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Abstract
We experimentally explore individual and interactive decision making in
a sequential search task and test whether generally accepted principles of
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threshold heuristic after extensive experimentation. Contrary to popular theories of sequential search, aspiration levels are set below the maximum value
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Introduction

The neoclassical economic paradigm assumes optimizing agents with self-serving
preferences and unlimited cognitive capabilities. Yet numerous empirical and experimental studies (cf., Cohen & Bacdayan, 1994; Egidi, 1996; Pereira, 1996) have
shown limited cognitive capacity of human decision makers. In view of accumulating
evidence that clearly conﬂicts with any obvious rational choice interpretation, this
approach is being increasingly questioned.
Most prominently, Simon (1955) suggested an alternative bounded rationality
approach which does not deny our desire to behave rationally but, at the same time,
acknowledges our cognitive constraints. Consequently, when a decision problem is
too complex, the subject will try to decrease the problem’s complexity by neglecting
minor eﬀects, simplifying mental representations, and using easily measurable goals.
Rather than trying to identify an optimal strategy, the agent is likely to form aspirations for some measurable aspects of performance. Within the concept of bounded
rationality, such thresholds are said to be the agent’s aspiration levels (e.g., Schank
& Abelson, 1977; Holland, Holyoak, Nisbett, & Thagard, 1986).
Much of the literature on bounded rationality is primarily interested in advancing
theory (e.g., Sauermann & Selten, 1962; Selten, 1998). There are only a few experimental studies in which aspiration levels of subjects in particular decision problems
are empirically quantiﬁed and in which regularities in satisﬁcing behavior are systematically analyzed.1 A number of studies, for instance, focuses on bargaining
situations (e.g., Tietz, Weber, Vidmajer, & Wentzel, 1978; Tietz, 1992). Although
such studies certainly help to advance our understanding of bounded rationality,
one may argue that the authors commenced with decisions problems that were too
complex from the start, involving strategic interaction, without a sound basis of individual decision making.2 Complexity can, of course, arise from strategic interaction
as well as from multidimensional goal variables, which is the focus of Sauermann
and Selten (1962).
More in line with our study, the experimental investigation of Fellner, Güth, and
Maciejovsky (2005) analyzes individual (risky) investment choices and thus rules out
strategic interaction. Subjects have to invest their endowment in various more or
1

In economics, a strand of literature deals with reference points in investment decisions, auctions, and bargaining, and their adjustment due to information feedback and learning, whereas in
psychology, the pertaining literature concentrates on aspects of prospect theory, motivation, and
social comparison, or self-assessment.
2
In a similar vein, Camerer (2003) claims to describe behavioral theories of game playing
without ever discussing individual decision making.
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less risky assets. Although the aspiration choices are not incentivized, the authors
ﬁnd that aspirations provide a reliable and more natural way of classifying investor
types and predicting investment choices. In their subsequent study, Fellner, Güth,
and Martin (2006) explore task transcending satisﬁcing, i.e., whether and, if so, how
individual aspiration formation and satisﬁcing characteristics can be transferred from
one decision problem to another. Their results suggest that observing aspirations in
one task helps to predict the same individual’s aspiration formation in other more
or less similar tasks. Unfortunately, the support for individual satisﬁcing is often
low (e.g., Fellner et al., 2006).3
This study diﬀers from the preceding ones in that we investigate a decision problem that is theoretically demanding, but easily and intuitively understood. In particular, we consider
• individual as well as strategic decision making and
• one essential goal variable (i.e., to be speciﬁed by one aspiration level) which
is naturally related to the monetary payoﬀ.
The decision problem has already been used for illustration by Simon (1955) in his
pioneering book on bounded rationality and is now well known as the“secretary problem” (see the review of Freeman, 1983). The decision maker is asked to choose an
alternative, facing a random sequence of options that appear consecutively with no
possibility to recall former alternatives, i.e., either accepting the presented alternative or losing it forever. Compared to preceding experiments based on the secretary
problem,4 we are less interested in how search is related to optimal stopping behavior, and would rather concentrate on the process aspects of sequential search. More
speciﬁcally, we have chosen an experimental design allowing us to directly observe
the formation of aspirations and adjustments in the satisﬁcing process.5
Exploring cognitive processes6 on the basis of boundedly rational decision making
is still in an early stage. So far, little work has been done in terms of experimental
3

Fellner et al. (2005) ﬁnd that 67% of their subjects are “potential satisﬁcers,” i.e., their
aspirations could be satisﬁed, and that 42% of all subjects invest such that their portfolio is in line
with their aspiration level (“actual satisﬁcers”). However, in the follow-up study of Fellner et al.
(2006), even though the experimental setting is largely similar, the share of potential and actual
satisﬁcing is signiﬁcantly smaller (48% and 30%, respectively).
4
See Bolle (1979) and Zwick, Rapoport, Lo, and Muthukrishnan (2003), to mention just a few.
5
Previous studies simply assume that after exploring a number of alternatives participants use
them to form an aspiration level. Several heuristics, based on aspiration building, were tested for
validity (see, e.g., Dudey & Todd, 2001; Todd, Rieskamp, & Gigerenzer, in press).
6
Brain scanning might reveal what matters to us but not at all how we cognitively perceive
and process cognitively and emotionally relevant features.
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research on the formation of aspirations and subsequent satisﬁcing. Thus, we felt
there was a need for conducting a thorough exploration of those two aspects in
a controlled laboratory experiment without having to develop a new paradigm. To
render the cognitive processes that go along with systematic search more transparent
and to provide the best conditions for testing aspiration formation and satisﬁcing,
we introduced a number of speciﬁc search tools that, if employed, will allow us to
observe when a subject is forming an aspiration or when she is trying to satisfy a
given aspiration. By our design we can even test whether subjects actually employ
the oﬀered screening and selection routines in a way that is in line with the bounded
rationality approach to sequential search.
Section 2 brieﬂy characterizes and motivates our modiﬁed version of the secretary
problem and introduces the experimental design and the oﬀered search routines. In
section 3, we provide and discuss selected results from a simulation of single and
multiple threshold search heuristics (henceforth ST R and M T R) and derive our
behavioral hypotheses for the subsequent experimental study. Section 4 lists the
experimental protocol and presents selected results. Particular emphasis is placed
on behavioral regularities in the search process and on the identiﬁcation of key
variables that aﬀect the formation and use of aspirations. In section 5, we conclude
by discussing and interpreting our main ﬁndings and point out directions for future
research.

2

The model

2.1

The secretary problem

Our scenario is the well-known stopping task, colloquially known as the secretary
problem (for a comprehensive review, see Freeman, 1983; Ferguson, 1989; Samuels,
1991) which we modify by incorporating a number of new features. The basic scenario can be characterized as follows:
1. The sequence of alternatives am with m ∈ {1, . . . , n} is of known or unknown
length n. This information constitutes a treatment variable and is varied
within-subjects in the ﬁrst two phases of the experiment.
2. Values of alternatives are randomly determined according to uniform densities where we rule out identical alternatives. Thus, the n alternatives can be
ordinally ranked.
4

