a comarketing agreement, they identify the informative role of detailing by looking at the mar-
ket shares of chemicals and the total detailing efforts aggregated across brands using the same chemical. Papers
on informative advertising in the literature of structural learning do not model attention or consideration set with
only a few exceptions such as Ching, Erdem, and Keane (2014) where the price consideration mechanism of Ching,
Erdem, and Keane (2009) is incorporated into a structural learning model.

Outside the structural learning literature, Ackerberg (2001) proposes a reduced-form way to separately estimate
the information effect and the prestige effect using the variation in consumer experiences. Anand and Shachar
(2011) study the informational role of advertising in matching consumers with products when they are uncertain
about product attributes. Recently, Sahni and Nair (forthcoming) show the evidence of the signaling role of spon-
sored advertisements using a field experiment.
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Lastly, the experiment on the product recommendations and the variations in the product

assortment at the vending machine level generate variation in the "menu"-related variables

for consumer attention such as the number of recommended products, the number of unique

products, the number of slots for each product, etc. In our set up, the menu-related variables

are well defined and have ample cross-machine variations. We demonstrate the importance

of taking into account the effects of these "menu"-related variables, and our counterfactual

simulations examine how many products the company should recommend under varying de-

grees of time pressure.

The estimation results show that i) as time pressure increases, consumers pay less atten-

tion to each product but more likely to purchase products; ii) product recommendations pos-

itively and significantly affect both attention and utility; iii) time pressure weakens the ef-

fectiveness of recommendations,; and iv) menu characteristics significantly affect consumer

attention-in particular, the number of total recommendations increases the attention level in

general, but in a decreasing order (Table 4). Moreover, we find significant heterogeneity in the

effects of recommendations across customer segments (Table 5).

To quantify the efficacy of product recommendations on attention and utility, we calculate

the elasticities of recommendations to purchase incidence. We find that, compared to the

baseline where no product is recommended, recommending a product increases its sales by

18.7% (own elasticity) on average, which can be decomposed into the effect through attention

(9%) and utility (8.6%) (Table 6). Moreover, we find that these elasticities vary by time pressure

and they are maximized under moderate time pressure (Table 7).

The findings above lead us to study the design of recommendations that depend on time

pressure through a series of counterfactual analyses. We first investigate how the revenue-

maximizing number of recommendations varies by the degree of time pressure. Although

each recommendation may increase the attention and choice probability of the recommended

product, it may not be optimal to recommend too many products because it dilutes consumer

attention.
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To do so, we compare the performance of three different recommendation strategies with

the actual recommendation. Our first recommendation system maximizes the total sales by

choosing the same number of recommendations for all vending machines (uniform policy).

Our second recommendation system maximizes the total sales by consumer segment, which is

basically similar to the traditional targeting strategy based only on the consumer demographic

variables (segment-based policy). Finally, the third recommendation system, the context-based

recommendation strategy, adjusts the number of recommended products by time to the next

train for each vending machine. We find that the uniform policy and the consumer-segment-

based policy can increase the sales by 0.82% and 0.88% compared to the actual policy, whereas

the context-based policy increases sales by 1.79% (Table 8). Hence, our results show that the

context-based marketing can increase sales more than the traditional marketing in our setting.

Lastly, we quantify the impacts of optimizing which products to recommend (not just the

number of recommendations as in the previous case) at the consumer-segment-level, and at

the context-level. Because finding the optimal products to recommend is computationally

infeasible, we use a greedy algorithm to find semi-optimal products to recommend. Again,

the results show that the context-based policy can outperform the existing strategies: uni-

form policy and consumer-segment-based policy increases the revenue by 3.13% and 3.15%,

whereas the context-based policy increases sales by 3.71% (Table 9). Thus, the context-based

recommendations can further increase sales by optimizing the set of recommended products

together.

Related Literature This paper builds on the literature on the consideration set models

that have been studied both in marketing and economics for a long time (see, e.g., Manski

(1977), Roberts and Lattin (1991), Allenby and Ginter (1995), Mehta, Rajiv, and Srinivasan

(2003), Ching, Erdem, and Keane (2009)).6 The consideration set model is useful as it allows

6Some papers use direct information about consideration sets, such as survey data. Ching and Hayashi (2010),
Draganska and Klapper (2011), Honka, Hortacsu, and Vitorino (2017), and Palazzolo and Feinberg (2015), for exam-
ple, employ survey data in which each consumer is asked which products they consider when making a purchase
decision. This type of data directly identifies consideration sets. Due to the increased availability of detailed con-
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one to study the effect of advertising on consumer attention (e.g., Van Nierop, Bronnenberg,

Paap, Wedel, and Franses (2010)) or the consequence of ignoring limited attention to biased

estimates of price elasticities (e.g., Anupindi, Dada, and Gupta (1998), Goeree (2008), Conlon

and Mortimer (2013)).7

Some recent papers expand the extant literature. For example, Bronnenberg and Huang

(forthcoming) and Dehmany and Otter (2014) propose an alternative approach to model con-

sideration sets, that exploits the variations both in quantity purchased and in purchased prod-

ucts. Although there is no sufficient variation in quantity choice in our empirical setting (i.e.,

almost all customers purchase only one product on a purchase occasion), this is a useful ap-

proach when such variations exist. Abaluck and Adams (2018) propose a new identification

strategy for the consideration set model based on asymmetric demand responses to changes

in product characteristics. Our paper adds to this literature by explicitly considering the ef-

fects of contextual factors in the consumer purchase funnel as well as exploiting the variation

in product availability.

Our paper is also related to the literature on time pressure. Although it is beyond the scope

of our paper to list all papers related to time pressure in the psychology and consumer behavior

literature, let us mention a few papers that are highly relevant to ours. Dhar and Nowlis (1999)

find the choice deferral effect under time pressure, which indicates that consumers are less

likely to make a purchase decision under time pressure. Hui, Bradlow, and Fader (2009) test

the choice deferral effect in a supermarket purchase environment using consumer movement

data. Reutskaja, Nagel, Camerer, and Rangel (2011) study the search process of subjects under

time pressure in a laboratory setting using eye-tracking and find that choices are affected by

sumer search data, information about consideration sets would be more available in some markets such as online
retailers. However, it could sometimes be costly to obtain such data (e.g., the financial cost of running a large-scale
consumer survey) and there is a potential reporting bias due to the nature of surveys.

7Both Anupindi, Dada, and Gupta (1998) and Conlon and Mortimer (2013) study a vending machine data to
see the effects of stock-outs on consumer demand. Anupindi, Dada, and Gupta (1998) estimate a reduced-form
Poisson regression, while Conlon and Mortimer (2013) estimate a structural discrete-choice demand model, taking
into account stock-outs. Goeree (2008) studies the role of advertising for consumer information and choices in
the US personal computer market. She pays special attention to the endogeneity of advertisement, and constructs
approximated optimal instruments to deal with it.
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time pressure. Finally, Kawaguchi, Uetake, and Watanabe (2019) examine the effectiveness of

product recommendations when consumers are under time pressure. The paper finds that

time pressure weakens this effectiveness, and we discuss the relationship to this paper below.

Lastly, our identification strategy relies on the idea developed by the growing body of lit-

erature in decision theory on the choice-theoretic axiomatization of consideration set models

(e.g., Masatlioglu, Nakajima, and Ozbay (2012); Manzini and Mariotti (2014)). These stud-

ies consider how consumers’ utilities and consideration sets can be elicited using variation

in product availability, and establish conditions for the consideration set model to be ratio-

nalized by the data. We exploit the variation in product availability to help us identify the

consideration set model, which allows us to include advertising in both consumer attention

and utility unlike the existing studies on the consideration set model as in Van Nierop, Bron-

nenberg, Paap, Wedel, and Franses (2010) and Goeree (2008).

Relationship to Kawaguchi, Uetake, and Watanabe (2019) Our consideration set model

is motivated by one of the findings of Kawaguchi, Uetake, and Watanabe (2019), which use the

same data set as ours, that recommendations have strong positive spillover effects to the sales

of non-recommended products on the menu. As recommendations to other products are not

likely to affect the preference for non-recommended products, this finding suggests that atten-

tion plays a critical role to understand how recommendations affect consumer choices, in par-

ticular under contextual effects. Although Kawaguchi, Uetake, and Watanabe (2019) presents

that recommendation and contextual factors interact by a series of reduced-form regression

analysis, it is silent about the mechanism through which recommendations affect separately

through preference and attention and how contextual factors interact with them. This limits

the managerial implications of the study because a detailed understanding of the mechanism

is essential in designing recommendations. The current paper adopts the consideration set

model that separately identifies the effects of recommendation to preference and attention

under contextual factors so that one can study the design of recommendations under contex-

tual factors.
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The rest of the paper is organized as follows. Section 2 presents the background and the

data for our empirical setup. Section 3 presents the consideration set model, and Section 4

discusses our identification and estimation strategies. Section 5 reports the estimation results,

and Section 6 reports the counterfactual simulations. Finally, Section 7 concludes.

2 Background and Data

2.1 Background

We study consumers’ beverage purchase decisions from vending machines placed at train sta-

tions in the Tokyo metropolitan area. For details on the setup, please see Kawaguchi, Uetake,

and Watanabe (2019), which use the data set from the same setup.

In this study, we use approximately 460 vending machines that have a recommendation

system. The machine recognizes the age and gender of each consumer with a camera attached

to the top of the front panel and then recommends a different set of products depending on

the consumer characteristics according to a pre-specified rule.8 The recommendations are

displayed on the front panel of the vending machine with colorful and flashing pop-ups and

are hence easily recognizable by consumers (see Figure 1).9 The company controls the recom-

mendation policy through a centralized system but can vary it only by the time of day (morn-

ing: before 10 am, daytime: between 10 am and 6 pm, and nighttime: after 6 pm), and cannot

do so at the machine level or hour level.

2.2 Field Experiment on Product Recommendations

The company conducted an experiment with us to measure the impact of product recommen-

dations using these vending machines. We briefly describe the experimental design, and the

8Because of privacy concerns, the cameras do not record any information on consumer characteristics. Hence,
neither we nor the company can use the information from the cameras except to change the recommendations.

9Note that consumers can see all of the available products on the display regardless of whether or not they are
recommended.
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Figure 1: An image of the touch-panel and product recommendations: The product recom-
mendations are the flashing red bubble signs with the word “Recommended.” Image supplied
by the company.

