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Many options are available even for everyday choices. lotjme most decisions are made
without full examination of all such options, so that thettzailable option may be missed. Un-
fortunately, little is known concerning how such incomplebnsideration impacts the quality of
final decisions. One complicating factor is that incomptetarch breaks the revealed preference
identification of choice with preference.

In this paper we develop a search-theoretic choice expatithat provides new insights into
how information gathering interacts with decision making/e find that many decisions can
be understood using the satisficing model of Simon [1955in08i posited the existence of a
satisficing level of “reservation” utility, attainment ofhich would induce the decision maker
to curtail further search. Our experiments cover variousnggs that differ in the number of
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options available and in the complexity of these objectd, iarall cases, we find broad support
for Simon’s hypothesis. Most subjects search sequenteadly stop search when a “satisficing”
level of reservation utility has been realized. Moreovie satisficing levels of utility that we
identify vary systematically with environmental factoitsiey are lower for more complicated
objects and higher in larger choice sets.

One factor that has held back research on how incompletets@apacts choice is that, in
principle, any pattern of behavior can be rationalized. rétae no observable implications of
a general theory in which the set of objects that a subjecsiders may be smaller than the
choice set as understood by an external obsérderidentify such restrictions, our experiment
identifies not only final choices, but also how provisionabicks change with contemplation
time? By making visible the features of search that are not reddalstandard choice data, this
“choice process” data provides a test bed for simple modedequential search (see Campbell
[1978] and Caplin and Dean [Forthcoming]).

A second barrier to research on how incomplete search imphotce is that decision quality is
generally hard to assess. Given that preferences are p&réwre is no general way to define, let
alone measure, the quality of decision$o overcome this conceptual problem, our experiment
is designed to make the quality of all options easy to measubjects in our experiment select
among monetary prizes presented as sequences of additicgubtraction operatiorfs While
these calculations are not especially difficult, they takeetand effort to perform, making the
choice problem nontrival. Given that prizes are monetaiysimple to measure decision quality.

Our first experimental finding relates to the structure ofd®ae find that subjects typically
switch from lower to higher value objects, in line with infioation being absorbed on an item-
by-item basis, as in sequential search theory. The secadiddinelates to the rule for stopping
search. For each treatment, we identify fixed reservatituegasuch that most subjects curtail
search early if, and only if, they identify an option of highalue than the reservation level.
Taken together, these two findings support the satisficindetdVhile our basic findings relate
to nonstandard choice process data, we arrive at analogalirsgfs for standard choice data. Our

1see Manzini and Mariotti [2007] and Masatlioglu and Nakajif2009] for examples of other decision theoretic
models in which the decision maker’s consideration set iallemthan the externally observable choice set. See also
Eliaz and Spiegler [Forthcoming]. Rubinstein and Sala@0f] present a model of choice from lists, in which a decision
maker searches through the available options in a partiouer. Ok [2002] considers the case of a decision maker who
is unable to compare all the available alternatives in tleéoghset.

2Compared to other novel data used to understand informsgiarch, such as those based on eye tracking or Mouse-
lab (Payne, Bettman and Johnson [1993], Gabaix et al. [2008&]tskaja et al. [Forthcoming]), choice process data is
more closely tied to standard choice data and revealedrprefe methodology.

3See Bernheim and Rangel [2008], Gul and Pesendorfer [20@BKaszegi and Rabin [2008] for methodological
viewpoints on the classification of particular decisionépor” or “mistaken.”

4Caplin and Dean [Forthcoming] characterize theoreticaheations between choice process data and sequential
search with arbitrary objects of choice.
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findings in this regard exploit the fact that subjects were &fy, and indeed choose to, change
options prior to finalizing decisions even in our standaroioh experiments.

In addition to characterizing the nature of search and thygpétg rule, we uncover systematic
interactions between search order and choice. We presejecssiwith choice sets in list order
that contain items which vary in the number of computatianadrations. In this manner we
identify separate effects of list order and computatiomahplexity on search. We also identify
individual differences in search order. some subjectscbefiom the top of the screen to the
bottom, while others search from simple to more complex aibje These differences impact
choice: those who search down from the top do poorly if gogdaib are at the bottom of the
screen, while those who search based on simplicity miss gbygtts that are complicated.

While our findings are broadly in line with simple theoriessefjuential search, we consider
an alternative theory in which subjects search the entiogcehset, but make calculation errors
that lead to choice mistakes. We estimate a random utilitgehim which the size of the utility
error depends on the size and complexity of the choice séihd-the model requires seemingly
large perceptual errors, yet simulations based on the fitigdel significantly overestimate sub-
ject performance in large and complex choice sets. Moredherestimated calculation errors
are incompatible with the fact that subjects almost alwayitch from lower to higher value al-
ternatives, in line with the principle of sequential sear€br all of these reasons, the sequential
search model appears to better organize our experimerdaids

The paper is arranged into six sections. In section | we dluite our experimental protocols,
including not only the choice process experiments whiclertigize intermediate choices, but
also standard experiments with only final choices incergii In section Il we show that failures
of optimality increase in line with the number of availablgtions and their complexity in both
standard choice and choice process experiments. In séittioa confirm that sequential search
based on a reservation stopping rule rationalizes manyeofrtistakes we observe in the choice
process experiments. We estimate empirically how thesavatson rules vary across environ-
ments. Order effects on choice are addressed in sectiortddd V investigates the connection
between standard choice experiments and choice processragpts. We organize comparisons
around an optimizing model with “psychic” search costs thaich enough to cover both set-
tings. Section VI contains our estimates of the model bas&tety on calculation errors rather
than sequential search.



I. Experimental Design

Our paper consists of four experiments. Experiment 1 meastiroice quality in our exper-
imental task in a standard choice experiment. Experimerge® the choice process design to
examine provisional choices within the same environmexpeEiment 3 uses the choice process
experiment to explore search order. Experiment 4 is a versdithe standard choice experiment
that incorporates a time limit. In addition to a change ireimives, experiment 2 differs from
experiment 1 in that it involves a time limit. Thus, experithé bridges some of the gap between
the choice process experiment and the standard choiceirmgoer

A. Experiment 1: Standard Choice

Our goal in this paper is to study whether a model of infororasearch can explain why
people sometimes fail to choose the best available optiencélwe work with objects of choice
for which such failures are easy to identify: dollar amowpressed as addition and subtraction
operations. We conducted six treatments that differ in $eofrcomplexity (3 or 7 addition and
subtraction operations for each object) and the total nurobavailable alternatives (10, 20 or
40). Figure 1 shows a 10 option choice set with objects of dexity 3.2

FIGURE 1. ABOUT HERE.

Each round began with the topmost option on the screen edleghich had a value of $0 and
was worse than any other option. While only the final choice payoff relevant, subjects could
select whichever option they wanted at any time by clickinghe option or on the radio button
next to it® The currently selected option was displayed at the top oftiheen. Once subjects
had finalized their selection, they could proceed by cligkdm the submit button at the bottom
of the screen. Subjects faced no time constraint in theiiceso

The value of each alternative was drawn from an exponenisaittltion with 2 = 0.25,
truncated at $35 (a graph of the distribution was shown inettgerimental instructions — see
online supplemental materidl)The individual terms in the algebraic expression représgtie

5Given that the subjects (New York University students) maegligible mistakes when purely numerical options
were presented, we wrote out the arithmetic expressionsid ferm rather than in symbolic form.

6Changes that were made over the pre-decision period wesedestand are analyzed in section V.