3. The sequential order of alternatives is randomly assigned such that the position
of an alternative in the sequence and its value are uncorrelated.
4. Similar to preceding experiments,7 inspection of alternatives carries a cost.
Three distinct search routines are available at a cost of c(> 0). These search
routines diﬀer in their duration and their information provision.
5. For each alternative am that the decision maker inspects, he can ascertain its
position m in the sequence and its real value vm . Thus, he is perfectly able to
compare the current alternative am with all previously inspected alternatives
a1 , . . . ,am−1 .
6. If an alternative am is rejected, it cannot be recalled at a later point of time.
If search continues until the n-th alternative, then this alternative an is automatically accepted.
7. Upon completion of the search task, the decision maker having selected the
alternative ai earns
π(ai ) =

vi − min(vm )
∗M
max(vm ) − min(vm )

with

m = 1, . . . , n

whereby M is a positive amount that is known to participants.
This payoﬀ function represents a special case of the rank-dependent payoﬀ function with M = π(1) ≥ π(2) ≥ . . . ≥ π(n) = 0 and the expression in parentheses
representing the alternative’s rank. Instead of merely conditioning on the alternative’s ordinal rank, the payoﬀ from an alternative directly (and linearly) depends
on the alternative’s absolute value in relation to the bounds of the sequence’s value
range. Generally, every choice generates a non-negative payoﬀ which increases in
the value vi of the selected alternative ai . A negative payoﬀ may only be attained if
total search cost exceed the payoﬀ from the selected alternative.8
We opted for this payoﬀ rule because it realistically represents the problem of
choosing from a set of choices (e.g., labor productivity of hired staﬀ, quality of
a bought product). For the sake of generalizability we refrain from using a payoﬀ
function that concentrates on only one or few “superstars” such as the optimal choice
7

See Zwick et al. (2003), Kogut (1990), and Rapoport and Tversky (1970).
For further reference, this and alternative classes of payoﬀ functions which are frequently
encountered in generalized secretary problems, are introduced and discussed in more detail in
Bearden, Murphy, and Rapoport (2004).
8
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or the rank-dependent payoﬀ rule with a small set of paid ranks. Moreover, to
enable subjects to incrementally learn about the value distribution of alternatives in
a sequence and to allow for the adjustment of aspirations, a cardinal payoﬀ function
is essentially necessary.

2.2

The experimental design

The experiment is divided in three phases, each including a diﬀerent type of search
task:
• Task (IK)
Subjects search independently, whereby they know the number n of alternatives in the sequence.
• Task (IU )
Subjects independently search a sequence of alternatives whose exact length
is unknown. Instead, they are only given a range for n (as a rough indication)
to discourage overhasty decisions at the beginning of a sequence. It is assured
and known to subjects that the true length n of the sequence lies within some
given range n ≤ n ≤ n.
• Task (CK)
Groups of four participants simultaneously search one single sequence of alternatives whose length n is publicly known. The collective search process is
synchronized such that the pace of the slowest subject determines the overall
speed of search in a group.9
The two conditions IK and IU model the standard secretary problem in which
search stops once the subject selects an alternative or once all alternatives have been
inspected. This scenario is certainly theoretically and empirically interesting, but the
restrictive assumption made that only one subject is acting in isolation from others
may not be applicable to many real-world situations. Task CK therefore allows
for several subjects to simultaneously search a common sequence of alternatives. In
the competitive environment, a subject would have an incentive to reduce the time
spent on search and select a satisfactory alternative more quickly since an unduly
long screening phase may decrease her chance of attaining a satisfactory alternative.
9
This rule needed to be introduced to grant suﬃcient time to subjects requiring more time to
process the frequently updated screen information and to input their decisions.
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Alternatives in treatment CK are allocated to subjects in a “ﬁrst come, ﬁrst served”
manner. If there is only one claim on a particular alternative, it is directly assigned
to the respective subject. If, however, more than one subject opt for the same
alternative, the alternative is assigned to one of them by random draw. Afterwards
the search process continues for the remaining active subjects who have not yet
selected an alternative. Finally, when the remaining number of alternatives becomes
scarce and still more subjects participate in the search, the risk increases that an
unsatisfactory, remaining option is assigned by mandatory allocation.10
The scenarios IK and CK diﬀer from the task IU in the information that is given
to subjects. Both variants of the sequential search task with a “known” (IK and
CK) or “unknown” (IU ) sequence length can be justiﬁed: Zwick et al. (2003), for
instance, rely on the “story” that participants have to check apartments from a given
list, thereby informing them about the length of the sequence. This is replicated
in our conditions IK and CK. Yet, real-world decision problems can be imagined
where the number of options is not known, e.g., in mate choice, recruitment of
specialists, etc., and where the number of choice alternatives cannot be predicted
with certainty. We model such a setting in condition IU .
In scenario CK, we only explore the case in which the sequence length n is
publicly known because we want all subjects to share the same belief about when
the sequence will end. Note that we can disentangle the eﬀect of time pressure
and competition, e.g., by means of a within-subject comparison of individual search
behavior in the IK and CK conditions.
Insert table 1 about here
In the ﬁrst two phases of the experiment, half of all subjects experience the conditions IK and IU in this order, whereas the other half performs the two conditions
in reverse order. After completing the two treatments of isolated search, subjects
compete in search in the third phase (task CK) of the experiment. Table 1 illustrates
the treatment design and the temporal arrangement of the experimental conditions.
10

We arbitrarily rule out the possibility that a subject does not receive any alternative. If,
toward the end of the sequence, the number of remaining alternatives is about to fall below the
number of remaining subjects, one option per search step is automatically and randomly assigned
to an active subject.
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2.3

Search routines

We modify the original secretary problem by oﬀering participants several search
routines. The routines are designed such that each has its own merits. They may
be applied repeatedly and interchangeably. Whenever a routine is used anew, a cost
of c is incurred. We will explore the temporal sequence, duration, and frequency of
the applied routines to gain more insights into the individual decision dynamics in
a sequential search problem. Let us now describe and motivate the three distinct
search routines:
• S-routine: This routine represents the original way of searching in the secretary problem. It allows subjects to investigate one alternative at a time. When
the S-routine is applied (assume at position m), at cost c per application, the
next alternative in the sequence am+1 is revealed which may then be selected
or rejected. Our intuition is that S will be mainly used after unsuccessful
satisﬁcing, i.e., when a subject, having searched extensively, may fear to run
out of alternatives.
• E-routine: This routine allows to screen several alternatives (e ≥ 2) in one
pass and to pay the search cost c only once instead of paying it for each
alternative am , am+1 , . . . , am+e .11 Its drawback is that only the last alternative
am+e may eventually be selected, since all previous alternatives are foregone
and recall is impossible. If the presented alternative am coincides with the last
alternative (m = n), the routine is aborted and an is automatically selected.
The routine is designed to allow and reveal aspirations for experimentation,
e.g., in order to learn more about the underlying distribution function U (v, v)
and to form an aspiration concerning the value of a satisfactory candidate.
One should therefore expect that a search starts out by using E.
• A-routine: This routine allows to inspect an unspeciﬁed number of alternatives in a sequence in one pass while also paying search cost c just once.
When using this routine, a subject speciﬁes an aspiration level ṽ which is subsequently used to evaluate the “eligibility” of screened alternatives. When this
routine is applied (assume at position m), the value vm+1 of alternative am+1
is compared with ṽ. If vm+1 ≥ ṽ, then this alternative is selected. Otherwise,
the screening process continues by comparing vm+2 , vm+3 , . . . , vn with ṽ. As
soon as vm+k ≥ ṽ with k = 1, . . . , n − m is fulﬁlled, the routine stops and am+k
11

