
Sequential observation and selection with relative ranks:
An empirical investigation of the Secretary Problem.

Item Type text; Dissertation-Reproduction (electronic)

Authors Seale, Darryl Anthony.

Publisher The University of Arizona.

Rights Copyright © is held by the author. Digital access to this material
is made possible by the University Libraries, University of Arizona.
Further transmission, reproduction or presentation (such as
public display or performance) of protected items is prohibited
except with permission of the author.

Download date 24/05/2023 20:55:03

Link to Item http://hdl.handle.net/10150/187511

http://hdl.handle.net/10150/187511


INFORMATION TO USERS 

This manuscript has been reproduced from the microfilm master. UMI 

films the text directly from the original or copy submitted. Thus, some 

thesis and dissertation copies are in typewriter face, while others may be 

from any type of computer printer. 

The quality of this reproduction is dependent upon the quality of the 

copy submitted. Broken or indistinct print, colored or poor quality 

illustrations and photographs, print bleedthrough, substandard margins, 

and improper alignment can adversely affect reproduction. 

In the unlikely event that the author did not send UMI a complete 

manuscript and there are missing pages, these will be noted. Also, if 

unauthorized copyright material had to be removed, a note will indicate 

the deletion. 

Oversize materials (e.g., maps, drawings, charts) are reproduced by 

sectioning the original, beginning at the upper left-hand comer and 

continuing from left to right in equal sections with small overlaps. Each 

original is also photographed in one exposure and is included in reduced 

form at the back of the book. 

Photographs included in the original manuscript have been reproduced 

xerographically in this copy. Higher quality 6" x 9" black and white 

photographic prints are available for any photographs or illustrations 

appearing in this copy for an additional charge. Contact UMI directly to 

order. 

UMI 
A Bell & Howell Information Company 

300 North Zeeb Road, Ann AIbor MI 48106·1346 USA 
313n61-4700 800/521-0600 





SEQUENTIAL OBSERVATION AND SELECTION WITH RELATIVE RANKS: 

AN EMPIRICAL INVESTIGATION OF THE SECRETARY PROBLEM 

by 

Darryl Anthony Seale 

A Dissertation Submitted to the Faculty of the 

COMMITTEE ON BUSINESS ADMINISTRATION 

In Partial Fulfillment of the Requirements 
For the Degree of 

DOCTOR OF PHILOSOPHY 

In the Graduate College 

THE UNIVERSITY OF ARIZONA 

199 6 



OMI Number: 9626554 

UMI Microfonn 9626554 
Copyright 1996, by UMI Company. All rights reserved. 

This microfonn edition is protected against unauthorized 
copying under Title 17, United States Code. 

UMI 
300 North Zeeb Road 
Ann Arbor, MI 48103 



THE UNIVERSITY OF ARIZONA ® 
GRADUATE COLLEGE 

2 

As members of the Final Examination Committee, we certify that we have 

read the dissertation prepared by Darryl Anthony Seale 

entitled Sequential Observation and Selection With Relative Ranks: 

An Empirical Investigation of the Secretary Problem 

and recommend that it be accepted as fulfilling the dissertation 

requirement for the Degree of Doctor 

ok. ~popo~t~ 
of Philosophy/Bysiness Administration 

~/'I", 
Date 

D?/!'1/90 

Date 

~& 1-I/9c. 
Date 

k~J il{ (9 ~ 
Date Dr. Lisa Ordonez :> 

Final approval and acceptance of this dissertation is contingent upon 
the candidate's submission of the final copy of the dissertation to the 
Graduate College. 

certify that I have read this dissertation prepared under my 
n and recommend that it be accepted as fulfilling the dissertation 

Dissertation Director 
Dr. Amnon Rapoport 

.pJ. ''"',!) , 
Date 



3 

STATEMENT BY AUTHOR 

This dissertation has been submitted in partial 
fulfillment of requirements for an advanced degree at The 
University of Arizona and is deposited in the University 
Library to be made available to borrowers under rules of the 
Library. 

Brief quotations from this dissertation are allowable 
without special permission, provided that accurate 
acknowledgment of source is made. Requests for permission 
for extended quotation form or reproduction of this 
manuscript in whole or in part may be granted by the head of 
the major department or the Dean of the Graduate College 
when in his or her judgment the proposed use of the material 
is in the interests of scholarship. In all other instances, 
however, permission must be obtained from the author. 

SIGNED:~~ 



4 

ACKNOWLEDGEMENTS 

I would like to thank the faculty of the Department of 

Management and Policy for showing,rny··that research can be 

both rewarding and enjoyable. I am especially grateful to 

Lee Beach who kept me pointed in the right direction for the 

past five years, and Amnon Rapoport who guided me throughout 

this project, providing both monetary and spiritual funding. 

Their contributions will not be forgotten. 



5 

DEDICATION 

This work is dedicated to my wife, Karen, and the small 

legion of friends and family who have encouraged and 

strengthened me. 



6 

TABLE OF CONTENTS 

LIST OF TABLES ........................................... 10 

LIST OF FIGURES .......................................... 13 

ABSTRACT ................................................. 16 

1. APPLICATIONS OF SEQUENTIAL OBSERVATION 
AND SELECTION ......................................... 18 

Introduction ......................................... 18 

Characterization of the Standard 
Secretary Problem .................................... 21 

