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CONSUMER SEARCH: NOT ENOUGH OR TOO MUCH?

ABSTRACT

We study search behavior in a generalized “secretary problem” environment in which
consumers search sequentialy for the best aternative from a known and finite set of multi-attribute
aternatives. In contrast to most previous studies, we make no distributional assumptions about the
quality of the dternatives. Rather, at each stage of the search the consumers are only assumed to be
able to rank order the dternatives they have aready inspected in terms of their overal quality. Our
study departs from previous experimental investigations of the secretary problem by including search
costs and allowing for recal (backward solicitation) of previoudy ingpected alternatives. Both the
number of aternatives and the cost of searching are manipulated experimentdly in afactorial design.
In the no-cost condition, we find that subjects do not search enough, whereas in the cost condition
they search too much. We propose a simple behaviora decison mode that incorporates both local
and globa patterns of the sequence--patterns that should have been ignored by a rational consumer--

and then show that it can account for the mgor patterns of the observed results.

Keywords: Search Behavior, Sequentia Choice Models, Information Processing



1 INTRODUCTION

There is arich theoretical literature on sequential decision-making that has been invoked to
account for consumer search (eg., Rachford and Srinivasan 1993). Framing the problem as a
sequentia search for lower prices (e.g., McCal and Lippman 1976), the classical model assumes that
timeis discrete and that, in each period, the consumer observes a price randomly drawn from a known
digribution function. The consumer can accept the current price and terminate the search or rgject it
and search for a lower price. If she later decides to accept a price that she has aready rejected, this
price is available with some probability that decreases in the number of periods eapsing since this
price was rejected. When the number of pricesis unlimited, the optimal policy isto set acriticd, time-
invariant price (threshold) and accept the first price below this threshold. Versions of this model have
been studied in the marketing and job search literatures. A survey of this literature revedls that the
degree to which consumers adhere to the amount of search prescribed by the optimal solution remains

an open question.

1.1. Is Consumer Search Optimal?

Severd studies report optimal amount of searching. For example, Ratchford and Srinivasn
(1993) and Urbany (1986) found that the margina returns to searching are broadly consistent with
what one might expect if consumers baance the cost and benefits of their search. Avery (1996)
reported that the cost-benefit search model provides a good fit for pre-store search activity (but not for
the in-store search activity), and Kogut (1992) reported that the optimal model is a good predictor of
individual search behavior. Other studies report that consumers engage in considerably less searching
than is predicted by the economics of information theory (Claxton, Fry and Portis 1974; Furse, Pun
and Stewart 1984, Newman 1977; Dickson and Sawyer 1990; Grewa and Marmorstein 1994;
Moorthy, Ratchford, and Taukdar 1997). There is a smaller stream of recent experimenta research

reporting that, under certain conditions, people search more than prescribed by the optimal models.
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For example, in an experimental study of bargaining and search, Zwick and Lee (1999) reported that,
under certain conditions, buyers were willing to search too often while rejecting prices that should
have been accepted according to perfect rationdity. Similarly, Zwick, Weg, and Rapoport (2000)
found that buyers were too willing to search for prices from an additional seller even though perfect

rationdlity dictated that they should stick with the first price.

The two general methodologies for studying sequentia search are field studies and controlled
laboratory experiments. The former methodology, most common in marketing research, has its
obvious advantage of ecologica vaidity. However, it is beset by two fundamenta difficulties. Firgt, it
is not dways clear how to measure the amount of searching. Should a field study rely on the sdlf-
reported usage of various sources (eg., Goldman and Johansson 1978; Urbany, Dickson and
Kdapurakal 1996, Moorthy, Ratchford and Taukdar 1997), or on a combination of self-reports and
various observable behaviors such as deders visits? Additionaly, how should internal search be
integrated with the amount of externa search? The other difficulty with field studies is that a decision
policy is only optimal with respect to a model that characterizes the search environment and makes
precise assumptions about the consumers beliefs, goals, and preferences. What seems to be sub-
optima search behavior may smply be due to miss-specification of any of these elements. For
example, the search cost plays a crucid role in the theoretical models. How should search cost be
measured or inferred in a field study? Furthermore, the classical moddel and many of its variants
assume that consumers know the underlying distribution of prices or any other attribute that is being
considered. However, the assumption that the complete distribution is known with precision—which
is criticd for the caculation of the reservation price—is difficult to justify. Moreover, what if the
search isfor an item that cannot be smply characterized aong a single dimension such as most high-
ticket durable goods (e.g., a house, vacation, university to attend, etc.)? Would it be reasonable to

assume that consumers know the joint distributions of al the significant underlying attributes?
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Inapartia attempt to overcome these difficulties, laboratory experiments have been designed
to study sequentia search behavior (for a brief review see Camerer 1995). A congstent finding that
seems to be repeated in the literature is that people search too little compared with the amount of
search prescribed under risk-neutrality (e.g., Schotter and Braunstein 1981; Braunstein and Schotter
1982; Cox and Oaxaca 1989; Hey 1987). The reasons for this behavior are not entirely clear. Kogut
(1990) reported that subjects stopped searching too early even under the assumption of risk-aversion,
and Sonnemans (1998) found that risk-averson could not explain the less-than-optima amount of
search. In his survey of the literature, Camerer (1995) suggests that heuristic rules might explain the
persstent tendency to under-search. The ability to approximate the optimal policy under heuristic
rules is probably due to the fact that, in many search environments, the optimal policy is not very
sendgitive to deviations (“flat maxima’) and that severa heurigtic rules can approximate the optimal

solution quite well (Moon and Martin 1990; Sedle and Rapoport 1997).

Statements about “too much searching” or “considerably less searching” are obvioudy only
meaningful with respect to an optimal policy. We argue that optimal policies serving as benchmarksin
the previous investigations are based on assumptions that are too dtrict to be met in practice. In the
present study, we propose an aternative search modd that is based on more plausible assumptions and
dlows for more generality. Unlike the classica search modeds, our modd does not assume that
consumers possess precise knowledge about the characteristics of the underlying distribution of prices
or any attribute under consideration. Moreover, and aso unlike the classical search models, we do not
assume that the search for an item is characterized dong a single dimension. Rather, the modd that we
propose and test below incorporates only information about the rank ordering of the items being
consdered. This alows generaization of the model to multi-attribute items while bypassing the

thorny issue of how the attributes are integrated by the consumer.