Table 1: Experimental Design

15 16 17 18 19 22 23 24 25 26
Mon Tue Wed Thu Fri Mon Tue Wed Thu Fri

Morning - T - T C C - T C -
Daytime T - T C - - T C - T

Night - T C - T T C - T C

Note: This table is the same as Table 1 in Kawaguchi, Uetake, and Watanabe (2019). The company
conducted the experiment using treatment T and control C. The number at the top is the day in July
2013, and the second line represents the day of the week. No product is recommended for control
C. In the slot with a bar, the vending machine shows the product recommendations chosen by the
company, but we do not use the data for these slots in our empirical analysis.

details can be found in Kawaguchi, Uetake, and Watanabe (2019). In the experiment, the com-

pany created the treatment condition, in which a set of products was recommended, and the

control condition, in which no product was recommended. The set of recommended products

in the experiment is chosen exogenously. The company then randomly allocated the treat-

ment and control conditions at three different times of day for weekdays during the week of

July 15 to 26, 2013, as shown in Table 1.10

The experiment creates exogenous variations in recommendations, which also creates vari-

ation in the number of recommended products among treatment groups.11 Because available

10In Table 1, the sign “-” indicates that the company ran its regular recommendations, for which the company
(not us) chose which products to recommend. We do not use these observations because of endogeneity concerns:
the set of recommended products is likely to include more popular products; hence, estimates could be biased
upwards.

11Note that the experiment is not meant to create exogenous variations in product availability. Instead, it cre-
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products are different across vending machines, the number of recommended products can

also be different across vending machines under the treatment condition. From the exper-

imental data, we construct the following variables: M R , P R , and N R . M R is a machine-

time level indicator variable showing that the machine at the time is under treatment, P R is

a machine-product-time level indicator variable for whether a particular product is recom-

mended, and N R is the number of recommended products in the vending machine at the

time.

2.3 Time Pressure

One of our main interests is to examine the effects of context factors in designing recommen-

dation systems. We focus on time pressure, a prominent example of the context effects (see,

e.g., Dhar and Nowlis (1999)). Time pressure, however, is not usually measurable in a non-

laboratory environment. Thus, most extant studies on time pressure are conducted in labora-

tory settings. In our case, we exploit a naturally occurring exogenous variation, train schedule.

The idea is that consumers feel more time pressure when the next train is approaching be-

cause they make a purchase decision within a limited time. Because trains in Tokyo operate

punctually and arrive frequently, passengers tend to be under the influence of time pressure.12

We obtain the schedule of the Japan Railway East on weekdays during the experiment.

The data cover all of the trains and stations that the railway company operates. Using the

train schedule data, we calculate the time until the next train, measured in minutes, as the

primary proxy variable for time pressure (denoted as T 1). One may wonder if the consumer

may not feel time pressure if the train after the next one arrives shortly, even though the next

train arrives shortly. Hence, we also create T 2, which is the time until the train after the next

ates exogenous variations in product recommendations, which are typically endogenously determined by the firm.
Although we cannot completely rule out the concern for endogeneity in product availability, we think the endo-
geneity concern could be limited, because the company delegates the decision on fulfilling vending machines to
local agents who are responsible for several machines or stations, and the company is worried about the poor
performance of capturing local demand by the current system, based on our discussion with the company.

12Since electronic bulletin boards at the ticket gate, concourse, and platform of each station display the depar-
ture times of the next train and the one after, consumers can easily tell how soon the next train will arrive.
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one, to address this possibility as well.13

2.4 Menu Effects

In addition to studying time pressure, we examine the menu effects, which are the effects of

the characteristics of the menu such as the number of products in the assortment and the

number of recommended products. Although existing empirical works on the consideration

set model focus mostly on the effects of product attributes on consumer attention and utility,

the design of assortment can also have impacts on consumer attention (see, e.g., Chandon,

Wesley, Bradlow, and Young (2009)). Our vending machine setup is unique in that the choice

menu is relatively simple compared to therein the other settings such as a grocery store, and

the menu-related variables are well defined.

We consider the effects of the number of available unique products in a machine and the

number of slots assigned to each product in a machine. Also, we consider the number of rec-

ommended products, which we introduced in the previous section, as a menu-related vari-

able. These variables may influence consumer attention: too many products in an assortment

does not allow a consumer to spend enough time considering all available products, and a

product occupying more slots allows a consumer to pay more attention to it (see, e.g., the top

row of Figure 1, where multiple products occupy more than one slot, and one recommended

product occupies three slots).

2.5 Data

The main data set is directly obtained from the company’s point-of-sales database. The data

contain time and product of purchase as well as 460 vending machines that are equipped with

the recommendation system. We focus on the customers who registered with the company’s

membership program as we can observe their demographic information. We use their demo-

13To examine the validity of these proxy variables, in Kawaguchi, Uetake, and Watanabe (2019), they run a field
test with about 100 undergraduate subjects. The results indicate that consumers feel more pressure as the next
train approaches. The details of the validation test are available from the authors upon request.
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Table 2: Summary Statistics

Type of Data Variable N Mean Sd Min Max

Machine/date/time/product
Recommendation 209801 0.09 0.28 0 1
Slots per product 209801 1.15 0.37 1 5

Machine/date/time
Sales units 7309 4.53 3.6 0 37
Sales value (JPY) 7309 614.65 488.8 0 5100
Recommendation 7246 0.58 0.49 0.0 1.0
# of recommendations 7309 2.59 2.56 0 10
# of unique products 7309 29.63 2.12 22 34
Degrees Celsius 7246 26.02 1.39 20.5 28.5

Purchase
Mins to next train 32464 2.35 11.73 0 299
Mins btwn following train 32464 3.02 8.77 1 325

Product
Price (JPY) 95 134.63 18.38 100 200
Volume (ml) 95 330.68 132.12 100 600
Availability 95 0.30 0.29 0 1
Plastic bottle 95 0.66 0.48 0 1
Can 95 0.27 0.45 0 1
Glass bottle 95 0.06 0.24 0 1

Consumer
Male 32464 0.70 0.46 0 1
Junior 32464 0.16 0.36 0 1
Old 32464 0.17 0.38 0 1

Notes: The data includes only point club members. Junior is no greater than 30 and old is above 50. Recommendation in the first
panel is a dummy variable to indicate whether a product is recommended at a machine on a certain purchase timing, whereas
recommendation in the second panel is a dummy variable to indicate whether a machine recommends products or not. The
availability of a product is the proportion of machine-time in which the product is available.

graphics to study heterogeneous effects of recommendations. These sets of customers use an

electric card, which also works as a commuter card, to purchase products. The purchase time

is recorded at the second level, which enables the precise measurement of the time to the next

train. In the data, there are unfortunately not many repeat customers during the period we

study.

Table 2 reports the summary statistics of the variables we use in the estimation. The aver-

age sales by the sample customers per machine in a time period (i.e., morning, daytime, and
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nighttime) are about 4.5. An average vending machine sells 29.6 products, among which 2.6

products are recommended. We find large variations in these variables as well. The average

temperature is 26.6 degrees in Celsius, which is typical for the summer season in Tokyo.14

We calculate the minutes to the next train (T1) and the minutes between the next train

and the one after (T2) from the train schedule data. The average number of minutes to the

next train is 2.4 minutes, and the interval is 3.0 minutes. Hence, trains arrive at stations quite

frequently and create time pressure for passengers.

There are approximately 100 distinct beverage products across all vending machines, and

the average price is 134 Japanese Yen (about $1.3). Beverages are sold in three types of pack-

ages: plastic bottles, cans, and glass bottles, and the average volume is 330 ml. There is no price

variation across locations and time within a product. At the time of the experiment, there was

also little price variation across products, controlling for the volume and the package. Thus,

endogeneity in price is not a major concern.

The bottom part of Table 2 reports the customers’ demographic information. In our es-

timation, we use information about customers whose characteristics are recorded, which is

about 32,000 customers. About 69% of them are male, and about 16% are categorized as junior

(no older than 30), and 17% are old (older than 50) according to the company’s categorization.

To show the variation in product availability, Figure 2 presents how many products are

available at how many vending machines. Among about 100 products that the company sells,

more than 50% are available at less than 30 locations out of 460. This figure implies that prod-

uct availability has large cross-sectional (that is, cross-machine) variations.

Finally, we provide a balance check for covariates between treatment and control in the

online appendix B. We confirm that there is no systematic difference between the two groups.

14The information about temperature is obtained from the Japan Meteorological Agency and the locations are
matched to each station. https://www.data.jma.go.jp/gmd/risk/obsdl/index.php
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Figure 2: Product Availability: The horizontal axis is the number of vending machines that a
particular product is available. The vertical axis is the number of products that corresponds
to the number of machines that displays the product.

3 Model

As we discussed above, one of the key findings of Kawaguchi, Uetake, and Watanabe (2019) is

that product recommendations can spill over to other products that are not recommended.

Motivated by this finding, we consider a consideration set model in which recommendations

can spill over via consumer attention, and time pressure can affect attention and preference.

In a consideration set model, the consumer first forms her consideration set and then chooses

the product with the highest utility from the consideration set. Hence, the consumer may

not be aware of some of the available products and may not necessarily choose her utility-

maximizing product if she is not aware of it. Using the consideration-set model allows us to

decompose the effectiveness of product recommendations into one from the attention chan-

nel and another from the preference channel, which we cannot do this with the usual multi-

nomial logistic regression model.

The model is a discrete choice model wherein consumers do not necessarily know or do

not consider all of the available products. The set J consists of all goods, regardless of their

availability. The set of goods available in each choice occasion is a subset ofJ , and we denote

the set of available products in purchase occasion t asJt ⊆J . Consumers can always choose
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the outside option and buy nothing, j = 0 ∈Jt . We call the set of available goods in purchase

occasion t (and the outside option of not buying) as the feasible set, denoted byJt , while we

call the set of products that consumer i actually considers as the consideration set, denoted by

Ci t . In the first stage, the consideration set for consumer i (that is,Ci t ) is determined, and in

the second stage, consumer i chooses a product from those inCi t that maximizes her utility.

We explain each stage in order.