Generalizations to the Standard Model ............ 24 

Solutions to the Secretary Problem ............... 26 

Research Objectives .................................. 30 

2. SIMULATING DECISION POLICIES .......................... 34 

Introduction ......................................... 34 

Method ............................................... 35 

Results .............................................. 37 

Cutoff Policy .................................... 38 

Standard Secretary Problem ................... 38 

Unknown Number of Applicants ................. 40 

When Second Best is Good Enough .............. 42 

Candidate Count .................................. 46 

Standard Secretary Problem ................... 47 

Unknown Number of Applicants ................. 48 

When Second Best is Good Enough .............. 49 



7 

TABLE OF CONTENTS - Continued 

Successive Non-candidates ........................ 50 

Standard Secretary Problem ................... 51 

Unknown Number of Applicants ................. 52 

When Second Best is Good Enough .............. 53 

Discussion ........................................... 53 

3. THE STANDARD SECRETARY PROBLEM ........................ 81 

Introduction ......................................... 81 

Method ............................................... 81 

Subj ects ......................................... 81 

Procedure ........................................ 81 

Classifying Decision Policies .................... 84 

Results .............................................. 85 

Decision Policies - Condition n=40 ............... 85 

Classifications by Form and Type ............. 87 

Effects of Learning .......................... 89 

Individual Performance ....................... 90 

Decision Policies - Condition n=80 ............... 92 

Classifications by Form and Type ............. 92 

Effects of Learning .......................... 93 

Individual Performance ....................... 95 

Questionnaire Results - Condition n=40 ........... 95 

Cross-classification of Decision Policies ........ 97 

Discussion .......................................... 102 



8 

TABLE OF CONTENTS - Continued 

4. WHEN SECOND BEST IS GOOD ENOUGH ...................... 122 

Introduction ........................................ 122 

Method .............................................. 123 

Subj ects ........................................ 123 

Procedure ....................................... 123 

Classifying Decision Policies ................... 124 

Results ............................................. 125 

Decision Policies - Condition n=40 .............. 125 

Classifications by Form and Type ............ 126 

Effects of Learning ......................... 127 

Individual Performance ...................... 129 

Decision Policies - Condition n=80 .............. 130 

Classifications by Form and Type ............ 130 

Effects of Learning ......................... 132 

Individual Performance ...................... 133 

Questionnaire Results - Condition n=40 .......... 133 

Questionnaire Results - Condition n=80 .......... 135 

Estimated Number of Correct Selections .......... 136 

Cross-classification of Decision Policies ....... 138 

Discussion .......................................... 141 

5. UNCERTAINTY IN THE NUMBER OF APPLICANTS .............. 162 

Introduction ........................................ 162 

Method .............................................. 163 



9 

TABLE OF CONTENTS - Continued 

Subj ects ........................................ 163 

Procedure ....................................... 163 

Classifying Decision Policies ................... 163 

Results ............................................. 164 

Decision Policies - Condition n=(l, 40) ......... 164 

Classifications by Form and Type ............ 164 

Effects of Learning ......................... 165 

Individual Performance ...................... 167 

Decision Policies - Condition n=(l, 120) ........ 167 

Classifications by Form and Type ............ 168 

Effects of Learning ......................... 168 

Individual Performance ...................... 169 

Questionnaire Results 
Condition n= (1, 40) ............................. 170 

Questionnaire Results 
Condition n= (1, 120) ............................ 171 

Estimated Number of Correct Selections .......... 172 

Cross-classification of Decision Policies ....... 174 

Discussion .......................................... 177 

6. DISCUSSION AND CONCLUSIONS ........................... 197 

APPENDIX A: SIMULATION PROGRAM .......................... 217 

REFERENCES .............................................. 219 



10 

LIST OF TABLES 

TABLE 2.1, Summary of Simulation Results ................. 58 

TABLE 3.1, Summary of Results, Experiment 1 ............. 107 

TABLE 3.2, Classification of Individual Decision 
Policies, Experiment 1, 40 Applicants, 
All Trials .............................................. 108 

TABLE 3.3, Classification of Individual Decision 
Policies, Experiment 1, 40 Applicants, 
Trials 1 - 50 ........................................... 109 

TABLE 3.4, Classification of Individual Decision 
Policies, Experiment 1, 40 Applicants, 
Trials 51 - 100 ............................ : ............ 110 

TABLE 3.5, Cutoff Threshold Following Outcome of 
Selection Decision, Experiment 1, 40 Applicants, 
All Trials .............................................. 111 

TABLE 3.6, Proportion of Correct Selections, 
Experiment 1, 40 Applicants ............................. 112 

TABLE 3.7, Classification of Individual Decision 
Policies, Experiment. 1, 80 Applicants, 
All Trials .............................................. 113 

TABLE 3.8, Classification of Individual Decision 
Policies, Experiment 1, 80 Applicants, 
Trials 1 - 50 ........................................... 114 

TABLE 3.9, Classification of Individual Decision 
Policies, Experiment 1, 80 Applicants, 
Trials 51 - 100 ......................................... 115 

TABLE 3.10, Cutoff Threshold Following Outcome of 
Selection Decision, Experiment 2, 80 Applicants, 
All Trials .............................................. 116 

TABLE 3.11, Proportion of Correct Selections, 
Experiment 1, 80 Applicants ............................. 117 

TABLE 4.1, Summary of Results, Experiment 2 ............. 146 

TABLE 4.2, Classification of Individual Decision 
Policies, Experiment 2, 40 Applicants, All Trials ....... 147 



LIST OF TABLES - Continued 

TABLE 4.3, Classification of Individual Decision 
Policies, Experiment 1, 40 Applicants, 

11 

Trials 1 - 50 ........................................... 14S 

TABLE 4.4, Classification of Individual Decision 
Policies, Experiment 2, 40 Applicants, 
Trials 51 - 100 ......................................... 149 

TABLE 4.5, Cutoff Threshold Following Outcome of 
Selection Decision, Experiment 2, 40 Applicants, 
All Trials .............................................. 150 

TABLE 4.6, Proportion of Correct Selections, 
Experiment 2, 40 Applicants ............................. 151 

TABLE 4.7, Classification of Individual Decision 
Policies, Experiment 2, SO Applicants, 
All Trials .............................................. 152 

TABLE 4.S, Classification of Individual Decision 
Policies, Experiment 2, SO Applicants, 
Trials 1 - 50 ........................................... 153 

TABLE 4.9, Classification of Individual Decision 
Policies, Experiment 2, SO Applicants, 
Trials 51 - 100 ......................................... 154 

TABLE 4.10, Cutoff Threshold Following Outcome of 
Selection Decision, Experiment 2, SO Applicants, 
All Trials .............................................. 155 

TABLE 4.11 Proportion of Correct Selections 
Experiment 2, SO Applicants ............................. 156 

TABLE 5.1, Summary of Results, Experiment 3 ............. 1Sl 

TABLE 5.2, Classification of Individual Decision 
Policies, Experiment 3, 1-40 Applicants, 
All Trials .............................................. lS2 

TABLE 5.3, Classification of Individual Decision 
Policies, Experiment 1, 1-40 Applicants, 
Trials 1 - 50 ........................................... lS3 

TABLE 5.4, Classification of Individual Decision 
Policies, Experiment 3, 1-40 Applicants, 
Trials 51 - 100 ......................................... lS4 



LIST OF TABLES - Continued 

TABLE 5.5, Cutoff Threshold Following Outcome of 
Selection Decision, Experiment 3, 1-40 Applicants, 

12 

All Trials .............................................. 185 

TABLE 5.6, Proportion of Correct Selections, 
Experiment 3, 1-40 Applicants ........................... 186 

TABLE 5.7, Classification of Individual Decision 
Policies, Experiment 3, 1-120 Applicants, 
All Trials .............................................. 187 

TABLE 5.8, Classification of Individual Decision 
Policies, Experiment 3, 1-120 Applicants, 
Trials 1 - so ........................................... 188 

TABLE 5.9, Classification of Individual Decision 
Policies, Experiment 3, 1-120 Applicants, 
Trials 51 - 100 ......................................... 189 

TABLE 5.10, Cutoff Threshold Following Outcome of 
Selection Decision, Experiment 3, 1-120 Applicants, 
All Trials .............................................. 190 

TABLE 5.11, Proportion of Correct Selections, 
Experiment 3, 1-120 Applicants .......................... 191 



13 

LIST OF FIGURES 

FIGURE 2.1, Simulation Results - Standard 
Secretary Problem, Type of Decision Policy: 
Cutoff Threshold, Applicants = 40 ........................ 59 

FIGURE 2.2, Simulation Results - Standard 
Secretary Problem, Type of Decision Policy: 
Cutoff Threshold, Applicants = 80 ........................ 60 

FIGURE 2.3, Simulation Results - Unknown Number 
of Applicants, Type of Decision Policy: 
Cutoff Threshold, Applicants = 1 - 40 .................... 61 

FIGURE 2.4, Simulation Results - Unknown Number 
of Applicants, Type of Decision Policy: 
Cutoff Threshold, Applicants = 1 - 120 ................... 62 

FIGURE 2.5, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: Cutoff 
Threshold (given optimal r 1 ), Applicants = 40 ............ 63 

FIGURE 2.6, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: Cutoff 
Threshold (given optimal r 1 ), Applicants = 80 ............ 64 

FIGURE 2.7, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: Cutoff 
Threshold (given optimal r 2 ), Applicants = 40 ............ 65 

FIGURE 2.8, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: Cutoff 
Threshold (given optimal r 2 ), Applicants = 80 ............ 66 

FIGURE 2.9, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: Cutoff 
Threshold (single), Applicants = 40 ...................... 67 

