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Abstract

We investigate the overall impact of stock-out on individual consumers’ in-

formation search behavior through both search-theoretic and experimental ap-

proaches. As the probability of stock-out increases, search intensity decreases,

while the expected number of searches may increase. Such increases in stock-out

probability also deter consumers from participating in the market.
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1 Introduction

This study investigate the overall impact of stock-out on individual consumers’ infor-

mation search behavior through both search-theoretic and experimental approaches.

In recent decades, several studies have addressed that the stock-out is the major

problem in the real world. They report the observed stock-out rates are as high as 8%.1

Moreover, Corsten and Gruen (2003) point out that if consumers face a stock-out, then

31% of them walk out of the store, 15% delay purchase, and 9% never purchase the

item (see also Emmelhainz et al. (1991); Corsten and Gruen (2004)). As such, stock-out

is a significant loss of sales opportunities for firms, and the evidence above shows the

importance of managing it.2

The possibility of stock-out affects not only sales opportunities but also consumers’

information search behavior. Because consumers usually have incomplete prior infor-

mation about the product (including whether the product is out-of-stock or not), they

must visit a firm (or website) to gather information by incurring search costs, including

time and money. If there is insufficient stock of the product at a firm, some unfor-

tunate consumers realize that although they have incurred search costs, the product

is out of stock. Consumers must incur additional search costs if they search further.

Furthermore, some consumers would be reluctant to engage in the initial search because

they anticipate stock-out and do not want to waste time and money. Thus, firms will

lose further sales opportunities. As a result, because stock-outs harm both firms and

consumers through consumers’ search behavior, we must consider their overall impact.

The purposes of this paper are to present a practical theoretical model and an

experimental method of examining consumers’ information search behavior regarding

1 Andersen Consulting (1996) shows that over 8.2% of items are not available in the average super-
market. Corsten and Gruen (2003) find that the average stock-out rate for 40 studies is 8.3%; Aastrup
and Kotzab (2010) lament that stock-out rates seem to have an average level of 7% to 8%, despite 40
years of research.

2 For example, Corsten and Gruen (2004) point out that a typical retailer loses about 4% of its
sales from stock-out.
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stock-out, as well as to provide the implications for consumer behavior and retailing.

Although stock-out is an important issue, very few studies focus on the impact of

the possibility of stock-out on consumers’ information search behavior (e.g., Anderson

et al. (2006); Zhou et al. (2015)); instead, most studies consider consumers’ reactions

to encountering stock-out, i.e., the ex-post effects of stock-out (e.g., Emmelhainz et al.

(1991); Fitzsimons (2000); Zinn and Liu (2008)). One possible reason for this focus is

the absence of a tractable consumer information search model that explicitly addresses

the overall impact of the possibility of stock-out, and empirical methods to confirm the

results.

In our model, we consider a market with many firms that supply a product. There is

a mass of consumers who wish to purchase the product, but they are initially uninformed

about the actual prices and valuations of the product they want; hence, they must search

for product information by incurring a search cost per firm. The product’s valuations

are randomly decided in each firm according to the same probability distribution, and

each firm independently determines its price that is revealed to consumers who visit

the firm. In addition, there exists a possibility of stock-out; a consumer may not obtain

product information despite the search.3

First, we characterize consumers’ search behavior when there is the possibility of

stock-out by extending the seminal work of Wolinsky (1986) and theoretically investi-

gate how the possibility affects consumers’ information search behavior.4 5 The intensity

of the consumer’s search behavior depends on her own search cost and the stock-out

probability. We show that the higher the stock-out probability (and the higher the

3 In that sense, we can also interpret the possibility of an exogenous shock (i.e., a shortage owing
to a disaster or store closure). Furthermore, we can interpret our model as a special form of Anderson
and Renault (1999). In essence, consumers have inflexible tastes for product varieties such that they
evaluate match utility of a product as zero with a certain probability.

4 More precisely, our model is a variation of Anderson and Renault (1999), where the market is not
fully covered.

5 Because we want to focus on the effect of the possibility of stock-out on individual consumers’
search behavior, we omit the analyses of firms’ pricing, profits, and welfare from the main part of the
study. See the discussion in Section 2 and the appendix for details.
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search cost), the more likely the consumer is to terminate the search at a lower valua-

tion. Like rising search costs, a higher stock-out probability also discourages consumers

from participating in the market and leads to fewer transactions. Moreover, increased

search costs always decrease the expected number of searches until each consumer ter-

minates the search and purchases the product (therefore, the conversion rate —the

number of purchases divided by the number of visitors— increases in the search costs).

In contrast, the effect of an increase in the stock-out probability on the number of

searches depends on the shape of the survival function of product valuation’s distri-

bution. If the survival function is log-concave (log-convex), the number of searches

increases (decreases) with an increase in the stock-out probability, corresponding to the

case where the probability of obtaining higher valuations is relatively low (high) and

decreasing rapidly (slowly).

Second, we confirm these theoretical predictions through experimental analysis. To

correct the consumer search behavior data, we conduct a search-theoretic laboratory

experiment. We show that most results are consistent with theoretical predictions;

hence, our model can well capture consumers’ search behavior. The reservation value,

which characterizes search intensity, declines as search costs or the stock-out proba-

bility increase (i.e., the search intensity decreases as those parameters increase), and

the expected number of searches also falls as search costs rise. As predicted by the-

ory, we find that whether the expected number of searches increases as the stock-out

probability increases depends on the distribution of valuations. Furthermore, we find

that an increase in stock-out probability induces subjects with higher search costs not

to participate. However, in some experimental treatments, the reservation values and

the number of searches tend to be significantly smaller than the theoretical values; this

issue requires further investigation.

Previous studies have shown that stock-out inherently results in a loss of sales oppor-

tunities by revealing consumers’ responses to stock-out. We show that the possibility
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of stock-out itself may cause a loss of sales opportunities by discouraging consumers

with high search costs from participating in the market. Therefore, practitioners (es-

pecially upstream suppliers) should pay particular attention to the impact of stock-out

on consumer’s beliefs for stock-out. On the other hand, our research suggests that the

stock-out not only has a negative impact on consumers and firms but also would have

a positive impact. That is, the possibility of stock-out could lead to higher conversion

rates and lower total search costs by discouraging consumers from further searches. We

show that it is important to know the distribution of consumers’ valuations about a

product to learn whether such positive effects exist. However, such a positive impact

may be less than the negative impact of consumer participation decisions; hence, practi-

tioners should be aware of the overall impact of stock-outs. We believe that our results

will be useful to both practitioners and researchers and consider that the framework

will prompt future in-depth discussions of stock-out.

The rest of this article proceeds as follows. In the remainder of this section, we

describe related literature and our contributions to it. Section 2 describes the basic

model, characterizes consumers’ search behavior, analyzes how the possibility of stock-

out affects consumers’ search behavior, and presents some theoretical examples. Section

3 describes the experimental design and identification strategy to confirm theoretical

predictions. Section 4 reports the results of the experiment and tests our predictions.

Section 5 concludes and discusses the important issue.

1.1 Related literature

As stock-out is a very broad issue that can cause loss to both consumers and sellers,

much research has been conducted in a wide range of fields, including marketing, man-

agement, and economics. The present study is mainly concerned with two fields: (1)

consumer behavior regarding stock-out in marketing and (2) consumer search theory in

economics.
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In consumer search behavior on stock-out in the marketing literature, the majority

of studies are empirical, focusing on consumer’s ex-post response to the stock-out (cf.

Campo et al. (2000)). For example, Emmelhainz et al. (1991) conduct a brief question-

naire on stock-out to see how consumers respond when they actually face the stock-out.

They find that 13% of consumers delay the purchase and 14% walk out of the store.6

(See also Campo et al. (2000); Kim and Lennon (2011); Pizzi and Scarpi (2013) for

consumers’ response to stock-out, and Fitzsimons (2000); Zinn and Liu (2008); Sam-

paio and Machline (2009) for the relationship between consumer characteristics and

their reactions to stock-out). In contrast to these studies, we analyze ex-ante responses

to stock-out, i.e., we focus on how the possibility of stock-out itself affects consumers’

search behavior using a search-theoretic framework. Using this framework, we reveal

the overall impact of the possibility of stock-out on consumer behavior (about the search

intensity, number of searches (conversion rate), and participation decisions), which has

not been elucidated in previous empirical studies on ex-post reactions to stock-out.

Thus, our study complements previous work and provides a new perspective on stock-

out analysis in the marketing literature.

Our model builds on consumer search theory in economics. Since the seminal work

of Stigler (1961), there have been many theoretical studies on consumer search. There

are two research streams: (i) research on consumer’s price search in homogeneous mar-

kets (e.g., Varian (1980); Burdett and Judd (1983); Stahl (1989)) and (ii) consumer’s

search for both prices and suitability of products sought on the market with hetero-

geneous products (Wolinsky (1986); Anderson and Renault (1999); Moraga-González

et al. (2017)). Our study is in the latter stream. In contrast to the previous studies,

we explicitly analyze the various effects of changing the stock-out probability. Our

approach provides important implications for economic welfare, especially by revealing

6 This ratio is almost the same as that reported by Corsten and Gruen (2003). Besides, Corsten
and Gruen (2004) note that 21% to 43% (depending on the product category) of consumers facing
stock-out walk out of the store.
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the impact of stock-out on the number of searches. We also contribute to consumer

search theory by providing data on the sequential search model’s robustness with vari-

ous parameters for search costs and stock-out probability.