Stage 1: Consideration Set Formation The first stage concerns how the consideration

set is formed. Whether a good is included in the consideration set is determined by the level

of attention that a consumer pays to it, which is denoted by V ∗i j t . To be precise, good j is

included in the consideration set if the following condition is satisfied:

Ci j t = 1{V ∗i j t > 0}, j ∈Jt , (3.1)

where Ci j t ∈ {0, 1} indicates whether product j is considered (Ci j t = 1) or not (Ci j t = 0). We

normalize the threshold at 0 without loss of generality. Then, consumer i ’s consideration set

is written asCi t ≡ { j ∈Jt |Ci j t = 1}. The level of attention V ∗i j t depends on the consumer and

the product characteristics as follows:

V ∗i j t =







α0i Ai j t +α′1i M V
t +α

′
2i X V

j t +αi j +ζ j + εi j t ≡Vi j t + εi j t

∞

j ∈Jt \ {0}

j = 0,
(3.2)

where Ai j t is a dummy for product recommendation of product j for customer i at time t (ad-

vertisement in general), M V
t is a vector of context factors and menu characteristics, which we

will explain below. The vector X V
j t contains a set of product-specific characteristics other than

the price, some of which may vary by choice occasion t . αi j is a consumer-level random effect

in attention to product j , and ζ j is a product-specific shock common across consumers,and

εi j t is a consumer-product-occasion-level i.i.d. idiosyncratic shock. Thus, the model allows

for correlation in attention due to the product attributes and the consumer-level random ef-
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fects, but attention is independent conditional on them.15 This assumption follows the litera-

ture on the consideration set models (Goeree (2008); Van Nierop, Bronnenberg, Paap, Wedel,

and Franses (2010)). The level of attention for good 0 (outside option) is positive infinity as the

outside option is always included in the consideration set. We denote a vector of random co-

efficients by αi ≡ (α0i ,α′1i ,α′2i )
′, which is a function of consumer characteristics Z i as follows:

αi =α+Π
αZ i +Σνi , (3.3)

where Πα and Σ are the coefficients associated with the consumer characteristics and error

terms. We assume that νi follows an i.i.d. standard normal distribution and that the off-

diagonal terms of Σ are zero to reduce dimensionality.

Stage 2: Product Choice In the second stage, given the consideration set Ci t formed in

the first stage, customer i chooses a product that maximizes his/her utility. Let us first intro-

duce the utility from product j , U ∗
i j t , which is given by:

U ∗
i j t =







β0i Ai j t −β1i Pj +β
′
2i M U

t +β
′
3i X U

j t +βi j +ξ j +ηi j t ≡Ui j t +ηi j t

εi 0t

j ∈Jt \ {0},

j = 0,

(3.4)

where we include a similar set of variables, M U
t and X U

j t . Pj is the logarithm price of product j ,

which affects only the utility and is excluded from the attention.16 βi j is a consumer-level ran-

dom effect in the utility of product j , andξ j is a product-specific shock that is common across

consumers. We assume that ηi j t follows an i.i.d. Type-I extreme value random distribution.

β i ≡ (β0i ,β1i ,β ′2i ,β ′3i )
′ is a vector of random coefficients, which is a function of consumer

15In our data, there are not many repeat customers. Therefore, it is not possible to include individual fixed effects
in the consideration set formation.

16Note that the price is only included in utility, but not in attention. This formulation follows the model used
in the literature such as Van Nierop, Bronnenberg, Paap, Wedel, and Franses (2010) and Ching, Erdem, and Keane
(2009). Ching, Erdem, and Keane (2009) motivates this assumption by the fact that many advertisements do not
contain price information (as in our case) and hence advertisements work as a trigger for consumers to pay atten-
tion to a product.
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characteristics Z i as follows:

β i =β +Π
βZ i +Ωυi , (3.5)

where Πβ and Ω are the coefficients associated with the consumer characteristics and error

terms. We assume that υi follows an i.i.d. standard normal distribution and that the off-

diagonal terms of Ω are zero to reduce dimensionality.

Finally, we describe a consumer’s decision problem in the second stage. Let Di j t be an

indicator variable that takes a value of 1 when the good is chosen and 0 otherwise. Given the

consideration set Ci t = { j ∈ Jt |Ci j t = 1} and the utility level {U ∗
i j t } j∈Jt

, consumer i ’s choice

can be described as

Di j t = 1{U ∗
i j t ≥ max

k∈Ci t

{U ∗
i k t }}, j ∈Ci t . (3.6)

We assume that the error terms in V ∗i j t and ones in U ∗
i j t are independent. This assumption

is not without loss of generality, but is standard in the consideration set literature.17

Empirical Specification Table 3 lists the variables we include in the estimated model. As

discussed above, a key departure of our consideration set model from the standard one comes

from the menu- and context-related variables, M V
t (in attention) and M U

t (in preference). M V
t

includes MR, NM, NR, T1, T2, while M U
t includes T1, T2, and Temp. Hence, MR, NM, and NR

are included only in attention, while T1 and T2 are included in both attention and preference.

Thus, some of the product, menu, and context-related variables are excluded either from at-

tention or utility. We do so for reducing the number of parameters to estimate based on a priori

speculation about the decision process, but not mainly for identification.

We include MR in consumer attention because eye-catching recommendations may at-

tract attention not only to recommended products but also to all products (including non-

17We acknowledge that this assumption may be restrictive in some situations. It could be the case that a product
with a more attention shock may have a greater taste shock. Since we do not have enough data to identify the
correlation between the two and also allowing it increases computational burden even more, we do not incorporate
it. Notable exception that does not rely on this assumption includes Gaynor, Propper, and Seiler (2016). They allow
flexible correlation between the two through fixed effects and identify the model based on the fact that they observe
unrestricted choices for some periods in their data.

17



Table 3: Variable Definitions

Variable type Variable Label Description

Mt

MR 1 if there are any recommended products at occasion t
NM # of different products
NR # of total recommended products
NR2 The square of NR

NR × T1 Interaction between NR and T1
T1 Time to the next train
T2 Time between next and the one after that

Temp Temperature

X j t

NS # of slots product j occupies
Cat1-10 Product category dummy

Cat1-10 × Temp Product category dummy × temperature
Shape1-3 Product container type: 1 for plastic bottle, 2 for aluminum

can, and 3 for glass bottle
Volume Product size in ml

Shape1-3 × Volume Interaction between container type and volume.
Ai j t PR Indicator for whether product j is recommended.

PR × T1 Interaction between PR and T1
PR × Package Interaction between PR and Package (can, bottle)

Pj Price of product j

recommended products) in the assortment as Kawaguchi, Uetake, and Watanabe (2019) find.

NM can affect attention either way; to the extent that consumers appreciate product variety,

they may pay more attention to all products, but consumers may pay less attention to each

product if there are too many products in the feasible set because paying attention to many

options could be mentally costly. NR may also have positive or negative impacts on attention;

more recommendations increase consumer attention to the point where consumers feel that

the recommendations are too aggressive (see, e.g., Chae, Bruno, and Feinberg (forthcoming)).

Another important set of variables we examine is the variables related to time pressure. Note

that as T1 becomes smaller, the time pressure increases. Because time pressure might impact

consumer attention negatively, a decrease in T1 might decrease attention. We also include T1

in the utility function because the consumer psychology literature has found that consumer

preference would vary under time pressure, as studied by Nowlis (1995). Although it is not the-

oretically clear how time pressure affects recommendation effectiveness, Kawaguchi, Uetake,
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and Watanabe (2019) show that time pressure lowers the effectiveness of a product recommen-

dation. This effect will be captured by interacting T1 with advertisement variables such as PR

and NR. We include T1 and T2 (and their interaction terms) in both attention and utility. For

the consumer utility, we interact Temp with product category dummies to see how different

weather conditions affect the category of drinks consumers choose. We also include T1 and T2

in the utility because several studies in consumer psychology have found that consumer pref-

erence would vary under time pressure such as Payne, Bettman, and Johnson (1988), Edland

and Svenson (1993), and Nowlis (1995).

Variables in X j t vary by product (and market and time). NS is the number of slots that

a product occupies at a vending machine. Because consumers might pay more attention to

the products that occupy more space in a vending machine, we include this variable in the

attention function.18 Cat, Shape, and Volume are product characteristics and are included for

both attention and utility.

Finally, Ai j t contain three types variables. PR is a dummy variable indicating whether

product j is recommended to customer i in market t , which affects both consumer atten-

tion and preference. As the theory of advertising shows, advertisements may affect consumer

preference not only based on the “persuasive role” but also based on the “informative role,”

signaling through advertising (e.g., Nelson (1974) and Milgrom and Roberts (1986)).19 We are

also interested in how its effectiveness vary by time pressure (PR ×T1) and by product pack-

age.

18Although NS might be potentially endogenously determined, we think the concern for the endogeneity is lim-
ited in our context. This is because it is mostly determined by overall popularity of each product and is not deter-
mined based on local demand.

19We cannot separately identify the two effects, because the classification of informational/persuasive role of
advertising does not necessarily correspond to the classification of effects through utility/attention.
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4 Identification and Estimation

4.1 Identification

In general, it is challenging to identify consideration set models because researchers typically

observe only consumers’ choices — not their consideration sets or their utilities. Hence, when

a product is not chosen, the reason could be either that the product is not preferred or that it

is not considered.

One approach to separately identify attention and utility is to use exclusion restrictions

(e.g., Goeree (2008); Van Nierop, Bronnenberg, Paap, Wedel, and Franses (2010)).20 In this ap-

proach, advertising, Ai j t , is usually excluded from the utility. A specification in which adver-

tisement affects both attention and utility, however, allows us to explore both informational

persuasive roles of advertisement, as in Ching and Ishihara (2010) and Ching and Ishihara

(2012). In our setup, recommendations Ai j t is included in both attention and utility, because

we use another variation to identify the consideration set model.

In particular, we take advantage of the unique variation in product availability for identi-

fication. Intuitively speaking, whether a product is available or not affects consumer atten-

tion (because consumers cannot pay attention to unavailable products), whereas it does not

directly shift consumers’ utility of that product. In other words, the product (un)availability

works as a sort of excluded variable that affects only attention without influencing utility.

The idea of using product availability to identify consumer attention and utility is exam-

ined in the recent decision theory literature on the consideration set models, such as Masatli-

oglu, Nakajima, and Ozbay (2012) and Manzini and Mariotti (2014). These papers show how

changes in feasible sets and associated changes in choices help one to identify consumer at-

tention and utility separately.21 We provide some intuitive examples and more formal discus-

20See also the discussion in Abaluck and Adams (2018), who also make a similar point about the existing litera-
ture.

21For example, suppose that a customer purchases beverage A but she switches to beverage B when another
beverage C is not available. For simplicity, suppose for now that there are no stochastic shocks. Then, this choice
reversal is caused by the change in her consideration set, and we can infer that beverage C is in her consideration
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sions in the online appendix. Although the examples are rather simple, the key insight of this

literature is that changes in assortment and corresponding changes in choice probabilities

provide us with useful restrictions to identify the consideration set model. With this insight,

we do not need to make ad hoc exclusion restrictions on advertising, given the rich variation

in product availability in our setup.