FIGURE 2.10, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: Cutoff 
Threshold (single), Applicants = 80 ...................... 68 

FIGURE 2.11, Simulation Results - Standard 
Secretary Problem, Type of Decision Policy: 
Candidate Count, Applicants = 40 ......................... 69 



LIST OF FIGURES - Continued 

FIGURE 2.12, Simulation Results - Standard 
Secretary Problem, Type of Decision Policy: 

14 

Candidate Count, Applicants = BO ......................... 70 

FIGURE 2.13, Simulation Results - Unknown Number 
of Applicants, Type of Decision Policy: 
Candidate Count, Applicants = 1 - 40 ..................... 71 

FIGURE 2.14, Simulation Results - Unknown Number 
of Applicants, Type of Decision Policy: 
Candidate Count, Applicants = 1 - 120 .................... 72 

FIGURE 2.15, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: 
Candidate Count, Applicants = 40 ......................... 73 

FIGURE 2.16, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: 
Candidate Count, Applicants = BO ......................... 74 

FIGURE 2.17, Simulation Results - Standard 
Secretary Problem, Type of Decision Policy: 
Successive Non-candidates, Applicants = 40 ............... 75 

FIGURE 2.1B, Simulation Results - Standard 
Secretary Problem, Type of Decision Policy: 
Successive Non-candidates, Applicants = BO ............... 76 

FIGURE 2.19, Simulation Results - Unknown Number 
of Applicants, Type of Decision Policy: 
Successive Non-candidates, Applicants = 1 - 40 ........... 77 

FIGURE 2.20, Simulation Results - Unknown Number 
of Applicants, Type of Decision Policy: 
Successive Non-candidates, Applicants = 1 - 120 .......... 7B 

FIGURE 2.21, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: 
Successive Non-candidates, Applicants = 40 ............... 79 



15 

LIST OF FIGURES - Continued 

FIGURE 2.22, Simulation Results - When Second Best 
is Good Enough, Type of Decision Policy: 
Successive Non-candidates, Applicants = 80 ............... 80 

FIGURE 3.1, Importance of Factors Considered ............ 118 

FIGURE 3.2, Distribution of Reported Strategies ......... 119 

FIGURE 3.3, Number of Selections Consistent With 
Modal Forms of Decision Policies 
Experiment 1, 40 Applicants ............................. 120 

FIGURE 3.4, Number of Selections Consistent With 
Modal Forms of Decision Policies 
Experiment 1, 80 Applicants ............................. 121 

FIGURE 4.1, Importance of Factors Considered ............ 157 

FIGURE 4.2, Distribution of Reported Strategies ......... 158 

FIGURE 4.3, Estimated Correct Selections 
Experiment 2 ............................................ 159 

FIGURE 4.4, Number of Selections Consistent With 
Modal Forms of Decision Policies 
Experiment 2, 40 Applicants ............................. 160 

FIGURE 4.5, Number of Selections Consistent With 
Modal Forms of Decision Policies 
Experiment 2, 80 Applicants ............................. 161 

FIGURE 5.1, Importance of Factors Considered ............ 192 

FIGURE 5.2, Distribution of Reported Strategies ......... 193 

FIGURE 5.3, Estimated Correct Selections 
Experiment 3 ............................................ 194 

FIGURE 5.4, Number of Selections Consistent With 
Modal Forms of Decision Policies 
Experiment 3, 1 - 40 Applicants ......................... 195 

FIGURE 5.5, Number of Selections Consistent With 
Modal Forms of Decision Policies 
Experiment 3, 1 - 120 Applicants ........................ 196 



16 

ABSTRACT 

Sequential observation and selection behavior was 

examined in the context of employer hiring decisions. The 

principal objectives of the study were to test the 

descriptive power of the optimal solution, find and 

characterize simple decision policies that subjects might 

use when confronted with these types of decision tasks, and 

examine the sensitivity of both optimal and non-optimal 

decision rules using computer simulation. 

In order to compare experimental and theoretical 

results, common assumptions of the Secretary Problem (SP), 

as well as the number of applicants, were systematically 

varied across three experiments. Experiment 1 investigated 

the standard version of the SP, where all of the usual 

assumptions were met. Experiment 2 relaxed the assumption 

that only the best will do, paying subjects for correctly 

selecting either the top or second-ranked applicant. 

Experiment 3 introduced uncertainty in the number of 

applicants using uniform distributions from 1 to 40, and 1 

to 120 applicants for the experimental conditions. 

Several important results were described. First, the 

simulations showed that the optimal policy is rather 

insensitive to slight variation in r. Second, cutoff-type 

policies accounted for the decisions of a majority of 
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subjects in every experiment and condition. Third, under 

certain conditions, non-optimal policies, particularly 

counting the number of successive non-candidates, performed 

remarkably well. Finally, subjects, generally, made their 

selection decisions too early (i.e., in advance of optimal 

prescriptions) . 

The study concludes with a summary discussion of the 

findings, suggestions for experimental extensions, and a 

description of a methodological innovation for collecting 

individual decision data in future similar investigations. 



CHAPTER 1 - APPLICATIONS OF SEQUENTIAL 

OBSERVATION AND SELECTION 

Introduction 
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Imagine that you are interviewing applicants for a job 

opening. Your objective is to hire the best candidate from 

a pool of applicants. You interview a known number of 

applicants that are presented in random order of ability. 

At any time you are able to rank order all the applicants 

whom you have interviewed in terms of their desirability. 

However, as each applicant is interviewed and ranked, you 

must decide either to (1) hire this applicant, thereby 

terminating the interview process, or (2) reject the 

applicant and interview another. 

applicant she cannot be recalled. 

Once you reject an 

Your payoff for selecting 

the best candidate is 1; otherwise o. How do you proceed? 

That is, what strategy might you employ to enhance your 

chances of selecting the one best candidate? 

This example illustrates a class of sequential 

observation and selection problems, also known as optimal 

stopping problems (DeGroot, 1970), common to many routine 

decision situations. In a typical situation, the decision 

maker (DM) observes a sequence of alternatives, one at a 

time. After observing each alternative the DM may either 



choose one of the available alternatives, thereby stopping 

the process, or continue searching. If the DM decides to 

continue, he must weigh the time and costs of the search 

against its potential disadvantages. 
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Many routine decision situations can be modeled as 

sequential observation and selection tasks. Whether 

purchasing a used car, finding an apartment in a city, 

considering marriage partners, locating a parking space 

closest to the mall entrance, or choosing a motel while 

driving on an interstate, the DM is usually presented with 

alternatives one at a time. If the DM passes (rejects) the 

current item, there is no guarantee that it will remain 

available as other alternatives are considered. The DM must 

balance the costs of continued search against the 

possibility that the current alternative may be the best of 

those that have yet to be presented. These examples also 

illustrate the standard objective of the DM - to select the 

best from all available alternatives. 

Many important strategic business decisions, such as 

choosing a join venture partner, deciding which market to 

enter, adopting technological innovation, or making hiring 

decisions, can also be modeled as sequential observation and 

selection tasks. When considering a joint venture partner, 

firms must evaluate how well the potential partner will help 

them meet their strategic goals, and whether the partner is 
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likely to exploit the alliance for its own ends, while 

giving little in return (Hill & Jones, 1995). Consistent 

with the general framework of sequential observation and 

selection tasks, venture partners ordinarily present 

themselves one at a time, in random order of ability. Firms 

are interested in selecting the best partner from all 

available alternatives. Further, the ability to recall 

previously rejected partners is highly limited. 