Our study also relates to the literature of search experiments, especially in eco-

nomics.7 There is a vast body of experimental studies on both consumer and labor

search based on the outstanding frameworks proposed by Weitzman (1979) and Lipp-

man and McCall (1979). Many early experimental studies tested whether a sequential

search model following an optimal search rule with a reservation value could capture

subjects behavior. In the seminal study of Schotter and Braunstein (1981), the au-

thors asked subjects directly about their reservation values. They found no significant

difference between the theoretical and described reservation values for risk-neutral and

risk-averse subjects. Subsequent studies have also shown that such a sequential search

model captures subjects behavior well (see also Hey (1987); Kogut (1990); Sonnemans

(1998)). However, these studies have mainly focused on subjects’ search heuristics, and

few have focused on identification, particularly on the estimation of reservation values.

In a more recent study, Caplin et al. (2011) developed an experimental design that

can estimate the reservation value from the subjects’ choice process data and statisti-

cally showed that the sequential search model with the reservation value captured the

subjects’ behavior well.8 With our search-theoretic model, we extend the experimental

design of Caplin et al. (2011) to estimate the reservation value under various search

costs and stock-out probabilities, contributing to these studies by demonstrating the

robustness and applicability of the model.

7 In the marketing literature, Zwick et al. (2003) conduct a search experiment with ex-post stock-
out. Although they do not show explicit results for stock-out and consumer search behavior, some of
their other results are very similar to ours.

8 Brown et al. (2011) is also a relevant study of the sequential search in labor search experiments.
“arrival rate” in the context of labor search is a somewhat similar concept to the stock-out.
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2 The model

2.1 Settings

There are an infinite number of symmetric firms supplying a single product.9 Without

loss of generality, they can supply a product without any retailing costs. There is a mass

of consumers with measures normalized to one per firm who have imperfect information

about the actual price and the valuation for each firm’s product. They sequentially

gather information by incurring a search cost of s per firm.10 We impose a free-recall

assumption that each consumer can return to the stores they had visited freely, which

is usual in consumer search theory. According to Perloff and Salop (1985) and the

standard consumer search literature, we consider the products as differentiated between

firms, and each consumer has idiosyncratic tastes for each product. The valuation

of firm k’s product is denoted by uk, and we call the valuation the match utility of

firm k. When a consumer visits firm k, her match utility uk for the firm (product)

is independently and randomly drawn from a common twice-differentiable cumulative

distribution function F (u) with the interval [u, ū]. The distribution is commonly known.

We assume that consumers have no particular preference for firms, so they visit firms

in random order. Each consumer’s valuation of a firm’s product is independent across

consumers, and her utility function is linear.

We introduce stock-out probability as follows. When a consumer visits firm k (k =

1, 2...), a product is available at the firm with probability q, i.e., the consumer faces

stock-out at the firm with probability 1− q. We assume that the probability of an out-

of-stock event 1− q is the same for all firms and consumers, but whether the product is

out of stock at each firm is determined exogenously and independently for each firm and

9 Our results hold for a finite number of firms, but the results and calculations will be complicated.
Therefore, we assume an infinite number of firms for clarity.

10 For simplicity, we mainly analyze the behavior of a representative consumer with search cost s,
but we can allow search costs to vary among consumers. In Section 2.5, we consider each consumer’s
participation decision given her search cost si and the stock-out probability.
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consumer.11 The stock-out probability 1 − q is common knowledge, but consumers do

not know whether the product is actually out of stock at each firm before a search.12 13

We also assume that once a consumer observes the product is out-of-stock at a current

firm, she considers that she will never to purchase from there (so she never returns).

We focus on the symmetric equilibrium such that all firms charge the same price and

assume that a consumer holds a consistent belief that each firm charges the equilibrium

price, even if she observes a deviating price (i.e., passive belief).

The game proceeds as follows. In period 1, q is exogenously determined by nature,

the upstream monopolist, or somehow. In period 2, each consumer decides whether to

participate in the market given her search cost, the probability of stock-out, and her

individual beliefs. In period 3, firms charge prices simultaneously. Then, consumers

who are active in the market start searches in random order. We assume that firms

cannot change their prices during the game.

2.2 The optimal search rule

We first characterize the optimal search rule for a consumer who decides to participate

in the market. In the following analysis and the experiment, we mainly focus on the

case that all consumers participate in the market (i.e., the expected consumer surplus

of market participation is positive). However, each rational consumer must consider

whether to participate given her search cost, the stock-out probability, and her belief

about the price. Therefore, we discuss the participation decision in Section 2.5. For

11 For example, q can be interpreted as the quantities for each firm supplied by the upstream
monopoly firm. The inequality q < 1 represents a situation in which the upstream firm fails to forecast
supply (or sometimes it may intentionally reduce the entire supply) and thus supply is insufficient to
meet demand. In that sense, we can also interpret q as a capacity constraint on the entire market in
the short term. As another example, q is interpreted as an exogenous (or unintentional) shock (i.e.,
shortage owing to a disaster or the possibility of store closure).

12 This assumption can be easily justified (e.g., if the consumers can put a product on hold tem-
porarily). Relaxing this assumption will strengthen the effects of stock-out on search behavior.

13 We may use the model of Zhou et al. (2015) to perform a similar analysis of the ex-post stock-out
problem. According to their study, an ex-post stock-out may induce consumers to search more, which
is contrary to our finding.
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the moment, we assume that all consumers participate in the market.

Once consumers decide to participate, they follow the optimal search rule suggested

by Weitzman (1979). In each search period, each consumer compares an expected

incremental benefit from an additional search with an additional search cost of s. If the

expected incremental benefit from an additional search is higher than the search cost,

she decides to search further. Otherwise, she stops and purchases from the current firm

immediately.14 Let x represent the current highest observed match value. Then, given

x and the belief about the equilibrium price, an expected incremental benefit from an

additional search in the symmetric equilibrium is given by

q

∫ ū

x

(u− x)dF (u) = q

∫ ū

x

[1− F (u)]du. (1)

Let si represent the search cost for consumer i.15 Then, according to equation (1),

we argue that there exists a critical value of xi whereby the expected incremental benefit

from an additional search and an individual search cost si for an additional search are

indifferent given q:

h(xi(si; q)) ≡
∫ ū

xi(si;q)

[1− F (u)]du =
si
q
. (2)

Hereafter, we refer to this value of xi(si; q) as a reservation value for consumer i given

search costs of si and q. In the following context, we sometimes drop the index i for

brevity. Because xi(si; q) represents the minimum amount of match utility required by

consumer i, we can regard x(s; q) as a measure of the intensity of the search for each

consumer. Alternatively, we can formally define the search intensity as follows.

Definition. Searches based on the reservation value x1 are more intense than those

with x2 when x1 > x2 holds.

14 See the appendix for more formal characterization and derivation.
15 Despite considering homogeneous consumers, we use subscript i to denote the search cost for later

analysis and the experimental part.
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2.3 Characteristics of the reservation value

We first investigate the characteristics of the reservation value xi(si; q) to characterize

the consumer’s search intensity. In the following analysis, we focus on a change in

search costs as well as a change in the stock-out probability to highlight the common

and different effects of those changes on consumer behavior. From equation (2), we

immediately have

∂xi(si; q)

∂si
=

1

−q[1− F (xi(si))]
< 0 ;

∂xi(si; q)

∂q
=

(∫ ū
xi(si)

[1− F (u)]du
)2

si[1− F (xi(si))]
> 0. (3)

These expressions yield the following first proposition.

Proposition 1. The reservation value x(s; q) is (i) decreasing in s and (ii) decreasing

in 1− q.

These are rather intuitive results. When consumers face a higher search cost or

anticipate a high probability of stock-out, they tend to be reluctant to search further

because the opportunity cost of searching is large. Therefore, consumers are more likely

to accept the relatively low match utility observed in the current firm.

Then, what about p∗? We note that equation (2) is independent of p∗. As we see

in Section 2.5, each consumer’s participation decision is affected by p∗. However, once

a consumer participates in the market, as there is no difference between firms in the

symmetric equilibrium and with a consistent and passive consumer belief, the value of

p∗ does not matter.

Although a stock-out inherently leads to a loss of sales opportunities, Proposition 1

suggests that such a possibility may also have positive effects on both consumers and

firms. That is, even if a product has such a low match utility that a consumer would not

purchase it without the possibility of stock-out, she may do so if there is a possibility

of stock-out in a future search. It may benefit the consumer by reducing the number of

searches or benefit the firm by making sales easier. To confirm this, we next consider
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how the stock-out possibility affects the probability that consumers will transact with

the firm.

2.4 Number of searches and conversion rate

In this subsection, we focus on the effect of a change in search cost and stock-out

probability on the number of searches (or the conversion rate). In contrast to the

previous subsection, we show that a change in search cost s and 1−q may have different

effects on the number of searches.