1.2. TheSearch Environment

We study individua search behavior in a class of squential decision problems in which a
decisonrmaker (DM) is faced with a set of n objects that are to be ingpected sequentially. These
“objects’ may be applicants for a job, gpartments for rent, or offers for purchasing an object for sale.
In al these cases, during each period of the search process, the DM is faced with a dilemma whether
to accept the current object and thereby terminate the search or wait in the hope of obtaining a better
object later. There are a number of real-world consumer decisons that are characterized by such
environment. For example, when a graduate student who has just arrived to a new college town
congtructs or otherwise receives a list of apartments, she must decide at each stage of her inspection
whether to rent the current apartment or inspect another gpartment on her list. In doing so, she runs the
risk that an apartment that has already been inspected but not chosen may not be available later.
Likewise, when a consumer shops for a used car, he must decide whether to purchase the car he has
just inspected or visit another seller and ingpect another, hopefully better car. If the delay is long, a
previously inspected car may no longer remain available. Finally, when a sdller offers a certain item
for sdein the market, he must decide upon receiving an offer whether to accept it or rgect it and wait

for another, possibly better offer.

Sequential observation and sdlection (search) processes of this type have been studied both
theoretically and experimentally in economics (e.g., Cox and Oaxaca 1989 on job searches in labor
economics), marketing (e.g., Kogut 1992 on consumer search), and psychology (Rapoport and
Tversky 1970; Shapiraand Venezia1981). Our study differs from these studiesin the assumptions we

make about the DM’ s information structure.

With few exceptions, the experimental literature on sequential observation and selection has

assumed that the objects are drawn from a distribution whose parameters are known with precision.



As mentioned earlier, precise knowledge of the digtribution is critical, because without it the optimal
reservation values cannot be calculated. These values are often at the right tail of the distribution and
are very sendtive to minor changes in the distribution parameters. We contend that this is a strict
assumption seldom met in practice. Moreover, the validity of this assumption is difficult to ascertain.
The subjects in these experiments are typically instructed that objects are to be independently and
randomly drawn from a digtribution (e.g., normal) with known parameters. It is unreasonable to
assume that inexperienced subjects, even if presented with random samples for a distribution, can
accurately measure the probability of each observation and then compare it to some cutoff point,

which they are supposed to know how to compute.

We replace this assumption with a considerably weaker assumption that, at each period of the
observation and sdlection process, the DM can only determine the relative rank of the current object
with respect to the objects that have aready been inspected. This assumption alows application of the
model to multi-attribute aternatives. With reference to the previous examples, under our assumption
the graduate student who inspects potentia apartments can only conclude at the end of each inspection
that the current apartment is the best, second best, third best, or worst apartment she has seen so far.
After driving afew cars, one a atime, and evauating them in terms of price, comfort, size, color, €tc.,
the car buyer can typicaly only rank order the most recently tested car in terms of its overdl quality

with respect to the ones he has dready inspected.

Sequentia observation and sdlection problems of this type have attracted considerable
attention from applied mathematicians whose major focus has been on characterizing the optimal
policies for arich class of problems (Freeman 1983). In contrast, with only afew exceptions (Corbin,
Olson, and Abbondanza, 1975; Seale and Rapoport 1997, 2000), there have been no attempts to study

the decision rules that subjects use to select the best objects in this class of sequential decision tasks.



In what follows, we state a set of assumptions that capture many of the features of consumer search
for multi-attribute products like cars, apartments, gifts, children’s toys, etc., where an underlying

distribution of overal quality cannot be reasonably presumed.

1.3. The Model Assumptions

Thereis only asingle object to be selected.

The number of objects to be observed sequentialy (which congtitute the so-caled “consideration

set”), denoted by n, is known.

The n objects are presented to the DM one & atime, in a random order. Therefore, before the

search commences, each of the n! orderingsis assumed to be equdly likely.
Thereis afixed per-object cost for searching®.

The DM can determine only the rank (in terms of preference, attractiveness, quality) of the current

object relative to the ones she has already observed (with no ties).

At each period, the DM can either accept the current object, continue to search for the next object,
or recall? any of the objects she has already observed. If she recalls an object, it is assumed to be
available with a certain probability that is known by the DM. If the object is unavailable, the DM
can recall another object or continue the search. An object that is not available remains unavailable

forever.

The DM’ s objectiveisto sdect the overall best object from the consideration set.

! This can be set to zero. The model rules out the possibility that consumers derive pleasure from the sheer act of
searching.

2 «Recall” in our paper (also called “backward solicitation”) does not refer to the act of recalling information from
memory but rather to the ability to “call back” an item after it has been passed over.
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1.4. The Search for a New Apartment Scenario

To illugtrate the sequential search problem, consider the following scenario used in our
experiment. Imagine that you intend to move to a new apartment. Your read edate agent has
constructed a list of potential apartments that seem to satisfy your needs. Were you to vist al the
gpartments on the list, you would be able to rank them from best to worst (with no ties). However,
vigiting al the apartments on the list, besides being costly in terms of your time and the cost of
extending your stay where you now live, does not guarantee success. Firg, the best apartment may no
longer be available after you have visited al the apartments (unless it is the last on the list). Second,
vigting and inspecting al the gpartments on the list is cosily and time consuming. Therefore, as is
typically the case, you decide on the following plan of action: Y ou visit the first apartment on the list
(bearing the cost of one visit). If you believe that this gpartment can satisfy your needs, you rent it;
otherwise, you inspect the second apartment on the list (bearing the cost of two vigits). At this point,
you compare the two apartments to each other. If you believe that the second apartment satisfies your
needs, you rent it. If not, you either decide to inspect the third gpartment on the lit, or call back the
owner of the first gpartment to find out if it is dill avallable. (Given that the second apartment is
inferior, you may now believe that the first gpartment can satisfy your needs and reduce your total
search costs). If the first gpartment is available, you rent it. If not, you vist the third apartment on the
list (bearing the cost of three visits). This search process continues until you choose an apartment that

satisfies you.