For each of the three choice set sizes we generated 12 settie§ywhich were used to generate the choice objects
for both the low and the high complexity treatments.
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alternative were generated stochastically in a manneretisred that neither the first nor the
maximal term in the expression were correlated with tothlea

Subjects for experiment 1 took part in a single experimesgakion consisting of 2 practice
rounds and between 27 and 36 regular rounds, drawn from adlartents. At the end of the
session, two regular rounds were drawn at random, and thecsubceived the value of the se-
lected object in each round, in addition to a $10 show up feehEession took about an hour, for
which subjects earned an average of $32. In total we obs@®eddergraduate students making
657 choices in the Center for Experimental Social Scieroarktory at New York University.

B. Experiment 2: Choice Process

Choice data alone does not allow us to directly test for arvatien value. Experiment 2 is
therefore designed to generate what we term “choice prodesa. This data tracks not only
final choice, but also how subjects’ provisional choicedwvavith contemplation time. Choice
process data is explicitly designed to enable simple sefwabretic models to be tested (see
Caplin and Dean [Forthcoming]).

DEFINITION 1: Given nonempty set X and upper time limit-TO, choice process data spec-
ifies, for AC X, atime indexed sequence of choicegtC e Aforall1 <t < T.

As the definition indicates, choice process data come indha bf sequences of observed
choices. We interpre€ a(t) as the object that a subject chooses fromfshaving contemplated
the decision problem for time

Choice process data is closely related to standard choiagiddhat all observations represent
choices, albeit indexed by time. We therefore see it as cemghtary to other attempts to use
novel data to understand information search, such as thasegllon eye tracking or Mouselab
[Payne, Bettman and Johnson, 19@&&baix et al., 2006Reutskaja et al., Forthcoming]. These
approaches make aspects of the search process obseredlle not connect these intermediate
acts of search with their implications for choice. While ideoprocess data misses out on poten-
tially relevant cues to search behavior, it captures the emtiat which search changes a subject’s
assessment of the best option thus far encountered.

To generate choice process data, we need to elicit for eamibechet a time series of obser-
vations that record the most preferred alternative at eamment in time. Our design has two
key features. First, subjects are allowed to select anynaltiee in the choice set at any time,
changing their selected alternative whenever they wishoi®# actualized choice is recorded at
a random point in time unknown to the experimental subjec¢tthd end of each choice round,



a random time is generated, and the subject is apprised bdte time that was selected and
of their choice at that time. This incentivizes subjectslteags have selected their current best
option in the choice set. We therefore interpret the sequehselections as choice process data.

The instructions that were given to subjects are availabthe online supplemental material.
As in the standard choice experiment, each round began kéttopmost and worst option of $0
selected. Subjects could at any time select any of the aliees on the screen by clicking on the
alternative or the radio button next to it, with the currgrsitlected object being displayed at the
top of the screen. Unlike experiment 1, experiment 2 had a tiamstraint, with subjects having
up to 120 seconds to complete the choice task. Subjects n&redted that at the end of the
round a random time between 1 and 120 seconds would be pickedding to a truncated beta
distribution with parameterg = 2 andg = 5 and that the alternative the subject had selected at
this time would be recorded as their choice for that rolifdsubject who finished in less than
120 seconds could press a submit button, which completadtimel as if they had kept the same
selection for the remaining time.

Experiments were again run at New York University, usingects recruited from the under-
graduate population. Typically, a subject took part in asgesconsisting of 2 practice rounds
and 40 regular rounds. Two recorded choices were actudhizgrhyment, which was added to a
$10 show up fee.

Experiment 2 included six treatments that matched thenrewaifs in experiment 1: choice sets
contained 10, 20 or 40 alternatives, with the complexity adtealternative being either 3 or 7
operations. Moreover, exactly the same choice object sakigge used in the choice process and
standard choice experiments. For the 6 treatments of ewpeti2, we collected data on 978
choice sets from 76 subjects.

C. Experiment 3: Varying Complexity

One of the features of the choice process methodology isttbah shed light on the order
in which subjects search. To explore whether the complefitgn object affects the order in
which it is searched, we introduced a further treatment irclwbbject complexity varied within
a choice round. Specifically, experiment 3 consisted ofaheets of size 20, and the objects in
each set ranged in complexity from one to nine operations.cbimplexity range was selected to
generate substantial differences in difficulty among obaiojects, and subjects were instructed

8In support of this interpretation, 58 of 76 subjects in a gogteriment survey responded directly that they always
had their most preferred option selected, while others gamee indirect responses that suggest similar behavior (e.g
having undertaken a recalculation before selecting a segyrsuperior alternative).

A graph of this distribution was shown in the experimentatinctions. The front-weighting in the beta distribution
provides an incentive for subjects to begin recording timeist preferred options at an early stage.
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that object complexity and object value were independewnefanother. Incentives were as in
experiment 2, the choice process experiment. Experimerasun on 20 subjects for a total of
206 observed choice sets.

D. Experiment 4: Time Constraint

One difference between the standard choice and choicegz@speriments is that the latter
had a time limit, whereas the former did not. In order to esplahether this time limit was
responsible for differences in behavior between the twbtngst we ran a further treatment.
Specifically, we re-ran the standard choice experiment witivo minute time constraint, as in
the choice process experiment. If subjects failed to ptesstbmit button within 120 seconds
they received $0 for that round. For this experiment, we haota of 29 subjects and 407
observed choice sets.

Il. Choice Performance

A. Standard Choice Task

Table 1 reports the results of experiment 1, the standaritel®xperiment. We measure the
choice performance of subjects in each of the 6 treatmerttgarways. The top section reports
the “failure rate” — the proportion of rounds in which the gdb did not choose the option with
the highest dollar value. The second section reports thegeeabsolute loss — the difference in
dollar value between the chosen item and the highest vaeiit the choice set.

TABLE 1—ABOUT HERE

Averaging across all treatments, subjects fail to seleethidst option almost 38 percent of
the time. On average, subjects leave $3.12, or 17 percehedduailable money on the table
in each round? Subjects’ performance varies across treatments. All measeported in table
1 increase both with the size and the complexity of the che@te Failure rates vary from less
than 7 percent for the size 10, low complexity (3 operatidregtment to over 65 percent for the

10There is no evidence for any effect of learning or fatigue looice performance. The order in which choice rounds
were presented was reversed for half the subjects, and tieg of presentation did not have a significant effect on
performance. In part, this may be because our experimeasaji is structured to remove learning effects. The detisio
making context, including the distribution of prizes, isolm to the decision maker at the start of each experimental
round.



size 40, high complexity (7 operations) treatment. Averagses range from $0.41 (3 percent
of the highest valued option) in the size 10, low complexitatment to $7.12 (33 percent of the

highest valued option) in the size 40, high complexity tmeeit. Regression analysis shows that
the difference in losses between treatments is signifidafihere is also some evidence that the
effect of complexity on choice performance is stronger igda choice sets — the difference in

loss between low and high complexity objects in size 10 @hegts is $1.28 (10.2 percentage
points) and not significant at the 10 percent level. For sizehbice sets, the difference is $4.82
(22.8 percentage points) and significant at the 1 perceetiév

B. Choice Process Task

Our analysis of the search-based determinants of choid#ygadased primarily on the choice
process data of experiment 2 rather than the standard otiatiaef experiment 1. It is therefore
important to explore how the level and pattern of final cheicempares across these two envi-
ronments. For purposes of comparison, we discard obsemngatiom choice process rounds in
which subjects do not press the submit button before thétedld20 seconds. In such rounds,
we assume that subjects have not finalized their choice. aBsismption removes 94 rounds, or
8 percent of our total observations, which we will excludenirall subsequent analyses. Table 2
compares failure rates and average absolute losses byémiafor choice process and standard
choice tasks.