Note that consumer i stops searching and immediately purchases from firm k if

and only if uk − pk ≥ xi(si; q) − p∗, where pk is the price of firm k. In a symmetric

equilibrium, a product is available at each firm with probability q, so the probability of

terminating a search and purchasing at the firm is given by

q[1− F (xi(si; q))], (4)

which is also known as a conversion rate. Then, when there is an infinite number of

firms, i’s expected number of searches #i is given by16

#i(si; q) ≡
1

q[1− F (xi(si; q))]
. (5)

Then, we have the following proposition.17

Proposition 2. (i) The expected number of searches decreases in s. (ii) The expected

number of searches is increasing (decreasing) in the stock-out probability 1−q if 1−F (u)

is a log-concave (log-convex) function. It is independent of the stock-out probability if

1− F (u) is log-linear.

The intuition behind part (i) is simple. As an increase in search cost makes con-

sumers reluctant to search further (∂x/∂s < 0), an increase in s indirectly increases the

16 If there is a finite number of firms, the numerator of #i must be modified, but it does not affect
the discussion below.

17 The proof is available in the appendix.
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Table 1: Survival function and log-concavity example

Distribution Survival function 1− F (u)

Uniform log-concave

Normal log-concave

Logistic log-concave

Extreme log-concave

Power Function (β ≥ 1) log-concave

Gamma (β ≥ 1) log-concave

Beta (α ≥ 1, β ≥ 1) log-concave

Exponential log-linear (log-concave)

Pareto log-convex

Gamma (β < 1) log-convex

Beta (α = 2, β = 0.5) log-convex

Log-Normal mixed

Cauchy mixed

Note: α and β are the shape parameters.

probability of terminating a search but does not directly affect the expected number of

searches. Hence, the number of searches always decreases in s.

On the other hand, an increase in 1− q has two effects on the expected number of

searches: (a) it decreases the reservation value x(s; q), decreasing the expected number

of searches (the indirect effect), and (b) it decreases the probability of success of the

search, increasing the expected number of searches (the direct effect). Which effect is

more significant depends on the shape of 1−F (u) (known as a survival function). Table

1 shows the survival functions and log-concavities of the widely used distributions (cf.

Bagnoli and Bergstrom (2005)). From the table, we note that the survival function is

log-concave in many distribution types. That is, the expected number of searches tends

to increase as the stock-out probability increases. Figure 1 also shows the probability
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density functions of several distribution types with log-concave and log-convex survival

functions, which may help the reader understand the relationship between the log-

concavity of the survival function and the shape of the probability density function.

0.5 1.0 1.5 2.0
0.0

0.2

0.4

0.6

0.8

1.0

Uniform (log-concave)

Normal (log-concave)

Exponential (log-linear(concave))

Pareto(β=1.2) (log-convex)

Gamma(β=0.4) (log-convex)

Figure 1: Probability density functions with log-concave and log-convex survival func-
tions.

To illustrate the intuition behind Proposition 2-(ii), we first consider a case in which

the number of searches decreases as the stock-out probability (i.e., the survival func-

tion is log-convex). The survival function will be log-convex when the probability of

obtaining high utility is relatively low and decreases rapidly (e.g., Pareto distribution).

In this type of distribution, consumers tend to be very reluctant to search for the next

firm, so x(s; q) decreases significantly when the stock-out probability increases. Be-

cause such a decrease in x(s; q) also significantly decreases the number of searches, this

indirect effect dominates the direct effect of increasing the number of searches in 1− q.

On the other hand, if the survival function is log-concave, the direct effect outweighs

the indirect effect. Consequently, an increase in the stock-out probability leads to an
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increase in the number of expected searches.

As the expected conversion rate is the inverse of the expected number of searches,

we can easily confirm the effect of a change of stock-out probability on the rate. That

is, if the survival function is log-concave (log-convex), the expected conversion rate is

decreasing (increasing) in 1− q. For example, when the survival function is log-convex,

the higher the stock-out probability, the more likely consumers are to stop searching

with lower match utility, and the firm may benefit from the higher stock-out probability,

thus making it easier to sell the product. Nevertheless, to consider whether a firm’s

profit increases in the stock-out probability, we need to consider further the impact of

stock-out on the total number of transactions (the consumer’s participation decisions),

as discussed in the next subsection.

Proposition 2 also suggests that in analyses that reflect the consequences of con-

sumers’ search behavior, we need to be careful about assumptions concerning the distri-

bution of consumer’s valuations. For example, the distribution of consumer’s valuations

is frequently assumed to be a normal, log-normal, or Weibull distribution in empirical

analyses of the consumers’ qualitative choice behavior,18 or for estimating consumer’s

willingness to pay (WTP).19 One may also expect consumer’s valuations to follow a

Pareto distribution as well as income (cf. Piketty and Saez (2003)). The survival

functions of these distributions can have different characteristics.20 Therefore, if there

is a possibility of stock-out, different distribution assumptions will also yield different

results, reflecting the consequences of search behavior.

18 According to McFadden (1973), a vast body of studies assume Weibull distribution.
19 Most estimations of WTP assume a normal distribution, an extreme distribution, or a log-normal

distribution. For example, Lusk (2003) estimates WTP for golden rice by assuming a normal dis-
tribution; Scarpa et al. (2008) assume a Gumbel distribution (type I extreme) for site choice in the
Alps; and Carpio and Isengildina-Massa (2009) assume both a normal and a log-normal distribution
for locally grown products.

20 Whether the survival function of the log-normal distribution is log-concave or log-convex depends
on the interval of u and, in the case of the Weibull distribution, on the shape parameter.
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2.5 The participation decision

So far, we assume the consumer to be active in the market. We now turn to the

consumer’s participation decision problem.21

Each consumer should participate in the market if and only if her ex-ante expected

surplus is nonnegative. Because consumer i only purchases from a firm where she has

observed positive match utility, which should be greater than xi(si; q), her ex-ante net

expected benefit from purchasing is given as

E[u|u ≥ xi(si; q)]− p∗,

where p∗ is the symmetric equilibrium price. On the other hand, from (5), we have

consumer i’s expected total search costs:

si
q[1− F (xi(si; q))]

.

The ex-ante expected surplus of consumer i from participating in the market is given

by

E[CS(si, p
∗, q)] = E[u|u ≥ xi(si; q)]− p∗ −

si
q[1− F (xi(si; q))]

. (6)

This expression is rewritten as

E[CS(si, p
∗, q)] = xi(si; q)− p∗.

If we set the ex-ante expected surplus above zero, it gives the cutoff reservation value

x(si; q) of a consumer i, who is indifferent about participating in the market, which is

conditional on q:

x(s∗) ≡ x(si; q)− p∗ = 0. (7)

21 Previous studies that considered homogeneous individual search behavior have avoided explicit
discussion by considering relatively low search costs, as we have assumed an active market instead
of discussing participation decisions. However, in the experiment, we needed to discuss participation
decision-making explicitly because individual attributes (e.g., risk preferences) can affect search costs,
even if we assume a relatively low search cost.
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Hence, again from (2), we obtain the critical search cost s∗, which satisfies the above

equation as follows:

s∗ = q

∫ ū

p∗
(u− p∗)dF (u). (8)

This implies that the ex-ante expected surplus is strictly positive when si < s∗; hence,

it is optimal for consumer i to participate in the market. Thus, we have the following

lemma.

Lemma 1. A consumer with search cost si should participate in the market if and only

if

si ≤ s∗, (9)

where s∗ is implicitly defined by (8).

Furthermore, by differentiating (8) with respect to q, we have

∂s∗

∂q
=

∫ ū

p∗
(u− p∗)dF (u)− q(1− F (p∗))

∂p∗

∂q
. (10)

To summarize, we claim the following.

Proposition 3. If p∗ is independent or increasing in stock-out probability, then a de-

crease (increase) in the stock-out probability increases (decreases) the critical search cost

s∗.

As the effect of a change in 1 − q on p∗ is ambiguous, we cannot obtain a clear-

cut prediction the effect of a change in the stock-out probability on the participation

decision.22 However, Lemma 1 and Proposition 3 predict that an increase in stock-out

probability will discourage consumers from participating in the market in many cases.

Moreover, Proposition 3 shows that the higher the consumer’s search cost, the more

22 We emphasize that the independence of p∗ with respect to q (or the property of decreasing in q)
is a sufficient condition. By specify the distributions, one can see that s∗ is usually increasing in q
(i.e., an increase in the stock-out probability may deter consumers from participating in the market).
This is also consistent with intuition.
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likely she is to decide not to participate as the stock-out probability increases. Thus,

the possibility of stock-out is always undesirable for consumers and in many cases for

firms as well.23

Note that all consumers participate in the market when s∗ sufficiently exceeds the

upper bound of the search cost s̄. In this case, we (and firms) can ignore the participa-

tion issues caused by an increase in 1 − q unless the change in s∗ is sufficiently large.

Otherwise, a change in 1− q affects participation decisions.24

2.6 Example

This subsection presents examples of two specified distributions with log-concave and

log-linear survival functions that are widely used in consumer search theory to illus-

trate our results. We confirm our results in relation to these two distributions in the

experiment. Furthermore, to confirm the result of Proposition 2, we also present an

example with the Pareto distribution, which has a log-convex survival function.25

Example 1: Uniform distribution

Suppose that u is distributed uniformly as F (u) = u with the interval [0, 1]. Then, from

equation (2), the reservation value x(s) is calculated as follows:∫ 1

x(s)

(1− F (u))du =
s

q
⇔ x(s) = 1−

√
2s

q
. (11)

Figure 2 illustrates how a change in s and 1 − q affects x(s). The reservation value

decreases in search cost s and the stock-out probability (1 − q), which is consistent

23 If firms can raise prices as stock-out probability increases, then a stock-out may be desirable
for firms. However, based on two examples in the appendix, we suggest that the negative impact of
consumer nonparticipation on firms’ profits will always be significant, even if the firms can raise prices.

