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Abstract

The problem of decision making in the face of uncertainty is a ubiquitous problem in day to day
economic decision making. Psychologists have found that a number of factors can influence the quality
of such decision making, including ability, temperament and of course sheer luck. We report the results
obtained from an experimental framework that begins an evaluation of the relative importance of these
factors in a simple search problem where the complexity of search is the major treatment variable. We
find that variations in complexity and “luck” explain most of the variation in performance. However,
individual heterogeneity also explains a significant portion. Individual differences matter most when the
problem is of moderate complexity. A small portion of the heterogeneity is attributable to ability, but
a more significant portion is attributable to variations in what we might label temperament. Finally,
we find that framing the incentive as a bonus, rather than a penalty, encourages search but does not

significantly affect performance.
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1 Introduction

Knight (1921) introduced the concept of decision making in the face of uncertainty to describe situations
where an individual chooses a course of action without fully understanding the consequences; a ubiquitous
problem in day to day decision making. The purpose of this paper is to present the results from an experi-
ment on search under uncertainty that explores the interplay between costs, rewards and individual specific
characteristics. The goal of the paper is quantify the relative importance of luck, ability and individual
temperament in explaining performance.

Specifically, we report the results of an experiment that varies two factors: (1) The complexity of the
problem, and (2) whether the incentive is framed as a bonus or a penalty. Individuals are asked to allocate
a fixed amount of a resource among several tasks. The number of tasks is a treatment that is varied from
2 (most simple) to 5 (most complex). For each resource allocation problem, individuals may engage in
costly, experimental search in an attempt to discover the best allocation. There are two groups, one in
which the incentive to find the best choice is framed as a bonus and one in which the incentive is framed
as a penalty. Subjects know the return associated with the best allocation is 50 cents, and they are given
an endowment of 50 cents that may be used incrementally to pay for search. Individuals do not, however,
know the deterministic relationship that exists between their allocation choice and the return received. In
the case of the complexity treatment, we have constructed a panel data set, which allows us to estimate the
importance of individual characteristics. We find that in addition to sheer luck, the evidence suggests that
temperament plays a role in performance, while the importance of ability is greatest on tasks of intermediate

difficulty (explaining about 17% of the variation).

1.1 The Experimental Literature on Search

The paradigm search problem is based upon a simplified model of the job market. Individuals apply se-
quentially for jobs, and when a prospective employer makes a wage offer, the individual then decides to
either accept the offered wage, or, at a cost, continue searching. It is well known (e.g. Lippman and McCall
(1981)) that under the hypothesis that wages come from a known and fixed offer distribution, then the
optimal strategy entails forming a reservation wage, and accepting the first job whose offer is above this
reservation wage.

Early work by Braunstein and Schotter (1982) and Schotter and Braunstein (1981) finds that the data is
broadly consistent with the predictions of optimal search theory. They compare the case of risk to uncertainty
and find that uncertainty tends to increase the amount of search. This is attributed to the difficulty that
individuals have in adjusting their beliefs in the face of the information that they have received. Hey (1982,

1987) also compares the performance of individuals in the face of both risk and uncertainty, and finds that



uncertainty reduced performance, and that in general individuals search too little.

Cox and Oaxaca (1989) find that one is better able to fit the data if it is assumed that individual
preferences are concave. This work is refined in Cox and Oaxaca (1992) where they study directly whether
or not individuals use a reservation wage strategy. They reject the hypotheses that a reservation wage
reservation strategy is used when individuals are assumed to be risk neutral, but conclude that under the
assumption of risk aversion observed behavior is consistent with the data. Harrison and Morgan (1990)
study the way individuals may decide to sample the population of choices, and find that individuals use the
most general strategy available, suggesting that the predictions of the simple search model are unlikely to
hold once one allows for more complex wage offer processes.

Overall the evidence supports the hypothesis that individuals do act in a way to maximize returns.!
These results are consistent with the work of Harless and Camerer (1994) and Hey and Orme (1994) on
decision making, who find that that the hypothesis of utility maximization is a good first order model.
However, there remains a great deal of unexplained variation from optimal behavior, and hence the evidence
also strongly supports the hypothesis that individuals are boundedly rational. For example in one of the
experiments run by Cox and Oaxaca (1992), optimal behavior would result in a payoff of $24, while observed
payoffs varied from $17 to $24. In order to understand the scope of the model of optimal choice it is useful

to be able to know the magnitude of the error, and how much of this error is individual specific.

1.2 The Role for Individual Specific Characteristics

Colin Camerer (1995) concludes his survey on experimental studies of decision making that economists have
had three reactions to the data on individual decision making. The first is to test whether anomalies in
decision making are replicable across settings, a response that he calls “destructive” and is in his judgement
all too common. A second response is to construct theories that explain the anomalies. This is the approach
taken in psychology, where one derives models that can represent behavior in specific contexts. This approach
is particularly important and useful for engineering psychology (e.g. Wickens (1992)) where one ask questions
such as the best way to design airplane controls to reduce pilot error.

Search theory in economics was originally developed to study market level phenomena, such as wages
and employment. Hence, the model is at best a crude approximation to the environment that individuals
face in the process of job search. Therefore, it is not clear that better understanding the detailed search
algorithms individuals use in a particular setting can explain aggregate level data. To address this issue,
Camerer observes that the third response to the data on decision making is to ask why do models of rational
choice work so well at the aggregate level, even though individual level responses are error prone (see Plott
(1986) and Smith (1991)).

IThere is also a large literature in labor economics on search. In that literature one is not exploring the behavior of
individuals, rather optimal search is assumed, and then one estimates the reservation wage of individual workers. See Devine

and Kiefer (1991) for an excellent review.



In this paper we suggest an approach, common in labor economics, that is consistent with the micro-
based approach of psychology, and yet applicable to the study of decision making in unstructured economic
environments. We know from psychological studies that individuals use a number of heuristics and shortcuts
in day to day decision making (e.g. Kahneman and Tversky (1984)). Johnson and Payne (1985) present a
theory in which that the choice of heuristic depends upon the cost of making a decision, the main treatment
in our experiment.?

An implication of this approach is that we might expect there to be individual specific effects in per-
formance. In other words, for a given problem it is know that there may be a variety of responses and
performance levels. One reason may be because individuals use different heuristics, with correspondingly
different levels of performance. If so, then we would not expect that the relative performance of two indi-
viduals to remain the same when they face a sequence of similar tasks.

Another reason that performance may differ is bounded rationality (Simon (1955)). Some individuals may
be more clever than others at solving problems, and hence as one moves to different problems, the relative
performance of individuals should remain unchanged. However, if an individual’s superior performance
depends upon a specific heuristic that does not generalize to other situations then we would expect to see
different sets of individuals doing well for different sets of tasks.®> This phenomena can be explored by
examining the error structure of regressions that explain performance.

Suppose we can measure performance of individual in task ¢ in trial ¢, given by Pj, as a function of task

characteristics in trial ¢, X;. Then we can estimate an equation of the form:
Pyt = F(Xit) + p; + €.

where pu, is a person specific error term, and ¢;; is an idiosyncratic error that has an 4.i.d. distribution. This
equation is analogous to a standard wage equation for panel data in labor economics.? If one has repeated
observations of the same worker, then the variance of p; and €;; can be estimated separately. If the variance
of p; is significant, then we would have evidence to suggest that part of performance is due to “ability”, since
all that is meant by ability is that an individual is able to perform on average better than another person.
Alternatively, if performance is the result of task specific heuristics then one may (though not necessarily)
observe task/person specific effects, in which case p; is replaced by pu;., where k denotes task. In this
experiment tasks are parameterized by the complexity of the task allocation problem: individuals have to
allocate resources between 2,3,4, or 5 dimensions. A key feature of our experiment is that the decisions are
made in the face of uncertainty rather than risk. We feel that this better allows us to explore the role of

temperament in decision making, and is more representative of the types of decisions that individuals face

2See Payne, Bettman, and Johnson (1993) for a book length treatment. This book also reviews the relevant psychology
literature on decision making.