Firms' market entry or technology adoption decisions 

can also be modeled as sequential observation and selection 

tasks. In each case, opportunities often arise in temporal 

(sequential), yet random order of attractiveness. After 

evaluating each opportunity, the firm may choose one of the 

available alternatives, thereby stopping the process, or 

continue searching. If the firm decides to continue, it 

must weigh the time and costs of continued search against 

the certainties of the current alternatives. 

Perhaps the best example of a class of strategic 

business decisions that can be modeled with sequential 

observation techniques, is employee selection. Employee 

selection has come a long way from the 

interview/evaluation/decision pattern of the past. Today, 

most organizations recognize the importance of selecting top 

candidates, and invest considerable time and money in 

developing their human resource functions. The modern nlodel 



of employee selection often involves extensive tests, 

background checks, and mUltiple contacts with the 

organization's management and staff. 

This ongoing process of candidate selection is easily 

modeled in the sequential observation framework described 

earlier. While the next section of the paper introduces a 
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formal model for sequential observation and selection tasks, 

it is instructive to first consider the assumptions inherent 

in an applied model of employee selection. The model might 

generally assume that (1) the organization has a known 

number of positions available; (2) the number of applicants 

is known (at some point in the process, prior to a selection 

decision); (3) applicants can be rated, or at least ranked, 

based on the results of interviews, ability test, reference 

checks, and the like; (4) applicants need not be hired the 

day of their interview; they can be recalled at a later 

date; (5) the organization receives value from hiring 

qualified applicants, and, generally implied by the model; 

(6) that applicants arrive sequentially in random order of 

ability. 

Characterization of the 
Standard Secretary Problem 

The class of problems described above is often referred 

to as the "secretary problem" (SP), though sometimes called 



the "marriage problem" or "dowry problem". The first 

statement of the problem appeared in print in the February 

1960 column of Scientific American, although informal 

statements had appeared earlier (see Ferguson, 1989). 

Lindley (1961) seemed to be the first to solve the problem 
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in a scientific journal. Following Lindley's solution, the 

problem was taken up and extended by eminent mathematicians 

and statisticians, including Dynkin (1963), Chow, Mortiguti, 

Robbins, and Samuels (1964), and Gilbert and Mosteller 

(1966). In the last thirty years or so the problem has been 

significantly extended and generalized in many different 

directions. It now constitutes a field of study in 

mathematical probability. Surprisingly, although many of 

these generalizations have been motivated by applications, 

there have been no attempts to study them experimentally.l 

In the standard version of the SP, a known number (n) 

of items (alternatives) are presented to the DM one at a 

time in random order; all n! orders are equally likely. The 

DM is able at any time to rank order all the items that have 

been observed in terms of their desirability. As each item 

1 The only exception with which we are familiar is an 
unpublished Ph.D. dissertation by Corbin (1976). In 
other studies conducted by Kahan, Rapoport, and Jones 
(1967) and Corbin, Olson, and Abbondanza (1975), the 
subjects had limited opportunity to identify cardinal 
properties of the underlying distribution of the 
candidates. In the present study, we assume that only 
ordinal information is provided. 
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is presented, the DM must either accept it, in which case 

the observation process stops, or reject it, in which case 

the next item is presented and the DM faces the same problem 

as before. If the last item in the sequence is presented, 

it must be accepted. The DM's aim is to maximize the 

probability that the item selected is, in fact, the best of 

the n items available. 

The major features (assumptions) of the standard 

problem are as follows: 

1. There is one position available. 

2. The number of applicants is fixed and known. 

3. Applicants are interviewed in random order, each 

order being equally likely. 

4. The DM can rank all the applicants from best to 

worst without ties. The decision to accept or 

reject an applicant is based only on the relative 

ranks of those interviewed so far. 

5. Once rejected an applicant cannot be recalled. 

6. The DM is satisfied with nothing but the best. 

(The DM's payoff is 1 if he chooses the best of 

the n applicants, and 0 otherwise.) 

Although these assumptions simplify both the decision task 

and solution, they may seem rather restrictive to the 

behavioral scientist or practitioner. Perhaps this is why 

the original problem has not attracted much attention in 
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previous examinations of individual choice behavior. 2 

However, each of these features or assumptions can be 

relaxed offering both a different task for the DM and a 

different optimal solution. 

Generalizations to the Standard Model 

Many of the generalizations to the SP model involve 

relaxing one or more of the standard assumptions. For 

example, rather than assuming a single position (assumption 

1), one might consider SPs in which several positions are 

available (Gilbert & Mosteller, 1966; Sakaguchi, 1978). 

Rather than assuming that the number of applicants is known 

with precision (assumption 2), one may assume that the DM 

knows only the distribution of n. The assumption of random 

arrivals (assumption 3) can be replaced by the assumption 

that applicants are interviewed at time points of a Poisson 

process where A is known and the DM must choose before some 

fixed time T (Cowan & Zabezyk, 1978). 

Assumption 4, which states that there is no way to 

evaluate an applicant other than by relative ranks, can be 

replaced by the assumption that the probability distribution 

2 Despite these restrictions, one may argue that the 
"secretary problem" has more face validity than many of 
the conventional two-alternative gambling tasks which 
have received much attention in the study of individual 
choice under risk. 



of the applicants is known in advance, or can be learned 

during the interview process (see Sakaguchi, 1961, 1978; 

Gilbert & Mosteller, 1966; DeGroot, 1970; Stewert, 1978; 

Petrucelli, 1982). 
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Assumption 5, that the DM cannot select an applicant 

that has been rejected, can be generalized in several ways. 

One method is to introduce the possibility that an 

applicant, if selected, has some probability of not being 

available (Smith, 1975). Another method is to allow the DM 

to return to one of the last m rejected applicants. If 

available, the applicant can be selected, otherwise, the DM 

continues interviewing (Yang, 1974; Corbin, 1980). Finally, 

both methods can be used simultaneously (Petrucelli, 1981). 

The last assumption (6) can also be relaxed in 

different ways. The objection to the goal of maximizing the 

probability of accepting the best applicant is that it 

implies a utility function that takes on the value 1, if the 

best applicant is selected, and 0, otherwise. A more 

general assumption states that the DM receives Ui utility 

units if the applicant selected is the i th best. Special 

cases of this generalization have been examined by Lindley 

(1961), Chow et al (1964), Gilbert and Mosteller (1966), and 

Mucci (1973). 
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Solutions to the Secretary Problem 

While no attempt is made to outline all of the 

solutions to various extensions of the SP (see Freeman, 1983 

for a comprehensive review of the relevant literature), 

solutions to the standard problem and each of the two 

generalizations that were chosen for experimental 

investigation are described. To avoid troubJ~some 

t.erminology, an "applicant" refers to anyone of the n items 

available for selection, and a "candidate" refers to any 

item that has the highest rank among those items already 

presented. 

The Standard Problem: Consider the standard SP 

described in the previous section. The state of the 

decision process at any stage may be described by two 

integers (r,s), where r is the number of items presented and 

s is the rank of the r ili item. If s=l, this item is a 

candidate that can be considered for acceptance. Clearly, 

if s¢l, there is no point in accepting this item as it 

cannot possibly be the best. 

Using dynamic programming, Lindley (1961) first solved 

the problem. If we define 

a = 1 + r r 
1 

r+1 
+ ••• + 1 --, 

n-1 
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then the optimal action in state (r,l) is to stop searching 

if a r < 1 and to continue if a r > 1. Thus, if r* is the 

integer r, the optimal policy has a very simple structure: 

"reject the first r* - 1 applicants and 
then accept the first candidate 
thereafter." 