24 In most of the experiments, to avoid these participation issues as much as possible, we set sufficient
s∗ for most subjects to participate in the search. We also chose values of s and q that make participation
in the market (almost) indifferent in one of the treatments to test our claim about participation
decisions and to check the impact of subject heterogeneity.

25 The distributions with log-convex survival function (e.g., Pareto distribution) show very similar
features to the exponential distribution in Propositions 1 and 3; hence, we performed an additional
experiment with a distribution that has log-convex survival function only to confirm Proposition 2.
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Figure 2: A graph of x(s; q) and 1− q when u is distributed uniformly.

with Proposition 1. Moreover, we can see that the survival function of the uniform

distribution is log-concave; hence, Proposition 2 means that the expected number of

searches is increasing in 1 − q. From (5), the expected number of searches is given

by
√

s
q
/
√

2s, which is actually increasing in 1 − q. As shown in the subsection above,

consumer i will not participate in the market if her reservation value x(si) < 0, because

the expected consumer surplus from participating in the market is negative. This is the

case where her search cost si is too high compared with 1− q. From Figure 2, we can

see that an increase in the stock-out probability 1− q causes more consumers to avoid

participating in the market, and consumers with higher search costs are less likely to

participate.

Example 2: Exponential distribution

Suppose that u is distributed exponentially as F (u) = 1−e−λu with the interval [0,∞).

Then, from (2), the reservation value x(s; q) is calculated as follows:

q

∫ ∞
x(s;q)

e−λudu = s ⇔ 1

λ
e−λx(s;q) =

s

q
⇔ x(s; q) = −1

λ
ln

(
λs

q

)
. (12)
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We can easily confirm that Proposition 1 holds. Figure 3 illustrates how a change in

Figure 3: A graph of x(s; q) and 1− q when u is distributed exponentially and λ = 1.

1 − q affects x(s; q). The figure also implies that Proposition 3 holds. In addition, as

the survival function of the exponential distribution is log-linear, we can see that the

expected number of searches (given by 1/q(1 − F (x)) = 1/s) is decreasing in s but

independent of q.

Example 3: Pareto distribution

As an example of a log-convex survival function, we consider the Pareto distribution

of F (u) = 1 − u−β with the interval [1,∞). We have the reservation value x(s; q) =(
− (1−β)s

q

) 1
1−β

, which is decreasing in both s and 1−q for β > 1. Figure 4 illustrates how

a change in 1− q affects x(s). Moreover, as the survival function is log-convex with the

Pareto distribution, Proposition 2 means that the expected number of searches decreases

in 1 − q. We can see that the expected number of searches (given by

(
(− (1−β)s

q )
1

1−β
)β

q
)

is indeed decreasing in both s and 1− q.
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Figure 4: A graph of x(s; q) and 1 − q when match utilities are distributed according
to the Pareto distribution (β = 2).

2.7 Discussion: firm’s problem and welfare

So far, we have not discussed the firm’s problem in depth because the focus of our

attention is on the impact of stock-out on consumers rather than on the profits of firms

or the industry as a whole. To address the problem, suppose like Moraga-González et al.

(2017) that each consumer’s search cost is drawn from twice-differentiable cumulative

distribution function G(s) with the interval [s, s̄]. In this case, a firm’s optimal pricing

depends on the property of G(s) (see the appendix for more details). Notably, when

s∗ is insufficiently large, stock-out can either increase or decrease prices, depending on

market parameters. According to Moraga-González et al. (2017), if the distribution of

consumer search costs has an increasing likelihood ratio (ILR), the price could increase

in the stock-out probability 1−q. Intuitively, firms can charge higher prices as the stock-

out probability increases if the change in 1−q has a significant effect on the reservation

value and has little influence on inducing consumers not to participate in the market.

In the appendix, we confirm in the exponential search cost case that G(s) = 1 − e−s

(which has the ILR property), that the equilibrium price can increase in 1− q (we also
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suppose that match utility is distributed as F (u) = u with the interval [0, 1]). We also

confirm that each firm’s profit does not increase the stock-out probability in this case.

What is the impact of stock-out on welfare? Because a change in p∗ associated with

a change in q is regarded as a transfer of surplus between consumers and firms, it does

not directly affect welfare. Thus, a stock-out affects welfare through two channels: the

number of transactions and the number of searches. We only consider the general case

for both impacts. When a decrease in q decreases the number of participants, it would

in turn decrease the number of transactions, and thus impair welfare. Furthermore, if

the stock-out increases the expected number of searches, it will also harm consumer

surplus. On the other hand, such an increase in the number of searches could increase

the chance of obtaining a higher match utility; hence, the overall impacts on welfare are

ambiguous. However, in general, an increase in stock-out probability is likely to decrease

welfare by increasing total search costs. Therefore, stock-out may be undesirable for

social welfare by causing a loss of transactions and waste of search costs.

3 Experimental design

To verify our theoretical predictions, we conducted a laboratory experiment at the

Institute of Social Economic Research, Osaka University, Japan in February 2020.26

3.1 Outline

The experiment is a simple card-flipping game that simulates information search behav-

ior of consumers described in Section 2. We conducted two search sessions, each with

an assumed exponential distribution and a uniform distribution of match utility. The

subject group consisted of 41 students aged 19 to 33 from various departments of Osaka

University. We randomly divided the subjects between two sessions: 20 in the uniform

distribution session and 21 in the exponential distribution session. Each experiment

26 Instructions and data are available upon request.
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consisted of 48 rounds, including three practice rounds, and the total number of obser-

vations was 1845. The average time required for the experiment was about 60 minutes.

The average earnings were about 1260 Japanese yen (JPY), including 500 JPY as the

participation fee. After all subjects had finished all rounds, one of the 45 rounds was

chosen at random for each subject, and the result of that round (multiples of 100 JPY)

was immediately given in cash as her earnings.27 The experiment was computerized,

and the program was created using PsychoPy.28 A recording of spoken instructions was

played.29

3.2 Design

In each round of the session, subjects sequentially explored a “number” (representing

match utility) by flipping cards with a given search cost and the “success probability”

of each card. A number from 1 to 20 was randomly and independently assigned to each

card based on a uniform distribution with a mean of 10.5 in the uniform session or an

exponential distribution with λ = 0.15, truncated at 20, in the exponential session.30

Each subject was required to pay a cost of s per card to obtain information on the

card number. Moreover, subjects can obtain information on the card number with the

probability of q, displayed as the “Probability of success.” Therefore, they still have

a chance of failing to flip the card (any number on the card will be zero) with the

probability of 1 − q even if they pay the cost. This indicates the probability of the

27 This random incentive system (RIS) rule induces the subject to behave more cautiously and avoids
subjects’ hedging behavior. See Heinemann et al. (2009) for more details.

28 PsychoPy is a software package written in the Python programming language for use in neu-
roscience and experimental psychology research (cf. Peirce (2007)). PsychoPy is available at
https://www.psychopy.org/.

29 In addition, we also conducted an experiment regarding risk, which is independent of the search
experiment, to test whether subjects’ risk preferences were consistent with previous studies. We
used the multiple price list (MPL) method, which was developed by Holt and Laury (2002) (details,
instructions, and data are available upon request). This session was also well monetary incentivezed
as well as the main session. The proportion of risk-averse subjects was 59%, which is consistent with
previous studies (e.g., 63% in Schunk and Winter (2009)).

30 In the exponential session, we provided a graph of the distribution and extra information about
the distribution in the instructions.
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Figure 5: The main screen of the game.

product being out of stock in the store. To avoid confusion of terms, in the following

context, we call 1− q in the experiments the “failure probability.”

Figure 5 shows the main game screen.31 At the top of the main screen, the cost

and probability of success are displayed. In addition, the highest number ever found

in the round is always displayed at the top middle of the screen and is initially zero.

Subjects can flip a card by clicking the “Flip a new card” button and then clicking on

the card of their choice. This redundant procedure is designed to avoid mishandling

and frenzied card flipping. There are 16 cards on the screen, but if subjects know the

number of whole 16 cards and still wish to continue, they can obtain 16 new cards by

clicking “Flip a new card.” In such cases, the previous highest number is still displayed

on the screen. Subjects can finish the round by clicking the “Finish” button at any

time. At the end of the round, the highest number of cards minus the total search cost

is recorded as the result of the round. In that sense, our experimental design is quite

31 In the actual experiment, everything on the screen is written in Japanese.
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susceptible to recall.32

For example, let search cost was 1; the subject flipped the card three times, and

the numbers in order were “4,” “0,” and “7.” This means that she failed the second

observation. In this case, the highest number began at 0 and changed to 4, 4, and 7.