TABLE 2—ABOUT HERE

The comparative statics of choice performance betweetnmesds are very similar for the
choice process experiment and the standard choice experimdoth cases, subjects fail to find
the best option more frequently and lose more money in laigémore complicated choice sets.
However, in all treatments, the quality of final choice is g&in the choice process task than the
standard choice task. We explore this difference in sedtiomhere we relate it to the different

11absolute loss was regressed on dummies for choice set simeplexity and interactions, with standard errors
calculated controlling for clustering at the subject levélosses were significantly higher at the 1 percent level for
complexity 7 as against complexity 3 for size 20 and 40 chséts, though not for size 10 choice sets. Losses were also
significantly higher at the 1 percent level for size 40 vse 4@ choice sets at both levels of complexity.

12\While not the primary subject of study in the current pageeré are significant individual differences in mistakes.
Estimates obtained from a regression of absolute loss dvidindl specific dummies, controlling for treatment effgct
indicate that the 25th percentile subject does on averagé® $ietter than the median subject, while the 75th pereentil
subject does $1.23 worse, averaging across all rounds.
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incentives in the two experiments. There is less incentiedhtinue search in the choice process
task, given that the probability of additional effort raigithe payoff falls over time.

lll. Sequential Search and Satisficing

We use the choice process data from experiment 2 to test eh@timple sequential search
model can explain the failure of people to select the bestednla option. Specifically we test the
reservation-based search (RBS) model of Caplin and Deathgeming], which is a simple and
general version of the satisficing model of Simon [1955]. Triwlel is based on two features of
behavior:

1) Subjects search through the available alternateggientiallyunderstanding the value of
each object before moving on to the next, as in the classiclseaodels of Stigler [1961]
and McCall [1970].

2) Search continues until an object is found that is aboveaal fixservation utility levelat
which point search stops.

In order for choice process data to be useful in testing th& RBdel, it needs to provide more
information than standard choice alone. The power of ous t@gpends on observing subjects
switching from one alternative to another. Figure 2 showsolgirams of the number of choice
switches per round for each treatment. We define a choicelsa# an occasion on which the
subject selects a new alternative, excluding the initiahgle away from the $0 option.

FIGURE 2. ABOUT HERE.

Figure 2 demonstrates that the choice process methodotmg/iddeed reveal more than just
final choices: in 68 percent of rounds we observe at leastwitehs In the remaining 32 percent
of rounds, subjects switch away from the initial $0 optiord ahen stop. This suggests the
possibility that there may be changes of mind that are nairderl in the choice process data,
possibly due to perceived transactions costs of recordi@gwitch. It is important to note that
none of our analyses are impacted by this possibility becausmodel is robust to the inclusion
of a private threshold of significance that has to be crossémré®a change is recorded.
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A. Sequential Search

Caplin and Dean [Forthcoming] provide a method of identifyivhether or not choice process
data is consistent with sequential (but possibly inconeplsearch. The key to the test is under-
standing what type of behavior implies revealed prefer@mtiee context of sequential search. It
is not the case that the final choicexobvery indicates thak is preferred toy, as the decision
maker may simply be unaware ¢f However, if a subject at some point choogeand replaces
it with x then, under the sequential search model, they must be iiatedoas preferring to y.
The fact thaty has previously been chosen indicates that the subject ireavfat. However,
the subject has later rejectgdin favor of x, indicating that the latter must be preferred. The
test of sequential search is particularly simple in theentrsetting if we assume that utility is
monotonically increasing in money, as it corresponds pedgito the requirement that successive
recorded values in the choice process must be increasingeféfeto this as Condition 1:

Condition 1 If option y is selected at timeand optiornx is selected at time > t, it must be the
case that the value ofis no less than the value gf'3

Condition 1 is necessary and sufficient for a subject to beacterized by sequential search
with a utility function that increases in money.

In order to test whether our subjects are close to satisf@imgdition 1, we use a measure of
consistency proposed by Houtman and Maks [1985]. The Haudeks (HM) index is based
on calculating the largest fraction of observations that @nsistent with a condition, which
can be determined by finding the minimum number of obsematibat have to be removed
before the condition is satisfied. The underlying idea i¢ thdata set which requires fewer
such removals is “closer” to satisfying Condition 1 than dnat requires more removals. In
this case, we specifically ask how many selections have terheved from a subject’s data set
before Condition 1 is satisfied. The resulting HM index ismalized by dividing through by the
total number of observations, so that the HM index takes @evibktween 0 and 1, which can be
interpreted as the largest fraction of a data set that sstisindition 14

13Note that the choice process methodology only identifiesbaetuof searched objects: anything that is chosen at
some point we assume must have been searched, but theresodealbjects that are searched but never chosen, which
we cannot identify. Combining our technology with a methéddentifying what a subject has searched (for example
Mouselab or eye tracking) would therefore be of interest.

1410 give a concrete example, consider that for one subjecthserge they initially select an option worth 7, then
one worth 6, then 8 and 9. Such a subject would not be consisttncondition 1, as their initial switch would be to a
lower value. However, if we removed their second selectiba,choice process data would show them switching from
value 7 to value 8 to value 9 —in line with condition 1. Thusthibject would have an HM index of 0.75, as 1 of their
4 observations would have to be removed to make their datsistent with condition 1. We consider this subject closer

to satisfying condition 1 than one who switched from value Vdlue 6 to value 9 to value 8. We would have to remove
two observations from this subject’'s data to make them stersi with condition 1, giving them an HM index of 0.50.
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FIGURE 3. ABOUT HERE.

Figure 3 shows the distribution of HM indices for all 76 suttge Over 40 percent of our sub-
jects have an HM index above 0.95, while 70 percent have anridigki above 0.9 — meaning that
over 90 percent of their switches are consistent with Candit, and therefore consistent with
sequential search. Figure 3 also shows the simulatedidistn of HM indices for 76,000 sub-
jects who chose at random — a measure of the power of our éesB(enars [1987]). Clearly, the
two distributions are very different, as confirmed by a Kofjomv-Smirnoff test p < 0.0001).

This analysis suggests that, for the population as a whetpjential search does a good job
of describing search behavior. We can also ask whether thavime of a particular subject is
well described by the sequential search model — if so, werithesthis subject as a sequential
search type. To identify such types, we compare each sishidet index with the HM indices
of 1,000 simulations of random data with exactly the samebrarof observations in each round
as that subject. We find that only 1 subject has an HM indexwbtie median HM index of the
corresponding random choice process data, and only 8 ssibj@ee an HM index lower than the
95th percentile. For the remainder of the paper we focus @®&out of 76 subjects who have
an HM index above this benchmatk.

FIGURE 4. ABOUT HERE.

One feature of the sequential search model is that it retinesoncept of revealed preference
in a world of incomplete information. Panel A of figure 4 shdwsv close our subjects are to
satisfying the standard rationality assumption in eachuoftieeatments, by showing the propor-
tion of rounds in which the best alternative is chosen. P8nshows how close our subjects
are to satisfying rationality for sequential search in eehtment by calculating the HM index
with respect to Condition 1. Two key facts stand out in thisifeg First, the level of irrationality

15An alternative measure of the failure of condition 1 woulddealculate the minimum total change in payoff needed
in order to adjust the data to satisfy condition 1. For examiphn object worth 12 was selected first and then one worth
4, we would have to make a reduction of 8 to bring the data ia Wiith condition 1. On the other hand, if a subject
selected 5 and then 4, only a reduction of 1 would be needed.