Assume that the list contains twenty apartrments and that you will be satisfied only if you rent
the best apartment on the list (“nothing but the best”)®. Further, assume that the probability that an

gpartment that was ingpected but not selected is still available in alater period declines geometrically

% This assumption is restrictive. We discuss possible extensions in the Discussion section.
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with the number of periods since this apartment was inspected (g, where r is the lag time?). How
many gpartments would you visit before renting or deciding to recall a previoudy visited gpartment?
Will you vidit too few apartments in agreement with the statements one finds in the marketing
literature on search, will you search too much, or will your behavior be accounted for by the optimal
decision policy outlined below?
1.5. Optimal Search Policy

The following search policy maximizes the probability of selecting the overall best dternative,
given the above scenario with no search cost: Skip thefirst sp-1 items. In period § choose the reative
best object (no matter in which period it has been observed®). If the reative best (out of the first g
items) is not available, continue to search and then choose the next relatively best object in the

sequence (Yang, 1974).
The value of ) -- thefirst stopping period -- isthe largest s that satisfies the inequality
p>1-[(s- (- o(9)

where

a— if stn
__J:S+1J 1
t 0 if s=n.

}é‘ 1
c(s)=1i. -

The optima cutoff point for the case with a per unit search cost cannot be expressed by a

smpleformula. Hence, it is determined numericaly.

* Theintuition behind this assumption is as follows. Suppose it takes one day to inspect an apartment and that, if it
is not rented immediately, it has the probability of (1-p) of being rented by someone else each day. Hence, the
probability that the apartment is still available after r daysisp'.

® This, of course, might require recall.
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Figure 1 presents the cutoff points (periods) for various lists' length ranging from 1 to 90 for
three cost values ($0, $0.1 and $0.3). It assumes a reward of $10 for selecting the best overall object
and a probability parameter of r=0.9 for determining the availability of previoudy inspected objects.
To generate this figure, each sequence (length) was replicated 10,000 times, and the expected gain
was computed for al possible cutoff values (1 to the end of the list). The figure presents the cutoff

vaues with the highest mean expected payoff for each list’s length (i.e., the optimd cutoff value).

Figure 1
CUTOFF PERIOD (Sy) ASA FUNCTION OF LIST LENGTH AND SEARCH COST*

50

i p=09
40 |

Reward = $10

351

30 1

251

Cutoff period

20 f

15

10 1

List length

* Based on simulation results with 10,000 sequences for each list’s length

The optimal policy dictates that the decison either to accept or reject an object depends only
on the currently observed relative rank of this object and on the period of observation, but not on the

history of the process.
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The remainder of this paper is organized as follows. In the next section, we describe an
experiment designed to test the amount of searching by consumers in the search environment
described above. The third section presents the magor result of the study that, in comparison to the
optimal policy, most subjects in our experiment did not search enough in the two no-cost conditions
but searched too much in the two cost conditions. We next attempt to account for the observed
regularities by proposing a simple behaviora search model that explains smultaneoudy both under-
and over-searching. The paper concludes with a discussion of the limitations of our study and the

sgnificance of our findings from both managerial and consumer perspectives.

2. METHOD

2.1. Subjects

Ninety-seven subjects, al undergraduate business students from the Hong Kong University of
Science and Technology, participated in several sessions each lasting about 90 minutes. Subjects were
recruited through advertisements placed on bulletin boards on campus and class announcements. The
announcements promised monetary reward contingent on performance in a marketing study.
2.2.  Procedure

The search task was implemented as a Java program on a PC®, and was introduced as a search
for arenta flat’. The subjects read online instructions at their own pace and were required to answer
correctly several questions before continuing with the experimental task®. Subjects were instructed to

imagine that their real estate agent had constructed a list of potentia flats and that their task was to

® The Program is available from http://cebr.ust.hk/software/search/s.zip

" A product class frequently studied in conjoint research (cf. Green, Helsen, and Shandler 1988; Johnson, Meyer,
and Ghose 1989).

8 Theinstructions were delivered via a PowerPoint slide show through the “ browsing at a kiosk (full screen)” mode.
Theinstructions (in PowerPoint format) for the (20, cost) condition are available from
http://home.ust.hk/~mkzwick/instr_20 COST .ppt
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sdect (“rent”) the best flat from the lig by sequentidly inspecting the flats. The ingructions

emphasized that:
on paper al the flats are equally attractive;
the order in which flats are visited implies nothing about the desirability of the flat;

only the (relative) rank of the flat, relative to all other flats that have aready been visited, is

revealed by visiting and inspecting a flat;
visiting a flat says nothing about other flats that have not been visited;

the chances that aflat that has been visited in the past is still available decrease with the time

since the visit.

In two of the four conditions, subjects were instructed that each visit to aflat bears a fixed cost.
Table 1 presents an example of the decison screen. The parameters of the game (number of
flats on the list, cost per vigt (if any), objective of the DM, and the reward for selecting the best flat)
are presented in the top right section of the screen. On the l€eft of the screen atable presents the history
of the search up to the current period. It displays the relative ranks of the flats that have aready been
visited (column 2) and the probability that a previous flat is available if an attempt is made to rent it
(column 3). The current period (10 in this example) is highlighted in red, and the best flat from the

ones that were inspected is highlighted in blue (flat no. 2 in this example).
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Tablel

EXAMPLE FOR THE DECISION SCREEN PRESENTED TO THE SUBJECTS'

e | | ¢ Thisis for the 20 flats case and
Huowrd =1 positive search cost of $0.30. The
Mumber of Flats: n
Period | poets | Prob, Cost per visit: 3030 statement on the screen “Goal:
Rank . Coal: MNething but the best
; 'llli 2;; Reward: $10.00 Nothing but the best” indicates
: .;. g:: that the reward (of $10) is
: ; 322 awarded only if the best flat
2 e ik overal is sdected. In the above
s example, the subject is currently
il l RENT | MEXT| GALL | visiting the 10" flat. Its relative
13| :
14 rank is 8 and the best flat so far
15
16 was vigted in period 2. The
17|
:: chances that the flat from period 2
= is till available are 0.43.

After visiting aflat (that is not the first on the list), subjects could choose one of three actions

(see Table 1):
RENT the current flat, thereby terminating the search,
Vigt the NEXT flat, or

CALL a previoudy visited flat®. If this flat is available it is rented and the search is

terminated; otherwise, the same three options are again available to the subject™®.

° This option, of course, was not available in the first period.

10 As mentioned earlier, if recalling aflat revealsthat it is not available, it remains unavailable for the duration of the
round.
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If aflat is rented, or after being recalled it is available, the search is terminated and the
(absolute) ranks of dl the flats on the list are unvelled. [f the selected flat is the bedt, the subject is
provided with the reward minus his or her accumulated search cost (if any). If the selected flat is not

the best, the subject is charged an amount equivaent to his or her accumulated search cost (if any).