If she clicks the “Finish” button after observing 7, the round ends immediately, and

the result of this round is recorded as 4, which equals the highest number of 7 minus

the total search cost of 3 (1 times 3: search cost per card multiplied by the number of

card flips during the round). If this round is chosen as the earnings, she receives 900

JPY, including the participation fee. Each session included nine treatments: search

costs were 1, 2, or 3, with the success probability of each card being 0.5, 0.9, or 1. Each

treatment was performed five times, and the order of treatments was random for each

subject. We tracked all the cards flipped, the sequence of choice processes, reaction

times, the number of flips, the number of times subjects failed to flip cards, and when

they finished.

3.3 Identification strategy

One of our parameters of interest is the reservation value x(s; q). Hereafter, we treat

both s and q as parameters, so we use (s, q) instead of (s; q). Like Caplin et al. (2011), we

assume that all individuals within a given choice environment have the same reservation

match value xd(s; q).33 Let x̃d(s, q) be the theoretical value of x(s, q),34 and x̂d(s, q) be

the estimated value from data, where d ∈ {Uni, Exp} represents the type of distribution

32 See Section 4.1 for a detailed definition and discussion of recall.
33 We also estimated individuals’ reservation values and found a similar overall trend, although the

reservation values could vary among subjects. Because our interest is the impact of the possibility
of stock-out on search behavior, not the relationship between individual attributes and stock-out, we
use the aggregated data to estimate reservation value. Furthermore, given the small sample size of
subjects (because of multiple treatments), we need to impose a more stringent assumption to estimate
each individual’s reservation values. Details are available upon request.

34 Our main concern is not the difference between the predicted and observed values, but whether
the directions of change in the predicted and observed results are the same. Therefore, we used the
predicted values based on the discretized distribution used in the experiment, not those based on the
continuous distribution.

25



of match utilities. Estimated x̂d(s, q) represents subjects’ search intensity with given s

and q.

Our data are regarded as binary choice process data. We can then express the sub-

jects’ choices (whether to continue searching or terminate) by introducing a stochastic

error term ε that is iid in specific treatments and sessions. Let ut be the highest “num-

ber” of the card that has been found in the t-th choice (search). We assume that

subjects finish the search at the t-th choice if and only if

ut ≥ xd(s, q) + εt where εt ∼ N(0, σ ds,q). (13)

The probability of a subject terminating the search at the t-th choice is expressed by

Φ(ut − xd(s, q)). According to this, we estimate xd(s, q) and σ ds,q using the maximum

likelihood estimation method.

4 Empirical results

4.1 Recall rate

First, we ascertained whether each subject followed the optimal search rule. We stip-

ulate that a subject made a “recall” if the number on the last flipped card (including

zero) when the subject pressed the “Finish” button was smaller than or equal to the

previous highest number. In other words, we regard such behavior as violation of the

optimal search rule. We considered that subjects followed the optimal rule only when

they observed and terminated the number that was strictly higher than the previous

highest number. This is because if subjects are rational and follow the optimal search

rule, they should never return to the previous cards. As mentioned above, such an

experimental design is quite susceptible to recalls.

We note that in previous studies on laboratory experiments, recalls are often ob-

served. Because the optimal search rule we consider cannot explain such recall behav-

ior, subjects who made recalls may follow other search strategies. For example, Kogut
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(1990) and Sonnemans (1998) suggest another hypothesis—that total search cost affects

search decisions—to explain such recall behavior. As another example, De los Santos

et al. (2012) show that in practice, 38% of people made recalls in the online book mar-

ket.35 They suggest a fixed sample size search as an alternative search rule. We discuss

the number of searches below.

Table 2: Summary of data

d = Uni (1) (2) d = Exp (3) (4)
s 1− q Best card Recall(%) n s 1− q Best card Recall(%) n
1 0 15.43 0.07 105 1 0 11.03 0.14 100

0.1 14.21 0.09 105 0.1 11.37 0.10 100
0.5 12.85 0.08 105 0.5 8.38 0.11 100

2 0 14.64 0.02 105 2 0 9.32 0.12 100
0.1 13.15 0.06 105 0.1 8.44 0.15 100
0.5 9.88 0.12 105 0.5 5.20 0.15 100

3 0 13.74 0.03 105 3 0 7.46 0.08 100
0.1 12.80 0.03 105 0.1 6.04 0.07 100
0.5 6.37 0.11 105 0.5 2.02 0.19 100

Note: Each subject performed five rounds for each treatment. “Best card” represents the average

highest number at which the subjects finished the rounds in each treatment. “Recall” is the dummy

variable, which takes a value of 1 when the number of the last flipped card when they finished was less

than or equal to the highest number they had ever found in the round. n is the number of rounds we

used for the estimation.

Table 2 presents a summary of our data. Before considering recall, we first mention

the tendencies in the highest number of cards. From Columns (1) and (3), one can

see that most subjects succeeded in finding a better number when the search cost or

stock-out probability was low. We note that if a subject follows the optimal search

rule, then xd(s; q) should be lower than those numbers (but should be higher than the

second-highest number in the round).

35 We note that De los Santos et al. (2012) conducted a field study, so various factors (e.g., repeating
purchasing behavior) could influence recall behavior. For example, their study found a recall pattern
whereby consumers first observed a price at Amazon.com and then eventually returned there. They
mention the limitations of their data and difficulty of generalizing their result to other markets.
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Let us now consider whether the subjects followed the optimal search rule. Columns

(2) and (4) show the population of the whole rounds in which subjects made recall. We

can confirm that only a few rounds (9% on average) were inconsistent with the optimal

search rule from the data.36 In that sense, we consider most subject search behavior

can be explained by the optimal search rule in our experimental design.

This is a somewhat interesting result because the recall rate seems lower than those

reported in previous studies with free-recall designs. For example, Sonnemans (1998)

conducted a search experiment with a free-recall design that is most similar to ours; he

reports 13.9% of observation recalls in his baseline treatment.37 One notable difference

in our experimental design is that we control for risk-hedging behavior by randomly

choosing one round to determine earnings. In the experimental design of Sonnemans

(1998), earnings are the sum derived from all rounds, so subjects may have an incentive

to hedge their risks. In addition, Sonnemans (1998) set time pressure and high initial

fixed costs for subjects, making subjects more timid about searching. In our exper-

imental design, we eliminated the incentive for such risk-hedging behavior and made

subjects able to contemplate search decisions, which may have led to a lower recall rate

than his study.

In the following analyses, we usually exclude data on recall.

4.2 Reservation value

We now focus on the reservation values of each treatment. The identification strategy

is described in Section 3.3.

Table 3 shows a summary of the data. Columns (1) and (3) are the estimated reser-

vation values x̂d(s, q). From the table, we can confirm the consistency with Proposition

36 We also calculated the recall rate, excluding rounds that the subject didn’t participate was around
11%.

37 As further examples, Schotter and Braunstein (1981) report a recall rate of around 25%, and
Kogut (1990) finds that subjects made recalls in 33.9% of rounds. However, those two studies differ
from our experimental design with respect to earnings, like that of Sonnemans (1998).
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Table 3: Estimated parameters

d = Uni (1) (2) d = Exp (3) (4)
s 1− q x̃ x̂ σ̂ n s 1− q x̃ x̂ σ̂ n

1 0 14.17 12.09 2.39 182 1 0 9.03 8.09 2.76 225
0.1 13.83 11.32 2.99 227 0.1 8.60 8.58 2.48 292
0.5 11.56 9.26 2.71 343 0.5 5.91 4.57 1.16 239

2 0 11.56 9.91 1.22 186 2 0 5.91 6.71 2.58 196
0.1 11.06 8.84 2.72 172 0.1 5.42 5.26 1.98 182
0.5 7.85 6.96 2.85 181 0.5 2.38 3.16 1.74 129

3 0 9.55 8.05 1.73 147 3 0 3.89 4.14 3.49 123
0.1 8.94 7.97 2.62 161 0.1 3.35 3.59 2.19 107
0.5 5.00 5.94 2.80 139 0.5 0.13 3.20 1.72 49

Note: We excluded the rounds where subjects did not flip any cards or made recalls. x̃d(s, q) is

the theoretical value of xd(s, q). n indicates the sample size (the number of choices) used for the

estimation.

(1), that is, the estimated reservation value x̃d(s, q) (i) decreases in search cost s, and

(ii) increases in the success probability q (i.e., it decreases the failure (stock-out) prob-

ability 1 − q), regardless of the distribution of match utility. Most of the estimated

reservation values are lower than the theoretical predicted values,38 but the difference

is not very large (except for x̃Exp(3, 0.5)).39 The tuple is also consistent.

4.3 Number of searches

In this subsection, we test the theoretical prediction of the number of searches (Propo-

sition 2).40

38 One plausible reason for the lower estimated values is that risk aversion reduces x (the proportion
of risk-averse subjects was 59% in our experiment). However, in the exponential session, the estimated
x is smaller than the theoretical x only when s = 1. Therefore, we must consider factors other than risk
aversion (there may be multiple factors, including the special nature of the exponential distribution).

39 As the theoretical predicted value x̃Exp(3, 0.5) is almost zero, each subjects participation in the
round depends almost entirely on ε0. Thus, we cannot compare the reservation values in this treatment.
We will discuss this point in section 4.4.