Another key feature of our consideration set model is that it includes menu variables and

context variables, such as the number of products sold and the proxy variable for time pres-

sure. In general, it is not easy to obtain the variables that capture context variables outside

of the laboratory, and it is not straightforward to calculate relevant menu-related variables as

in our vending machine set-up. Menu-related variables in our model also serve as excluded

variables that help identification because these variables arguably do not affect utility.22

Advertising in observational data is often correlated with unobserved heterogeneity. There-

fore, the effect of advertising is identified with the variation in instrumental variables in the

literature (see, e.g., Goeree (2008)).23 In our case, it is identified from the exogenous variation

in product recommendations that the company created in the experiment. Since the alloca-

tion of treatment conditions across different days and times of the day is made exogenously,

there is no reason to think that advertisement is correlated with unobserved consumer het-

erogeneity in our setup.24

The identification of the price coefficient may be a bit tricky. This is because, in our data

set. This is because if she is not aware of beverage C in the first case, she faces the same choice situation and must
choose the same beverage or the choice reversal will not happen. Once we know that she is aware of beverage C,
we can infer that she prefers beverage A to C simply because she selects beverage A over C. This intuition can be
extended to the case to a cross-section of consumers with consideration sets. We discuss more details in the online
appendix.

22Product differentiation is mostly horizontal, and hence, compromising effects (see, e.g., Simonson (1989)) or
decoy effects (see, e.g., Huber, Payne, and Puto (1982)), which indicate that consumer preference may be shifted
by the menu variables, may not play an important role in our setup.

23Goeree (2008) uses attributes, product cost shifters, and advertising cost shifters of all other products to con-
struct optimal instruments. Also, Goeree (2008) tests the exogeneity of exposure to advertisements using the cost
of access to various media, and finds that this endogeneity is not an issue.

24In Kawaguchi, Uetake, and Watanabe (2019), they confirm that the allocation is not correlated with key vari-
ables such as demographics and sales patterns.
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set, there is little variation in prices conditional on the product’s package and size,25 which

may not be sufficient to fully recover the price coefficient. Conditional on package and size,

additional variations in the price mainly come from the package of size 280ml. Because this

size of the package was relatively new, the company experimentally set different prices across

products. Therefore, the endogeneity issue in the price seems limited. Since the variation in

the price is not rich enough, the functional form assumption is necessary.

In order to identify the random coefficients, we need the variation in the consumer-choice-

level characteristics (see, e.g., Berry and Haile (2011); Fox, Kim, Ryan, and Bajari (2012)). For

example, we have such variations when the price and advertisements for a particular prod-

uct vary by time and the vending machine or when product availability varies by time and

the vending machine. In our data set, however, the variation in prices, advertisements, and

product availability are not rich enough to allow nonparametric identification. Therefore, the

identification of the random coefficients relies on the parametric assumptions we make.

Lastly, we assume that attention probabilities are independent, conditional on the observ-

ables. Thus, unconditional attention probabilities can be dependent due to the correlation

in the observables. Although we acknowledge that the independence assumption helps iden-

tification with the actual variation in the data, the assumption is not necessary in theory. If

there exist data on feasible sets that contain the set of all possible combinations of goods, we

can potentially identify the correlation of attention probabilities flexibly. We provide a more

formal discussion in the online appendix. Similarly, we assume that the random shocks for at-

tention and the ones for preference are independent of each other. Although this assumption

is maintained in the existing papers, this is indeed a strong assumption. Our data do not have

rich enough variations to identify the correlation.

25When we regress prices on package dummies and size dummies, the model explains more than 90% of the
variation in prices.
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4.2 Simulated Maximum Likelihood Estimation

We estimate the consideration set model discussed in Section 3 with a simulated maximum

likelihood estimator, which uses simulated purchase probabilities to calculate the likelihood

of individual purchase decisions.

Given the realization of random effects, {ζ j ,ξ j } j∈J , {αi j ,βi j }i∈I , j∈J , {νi ,υi }i∈I in the

model discussed in Section 3, the choice probability of products can be decomposed into the

attention probabilities and the choice probabilities conditional on consideration sets, as fol-

lows:

pi j t ≡P{Di j t = 1}

=
∑

Ci t⊂Jt

P{U ∗
i j t ≥ max

k∈Ci t

{U ∗
i k t }}
∏

l∈Ci t

P{Ci l t = 1}
∏

m 6∈Ci t

P{Ci m t = 0}

≡
∑

Ci t⊂Jt

πi j t (Ci t )
∏

l∈Ci t

γi l t

∏

m 6∈Ci t

(1−γi m t ),

(4.1)

where γi j t =P{Ci j t = 1} and πi j t (Ci t ) =P{U ∗
i j t ≥maxk∈Ci t

{U ∗
i k t }}.

Then, the likelihood function is

∫

∏

i

∏

j

∏

t

p
Di j t

i j t d F ({ζ j ,ξ j } j∈J ,{αi j ,βi j }i∈I , j∈J ,{νi ,υi }i∈I ). (4.2)

Note that equation (4.1) involves a large number of terms as it sums up 2|Jt | − 1 terms,

which is the number of potential consideration sets. It is not computationally straightforward

to accurately approximate this choice probability with computationally feasible number of

simulation draws of consideration sets.26 Instead, we compute the choice probability with a

method recently proposed by Lee (2019), which does not require one to simulate considera-

tion sets. Lee (2019) theoretically shows that his approximation algorithm is more reliable and

faster than the simulation-based strategy.

26Existing papers either assume that certain products are in the consideration set based on, for example, past
purchase or usage, and sum over all possible consideration sets, or simulate choice sets using importance sampler
as in Goeree (2008), which has some well-defined properties.
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In particular, Lee (2019) shows that the choice probability can be analytically written as

follows:

pi j t = γi j t

∫

∏

l∈Jt \{ j }
[1−γi l t +γi l t P (η|Ui j t )]p (η|Ui j t )dη, (4.3)

where P (·|Ui j t ) is the conditional probability distribution of ηi j t given Ui j t and p (η|Ui j t ) =
d P (η|Ui j t )

dη . A benefit of this transformation is that the choice probability, pi j t , can be described

as a univariate integration problem, which is much more accurately done than simulating a

large number of consideration sets. Another benefit is that the integrand involves only |Jt |

terms, which is computationally faster than simulating 2|Jt | terms. We use the algorithm pro-

posed by Lee (2019) to approximate equation (4.3). We then compute the likelihood function

(equation (4.2)) by simulating random coefficients, {ζ j ,ξ j } j∈J , {αi j ,βi j }i∈I , j∈J , {νi ,υi }i∈I .27

We will explain the estimation algorithm in the online appendix in detail. Lastly, since our es-

timation strategy does not have to simulate consideration sets, we do not have to correct stan-

dard errors due to high variance of simulated consideration sets as is done in Goeree (2008).

5 Estimation Results

5.1 Parameter Estimates

We report the estimated coefficients of the consideration set model in Table 4.28 The first col-

umn shows the estimated coefficients of the attention function and the second column shows

those of the utility function. The heterogeneity in the effectiveness of product recommenda-

tions across consumer segments is summarized in Table 5.

The coefficient on product recommendation (PR) is positive for both attention and utility.

Hence, recommendations not only increase the attention to the recommended product, but

27For {ζ j ,ξ j } j∈J and {νi ,υi }i∈I , we take 100 random draws for each product. For {αi j ,βi j }i∈I , j∈J , we take 100
random draws for each product and customer.

28In the online appendix, we also report the fit of the consideration set model. In addition, we report the param-
eter estimates and the fit of a random-coefficient multinomial logit model to compare the results. We find that the
consideration set model fits better to the data. We thank Associate Editor for suggesting this analysis.

24



Table 4: The Parameter Estimates

Attention Estimate 95% C.I. Utility Estimate 95% C.I.

PR 0.093 [0.090, 0.104] PR 0.047 [0.045, 0.054]
MR 0.053 [0.052, 0.060] NS 0.202 [0.176, 0.242]
NR 0.192 [0.189, 0.195] price -1.072 [-1.110, -1.068]
NR2 -0.321 [-0.322, -0.319] PR × T1 0.019 [0.017, 0.023]
PR × T1 0.106 [0.105, 0.108] T1 -0.063 [-0.068, -0.060]
NR × T1 0.055 [0.049, 0.058] T2 -0.034 [-0.040, -0.032]
PR ×NR -0.123 [-0.127, -0.121] Green tea 0.096 [0.090, 0.098]
NS 0.061 [0.058, 0.063] Other tea 0.097 [0.090, 0.100]
NM -0.005 [-0.006, -0.004] Water 0.023 [0.018, 0.032]
T1 0.131 [0.065, 0.173] Sport 0.099 [0.090, 0.103]
T2 0.006 [0.005, 0.010] Canned coffee 0.080 [0.074, 0.083]
PR × Can 0.016 [0.015, 0.029] Bottled coffee 0.035 [0.033, 0.037]
PR × Glass bottle 0.017 [0.015, 0.030] Black tea 0.127 [0.125, 0.131]
MR × Can 0.021 [0.015, 0.028] Carbonated -0.003 [-0.010, 0.011]
MR × Glass bottle 0.008 [0.005, 0.021] Fruit 0.106 [0.098, 0.109]
Green tea -0.046 [-0.047, -0.044] Healthy 0.040 [0.038, 0.047]
Other tea 0.027 [0.026, 0.029] Other drink 0.137 [0.135, 0.150]
Water -0.084 [-0.083, -0.076] Green tea × Temp -0.088 [-0.091, -0.087]
Sport 0.049 [0.045, 0.052] Other tea × Temp -0.093 [-0.095, -0.092]
Canned coffee -0.145 [-0.146, -0.143] Water × Temp -0.084 [-0.086, -0.074]
Bottled coffee 0.155 [0.157, 0.164] Sport × Temp -0.085 [-0.109, -0.082]
Black tea 0.061 [0.059, 0.069] Canned coffee × Temp -0.097 [-0.100, -0.095]
Carbonated 0.109 [0.107, 0.120] Bottled coffee × Temp -0.095 [-0.098, -0.093]
Fruit 0.050 [0.047, 0.052] Black tea × Temp -0.115 [-0.118, -0.114]
Healthy 0.100 [0.097, 0.107] Carbonated × Temp -0.107 [-0.109, -0.097]
Other drink 0.055 [0.052, 0.068] Fruit × Temp -0.091 [-0.094, -0.089]
Can -0.050 [-0.052, -0.048] Healthy × Temp -0.100 [-0.101, -0.099]
Glass bottle 0.136 [0.138, 0.152] Other drink × Temp -0.128 [-0.132, -0.124]
Plastic bottle × Volume -0.023 [-0.028, -0.020] Can 0.160 [0.153, 0.163]
Can × Volume 0.614 [0.612, 0.619] Glass bottle 0.023 [0.020, 0.038]
Glass bottle × Volume 0.236 [0.236, 0.251] Plastic bottle × Volume 0.278 [0.269, 0.281]
σ 0.671 [0.668, 0.684] Can × Volume 0.085 [0.084, 0.089]
S.D. αi j 0.025 [0.025, 0.039] Glass bottle × Volume -0.275 [-0.278, -0.262]
S.D. ζ j t 0.465 [0.462, 0.479] ω 0.031 [0.026, 0.042]

S.D. βi j -0.044 [-0.065, -0.01]
S.D. ξ j t 0.188 [0.181, 0.19]

Note: Confidence intervals are constructed based on 100 bootstrapping samples. We omit some estimates from the table to
save the space.
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also increase the utility, which implies that the product recommendation in our setup has both

informational and persuasive roles, which should be combinations of effects through utility

and attention. The coefficient on recommendation spillover (MR) in attention is positive, and

hence when the machine recommends some products, consumers pay more attention to each

product in the machine, including non-recommended ones. The effect of PR and MR is also

heterogeneous depending on package as different packages attract different attention. The

total number of recommended products, NR, has a positive first-order effect on attention, but

the second-order effect is negative. Thus, consumers pay less attention to each product if

there are too many recommended products. This finding may reflect the consumer’s limited

resource for attention.