The correlation between these two measures is very highrirsample: the Spearman’s rank correlation is 0.86.
However, our subjects perform worse relative to the randentbmark according to this measure than according to the
standard HM index. Using the new measure, 62 out of 76 sudhjact be categorized as sequential search types using the
95th percentile of random choice simulations. This suggistt, when our subjects mistakenly switch to worse ohjects
they sometimes make large errors in terms of dollar value.
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as measured by the standard definition of revealed prefeiisrfar higher than the sequential
search measure. Second, while there is strong evidencerebising irrationality in larger and
more complex choice sets according to the standard measwateeffects are minimal according
to the sequential search measure. Using the latter, thameaffect of set size, and only a small
effect of complexity on mistakes.

B. Satisficing and Reservation Utility

In his pioneering model of bounded rationality, Simon [1P&i3ggested that decision makers
do not optimize, but rather search through a decision sdtthey achieve a satisfactory level
of utility. One factor that has held back research on saitigfibehavior is that the model has
typically been interpreted in terms of its implications fimal choices alone. The problem in this
regard is that the simplest form of satisficing cannot be reggd from utility maximization on
the basis of choice alone: both are characterized by finatebdhat obey the weak axiom of
revealed preferencé.

In this section we use choice process data to shed new liglsatisficing behavior. The
essential advantage that choice process data providest it tipens up to observation occasions
on which subjects continue to search having uncovered isfegztbry objects. This allows us
to directly test the reservation stopping rule and estimaservation values for our different
treatments.

The first indication that our subjects exhibit satisficindnd@or is shown in figure 5. This
shows how the value of the selected object changes with ofdexlection for each of our six
treatments. Each graph has one isolated point and threeségaiines. The isolated point shows
the average object value for those who stop at the first obfextert’ The first segmented line
shows the average value of each selection from rounds inwvdrie switch was made. The next
segmented line shows the average value of each selectionnds where 2 switches were made,
and the final segmented line for rounds in which 3 switchegweade.

FIGURE 5. ABOUT HERE.

Figure 5 is strongly suggestive of satisficing behavior.sti-ias we would expect from the

16This is true in the version of the satisficing model in whickidion makers always search through choice objects in
the same order and the set of satisficing objects is fixedelbtder of search can change over time, then the satisficing
model has no implications for final choice.

17Following the initial switch away from the zero value option
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proceeding section, aggregate behavior is in line with eetgal search: in all but one case,
the average value of selections is increasing. Second, wéirhreservation values for each
treatment such that aggregate behavior is in line withfgztig according to these reservations.
The horizontal lines drawn on each graph show candidatevadsmn levels, estimated using a
technique we describe below. In every case, the aggregaslaawv search continuing for values
below the reservation level and stopping for values abogeadkervation level, just as Simon’s
theory predicts.

ESTIMATING RESERVATION LEVELS

In order to estimate reservation utility for each treatmert consider a stochastic generaliza-
tion of the reservation strategy. We assume that all ind&fisl in a given choice environment
have the same constant reservation valuend experience variability in this value each time
they decide whether or not to continue search. Further, wenas this stochasticity enters ad-
ditively and is drawn independently and identically frone $tandard normal distributidfi. Let
v be the value of the item that has just been evaluated, anéstettision maker (DM) uses the
following strategy to determine whether to continue seiagcthrough the choice set:

search stopsif > v+e,

search continuesif < v +s,

wheres ~ N (0, 1).

We can recast this procedure as a binary choice modelk beta decision nodey be the
value of the object uncovered amrg be the choice made at that decision node, with= 1 if
search stops amx = O if search continues. Then

1) Xk = Lok — v — ek > 0),

18There are at least two ways to interpret the additive erron ta this model. The first is that subjects calculate each
option perfectly but only have a rough idea of their reséovavalue. The second is that subjects have a clear idea of
their reservation value, but see the value of each optiom saime error.

The existing literature regarding stochastic choice no@esummarized in Blavatsky and Pogrebna [2007]. Models
can broadly be categorized into two types. The first are ‘tlefrmodels of the type used in Harless and Camerer [1994].
For any given decision, there is a constant probability thasubject will make a mistake. All types of mistake are then
equally probable. The second type assumes that the valaelobption is observed with some stochastic error. Differen
models assume different error structures, but all assuatesthall errors are more likely than large ones.

Our estimation technique uses a model from the second agtedgloe Fechner Model of Heteroscedastric Random
Errors which assumes that the reservation value is obsevitacan additive, normally distributed error term. In our
setting, we find the tremble class of models implausible theeiintuition nor the data supports the idea that smallrsrro
are as likely as large ones.

It terms of the precise distribution of the error term, waddsther common alternatives — logistic and extreme value
errors. The results under these alternative assumptioresessentially the same.
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where 1) is the indicator function.

An individual will stop searching itx < vk — , so the probability of stopping search is
@ (vk — v), whered is the cumulative density function of the standard normstritiution. Sim-
ilarly, search will continue ity > vk — D, so the probability of search continuing is given by
1-D(wk—2) = (@ —vk).

Thus, to estimate the parameganith maximum likelihood, we use the log likelihood function

@) Ing =

K
[Xk In (@ (vk — D)) + (1 = xk) In (P (2 — vk))]

k=1
and find the value of that maximizes Ii.

To employ this procedure using our data, we consider eaelcts®t made by a subject as a
decision node. We need to identify when search has stoppeldyhen it has continued. The
latter is simple: search continues if a subject switchesntutteer alternative after the current
selection. Identifying stopped search is slightly more pbecated. If we observe that a subject
does not make any more selections after the current onethibemare three possibilities. First,
they might have continued to search, but run out of time legfuey found a better object. Second,
they might have continued to search, but already have seléte best option. Third, they might
have stopped searching. We therefore consider a subjeat&dtopped searching at a decision
node only if they made no further selections, pressed thegudutton, and the object they had
selected was not the highest value object in the choice set.

Choice process data is clearly useful for directly estintateservation values. If we ignore
data on the choice process and instead consider only sthobarce data, we cannot use the
same estimation strategy because it requires observatiendjects continuing to search as well
as observations in which they stop searching. Choice dataigposed entirely of the latter, so it
only indicates when search has stopped, not when it corstinue

RESULTS. ESTIMATED RESERVATION LEVELS

Because we assume that all individuals have the same distribof reservation values in a
given environment, we pool together all selections withdoketreatment for the 68 participants
whose choice data is best modeled with sequential searble Iahows the estimated reserva-
tion levels for each treatment, with standard errors inpfeses.

Table 3 reveals two robust patterns in the estimated res@mavels. First, reservation levels
decrease with complexity: using a likelihood-ratio testjreated reservation levels are signifi-
cantly lower for high complexity treatments than for low quexity treatments at all set sizes
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TABLE 3—ABOUT HERE

(p < 0.001). Second, reservation levels increase monotonicatly set size (significantly dif-
ferent across set sizes for both complexity levels witk 0.001).

One question that this estimation strategy does not ansvieri well the RBS model explains
our experimental data. In order to shed light on this quastie calculate the equivalent of the
HM index for the RBS model with the estimated reservatioeleof table 3. For each treatment,
we calculate the fraction of observations which obey therkedion strategy (i.e. subjects con-
tinue to search when they hold values below the reservatiai &nd stop when they have values
above the reservation level).