Each subject participated in 100 rounds of the search game with the same parameter values.
The number of rounds was not disclosed. Subjects were informed that they would be paid a certain
percentage of their cumulative earnings from all 100 rounds plus $10 for completing the session'. On

average, the subjects earned $159.43'2,

2.3. Experimental Design

A 2 (number of flats on the lis) © 2 (search cost vadues) © 100 (replications) factorid design
was used. The first two factors were between subjects, and the last within subjects. The number of
flats, n, was either 20 or 60. The search cost was either $0 (zero) or positive ($0.1 and $0.3 in the 60
and 20 flats conditions, respectively). The reward for sdecting the best flat was fixed at $10 and the
probability that a flat was still available upon recal was set at 0.9, where r is the lag time from the
current period (r=0,1,2, ...)"®. To render the task to be about equally profitable in al four conditions
(based on the optimal policy), subjects were paid different percentages of their cumulative earningsin
the four conditions, and the search cost (when it was positive) dso varied as a function of the ligt
length. Table 2 presents the parameter values, number of subjects in each condition, cutoff period of
the optimum policy, probability of sdecting the overall best flat, and the associated expected gain if

the optima policy is followed.

1 All amounts are in Hong K ong dollars. The exchange rate at the time of the study was US$1=HK $7.8.
12 $50 per hour was the hourly wage for an on-campus job at the time of the study.

13 The formulawas explained in the instructions and a hard copy table with probabilities associated with all possible
lag times was available to the subjects at all times.
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Table2
PARAMETER VALUESIN THE FOUR EXPERIMENTAL CONDITIONS AND OPTIMAL

STRATEGIES
20 flats 60 flats
Search cost $0.0 $0.3 $0.0 $0.1
Cutoff (s) 15 6 32 13
Prob. 0.502 0.320 0.400 0.269
Expected gain 5.020 0.897 4.000 0.525
Paymert 40% 300% 50% 500%
N 23 22 28 24
Cutoff The cutoff period based on the optimal policy
The probability of selecting the best flat if the
Prob. ; .7
optimal policy is followed
. The expected gain per round if the optimal policy is
Expected gain foIIowepd e P P
Payment The percentage of the accumulated gains (in all 100
rounds) paid to subjects at the end of the session
N Number of subjects

3. RESULTS
Figure 2 illustrates the efficiency of searching in comparison with the optimal policy (100%
efficiency) for various cutoff values in the neighborhood of the optimal cutoff value (£6). As might be
expected, the optima policy is more sendtive to deviations when the number of items is smdler and
the cost is higher. The efficiency loss for sub-optimal behavior can be substantial. For example, setting
a cutoff value of 6 periodstoo early in the shorter list (n=20) results in an efficiency loss of 21.4% and
77.8% for the no-cost and cost conditions, respectively. Such significant losses indicate that the

optimal policy is not only theoretically important but also has practica significance.
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Figure 2
EFFICIENCY OF SEARCH FOR VARIOUS CUTOFF VALUES IN THE NEIGHBORHOOD OF
THE OPTIMAL VALUE

N =20
100
80 |
o)
T 60
9
=
L 40 |
20
6|54 -3]-2|-1]|]0]|+1|+2|+3]|+4]|+5]| +6
—B—No Cost | 78.684.5|89.6(93.7(96.8( 98.7 | 100 {99.8| 99.1|97.5|94.9(91.5|875
—e— Cogt 22.2(44.4|63.4(78.8(89.8|97.2| 100 |99.0/ 92.0(83.3( 70.6(55.1(35.5

N =60
100 ¢
80
g
5 00|
“—
L
40 |
20
6| 543|210 ]|+1]|+2|+3|+4 | +5]| +6
—E— No Cost {97.1/98.1/98.8(99.2199.6|99.7 | 100|99.4|99.2(98.9(98.2|97.2(96.4
—— Cost 75.0(83.8(89.2194.9(99.1(99.2]| 100|99.9(93.8|93.4186.6(81.5|74.7

17



3.1. Period of First Action

Figure 3 displays the mgjor findings, namely, the frequency distributions of the Period of First
Action (PFA) that can be either to recall apreviousflat or accept the present flat. The digtributions are
shown by list length (row), cost/no-cost condition (column), and subject (box plot). The bottom and
top edges of each box plot are located at 25" and 75" percentiles of the sample. The vertica lines
extend from the box as far as the data extend, to a distance of a most 1.5 interquartile range. Any
vaue more extreme than this is marked by adot. A reference lineis drawn horizontally at the optimal

PFA. Subjects are ordered from Ieft to right by the value of the 25" percentile of their distribution.

Inspection of Fig. 3 reveds that for both lists (=20 or n=60) most subjects took the first
action earlier than prescribed by the optimal policy for the no-cost condition, thereby supporting the
common claim that consumers do not search enough. However, the opposite result is depicted in the
two cost conditions, where, for most subjects, the PFA exceeds the value prescribed by the optimal
policy on most trids, thereby indicating excessive searching. A datistical analysisis presented next to

support these claims.

To st our analysisin the context of previous research, we refer to each item in the sequence as
“applicant.” An gpplicant who is best relative to the ones that have aready been ingpected is caled a
“candidate.” Note that being a candidate is a necessary but not sufficient condition for being the best
overal. Table 3 presents the mean and standard deviation of the PFA by the type of the first action
(accept or recall) and by the status of the applicant that has been inspected at the period of the first
action (candidate or not). The boxed cdlls indicate the cutoff period for the optimal policy, and the
shaded entries indicate errors in either accepting a norntcandidate or recalling a candidate in a period

when another candidate is encountered (clearly the current candidate is the highest ranked).
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Figure 3
PERIOD OF FIRST ACTION
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Table3
MEAN AND STANDARD DEVIATION OF PERIOD OF FIRST ACTION

Applicant in the PFA

20 60

Accept Recal  Accept Recall

No cost Candidate MEAN

STD
%N

1126 [15] 1229 2315 20.74

5.39 411 1554 17.28
6 2 8 1
8.04 8.48

Not acandidate MEAN

19.73[15] 11.77 5047 25.37

STID 179 459 1971 1454
%N 2 90 7 84
t P04 2218
Cost Candidate MEAN 869 [6]1033  17.77 27"
SID 444 737 1603 1556
%N 14 0 13 0
t 1045 5.34

Not acandidate MEAN
STD
%N

731 [6] 979 5222 21.2

6.39 3.76 13.55 14.35
2 84 4 83
43.29 2548

* Based on 3 observations

** Based on 2 observations

%N: % of time the relevant category
occurred in the period of first action.

t: t vaue for testing the hypothess that the
observed mean is the same as expected
(appears in the box to the right or the left of
the mean).