3Though this is not a necessary consequence. High ability individuals might also be persons who have learned the best
heuristic for many different problems. However, if we find that different people are good at different problems then we have

evidence for the specificity of heuristics, while we can draw no conclusions from the converse.
4See Angrist and Krueger (1999) for a good discussion of the empirical issues in empirical labor economics.



daily. Let us explain why.

1.3 Risk versus Uncertainty

The majority of the experiments reviewed above focus upon the case of search in the face of risk, namely
individuals are explicitly given the distribution of rewards, and then asked to search for the best alternative.
The benefit of such an approach is that there is a well defined optimal strategy at which an individuals
continues searching until one receives a reward that is equal to, or greater than the reservation value. The
computation of the reservation value in a search problem is a difficult task, and one that can be quite difficult
to teach (as we know from experience). Moreover, even a trained person may often be unable to compute the
optimal value in an experimental setting. In response to this type of argument, Friedman (1953) has argued
the theory does not require individuals to consciously compute the optimal strategy, rather it is sufficient
for individuals to make decisions that are consistent with optimal behavior.

A problematic aspect of decision making in the face of risk as a test of optimizing behavior in Friedman’s
sense is that individuals rarely know the true distribution of returns. Rather, much day to day choices
involve decisions in the face of uncertainty, and hence the algorithms that individuals have developed over
time are more likely to be adapted to these situations, than to the problem of decision making in the face
of risk. In particular, the decision maker when given a reward distribution in an experimental setting faces
the following decision. She might simply use only the most basic information about the distribution, such
as the maximum and minimum values, and then view the problem as one in the face of uncertainty similar
to the daily problems of find the best route to work, the nicest outfit to wear etc.

Alternatively, she might decide to analyze the problem, and try to work out an optimal strategy given
the distribution. She might decide to do this either because she has studied optimal search before, or because
she feels that it may be best to think before one acts. However, given that the theory of optimal search is
one that occupied many years of research, it is very unlikely that an individual would be able to derive the
solution to the search problem within the context of an experiment. Therefore, one might even find that the
more able individuals perform more poorly due to the time allocated to analyzing the problem.’

To address this issue, we have elected to explore search in the face of uncertainty with only minimal
information regarding the distribution of returns (individuals are told what is the maximum that they may
earn). However the normative theory of optimal choice in economics makes few predictions regarding optimal
behavior in the face of uncertainty.

This theory is based upon Savage (1972)’s model of decision making under uncertainty. In Savage’s model
individuals transform a problem of decision making in the face of uncertainty to one in the face of risk by
first constructing a model of the possible states of the world, and then imputing probabilities to these states.

The difficulty is that the reservation value strategy is not optimal unless the individual subjectively believes

5One might argue that choosing whether to analyze a problem or not is itself an optimal decision. Day and Pingle (1991)
call this economizing economizing, and show that it leads to a problem of infinite regress. See Conlisk (1996) for a further

discussion of this issue.



that she knows the distribution of returns, and that this distribution is stationary over time. If the individual
is uncertain regarding the true distribution, then beliefs must be updated as she acquires information. In
this case it can be shown that any observed strategy can be made optimal!

We could speculate regarding what is a “reasonable” set of beliefs, however ultimately we must depend
upon the data to learn how individuals make decisions in practice. Our approach is to explore the relationship
between the parameters of the search problem, performance and behavior. From the previous experiments it
is known that individuals follow strategies that roughly correspond to a reservation wage strategy. What we
would like to determine is the extent to which performance is person or person/task specific. Let us briefly

discuss some of the factors that may affect behavior and performance.

1.3.1 Factors Affecting Performance

There is growing evidence that in addition to ability and cognitive characteristics, an individual’s temper-
ament is likely to affect the quality of decision making in the face of uncertainty. In his celebrated book,
Decarte’s Error, Damasio (1995) documents the effects of damage to the frontal temporal lobe of the brain
for individual decision making. While these individuals did not score significantly different than normal in-
dividuals on tests of intellectual capacity, they were unable to perform satisfactorily when it came to making
plans in the face of uncertainty.

Though the cases described by Damasio are extreme, we learn from them that performance in the face
of uncertainty depends not only upon the characteristics of the problem, but also upon how an individual
trades off gains today against future, uncertain gains. Even if we restrict ourselves to the range of normal
behavior, Kagan (1994) has made the point that variations in individual temperament can affect individual
behavior, ultimately influencing their search intensity and how well they concentrate over the length of the
experiment. These effects are explored by measuring the variation of individual performance, and the effect
of individual characteristics upon performance and search behavior.

In terms of our treatment with different levels of complexity, temperament can affect the person’s propen-
sity to continue search. There is some evidence from earlier experiments that on average individuals search
too little, and however these experiments did not explicitly explore the importance of individual variation. If
search intensity is an individual effect, then in those experiment individuals who have a tendency to search
longer should perform better. What is interesting is that higher performance would not necessarily be due
to higher “ability” but may be a consequence of an individual’s temperament.

In addition to ability and temperament, sheer luck also plays a role in final performance. In our experi-
ment individuals have no guidance on how to make their initial trial choice. Thus, we may view the payoff
from the initial trial as exogenous. Because the subjects are informed of the maximum, we would expect the

quality of the initial trial to be positively related to the ultimate performance and negatively related to the

6For any observed behavior, it is a straightforward excercise to construct priors such that the optimal Bayesian rule is

consistent with observed behavior (see DeGroot (1972) for a review of the theory).



number of searches.”

2 The Experiment

2.1 Subjects

The subjects were all undergraduate students at the University of Nevada, Reno. They were recruited as
volunteers from economics courses. A total of 54 subjects participated. However, for reasons noted below,
two of these subjects were considered outliers and their data was discarded. Thus, the data set included
data on 52 subjects.

After participating in the experiment, each subject completed a demographic questionnaire and provided
the following information: age, University of Nevada GPA, completed cumulative credits, average hours
worked for pay per week, gender (1=male), major (1= business major), marital status (1=yes), and an
answer to the question, “Are you receiving financial aid?” (1=yes).

The questionnaire also asked subjects about any methods or rules they may have used in their decision

making. In particular, subjects were asked:

1. To the best of your ability, describe the method or methods you used when playing the effort allocation

game.

2. To the best of your ability, describe how you decided when to stop searching.

Using these responses an attempt was made to categorize subjects according to search method and
stopping rule. Because the responses were so varied, only very simple categorizations were possible. The
search method response was categorized as “systematic” (SS-rule) if the subject indicated the use of some
systematic method for comparing alternatives; otherwise the response was classified as “unsystematic.” A
stopping rule response was classified as “cost focus” (C-rule) if only the costs of search were mentioned,
“benefit focus” (B-rule) if only the benefits obtained from search were mentioned, and “cost-benefit” (CB-
rule)if some notion of comparing the costs of search with the benefits of search was mentioned.

The summary demographic and decision rule statistics are presented in table 1. In the results below, we

use only those variables there were found to be consistently significant in the regressions.

(Insert Table 1 About Here)

Tindividuals should not be told the maximum they can earn. However, because subjects were paid more when they performed
well, they would form a subjective believe regarding the maximum they could earn if the information were not provided. By
giving them a maximum, we are able to better control for beliefs. Because there is no reason for them to have similarly strong

views regarding the distribution of rewards, the subjects were only given the maximum.