40 To confirm the robustness of Proposition 2, we conducted an additional experiment with the
distribution which has the log-convex survival function. We used the Pareto distribution with β = 1.2
(which is discretized and truncated at 30) and confirmed that the number of searches decreases with
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Table 4: Number of searches by search costs

d = Uni (1) (2)
1− q s E(#|x̃) # SD n

0 1 3.33 1.86 1.18 98 N = 301
2 2.22 1.81 1.11 103 Average = 1.71 F value= 3.8343
3 1.82 1.47 0.90 100 SD = 1.08 p value= 0.0227

0.1 1 3.17 2.36 1.88 96 N = 293
2 2.47 1.76 1.08 98 Average = 1.91 F value= 7.4941
3 1.85 1.63 1.17 99 SD = 1.45 p value= 0.0007

0.5 1 4.44 3.54 2.27 97 N = 231
2 3.08 2.35 1.95 77 Average = 2.87 F value= 8.1592
3 2.50 2.44 2.14 57 SD = 2.20 p value= 0.0004

d = Exp (3) (4)
1-q s E(#|x̃) # SD n

0 1 4.54 2.62 1.80 86 N = 250
2 2.25 2.31 1.99 85 Average = 2.18 F value= 8.5368
3 1.62 1.56 1.08 79 SD = 1.73 p value= 0.0003

0.1 1 4.20 3.36 2.79 87 N = 237
2 2.50 2.27 1.53 80 Average = 2.45 F value= 17.0071
3 1.80 1.53 0.96 70 SD = 2.11 p value= 0.0000

0.5 1 4.50 2.95 2.24 81 N = 165
2 2.75 2.15 1.49 60 Average = 2.53 F value= 3.9264
3 2.00 2.04 1.63 24 SD = 1.95 p value= 0.0216

Note: We excluded the rounds in which subjects made recalls or did not flip any cards. E(#|x̃) is the

theoretical expected number of searches calculated using x̃d(s, q). # and SD are the sample mean of

the number of searches and sample standard deviation, calculated from the data. n is the number of

rounds we used for the estimation, and N is the sum of observations for each 1 − q. Average is the

mean of the number of searches for each success probability.

Table 4 is a summary of statistics for the number of searches. Note that the the-

oretically expected number of searches E(#|x̃) contains the discretization error and

error from truncation because we discretized the number of cards in the experiment.

Columns (1) and (3) show the average number of searches for each distribution. From

Columns (1) and (3), we can confirm Proposition 2-(i): the number of searches de-

the failure probability (stock-out probability), as predicted by theory. See the appendix for more
details of the experiment.
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creases in the search cost in both sessions. As the search cost increases, subjects tend

to finish searches earlier. We statistically tested this hypothesis using an analysis of

variance. There is a statistical difference in the number of searches between s at the

1% significance level for both distributions: the number of searches decreases in s when

other environments are fixed.41

Table 5: Number of searches by success probability

d = Uni (1) (2)
s 1− q E(#|x̃) # SD n

1 0 3.33 1.86 1.18 98 N = 291
0.1 3.17 2.36 1.88 96 Average = 2.58 F value= 21.4616
0.5 4.44 3.54 2.27 97 SD= 1.96 p value= 0.0000

2 0 2.22 1.81 1.11 103 N = 278
0.1 2.47 1.76 1.08 98 Average = 1.94 F value= 4.7388
0.5 3.08 2.35 1.95 77 SD= 1.40 p value= 0.0095

3 0 1.82 1.47 0.90 100 N = 256
0.1 1.85 1.63 1.17 99 Average = 1.75 F value= 9.7890
0.5 2.50 2.44 2.14 57 SD= 1.41 p value= 0.0001

d = Exp (1) (2)
s 1− q E(#|x̃) # SD n

1 0 4.54 2.62 1.80 86 N = 254
0.1 4.20 3.36 2.79 87 Average = 2.98 F value= 2.2189
0.5 4.50 2.95 2.24 81 SD= 2.33 p value= 0.1109

2 0 2.25 2.31 1.99 85 N = 225
0.1 2.50 2.27 1.53 80 Average = 2.25 F value= 0.1560
0.5 2.75 2.15 1.49 60 SD= 1.70 p value= 0.8557

3 0 1.62 1.56 1.08 79 N = 173
0.1 1.80 1.53 0.96 70 Average = 1.61 F value= 2.0304
0.5 2.00 2.04 1.63 24 SD= 1.13 p value= 0.1345

Note: We excluded the rounds in which subjects made recalls or did not flip any cards. E(#|x̃) is the

theoretical number of searches expected from x̃d(s, q). # and SD are the sample mean of the number

of searches and sample standard deviation, which are calculated from the data. n is the number of

rounds used for the estimation, and N is the sum of observations for each cost. Average is the mean

number of searches for each cost.

41 The observed number of searches seems to be lower than E(#|x̃) for some treatments. This
appears to be attributable to the underestimation of x, as shown in Table 3.
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As Proposition 2-(ii) shows, the effect of a change in the failure probability 1− q on

the number of searches depends on the distribution of match utilities. Specifically, an

increase in 1−q increases the expected number of searches with the uniform distribution

(because the survival function is log-concave), while it does not affect the number of

searches in the exponential distribution (because the survival function is log-linear).

Table 5 shows differences in the effect of the failure probability on the number of

searches. The theoretically predicted expected number of searches E(#|x̃) is decreasing

in 1 − q with a uniform distribution but not in an exponential distribution.42 From

Column (1), as for the theoretical prediction, one can see that there is a statistical

difference in the number of searches between different values of q at 1% significance

level in the uniform session. On the other hand, the results of the exponential session

are insignificant. Because p values are significantly high for all of the treatments in the

session, we cannot reject the null hypothesis that the mean of the number of searches

differs by the success probability.

These results are consistent with the prediction that the effect of a change in 1− q

on E(#|x̃) depends on the distribution of match utilities. With fixed s, an increase in

1− q increases the number of searches only with the uniform distribution.

4.4 Participation decision

Finally, we consider the participation decisions presented in Lemma 1 and Proposition

3. Subjects should finish the round without flipping any cards unless the expected

benefits of participation are positive. In that case, the result of the round is zero.

Following Caplin et al. (2011), we introduced εt to estimate x̂d(s, q). The probability

of participation depends on xd(s, q) and σ ds,q, and it decreases in the reservation values

xd(s, q). Whether subjects participate depends on xd(s, q) + ε0. As we have chosen s

42 As mentioned above, the variations in E(#|x̃) in the exponential session of Tables 4 and 5 are
caused by the discretization error and error from truncation. From (12), one can see E(#|x̃) in the
exponential distribution converges as the upper-bound of the number increases with given s (but the
discretization errors remains).
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and 1− q so that the theoretical values of x̄ are all positive, subjects may choose not to

participate when they draw a small (negative) stochastic error term ε0 at the beginning

of the rounds.

Table 6: Participation rate

d = Uni (1) d = Exp (2)
s 1− q p̂ n s 1− q p̂ n

1 0 1.00 105 1 0 1.00 100
0.1 1.00 105 0.1 0.97 100
0.5 1.00 105 0.5 0.92 100

2 0 1.00 105 2 0 0.97 100
0.1 0.99 105 0.1 0.95 100
0.5 0.86 105 0.5 0.75 100

3 0 0.98 105 3 0 0.87 100
0.1 0.97 105 0.1 0.77 100
0.5 0.66 105 0.5 0.43 100

Note: p̂ is a sample mean of participation. If a subject had flipped at least one card, we defined this

as participation in the round. n is the number of rounds we used for the estimation.

Table 6 shows the proportion of rounds in which the subjects did not search. In some

treatments, subjects finished the round immediately and did not click on any cards. In

both sessions, subjects tended not to participate as s and 1 − q increased. This trend

is consistent with the theoretical predictions presented in Lemma 1 and Proposition 3.

However, the participation rate p̂ for treatments where 1 − q = 0.5 seems to be

lower than that for other treatments (e.g., p̂ = 0.43 in x̃Exp(3, 0.5) treatment). One

possible reason is that the lower the probability of success, the more likely this is to

discourage participation. To confirm this, we conducted a statistical test of whether

the observed participation rate was different from that expected for the x̃Exp(3, 0.5)

treatment.43 For the treatment, the theoretical value x̃Exp(3, 0.5) is positive but almost

43 Unless parameter σ is known or x = 0, we cannot statistically test the sample means of partici-
pation p̂, because the probability of participation p depends on both x and σ. On the condition that
x = 0, we can statistically test the hypothesis such that p̂ = p because p is independent of σ and
p = 0.5.
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zero. Therefore, the participation decision mostly depends on ε0, and the expected

participation rate should be at least 0.5. However, in the experiment, the observed

participation rate of p̂ = 0.43 is statistically lower than 0.5. This implies that the

impact of the failure probability on the subject’s participation decisions could be much

stronger as it increases.

5 Concluding remarks

In this paper, we investigate the effect of stock-out on individual consumers’ search

behavior through both search-theoretic and experimental approaches.

We show that the stock-out affects consumers’ search behavior through three chan-

nels. Theoretically, an increase in stock-out probability decreases the expected benefit

of further searches, so consumer’s search intensity decreases as the stock-out probability

increases. On the other hand, the effect of an increase in the stock-out probability on

the expected number of searches is ambiguous. An increase in the stock-out probability

directly increases the number of expected searches but indirectly decreases it by reduc-

ing search intensity. Whether the number of expected searches (and the total search

cost) increases or decreases with an increase in the stock-out probability hinges on the

shape of the survival function under the given distribution. If the survival function is

log-concave (log-convex), the number of searches increases (decreases) in the stock-out

probability. Furthermore, an increase in the stock-out probability makes it easier for

consumers to decide not to participate in the market.