When this policy is applied, the probability of winning is 

As n ~ 00, r*/n ~ lie = 0.368. Similarly, the probability of 

winning also approaches lie as n ~ 00. Convergence to lie is 

reached rather quickly. For example, r*/n = 0.4, 0.4, 0.4, 

and 0.375 for n =10, 20, 40, and 80, respectively. The 

probabilities of winning associated with these values of n 

are 0.3987, 0.3842, 0.3757, and 0.3719 (Gilbert & Mosteller, 

1966). The asymptotic results seem counter-intuitive to 

individuals presented with the problem for the first time. 

One would expect the probability of winning -- choosing the 

best out of n applicants -- to decrease sharply as the 

number of applicants increases. 

When Second Best is Good Enough: The objection to the 

original goal of maximizing the probability of accepting the 

best item is that this implies a utility function that takes 

the value of 1, if the best item is selected, and 0 



otherwise. In many realistic situations the goal of 

"nothing but the best" is too stringent. A more realistic 

utility function is the one that takes on the value n-i, 

when the ith best item best item is selected. Maximizing 
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expected utility then corresponds to minimizing the expected 

rank of the selected item. This utility function was 

studied by both Lindley (1961) and Chow et al. (1964). 

Mucci (1973) studied a more general utility function, which 

subsumes the preceding function as a special case, in which 

the DM receives U1 units of utility if the item selected is 

the i th best. Here we consider the special case where 

This means that the choice of anyone of s best items is 

considered a win. We consider the special case s=2. The 

optimal policy for this case has the form: 

"reject the first r/ -1 items and 
choose the first candidate thereafter, 
but beginning with the r2*th item accept 
the best or second best item among those 
observed so far." 

As n ~ 00, rl* ~ 0.347 (n) and r2* ~ 2n/3. Gilbert and 

Mosteller (1966) calculated the optimal values of r 1 * and r 2 * 

for selected values of n, and provided formulas to calculate 

rl* and r/ for other values of n. For example, if n=20, 

then rl* = 8 and r2* = 14, if n=40, then rl* = 15 and r2* = 27, 

and if n = 80, then r 1 " = 29 and r 2 * = 54. The probability 



of winning for n=20, 40, and 80 is 0.6046, 0.5887 and 

0.5811, respectively. 
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Note that the optimal policy requires the DM, once she 

has passed r2* -1 items, to stop on either the best (rank 1) 

or second best (rank 2) item among those observed. The form 

of the optimal policy in this case is not at all intuitive. 

When the Number of Applicants is uncertain: Many 

hiring decisions, as well as other sequential observation 

and selection tasks, might be better modeled by assuming the 

DM only knows the probability distribution of n. The number 

of applicants for a job is typically not known with 

precision when the interviewing process begins. However, 

the interviewer may have a good idea of the distribution of 

the number of applicants. 

Pressman and Sonin (1972) investigated the SP where 

only the probability distribution of n is known. In 

general, the optimal policy for this case is no longer 

simple or transparent. However, when the distribution is 

uniform, geometric, or Poisson, the optimal policy returns 

to its standard form. If the number of items is distributed 

uniformly from 1 to n, a case which can be easily 

implemented in the laboratory, the optimal policy has the 

form: 



"reject the first r* -1 items and accept 
the first candidate thereafter", 
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where r* is approximately equal to n/e2 , and the probability 

of winning associated with the optimal policy approaches 

2/e2 = 0.2707 as n 4 00. PreSffinan and Sonin (1972) provide 

formulas to approximate r* for select values of n. Based of 

these formulas, r* = 6, 11, and 16 when n = 40, 80, and 120, 

respectively. 

Research Objectives 

Using the SP model, we propose to study sequential 

observation and selection behavior experimentally in the 

context of employee hiring decisions. The large 

mathematical literature on the problem has focused on 

finding and characterizing the optimal decision policies. 

Although testing the descriptive power of the optimal 

solutions is of interest, the primary focus is investigating 

decision rules or heuristics that people use when presented 

with sequential decision tasks. Based on incomplete results 

of preliminary and informal studies, it seems that 

reasonable subjects may do quite well in this class of 

problems by using a variety of decision rules of a 

relatively simple form: 



1. The DM may use a cutoff policy where the first r-1 

applicants are rejected, and the next top-ranked 

applicant (candidate) is selected. Note: this 

type of decision policy includes the optimal 

policy as a special case. 

2. Another simple decision policy that the DM may 

use, which makes minimal requirements on his 

cognitive system, is some form of candidate count, 

where the aim is to select the jth candidate. 

Clearly, this is a very easy policy to implement. 

With a judicious choice of j (for a given n), this 

policy may approximate the optimal policy rather 

well. 

3. Yet another relatively simple policy that some DMs 

may use is to focus on the number of successive 

non-candidates. The policy would take the form: 

select the first candidate after observing at 

least k consecutive non-candidates. This policy 

is also easy to implement; the DM has only to 

count the number of non-candidates after observing 

a candidate and then select the next candidate, if 

this number exceeds some threshold value h, or 

continue, otherwise. 

31 
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An additional area of interest in studying SP problems 

concerns learning. Clearly, subjects gain experience with 

the selection task over time. With increased experience, 

subjects may approach the optimal solutions, become more 

consistent in using their individual strategies, or exhibit 

other behavioral regularities. 

In addition to identifying individual policies that 

subjects use, and possible effects of learning, the research 

will also examine the sensitivity of the optimal solutions, 

as well as alternative non-optimal decision policies. Both 

of these areas have been largely ignored in the mathematical 

literature. Using extensive computer simulations, these 

results will be presented and discussed in Chapter 2. 

Many of the generalizations described earlier have 

considerable potential for interesting and productive 

results. Thus, the initial task of designing a research 

program is to choose between these options. The three 

experiments described in Chapters 3, 4, and 5 were chosen on 

the basis of their degree of realism, tractability of 

solution, and ease of experimental implementation. 

Experiment 1 (Chapter 3) was designed to study 

sequential observation and selection in the standard SP, 

where all the initial assumptions are met. Experiment 2 

(Chapter 4) was designed to study the SP where "second best 

is good enough". That is, subjects receive a payoff if they 
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select the first or second best applicant. Experiment 3 

(Chapter 5) captures the generalization of the problem where 

the number of applicants is uncertain. This research 

concludes with a summary discussion of the findings, 

highlighting the contributions, limitations, and directions 

for additional inquiry (Chapter 6) . 
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CHAPTER 2 - SIMULATING DECISION POLICIES 

Introduction 

Since the arrival of the modern computer, the 

application of simulation techniques to assist business 

decisions has flourished. Originally used in inventory and 

logistics planning, the popularity of simulation has spread 

beyond production areas to marketing, investment and 

financial planning, and personnel selection (Nersesian, 

1989). While simulation techniques are sometimes criticized 

for "solving the problem without providing a solution" 

(Jones, 1972), they are no less reliable than the 

conventional mathematical approach. Both methods are only 

as good as the underlying assumptions. Simulations can, 

however, offer unique advantages. First, simulations can be 

designed to fit the structure of the problem, whereas with 

mathematical solutions, the problem is often simplified to 

fit the structure of the model. Second, the technique can 

easily accommodate a wide range of values, whereas static 

models often assume only a few "more likely" outcomes. 