3.2. The Effect of Experience, Search Cost, and Set Size on the Period of First Action

To test for the effect of experience we divided each subject’ s responses into two blocks of 50

trials each. We than subjected the PFA scorestoa2” 2” 2 (search cost by number of items by block)

ANOVA (with repeated measure on the block variable). Block and the interactions of block with the

other two variables, aswell as the triple interaction were not significant (F=3.01, 3.14, 2.86 and 2.72,
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for block, the two interactions of block with cost and block with number of items, and for the
triple interaction, respectively, p>0.05). Search cost and number of items affected the amount of
search before the firgt action. Both main effects and the interaction were sgnificant (F=3026.63,
215.19 and 27.69, for number of items, search cost, and the two-way interaction, respectively,
p<0.0001). On average, the number of skipped items before the first action was higher for the
no-cost than for the cost condition (20.10 vs. 16.00), and higher for the 60 than for the 20 items
lists (24.55 vs. 10.77). The interaction is due to the fact that the cost reduces the number of
skipped items by about 5 when n=60 but only by 2 when n=20.

The first action was taken earlier than predicted by the optima policy in the no-cost condition
and later than predicted in the cost condition for both list lengths and when actions were not classified

aserrors®,

For the no-cost 20-item list, the mean PFAs are 11.26 and 11.77 for the accept and recdll first
actions, respectively, whereas the predicted cutoff period is 15. For the no-cost 60 items list, the mean
PFAs are 23.15 and 25.37 for the accept and recdl first actions, respectively, whereas the predicted
cutoff period is 32. All of these differences are significant at the 0.001 level (seet valuesin the table).
For the cogt 20-item ligt, the means PFAs are 8.69 and 9.79 for the accept and recal first action,
respectively, wheress the predicted cutoff period is 6. For the cost 60-item ligt, the means PFAs are
17.77 and 21.2 for the accept and recal first actions, whereas the predicted cutoff period is 13. All of

these differences are dso significant at the 0.001 leve (seet vaduesin the table).

% The highest error level is 8% in the 60 no-cost cell. The corresponding error levels for the other cells are: 4%, 2%
and 4% for the (20, no-cost), (20, cost) and (60, cost) conditions, respectively. Many of the errors of accepting a
non-candidate are due to accepting the last applicant without an attempt to recall the last candidate. For
example, the mean period in the (20, no-cost) condition for such an action is 19.73, and 50.47 in the (60, no-cost)
case, and 52.22 in the (60, cost) case.
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3.3. The Effect of Search Cost and Set Size on the Search Termination Period

The mgority of first actions wereto recdl in al four conditions. The percentages were 90.02,
84.01, 84.00 and 83.00 in the (no-cost, 20), (no-cogt, 60), (cost, 20) and (cost, 60) conditions,
respectively. The predicted percentages derived from the optima policy are 93.3, 96.87, 83.33 and
92.31'°. Since accepting a candidate terminates the search with certainty, the lower observed rate of
recdl as afirgt action in the no-cost condition coincides with the above findings that less searching
than expected istaking place. For the cost condition, the rate of recdl asthefirst action is close to that
expected when n=20, and below expectation when n=60. This could imply that athough the first
action is taken later than predicted and because the action is more likely than expected to be
acceptance rather than recdll, the overal number of inspected items is not necessarily higher than

predicted. However, our next analysis shows that thisis not the case.

Figure 4 displays the observed and predicted cumulative probability distributions of the search
being terminated at any particular period. The theoretical distributions are depicted with a dashed line
and the observed digtributions with a solid line. The no-cost conditions are represented by thick lines
and the cost conditions by thin lines. The findings regarding the PFA extend to the overall number of
items ingpected before the search is terminated. For the no-cost case, for both list lengths and any
given period, the observed probability of search termination is higher than expected, emphasizing the
fact that searching is less extensve than predicted. On the other hand, for the two cost conditions,
except for the few periods before the predicted cutoff period (where termination is never expected),
the observed probability of termination is lower than expected, emphasizing the fact that searching is

more extensive than predicted.

15 The probability that thejth applicant isacandidateis 1/j. Hence, the probability that the first actionisrecall is
given by 1-1/s*, where s* isthe cutoff period.
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Figure 4
OBSERVED AND EXPECTED CUMULATIVE PROBABILITY DISTRIBUTIONS OF SEARCH
TERMINATION BY PERIOD
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3.4. Costof Sub-optimality

Table 4 compares the observed vs. predicted payoffs of individua subjects. Predicted payoffs
are derived from the optimal policy; they are calculated on the basis of the actual sequences observed
by each subject. Each sequence was simulated 100 times to account for the probability that a recalled

item might not be available if the optima policy required recall.

By not searching enough in the two no-cost conditions, subjects lost 15.67% and 21.28% of
the total potentia accumulated payoffs in comparison with the optima policy for the cases n=20 and
n=60, respectively. By searching too much in the two cost conditions, the loss was much higher at
40.69% when n=20 and more than 100%™ when n=60. Clearly, sub-optimal behavior, especidly in
the cost condition, is sgnificant and deserves attention. Notwithstanding the previous statement, afew
subjects did better than expected (there were, respectively, 2, 8, 2 and 3in the[20, 0], [20, 0.3], [60, O]

and [60, 0.1] conditions).

We have shown that most subjects did not follow the optima policy and that the deviation
from optimality was substantial and systematic. In the no-cost condition, subjects did not search
enough, but in the cost condition they searched too much. Additionally, the sub-optimal search
behavior was rather costly. How can we explain such behavior, and in particular can a descriptive

modd account for both the under- and over-search as a function of search cost?