2.2 Design

In this experiment individuals are asked to solve a decision problem presented in the form of a computer
game called the “effort allocation game.” We now describe the game by amplifying the instructions read by
subjects. (The instructions for the bonus group are included as an appendix.)

For each problem, there were a number of “tasks” the subject had to perform. To perform a task, the
subject had to allocate 200 units of “effort” among the tasks. The subject was informed that allocating more
effort toward one task would allow the task to be performed more effectively. However, the subject was also
reminded that allocating more effort to one task would mean less effort would have to be allocated to some
other task.

Figure 1 displays the game screen and some example entries. The screen indicates the game is the fourth
game played by the subject; there are 5 tasks; and the second alternative (or search opportunity) is being
considered. The subject allocated 45 units of effort to tasks 1, 2, 3, and 4 on this trial. The computer then
entered the balance of 20 units of effort to task 5. (For all games, the computer entered the allocation for

the final task in this manner so that variation would not be introduced due to adding errors.)
(Insert figure 1 about here)

The “search points” line, explained in more detail below, provides subjects with feedback about the
quality of the particular choice (these are transformed into monetary payoffs). In the Figure 1 example,
because 7.4 > —46.9, the search points line shows that the second alternative (45,45,45,45,20) was better
than the first alternative (34,34,34,34,64). The columns “Last” and “2 Back” show the choices and search
points for the last two alternatives previously considered. (Column “2 Back” has no entries in Figure 1
because there is only one previous alternative in the example shown.) The “Best” column displays the best
choice made up through the current search opportunity, along with its associated search points. Together,
the columns “Best,” “Last,” and “2 Back” provide the subject with a memory, offering the experiment some
control over variation due to varying memory capabilities.

At this point in the game, the subject whose output is displayed in Figure 1 had to decide whether to
continue searching or stop searching and accept the “total earnings” of 55.8. The subject would continue by
simply hitting the enter key. Upon continuing, the subject would have to enter another trial allocation. A
subject could try up to 25 alternatives in any one game; i.e., for any one decision. The subject would stop by
selecting the stop search option and then hitting enter. Upon stopping, the next game would immediately
begin.

The subject was told that his or her goal was to allocate the effort endowment so as to maximize “total
earnings.” The subject was told that he or she had an incentive to do as well as possible in each game
because the cumulative earnings earned over the 20 games would be paid in the form of cash. Subjects are
divided into two groups, a bonus and a penalty group. For subjects in the bonus group, it was explained that

total earnings was the sum of the “wage,” the “decision bonus,” and the “efficiency bonus.” For subjects in



the penalty group, it was explained that total earnings was the sum of the “wage,” the “decision penalty,”
and the “efficiency bonus.” These different types of earnings will now be described in more detail.

The “wage” was an amount of cash received for the solving the problem, regardless of the quality of the
performance. For the bonus group, the wage was 1 cent for each problem, while for the penalty group, the
wage was 51 cents for each problem.

The “efficiency bonus” was an amount of cash paid for conserving decision-making resources. Formally,

the efficiency bonus was determined by the formula
EFF =~,[375 — ALT1 % 15)2.

EFF is the efficiency bonus. ALT1 measures the search opportunities taken by the subject, an integer that
began at 1 and increased to 25 as the subject considered trial alternatives. If a subject accepted his or her
first trial alternative as the choice and did so within 15 seconds, then the maximum efficiency bonus was
received, which was 49.1 cents. The computer displayed the “cost of the next trial” in terms of the efficiency
bonus that would be forgone. The subject was informed that, if all 25 search opportunities were tried, then
the efficiency bonus would equal zero.

The rate of decline in the efficiency bonus is equal to the marginal cost of search. The parameters 7,
and v, were set at 0.33 and 0.85 so that the efficiency bonus would decrease at a slightly increasing rate as
additional alternatives were considered. Using these parameters, the marginal cost of trial 2 was 1.75 cents,
while the marginal cost of trial 25 was 3.30 cents. Given that the decision problem is of a finite horizon,
increasing the marginal costs of search with time helped ensure that most individual would find it optimal
to stop search before reaching trial 25, reducing the amount of censoring that might occur at ALT1 = 25
(though even with this design, a small amount of censoring did occur).

To prevent subjects from being able to think without cost, a subject was not allowed to use more than 15
seconds to try an alternative without having to pay for the time used. If the subject waited longer than 15
seconds, then the subject was charged for using a trial just as if a trial allocation had actually been entered.
This meant that a subject could use at most 375 seconds to solve a problem. However, as long as a subject
used less than 15 seconds to try an alternative, the cost of search (as measured by the efficiency bonus)
depended upon the number of searches, not time used.

The return from search was framed differently depending upon whether individuals were in the bonus
group or the penalty group. Letting S denote the return associated with the effort allocation (y1,y2,y3,y4,¥5),

calculated as follows:

S = a1ys + asys + asys + auys + asys — [B1yf + Boys + Bays + Bavi + B3] — f,

where f is a fixed cost parameter and «; and (; are “benefit” and “cost” parameters for the tasks i =
1,2,3,4,5. The parameters were chosen so that the maximum value for S was equal to 50, given the
constraint y1 +y2 +y3 + y4 + y5 = 200. For games with k tasks when k = 2,3,4, o; and [, were set equal to
zero for ¢ > k. When S was larger, bonus group subjects received a larger “decision bonus,” while penalty

group subjects received a smaller “decision penalty.”



In particular, a bonus group subject using n search opportunities received a decision bonus equal to the
maximum value of S obtained over the n trials. Subjects were informed in advance that the maximum they
could receive is 50 for each problem. For each trial, the computer calculated and displayed the associated
return, which allowed subjects to easily assess the potential for improving the quality of the choice through
further search.

A penalty group subject using n search opportunities received a decision penalty equal to 50 minus
the maximum search points number the subject obtained over the n trials. Because 50 search points were
obtained when the optimal choice was made, the minimum penalty was zero. Subjects in the penalty
group were not told that the maximum number of search points was 50, but they were told the minimum
decision penalty was zero. Thus, like the bonus group, the penalty group could easily assess the potential
for improving the quality of the choice through further search.

It is important to recognize that a bonus group subject and penalty group subject playing the same game
number, say game number 4, would obtain precisely the same total earnings if they made the same choice
and stopped after trying the same number of alternatives. To show the relationship between the two groups
in a careful way, let S,,¢ denote the search points earned when the optimal choice was made, and let Sy,q4
denote the maximum search points earned by the subject over the n trials used to make the choice. The
following series of equations, shows the relationship between bonus group total earnings and penalty group

total earnings:

Bonus Group Total Earnings = Bonus Group Wage + Decision Bonus + Efficiency Bonus
= 14 Sinae + Efficiency Bonus
= [1 4 Sopt] — [Sopt — Sma=] + Efficiency Bonus
= Penalty Group Wage — Decision Penalty + Efficiency Bonus
= Penalty Group Total Earnings.

Notice that both the bonus and the penalty group subjects are paid total earnings equal to 1 + Siaz +
Efficiency Bonus. The bonus incentive is converted into a penalty incentive without changing total earnings
by adding and subtracting S,,: as shown. In the example presented in Figure 1, Spaz is 7.4, Sope is 50,
and the efficiency bonus is 47.4. The total earnings of the penalty group subject shown is calculated as
55.8 = [1 + 50] — [50 — 7.4] + 47.4. If a bonus group subject had made the same choice after the same
number of alternatives, the total earnings would have been the same, but it would have been presented as
55.8 =1.0+7.4+47.4.