Finally, powered by contemporary hardware and programming 

languages, simulations are both fast and efficient. 
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Method 

A series of computer simulations were conducted to 

assess the sensitivity of optimal solutions and the 

effectiveness of various non-optimal decision policies l • 

Each of the three likely types of decision policies, cutoff, 

candidate count, and successive non-candidates, was 

evaluated. The number of applicants and problem variations 

mirror those chosen for the three experimental conditions. 

Each possible variant or form of the three decision 

policies was replicated 10,000 times. The replications 

followed a similar pattern. First, a pool of applicants was 

assembled using a random number generator, where the ability 

or rank of the applicants could be determined with 

certainty. Next, the applicants were presented to the 

decision policy one at a time in random order of ability. 

If the applicant was a candidate and met the other criteria 

of the decision policy under evaluation, the candidate was 

selected; otherwise interviewing continued. When a 

candidate was selected, the ranks of the remaining 

applicants were revealed. If the candidate remained the top 

ranked, a correct selection was noted. 

1 This is also known in the economics literature as 
"comparative statics", where you examine the sensitivity 
of the optimal policy to slight deviations from optimal 
behavior. 
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The simulations, written in MS-Qbasic (see Appendix C 

for sample program), track two important data items: the 

number of correct selections out of 10,000 replications, as 

well as the number of selections made. The first item 

yields a straight forward calculation of the probability of 

correct selection, which can be compared directly to the 

optimal solution reported in the mathematical literature. 

From the second item we calculate the probability that the 

decision policy finds a candidate, regardless if the 

candidate remains top-ranked at the end of the trial. This 

statistic is interesting for several reasons. First, it is 

obvious that decision policies vary not only in the 

probability of correct selection, but in the probability of 

candidate selection. While the optimal solution is 

concerned only with maximizing the probability of correct 

selection, individuals facing actual sequential observation 

and selection tasks may be influenced by the probability of 

candidate selection. 

Second, it is possible, even likely, that a decision 

policy may make a correct selection "by accident", and this 

chance selection should be distinguished from an intentional 

one. For example, imagine that the policy under evaluation 

is "select the sixth candidate" and by the next to last 

applicant only four candidates have been observed. If the 

last applicant turns out to be a candidate (and by 
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definition the correct selection), the simulation is 

required to select it. While this selection is correct, it 

occurred by virtue of being the last applicant, not by 

meeting the criteria set forth in the decision policy. In 

this example the number of correct selections is incremented 

by one, while the number of selection decisions is not. 

Results 

The results of the simulations are presented in 22 

separate figures. Each figure displays the number of 

correct selections and number of selections made for every 

combination of decision policy and experimental condition. 

Table 2.1 provides a summary and comparison of these 

results. Several statistics are reported for each of the 

three types of decision policies. The optimal threshold 

value, r*, j* or k* for the cutoff, candidate count, and 

number of successive non-candidates polices, respectively, 

indicates which form of the policy produces the highest 

probability of success. The values reported for the cutoff 

policy are based on theoretical results, but compare 

favorably to simulation results. The values reported for 

the candidate count and successive non-candidates policies 

are based on simulation results. The probability of 

candidate selection, given the optimal threshold, indicates 
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the likelihood that following the policy will generate a 

selection decision. All of these values are based on 

simulation results. The probability of correct selection, 

given the optimal threshold, indicates the likelihood that 

the decision policy will select the one best candidate from 

the pool of n applicants. Theoretical predictions are 

reported for the cutoff policy for the standard SP and 

"where second best is good enough"; the remaining values are 

provided by simulation. Finally, effectiveness captures the 

how well the policy performs compared the optimal policy. 

Since the cutoff policy is always optimal, and by definition 

100% effective, this statistic is not reported for the 

cutoff policy. The results are organized below by type of 

decision policy. 

Cutoff Policy 

Standard Secretary Problem 

Recall that the cutoff policy, which includes the 

optimal policy as a special case, takes on the simple form: 

"reject the first r*-l applicants, and select the next 

candidate". For the standard secretary problem with n=40 

applicants, the optimal solution is to reject the first 15 

applicants, then select the next candidate. Using this 



39 

policy, the probability of a correct selection is .3757 

(Gilbert & Mosteller, 1966). The simulation results for the 

standard secretary problem with n=40 candidates (Figure 2.1) 

are in line with these predictions. The distribution 

reaches its peak of 3776 correct selections (probability = 

.3776) when the policy of rejecting the first 14 applicants 

is adopted2
• 

What's most interesting about this distribution is not 

how closely the probability conforms to theoretical 

predictions, but the general shape of the probability 

distrubution. The single rounded peak suggests that the 

optimal solution is rather insensitive to small variations 

in r. For example, any r, where 9<r<23, achieves 90% of 

effectiveness of the optimal solution. And any r, where 

6<r<26, achieves 80% effectiveness. 

Finally, notice the declining linear trend in the 

number of times a selection occurs as the number of 

applicants' observed increases. While this results is 

somewhat intuitive, it provides an interesting point of 

comparison for other decision policies that will be 

evaluated. 

2 The theoretical prediction and simulation results for r* 
differed by 1. As a binomial test revealed no 
significant difference between these results, we conclude 
that the difference was due to random nature of the 
simulation. 



For the standard secretary problem where n=80 

applicants, the optimal solution is to reject the first 29 

applicants, then select the next candidate. Using this 

policy, the probability of a correct selection is .3719 

40 

(Gilbert & Mosteller, 1966). Again, the simulation results 

(Figure 2.2) are in line with these predictions. The 

distribution reaches its peak of 3748 correct selections 

(probability = .3748) when the policy of rejecting the first 

28 applicants is adopted. The shape of this distribution is 

almost identical to the n=40 case, again suggesting that the 

optimal solution is rather insensitive to small variations 

in r. For the n=80 case, any r, where 18<r<46, achieves 90% 

of the effectiveness of the optimal solution. And any r, 

where 13<r<Sl, achieves 80% effectiveness. 

Unknown Number of Applicants 

The sensitivity of the optimal policy can also be 

examined for other variations of the secretary problem. 

When the number of applicants is unknown, but uniformly 

distributed from 1 to 40, the optimal policy is to reject 

the first 5 applicants (±1), then select the next 

candidate. 3 When this policy is followed the probability 

3 Based on formulas provided by Presman & Sonin that 
provide approximate results. 
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of correct selection approaches .2707 from above as n ~ 00. 4 

The simulation results (Figure 2.3) provide similar 

findings. The distribution reaches its peak of 2899 correct 

selections (probability = .2899) when the policy of 

rejecting the first 5 applicants, then selecting the next 

candidate is adopted. Ninety percent effectiveness is 

achieved for any r, 3<r<11; and 80% effectiveness is reached 

for any r, 2<r<14. 

It is also interesting to note that the optimal 

solution for the SP with an unknown number of applicants is 

more sensitive to small perturbations in r than the one for 

the standard SP problem. Comparing Figure 2.3 to Figure 2.1 

reveals that the range of r values for achieving both 90% 

and 80% effectiveness is much smaller in the former than 

latter case. 

When n is uniformly distributed from 1 to 120, the 

optimal policy is to reject the first 15 applicants (±1), 

then select the next candidate, with the probability of 

correct selection approaching .2707 from above as n ~ 00. 

Again, the simulation results (Figure 2.4) provide similar 

outcomes. The distribution reaches a peak of 2791 correct 

selections (probability = .2791) at r* = 15 applicants. 

Ninety percent effectiveness is reported for any r, 8<r<29, 

4 Exact probabilities for uniform distributions of 
different size n are not given. 
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and 80% is reported for any r, 5<r<38. 