TABLE 4—ABOUT HERE

The results, aggregated across all subjects, are showble4a The estimated RBS model
describes about 86 percent of observations for treatmdttissimple objects and about 78 per-
cent for complicated objects. Both of these percentagesigidicantly higher than the random
benchmark of 50 percent (where people arbitrarily stop atinae at each decision node) at the
1 percent level.

There is significant heterogeneity across individuals wétspect to how well they follow a
fixed reservation stopping rule. While the majority of sulgehave an HM index above 75
percent, some have extremely low scores and are clearlfyptescribed by an RBS model with
the given estimated reservation levels. In order to endwgsetindividuals are not affecting our
estimates in table 2, we repeat the estimation of reservatiategies without those subjects who
have an HM index below 50 percent (an additional 6 subjett®se results are in table 3 under
the rows for “Reservation-based search types.” The esiiaservation levels are very similar
to those for the whole sample.

C. Reservation Utility or Reservation Time?

A natural question is whether our data is consistent witlelotttopping rules. One obvious
candidate is a stopping rule based on a reservation timehichvgubjects search for a fixed time
and select the best option found subject to this time canstrin order to test this possibility,
we redraw the graphs of figure 5, but show the average time af saitch, rather than the
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average value. If subjects are using a fixed stopping tinatesty then we expect the graphs to
look like those in figure 5 — for each treatment we should be &bfind a stopping time such
that, on average, subjects continue searching until thpstg time has been breached, stopping
immediately thereafter.

FIGURE 6. ABOUT HERE.

The results of the above analysis are shown in figure 6. Thghgrprovide no support for the
reservation time stopping rule. Unlike in figure 5, thereeserally no “reservation time” such
that subjects continue to search for times below this levdlstop for times above that level (the
horizontal lines on each graph show a reservation stopjrimg éstimated using the procedure
describes in section B). Instead, those who identified a Vadjie object with their first selection
stopped quickly, while those who made the most switches sighificantly longer. This is
precisely as the reservation utility model would suggest, ns counter to the predictions of
the reservation time model.

IV. Search Order and Choice

In this section we show that choice process data providéghinisito the order of search, and
that this information can help predict when subjects willbdally in particular choice sets.

A. Aggregate Search Order

ToP-BOTTOM SEARCH

We begin by examining whether the position of an object orstineen helps to predict when it
will be searched. In experiment 2, people tend to search fhentop of the screen to the bottom
of the screen: the average screen position tends to incfieasee further down the screen) with
later selections. While the relation is not completely ntoné, regression analysis confirms that
it is significant!® This relationship is more pronounced for choice sets withp&, rather than
complex objectg?

19Regressing selection number on the screen position of teetiem gives a coefficient of 0.028, significant at the 1
percent level (allowing for clustering at the subject Igvel

20For complexity 3 choice sets, regressing selection numbéhe screen position of the selection gives a coefficient
of 0.035, significant at the 1 percent level, while for comfile7 sets the coefficient is 0.018, not significant at the 10
percent level.
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SIMPLE-COMPLEX SEARCH

As explained in the experimental design section, experirfBgmesented subjects with choice
rounds in which objects varied in complexity within the samend, enabling us to explore the
impact of complexity on search order. On average, subjentsto search simple objects before
complex ones. Complexity is uncorrelated with value, bespmably is correlated with search
cost, so it is reasonable for subjects to adopt such a seateh o

In experiment 3, we find that subjects in general search treeesdrom top to bottom, and
from simple to complex objects. While neither relationsisipompletely monotonic, regression
analysis confirms that both are significaht.

B. Individual Search Order

We can augment our analysis of aggregate search behaviooking at the search patterns
of individual subjects. For the subjects who participate@éxperiments 2 and 3, we looked for
subjects whose behavior is consistent with “Top-BottonB)$earch, and those whose behavior
is consistent with “Simple-Complex” (SC) search. The formee subjects whose search order
takes them from the top to the bottom of the screen, whiledtterl are subjects whose search
takes them from simple to complex objects.

We categorize subjects by calculating the HM indices assgreach of these two search or-
ders. We first assume that a subject is a TB searcher andateltbe fraction of observations
that are consistent with this search order — in other woldsfraction of observations for which
objects selected later appear further down the screen. ®verdpeat the procedure assuming
that the subject is an SC searcher. A subject is categorizbdiag a TB or SC searcher if their
HM index for that search order is in the 95th percentile of adbenark distribution constructed
using random search orders. With this criterion, the mjaf subjects in experiment 2 are
well described by TB search. In experiment 3, eight subjamtscategorized as both TB and
SC searchers, six as just TB searchers, three as just SGeesarand only three subjects are
categorized as neither.

The assumption that subjects search in a particular ordgrests another, stronger test of
sequential search. Thus far, we have assumed that we only&mobject has been searched if it
has been chosen at some point. However, if we believe thdijacius searching (for example)
from top to bottom, and we see them select the object in sqgresition 10, then we could further
assume that they have searched all objects in positions.1tatBis case, the test for sequential

21Regressing selection number on the screen position andlerityf the object selected gives coefficients of 0.034
and 0.132 respectively, both significant at the 1 perceed lallowing for clustering at the subject level).
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search is whether or not, at any given time, the value of theently chosen object is higher than
all the objects that fall earlier in the assumed search order

TABLE 5—ABOUT HERE

Table 5 documents the results of this more stringent testaquiiential search for experiments
2 and 3, assuming that people do search from top to bottome&ar treatment it shows the
proportion of observations in which the chosen object hagjlehn value than any alternative
that appears above it in the list. We report the results sftést for all subjects, and only those
subjects who we classify as TB searchers.

In the low complexity choice environment, subjects who dassified as top down searchers
perform relatively well on this test. Across all treatmemitey behave in line with top to bottom
sequential search in about 75 percent of cases. They aldgrificantly better in this test than
subjects that we do not classify as #BHowever, even those we categorize as TB searchers often
violate this condition in more complicated choice sets.sThiggests that, in more complicated
choice sets, even subjects who generally search from topttorb may not fully examine all of
the objects along the way.

C. Search Order and Choice

We provide two examples from experiment 3 that illustratev kmowledge of a subject’s
search order helps to identify choice sets in which theyfaillto find the best option. Example
1 is from a round in which the highest valued item has low caxip} but occurs at the end of
the list (see panel A of figure 7 — the best option is highlighitegreen). We would expect this
to be a choice set in which TB searchers would do worse and &Crs&rs would do better. This
turns out to be the case. Pure TB searchers find the best dggoften (80 percent of the time)
than pure SC searchers (100 percent of the tAhé)nfortunately, due to the small sample size,
these numbers are not significant at the standard levelgmifisance.

Example 2 is from a round in which the highest valued item hgls bomplexity but occurs
very early in the list (panel B of figure 7). In this case, we Wdoexpect TB searchers to do better

22Controlling for selection number and position on screee,dbefficient on being a Top-Bottom searcher is negative
and significant p = 0.005) in a regression where success or failure of top downesgigl search is the dependent
variable.

23n order to avoid potential circularity in our argument, veestimate subjects’ search types excluding these two
example rounds. The results are unchanged.
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FIGURE 7. ABOUT HERE.

and SC searchers to do worse. Indeed, pure top-bottom sesfoid the best option more often
(80 percent of the time) and pure simple-complex searchadstfiess often (66 percent).