The coefficient on the number of products in the assortment (NM) is negative for attention,

which suggests that consumers pay less attention to each product if there are more products

in the vending machine. Thus, cognitive constraint seems to dominate the love-for-variety

effect with attention. The effect of the number of columns that each product occupies (NS) is

positive for both attention and utility. Hence, consumers become more aware of products that

occupy more physical space in the vending machine, and they are more attracted to buying

them.

Regarding time pressure, we find that the coefficients on time pressure (T1 and T2) are

positive. Hence, consumers have lower attention under greater time pressure in general. In

contrast, the coefficients on T1 and T2 are negative in utility, i.e., consumers are more likely to

buy some products because they feel more time pressure. A possible interpretation of these

coefficients is as follows: time pressure deprives a consumer of her cognitive resources, lead-

ing to her not pay enough attention to the products, to not carefully examine the products,

and to make an impulse to buy.

More importantly, the effectiveness of product recommendations is also affected by time

pressure. We find that the coefficient on PR× T1 is positive for both attention and utility.

Hence, consumers pay less attention to recommended products when they are under time
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Table 5: The Parameter Estimates for Customer Heterogeneity

Gender PR in Attention MR in Attention PR in Utility
Estimate 95% C.I. Estimate 95% C.I. Estimate 95% C.I.

Junior
Female 0.237 [0.234, 0.259] 0.114 [0.112, 0.123] 0.126 [0.123, 0.137]
Male 0.250 [0.245, 0.275] 0.120 [0.115, 0.137] 0.127 [0.122, 0.147]

Senior
Female 0.093 [0.090, 0.104] 0.053 [0.052, 0.060] 0.047 [0.045, 0.054]
Male 0.106 [0.101, 0.120] 0.059 [0.055, 0.074] 0.048 [0.044, 0.065]

Old
Female 0.167 [0.162, 0.185] 0.129 [0.127, 0.138] 0.122 [0.118, 0.133]
Male 0.180 [0.173, 0.201] 0.135 [0.130, 0.152] 0.123 [0.118, 0.142]

Note: Confidence intervals are constructed by 100 bootstrapping samples. We omit some estimates from the table to save the
space. Junior is a dummy variable for customers whose age is younger than 30, senior is between the ages of 30 and 50, and old
is 50 or older.

pressure, and they are less likely to buy the recommended products even when they are con-

sidered. This finding is consistent with Kawaguchi, Uetake, and Watanabe (2019) and suggests

that consumers do not want to be told what to buy when they are in hurry.

Table 5 reports the heterogeneity in the coefficients of product recommendations on at-

tention and preference (Πα and Πβ in the random coefficients). Our model includes the gen-

der and age of customers as categorical variables in the random coefficients. We find signifi-

cant heterogeneity in the effects of product recommendations across different demographic

groups. An interesting finding is that senior consumers (age 30-50) tend to pay less attention

to recommended products and feel smaller utility from those products. We also find that fe-

male customers pay less attention to recommended products and find less utility. One of the

interesting managerial questions that arises here is which of the traditional attribute-based

targeting and context-based recommendations has a higher impact and through which chan-

nel (attention vs utility). We address this question in the subsequent section.
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Table 6: Mean Elasticity of Choice Probability to Recommendation

Total Own Cross

Full 0.032 0.187 0.027
Attention channel only 0.029 0.090 0.027
Utility channel only 0.003 0.086 0.000

Note: The covariates are set at actual values except for vari-
ables related to product recommendation. We dropped the top
2.5% own elasticities because they are unstable.

5.2 Advertisement Elasticities

To quantify the effects of recommendations on attention and utility under time pressure, we

calculate advertising elasticities on attention, utility, and overall purchase incidence under

different levels of time pressure.

Because in our setting advertising, P R , is a binary variable, we define elasticities as follows.

For each purchase occasion t , we set P R =N R =M R = 0 in both attention and utility for all

products j ∈ Jt and calculate the choice probability of product j as s 0
j t . We then set P R j t =

N Rt = M Rt = 1 for each product j . We denote the choice probability of product k where

only product j is recommended by s
1 j
k t . Based on these notations, we define the own elasticity

of the choice probability by
s

1 j
j t −s 0

j t

s 0
j t

and the cross elasticity by
∑

k 6= j ,0(s
1 j
k t −s 0

k t )
∑

k 6= j ,0 s 0
k t

. Note that we sum

up choice probabilities of non-recommended products k here. Finally, we define the total

elasticity by
∑

k 6=0(s
1 j
k t −s 0

k t )
∑

k 6=0 s 0
k t

, where the summation is taken over all products Jt . We compute these

elasticities for each purchase occasion and for each product and report the mean in Table 6.29

Under Actual Time Pressure In the first row of Table 6, we present the mean of own, cross,

and total elasticities as defined above using the full model given the level of time pressure shown

in the data. We find that, on average, recommending a product increases the total vending

machine sales by 3.2%, the sales of recommended products by 18.7%, and the sales of non-

29Remember that the elasticities we calculate here can be considered as the upper bounds because it includes
the effect of changing N R and M R from 0 to 1.
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Table 7: Mean Elasticity of Choice Probability to Recommendation by Time Pressure

(a) Full

Time 0 5 10

all 0.029 0.037 0.02
own 0.156 0.183 0.196
cross 0.024 0.032 0.014

(b) Attention channel only

0 5 10

0.0266 0.0324 0.0127
0.0867 0.0548 0.0141
0.0244 0.0316 0.0138

(c) Utility channel only

0 5 10

0.002 0.004 0.007
0.063 0.123 0.205

0 0 0

Note: The setting is the same as those in Table 6 except that the time to next train (minutes) is set at 0, 5, and 10 minutes from
the time of a purchase. Because some cases show extremely high elasticity due to the small baseline choice probabilities, we
dropped cases with top 2.5% own elasticities.

recommended products by 2.7%.30

We then decompose the elasticities in the first row into the effect through attention and

the one through utility. In the second row, we calculate three types of elasticities when the

coefficients on P R , N R , and M R in the utility are set to 0, i.e., recommendations affect only

attention. Similarly, in the third row, we calculate three elasticities when the coefficients on

P R , N R , and M R in the attention are set to be 0, i.e., recommendations affect only utility.

The results show that the mean of the total elasticity is 0.03 when recommendations affect

only attention and 0.003 when recommendations affect only utility. Hence, the recommen-

dations affect total vending machine sales more through the attention channel than through

the utility channel. This is because N R and M R are included in attention but not in utility. By

contrast, own elasticity is 0.09 when recommendations only affect attention and 0.086 when

recommendations only affect utility. Thus, the effect of recommendations on a recommended

product works slightly more through the attention channel.31

Under varying degrees of time pressure We also calculate the three types of elasticities un-

der varying degrees of time pressure, i.e., the time to the next train is 0 minutes (high time

pressure), 5 minutes (medium time pressure), and 10 minutes (low time pressure). Note that

30These elasticities are moderate compared to what some existing papers have found. For example, Breugelmans
and Campo (2011) find that in-store displays can increase the sales of displayed products by up to 100%.

31In the online appendix, we also report the effects of recommendations on the probability that a product is
included in the consideration set.
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it is a priori unclear whether elasticities increase or decrease with time pressure because both

the numerator and denominator of the elasticities vary by time pressure.

In Panel (a) of Table 7, we present the mean of three elasticities under three different con-

ditions of time pressure based on the full model. We find that total elasticity, own elasticity

increases, and cross elasticity have inverse-U relationship.

Panels (b) and (c) present the mean of elasticities when recommendations do not affect

utility (panel (b)) and do not affect attention (panel (c)), respectively. In panel (b), we find that

total elasticities and cross elasticitities have inverted-U shape, while own elasticities increase

as time pressure increases. We find different patterns in panel (c); both overall and own elastic-

ities decrease as time pressure increases due to a lack of a spillover effect. These findings also

motivate our counterfactual simulations to optimize recommendations based on the degree

of time pressure.

6 Optimizing Recommendations under Time Pressure

6.1 Optimizing the Number of Recommendations under Time Pressure

Using the estimates of the consideration set model, we conduct several counterfactual simu-

lations to derive managerial implications. In particular, we begin by considering how many

products the company should recommend under time pressure.32 Although recommenda-

tions in general increase the attention and utility of recommended products, recommend-

ing too many products can backfire because customers may start paying less attention to

each product and when customers feel time pressure, they pay less attention to each prod-

uct, and the effect of recommendations weakens. Hence, finding the optimal number of rec-

ommendations is an important managerial question.33 Moreover, a reduced-form analysis by

32In the online appendix, we show the results of the counterfactual simulations based on the multinomial logit
model as a comparison. We find that the counterfactual recommendation systems based on the logit model tend
to recommend too many products.

33According to the company, the gross margins are more or less the same across products. Therefore, the com-
pany sets the number of sales units, not the sales value or profit, as its objective variable.
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Kawaguchi, Uetake, and Watanabe (2019) cannot answer this counterfactual question. In this

exercise, we study how machine-level sales change by the number of recommended products

and their sensitivity to time pressure.

To avoid a computationally intractable combinatorial optimization problem, we do not

consider the optimal combination of recommended products here. Instead, we randomly

select which products to recommend, given how many products to recommend. More pre-

cisely, we first randomly order available products ( j = {1, ..., Jt }) for each occasion, where Jt is

the number of available products in vending machine k at occasion t . We then recommend

products from 1 to K , where K is the number of products to recommend. We repeat this pro-

cedure from K = 1 to K = Jt for each vending machine and occasion. Later, we consider which

products to recommend in a certain simplified way.

Figure 3: Machine-level Sales by the Number of Recommendations
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Note: For each purchase occasion, begin with a setting in which there is no product recommendation and then randomly pick up a
product to recommend. Continue this process until all products in the vending machine are recommended. At each number of product
recommendations, compute the machine-level sales units of products. Then, compute percentiles of the sum of inside product share
for each number of recommendations (NR) across purchase occasions.