The final comment about the game is a technical, but significant, detail. Because subjects played 5
different games for each task type k = 2, 3,4, 5, different optimal choices had to be constructed that would
yield 50 search points. For each problem, the challenge for the subject was to determine which tasks

deserved more effort and which tasks deserved less. Thus, the difference in the optimal level for one task

10



level compared to the optimal levels for others could have an impact on the complexity or difficulty of the
problem. To control for this potential variation across the 4 game types, a Euclidean distance measure was
used in the process of setting the parameters. For each game type, the problems were constructed so that
the Euclidean distance between the optimal choices was relatively large for 2 problems, small for 1 problem,

and intermediate for 2 problems.

3 Procedure

The experiment included 11 sessions over a one month period, with the number of subjects participating in
a session ranging from 2 to 10. At the beginning of a session, subjects were asked to read a set of game
instructions. From a series of pilot experiments, it was determined that subjects would not consistently
understand how to play the game merely by reading a detailed set of instructions. However, allowing subjects
to gain some limited experience with the game prior to “playing for real” proved effective at eliminating
outlier type behavior due to misunderstanding. The two procedures used to provide subjects with this
limited experience are now described.

First, after reading the game instructions, all participants played a single, highly structured, tutorial
game called an “administrative game.” The purpose of the administrative game was not training, though
some learning surely occurred. Rather, the purpose was to make sure all subjects understood the meaning of
what was presented to them on the computer screen and knew how to use the computer keys to move from
one part of the game to another. Using a “standard administrative procedure,” all subjects in the session
were simultaneously exposed to the salient features of the game. Subjects were not allowed to experiment
with the game on their own. The administrative game ended when subjects were shown how to stop trying
alternatives and make a choice.

Second, subjects played a set of four “practice games.” The purpose of the practice games was to
expose subjects to each of the four game types and allow subjects to get somewhat familiar with the choice
problem. The practice games began with the most simple game (a 2 task game), proceeded to the games of
intermediate complexity (3 tasks and then 4 tasks), and ended with the most complex game (a 5 task game).
(The administrative game was a 5 task game.) Subjects played these games at their own pace and could
raise their hands to ask questions during their play. Questions were answered on an individual basis so that
the information provided to subjects in each session was consistent and not dependent upon the questions
asked.

Upon completing the practice games, each subject played a set of 20 games. The 20 games were arranged
in 5 sets of 4 games, so that a subject played a 2 task game, a 3 task game, a 4 task game, a 5 task game, and
then repeated this pattern 4 times. This design allowed the impact of experience to be examined. Subjects
were told that each game was independent in the sense that the performance in one game, good or bad,
did not affect the earnings opportunity in any future game. Also, subjects were not shown their cumulative

earnings until all 20 games had been completed.
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Upon completing the 20 games, subjects were required to fill out a questionnaire containing the demo-
graphic and method questions mentioned above. After completing the questionnaire, the subject was paid
the cumulative earnings generated by the 20 choices. The average earnings level was $13.70, ranging from
$10.13 to $16.78.

4 The Data

Data was collected from the participation of 54 subjects. However, two subjects were considered outliers
and their data was discarded. One of these subjects mistakenly thought he was required to use all 25 search
opportunities. The second outlier subject got frustrated in an early round and admittedly quit trying to
make good choices. Thus, the data set described here contained observations on 52 subjects, 26 from the
bonus group and 26 from the penalty group.

Data was collected on 32 variables. Variables related to the decision-making process were associated with
the variable ALT1. ALT1 recorded the number of search opportunities made available to a subject, while
the variable ALT recorded the number of alternatives actually tried by the subject. As noted above, if a
subject waited longer than 15 seconds to consider an alternative, the computer charged the subject for using
a search opportunity even though no alternative was considered. Thus, ALT1 is always at least as great as
ALT, and ALT1 and ALT were equal as long as the subject considered all previous alternatives in less than
15 seconds. The difference between ALT1 and ALT represents the number of times a subject took longer
than 15 seconds to consider an alternative, perhaps indicating that the subject was more contemplative. A
total of 8,155 observations were made on ALT1. In addition to ALT, variables that could potentially change
when ALT1 changed included,

e Y1: The subject’s allocation choice for task 1.

e Y2: The subject’s allocation choice for task 2.

e Y3: The subject’s allocation choice for task 3.

e Y4: The subject’s allocation choice for task 4.

e Y5: The subject’s allocation choice for task 5.

e S: Search points associated with the choice (Y1,Y2,Y3,Y4,Y5)

e SMAX: Maximum search points level found for the problem through search opportunity ALT1.
e Y1BEST: Allocation choice for task 1 associated with SMAX.

e Y2BEST: Allocation choice for task 2 associated with SMAX.

e Y3BEST: Allocation choice for task 3 associated with SMAX.

12



e Y4BEST: Allocation choice for task 4 associated with SMAX.
e Y5BEST: Allocation choice for task 5 associated with SMAX.

e EFF: Efficiency bonus.

Variables related to the choice ultimately made as the result of the decision-making process are associated
with the dummy variable FINAL. FINAL equals 1 for the search opportunity when the choice was made and

zero otherwise. The following variables are related to FINAL:

e ROUND: Problem number—runs from 1 to 20. (Changes once Final=1.)

e TASK: Number of tasks present in the problem—runs from 2 to 5. Rounds 1, 5, 9, 13, and 17 were 2
task problems. Rounds, 2, 6, 10, 14, and 18 were 3 task problems. Rounds 3, 7, 11, 14, and 19 were
4 task problems. Rounds 4, 8, 12, 16, and 20 were 5 task problems. (Changes with ROUND once
Final=1.)

e CUM: Cumulative earnings for the subject after the completion of the given round. (Nonzero only
when FINAL=1.)

e TIME: Time used during the round to make the choice. (Nonzero only when FINAL=1.)

e EXPi: Experience dummy. Subjects faced 5 sets of problems sequentially involving 2, 3, 4, and 5 tasks.
EXPi=1 when set ¢ is being decided upon.

Observations associated with the two outlier choices were removed. In both cases, a subject uncharacter-
istically accepted a very poor choice (more than 4 standard deviations below the mean) even though many
more search opportunities remained available. Consequently, the data set included data on 1038 choices (52
subjects, making 20 choices each, less two outliers).

SUBJECT is a categorical variable associated with the 52 participants. The 26 bonus group subjects
are associated with SUBJECT values 101 to 126, while the 26 penalty group subjects are associated with
SUBJECT wvalues 201 to 226. The following variables are associated with SUBJECT that are used in the

regression:
e GROUP: Group dummy (0=bonus group, 1=penalty group)
e GPA: GPA on University of Nevada credits.

e SEX: Sex. (1=Male. 0=Female)

MAJOR: Major. (1=Business, 0=Nonbusiness)

e FINAID: Financial need indicator. (1=Receiving financial aid. 0=Not receiving financial aid.)
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e SSRULE: Search method dummy (0=Unsystematic method. 1=Systematic Method)

e CBRULE, BRULE and CRULE: Decision rule dummies (CBRULE=1 if costs compared to benefits,
BRULE=1 if subject reported focusing on benefits only, while CRULE=1 if cost focus is reported by
subject).

In addition to these 32 variables, other variables were calculated to examine results of interest. These

calculated variables are identified and described when the results are presented.