Note the steep slopes of the dotted lines in Figures 

2.3 and 2.4 capturing the number of times a selection 

occurred. This suggests that when the number of applicants 

is unknown, rejecting candidates early on may carry a great 

penalty in reducing the chances of ever finding another 

candidate. 

When Second Best is Good Enough 

Finally, the sensitivity of the cutoff policy is 

examined for the variation of the secretary problem where 

second best is good enough. Recall, that in this variation 

the optimal policy specifies two cutoff points. The first 

(r*l) identifies the threshold where only top rated 

candidates are selected, and the second (r*2) indicates the 

point where either top or second rated candidates are 

selected. Having two cutoff points raises several 

interesting possibilities for simulation. First, we examine 

the effects of setting r 1 at the optimal level and varying 

r 2. Next, we consider r 2 set at the optimal threshold and 

varying r 1 • Finally, we examine a single cutoff point where 

either the top or second rated candidate is selected. 5 

5 These three alternatives do not exhaust all the 
possibilities with two cutoff points. For example, one 
could consider decision policies that become more 
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When the first or second best candidate is good enough 

and there are n=40 applicants, the optimal policy is to 

reject the first 15 applicants, then select only the top 

ranked candidate until 26 applicants have been rejected, and 

then select either the top or second rated candidate 

thereafter. 6 Following this policy, the probability of 

correct selection is .5887. The simulation results in 

Figure 2.5 show the number of correct selections when r 1 is 

chosen optimally and r 2 is allowed to vary. Note, that 

although the simulation allows r 2<r*l' the relevant range of 

interest is where r\ <r2. 

Several interesting findings are noticed in Figure 2.5. 

First, the simulation results closely approximate the 

theoretical predictions. The distribution reaches its peak 

of 5892 correct selections (probability = .5892) when r 2 = 

27. Second, the flat shape of the distribution where r*1<r2 

suggests that the optimal policy is highly insensitive to 

variations in r 2. Ninety percent effectiveness is realized 

for any r 2, where 17<r2<40, and 80% is reached for any r 2, 

where 15<r2~40. Finally, notice the slope of the dotted 

line reporting the number of times a selection occurred. 

6 

restrictive as n increases, or simulate policies where 
neither r 1 nor r 2 is chosen optimally. 

Both r\ and r*2 are determined iteratively from equations 
provided by Gilbert and Mosteller. For the case of n=40, 
r*2 = 27 or 28. 
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This gradual decline suggests that varying r 2 in either 

direction from optimal has little impact on whether or not a 

candidate is actually selected; that is, r 1 has a greater 

impact on the number of selections decisions. 

With n=80 applicants, the optimal policy is to reject 

the first 29 applicants, then select only the top ranked 

candidate until 54 applicants have been rejected, then 

select either the top or second rated candidate thereafter. 

If this policy is followed the probability of correct 

selection is .5811. The corresponding simulation results, 

illustrated in Figure 2.6, are in line with these 

predictions. The distribution reaches a peak of 5844 

correct selections (probability = .5844) when r 2 = 57. The 

insensitivity of the optimal policy is again evident as 90% 

of the optimal probability is achieved when 35<r2<80, and 

80% is realized when 29<r2<80. 

The next pair of figures examines outcomes when r 2 is 

set at the optimal cutoff point and r 1 is allowed to vary. 

Figure 2.7 illustrates the case with n=40 applicants. 

Consistent with theoretical predictions, the distribution 

reaches a peak of 5900 correct selections (probability = 

.5900) when r 1 = 15. Again, the relatively flat shape of 

the distribution signifies the insensitivity of the optimal 

policy to small variations in r 1 , given r*2' Ninety percent 

of the optimal probability is achieved when 8<r1 <23, and 80% 
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is realized when 6<r1 <27. 

Two additional findings are also evident in Figure 2.7. 

First, notice the asymptotic result of approximately 4700 

correct selections for r 1 > 27. This result is easily 

explained. When r 1 > r*2' we have in effect a single cutoff 

point, r*2. Any variation in the number of correct 

selections is due to the random nature of the simulations, 

not systematic changes in r 1 • Finally, compare the slope of 

the dotted line in this figure to that of Figure 2.5. The 

steeper decline indicates that the number of times a 

selection occurs is more sensitive to changes in r 1 than to 

changes in r 2. 

Figure 2.8 illustrates the distribution of correct 

selections, given r*2' for n=80 applicants. The predicted 

probability of correct selection, .5811 for r*l = 29, 

compares favorably to the simulated outcome of .5831. The 

flat shape of the distribution and asymptotic result of 

approximately 4500 correct selections coincides with the 

explanations offered for n=40 applicants in Figure 2.7. 

The final pair of figures for this variation of the SP 

examines a non-optimal form of cutoff policy where a single 

threshold is-established, then either the best or second 

best candidate is selected. Figures 2.9 and 2.10 report the 

case where n=40 and n=80 applicants, respectively. When 

n=40 applicants, a decision policy with a single cutoff 
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point reaches a peak of 5174 correct selections when r=20. 

This is approximately 88% of the optimal theoretical 

probability. For n=80 applicants, a single cutoff point of 

r=40 yields 5134 correct selections, or, again, 88% of the 

optimal theoretical probability. Note that the simulated 

distributions in Figures 2.9 and 2.10 are symmetric with a 

mode of exactly n/2. Also in both distributions, a fairly 

wide range of cutoff points come close to the optimal 

probability. For n=40 applicants, 15<r<27 realizes 80% of 

the optimal probability, and for n=80 applicants, 29<r<52. 

Candidate Count 

This type of decision policy, while not optimal, is 

rather easy to implement, and may be adopted by people when 

they are faced with sequential observation and selection 

tasks. To implement the type of policy we first establish a 

threshold value, j. Then, we simply observe each applicant, 

and note whether or not the applicant is a candidate. When 

the count of candidates = j, where O<j<n, the candidate is 

selected, otherwise interviews continue. Through simulation 

we can determine which value(s) of j yield the highest 

probability of correct selection, and compare these outcomes 

to those arrived at by using optimal policies. The problem 

variations and choice of n used to generate the simulation 



results are identical to those used in the subsequent 

experiments. 

Standard Secretary Problem 
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When n=40 applicants (see Figure 2.11), selecting the 

fourth candidate (j=4) yields the highest probability of 

correct selection (probability = .2439). Note that this 

result is approximately 65% of what one would expect using 

the optimal solution. Also, note the narrow shape of the 

distribution. This suggests that small deviations in j have 

a serious effect on the probability of correct selection; 

setting j=3 lowers the probability of correct selection to 

.2044, while setting j=5 lowers it to .2139. 

Finally, notice the steep decline in the number of 

times a selection occurred. For j=4, the decision policy 

finds a candidate 67% of the time. If the threshold is 

increased to j=5, j=6, or j=7, the decision policy finds a 

candidate 42%, 22%, and 10% of the time, respectively. 

Thus, small increases in j greatly lower one's chance of 

finding a candidate. 

For the case n=80, shown in Figure 2.12, j=4 still 

yields the highest probability of correct selection (.2146), 

although this is only 58% of what one would expect using the 

optimal policy. The second best threshold value, j=5, 
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closely approximates these results with a probability of 

correct selection of .2135, or 57% of the optimal policy. 

Again, slight deviations from j=4 or j=5 result in serious 

reductions in the probability of selecting the best 

candidate. For j=3 the probability is reduced to .1438, and 

for j=6 it is reduced to .1701. 