V. Choice Process and Standard Choice Data

The choice process experiment has incentives that areafiffrom those operating in a stan-
dard choice environment. To understand the impact thaetheastandard incentives have on
decisions, we characterize optimal stopping strategiessaquential search model that covers
both the standard experiment and the choice process expdriniVe also explore behavioral
differences between experiments. In this respect we takandalge of the fact that, in experiment
1, subjects were able to, and indeed did, select options fwribitting the submit button and
finalizing their choice$* We can use these intermediate clicks to test our search midtdle
standard choice environment of experiment 1, just as wenditperiment 2. Figure 8 illustrates
the distribution of recorded choice switches in experinieand 2.

FIGURE 8. ABOUT HERE.

A. Condition 1 in Experiment 1

We use the intermediate choice data from experiment 1 tmex@vidence for Condition 1,
the sequential search condition, in the standard choideoemaent. Figures 9 and 10 suggest that
subjects in experiment 1 do indeed search sequentiallyr&gcompares the distribution of HM
indices for the choice process and standard choice expatsiehich shows that, if anything,
data from the standard choice environment are more in litle $gquential search than choice
process data. Figure 10 repeats the analysis of figure 4dadatd choice data, showing by
treatment the proportion of observations that do not viotaindard revealed preference and do
not violate the sequential search model. Again, we see Bftect of treatment on violations of
the sequential search based measure. Indeed, there arieeeeviolations of Condition 1 for
the complex objects than there were in experiment 2.

24while there was no direct financial incentive for changirgghlection in experiment 1, there may be a psychological
incentive if object selection aids memory.
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FIGURE 9. ABOUT HERE.

FIGURE 10. ABOUT HERE

B. A Model of Optimal Search

Given that Condition 1 applies generally in both experiradraind 2, we develop an optimizing
model of sequential search that covers both experimensadjiie The search cost is specified
in utility terms, as in Gabaix et al. [2006]. The DM is an exjgetutility (EU) maximizer with
a utility functionu : X — R on the choice seX. We endow the searcher with information
on one available option of utilityip at timet = 0, a period in which no choice is to be made.
We normalizeu : X — R so that the endowed prize has an EU of zero. At each subsequent
time 1 <t < T, the DM faces the option of selecting one of the options dlyesearched, or
examining an extra option and paying a psychological seawstx > 0 (in EU units). To break
the otherwise rigid connection between time and the numbebjects searched, we introduce
stochasticity into the search time. We introduce parantpter (0, 1) as the probability that
searching an object in hand for one period will result in dsritity being known. If this does
not happen, the same geometric probability applies in thedmg periods. Once identified, the
new object is immediately available to replace the objeleerited from the prior period. Once
search stops, the agent must choose one of the uncoveretisdbje

The agent’s search strategy from any nonempty finite subgetX is based only on the size
M of the set of available objects ify, not the identities of these objects. Each available paze i
assumed ex ante to have a utility level that is independeinéiyn from some distributiof (z),
as in our experiment. There is no discounting.

To match the choice process experimental design, we allotéopossibility that search after
timet > 1 will have no impact on the actual selection. We let the naméasing functiord (t)
identify the probability that the search from timhen will actually impact choice. In the standard
choice environment](t) is constant at 1, while in the choice process environndfy = 1,
Jt)—Jt+1)>0forl<t<T-1andJ(T + 1) = 0 (whereT = 120 seconds). We show
that properties od (t) are crucial in the optimal search strategy.

25This method of modeling makes the process of uncovering #oropquivalent to the process of “locating” it as
feasible. The strategy is more intricate if we allow unex@tboptions to be selected.
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The optimal search strategy depends on the surplus fun8tiddh — R, defined by

(e ¢]

@3 S(x) = / [z— x]dF(@).

X

This is the expected value of searching one more periodirasguthat additional search affects
the outcome. Note th&(x) is continuous and strictly diminishing dto the upper bound of the
o0

EU distribution, where it hits zero. Note also ti&0) = / zdF(z2) = E(2).

0
It is useful in solving the model to define the strictly incsigy functionp : R — R, and to

definex as the point at which this function takes value 1,

K
(4) p(X) = 95
) p(X) =1.

By way of interpretationy (x) measures the ratio of the costs of one more search to thetegpec
benefits in terms of surplus generation. Note that 0 (org < E(2) is necessary for the
problem to be nontrivial, since otherwise it is better tgpstomediately and accept the object of
value 0.

THEOREM 2: Foranytimetl <t < T, define the reservation utility leveR(t) as the unique
solution to the equation,

(6) p(UR®) = J(v).

It is uniquely optimal to stop search and select the bestrmigect searched of utilityi; 1 if
dt—1 > uR(t), to continue search ifi;_1 < uR(t), with both strategies optimal if_1 = uR(t).

In the standard choice environmegdiit) = 1 for allt. Theorem 2 implies that the optimal
strategy is a fixed reservation le\igt defined as the solution to the following equation:

3

)

S~

—a®dF(@2) = ~.
(z—0%dF(2) q

]
Py}
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This reservation level is decreasing in the cost of seardiut is invariant to both the size of the
choice set and the number of options that remain unsearched.

In the choice process environmedt(t) is decreasing. Theorem 2 therefore implies that the
optimal strategy is defined by a declining reservation léval depends only od(t), not the size
of the choice set or the number of remaining alternatives. alrg timet > 0, the reservation
level in the choice process environment will be below thell@vthe equivalent standard choice
environment. This result is intuitive: for any> 0, the probability of further search affecting the
outcome is higher in the standard choice environment thawshbice process environment.

C. Stopping Rules in Experiments 1 and 2

The theoretical model suggests that, if anything, standhaice data should be better ex-
plained by the satisficing model than the choice process Wadegin by repeating the analysis
of section Il to determine whether this is the case. We firad the standard choice experiments
are indeed well explained by a fixed reservation rule. Fidureecreates the analysis of figure 5,
and suggests that a reservation stopping rule broadlyidesdhe aggregate data. Table 6 shows
that the estimated reservation levels for the standarccetaata exhibit the same comparative
statics as do those for the choice process tfaf@ble 7 shows that the estimated HM indices for
these reservation levels in the standard choice data ag@lsosimilar for lower complexity and
smaller for higher complexity. This suggests that therattie Iqualitative distinction between
behavior in the standard choice and choice process envaotsm

FIGURE 11. ABOUT HERE

TABLE 6—ABOUT HERE

TABLE 7—ABOUT HERE

26For the analysis of table 6 we drop subjects who never switemy round.
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The optimal stopping model suggests that there should bdifieoences between the standard
choice data and the choice process data. First, reservatiels should be lower in the choice
process environment than in the standard choice envirohifiea analysis of table 6 offers some
support for this. Estimated reservation levels are lowdrdfthe 6 treatments. Lower reservation
levels would also explain why subjects in the choice proeesironment finish searching more
quickly than those in the standard choice environment.

While differing incentives could explain why final choicerflrmance is worse in the choice
process environment than in the standard choice environraeather possibility is more mun-
dane — experiment 2 had a time limit while experiment 1 did rig&xperiment 4 allows us to
determine which of these is the case, as it replicates theghaice environment of experiment
1, but with a 2 minute time limit. The results suggest thattitme limit is responsible for some,
but not all of the difference. The average failure rate acm@btreatments is 31.2 percent for
the standard choice experiment, 36.5 percent in the stamtiice with time limit experiment,
and 40.8 percent in the choice process experirfefihe difference in incentives does appear to
impact performance in experiment 2 relative to that in expent 1, over and above the effect of
the time limit.