If one allowed for e = 1, then the S- and E-routines would be identical.
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is selected. If it has not occurred earlier, the routine is aborted once m = n.
When using this routine, the subject is not informed about the actual value
vm+k , unless vm+k ≥ ṽ is true and search ends. In all other cases, a merely
generic statement is received that vm+k was less than ṽ. Subjects employing
the A-routine are presumed to engage in satisfying their previously established
aspiration. One can think of the A-routine as delegating a search task in the
sense of “Scan all upcoming alternatives and select the ﬁrst one that is better
or equal to ṽ!” We expected the use of A after the use of E and before any use
of S.
As in earlier studies (e.g., Seale & Rapoport, 1997, 2000; Zwick et al., 2003),
we also rule out the possibility of recall. As a consequence, a subject is throughout
allowed to select only the last alternative of the set of alternatives that she has
already inspected. Moreover, although the three routines feature the same search
cost c per application, they obviously diﬀer in their cost-performance ratio due to
their speciﬁc functionalities. Clearly, inspecting alternatives stepwise (S-routine)
costs more overall than acquiring a general idea about the value distribution (Eroutine) and/or choosing the ﬁrst satisfactory alternative irrespective of all others
(A-routine).
By using the various routines, participants will hopefully provide conclusive data
on their reasoning process, e.g., by the protocol of the sequentially eﬀected search
routines. Using the E-routine means that a subject engages in systematic experimentation before even considering to stop search and therefore, thus indicating an
aspiration for experimentation. If the A-routine is applied after the E-routine has
been used, this would suggest satisﬁcing after forming aspirations. According to
empirical ﬁndings in the literature12 and intuition, at least experienced participants
should
• (i) start their search by relying on the E-routine, then
• (ii) switch to the A-routine while basing their speciﬁcation of ṽ on some value
of vt (with k = 1, . . . , m) observed so far,
• (iii) possibly readjust the level of ṽ after searching unsuccessfully for some
time, and
12

Gilbert and Mosteller (1966), Seale and Rapoport (1997), Todd (1997), and Seale and
Rapoport (2000), to mention just a few.
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• (iv) incrementally inspect alternatives (S-routine) when “panicking”, i.e., when
fearing to run out of attractive alternatives.
(Not) knowing the number n of remaining alternatives (condition IU ) might
considerably aﬀect the average experimentation period (r ∗ n with 0 < r < 1). More
speciﬁcally, we conjecture that not knowing the number n of alternatives will induce
subjects to shorten experimentation and start satisﬁcing earlier. This may, however,
also crowd out “panicking,” i.e., the use of the S-routine after a long unsuccessful
search. With respect to the competition treatment (CK), we expect participants to
decrease the length of experimentation and to start satisﬁcing earlier.

3

On single and multiple search thresholds

Before turning to our experimental results, we brieﬂy consider search heuristics that
are commonly debated in the literature on sequential search and will serve as benchmarks when analyzing our data. We distinguish the single (ST R) and the multiple
(M T R) threshold heuristics.13

3.1

The STR and MTR search heuristics

Both approaches commence with screening a subset of alternatives to develop some
understanding of the value range for the alternatives vi ∈ [v, v] and the type of
distribution producing them.14 After suﬃcient sampling (option E), a threshold
value ṽ is deﬁned with which subsequent alternative values vk with k = t + 1, . . . ,n
are compared. If the value of the inspected alternative ai is greater than, or equal
to, this threshold value (vk ≥ ṽ), alternative ai is selected and the search ends. The
solution of the classical secretary search task to maximize the probability of hiring
the best candidate (Gilbert & Mosteller, 1966) is such a rule. In our interpretation,
the ST R heuristic describes the process in which a subject ﬁrst experiments, then
deﬁnes an aspiration level ṽ which is maintained until it is either matched by a
subsequent alternative or until the sequence ends.
13

Clearly, there also exist numerous other search heuristics such as the “horse race decision
rule,” the “successive undesirable applicant decision rule,” and others (see Bearden et al., 2004).
We decided to neglect these, however, since we wanted to concentrate on the setting and readjusting
of (aspiration) thresholds in sequential search processes.
14
Most theoretical and experimental studies rely on the uniform distribution from which the
values of the various alternatives are drawn. Changing the underlying distribution may aﬀect the
eﬃciency of certain search heuristics.
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The multiple threshold approach allows the decision maker to (repeatedly) modify the initial threshold value ṽ. The search and adjustment procedure works as
follows: The values of alternatives are ﬁrst screened before determining more or less
cutoﬀ levels r1 , r2 , . . . , rk with decreasing threshold levels. Usually, the maximum
of the observed alternatives at the relative (sequence) position r1 then deﬁnes the
ﬁrst aspiration level ṽ. Search continues for a given time interval until a candidate
ak is found that satisﬁes vk ≥ ṽ. If not, ṽ is re-evaluated by ṽ = max(vk ) with
k = 1, . . . ,r2 ∗ n. Again, search continues until a qualifying alternative is found.
If not, ṽ is again downgraded. The idea is to incrementally adapt to lower aspiration levels ṽ if the more ambitious ones cannot be satisﬁed within a certain time
interval.15
Experimental ﬁndings (Seale & Rapoport, 1997, 2000) suggest that subjects who


readjust their threshold level (henceforth ṽ ), usually reduce it (ṽ < ṽ).16 Clearly,
this heuristic can diminish the risk of ending with the last alternative an whose
expected value E(an ) = v−v
under the uniform distribution is rather small. Chow et
2
al. (1964) point out in their theoretical study that it is indeed sensible to decrease
one’s aspiration toward the (expected) end of the sequence of alternatives.

3.2

Simulating heuristics

To judge the eﬃciency17 (measured by the mean or median of the chosen vi in relation
to the interval bounds) of the ST R and the M T R, we ran a Monte Carlo simulation
of both heuristics.18 The simulation exercise also revealed that the particular rankdependent payoﬀ rule of our scenario is distinctly diﬀerent from both the “best
choice” (Gilbert & Mosteller, 1966) and the classical “rank-dependent” (Chow et al.,
1964) payoﬀ function.19
We ﬁrst estimate the optimal cutoﬀ with value r∗ under the ST R heuristic which
15

For a comprehensive description of the multiple threshold rule, see Lindley (1961) and Chow,
Moriguti, Robbins, and Samuels (1964) who extensively discuss the class of M T R search heuristics.
16
Under M T R, a decision maker sets an initial threshold and subsequently updates ṽ once or
repeatedly. At present, there is still controversy in the literature if indeed subjects employ the
more “sophisticated” M T R heuristic at all (e.g., Zwick et al., 2003) since the usually S-routine
data are rather inconclusive.
17
When discussing the “eﬃciency” of a search heuristic, we refer to that heuristic’s mean (expected) payoﬀ that is computed according to the payoﬀ function stated in section 2.1.
18
The simulation was conducted using the open source statistics package R. A copy of the
source code is available from the authors upon request.
19
Evidently, the payoﬀ function has a direct and pronounced implication on the optimal cutoﬀ
value r∗ (optimal threshold vector) under ST R (M T R).
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allows to derive the optimal aspiration level v ∗ after having seen r∗ ∗ n alternatives.20
For that purpose, we set up a simulation that generates 1000 random sequences of
alternatives of length n = 30 with distribution U (0, 1).21 In each iteration, the ﬁrst
m alternatives with m = r ∗ n of the random sequence a = (a1 , . . . , an ) are inspected
and the maximum value ṽ = max(vk ) with k = 1, . . . ,m is determined. The search
then continues until a candidate ak is found that fulﬁlls vk ≥ ṽ or the end of the
sequence is reached. In the former (latter) case, vk (vn ) is selected.
Insert ﬁgure 1 about here
The eﬃciency of the ST R for all levels of r with r ∈ [0, 1] is shown in ﬁgure 1.
The solid (dashed) line indicates the mean (median) search eﬃciency at each level of
r whereas the dotted lines denote the ﬁrst and third quartile of the search eﬃciency
distribution. The curve of the mean selected value has its maximum at r∗ = 0.17
at which the mean (median) eﬃciency equals 86.2% (94.7%). Our derivation of the
best cutoﬀ value r∗ diﬀers considerably from the “Golden Rule” of sequential search
(for
 an overview, see Sardelis & Valahas, 1999) that suggests to screen the ﬁrst 37%
1/ of a random sequence of length n before trying to satisfy the threshold value
e
∗
v = max(vk ) with k = 1, . . . ,r∗ ∗ n. This diﬀerence seems to be mainly caused
by the diverging payoﬀ functions (ordinally rank-dependent vs. cardinally valued
alternatives).22
Is there (at least) one speciﬁcation of a M T R heuristic that stochastically dominates the ST R heuristic in a direct comparison when applied to the identical set
of randomly generated sequences of alternatives? An exhaustive answer would have
to systematically compare the ST R (with optimal cutoﬀ value r∗ ) with all possible
combinations of the M T R (deﬁned by the threshold vector r∗ = r1∗ , . . . , rk∗ of variable
length k). Here we only compare the ST R heuristic with r∗ = 0.17 against a M T R
heuristic with the arbitrary threshold vector r∗ = (0.17, 0.65, 0.80, 0.90) with three
aspiration adaptation steps.23 Even the arbitrarily parametrized M T R features two
advantages over the ST R heuristic with the best cutoﬀ value r∗ :
20