Optimal Recommendations Under Actual Time Pressure First, we show that machine-level

sales vary by the number of recommendations given the actual level of time pressure. In Panel

(a) of Figure 3, we plot the sales units per machine on the vertical axis against the number
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of recommendations per machine on the horizontal axis. The top curve shows the 75th per-

centile of the distribution of sales among vending machines, the middle 50th percentile, and

the bottom 25th percentile. The figure shows that the optimal number of recommendations

is about 7 at the median and sales decrease if there are too many recommended products.

Optimal Recommendations Under Counterfactual Time Pressure Next, we examine how

time pressure affects the optimal number of recommendations by changing the degree of time

pressure from what we observe in the data to counterfactual levels. Panel (b) of Figure 3 plots

the median per-machine sales against the number of recommendations under three different

levels of time pressure. We find that it is optimal to recommend more when there is less time

pressure.

Optimality of Contextual Recommendation Now, we consider how much context-based

recommendations can improve sales for the company. We do so by comparing the following

three recommendation policies with the actual one. The first policy is the optimal uniform

policy, which uniformly recommends the same number of products for all vending machines

to maximize the sum of the sales from all vending machines during the time period. Hence,

the uniform policy does not change recommendations based on context or attribute. Second,

we consider the optimal segment-based targeting policy, in which the number of recommen-

dations is chosen so as to maximize sales for each consumer segment (gender× age class) level.

The segment-based targeting policy is similar to a traditional targeting strategy that is based

only on observable customer characteristics. The third policy is the contextual policy, which

recommends the optimal number of products for each vending machine and for each point of

time. Note that the optimal contextual policy adjusts how many products to recommend de-

pending on the degree of time pressure at each purchase occasion. Because there is no recom-

mendation shown in the control group, the comparison is conducted based on the purchase

occasions in the treatment group. Given a number of recommended products, our baseline

simulations randomly choose which products to recommend from the set of available prod-
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ucts at each vending machine.

Table 8 reports the results, which include the percentage change in the sales in the first

column, and the mean and standard deviation of the optimal number of recommendations in

the second and third columns.

We find that the uniform policy can improve sales by 0.82% relative to the current policy

and it recommends 7 products. The segment-based targeting policy slightly increases the sales

volume but only by an additional 0.06 percentage points relative to the uniform policy. Also,

the targeting policy recommends slightly more products on average. Lastly, the contextual

policy can achieve even higher performance with 1.79% of sales increase and the contextual

policy recommends 11 products on average. Therefore, we find that the contextual policy out-

performs the traditional attribute-based recommendation policy in our setup.

Table 8: Sales and Optimal Recommendations

Sales NR
Change Mean S.D.

Actual - 4.44 1.74
Uniform 0.82% 7.00 -
Target 0.88% 7.50 1.22
Contextual 1.79% 11.13 7.09

Note: The table reports the sales change under the op-
timal number of recommendations for each algorithm
against the actual recommendations in the first column,
and the optimal number of recommendations in the sec-
ond column.

6.2 Optimizing Products to Recommend under Time Pressure

In the previous analysis, we focus on the number of recommended products, but we do not

consider which products to recommend, because it is computationally infeasible to search

across all possible combinations. We now consider how much sales improve by taking that into

account. Since it is computationally hard to compare all possible assortment combinations,

we do so by implementing the following heuristic greedy algorithm. Hence, one can interpret
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our results as a lower bound of more sophisticated assortment optimization algorithm.34 For

each vending machine t , let J̃t denote the set of recommended products andΠt (J ) denote the

sales of vending machine t when the set of products J ⊆ Jt is being recommended. Then, the

greedy algorithm works as follows.

1. Set J̃t = ;.

2. Update J̃t = J̃t ∩{ j } such that j = arg max j∈Jt \ J̃t
Πt ( J̃t ∩{ j }).

3. Stop if Πt ( J̃t ∩{ j })<Πt ( J̃t ) for all j ∈ Jt \ J̃t .

Simply speaking, the greedy algorithm keeps adding a product that increases the total sales

of the vending machine given the set of recommended products in the previous round. We

implement the greedy algorithm for all vending machines in the data and for all four cases

(Actual, Uniform, Target, and Contextual) and report the results in Table 9.

Table 9: Sales and Optimal Recommendation by Greedy Algorithm

Sales NR
Change Mean S.D.

Actual - 4.44 1.74
Uniform 3.13% 8.00 -
Target 3.15% 8.50 0.84
Contextual 3.71% 11.05 5.63

Note: The table reports the sales change under the op-
timal number of recommendations for each algorithm
against the actual recommendations in the first column,
and the optimal number of recommendations in the sec-
ond column.

We find that the greedy algorithm generates higher sales than our baseline case, but the

results are qualitatively the same. Uniform and Target recommendations increase the sales by

a similar percentage, while Contextual recommendations increase total sales by about 3.71%.

34In Operations Research, there are several algorithms to optimize assortment given a demand system such
as multinomial logit and nested logit models (see, e.g., Davis, Gallego, and Topaloglu (2014) and Feldman and
Topaloglu (2018)). It is well-known that the assortment optimization problem with a random coefficient multino-
mial logit model is in general NP-hard. So far, there is no algorithm for optimizing assortment with a consideration
set model.
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Our counterfactual simulations provide only the lower bound of the potential impacts of context-

based marketing. If the company can optimize recommendations, total sales would increase

even further.

7 Conclusion

This paper studies the effect of time pressure on consumer attention and utility and exam-

ines the optimization of product recommendation systems that adopt contextual factors. To

answer the research questions, we take advantage of our unique setup of consumer beverage

purchases from the vending machines on train station platforms, which allow us to measure

the degree of time pressure that consumers feel from the train schedule information.

We build a structural model of the consideration set formation, in which time pressure and

product recommendations can affect consumer attention and utility, and consumer attention

can depend on "menu"-related variables such as the number of recommended products and

the number of unique products in the assortment.

The estimation results reveal several findings. First, we find that time pressure negatively

affects consumer attention but positively affects utility. Second, product recommendations

increase both attention and utility, but time pressure moderates the effectiveness of recom-

mendations. Third, the number of total recommendations increases the attention level in

general, but in decreasing order. Finally, there is significant heterogeneity in the effects of

recommendations across customer segments.

Using the estimates, we conduct a series of counterfactual simulations to investigate the

optimal design of the context-based recommendation system. In particular, we compare the

context-based recommendation, which changes the number of recommended products based

on the degree of time pressure for each machine with the customer attribute-based targeting

as in a traditional targeting strategy. We find that the context-based recommendation outper-

forms the attribute-based targeting in our context.

Lastly, there are some interesting and important avenues for future research. First, we do
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not incorporate any dynamics into the model and are agnostic about the evolution of the con-

sideration set over time. It is important to study how advertisements have a long-run effect on

consumer preference and attention. Second, assortment design is very attractive research. In

this paper, we do not investigate the optimal combination of products for recommendations,

but it would be an interesting strategy to consider. We leave those topics for potential future

research.
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Online Appendix (Not for Publication)

Appendix A Picture of the Vending Machine

The figure shows a vending machine used for the experiment on a train platform. There

is a digital touch panel in the front and a camera at the top of the machine recognizes the

customer’s age and gender. The vending machine makes recommendations based on the ob-

served consumer characteristics. The image is supplied by the company.

Appendix B Balance Check

Our empirical analyses rely on the assumption that beverage demand is not correlated with

the treatment condition conditional on observed characteristics. Although it is not possible to

perfectly prove the exogeneity assumption, we can show how observable characteristics vary

by the condition.

As Table 10 shows, no systematic difference in observable characteristics exists between

the treatment and control conditions.35

35The difference might be statistically significant for some variables, but it is small in magnitude and does not
affect our estimates.
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Table 10: Balance Check

Control Treatment
Mean Std Dev Mean Std Dev

Precipitation 3.853 8.91 3.807 9.03
Temperature 26.26 1.514 26.168 1.517
crowdedness_hour 337.2 767.4 308.7 703.5
time to next 3.436 5.865 3.187 5.163
time to after next 3.481 3.809 3.373 3.73

Female 0.3126 0.4636 0.3227 0.4675
Age 10 0.0148 0.1208 0.0155 0.1235
Age 20 0.1481 0.3552 0.1546 0.3615
Age 30 0.3447 0.4753 0.3469 0.476
Age 40 0.3218 0.4702 0.3191 0.4661
Age 50 0.1623 0.369 0.1639 0.3702

Notes: In the table, we compare some machine-level characteristics for the con-
trol group and the treatment group.

Appendix C Identification by Product Availability

In this section, we provide some discussion about identification of the consideration set model.

C.1 Intuition of the Product Availability Approach

We begin with the intuition of the identification based on product availability. The idea is

based on the recently growing literature in decision theory, particularly Masatlioglu, Nakajima,

and Ozbay (2012) and Manzini and Mariotti (2014). These studies exploit variations in product

availability to infer consumer attention and preferences using only choice data. Masatlioglu,

Nakajima, and Ozbay (2012) consider a case in which both preference and attention are de-

terministic, whereas Manzini and Mariotti (2014) consider a case in which only attention is

stochastic. These papers provide us with a useful starting point, although the empirical con-

sideration set models have stochastic error terms in both preference and attention.

Deterministic Preference and Attention Suppose there are three products (1, 2, and 3),

and we observe two different choice occasions of the same decision maker in which different
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Case 1 2
Feasible Sets 1, 2, 3 1, 2

Choices 1 2

Table 11: Example: An example of feasible sets and choices from Masatlioglu et al. (2012).
Product 3 must have been considered in Case 1 because choices are different in Cases 1 and 2.
Removing 3 from the choice set cannot affect consumer choice if 3 has not been considered.

sets of products are available, as in Table 11. In Case 1, all of 1, 2, and 3 are available, and the

consumer chooses product 1. In Case 2, only products 1 and 2 are available, and the consumer

chooses 2. Note that the consumer may not be aware of some of the products, even if they are

available.

Masatlioglu, Nakajima, and Ozbay (2012) consider the case with no stochastic shock in

either preference or attention and argue that product 3 must have been considered in Case

1, because choices cannot be flipped from Case 1 to Case 2 if product 3 was not included in

the consideration set in Case 1.36 Note that without more observations, we cannot pin down

preference and attention from this example. This can be because either product 1 is not in-

cluded in the consideration set in Case 2 and 1 � 2 in Case 1 or product 2 is not included in

the consideration set in Case 1 and 2� 1 in Case 2. More data may allow us to infer preference

and attention further, or more data may reject the rational choice model under limited atten-

tion. In fact, Masatlioglu, Nakajima, and Ozbay (2012) do not discuss what kind of data are

necessary to identify preference and attention completely. Instead, they show that it is pos-

sible to test if consumers use rational choice with limited attention given the data at hand if

and only if a weaker version of WARP (Weak Axiom of Revealed Preference) is satisfied. Hence,

sometimes preference or attention are only partially identified or are not identified.37

36Formally, Masatlioglu, Nakajima, and Ozbay (2012) require that if an alternative does not attract attention from
the decision maker, his/her consideration set does not change when such an item becomes unavailable.