The theoretical model shows that, while a fixed reservati@tegy is optimal in the standard
choice data case, a declining reservation strategy is aptimthe choice process environment.
We have already seen that a fixed reservation model does ga@wotiexplaining both data sets,
but it could be that a generalization that allows for a déotjimeservation level does even better.

We use a revealed preference approach to test for the gitgsitbia declining reservation
level. The revealed preference implication of a decliniggrvation level is straightforward. If a
subject stops searching and chooses an oRjettimet, but continues searching having found
objecty at times > t, it must be the case thatis preferred toy. This is because the value
of x must be above the reservation value at timehich is in turn above the reservation level
at times. Moreover, the value of must be below the reservation level at timas search is
continuing. Thusx must be preferred tg. In contrast, the revealed preference implication of
a fixed reservation level is that is preferred toy if search stops withx at some time but
continues withy at some times, regardless of the relationship between t andMote that the
fixed reservation model is a special case of the decliningrvason model.

Armed with these observations, we can ask whether the deglieservation model helps to
explain more of the choice process data than the fixed ragarvaodel, by asking how many

2M70 calculate the average across all treatments, we calcillataverage loss for each treatment and average across
these.
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times the relevant revealed preference condition is \edlatVe classify data as violating a partic-
ular revealed preference condition if optirfs revealed preferred to optign but the value ok

is greater than the value gf It turns out that the declining reservation model does ffet a bet-

ter description of choice process data. While the declinésgrvation model has fewer violations
in absolute terms (as has to be the case — any violation ofettiohg reservation model is also
a violation of the fixed reservation model), theportion of observations that violate revealed
preference is higher — 24% for the fixed reservation modedugeB2% for the declining reserva-
tion. Thus, our revealed preference approach finds litiegce that our subjects are responding
to the choice process environment by implementing a degjireservation strategy.

D. Comparing Behavior across Treatments

Our model of optimal search makes predictions concernimgrleeervation levels should vary
between our experimental treatments. First, the optinsdriation level falls as the per unit
search cost rises. Thus, assuming that search costs aeg fagimore complex objects, optimal
reservation levels are lower in the higher complexity emwinent. Second, optimal reservation
levels are independent of the size of the choice set: thex@iiscrease in the optimal reservation
level as the size of the choice set increases.

The comparative statics properties of our experimentatiyrated stopping rules do not align
perfectly with those of the optimal stopping rule. While we fthd that subjects reduce their
reservation level in response to higher search costs, tkeytend toincreasetheir reservation
level as the size of the choice set increases.

There are two possible reasons for this discrepancy. Birbjects may be behaving optimally
with respect to a different maximization problem. For ex@mpur optimal model assumes that
no learning takes place with respect the distribution ofi@alof the objects in the choice set.
While our subjects are explicitly told the distribution finowhich values are drawn, it may be
that they in fact try to learn this distribution for every nehwice set. In such a case, estimated
reservation levels would tend to be greater in larger cheéts.

A second possibility is that subjects are acting suboptima} increasing their reservation
levels in larger choice sets: they are searching “too mutkérger choice sets relative to smaller
ones. This may relate to findings from the psychology andraxgatal economics literature that
show that people may prefer smaller choice sets (lyengateapger [2000], Seuanez-Salgado
[2006]). One factor that potentially links these two findirig the concept of regret. Zeelenberg
and Pieters [2007] show that decision makers experience megret in larger choice sets and
suggest that this can lead them to search for more informatio
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VI. A Pure Random Error Model

Our explanation for subjects’ failure to pick the objechjvieest option is based on incomplete
sequential search. However, another possibility is thegdHailures result from calculation errors
— subjects search the entire choice set but make errors wiaraéng each option. In order to
test this alternative explanation, we consider a simpleghofdcomplete search with calculation
errors. We put a simple structure on the error process —aistdiee modeled as if they see the true
value of each object with an error that is drawn indepengdiim an extreme value distribution.
The mode of this distribution is 0, and the scale factor isvedid to vary with complexity level
and set size. With these assumptions, we can estimate tleefactor for each treatment using
logistic regression. Specifically, we find the scale fachat tbest predicts the actual choice in
each choice sé We allow for scale factors to differ between treatments.

Table 8 shows the estimated standard deviations from tloellesibn error model. This pro-
vides the first piece of evidence to suggest that the calonlatror model is implausible. In large
and complicated choice sets, the standard deviation ndedédhe data becomes very large —
for example, in the complexity 3, size 40 treatment, the edpetween minus one and plus one
standard deviation is $7, while the mean value of our chdijeats is just $4.

TABLE 8—ABOUT HERE

TABLE 9—ABOUT HERE

Despite these large standard deviations, the calculationmodel significantly underpredicts
both the frequency and magnitude of our subjects’ losseshasn in table $° The prediction of
subject performance under the estimated calculation erooiel was based on 1,000 simulations
of each observed choice set, in which a draw from the estardistribution was added to the
value of each option and the object of highest total valueiderstified as being chosen.

28For example, if a value of 10 was chosen by a subject ffei0, 12}, then our estimation strategy would find the
scale factor that gives the highest probability to choodiBggiven that all options are seen with their own error. With
this approach, enough error must be applied so that the sigiegl of 10 appears larger than the noisy signal of 12, but
not so much error that the noisy signal of 7 appears largerttieanoisy signal of 10.

29pternatively, we could have estimated the scale factorest match the number of mistakes or magnitude of mis-
takes found in the data, but this would ignore the actualagwihat subjects made, which may contain other unpredicted
patterns.
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FIGURE 12. ABOUT HERE

A final problem with the calculation error model is that it shtblead to far more violations
of sequential search than we in fact observe. Were subjedis making calculation errors of
the magnitude required to explain final choices, we wouldeekpo see them switch to worse
objects more often than they do. We demonstrate this in figgré-or this figure, the prediction
of subject performance under the estimated calculatiar enodel is based on simulations of
choice process data assuming that values are observededtment-specific errdf. Note that
the predicted success rates for the calculation error migdieélow the lower bounds of the 95
percent confidence interval bars for all treatments.

VII. Concluding Remarks

We introduce a choice-based experiment that bridges thebgapeen revealed preference
theory and the theory of search. We use it to classify seaetiaors in different decision
making contexts. Our central finding concerns the prevalefsatisficing behavior. Models of
sequential search based on achievement of context defierdervation utility closely describe
our experimental data. These results suggest that thensiaaretic lens may be of significant
value in systematizing our understanding of boundedlypnati behavior.
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Appendix — Proof of Theorem 1

PROOF:

We establish the result first for the final period, and theruatdbackward. Suppose that
search continues until periol and that there is at least one unsearched item left.GLet
(To, ..., G1—1) € RT denote the vector of highest utility objects encountergtior periods, and
let H(T, G") capture the expected utility in hand at tifidased on the possibility that the search
clock had stopped strictly prior to peridd

T-1

H(T,a") = D [3(s) — I(s+ D]us.

s=0
If no search is conducted in peridd the payoff from stopping is S(T, G"),
7 S(T,07) = H(T,0") + J(T)tr—1.

If search continues for one last period, then the payofftierfinal period is stillit—1 unless a
new object is identified (probabilitg)), that object has utility higher thainr_1, and the random



SEARCH AND SATISFICING 29

choice time continues to periold,
2C(T, 0% = H(T,a") — x + J(T) [Ur-1 + qS(Tr-1)] -
Hence continued search is an optimal strategy if and only if,
qJ(T)S(Ur-1) > «,

or,

p(lr-1) = < J(T) = pR(M)).