18 |tis not quite clear how to measure the loss in efficiency here since the predicted valueis positive and the
observed valueis negative.
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Table4

OBSERVED AND EXPECTED ACCUMULATED PAY OFFS

20 60
No cost Cost No cost Cost
Subject* OBS EXP OBS EXP OBS EXP OBS EXP
1 440 4838 -78.1 89.1 30 4145 -194 327
2 420 5240 -19.9 51.0 210 366.7 31 94.7
3 320 4949 1245 93.3 270 359.3 88.3 484
4 440 4583 34.8 82.6 360 405.1 315 507
5 410 4777 50.2 1499 260 394.5 337 525
6 370 4945 90.3 1001 310 384.9 -31 -54
7 360 4741 30.0 96.3 330 452.1 75 76.5
8 390 5381 15.2 78.8 280 360.8 79.1 71.6
9 470 5327 1.8 1330 230 356.8 5.3 92.3
10 430 5438 477 1426 280 362.6 65.8 94.6
11 350 5032 1337 75.3 430 4580 -485 16.2
12 360 5321 66.3 128.3 310 408.2 -1743 69.3
13 440 5108 70.4 72.2 330 373.2 -1.2 376
14 330 4779 1513 1304 340 3794 87.8 1008
15 430 5179 27.8 52.7 330 409.9 170 84.1
16 330 4534 56.8 34.1 360 4032 -575 338
17 460  460.7 53.1 52.3 330 360.8 19.7 73.2
18 450 4772 62.5 45.5 310 4113 -225 742
19 570 5625 1.7 1185 320 4122 -1348 9.1
20 480 5087 1151 815 400 4514  -30.9 14.2
21 470 5239 1164 77.4 290 416.7 -1754 -2.7
22 540  490.3 13.9 95.3 410 400.7 -149.7 715
23 440 4622 340 3638 -423 823
24 280 386.7 -50.3 6.2
25 420 413.0
26 320 365.7
27 270 348.6
28 360 444.6
MEAN 4217 500.1 53.4 90.0 3110 3952 -196 533
STD 64.5 30.5 55.0 32.9 76.8 31.6 76.1 336

* - Subjects ID isbased on the ranking presented in Figure 3
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3.5. Behavioral Decision Rules

The findings reported above indicate that the stopping and recall criteria used by the subjects
do not remain fixed as prescribed by the optima policy but are sensitive not only to the search costs
and list length but aso to the characteristics of the observed sequence. The optima policy dictates that
the decision to accept or reject a candidate or to recall a previoudy encountered candidate depends
only on the currently observed relative rank (which must be 1 in the accept case and different from 1
in the recal case) and on the period of the observation, but not on the history of the process. All
candidates before the cutoff period areinitialy rejected, and the first candidate after the cutoff period
is accepted, if it isreached. Based on previous studies of sequentia search (Seale and Rapoport 1997,
2000; Saad and Russo 1996; Kraft and Lee 1979), we investigated the effects of the following two
factors on the decison to accept or rgect a candidate and on the decison to recdl a previoudy
encountered candidate: (1) the number of Periods Since the Last Candidate was encountered
(PSLC)', and (2) the Average Rate Of Candidate Arrival (AROCA) computed at each period as the

number of previously encountered candidates divided by the period - 1.

3.5.1. Decisions to Accept

The decisons in periods in which a candidate was encountered to either accept the candidate
or continue the searcht® (as the dependent variables) were subjected to amultivariate dynamic ordered
probit analysis (Dueker 1999) with period, average rate of candidate arrival (AROCA), and number of
periods since the last candidate was encountered (PSLC) as the independent variables. Table 5 (upper

panel) presents the maximum-likelihood estimates of the regression coefficients where the parameters

17 pSLC and AROCA are not defined for t=1; for the present analysis we set PSLC=0 and AROCA=0 for t=1.

18 |t isastrategic error to recall apreviously encountered candidate in a period in which a candidate is encountered.
For the purpose of this analysis, errors of this type were omitted. Table 3 shows that these errors occurred very
infrequently.
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correspond to the Accept decision. In al conditions, a Pearson chi-sguare overall goodness of fit test
cannot be rejected™®.

As mentioned earlier, the optima policy implies that the average rate of candidate arrival and
the length of time since the last candidate was encountered are irrelevant. The observed behaviora
patterns clearly violate these implications. Although in al conditions the rate of accepting a candidate
increases with the period (see the postive significant coefficients for the period in al conditions),
these rates are dso a function of the number of periods since the last candidate was encountered (see
the pogitive significant coefficients for PSLC in dl conditions). In the shorter ligs (n=20) it is a

function of the average rate of candidate arrival (see the negative significant coefficients for AROCA).

AROCA can be interpreted as a globa measure of arriva rate computed over the entire
sequence up to the current period. PSLC can be interpreted as aloca measure of arrival rate, relevant
in the vicinity of the current period. In the shorter lists (n=20) for both the cost and no-cost conditions,
subjects are sendtive to both measures. If, given a specific period, v, in which a candidate has been
encountered, the sequence up to v had relatively many candidates, then the probability of immediately
accepting that candidate is lower compared to experiencing a more sparse sequence before period v.
This behavior follows the (erroneous) belief that the past rate of arriva will continue to the future,

hence given a past sequence “rich” with candidates, subjects believe that many more candidates are

19 We have used the multivariate dynamic ordered probit analysis proposed by Dueker (1999) because it allows for
conditional heteroscedasticity to exist in aqualitative response model of time series data. The procedure
addresses this issue by adding Markov-switching heteroscedasticity to a dynamic ordered probit model. Note
that in our data period and PSLC are structurally correlated: PSLC is always less than or equal to the period,
however, given aperiod, except for the upper bound on PSLC it isfreeto vary from 1 to this bound. Moreover,
given the random sequences, we can compute the probabilities of the various switching stages. The analysis
suffers from a censuring problem. Given an acceptance, the sequenceis terminated. Further, the probability that
arandom sequence contains, for example, only one candidate before the 20" period isvery low; hence, the
deeper we get into the sequence the fewer actual observations we have to rely upon for low values of AROCA.
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likely to appear in the remaining sequence’®. Conversaly, a sequence in which candidates appear
infrequently (an extreme case is if, by chance, the applicants appear in a descending order) increases
the rate of acceptance of the current candidate. This is in line with the finding that people tend to
perceive local patterns in an otherwise globa random sequence. Similarly, a recent shortage of

candidates increases the likelihood that the current candidate will be accepted.

In the longer lists (n=60) for both cost and no-cost conditions subjects were only sengtive to
the period and the loca measure of arriva rate. Note that AROCA is a much more difficult index to
process cognitively. It was not immediately available on the screen as such?!. On the other hand,
PSLC was immediately visible on the screen since the last candidate was always highlighted in blue
(see Table 1). Consequently, we conjecture that the recency effect was more pronounced in a

condition where the derivation of the global measure of arrival rate was harder to process.