37Note that full identification of attention in this example requires attention to be dependent on feasible sets. Re-
quiring independence between attention and feasible sets in the deterministic model does not make much sense
because it implies that a product is either always included or always excluded. Then, observed chosen products
are always included in any consideration set and are unlikely to be rationalized by choice with limited attention.
We thank Stephan Seiler for making this point.

44



Deterministic Preference and Stochastic Attention Extending this idea to the case with

stochastic consideration set formation but a deterministic preference, in which the choice

probability for each product can be observed, Manzini and Mariotti (2014) argue that product

3 must have been considered with positive probability in {1, 2, 3} if the choice probability of

product 1 and that of product 2 differ between these two cases. The reason for this argument

is similar to that for the previous case: removing product 3 from the feasible set cannot af-

fect consumer choice if product 3 has not been considered at all. This argument is the basic

intuition behind the identification of attention. To identify preference, Manzini and Mariotti

(2014) further argue that removing product 3 from the feasible set affects the choice probabil-

ity of 1 only if 3� 1, because the inclusion of lower-ranked alternatives does not influence the

choice when preference is deterministic. As such, variations in choice sets provide informa-

tion about both attention and preference.

C.2 Identification Result

When both preference and attention are stochastic, then the change in choice behavior is not

as discrete as in the deterministic preference case in Manzini and Mariotti (2014). Although

the fully nonparametric identification of the model becomes more difficult, the basic intuition

as outlined above carries over to the stochastic preference case, with some additional restric-

tions. The identification discussion in this section is nonparametric and therefore requires

strong assumptions that are not necessary to identify the empirical model in Section 3.

Let us begin with a simple case in which there are two feasible sets J = {1} and J ′ = {1, 2}.

Then, the market share of j = 1 for feasible set J is

s1(J ) =π1({1})γ1, (C.1)

where π1({1}) is the conditional choice probability of product 1 given consideration set C =

{0, 1}, and γ1 is the probability of having consideration set C = {0, 1} given J = {1}.38 Similarly,

38Because product 0 is the outside option and it is always included in the consideration set, we omit it in π j (·).

45



the market share of product 1 for feasible set J ′ is written as

s1(J
′) =π1({1})γ1(1−γ2) +π1({1, 2})γ1γ2. (C.2)

The first term on the right-hand side is the probability of choosing product 1 when the con-

sideration set is {0, 1}, and the second term is the probability of choosing product 1 when the

consideration set is C = {0, 1, 2}. Furthermore, the probability of C = {0, 1} given J ′ is simply

γ1(1−γ2). Similarly, the probability of C = {0, 1, 2} given J ′ is γ1γ2.

Now, using equations (C.1) and (C.2), we obtain the following:

s1(J )− s1(J ′)
s1(J )
︸ ︷︷ ︸

%-change in product 1’s market share

= γ2

�

1−
π1({1, 2})
π1({1})

�

= γ2
︸︷︷︸

Attention probability of product 2

(C.3)

×
π1({1})−π1({1, 2})

π1({1})
︸ ︷︷ ︸

%-change in product 1’s conditional choice probability

.

This relationship is the basis of our identification argument. Intuitively, the left-hand side,

s1(J )−s1(J ′)
s1(J )

, is the percentage change if product 1’s market share when product 2 is added to

the feasible set, which is observable. The right-hand side of the equation decomposes it into

two parts: i) the probability that product 2 is considered and ii) the percentage change in

product 1’s conditional choice probability when product 2 is added to the consideration set.

This decomposition allows us to separate the attention probability for product 2 from other

parts. If consumers are aware of all available products, it is easy to observe that s1(J )−s1(J ′)
s1(J )

=
π1({1})−π1({1,2})

π1({1}) .

Now, note that γ1 does not appear in the equation, as it is canceled out. In addition, note

that γ2 does not appear in the second term on the right-hand side. Hence, if there is sufficient

variation in the variable that only decreases the utility from product 2, one can nonparametri-
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cally identify γ2. Once these parameters are identified, we can apply the method established

in the discrete choice literature to identify the remaining parts of the model. The key part of

the identification is that the attention to product 2 is separated from preference terms, which

allows us to identify the attention model nonparametrically. In other words, if we consider

the effect of advertisement on product 1, the effect on attention for product 1, if any, does not

change the ratio s1(J )−s1(J ′)
s1(J )

, and the effect of advertisements on product 1’s choice probability

depends on its effect on preference 1− π1({1,2})
π1({1}) but not its effect on attention.

With more than two products in the feasible set, the decomposition in Eq. (C.3) becomes

slightly more complicated, but similar intuition works. With J = {1, 2, 3}, it is possible to show

that s1(J )−s1(J3)
s1(J3)

= γ3

�

1− π1({1,3})(1−γ2)+π1({1,2,3})γ2
π1({1})(1−γ2)+π1({1,2})γ2.

�

, where the attention probability of the dropped

product (i.e., product 3) is separated from the percentage change in product 1’s conditional

choice probability in the square bracket. Hence, given a large variation in the variable that

only decreases the utility from product 3, we can identify γ3.

The formal proposition is the following.

Proposition 1. Suppose there exist feasible sets J and J j = J \{ j } for all j ∈ J . Then, the consid-

eration set formation model, {γ j } j∈J , is identified.

Proof: We can prove the proposition with the case of J = {1, 2, 3}without loss of general-

ity. In this case, we obtain

s1(J ) = π1({1})γ1(1−γ2)(1−γ3) +π1({1, 2})γ1γ2(1−γ3)

+π1({1, 3})γ1(1−γ2)γ3+π1({1, 2, 3})γ1γ2γ3. (C.4)

Now, we can identify γ3 from choice observations from J3 = {1, 2}. We can write s1(J3) as fol-

lows:

s1(J3) =π1({1})γ1(1−γ2) +π1({1, 2})γ1γ2. (C.5)
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Combining Eqs. C.4 and C.5 yields

s1(J )− s1(J3)
s1(J3)

= γ3

�

1−
π1({1, 3})(1−γ2) +π1({1, 2, 3})γ2

π1({1})(1−γ2) +π1({1, 2})γ2.

�

(C.6)

Note that γ1 does not appear on the right-hand side of Eq. (C.6) and that γ3 does not ap-

pear in the object in the square brackets. s1(J )−s1(J3)
s1(J3)

is the percentage change in product 1’s

market share when product 3 is added to the feasible set (i.e., change from J3 to J ), which

can be decomposed into attention probability for product 3, γ3, and %-change of product 1’s

conditional choice probability when product 3 is added. The only difference from Eq. (C.3)

is that product 2 might also be included in the consideration set. Now, we adopt the stan-

dard identification-at-infinity argument (see, e.g.,Matzkin (1992); Briesch, Chintagunta, and

Matzkin (2010); Berry and Haile (2011)). In Eq. (C.6), driving Z3→+∞, we obtain s1(J )−s1(J3)
s1(J3)

→

γ3.39 This identifies γ3 nonparametrically. Using J1 and J2 with J , similarly, we can nonpara-

metrically identifyγ1 andγ2, respectively. Thus, all attention parameters are identified.40 Note

that it is straightforward to identify parameters in γs in Section 2 by using a simple panel linear

regression argument, as we have a panel structure in the data. �

We omit consumer heterogeneity (i.e., random coefficients) in this discussion, but this is

only for expositional simplicity. As we discussed in the main text, the identification of random

coefficients relies not only on the variation in product availability but also on the variation in

product/market characteristics across markets as shown in Berry and Haile (2011) and Fox,

Kim, Ryan, and Bajari (2012), which show nonparametric (semiparametric) identification of

random coefficient multinomial discrete-choice models.

Moreover, the proposition is derived using feasible sets J and J j = J \{ j }, but it is possible

to identify the model using different types of variation in feasible sets, for example, when there

39This procedure is possible because of the exclusion restriction, that is, Z3 does not affect the attention of prod-
uct 3.

40In a general case, we can always write
s1(J )−s1(J j )

s1(J j )
= γ j F (π1,γ1, ...,γJ ), where F (·) is a function of π1( eJ ) for eJ ⊆ J

such that 1 ∈ eJ , and γk for k ∈ J \{ j } , and F (·) → 1 as Z j → +∞. Hence,
s1(J )−s1(J j )

s1(J j )
→ γ j when Z j → +∞. This

identifies γ j .
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are two products added to (or dropped from) the feasible set as J = {1, 2, 3} and J23 = J \{2, 3}.

Then, we can show that the ratio s1(J23)−s1(J )
s1(J )

and variations in Z2 and Z3 allow us to identify γ2+

γ3−γ2γ3. More formally, s1(J23)−s1(J )
s1(J )

= γ2+γ3−γ2γ3−
π1({1,2})γ2(1−γ3)+π1({1,3})(1−γ2)γ3+π1({1,2,3})γ2γ3

π1({1}) .

Since π1(J )→ 0 as Z2, Z3 → +∞ for any J , we obtain the results in the main text, which im-

poses another over-identifying restriction over γs. When we observe more variations in feasi-

ble sets, such as J12, J13, and J23, we can have more restrictions to identify γ j . In fact, identifi-

cation can be achieved under more general patterns of feasible sets. A key implication of this

proposition is that product availability provides a source of identification in general.

Finally, note that we assume attention to be independent across products, following the

literature on the consideration set models ((Goeree 2008); Van Nierop, Bronnenberg, Paap,

Wedel, and Franses (2010); Barroso and Llobet (2012)). Although we acknowledge that this

assumption helps computation significantly, in principle, we can relax the independence as-

sumption because it is possible to use the overidentifying restrictions created by many types

of feasible sets. In an extreme case, one can nonparametrically identify arbitrary correlation

across errors in the attention function if there is a set of feasible sets that includes all possible

combinations of products.

C.3 Identification with Exclusion Restrictions on Utility Formation

In this section, we provide a proof of identifying the consideration set model with exclusion

restrictions on utility formation. Although not explicitly mentioned, the existing papers use

this exclusion restriction to identify the consideration set model. Two main conditions for the

identification are i) Advertisement Ai j t is excluded from utility but included for attention, that

is, β0i = 0, ii) the support of Ai j t is (−∞,+∞) for all j , and iii) the attention level for product

j is increasing in Ai j t , that is, α0i > 0.