5 Results

5.1 Performance

In Table 2, we present a series of regression results that examine the performance of subjects as a function
of the observable characteristics of the decision problem. After experimentation with a number of different

functional forms, we model performance using a multiplicative relationship:

1/ (101 — Pit) = e“ief(sit)e'meﬁe’

where P;; is performance of the individual ¢ in trial ¢, p; is an individual fixed effects, s;; is the return on
the first choice of trial ¢ in the search process, and f (s;;) is a general function of this return. The parameter
v, is the difficult of task with d choices, where d is 2, 3,4, or 5. Finally, §, is a parameter that varies with
experience, which has five levels: 1,2, 3,4 or 5. Individuals with experiment e have faced more than 4 (e — 1)
and less than 4e trials. In our specification, f is represented by a general step function, and since v, and 5,
cannot be separately identified they are set equal to 1. Taking logs transforms this equation into the linear

equation that we estimated:
—In (101 = Pyt) = p; + f (8it) +va + Be + i,

where ¢;; is an unexplained i.i.d. error term.

We tried a number of different specifications and found that allowing for decreased sensitivity to changes
in the factors for payoffs close to the maximum gave us the best fit. This finding is consistent with the
expectation that a subject would find it increasingly difficult to improve the payoff as the maximum is

approached.

The Effect of Task Complexity We begin with an analysis of task complexity on performance. In
column (i) of Table 2, we include only the task dummies t3, t4, and t5 as explanatory variables. By
excluding the task dummy t2, the constant estimate is a measure of the average performance on the easiest

2 task problem. The coefficients on t3, t4, and t5 are estimates of the difference in performance between
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the 2 task problem and the more difficult 3 task, 4 task, and 5 task problems. As would be expected, we
find that the average performance gets significantly and progressively worse as the problem gets increasingly
complex.

The results of a fixed effects regression (ii) allows us to see how much of the variation is due to individual
variation in ability. Notice the fixed effects increase the R? and account for about 7% of the variation
unexplained by the complexity of the problem. The coeflicients on the task complexity dummies do not vary
much when we add the fixed effects, suggesting that there are no non-linear relationships between “ability”
and task complexity. In all the regressions we run, the F-test consistently rejects the null hypothesis that

individual heterogeneity is not important.

The Effect of Luck These results are likely to under-estimate the importance of the fixed effect because
we have not controlled for luck. There is nothing to guide subjects in their initial trial choice, and those
who happen to guess close to the optimum would have better performance regardless of their ability. Hence,
ability should be judged conditional upon the quality of the initial trial choice.

We introduce a non-parametric specification for the effect of the initial trial choice on final performance.
The variables sd#1-#2 are dummies that are one when the difference sd between the quality of the initial
trial and the optimum is between #; and #3 points and zero otherwise. The category boundaries are chosen
so approximately 10% of the sample is in each category. The estimated coefficients are relative to sd44-59,
the dummy omitted to ensure identification. The effect of initial trial choice on performance is presented
in column (iii). We find that subjects whose initial trial was closer to the optimal allocation performed
significantly better on average. The extreme dummy categories—either very good initial choices or very
poor initial choices—have the largest impact. The coeflicients have the expected sign, and the inclusion of
these variables improves the fit by 20%. The importance of the fixed effects increases from 7.1% to 9.4%
of the unexplained variance, which is evidence that the omission of luck leads to misspecified model. Given
that the initial trial is essentially a random draw, the experiment demonstrates the importance of “luck” in
explaining observed performance.

In addition to luck, experience with the task may also affect performance. The variable exp# is 1 when
the subject is doing a task for the #th time, and zero otherwise. The evidence presented in column (iv) is
mixed. Subjects performed significantly better the third time they solved the problems than first or second
times, an indication that experience was beneficial. However, the fourth and fifth times were no better
than the first and second and were significantly worse than the third. It is not clear why this decline in
performance occurred. Possible explanations include boredom, increasingly creative but unfruitful search,
or the exceptionally strong performance the third time may have been an aberration (statistically unlikely).

We would expect the effect of individual heterogeneity to be greater when a subject makes a poorer
initial trial choice. This is because there would be a greater motivation to search, and the fruitfulness of
search could vary more substantially across individuals. To examine this issue, regression (v) considers only

those observations for which sd0014 # 1. That is, the initial trial choice is at least 14 points away from the
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optimum. This results in a poorer fit, as would be expected, though all the parameters continue to have the
expected sign. The important finding is that individual heterogeneity does account for more of the variation
not explained by the other factors— 17% as opposed to 9%. Below, we present results on behavior that
suggest this increase in the explanatory power of the fixed effect is not simply associated with the decrease

in sample size, but rather is associated with the fact that some search more effectively than others.

The Effect of Observed Individual Characteristics The individual fixed effects are estimated from
the data, and hence correspond to measured ability. One may also ask if ability is correlated with observable
individual characteristics. Regressions (vi) and (vii) examine this question. Regression ( vi) reports the
effect of the individual’s GPA and whether or not the individual received financial aid. The GPA variable
has the expected sign. Surprisingly, receiving financial aid has a strong negative effect in all our regressions.
While we are not sure why this occurs, it could be that not receiving financial aid, like a higher GPA, is
a proxy for individual ability. Thinking of GAP and finaid as proxies for individual ability, the results
indicate more able subjects performed better.

We found that whether or not the subject’s reported the use of a systematic search strategy had an effect.
Examining regression (vii), those who indicated they used some type of systematic search method performed
better. This suggests that part of being more able is an aptitude for using specific search algorithms. Whether
or not a subject indicated they focused on costs, benefits, or costs and benefits in determining when to stop
their search had no impact on performance.

We found that whether or not one is paid a penalty or bonus has no effect on performance. Because
these two incentive schemes differ only in terms of how they were framed, this result may not be surprising.
However, as we discuss below, we found that the two incentive schemes did significantly affect search behavior

differently, making it surprising that performance was not also effected.

Individual Heterogeneity and Complexity It is perhaps surprising to have fixed effects explain such
a small percentage of the variance, and to have more than two-thirds of the variation explained by the
problem’s complexity and the quality of the initial trial in the search process. One way individuals vary
is in terms of their patience and ability to learn. Hence we might expect the effect of experience to vary
across individuals. To study this possibility, we interacted our subject and experience variables to create a
new fixed effect variable. While the fraction of variation explained by the new fixed effect variable was 21%,
the F-test statistic indicated that this additional explanatory power comes from the addition more than of
200 new explanatory variables. According to the F-test, we fail to reject the hypothesis that the effect of
experience varies across individuals.

To confirm this result, the model was estimated two other ways. In one case, we used maximum likelihood
estimation first including only the subject indicators, and then including subject indicators and interaction
terms. The subsequent likelihood ratio test indicated that adding the interaction terms made no significant

difference. We also followed the same approach using a linear regression with indicator variables, testing the
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restriction that the interaction terms are zero. Again, the interaction terms made no significant difference.
In summary, while we found that performance differed significantly across individual subjects, we failed to
find evidence that some subjects were more effective at learning from experience than others.

Not only would we expect individual heterogeneity to be more important when the subject is unlucky, but
also when the problem is more complex. More able individuals should have a comparative advantage in more
complex problems. Table 3 reports the impact of individual characteristics on performance by complexity
level.

The results here are similar to the ones we obtained using the pooled data. What is new are differences
across the complexity levels in the fraction of the residual explained by the fixed effects. With the smaller
cell sizes, the overall fit is worst, and hence we would expect the fixed effect to explain more of the variance.
What is interesting is that the fixed effects are most important for the 3 task problem. For the more complex
4 and 5 task problems, not only is the fraction of the variance explained by the fixed effect less, but the
significance of the fixed effects as measured by the F-test fall. Moreover, the significance of the initial trial
increases in importance. This suggests that, for quite simple problems and for quite complex problems, luck
plays a more important role relative to ability. The effects of individual characteristics tend to be much less
important. It is when the problem is of intermediate complexity that individual differences in ability tend

to matter.