Note that we employ r∗ as the relative duration of experimentation which implies that 0 <
r < 1 must be satisﬁed.
21
Additional simulations showed that decreasing the sequence length (n = 10) does not aﬀect
the benchmark prediction whereas increasing n shifts the optimal (relative) cutoﬀ value r∗ toward
zero (r∗ = 0.12 for n = 50). This ﬁnding suggests that r∗ and n are related in a non-linear way.
22
Dudey and Todd (2001) also conﬁrm that the optimal cutoﬀ value crucially depends on the
employed payoﬀ rule.
23
Another simulation was run in which the ST R and M T R heuristics were tested on the identical
set of 1000 random sequences of alternatives.
∗
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Insert ﬁgure 2 about here
First, the M T R on average ﬁnishes search earlier (see ﬁgure 2, left and middle
panels). The two density plots exhibit the probability that the search is ended at a
particular time t with 0.17 ≤ t ≤ 1.24 The second, and probably more important
beneﬁt is that the variance of outcomes in ST R is signiﬁcantly greater than in M T R
(σST R = 0.213 vs. σM T R = 0.175, p < 0.001, F-test). Figure 2 (right panel) reveals
that the ﬁrst quartile value of the distribution of selected values in M T R is greater
than the one in ST R (0.862 vs. 0.828).25 Since more search processes are concluded
in the interval 0.65 ≤ t < 1 under the M T R heuristic, only a smaller number of
searches actually lasts until t = 1, which explains the lower variance of payoﬀs in
M T R.
Altogether, these properties render the M T R heuristic more attractive for riskaverse decision makers. We conclude from our simulation exercise that, given some
experience, subjects are likely to prefer the M T R heuristic with multiple threshold revisions to the ST R heuristic in which a simple threshold is established and
subsequently maintained.

4
4.1

Experimental results
Experimental protocol

The experiment was computerized using z-tree (Fischbacher, 1999) and conducted
with students from various faculties of the University of Jena who were recruited
through ORSEE (Greiner, 2004). In total, 64 subjects participated in the four
sessions of the experiment.
On entering the laboratory, participants received a set of instructions (see Appendix) explaining their tasks and how their performance was related to their payoﬀ.
Subjects were not immediately informed about the whole sequence of search tasks.
Additional information on the further procedure of the experiment was provided
after the end of the ﬁrst and the second phase. An on-screen questionnaire was used
to verify that the game rules were fully understood. After the questionnaire entries
were checked and remaining questions were resolved, the actual experiment started.
24

t denotes the relative search duration and ranges from 0.17 (stop search after having screened
the ﬁrst 17% of alternatives) to 1 (search the entire sequence).
25
Apart from the diﬀerence in variance, (absolute) selected values are not signiﬁcantly diﬀerent
under the ST R and M T R heuristics (0.947 vs. 0.951, p = 0.215, MWU-test). The linked crosses
within the two box plots indicate the sample averages.
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Each of the three phases comprised four periods during which subjects were
provided with a history of all previously inspected alternatives, which was displayed
on their computer screen.26 The ﬁnal payoﬀ of participants was determined as
the sum of payoﬀs from three randomly drawn periods whereby it was publicly
known that exactly one period from each of the three phases would be selected. In
addition to the experiment-related payoﬀ, participants received an initial endowment
of e3.00.
The following parametrization was applied: The number of alternatives n in a
sequence ranges from 15 to 35. The ratio of the maximum (v) and minimum (v)
value of alternatives in a sequence (v/v with v > v > 0) ranges from 1.01 to 622.75.
The cost c of initializing a search method equals c = 20 ECU, and a maximum payoﬀ
of M = 1000 ECU can be attained in a period (if vi = v), which corresponds to
e5.00.

4.2

Commonly observed search heuristics

In the ﬁrst part of our analysis, we focus on individual search heuristics to detect
frequently recurring search proﬁles. For this purpose, we categorize the large number
of distinct individual search strategies into nine generic search proﬁles whereby each
of them accounts for at least 1% of all observations.27 The remaining unclassiﬁed
search attempts are subsumed in a tenth proﬁle (“other”). All search proﬁles are
listed in table 2 according to their relative frequency throughout the experiment.
The table summarizes the mean duration of every applied search routine within a
proﬁle as well as the overall duration of the search proﬁle.
Insert table 2 about here
According to the concept of boundedly rational decision making, subjects should
at ﬁrst generate a (simpliﬁed) mental model of the decision problem they face and
then determine an achievement level that they intend to accomplish in the subsequent satisﬁcing phase. We do indeed ﬁnd support for this hypothesis in our data.
26

Whenever the A-routine is selected, the value of the inspected alternative is not stated in the
history (see section 2.3).
27
For the purpose of classiﬁcation, the labels of search proﬁles are condensed such that repeated
applications of the same search method are summed up in one single letter, i.e., although they are
structurally not identical, the observed search heuristics “EEA” and “EEEAA” are thus pooled as
“EA.” This pooling is supported by the fact that a search cost is only charged when initializing a
new search routine (the S-routine is (re)initalized whenever used).
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In 42% of all observed search processes, subjects initially inspect a series of alternatives from an ex-ante unknown distribution via the E-routine (henceforth simply
E), before they determine an aspiration level and delegate the search task to the
satisﬁcing routine (A).28 Surprisingly, in 23% of all cases, subjects begin their search
with screening a series of alternatives and then directly choose the last alternative
of the reported sequence (E).29 In view of the uncertainty concerning the selected
alternative, such participants seem mainly interested in keeping search cost low. In
8% of all cases, subjects ﬁrst screen a set of alternatives and then change to individual search (ES), which can be interpreted as satisﬁcing with frequent aspiration
adaptations. Further search heuristics involve incrementally forming an aspiration
with a subsequent delegation of the search task (SA), exclusive incremental search
(S ), and the “intuitive” sequential use of all three search methods (EAS ).30 In 4%
of all cases, the search is immediately delegated which means that the subject speciﬁes an aspiration level without having any idea of the sequence’s underlying value
distribution.
By pooling related search proﬁles, we note that about 80% of all subjects start
their search via the E-routine. The A-routine is the most widely used search method
to reach a ﬁnal decision, accounting for 53% of all observations and indicating the
subject’s initial (or adjusted) aspiration level. Incidents of aspiration adaptations
in which subjects revise their previously set aspiration are less prominent but far
from rare. A minority of subjects subsequently readjusts (and lowers) their initial
aspiration level once or even repeatedly (see section 4.4).
Observation 1: Most search processes start out with systematic experimentation to form aspirations, continue with satisﬁcing, and end with
aspiration adaptation.
28

As stated in section 2.3, subjects are given three search routines to facilitate their search.
They may inspect one alternative at a time (S), screen a series of alternatives at once (E), or
deﬁne a minimal threshold that must be met or exceeded by the value of an alternative in order
to be automatically selected (A).
29
Exclusively relying on the E-routine is risky since the expected value of the last observed (or
any other randomly drawn) alternative ak merely amounts to E(vk ) = v−v
2 . Based on our data, we
argue that the E-proﬁle is rather a fragment of the longer search proﬁle EA. If vk is substantially
lower than max(vi ) with i = 1, . . . ,k, subjects will usually proceed in their search, whereas they
immediately choose alternative ak if vk ≈ max(vi ) is satisﬁed.
30
We label the (EA. . . ) search pattern as “intuitive” since it reﬂects the single threshold rule
(ST R) in case of EA or the more sophisticated multiple threshold rule (M T R) in case of EAS,
respectively.
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4.3