We confirmed these theoretical predictions by conducting a search-theoretic experi-

ment. Almost all experimental results were consistent with the theoretical predictions.

An increase in the stock-out probability induced subjects to decrease their search in-

tensity. We also confirmed that an increase in the stock-out probability increased (de-

creased) the number of searches with the uniform distribution (the Pareto distribution),

which has a log-concave (log-convex) survival function. In addition, it did not affect the
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expected number of searches with the exponential distribution, which has a log-linear

survival function. All of those results are consistent with our predictions. Moreover,

an increased stock-out probability tended to reduce the number of participants in the

search. However, we found that the reservation values and the number of searches were

less than the theoretical predictions, especially in the treatment with low search costs.

Risk preference may have led to the result, but further study is required.

We believe that these results, which reveal the impact of stock-out on consumers’

search behavior, will be useful to many people, especially to practitioners in retail-

ing. Moreover, as our experiment has shown that our simple consumer search-theoretic

framework captured consumers’ search behavior well, we believe that the framework

will lead to more in-depth discussions about stock-out in the future.

Discussion: risk preference

In this paper, we focus on the impact of the possibility of stock-out on consumers’

search behavior as an aggregate behavior rather than individual search behavior. How-

ever, each consumer’s search behavior (including her response to the stock-out) may

be influenced by her risk preference (cf. Schunk and Winter (2009)). The relationship

between each individual’s risk preference and her search behavior with the possibility

of stock-out is a fascinating issue (it may also explain our observations of a higher rate

of nonparticipation when the failure probability was high). Nevertheless, it is necessary

to repeat dozens of experiments with the same treatment for each subject to analyze it.

In addition, it may require a structural estimation of search costs. We did not conduct

an in-depth analysis of risk preference in this paper because such an analysis could

obscure our objective of analyzing the impact of stock-out. Instead, we are planning

further analysis of this issue as a new study.
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Appendix

Optimal search rule and reservation value

The following procedure follows Weitzman (1979) straightforwardly. Let uk be the

match utility for firm (product) k, which is randomly drawn from the common cumu-

lative distribution function F (u). Let the collection K of N products be partitioned

into any set S of sampled products and its complement S̄ of unsampled products; i.e.,

S ∪ S̄ = K and S ∩ S̄ = ∅. Moreover, let x be the maximum match utility for sampled

products:

x = max
k∈S

uk. (14)

Let q be the probability of obtaining new product information for each store. Fur-

thermore, let V (x, S̄; q) be the value function for the consumer who faces the binary

options of stopping or continuing the search, given x, S̄, and q. Then, the value function

for consumer i with search cost si must satisfy the following recursive equation for each

subset S̄ and x:

V (x, S̄; q)

= max

{
x,max

k∈S̄

{
−si + qV (S̄ − {k}, x)

∫ x

u

dF (u) + q

∫ ū

x

V (S̄ − {k}, uk)dF (u) + (1− q)V (x)

}}
.

(15)

It is known that this sort of dynamic programming format is stationary; at any stage

with the state of the system (x, S̄), each consumer’s optimal policy is to maximize the

right-hand side (RHS) of (15) (see Weitzman (1979)).
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We now turn to the consumer’s search decision in each search period. Let xt be the

“hypothetical” highest match utility at time t. If a consumer stops searching at the

time, she obtains

xt. (16)

On the other hand, if a consumer visits another store, she can expect a net benefit of

−si + q

(
xt
∫ xt

u

dF (u) +

∫ ū

xt
udF (u)

)
+ (1− q)xt. (17)

This corresponds to the RHS of (15). The first term in the large parentheses is the

expected benefit when the match utility at the new store is less than or equal to the

known (and highest) value of xt. The latter represents the expected incremental benefit

when a match utility greater than or equal to xt is obtained. The third term represents

an expected benefit when stock-out occurs.

Now consider a situation where a consumer is indifferent between visiting a new

store and purchasing a known option (with the highest match utility). That is, (16)

and (17) hold with equality:

si = q

∫ ū

xt
(u− xt)dF (u). (18)

Then we obtain the critical value xt, which satisfies (18) and call it the reservation

match value, which is mentioned in eq.(1) in the main context. Then, according to the

optimal search policy of Weitzman (1979), a continuing search is optimal if xt−1 < xt;

stopping the search is optimal if xt−1 > xt for any 1 ≤ t ≤ T .

Proof of Proposition 2

From (5), the partial derivative of # with respect to s is given by

∂#

∂s
=

f(x(s; q))

q[1− F (x(s; q))]2
· ∂x
∂s
. (19)

Because ∂x/∂s is negative (see the first part of (3)), this expression is nonpositive.

Therefore, the expected number of searches is increasing in s.
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On the other hand, the partial derivative of # with respect to q is given by

∂#

∂q
=

f(x(s; q))

q[1− F (x(s; q))]2
· ∂x
∂q
− 1

q2[1− F (x(s; q))]
. (20)

Because the presence of the second term on the RHS, although the signs of ∂x/∂s and

∂x/∂q are opposite (recall (3)), the sign of expression (20) is ambiguous. To confirm

this, we rearrange this expression as follows:

∂#

∂q
=

1

q2[1− F (x)]2

(
f(x)

1− F (x)

∫ ū

x

[1− F (u)]du− [1− F (x)]

)
. (21)

Let F̄ = 1−F (x) and H(x) be the right-hand integral of F̄ : H(x) =
∫ ū
x
F̄ du. Then, we

have H ′(x) = −F̄ (x), and H ′′(x) = f(x). Using these notations, (21) can be rewritten

as follows:
∂#

∂q
=

1

q2F̄ 2

(
−H

′′(x)

H ′(x)
H(x) +H ′(x)

)
. (22)

Therefore, the expected number of searches is increasing in the stock-out probability

1−q if the expression in the large parentheses in eq. (22) is negative. It would be useful

to rewrite this condition as follows:

−H ′(x) +
H ′′(x)

H ′(x)
H(x) > 0. (23)

(We note again that this inequality means that eq. (22) becomes negative.) Because

H ′(x) < 0, this inequality can be rewritten as

H ′′(x)

H(x)
−
(
H ′(x)

H(x)

)2

< 0. (24)

We note that F̄ (x) is log-concave if (ln(F̄ (x)))′′ < 0, and if F̄ is log-concave, then

the right-hand integral H(x) is also log-concave (see Bagnoli and Bergstrom (2005)).

Because F̄ (x) = 1− F (x), F̄ ′(x) = −F ′(x) and F̄ ′′(x) = −F ′′(x). Then, we have

ln(F̄ (x))′′ < 0⇔ −F
′(x)2 − (1− F (x))F ′′(x)

(1− F (x))2
=
F̄ ′′(x)

F̄ (x)
−
(
F̄ ′(x)

F̄ (x)

)2

< 0. (25)

Hence, if 1 − F (x) is log-concave, then H(x) is also log-concave, so inequality (24)

holds. Therefore, if 1− F (x) is log-concave, (22) becomes negative, which means that
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the expected number of searches is increasing in 1− q. The discussion is the same for

log-linearity and log-convexity. �

Additional experiment with a log-convex survival function

To confirm the robustness of Proposition 2, we conducted an additional experiment

with the distribution of the log-convex survival function.44

The experiment was conducted at the Institute of Social Economic Research, Osaka

University in September 2020. The subjects were 21 undergraduate students from

various departments of Osaka University. Because our focus is on the relationship

between stock-out probability and the number of searches, we set the search cost to be

constant (s = 1) and only varied the success probability, which could be 0, 0.1, or 0.5.

The game consisted of 33 rounds (including three practice rounds). A number of each

card was chosen based on the Pareto distribution with β = 1.2, which was discretized

and truncated at 30. We gave a graph of the distribution and extra information about

probability in the instructions. Unlike the other two experiments, because this type of

distribution has a large discretization error and too little expected reward, we set the

upper bound of the distribution at 30 and multiplied the result of each round by 200

JPY. We chose a random round from 30 rounds as the earnings. The average earnings

were about 1120 JPY (including the participation fee of 500 JPY), and the average time

required for the experiment was about 35 minutes. The experiment was computerized,

and a recording of instructions was played.

The result is summarized in Table 7. As we have seen in Proposition 2-(ii), the

number of searches decreases in the failure probability when the survival function of

the match utility is log-convex (e.g., Pareto distribution). Column (1) shows that the

observed number of searches is actually decreasing in 1 − q. There is a statistical

difference in the number of searches between different values of q at the 5% significance

44 Instructions and data are available upon request.
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Table 7: Number of searches by success probability

d = Pareto (1) (2)
s 1− q E(#|x̃) # SD n

0.5 0 12.21 4.14 4.34 161 N = 479
0.1 10.90 3.75 3.57 163 Average = 3.09 F value= 3.3769
0.5 7.83 3.09 2.74 155 SD= 2.74 p value= 0.0350

Note: We excluded the rounds in which subjects made recalls or did not flip any cards. E(#|x̃) is the

theoretical number of searches calculated using x̃d(s, q). # and SD are the sample mean of the number

of searches and sample standard deviation, which are calculated from the data. n is the number of

rounds we used for the estimation, and N is the sum of observations. Average is the mean of the

number of searches.

level. Thus, we can conclude that Proposition 2-(ii) is robust with respect to the shape

of the distribution of the survival function.