5.2 Behavior

The next set of results explores the decision making process, and the propensity for individuals to continue
searching. Table 4 reports the results from estimating a Cox proportional hazard model. In this model, it is
assumed that the baseline hazard is non-parametric (which models the time varying nature of the reservation
value), and that the explanatory variables enter exponentially. The probability that subject i stops search

in round ¢, 6; (t), is given by:
i (t) = "0} (1),

where x;; is the person’s state in period ¢, § is a set of common parameters to be estimated and 9,? (t) is the
baseline hazard. When z;; includes person specific, time invariant characteristics, then it is assumed 9,? (t)
does not depend upon the subject ¢ (analogous to our performance regressions with no fixed effects). When
all the data is time varying, we estimate a person specific baseline hazard (analogous to our performance
regressions will fixed effects). In Table 4, we report the hazard ratio for each explanatory variable, with its

associated standard error.

The Effect of Task Complexity The effect of task complexity on search propensity is in theory ambigu-
ous. In this experiment, the subjects knew the maximum they could receive, and hence we might expect
that they would spend more time searching in the more complex tasks because it would take more effort to

get close to the maximum. In column (i) we see that this is indeed the case. Individuals were less likely to
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stop searching in the more difficult tasks. We stratified the sample to allow for an individual specific hazard,
and hence removed any bias that might be caused by individual heterogeneity.

If the individuals are expected utility (or value) maximizers then they would use a reservation value
strategy and would stop searching once the current payoff passes a threshold. We allow for a non-parametric
specification of the reservation value strategy by creating variables sm#;, — #2 that are 1 when the best
previous trial in the search process is between #; and #- units from the optimum, and zero otherwise. As
we see in regression (ii), the inclusion of these variables greatly improves the fit. What is interesting now is
that the effect of complexity is completely reversed. Conditional upon current rewards, individuals facing
more complex problems are more likely to exit.

These results are consistent with a reservation value strategy. If a subject views the returns from a trial
choice as randomly generated, then the optimal search rule is some form of reservation value strategy. In
our experiment, search costs increase with each trial, so a subject’s reservation value would theoretically
decrease with each trial. A subject’s reservation value would also theoretically decrease with each trial if
there were a decrease subject’s subjective estimate of the probability of obtaining further improvement. Our
results indicate that complex problems reduce the average subject’s subjective estimate of the probability of
obtaining further improvement, increasing the likelihood that the subject will stop searching.

We might also expect experience to affect search intensity. This is explored in regression (iii), and we
find that experience has no effect on the probability of stopping. This suggests individuals do not vary their

strategies as they gain experience, evidence that is also consistent with a fixed reservation value policy.

Temperament An individual’s search intensity corresponds to individual temperament - the level of im-
patience the individual has with the search problem. Previous research by Hey (1987) and Schotter and
Braunstein (1981) finds that individuals tend to search too little. In this experiment, it is not possible to
deduce an “optimal” search intensity since subjects do not know the true model. However, we can measure
the search intensity of those who on average did better than the others. The fixed effects from the regressions
in Table 2 provide a measure of how an individual performs relative to others. We construct two measures
of relative ability. Using the estimated fixed effects from the regression reported in Table 2, column (iv),
we obtain a measure based upon the whole sample. Using the estimated fixed effects from the regression
reported in Table 2, column (v), we obtain a measure for those instances where the individual had an unlucky
initial trial choice. (Because each person plays 20 times, each has a chance to be “unlucky.”)

Regression (iv) in Table 4 reports the effect of the fixed effect from the full sample, which has a significant
hazard ratio of 1.75. This indicates that individuals who did better on average tended to search less, or were
less patient, in contrast with earlier results. However, our finding may be reconcilable because we find it to
be dependent upon the individual’s situation.

In particular, when the initial trial happens to be close to optimal, impatience is a virtue that saves search
costs, while it is not so valuable when the initial trial is poor. In column (v) of Table 4, we look at those

observations where the individual’s initial trial is not close to optimal. In this sub-sample, the individuals
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who were successful overall still left early, though now not significantly so.

To explore this further, we drop the fixed effect that measures relative performance overall and add the
fixed effect that measures relative performance for instances where the initial trial was not close to optimal.
In regression (vi) in Table 4, we see that the those who performed better were actually more willing to
search, though not significantly so.

In summary, regressions (v) and (vi) indicate individuals who did well when given a relatively poor initial
trial choice did not have a search intensity that was significantly different from the mean search intensity.
Alternatively, regression (iv) indicates those who did well regardless of the quality of the initial trial stopped
sooner. Thus, temperament does not appear to play a significant role when the initial trial leaves much room
for improvement, but plays a significant role when the initial trial is near optimal. In particular, when the
initial trial is near optimal, those who are less patient, or more conscious of the inability to obtain further
improvement, perform relatively well.

In regression (vii) we explore the effect of the treatment of bonus or penalty on behavior. We find that
individuals facing a penalty treatment are more likely to exit. However, given that the group variable had
no effect upon performance, the penalty treatment does not appear to make individual more decisive in a
way that leads to better performance. In fact if we restrict the sample to those observations with a near
optimal initial trial we find that group has no effect, but that the fixed effect from regression (iv) in Table 2
has a larger effect. Hence, it appears that the individual must actually be experiencing the penalty in order

for the penalty treatment to have a distinguishable impact on behavior relative to the bonus treatment.

Search Technique Next we look at the effect of reported search techniques on behavior. In regression
(viii) we see that individuals who report using a systematic search technique are more likely to stop search,
even after controlling for current payoff. We find that the systematic search variable ssrule is positively
and significantly correlated with the fixed effects from the Table 2 regressions (iv) and (v)—correlation
coefficients of .363 and .366, respectively. Thus, we have evidence that more systematic search led to better
performance because it enabled the individual to find a quality choice more quickly and conserve on search
costs.

From regression (viii), we also found individuals reporting the use of stopping rule with a benefit cost
or benefit-cost based rule were less likely to stop searching than those who reported the use of a stopping
rule that focused solely on the cost of further search. Because these variables had no significant impact on

overall performance, it is difficult to ascertain the significance of these results.

6 Discussion

One of the challenges in modeling decision making in the face of uncertainty is the lack of a benchmark
measure for optimal choice. The fact that the subjective beliefs cannot be specified a priori greatly reduces

the predictive content of the theory. Beginning with Ellsberg (1961), this problem has been addressed
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by studying the behavior of individuals in situations where the theory does make sharp predictions. In
these cases, there is a great deal of evidence that many individuals violate Savage’s axioms of choice under
uncertainty.

These results establish that individuals make mistakes, but provide less guidance regarding how indi-
viduals might behave in more “typical” situations. While the experimental situations examined here are
not necessarily typical, they contain features common to a variety of uncertain decision environments. This
allows us to obtain insight as to what factors may be more significant in predicting performance and search
intensity.

Before carrying out these experiments we had expected that individual heterogeneity in ability and
temperament would be very important. Though we have strong evidence they are important, luck plays
an even bigger role. When the decision problem was very simple-our two task case—all individuals did
well, and there was little variation in performance. The striking observation is, when the complexity of the
problem rose, the initial trial in the search process, essentially a random draw, is the most important factor
in determining overall performance.

However, as our 2 task case illustrates, making luck less relevant does not necessarily imply that ability is
more important. When a task is simple and search costs are moderate, all individuals can perform well. We
find that variations in individual ability and/or temperament are more important with problems of moderate

complexity. For incentive theory, this has a number of implications:

1. It should take more observations of performance to distinguish ability from luck when the problem is
more complex. This implies pay for performance in an uncertain environment exposes employers to a
great deal of risk. Hence, it is not surprising that compensation often takes the form of a fixed salary

with rewards provided by promotion over a period of years.