Forming an initial aspiration

In the following, we discuss essential variables inﬂuencing the value of the individual
threshold level ṽ and estimate ṽ by a regression model. We say that subjects are
forming an aspiration if they screen alternatives groupwise (E ) or search by inspecting alternatives incrementally (S ), and that the subject has formed an aspiration
once (A) is selected for the ﬁrst time. This deﬁnition allows us to unambiguously
determine the aspiration level in four of the ten search proﬁles (EA, SA, EAS, and
ESA), accounting for 54% of all search processes. All subsequent statements relating
to aspirations and their fulﬁllment will exclusively refer to this subset of observations.
The share of subjects who set an (initial) aspiration monotonically increases from
32.8% in the ﬁrst period and peaks at 70.3% in period 8. With competition the share
shrinks to 45.3% in the ﬁnal period. We further observe that a subject’s propensity
to form an aspiration at all depends neither on (not) knowing the sequence length n
(conditions IK and IU ) nor on the presence of competing agents (condition CK).
However, with experience (i.e., with increasing periods, coeﬃcient period ) subjects
tend to use an aspiration level more frequently (see table 3).31
Insert table 3 about here
Moreover, subjects rather consistently (do not) use a search threshold throughout
the experiment. Subjects who (do not) deﬁne an aspiration in one period will do so
again in the following period with a probability of 78.0% (71.4%).
Observation 2: About half of all subjects set an aspiration level to facilitate their search. The propensity to use an aspiration slightly increases
with experience but appears to be primarily determined by idiosyncratic
characteristics.
Which factors, then, determine the value of the aspiration level? To answer
this question, we ﬁrst compare the distributions of (relative) aspiration levels across
ṽ−v
periods and deﬁne the relative aspiration level as the ratio vrel = v−v
which considers
the smallest (v) and that largest (v) value in a sequence which has been observed
for this subject so far. Figure 3 exhibits a series of box plots of observed relative
aspirations which are grouped by period.32
31

The initial model included a dummy marking that the sequence length is known and another
marking the competition treatment. Insigniﬁcant coeﬃcients were then iteratively removed from
the model until only signiﬁcant coeﬃcients remained.
32
Observations classiﬁed as extreme outliers (Q1 − 3 ∗ IQR or Q3 + 3 ∗ IQR) were removed from
the sample since statements concerning the mean of key variables (e.g., relative aspiration level)
would otherwise have been unduly biased. In all, 16 (out of 411) data points were removed.
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Insert ﬁgure 3 about here
Relative aspiration levels start out in phase 1 with a median that equals 87.5% of
the maximal, previously observed alternative and monotonically increase to 98.2%,
while the spread of the stated aspiration levels gradually decreases. During periods
5 to 8, vrel stabilizes at a high level of about 92.2%, after which it decreases again
to 83.8% during the ﬁnal periods (condition CK) while its variance continuously
increases. For the last two periods the median of vrel rises again to roughly the
initial value but with considerable variance.
Figure 4 shows the empirical cumulative distribution function of relative aspiration levels where no distinction is made with respect to the period of observation.
What can be learned from this ﬁgure is that 83% of all (initial) aspirations are set
below or at the maximum value of all previously inspected alternatives. A proportion of 23.0% of all set aspirations vrel lie between 0.8 and 0.9 of v, 31.4% between
0.9 and 1, and only 16.2% exceed 1. In contradiction to both the familiar speciﬁcations of the ST R and M T R heuristics, subjects do not generally set ṽ equal to v
but allow for a certain discount. This can be interpreted as an attempt to attenuate
the risk of an overly high aspiration.
Insert ﬁgure 4 about here
In a further step, we estimate a linear mixed-eﬀects regression enabling us to
more thoroughly investigate the factors determining relative aspiration levels. The
ﬁtted coeﬃcients are presented in table 4. The distribution of the dependent variable
vrel features a mean of μ = 87.80 (with σ = 21.71) where a value of 100 signiﬁes
vrel = v.
Insert table 4 about here
We ﬁnd that the competitive search condition (dummy δphase=3 ) signiﬁcantly
and negatively aﬀects vrel : subjects are on average satisﬁed with a lower vrel when
knowing that they compete in search. In the model selection, we also tested the
distinction between the conditions in which the sequence length is exactly (IK and
CK) or only imprecisely known (IU ). Moreover, we inspected whether the vaguely
or precisely announced sequence duration (n, n in IU or n in IK and CK) and
the current position in the sequence (m) might aﬀect subject behavior. Yet all
mentioned coeﬃcients and dummies turned out to be insigniﬁcant.
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Observation 3: Relative aspiration levels are generally stable and only
aﬀected by the presence of competitors.
Another mixed-eﬀects regression relies on a very similar set of coeﬃcients to
predict the average timespan in which subjects form their (initial) aspiration. The
estimated coeﬃcients of this regression are shown in table 5.
Insert table 5 about here
To put the marginal eﬀects of the coeﬃcients into perspective, note that subjects screen on average 10.7 alternatives (σ = 4.8) before deciding on an aspiration
level. Again, the lower (n) and upper (n) bound for the sequence length n exhibit
a signiﬁcant and positive eﬀect on the duration of aspiration formation, as if subjects determine their experimentation phase as a constant fraction of the presumed
sequence length n. Only a minority of subjects determines their aspiration level
by screening a (roughly) constant number of alternatives in each period.33 Moreover, subjects spend slightly more time on experimentation in phase 2 (irrespective
of whether condition IK or IU applies) and less time in phase 3 (condition CK)
compared to the ﬁrst phase.
Insert ﬁgure 5 about here
All in all, subjects on average spend more time (0.42 = r > r∗ = 0.17) on
establishing their (initial) aspiration level than suggested by the simulation results
of the ST R heuristic (see ﬁgure 5).34
Observation 4: The amount of time that subjects spend on forming
an aspiration depends mainly on sequence length and the presence of
competitors. Generally, subjects tend to spend more time on screening
alternatives than seems optimal (in light of the simulation in section 3).
Provided that subjects use the highest value during experimentation as reference
for their initial aspiration level, this should lead to observed aspiration levels being
higher than predicted threshold levels based on the ST R heuristic. However, as
33

27.5% of the subjects who repeatedly form an aspiration always rely on an experimentation
phase of roughly the same absolute duration (which only varies by σ ≤ 2).
34
When comparing observed with predicted screening durations, we ﬁnd that subjects systematically exceed the predicted length of experimentation (10.66 vs. 4.86, p < 0.001, paired Wilcoxon
signed rank test).
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a consequence of frequent aspiration “discounting,” we observe that subjects commonly set their minimal threshold level below both the maximal value of observed
alternatives and the benchmark prediction.35

4.4

Adapting an existing aspiration

How often do subjects adjust their aspiration level ṽ in the course of the search
process? To answer this question, we ﬁrst have to deﬁne when an aspiration level
is adapted. We say that a subject adapts her aspiration ṽ whenever the A-routine
is employed, i.e., as long as (A) is not interrupted, assume that subjects prefer to
maintain ṽ.
On average, 54% of all subjects employ the A-routine at least once during a search
process. Of those, 77.6% deﬁne ṽ exactly once, whereas the remaining subjects
subsequently modify ṽ once (18.7%) or twice (3.4%).36 Of the altogether 92 cases
in which an aspiration is adapted, almost all concede a lower achievement level.37
From the initial mean aspiration level of 87.8% of the largest observed value, a ﬁrst
(second) aspiration adaptation decreases the threshold to 81.2% (66.1%). We ﬁnd
that initial aspiration levels are generally higher than revised aspirations (initial
vs. once revised aspiration levels, p < 0.001; once vs. twice revised aspirations,
p < 0.001, both paired, one-sided MWU-tests). Thus, unsuccessful search clearly
seems to induce subjects to lower their aspirations. Moreover, the duration between
setting and readjusting an aspiration varies considerably across subjects. Those
subjects who modify their aspiration at all, maintain their initial aspiration ṽ on
average for seven search steps before readjusting it.
Observation 5:
generally lowered.