As in previous studies (e.g., Sonnemans (1998)), we note that the number of searches

was significantly lower than the theoretical value, and this tendency is more pronounced

with the Pareto distribution than with the uniform or exponential distributions. One

possible reason is that the subject’s risk preference affects search behavior, and the

magnitude of the effect of such risk preferences depends on the convexity of the survival

function of the match utility distribution. However, because risk preference is not our

main research concern, we do not discuss this further here.

Firm’s Problem

Here, we describe the firm’s problem and how pricing is affected by a change in q when

consumers are heterogeneous in their search costs. Suppose consumer i’s search cost si

is drawn from the common G(s) with the interval [s, s̄]. In addition, suppose that firms

know this.

For the moment, we consider all consumers who decide to participate in the market

and suppose that there are N firms. According to the optimal search rule, each con-

sumer stops searching and purchases the product from firm k, which charges price pk
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when the net surplus from purchasing is greater or equal to

uk − pk ≥ xi(si)− p∗.

Then the probability of purchase of consumer i is given by

q[1− [F (xi(si)− p∗ + pk)]]. (26)

Because each consumer searches in a random order, the probability of each consumer

who decides to participate in the market visiting firm k first is 1
N

. Recall that the

probability that a consumer will terminate her search in each period is q(1−F (xi(si)).

In other words, she will visit the next firm with probability (1 − q) + qF ]xi(si)] =

1− q[1−F (xi(si))]. Likewise, firm k is sampled second with probability (1−q)+qF (xi(si))
N

,

and sampled third with probability ((1−q)+qF (xi(si)))
2

N
. Therefore, the expected demand

from such a consumer is given as

q

N
[1− [F (xi(si))− p∗ + pk)]]

1− [1− q(1− F (xi(si)))]
N

q[1− F (xi(si))]
. (27)

Moreover, a consumer who decides to participate in the market and searches all firms but

has not purchased may return and purchase from firm k with probability (Pr[uk−pk >

ul − p∗])N−1 for k 6= l. Hence, the expected (remaining) demand from such a consumer

is given by

q

∫ xi(si)−p∗+pk

u

F (u− pk + p∗)N−1dF (u).45 (28)

Now consider the deviant payoff for firm k. The unconditional demand for deviant firm

k is given as follows:

D(s, pk, p∗, q, N) =
1

N
[1− [F (xi(si)− p∗ + pk)]]

1− [(1− q) + qF (xi(si))]
N

[1− F (xi(si))]

+ q

∫ xi(si)−p∗+pk

u

F (u− pk + p∗)N−1dF (u).

(29)

45 Because the net surplus from purchasing from a firm is zero when the product is unavailable, we
can regard the match utility of the firm as zero.
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We note that when D(s, pk, p∗, q, N)|N→∞ → 1−[F (xi(si))−p∗+pk)]
1−F (xi(si))

.46

So far, we have considered all consumers to be active in the market. Now we

consider the participation decision. From Lemma 1, the conditional demand for firm k

with respect to the expected number of consumers is given as follows:

D(s, pk, p∗, q, N) =

∫ s∗

s

{
1

N
[1− [F (x(s)− p∗ + pk)]]

1− [(1− q) + qF (x(s))]N

[1− F (x(s))]

+q

∫ x(s)−p∗+pk

u

F (u− pk + p∗)N−1dF (u)

}
g(s)ds, for pk < p∗.

(30)

Each firm solves the following problem:

max
pk

π = pkD(s, pk, p∗, q, N). (31)

The FOC, which is evaluated at pk = p∗ is given by

0 = D(s, pk, p∗, q, N)

− p∗
∫ s∗

s

{
1

N

(
1− [(1− q) + qF (x(s))]N

)
[1− F (x(s))]

f(x(s))− q
∫ x(s)

u

F (u)N−1f ′(u)du

}
g(s)ds.

Assuming that D(s, p∗, p∗, q, N) = G
(
q
∫ ū
p∗

(u− p∗)dF (u)
)

(= G(s(p∗))), we have

p∗ =
G
(
q
∫ ū
p∗

(u− p∗)dF (u)
)

∫ s∗
s

{
(1−[(1−q)+qF (x(s))]N )

[1−F (x(s))]
f(x(s))− qN

∫ x(s)

u
F (u)N−1f ′(u)du

}
g(s)ds

. (32)

In particular, when there is an infinite number of firms, this expression can be

written by

p∗ =
G
(
q
∫ ū
p∗

(u− p∗)dF (u)
)

∫ s∗
s

{
f(x(s))

[1−F (x(s))]

}
g(s)ds

=
G(s(p∗(s, q)))∫ s∗

s

{
f(x(s))

[1−F (x(s))]

}
g(s)ds

, (33)

46 Note that when there are infinitely many firms, a consumer who once decided to participate in the
market and left firm k will not return to firm k (she finally purchases from another firm). Therefore,
once a consumer decides to participate, the demand for each firm is affected by the stock-out probability
1− q only through a change in the reservation value.
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which is a similar expression to the equilibrium price of Moraga-González et al.

(2017) except for the numerator and s∗. Indeed, it is the same as theirs when we set

q = 1. According to Theorem 1 in their paper, it can be shown that when the function

h(x−1
i (t)) is log-concave in t and when there are an infinite number of firms, then there

exists a unique pure-strategy Nash equilibrium. On the other hand, when there is a

finite number of firms, it is difficult to show the uniqueness and existence of the price

in (32) in a general form. We note that when the upper bound of s is small, and q = 1,

(33) will degenerate to the well-known price form p∗ = 1−F (x(s))
f(x(s))

.

Again, according to Moraga-González et al. (2017), we emphasize that the equilib-

rium price p∗ can go either way as q changes. This is because a decrease in q makes

consumers more reluctant to search, and it induces firms to increase p∗, whereas such

a decrease in q drives consumers out of the market, and it induces firms to decrease

p∗. The result depends on the density of s. Formally, when the search cost’s density

function has an ILR property, p∗ will decline as q increases. However, as we will see

below, the price p∗ is determined implicitly, so it is difficult to confirm a comparative

static analysis of p∗ with respect to q. Instead, we present two examples to illustrate

how a change in q affects p∗.

Example 1: uniformly distributed utility and search cost

We first show an example of search cost density, which does not have the ILR property.

Suppose that u is distributed uniformly such as F (u) = u, and s is also distributed

uniformly so that G(s) = u, both with the interval [0, 1]. Suppose also that there is an

infinite number of firms. Then, from (8), the critical search cost s∗ is given by

s∗ = q

∫ ū

p∗
(1− F (u))du =

q

2
(1− p∗)2. (34)

Recall that x(s) = 1−
√

2s
q

. Then, (33) can be rewritten as follows:

p∗ =
G(s∗)∫ s∗

0
[ 1
1−x(s))

]g(s)ds
=

s∗∫ s∗
0

1√
2s
q

ds
. (35)
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Equations (34) and (35) yield the unique equilibrium price p∗:

p∗ =
1

3
. (36)

It is perhaps surprising that (36) is independent of q. In general, an increase in q has

two effects regarding firm’s pricing: (i) an increase in the share of each firm through

an increase in s∗ and (ii) greater search intensity (an increase of x(s; q)), which also

intensifies price competition. With a uniform distribution, these two effects exactly

cancel out, so the price depends only on the shapes of the distribution of search costs

and utilities.

On the other hand, the equilibrium profit depends on q because it affects the entire

demand. Formally, each firm’s profit is given by π = 2q
27

, which increases in q. Hence,

an increase in the stock-out probability is not desirable for firms.

Example 2: exponentially distributed search cost

Suppose that u is distributed uniformly so that F (u) = u with the interval [0, 1] and s

is distributed exponentially so that G(s) = 1 − e−s with the interval [0,∞). We note

that the exponential distribution has the ILR property.47 The threshold value s∗ is the

same as (34). Substituting s∗, (33) can be rewritten as follows:

p∗ =
G(s∗)∫ s∗

0
[ 1
1−x(s))

]g(s)ds
=

1− e− q2 (1−p∗)2∫ q
2

(1−p∗)2

0
1√
2s
q

e−sds
. (37)

As Figure 6 shows, p∗ increases in 1 − q with this type of distribution. However,

one can see that each firm’s profit is slightly decreasing in 1 − q; that is, stock-out

does not benefit the firm in this setting. As the stock-out probability increases, price-

sensitive consumers will choose not to participate in the market. However, because it is

necessary to reduce the price significantly to induce price-sensitive consumers to enter

the market, firms do not lower their prices. Instead, firms set a higher price for the

remaining consumers who are insensitive to price changes.

47 For other examples, normal, binomial, and Poisson distribution also have the ILR property.
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Figure 6: The price increases in the stock-out probability 1− q.

As Balachander and Farquhar (1994) have shown, if firms can set the stock-out

rate, it may reduce price competition and improve profits. Hence, there remains an

open question of whether stock-out can be profitable for firms. To consider the issue

of “profitable stock-outs,” we may have to extend our model to endogenize stock-out

decisions; this issue is beyond the scope of the present study and is not discussed here.
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