2. For some decision problems temperament appears to be more important than “ability”. In our exper-
imental environment, being decisive in the face of a high first draw results in a higher payoff since one
does not engage in costly search when close to an optimum. This may explain why in earlier work
it was found that individuals searched too little. Many psychologists have suggested that individuals
use simple heuristics to make decisions in complex situations. If the heuristic is used in a variety of
situations, then it is not surprising that in some cases it is closer to the optimum than in others. In
particular if being decisive is on average a good strategy, this might explain why there is too little

search in some situations.

3. Because individual performance can be context specific, incentives which are not context specific may
be ineffective. Performance in the experiment is weakly related to GPA, and individuals who re-
port searching systematically did better. However, as we saw when comparing performance over the
full sample to the sub-sample with poor initial choices, no single individual characteristic seemed to

dominate in terms of performance.
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Previous work has established a number of situations where human decision makers consistently make
errors. Here we have shown that, even in a very simple decision situation, luck and task complexity explain
a great deal of the observed variation. We have also found some preliminary evidence that temperament can
have an impact on performance, a result that is consistent with the recent research by Damasio (1995) and
Kagan (1994). This interplay between chance, temperament and incentives is a potentially complex one,

whose further study may have interesting implications for the design of compensation and incentive systems.
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A Effort Allocation Game (Bonus Group)

Thank you for volunteering to play the Effort Allocation Game.

As a participant in this experiment, you will face 20 “effort allocation problems.” For each problem,
there will be “tasks” you will have to “perform.” To perform a task, you must allocate effort toward it. You
will be given an endowment of 200 units of “effort.” The decision you must make is how to allocate your
200 units of effort among the tasks. Allocating more effort toward one task allows you to perform that task
more effectively. However, allocating more effort to one task means you must allocate less effort to some
other task.

Your goal in allocating your effort is to make your “total earnings” as high as possible. Your earnings
will be paid to you in the form of “cash.” Because you get the keep the cash that you earn, you have an
incentive to do as well as you can on each problem. For a given problem, your total earnings is the sum of
(1) your “wage,” (2) your “decision bonus,” and (3) your efficiency bonus. These three types of earnings will
now be described in more detail.

Your “wage” is the amount of cash you receive for the problem regardless of how you perform. Your
wage will be 1 cent for each problem.

Your “efficiency bonus” is the amount of cash you are paid for conserving decision-making resources. If
you accept your first trial as your choice and do so within 15 seconds, then you will receive the maximum
efficiency bonus, which is 41.9 cents. A fraction of your efficiency bonus will be taken from you for each
alternative allocation you try. (The computer will show you the cost of trying another alternative in terms
of the efficiency bonus you will lose). The more alternatives you try prior to accepting a choice, the lower
your efficiency bonus. You may try at most 25 alternatives. If you use all 25 alternatives, your efficiency
bonus will equal zero; the computer will automatically accept your best allocation alternative as your choice
for the problem; and your total earnings will equal your wage plus your decision bonus. One further point,
you have 15 seconds to try an alternative. If you wait longer than 15 seconds, you will lose a fraction of your
efficiency bonus just as you would had you entered a trial allocation.

Your “decision bonus” is the amount of cash you earn based upon your performance. Better effort
allocation choices generate larger decision bonuses. (Note: Your decision bonus can be negative.) Using trial
and error, you can attempt to increase your decision bonus by searching for better ways to allocate your
effort. For each allocation you try, the computer will display your "search points", which is the decision bonus
associated with the trial. To facilitate your memory, the computer will keep track of your prior attempts as
you try different allocations, showing you your last two trials and your best trial. After each try, you must
decide whether to continue to search or stop your search. When you chose to stop, the computer records
your best trial as your choice, and the decision bonus you actually earn will be the search points associated
with this best trial.
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To become familiar with the game, you will first be taken through a standard “administrative” game,
where you will have the opportunity to experience first hand what you have read here. After completing
the administrative game, you may ask questions so as to make sure you understand how the game is played.
Then you will play four “practice” games, where the first practice game involves a two task problem, the
second practice game involves a three task problem, the third practice game involves a four task problem,
and the fourth practice game involves a five task problem. Finally, you will play 20 “real” games, where the
number of tasks involved will vary.

Remember, your goal is to maximize your total earnings over the 20 “real” games. Because each game
is independent from the others, you will maximize your total earnings by doing as well as you can on each
individual game. In each game, you can earn up to about 1 dollar (1 cent wage + 50 cent maximum decision
bonus + 49 cent maximum efficiency bonus), meaning you can earn up to about $20 in total.

Good luck!
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Figure 1. The Game Screen
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Table 1. Subject Demographics, Decision Rules, and Performance

Subject Standard
Characteristic Mean Deviation Min Max

Demographic

age 23 4.3 18 39

gpa 3.00 0.77 0.61 4.00

cred 82.1 47.7 3 179

work 13.7 134 0 55

sex 0.62 0.49 0 1

major 0.71 0.46 0 1

marry 0.08 0.27 0 1

finaid 0.40 0.50 0 1
Decision Rules

SS-rule 0.37 0.49 0 1

C-rule 0.10 0.30 0 1

B-rule 0.73 0.45 0 1

CB-rule 0.17 0.38 0 1

Note: There were 52 observations (subjects) on the demgraphic
and decision rule variables and 1038 observations (choices)
on the performance variables.
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Table 2: Determinants of Total Earnings

Dependent Variable: -log(101-Total Earnings)

Independent 0) (i) (iii) (iv) (V) (vi) (vii)
Variable
constant -1.37*%%  -1.37*%*% -245%* -248** 233  -258%* -2.63**
(.049) (.048) (.104) (111) (.113) (.142) (.163)
t3 -1.70%*  -1.70** -76%% - T7T** - B8 -.80%* -.80%*
(.069) (.069) (.079) (.078) (.103) (.079) (.079)
t4 -2.06**  -2.06**  -1.08** -1.09** -90**  -1.12** -1.12%*
(.070) (.070) (.080) (.080) (0.103) (.080) (.080)
t5 -2.28%* 228 -1.19%* -1.21**  -1.04**  -1.24** -1.25%*
(.070) (.070) (.085) (.085) (.104) (.086) (.086)
sd00-14 1.23** 1.23** 1.17%* 1.18**
(.102) (.101) (-100) (.100)
sd14-32 302%*  311** .285** .281**
(.099) (.098) (.098) (.098)
sd32-44 172 .165 -0.121 .145 .150
(.101) (.100) (.076) (.099) (.099)
sd44-59 -0.317**
(.081)
sd59-80 -068 -051 -0.369** -.086 -.088
(.104) (.103) (.079) (-103) (.102)
sd80-108 .006 .021 -0.291** -.018 .003
(.111) (.109) (.085) (-108) (.108)
sd108-155 -144  -096  -0.438** -.102 -.105
(.109) (.108)  (.083) (.106) (.106)
sd155-262 -213 -205 -0.549** -195 -.196
(.114) (.112) (.089) (.111) (.111)
sd262-489 -.332%* -352%* -0.668** -.346** -.342%*
(.124) (.122)  (.096) (.121) (.121)
sd489+ -441%* -397** -0.752** -.386** -.383**
(.129) (.129) (.105) (:128) (.128)
exp2 -.078 0.003 -.080 -.079
(.067) (.068) (.068) (.068)
exp3 271%%  160* .270* 271%*
(.066)  (.065) (.068) (.067)
expd .010 .039 .011 .012
(.066) (0.066) (.068) (.068)
exp5 -.066 -0.063 -.071 -.072
(.068)  (.065) (.069) (.069)
gpa 0.067* 0.058*
(.029) (.029)
finaid -0.129**  -0.104*
(.043) (.046)
ssrule 0.148**
(.047)
cbrule -.054
(.089)
brule .035
(.075)
Fixed Effects? No Yes Yes Yes Yes No No
Number of Observations: 1009 1009 1009 1009 717 1009 1009
R? 0.5683 05683 0.6752 0.6863 0.3227 0.6912 0.6944
R? Includi ng the Fixed Effects 0.5858 0.6969 0.7084 0.3635
Variance explained by
fixed effect. 0.0707  0.0944 0.0971 0.1705
[p value] for fixed effect F-test 0.0168  0.0000 0.0000 0.0000