4.5

Aspirations are rarely adapted and, if so, they are

On search eﬃciency and payoﬀs

Already in the ﬁrst experiment phase, the majority of subjects sample the unknown
value distribution of alternatives before ﬁxing an aspiration level ṽ. As a result,
80% of subjects start their search with the E-routine, which is particularly designed
35

Observed relative aspiration levels vrel are signiﬁcantly smaller than their corresponding benchmark values based on the ST R heuristic (mean of 0.820 vs. 0.861, p < 0.001, MWU-test). To
allow for a direct comparison between the two statistics, the relative aspiration level is computed
by using the global rather than the observed minimum and maximum values in the sequence.
36
Throughout the experiment, only one subject adjusted her initial aspiration three times.
37
In two cases, the new aspiration is slightly higher than the one it replaces.
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for this purpose whereas only 11% of subjects incrementally inspect the sequence of
alternatives at a higher cost (S). Strikingly, all of the ﬁve most prominent search
proﬁles – which, with only one exception, start out with E – feature a high degree
of eﬃciency and tend to be employed even more frequently in later periods of the
experiment. The other search proﬁles cause considerably more search cost, perform
rather poorly, and lose in importance over time. Table 6 summarizes the relative
frequency of the various search proﬁles across phases and lists aggregate outcome
statistics.
Insert table 6 about here
The S-routine is less frequently used in later periods due to its high cost (β0 =
22.88, β1 = −0.58, R2 = 0.33, p = 0.030).38 The less frequent use of S is partially
oﬀset by a steady increase of A whose share decreases only marginally toward the end
of the experiment (β0 = 31.36, β1 = 1.17, R2 = 0.34, p = 0.027). The E-routine, to
the contrary, has no pronounced time trend and features little variation in its share
throughout the experiment (β0 = 51.67, β1 = 0.38, R2 = 0.17, p = 0.10).
Observation 6: Search heuristics are selected according to their (payoﬀ ) eﬃciency. Highly eﬃcient search proﬁles hold or even increase their
share over time.
To identify the main determinants of search eﬃciency, table 7 presents a corresponding regression model and details the ﬁtted coeﬃcients.39
Insert table 7 about here
Generally, the mean (median) search eﬃciency over all periods equals 75.3%
(86.1%).40 The coeﬃcient period denotes the period of observation. Surprisingly,
we observe a continuous decrease in eﬃciency over periods, although this eﬀect is
rather weak. The negative slope is mainly due to the fact that the last phase of the
38

To avoid inﬂated counts due to an unusually high individual usage frequency (particularly of
the S-routine), only binary values (i.e., routine was (not) used by the subject) are aggregated for
each period.
39
The right panel of table 7 shows the estimates of a quantile regression (with τ = 0.5) for the
same model. We present this information as a reference, since the distribution function of eﬃciency
is highly asymmetric, which questions the mean as an adequate predictor.
40
As a comparison, note that by implementing the benchmark heuristics ST R and M T R, using
the parametrization as described in section 3, mean (median) search eﬃciency would have amounted
to 0.839 (0.983) for ST R and 0.918 (0.973) for M T R.
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experiment is the relatively less eﬃcient competition treatment (CK). Computation
of aggregate statistics reveals that both eﬃciency and period payoﬀs are lower in
CK (μef f = 0.735, μpay = 684) when compared to the ﬁrst two phases featuring
conditions IK (μef f = 0.780, μpay = 729) and IU (μef f = 0.746, μpay = 690).41
The ﬁrst of the two dummies, δperiod=1 , marks the ﬁrst period, whereas the second,
δaspir , points out that the observed subject has formed an aspiration. The eﬀect of
δperiod=1 accounts for inexperience at the start of the experiment and aﬀects search
eﬃciency only in period 1. The signiﬁcant dummy δaspir supports the claim that
forming an aspiration in fact increases payoﬀ. Relying on one (or multiple) aspiration
threshold in the search process yields clear advantages as it shortens search duration
and generally decreases the variance of search outcomes. Together, these aspects
suggest that satisﬁcing behavior is a reasonable heuristic in search tasks.
Insert ﬁgure 6 about here
Mean earnings in the experiment amounted to e10.81 (σ = 2.50). We further
tested if there was a structural relationship between the subject’s cumulative payoﬀ
and her propensity to use aspirations in the search process.42 Assigning subjects
to two groups by median split of cumulative payoﬀs revealed that subjects with
superior (inferior) ﬁnal payoﬀs (mean of 9675 vs. 7146) used aspiration thresholds
more (less) frequently throughout the experiment (median of 10 vs. 6 periods in
which aspirations were formed, p = 0.019, MWU-test).43 The positive eﬀect of
regularly using aspirations on the subject’s cumulative payoﬀ is illustrated in ﬁgure
6.44 According to our data, superior cumulative payoﬀs exclusively result from a
higher search eﬃciency (mean of 0.860 vs. 0.645, p < 0.001, MWU-test) but not
from lower search cost (mean of 49.06 vs. 55.52, p = 0.320, MWU-test).
Observation 7:
Subjects who regularly use an aspiration level in
their search earn signiﬁcantly more (than those who use a threshold-based
search heuristic less often or not at all).
41

Eﬃciency and payoﬀs in CK are signiﬁcantly less than in IK (p = 0.007 and p = 0.006) and
slightly less than in IU (p = 0.059 and p = 0.129, MWU-test).
42
Note that this is a hypothetical investigation, since a stochastic rather than a cumulative
payoﬀ rule was employed in the experiment. However, if possible income eﬀects are considered
as negligible, cumulative earnings are a suitable statistic to describe steady (or mean) subject
performance.
43
Replicating the above-stated test on the basis of the median split of observed ﬁnal payoﬀs
leads to the same conclusion (mean ﬁnal payoﬀ of e12.77 vs. e8.85, median of 10 vs. 6 periods of
using aspirations, p = 0.012, MWU-test).
44
The width of each box plot is determined by the log value of the relative frequency of observations it is based on.
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5

Discussion

For the experimental study of search behavior in sequential search tasks and an explicit analysis the process of aspiration formation, satisﬁcing, and aspiration adaptation, several search routines are provided which facilitate search. Relying on the
classical “secretary problem,” we distinguish several experimental conditions by providing (im)perfect information about the sequence length n and inducing (no) competition. We also replace the standard payoﬀ function by a cardinal one.45
Overall, our results partly reinforce and partly question the ﬁndings of earlier
studies. In our experiment, about half of all subjects adopt the oﬀered search routines in the natural order of initial aspiration formation and subsequent satisﬁcing.
Unlike assumed by various heuristics discussed in the literature, we do not generally
observe that subjects set their aspiration level at the maximal value observed in the
experiment so far. Rather, the majority of subjects is satisﬁed with less (about 90%
of that value). Moreover, our results support earlier claims that aspiration levels are
rarely adjusted and, if so, commonly decreased after an unsuccessful search (cf., Simon, 1955; Tietz, 1997). Our data also reveal that a considerable share of subjects,
who use an aspiration at all, spend much time on forming that aspiration before
moving on to satisﬁcing, even after gaining more experience.
On the contrary, subjects do not signiﬁcantly modify their behavior when information about the length of the sequence is provided (IK and CK) or withheld
(IU ), since with the unknown sequence length (IU ), the lower and upper bound of
the uniform distribution from which n is drawn seem rather good substitutes for
knowing n exactly. Coeﬃcient estimates from two regression models suggest that
subjects in IU tend to primarily rely on the lower bound n as an indicator of the
unknown sequence length n.
One central ﬁnding is that structured search, in the sense of satisﬁcing behavior, signiﬁcantly increases payoﬀs. Subjects who regularly use aspirations achieve a
superior search eﬃciency, incur about the same search cost and consequently fare
signiﬁcantly better. Competition generally induces subjects to set lower aspiration
levels and to reduce the time spent on forming an aspiration. This eﬀect is particularly strong during the ﬁrst two periods of the competition scenario (CK) after
which it becomes weaker.
One way to gain more insights into why subjects persistently feature considerable
45