20 For every period, we can compute the probability that n candidates were encountered previously. Whileit istrue,
for example, that it is more likely that a candidatein period 9 isthe 4" rather than the 2™ candidate, the
probability that this candidate is the overall best is 1/(n-9) in both cases. That is, the probability that a candidate
isthe overall best isindependent of the number of previously encountered candidates.

2L All the information needed to compute this index was available on the screen at all times. However, it required
some processing of determining, for example, if an applicant was a candidate at the time when it was presented.
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Table5

PROBIT ANALYSIS

Decision to accept
No Cost Cost
EST STD c? Pr>c? EST STD c? Pr>c?
20 Intercept -1.682 0.188 4815 0.000 -1555 0.055 2338 0.000
Period 1287 0148 2201 0.000 1674 0260 2319 0.000
PSLC 1839 0231 8.23 0.006 1192 0092 2611 0.000
AROCA -1706 0.363 3.09 0037 1746 0263 282 0044
60 INTER -1594 0058 126.75 0.000 -1234 0.325 218.89 0.000
Period 1582 0135 1806 0.000 1912 0331 1594 0.000
PSLC 1502 0.207 7.35 0.000 1714 0053 1871 0.000
AROCA 1448 0.685 0.32 0491 1.055 0255 1.20 0.236
Decision to recal
20 Intercept -1.171 0.075 220.65 0.000 -1.796 0419 12996 0.000
Period 1658 0067 942.76 0.000 1884 0117 29955 0.000
PSLC 1212 0046 258.62 0.000 1767 0146 1880 0.000
AROCA -0881 0.187 361 0059 -1406 0.276 3.97 0042
60 INTER -1.747 0247 5255 0.000 -1431 0119 439.38 0.000
Period 1102 0017 135.34 0.000 1682 0101 513.13 0.000
PSLC 1010 0027 163.78 0.000 1.037 0.048 1103.84 0.000
AROCA 0588 0.058 048 0.388 -0933 0.277 1.96 0.083
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3.5.2. Decisions to Recall

The decisions in periods in which a candidate was not encountered to either recall a previoudy
encountered candidate or to continue the search were subjected to a smilar Probit analysis with
period, AROCA, and PSLC as the independent variables. Table 5 (lower panedl) presents the
maximuntlikelihood estimates of the regression coefficients where the parameters correspond to the

Recal decison. Inal conditions, a Pearson chi-square overal goodness of fit test cannot be rejected.

The optima policy dictates that recall decisions will occur not more than once at the period
just after the threshold, if the applicant in this period is not a candidate. The characterigtics of the
sequence up to this period should be entirdly irrelevant. The observed behaviora patterns clearly
violate this prediction. Although in al conditions the rate of recal increases with the period (see the
positive significant coefficients for Period in al conditions), these rates are a so positively affected by

the PSLC. In the shorter lists (n=20) the rate of recall decisions decreases as AROCA increases.

3.6. Summary of Behavioral Findings

Our results indicate that search decisions are influenced by two conponents that we term
looking backward with regret and looking forward with anticipation. Anticipation that the next
candidate will be the overal best builds up as a function of the lag since the last candidate was
encountered. It decreases as a function d the average rate of candidate arriva. The longer the lag
since the last candidate and the lower the average rate of candidate arriva, the higher the probability
that the next candidate will be accepted. Regret that the last encountered candidate was the overall
best affects the decision to recall and it increases with the lag since the last candidate was encountered.

At apoint when a candidate is observed any regret disappears.
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3.7.  Implications of the Behavioral Regularities

Can a decision rule (policy) that focuses on counting candidates and non-candidates explain
our basic finding that most subjects did not search enough in the no-cost condition and searched too
much in the cost condition? We show below that the answer is podtive. Consder the following
decison heuristic (behavioral model) termed Candidate/No-Candidate Counting Policy (CNCCP): a

threshold vaue j is established, and the following counter is set:
counter; =t + PSLC; — AROCA:.

If counter; > j and the applicant in period t+1 is a candidate, then it is accepted; otherwise, the last
candidate is recaled. If the last candidate is available, the search process ends; otherwise, the search
continues to the next candidate that is immediately accepted. If no candidate is encountered after an
unsuccessful recdl, then the last applicant is accepted. If counter; £ j for al t<T (the number of
applicants), then in period T, the last candidate is recalled. If it is available, the process terminates,
otherwise, the process ends by accepting the last gpplicant. This behaviord decison modd is
motivated by our findings regarding the effects of Period, PSLC, and AROCA on the decison to

accept, rgect, or recall. Notethat the effect of AROCA (0< AROCA £1) is much smaller than Period

and PSLC, reflecting our experimentd findings.

Given the specific parameter values of the game (number of gpplicants, reward and search
cost), we can determine the optimal j that maximizes the expected vaue of the search, given the
behavioral modd proposed above. Given j, we can compute the Expected Period of First Action
(EPFA). Note that the optima policy only counts the number of periods and hence the PFA isfixed.
In contrast, CNCCP counts the number of candidates and non-candidates. Consequently, PFA
depends on the actual realization of the random sequence. Figure 5 displays the PFA (solid line) and

EPFA (dashed line) vaues for either the optimal policy or the CNCCP as a function of the number of
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applicants (upper and lower figures) and the search cost (on the horizontal axis). A bold verticd line
above each cost level represents the range of EPFA corresponding to an 80% efficiency level with

respect to the optimal CNCCP.

The following pattern emerges. for both the no-cost and low-cost environments, the CNCCP
mode with optimal vaue of | prescribes a PFA that is, on average, earlier than the cutoff period
prescribed by the optimal policy. On the other hand, in the high-cost environment, the CNCCP modéel
with the optima value of j prescribes a PFA that is, on average, later than the cutoff period prescribed
by the optimal policy®?. Further, even if the subjects follow the CNCCP but do not adhere to the
optimal threshold, the pattern of over- and under-search as a function of cost is expected to emerge if
the deviation from the optimal threshold value is not too extreme. This is shown by the ranges that
represent the 80% efficiency levels. Almost the entire range lies below the PFA for the no- and low-

cost levels and above PFA for high-cost levels.