**=gignificant at 1%
*=gignificant at 5%
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Fixed Effect Model versus No Fixed Effect Model With Exogenous Char acteristics

Table 3: Determinants of Total Earnings by Complexity L evel

Independent 2 Tasks 3 Tasks 4 Tasks 5 Tasks
Variable FE | NoFE FE | NoFE FE | NoFE FE | NoFE |
constant -1.83**  -220%*  -322%%  -340%*  -3.67**  -3.84**  -381**  -383**
(:565) (:611) (-149) (-268) (-128) (-216) (-124) (-213)
sd00-14 57 82 96+* 86+* 90** 87** 1.16%* 1.18**
(:553) (:532) (-168) (-167) (:176) (:157) (-202) (.184)
sd14-32 -.62 -25 11 -011 23 30* 52x* 50**
(:574) (:543) (-156) (-156) (-148) (-136) (:175) (:155)
sd32-44 -.48 -.18 13 .005 .02 .04 31* 24
(.620) (:590) (-158) (:157) (172 (:155) (:137) (:127)
sd44-59
sd59-80 -.84 -.59 -.01 -17 -.005 .009 .01 -.03
(.651) (:621) (-168) (-168) (-151) (-138) (.155) (:144)
sd80-108 49 330 15 .04 .03 .06 17 .08
(1.08) (1.03) (.185) (.183) (:159) (:147) (:154) (:139)
sd108-155 -12 -.20 -12 -.09 16 .03
(-164) (-162) (:157) (:144) (:176) (-151)
sd155-262 -.16 -.23 -12 -.07 -.10 -.02
(-188) (:183) (:173) (-150) (-180) (-161)
sd262-489 -.07 -12 -.23 -.20 -.03 -.18
(:217) (-202) (.184) (-161) (-204) (-181)
s0489+ 25 47 .06 15 -22 -21
(-348) (:341) (-215) (:192) (.184) (-166)
exp2 -27 -27 24 26 23* 21* -.30* -.32%*
(-161) (-169) (:127) (-136) (-209) (-207) (-126) (121
exp3 58+* 58  -.002 .023 -.07 -.09 B60** 58+*
(-161) (-169) (:125) (:134) (121 (-116) (-105) (-104)
exp4 -.06 -.06 .006 031 37%* 35%* .02 .02
(:195) (-200) (:115) (-126) (:131) (122) (.099) (-200)
exp5 -.03 -.03 -15 -14 18 17 -.36* -.36*
(-165) (:173) (:114) (:125) (-105) (-105) (-151) (:143)
gpa .055 014 .083 .036
(.074) (.054) (.043) (.047)
finaid .018 -14x* -23* -11
(117) (.088) (.068) (.072)
ssrule 034 30%* 13 16*
(1.20) (.088) (.070) (.072)
cbrule -27 19 -.20 -.02
(-227) (-166) (-130) (:137)
brule -.03 17 -.03 -.06
(.193) (.141) (.110) (.115)
Number of Observations: 260 260 258 258 252 252 239 239
R 02600 02731 02767 0348 03875 04518 05435 05729
R*With Fixed Effects 0.3262 0.3531 0.4620 0.6123
Variance explained by
fixed effect. 0.2340 0.3409 0.2638 0.2291
[p value] for fixed effect F-test 0.0257 0.0000 0.0200 0.1121

**=ggnificant at 1%
*=ggnificant at 5%
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Table 4: Effects on Decision to Stop Searching

Independent (i) (i) (iii) (iv) (v) (vi) (vii) (viii)
Variable
t3 0.22**  0.86 0.85 0.87 0.77 0.76 0.90 0.90
(0.02) (0.112) (0.112) (0.09) (0.15) (0.15) (0.10) (0.10)
t4 0.18** 1.26 125 1.04 0.93 0.94 112 114
(0.02) (0.18) (0.18) (0.13) (0.19) (0.19) (0.13) (0.14)
t5 0.14** 1.58** 1.56** 117 1.04 1.07 1.27 1.34*
(0.02) (0.23) (0.23) (0.15) (0.22) (0.22) (0.16) (0.17)
sm00-06 14.94**  14.83** 8.02** 7.87** 8.26** 8.46** 9.37**
(2.82) (2.812) (1.28) (1.34) (1.42) (1.36) (1.512)
sm06-12 5.58** 5.53** 3.48** 3.11** 3.23** 3.56** 4.06**
(1.03) (1.02) (0.56) (0.53) (0.55) (0.58) (0.66)
sml12-19 2.80** 2.79** 2.52%* 2.52%* 2.57** 2.51** 2.67**
(0.53) (0.52) (0.42) (0.43) (0.43) (0.42) (0.45)
sm19-25 2.09** 2.07** 1.82** 1.78** 1.80** 1.84** 1.90**
(0.412) (0.412) (0.32) (0.32) (0.32) (0.32) (0.33)
sm24-33 1.39 1.38 1.58** 1.54* 1.54* 1.58** 1.56*
(0.27) (0.27) (0.28) (0.27) (0.27) (0.28) (0.28)
sm33-41
sm41-53 0.75 0.75 0.94 0.96 0.96 0.94 0.96
(0.17) (0.17) (0.19) (0.19) (0.19) (0.19) (0.19)
sm53-74 0.37** 0.37** 0.53** 0.55* 0.55* 0.53** 0.52**
(0.10) (0.10) (0.12) (0.13) (0.13) (0.12) (0.12)
sm74-118 0.21** 0.21** 0.28** 0.30** 0.30** 0.29** 0.29**
(0.07) (0.07) (0.08) (0.09) (0.09) (0.09) (0.09)
sml1l18+ 0.09** 0.09** 0.11** 0.14** 0.14** 0.11** 0.11**
(0.04) (0.04) (0.05) (0.06) (0.06) (0.05) (0.05)
exp2 0.98 1.06 1.08 1.08 1.04 1.04
(0.112) (0.112) (0.13) (0.13) (0.12) (0.112)
exp3 111 121 121 121 121 1.24*
(0.13) (0.12) (0.15) (0.15) (0.12) (0.13)
exp4 1.08 1.09 1.07 1.05 1.09 1.10
(0.12) (0.112) (0.13) (0.13) (0.112) (0.112)
exp5 1.05 1.16 115 1.16 1.19 1.19
(0.12) (0.12) (0.14) (0.14) (0.12) (0.12)
group 1.25** 1.35**
(0.08) (0.09)
Fixed Effect 2 (iv) 1.75** 1.36
(0.26) (0.24)
Fixed Effect 2 (v) 0.87
(0.14)
ssrule 1.26**
(0.09)
brule 0.71**
(0.08)
cbrule 0.35%*
(0.05)
Stratified Sample? Yes Yes Yes No No No No No
Observations 8155 8155 8155 8155 7339 7339 8155 8155
Number of Problems 1038 1038 1038 1038 717 717 1038 1038
Log Likelihood -2098 -1735 -1734 -5703 -3911 -3912 -5704 -5663
LR Chi"2 335.83 1061.18 1062.87 939.19 505.77 503.60 936.52  1019.93
LR Test p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

**—ggnificant at 1%
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