K
qS(OT-1)
Sincep is a strictly increasing function, this implies that contia search is optimal if and only
if ar_1 < uR(T), stopping search is optimal if and onlyif _1 > uR(T), establishing the result
for periodT.

Now assume that the identified strategy is optimal if seacotttioues in period + 1 > 2, and
consider the optimal strategy in peribaith prior maximai! = (o, ..., Gr—1) and withH (t, Gt)
the fixed expected utility should the search clock have sdpior to period. Continued search
for one and only one period costsyielding the expected surplus abavg_; if the new search
is effective. Hence it is worthwhile if and only if,

IO [Ot—1 + qS(Ot-1)] > x,

or,
p(Ui—1) < I(t) = pUR()).

Given thatp is strictly increasing, one and only one additional peribdearch dominates stop-
ping if Gi_1 < uR(t), stopping immediately is strictly superiorif_; > uR(t), while they are
indifferent if G,_, = uR(t). To establish the induction hypothesis requires only thandividual
for whom it is optimal to stop when considering one periodttaration will not continue on
the basis of expected gains in later periods. This can be ¢ since ifty_1 > uR(t), then
sinceuR(t) > uR(t + 1) the induction hypothesis implies that search will certaimt continue
beyond period + 1, making the single period argument in favor of stoppingriéfe.



Figure 1: A typical choice round

Round Current selection:

2 of 30 | four plus eight minus four

Choose one:
O | ZED |
O | three plus five minus seven |
O | four plus two plus zero |
O | faur plus three minus six |
([“%l four plus eight minus four |
o three minus three plus one |
O | five plus one minus one |
O | eight plus twg minus five |
O | three plus six minus five |
O | four minus two minus one |
O | five plus five minus one |




Figure 2: Number of switches per choice round (experiment 2)
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Figure 3: Distribution of HM indices for actual and random data (experiment 2)
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Figure 4: Proportion of choices consistent with rationality according to the standard model and
the sequential search model (experiment 2)
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Figure 5. Average value by selection (experiment 2)
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Figure 6: Average time by switch (experiment 2)
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Figure 7: Choice sets with the highest valued object at the bottom of the screen and simple (panel A)

and at the top of the screen and complex (panel B)

Panel A

Panel B
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9 of 30 [ zero
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Figure 8: Number of switches for the choice process task (experiment 2) and the standard

choice task (experiment 1)
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Figure 9: HM indices for the choice process task (experiment 2) and the standard choice task

(experiment 1)
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Figure 10: Proportion of choices consistent with rationality according to the standard model
and the sequential search model (experiment 1)
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Figure 11: Average value by switch (experiment 1)
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Figure 12: Comparison of the proportion of switches to larger value for actual data and
simulated data from calculation error model (experiment 2)
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Table 1: Performance in standard choice task

(experiment 1)

Failure rate (percent)

Complexity Total

Set size 3 7
10 6.78 23.61 16.03
20 21.97 56.06 39.02
40 28.79 65.38 46.95
Total 21.98 52.69 37.60

Absolute loss (dollars)

Complexity Total

Set size 3 7
10 0.41 1.69 1.11
20 1.10 4.00 2.55
40 2.30 7.12 4.69
Total 1.46 4.72 3.12

Number of observations

Complexity Total

Set size 3 7
10 59 72 131
20 132 132 264
40 132 130 262
Total 323 334 657




Table 2: Performance in choice process task (experiment 2) vs.
standard choice task (experiment 1)

Failure rate (percent)

Complexity Total

Set size 3 7
10 Choice process 11.38 46.53 27.23
Standard choice 6.78 23.61 16.03
20 Choice process 26.03 58.72 40.41
Standard choice 21.97 56.06 39.02
40 Choice process 37.95 80.86 57.42
Standard choice 28.79 65.38 46.95
Total Choice process 27.00 64.14 43.62
Standard choice 21.98 52.69 37.60

Absolute loss (dollars)

Complexity Total

Set size 3 7
10 Choice process 0.42 3.69 1.90
Standard choice 0.41 1.69 1.11
20 Choice process 1.62 4.51 2.89
Standard choice 1.10 4.00 2.55
40 Choice process 2.26 8.30 5.00
Standard choice 2.30 7.12 4.69
Total Choice procegs 1.58 5.73 3.44
Standard choice 1.46 4.72 3.12

Number of observations

Complexity Total

Set size 3 7
10 Choice process 123 101 224
20 Choice process 219 172 391
40 Choice process 195 162 357
Total |Choice process 537 435 972




Table 3: Estimated reservation levels (experiment 2)

Complexity
Set size 3 7
10 Sequential search types 9.54 (0.20) 6.36 (0.13)
Reservation-based search types 10.31 (0.23) 6.39 (0.13)
20 Sequential search types 11.18 (0.12) 9.95 (0.10)
Reservation-based search types 11.59 (0.13) 10.15 (0.10)
40 Sequential search types 15.54 (0.11) 10.84 (0.10)
Reservation-based search types 15.86 (0.12) 11.07 (0.10)

Note: Standard errors in parenthesis




Table 4: Aggregate HM indices for reservation-
based search (experiment 2)

Complexity
Set size 3 7
10 0.90 0.81
20 0.87 0.78
40 0.82 0.78




Table 5: Proportion of selections with a larger value than any
alternative above them on the screen (experiments 2 and 3)

Complexity
Set size 3 7 Mixed
10 All subjects 0.56 0.40
Top-bottom searchers 0.78 0.51
20 All subjects 0.41 0.38 0.41
Top-bottom searchers 0.75 0.43 0.44
40 All subjects 0.52 0.27
Top-bottom searchers 0.71 0.37




Table 6: Estimated reservation levels (experiment 1 and experiment 2)

Complexity
Set size 3 7
10 Choice process 9.73 (0.22) 5.79 (0.13)
Standard choice 10.05 (0.50) 8.04 (0.19)
20 Choice process 11.18 (0.12) 9.82 (0.10)
Standard choice 11.31 (0.15) 8.28 (0.12)
40 Choice process 15.54 (0.11) 10.84 (0.10)
Standard choice 15.98 (0.13) 8.68 (0.11)




Table 7: Aggregate HM indices for reservation-
based search (experiment 1)

Complexity
Set size 3 7
10 0.94 0.78
20 0.83 0.73
40 0.74 0.71




Table 8: Estimated standard deviations (in dollars) for the
calculation error model (experiment 1 and experiment 2)

Complexity
Set size 3 7
10 Choice process 1.91 5.32
Standard choice 1.90 3.34
20 Choice process 2.85 5.23
Standard choice 2.48 4.75
40 Choice process 3.54 7.25
Standard choice 3.57 6.50




Table 9: Performance of actual choices and
simulated choices using the calculation error model
(experiment 2)

Failure rate (percent)

Complexity

Set size 3 7
10 Actual choices 11.38 46.53
Simulated choices 8.72 31.75
20 Actual choices 26.03 58.72
Simulated choices 19.94 38.58
40 Actual choices 37.95 80.86
Simulated choices 26.05 44.87

Absolute loss (dollars)

Complexity

Set size 3 7
10 Actual choices 0.42 3.69
Simulated choices 0.19 1.80
20 Actual choices 1.62 451
Simulated choices 0.61 1.85
40 Actual choices 2.26 8.30
Simulated choices 0.79 2.55