22 For both strategies, the first action is expected to occur sooner as the cost increases up to such a cost that no
matter how much higher the cost is, the best option isto accept the first applicant. Hence, the discrepancy
between the two strategies disappears at this cost level.
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Figure 5
(E)PFA FOR THE OPTIMAL POLICY AND CNCCP AS A FUNCTION OF COST
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4. DISCUSSION

A common claim is made that consumers engage in insufficient externa searching prior to
purchasing, even for mgjor purchases involving furniture, appliances, and automobiles (Claxton, Fry
and Portis 1974; Furse, Punj and Stewart 1984; Newman 1977; Dickson and Sawyer 1990). These
studies have found that a sgnificant number of consumers make magjor decisons after shopping a a
single retailer and/or considering only one brand. The genera claim that seemsto be drawn from these
studies, namely, that consumers do not search enough, is questionable for three reasons. Firgt, the
finding that consumers engage in insufficient external searching does not necessarily mean that the
amount of overall searching is low because this finding fails to consider the possibility of interna
searching. Consumers do not approach the purchase of mgor items completdy uninformed.
Typicaly, and to varying degrees, they gather relevant information and deliberate on it—often at
some length--prior to starting the external search. Second, it is not always obvious how to measure
the amount of externd searching. Thirdly, given a correctly measured amount of searching, the “not
enough” statement can only derive meaning with respect to the known optimal length of searching

that, in turn, must be based on modeling the search environment fromthe consumer’ s perspective.

The experimental methodology used in the present study aleviates many of the problems
concerning the measurement of length of searching, assessment of the search cost, and specification of
the consumer’s objective. Moreover, tis methodology alows the study of sequentia searches for
objects with multiple dimensions without the necessity of specifying the trade-off the consumer has to
make among the various dimensons. As mentioned briefly earlier, previous experiments in the
marketing literature commonly examined consumers sequentia searching behavior in a single-
attribute space, most often focussing on price or quality. The optima policy in this case is based on

the assumption that consumers know the distribution of the single attribute or that they learn the shape
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of the distribution by sequentia sampling. We contend that both assumptions are unredigtic, given the

typical level of knowledge of the average consumer (Dickson and Sawyer 1990).

We find that, on average, our subjects did not search enough in the two no-cost conditionsin
agreement with previous findings of insufficient search. We aso find that, on average, our subjects
searched too much in the two cost conditions. The statement that consumers do not search enough is
challenged not by arguing that consumers search just the right amount but by demonstrating that under
certain circumstances too much searching is taking place. We aso find that, in contrast to the optimal
policy, local features of the observed sequences--features that rational consumers should disregard--

influence the length of the search.

Five issues warrant further discussion. First, our results are limited to the search environment
implemented in our Sudy: a generdized secretary problem with fixed cost per inspection, recall with a
geometric decay function, and an objective of sdecting nothing but the best. The cost and recal
factors are eadly judtifiable as they bring the classical secretary problem much closer to rea-world
consumers  search environments. Although the objective criterion to be maximized is more difficult to
justify, we have opted to study it for practica reasons. The optima policies for adternative objectives
under the same search environment, such as a“satisfysing” god in which the reward is awarded if the
selected item is one of the best r items (1£r<n) (Y eo 1998) or in which the award is proportiond to the
absolute rank of the sdlected item, cal for a multiple-threshold search policy that renders the
experimental investigation more complicated. Manipulating the DM’ s objective is an important future

research opportunity to pursue.

Second, our gatistical andysis is mostly conducted at the group level; only a few descriptive
satistics are presented at the individual level (see Figure 3 and Table 4). Note that our magjor findings

of under- and over-search hold for most subjects (see Figure 3). Furthermore, an individua level
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Probit analysis on the decision to accept and recall yielded virtually the same results as reported on the
group level for dmost al subjects. These are very robust findings that seem to indicate that amogt all
subjects are sengtive to PSLC and AROCA in such away that explains their tendency to under- or

over-search as afunction of codt.

Thirdly, Sedle and Rapoport (1997, 2000) conducted an experimental investigation of the
secretary problem without recal and without an exogenoudy imposed cost. They accounted for their
magor finding of insufficient searching by a cutoff mode that postulates an endogenous cost of
searching. Assuming that the endogenous search cost (i.e., the subject’s persona cost of time) is
independent of the experimentaly imposed exogenous cost, such an additional cost should have
contributed to under- search in both the no-cost and cost conditions. Our results indicate that the main
forces behind the length of search are the local features of the sequences observed by the subjects and
their sengitivity to various patterns such as PSLC and AROCA. In Seale and Rapoport (1997, 2000)
both endogenous costs and the above factors (that have been identified as playing a mgor role in their
studies) decreased the length of searching in the same fashion. However, when endogenous cost and
local characteristics of the sequence affect the amount of search differently, the local characteristics

seem to dominate, resulting in too much searching for the two cost conditions.

Fourth, one may argue that the model we propose for consumer sequential searching is not
redlistic because it assumes that after a selection is made, thereby terminating the search, the consumer
isinformed whether or not the selected item is, indeed, the overall best. Thisis the case even though
not all the alternatives have been inspected. Clearly, this informetion is often not available in realistic
search environments. Nevertheless, in many cases consumers continue to search passively (with no
cost) even after making a purchase in order to evauate the quality of the actual selection (or to

minimize post-decisiona regret). Our results speak to these cases.
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Findly, the proposed behaviora model (CNCCP) does not predict too much searching when
the searchis codtly. Rather, it predictsthat at some point that is afunction of the number of objects, n,
and the reward-to-cost ratio, the under-search will change to over-search. In our study, the ratio of
reward to cost was sufficiently high to reverse the common finding of under-search. It may be
interesting to experimentally investigate the implications of CNCCP by systematically manipulating

the reward-to-cost ratio.

The immediate contribution to the academic marketing literature is obvious. For the first time
an argument is made that the common observation that consumers either do not search enough or
search just the right amount should be extended to accommodate circumstances when too much
searching is expected. Further, we propose and test a behaviora decison modd that can explain
smultaneoudy all the three mgjor findings of the present study as a function of the cost in the search

environment examined in this study.

The managerid implications are |ess obvious becauise some managers would like to encourage
consumers to search whereas others would be happy with very limited search activities. However, the
policy implications are again clear. Previoudy, the common theme among consumer advocates was
how to teach consumers to search smartly with the understanding that smart searching would require,
under most circumstances, more searching than commonly takes place. Our results question this

policy position. We suggest that smart searching sometimes means less searching than our intuitions

lead usto perform.
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