In this context, Miller and Todd (1998) and Gigerenzer and Todd (1999) showed that when
searching with broader goals (e.g., “Pick one alternative among the top 10%!”) the optimal screening
behavior signiﬁcantly changes while the mean search eﬃciency decreases only marginally.
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heterogeneity in their (idiosyncratic) search behavior and why they systematically
deviate from “classical” benchmarks (e.g., ST R and M T R heuristics), may be to directly elicit from subjects how they evaluate the quality of their own search and how
satisﬁed they are with their search outcome. From their related study on sequential
search, Bearden et al. (2004) conclude that subjects systematically overestimate
the quality of their selected alternative and underestimate the potential of the so
far unrevealed alternatives. This, however, does not exclude satisfaction with the
own achieved outcome. It may also be of interest to explore the absorbability of
several search heuristics (such as ST R, M T R, and further heuristics with a varying
parameterization and more or less related satisﬁcing behavior). By oﬀering a menu
of alternative search routines to subjects, possibly after letting subjects test all of
them, it could be observed whether certain speciﬁcations are systematically preferred
to others and as such more closely resemble genuine human search behavior.
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A

Instructions (originally in German)

Thank you for participating in this experiment. For your punctual arrival you receive
a show-up bonus of e3.00. Please read the following instructions carefully and from
now on, do not speak to other participants anymore! If you have questions concerning
the experiment, please raise your hand, and one of the experimenters will come to
your place to answer your questions individually. During the experiment you have
the possibility to earn money. Note that your earnings in the experiment will be
stated in ECU (experimental currency units). At the end of the experiment, your
accumulated ECU balance will be converted into euros at the rate of 200 ECU =
e1.00 and will be disbursed to you in cash.
The experiment comprises two phases for each of which you will receive separate
instructions. At the moment, your are reading the instructions for the ﬁrst phase.
You will receive the second part of the instructions once this phase is ﬁnished. Your
ﬁnal payoﬀ in the experiment will be determined by the sum of your payoﬀs in three
randomly drawn periods (two periods from phase 1 and one period from phase 2).
Note that it is possible to realize a loss in the experiment. Should your ﬁnal payoﬀ at
the end of the experiment be negative and exceed the show-up bonus, we will kindly
ask you to “compensate” for that loss by staying in the room under supervision for
ﬁve more minutes per e1.00 lost.

INSTRUCTIONS FOR PHASE 1
Your task
In each period of the experiment, you are presented with a series of alternatives
which each hold a particular value. It is your task to choose one of these alternatives whereby a higher value of an alternative is associated with a higher payoﬀ.
The values of alternatives are randomly drawn from an interval whose bounds are,
however, not known to you. Further, these values are uniformly distributed over
the interval, i.e., each value has the same probability of being drawn. Moreover, the
chronological order of alternatives is also randomly determined. Once you select an
alternative, your search task and the period end. Should you not yet have chosen
an alternative when reaching the end of the sequence, the last alternative will be
automatically chosen for you.
For searching and selecting your preferred alternative, you are provided with
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three distinct search routines which feature diﬀerent properties. To commence
search, you have to select one of the three routines. Thereafter, you are free to
switch between search routines once or repeatedly (depending on the active routine,
a constraint may apply). During each period, the currently active search routine
is highlighted on your computer screen, and all other selectable search routines are
indicated. If you have both the interest and the possibility to switch to a diﬀerent
search routine, you may do so by selecting that routine by mouse click. Depending
on the chosen routine, you may have to provide additional parameters to start it.
The search routines have in common that, in each routine, alternatives and their
values are inspected sequentially, i.e., only one alternative is shown at a time.
Single observation routine
By selecting this routine, you are informed about the value of the next alternative
in the sequence. If you wish, you may then select that alternative. If you decide not
to select it, you may not return to it at any later point of time. In this case, you
continue the search by again choosing one of the three search routines. By inspecting
a single alternative, you will incur a cost of 20 ECU.
Group observation routine
By selecting this routine, you deﬁne an arbitrary number of alternatives to be
inspected which may, however, not be selected. The speciﬁed number of alternatives
and their respective values are then shown to you sequentially whereby it is not
possible to abort the search in progress. You move on to the next alternative in line
by clicking on the “continue” button. Generally, the speciﬁed number of alternatives
can only be viewed but none of them can be selected. The only exception to this rule
concerns the last of the inspected alternatives which you may choose if you wish. By
inspecting a deﬁned number of alternatives, you will incur a cost of 20 ECU once.
Automated search routine
When selecting this routine, you ﬁrst deﬁne a minimal value that an alternative
must satisfy such that you are willing to choose one. Once you have stated a minimal
value, the automated search starts. In this process, the next (and subsequent) alternative(s) is (are) screened, and the value of each successive alternative is compared
with the minimal value. If the alternative’s value is equal to or greater than the
minimal value, it is automatically selected, its value is shown to you, and the search
ends. Otherwise, you are only informed that the value of the inspected alternative
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was less than your stated minimal value. Note that you are nevertheless free to
select the alternative whose precise value is unknown to you. You can terminate or
modify the automated search at any time by choosing a diﬀerent search routine or
respectively, by entering a new minimal value for the automated search. Note that
you are not allowed to return to an alternative that has already been rejected by
the automated search routine, whereas you may choose the active alternative if you
decide to terminate the automated search. By using the automated search routine,
you will incur a cost of 20 ECU once. Whenever you modify the minimal value, this
is considered as another start of the routine which again entails a cost of 20 ECU.
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Miscellaneous
The ﬁrst phase of the experiment consists of eight periods whereby one search
task corresponds to one period. In four of the eight periods, you will be informed
about the exact number of alternatives in the sequence prior to starting your search.
In the other four periods, you are only imprecisely informed about the exact sequence
length. More speciﬁcally, you are told how long the sequence is at least (lower bound)
and at most (upper bound).
To facilitate your search you can inform yourself at any time about the number
and values (if known) of observed alternatives, which are displayed on your computer
screen.
At the end of each period, you are not informed about the actual number of
alternatives in the sequence and the sequence’s minimal and maximal values, neither
will you learn about the success of your search and the associated payoﬀ in the
respective period. A comprehensive summary of all periods will be provided to you
at the end of the experiment.
How to determine your period payoﬀ
Your period payoﬀ is the diﬀerence between your income from the selected alternative and the search cost.
Period payoﬀ = Income from alternative − Search cost
Your income from an alternative is calculated as follows:
Period payoﬀ =

selected value − minimal value
∗ 1000
maximal value − minimal value

Your income thus depends on the value of your selected alternative in relation to the
maximal and minimals value of all alternatives in the sequence. The relationship
between the three above-mentioned values is illustrated in the ﬁgure below. The
closer the selected value is to the maximal sequence value, the closer your income is
to 1000 ECU. For instance, if you happen to select the maximal (minimal) sequence
value, your income equals 1000 (0). In all other cases, your income equals an amount
in between [0, 1000].
Whenever you start a new search routine, switch between routines, or apply a
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Figure 7: Income from alternative
routine repeatedly, you incur a search cost of 20 ECU.
Search cost = count of employed search routines ∗ 20
An example:
The computer sequentially presents you with randomly drawn values from the
interval [2139, 2478]. The value of the alternative you choose equals 2359. Given
these three values, you can now compute your period payoﬀ which equals:
Income =