Proposition 2. Under the exclusion restriction and the large support conditions, the consider-

ation set model is identified.
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Proof: When advertisement Ai j t is excluded from the choice probability conditional on

consideration set π j t , the choice probability of product j in market t is written as

si j t (Jt ) =
∏

C⊆Jt

π j ({X i k t , Zk t }k∈C |C )
∏

k∈C

γ(X i k t , Ai k t )
∏

l /∈C

(1−γ(X i l t , Ai l t ))

First, notice that limAi k t→+∞γ j (X i k t , Ai k t ) = 1 without affecting γ(X i j t , Ai j t ) for any other j .

This occurs because Ai k t affects only the consideration probability of product k and because

the large support condition allows us to drive Ai j t → +∞ for all j . In other words, we can

consider the situation in which all products are considered by driving Ai j t → +∞. Under

such a situation, the model is exactly the same as the regular discrete-choice demand model.

Hence, we can use the results from this stream of literature, such as Berry and Haile (2011),

and Fox, Kim, Ryan, and Bajari (2012). �

Observe that the exclusion restriction on utility formation is crucial for this identification.

If Ai j t also impacts preference, as in our model, both π j and γ j move together, and it is not

possible to determine where the expression converges. Note also that not only the exclusion

restriction, but also the large support condition is crucial for identification. If Ai j t is not ex-

cluded, π j (·) also move as Ai j t → +∞. Hence, one cannot tell if the consideration set model

converges to a regular discrete-choice model. If Ai j t does not satisfy the large support condi-

tion, one cannot drive Ai j t to positive infinity to eliminate the effect of unobservable consider-

ation sets. The product availability approach does not require these conditions for identifica-

tion. Moreover, the independence assumption is also important, because it might be possible

that more advertisement for product j leads to lower attention for product j ′, i.e., γ j ′ → +0

if Ai j t → +∞. Then, one cannot construct a situation in which all products are included in

the consideration set. Therefore, this approach also relies on the independence assumption.

Lastly, Ai j t can be other than advertising. We can use other variables such as menu-related

variables to the extent that these variables are excluded from the utility.
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Appendix D Estimation Algorithm

We explain the algorithm proposed by Lee (2019) to calculate the choice probabilities in 4.3.

Since his algorithm does not consider random coefficients in attention and utility functions,

we need to integrate choice probabilities out. Below, the algorithm runs given a fixed set of

draws of random coefficients. Let G (u ) = γi j t

∏

l∈Jt \{ j }[1−γi l t +γi l t P (u |Ui j t )]p (u |Ui j t ) and

take any small tolerance value ε. Remember that P (u |U ) is the probability distribution of the

idiosyncratic shock in the utility function.

1. Set u =max{u ∈ R|u = P −1(1− ε/2|αi
l ), l ∈ Jt } and u =min{u ∈ R|u = P −1(ε/2|αi

l ), l ∈

Jt }

2. Define un = u+ (u −u)n−1
N for n = 1, ..., N +1.

3. Let G (un ) =
G (un )+G (un+1)

2 for n = 1, ..., N . Then,

p̂i j t =
N
∑

n=1

G (un )(un+1−un ). (D.1)

Note that p̂i j t is computed given a set of simulated draws of {ζ j ,ξ j } j∈J ,{αi j ,βi j }i∈I , j∈J ,{νi ,υi }i∈I .

Finally, the simulated likelihood can be written by

1

Ns

Ns
∑

s=1

∏

i

∏

j

∏

t

p̂ s
i j t ,

where Ns is the number of simulations (which we set Ns = 100) and p s
i j t is the choice proba-

bility given a set of simulated draws calculated based on equation (D.1). We draw {ζ j ,ξ j } j∈J ,

{αi j ,βi j }i∈I , j∈J , {νi ,υi }i∈I from an i.i.d. standard Normal distribution, respectively. Lastly,

the confidence intervals of the parameters are computed based on 100 bootstrapped samples.
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Table 12: The Elasticity of Attention Probabilities to Product Recommendation

Elasticity Mean Sd Min Max Q1 Q2 Q3

own 0.198 0.044 0 0.279 0.181 0.204 0.225
cross 0.065 0.017 0 0.122 0.056 0.068 0.076

Note: First, we compute the attention probability of a product in a purchase occasion for
a consumer and then integrate consumer heterogeneity to obtain the attention probabil-
ity at the product and purchase occasion level when there is no product recommendation,
the product is recommended, and other product is recommended. Second, compute the
changes in the attention probabilities. The summary statistics above are across product and
purchase occasions. Because some cases show extremely high elasticity due to the small
baseline choice probabilities, we dropped cases with the top 2.5% own elasticities.

Appendix E Additional Results

Elasticities on Consideration Probability Table 12 presents the elasticity of recommen-

dations to the probability that a product is included in the consideration set instead of the

purchase incidence. As in Section 5.2, we calculate own and cross elasticities. We find that

recommendations increase the probability of being considered by 19.8% for recommended

products and 6.5% for non-recommended products.

Table 13 presents the elasticity of attention probability to product recommendations ac-

cording to different degrees of time pressure. We find that own elasticities of attention proba-

bility first increase as time pressure weakens and then decrease, while cross elasticities mono-

tonically decrease, because the baseline attention level under T 1 = 10 is already high, and

hence, the increase measured as a percentage would be smaller.

Logit Results In this section, we compare the consideration set model with a random-

coefficient multinomial logistic regression model. We estimate the following multinomial lo-

gistic regression model.

U ∗
i j t =







β0i Ai j t −β1i Pj +β
′
2i M t +β

′
3i X j t +βi j +ξ j +ηi j t ≡Ui j t +ηi j t

εi 0t

j ∈Jt \ {0},

j = 0,

(E.1)
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Table 13: Elasticity of Attention Probabilities to Product Recommendation by Time Pressure

Time 0 5 10

own 0.152 0.250 0.189
cross 0.069 0.060 0.044

Note: The setting is the same as that in
Table 12 except that the time to the next
train (minutes) is set at 0, 5, and 10 minutes
from the time of a purchase. Because some
cases show extremely high elasticity due to
the small baseline choice probabilities, we
dropped cases with the top 2.5% own elas-
ticities.

where the model includes all variables listed in Table 3. Hence, the difference between the full

consideration model and the model above is the fact that this multinomial logistic regression

model does not take into account the fact that the customer may not be aware of all available

products in reality.

First, we show the parameter estimates from the multinomial logistic regression model.

Although the estimated coefficients are mostly consistent with the estimates of the consider-

ation model reported in Table 5, there are a few key differences. For example, we find that the

coefficient on T1 is positive in the multinomial logistic regression, but the one in the prefer-

ence part of the consideration set model is negative. In other words, the logistic regression

model cannot separately estimate the differential impact of time pressure on attention and

preference. This fact may have potentially a large managerial implications because the com-

pany may want to decrease time pressure for the product with greater taste.

We then compare the fit of the two models. In Figure E.1, we plot the mean square error

of the logit model and the consideration set model by T1. We find that the consideration set

model fits to the data better overall. In particular, the consideration set model performs better

than the logistic regression model when time pressure is very high or very low. In Table 15, we

also report the log-likelihood and AIC of the multinomial logistic regression model and the

consideration set model. The table shows that the consideration set model outperforms the

logistic regression model in terms of both likelihood and AIC.
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Table 14: The Estimation Result of Parameters: Logit Model

Utility Estimate 95% C.I.

PR 0.091 [0.074, 0.127]
MR 0.078 [0.062, 0.087]
NR 0.093 [0.077, 0.128]
NR2 -0.036 [-0.039, -0.026]
NS 0.076 [0.063, 0.101]
price -1.335 [-1.383, -1.300]
PR × T1 0.053 [0.021, 0.075]
NR × T1 0.070 [0.047, 0.086]
PR×NR -0.029 [-0.054, -0.022]
NS 0.076 [0.063, 0.101]
menu -0.036 [-0.040, -0.027]
PR × Can 0.057 [0.010, 0.079]
PR × Glass bottle 0.071 [0.027, 0.181]
MR × Can 0.067 [0.039, 0.082]
MR × Glass bottle 0.063 [0.009, 0.239]
T1 -0.099 [-0.206, -0.027]
T2 -0.133 [-0.259, -0.026]
Green tea 0.050 [0.006, 0.066]
Other tea 0.120 [0.057, 0.137]
Water 0.045 [-0.044, 0.062]
Sport 0.116 [0.071, 0.188]
Canned coffee 0.060 [0.021, 0.074]
Bottled coffee 0.080 [0.022, 0.259]
Black tea 0.054 [-0.025, 0.072]
Carbonated 0.055 [-0.004, 0.229]
Fruit 0.050 [0.003, 0.063]
Healthy 0.058 [-0.013, 0.227]
Other drink 0.075 [-0.001, 0.263]
Green tea × Temp -0.022 [-0.024, -0.018]
Other tea × Temp -0.043 [-0.046, -0.039]
Water × Temp -0.024 [-0.031, -0.020]
Sport × Temp -0.029 [-0.033, -0.025]
Canned coffee × Temp -0.035 [-0.040, -0.032]
Bottled coffee × Temp 0.003 [-0.002, 0.008]
Black tea × Temp -0.007 [-0.011, -0.002]
Carbonated × Temp -0.055 [-0.058, -0.051]
Fruit × Temp -0.031 [-0.035, -0.027]
Healthy × Temp -0.026 [-0.030, -0.021]
Other drink × Temp 0.010 [-0.024, 0.037]
Can 0.063 [-0.016, 0.091]
Glass bottle 0.064 [0.002, 0.240]
Plastic bottle × Volume 0.058 [-0.021, 0.079]
Can × Volume 0.091 [0.023, 0.279]
Glass bottle × Volume 0.076 [0.054, 0.091]
ω 0.076 [0.026, 0.176]

Note: Standard errors are estimated by 100 bootstrapping sam-
ples. We omit some estimates from the table to save the space.
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Figure E.1: Mean Square Error by Time Pressure
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Note: The mean square error is calculated by 1
N J T

∑

(di j t −Di j t )2, where di j t is the observed choice by consumer i and Di j t is
the predicted choice probability of product j by consumer i .

Table 15: Fit of the Model

Logit Consideration Set
Log Likelihood 189.7 102.7
AIC 479.4 363.4

Lastly, we conduct the counterfactual simulation to find the optimal number of product

recommendations using the estimated multinomial logit model. Table 16 shows that the op-

timal number of recommendations is surprisingly large (more than 20 products) and the re-

sulted sales volume increase seem unreasonably high (greater than 20%). These results may

imply that the consideration set model would fit to the data better and give us reasonable

counterfactual simulation results.
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Table 16: Counterfactual Simulation: Logistic Regression

Sales NR
Change Mean S.D.

Actual - 4.44 1.74
Uniform 22.17% 24.00 -
Target 22.30% 24.67 0.52
Contextual 24.87% 25.99 3.92
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