2359 − 2139
∗ 1000 = 650
2478 − 2139

Period payoﬀ = 650 − Search cost
Note that you may incur a loss in a period if your search cost exceeds your income
from the chosen alternative!
textbfYour payoﬀ in phase 1
At the end of the ﬁrst phase, two out of the eight periods are randomly selected
whereby it is ensured that one search task from periods 1 to 4 and another task
from periods 5 to 8 is chosen. Thus, your actual payoﬀ in phase 1 is the sum of your
period payoﬀs in these two periods. Should this amount be negative, then your loss
in phase 1 may be compensated by a gain in phase 2 or your show-up bonus. If this
should still be insuﬃcient to cover your loss, we will kindly ask you to “compensate”
for that loss by staying in the room under supervision for ﬁve more minutes per
e1.00 lost.
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Important notice
You are only allowed to participate in this experiment if you accept the abovestated rules. Otherwise, we kindly ask you to raise your hand now. We will then
ask you to leave the room, and another participant will join the experiment in your
place.
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INSTRUCTIONS FOR PHASE 2
Your task
Again, in the second phase of the experiment, your task is to choose one alternative out of a series of alternatives. Unlike in phase 1, you are, however, searching
a sequence of alternatives simultaneously with three other participants. All participants in your group search the identical sequence of alternatives whereby the
chronological order of alternatives is the same for all participants. Moreover, the
second phase only consists of four periods. Prior to starting search, you will be informed about the exact length of the sequence. To eﬀect your search, you are again
provided with the three search routines that were introduced in phase 1. Despite
the competitive search environment, you still make your choices individually.
All participants in a group are simultaneously informed about the active alternative, e.g., the next alternative is only shown once the slowest participant has stated
his choice of the current alternative. If just one participant in the group selects an
alternative, he is assigned that alternative and exits the search, while the remaining
active participants move on to the next alternative. If two or more participants in
a group claim the same alternative, it is randomly assigned to one of them. The
unsuccessful participant(s) continue(s) his (their) search.
Should the number of remaining alternatives equal the number of active participants in the group, the following allocation procedure applies:
1. All active participants in the group state their choice.
2. If one participant or several of the active participants select(s) the current
alternative, it is assigned to one participant as described above.
3. If none of the active participants chooses the alternative, it is randomly (and
without consent) assigned to one of them. The remaining participant(s) continue(s) his (their) search.
An example:
Three participants in a group have not yet chosen an alternative while there are
only three remaining alternatives in the sequence. Since nobody is willing to accept
the current alternative, this implies that if the search was to be continued, only two
alternatives would be left for three participants. To avoid the consequential shortage
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of alternatives, one of the participants is automatically assigned the alternative. The
two remaining participants then continue their search.
Similar to phase 1, at the end of each period you are not informed about the
value range of alternatives, the choices of co-players, and your period payoﬀ.
Your payoﬀ in phase 2
Once the second phase is concluded, you will receive a comprehensive summary
of the interval bounds of each sequence, your choice in each period, and the resulting
period payoﬀs. Your actual payoﬀ in phase 2 is determined similarly to the payoﬀ
computation in phase 1: one of the four periods is selected at random whose payoﬀ
then determines your actual payoﬀ in phase 2.
Your ﬁnal payoﬀ
At the end of the experiment, we will kindly ask you to remain seated and to
answer a number of questions concerning the experiment. Subsequent to ﬁnishing
the questionnaire, you will receive your payment for participating in this experiment.
For this purpose, the payoﬀs from phases 1 and 2 are summed up and the resulting
amount is converted into euros at the rate of 200 ECU = e1.00 and disbursed to
you in cash.
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Figures

Figure 1: Optimal cutoﬀ value (ST R)

Figure 2: Search duration and variance of outcomes (ST R & M T R)
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Figure 3: Relative aspiration levels across periods

Figure 4: Cumulative distribution function of relative aspiration levels

37

Figure 5: Relative duration of aspiration formation phase

Figure 6: Relationship between use of aspirations and ﬁnal payoﬀ
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Tables

Periods
Type 1
Type 2

Phase 1 Phase 2 Phase 3
1-4
5-8
9-12
K
U
K
U
K
K

Table 1: Experiment design

Search
proﬁle
EA
E
ES
SA
S
EAS
A
ESA
SE
Other

Relative
frequency
0.42
0.23
0.08
0.05
0.05
0.05
0.04
0.02
0.01
0.04

Search method duration
S
E
A
0
10.3
6.0
0
10.6
0
2.8
10.1
0
2.9
0
5.9
2.8
0
0
2.9
10.0
8.0
0.0
0
7.5
1.9
12.2
2.6
1.4
9.4
0
3.0
7.6
6.0

Total
duration
16.3
10.6
12.9
8.8
2.8
20.9
7.5
16.7
10.8
16.5

Table 2: Summary statistics, search proﬁles

Coeﬃcient Estimate Std.Error p-value
Intercept
-0.710
0.054
0.041
period
0.126
0.007
< 0.001
AIC: 815 BIC: 829
logL: -404
γsubject ∼ N (0, 4.937)
ε ∼ N (0, 2.222)
Table 3: Determinants of forming an aspiration (mixed-eﬀects logit model)
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Coeﬃcient Estimate Std.Error p-value
Intercept
91.357
2.349
< 0.001
-2.109
2.576
0.414
δphase=2
-8.389
2.566
0.001
δphase=3
AIC: 3522 BIC: 3541
logL: -1756
γsubject ∼ N (0, 8.919)
ε ∼ N (0, 19.747)
Table 4: Determinants of relative aspiration level (linear mixed-eﬀects model)

Coeﬃcient Estimate Std.Error p-value
Intercept
1.275
0.865
0.141
0.283
0.019
< 0.001
n
n
0.121
0.021
< 0.001
0.436
0.339
0.199
δphase=2
-1.320
0.355
< 0.001
δphase=3
AIC: 2018 BIC: 2046
logL: -1002
γsubject ∼ N (0, 4.067)
ε ∼ N (0, 2.495)
Table 5: Duration of aspiration formation phase (linear mixed-eﬀects model)

Search
proﬁle
EA
E
EAS
ES
SA
S
A
ESA
SE
Other

Rel. frequency in periods
1-4
5-8
9-12
0.35
0.45
0.46
0.25
0.24
0.21
0.02
0.04
0.08
0.12
0.09
0.05
0.05
0.06
0.05
0.06
0.04
0.05
0.07
0.02
0.04
0.02
0.03
0.01
0.02
0.01
0.00
0.04
0.03
0.05

(Median) results
Search cost
Payoﬀ
Eﬃciency
40
845
0.89
20
839
0.86
100
744
0.82
60
779
0.86
70
777
0.86
40
494
0.52
20
128
0.16
100
824
0.91
50
690
0.75
120
656
0.76

Table 6: Eﬃciency and relative frequency of search proﬁles
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Coeﬃcient Estimate (lme)
Intercept
80.874
period
-0.929
-23.827
δperiod=1
4.487
δaspir=1
AIC: 7249
BIC: 7277
γsubject ∼ N (0, 11.066)

Std.Error p-value
2.936
< 0.001
0.310
0.003
3.867
< 0.001
2.286
0.050
logL: -3619
ε ∼ N (0, 25.886)

Estimate (qr. τ = 0.5)
92.150
-1.288
-25.875
6.413

Table 7: Determinants of search eﬃciency (linear mixed-eﬀects model)
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