The steep decline in the number of times a selection 

occurred is consistent with the previous results for n=40. 

For j=4, the decision policy finds a candidate approximately 

79% of the time. If the threshold is increased to j=5, j=6, 

or j=7, the decision policy finds a candidate 57%, 36%, and 

20% of the time, respectively. Again, slight increases in 

the threshold value of j, greatly reduces the chance of 

finding a candidate. 

Unknown Number of Applicants 

When the number of applicants is unknown but uniformly 

distributed from 1 to 40, j=3 yields the highest probability 

of success (see Figure 2.13). Interestingly, this candidate 

count decision policy yields a higher probability of success 

when the number of applicants is unknown (for 1~n~40, j=3, 

p=.2521), than known (for n=40, j=4, p=.2439). Further, 

this outcome reaches 87% of the success rate of the optimal 

policy. 
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The steep decline in the number of times a selection 

occurred is consistent with previous results for this type 

of decision policy. For j=3, the decision policy finds a 

candidate approximately 69% of the time. If the threshold 

is increased to j=4, j=5, or j=6, the decision policy finds 

a candidate 43%, 21%, and 10% of the time, respectively. 

When the unknown number of applicants is uniformly 

distributed from 1 to 120 (see Figure 2.14), j=4 yields the 

highest probability of success at .2028. This is 

approximately 73% of the success of the optimal policy. 

Similar to previous results, any deviation from this 

threshold value greatly reduces the chance for selecting the 

best candidate; for j=3 or j=5, the probability of success 

drops to .1791 and .1809, respectively. Also in agreement 

with previous results, slight increases in j sharply reduces 

the chance that a candidate will be selected. 

When Second Best is Good Enough 

Finally, the candidate count decision policy is 

examined for the variation of the SP where either the first 

of second best candidate is an acceptable choice. Figure 

2.15 displays the outcomes for n=40 applicants. The 

distribution reaches its peak at j=7, with a probability of 

success of .3456. This probability is only 59% of the what 



one can expect using the optimal policy, and declines 

sharply with small deviations in j. The number of times a 

selection occurs also declines sharply where j>7. 

The results for n=80 applicants, presented in Figure 

2.16 are very similar to the case for n=40. The 

distribution reaches a peak 3026 correct selections 

(probability = .3026) when j=8 candidates. Following this 
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policy, one could expect to achieve only 52% of the success 

of the optimal policy, with substantial penalties for small 

deviations in j. 

Successive Non-candidates 

This type of decision policy, while again not optimal, 

may be easily adopted by people faced with sequential 

observation and selection tasks. To implement this type of 

policy, we first establish a threshold value, k. Then, we 

count the number of applicants since the last candidate, and 

note whether or not the applicant is a candidate. If the 

applicant is a candidate, and our count is equal to or 

greater than k, the candidate is selected, otherwise, 

interviews continue. Through simulation we can determine 

which value(s) of k yield the highest probability of correct 

selection, and compare these probabilities to those arrived 

at by using optimal policies. 
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Standard Secretary Problem 

Figure 2.17 portrays results for the standard SP with 

n=40 applicants. The distribution reaches its peak at k=8 

applicants, with a probability of correct selection of 

.3653. This is 97% as effective as the optimal policy. In 

fact any k, where 5<k<11, realizes at least 90% of the 

success of the optimal policy, and any k, where 4<k<14 

realizes at least 80%. Also, notice the dotted line in 

figure 2.17 illustrating the number of times a selection 

occurred. Although the slope of the line is steeper than 

the comparable line for the optimal policy, it is less steep 

than that of the candidate count policy. Thus, small 

deviations in k have less of an impact on both the number of 

correct selections and the chances of finding candidates 

than similar deviations in j. 

When n=80 applicants (Figure 2.18), the shape of the 

distribution and comparisons to the optimal policy are 

analogous. Here the distribution reaches a peak at 

approximately k=14, with a probability of success of .3537. 

This is 95% as effective as the optimal policy. At least 

90% effectiveness is noted for 11<k<22, and 80% is noted for 

8<k<26. 
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Unknown Number of Applicants 

A decision policy based on counting the number of 

successive non-candidates can also be examined for other 

variations of the secretary problem. When the number of 

applicants is unknown, but uniformly distributed from 1 to 

40 (Figure 2.19), k=3 generates the best chance of correct 

selection. The probability of .2854 realizes 98% of the 

effectiveness of the optimal policy. Slight deviations in k 

are similarly effective, where 0<k<5 reaches 90% 

effectiveness, and 0<k<7 achieves 80%. 

Notice the sharp slope in the function depicting the 

number of selections made. Small increases beyond the 

optimal threshold value of k=3 greatly reduce one's chances 

of finding a candidate. Simulation results have shown this 

sharp slope to be typical of all decision policies when the 

number of applicants is unknown. 

When the unknown number of applicants is uniformly 

distributed from 1 to 120 (see Figure 2.20), k=9 generates 

the highest probability of success at .2767. Again, at 99%, 

this closely approximates the success of the optimal policy. 

Slight deviations in k are similarly effective, where 4<k<16 

reaches 90% effectiveness, and 2<k<20 achieves 80%. In 

agreement with previous results where the number of 

applicants is unknown, slight increases in k sharply reduces 



the chance that a candidate will be selected. 

When Second Best is Good Enough 

Finally, we consider the variation of the SP where 

either the best or second best candidate is acceptable. 

With n=40 applicants (Figure 2.21), the decision policy of 

counting successive non-candidates yields a probability of 

correct selection of .4609 when k=7. This is only 78% of 

what one could expect using the optimal policy. With n=80 

applicants (Figure 2.22), the results are similar; the 

probability of correct selection reaches a peak of .4566, 

79% of the optimal policy, at k=15 applicants. 

Discussion 

53 

The simulation results, compiled from over 12 million 

replications of the SP, indicate several prominent findings. 

Each of these findings and their implications are discussed 

below. First, for the three variations of the SP 

investigated, it has been shown that the optimal solution is 

rather insensitive to variations in r, the cutoff threshold. 

For example, setting r at anyone of 13 values (9<r<23) 

yields 90% effectiveness for the standard SP with n=40 

applicants. When "second best is good enough", the range is 



even wider; anyone of 22 values (17<r<40) yields 90% 

effectiveness. Given the insensitivity of the optimal 

solution, one might ask why it has received so much 

attention in theoretical studies, and almost no attention 

has been paid to sensitivity analysis. Additionally, one 

might suspect that subjects, unfamiliar with the optimal 

solution, might do quite well with this type of task in a 

laboratory setting. 
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A second conclusion from the simulations is that, for 

certain variations of the SP, at least one other type of 

decision policy performs remarkably well. With a judicious 

choice of k, counting the number of successive non

candidates is 99% as effective as the optimal cutoff policy 

when the number of unknown applicants is uniformly 

distributed between 1 and 120. In fact, this type of policy 

achieves at least 95% effectiveness for both the standard 

SP, with n=40 and n=80 applicants, and the unknown number of 

applicants, with 1<n~40 and 1~n~120 applicants. 

Third, non-optimal policies are more sensitive to 

variation from their optimal thresholds. That is, while the 

candidate count and successive non-candidates types of 

policies might approach the effectiveness of the optimal 

cutoff policy, this requires a judicious choice of j or k, 

respectively. Slight deviations from j* or k* greatly 

reduce the probability of correct selection. 
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Fourth, in the version of the SP "when second best is 

good enough", only those decision policies that distinguish 

between first and second best candidates perform well. The 

policy of counting candidates, where no distinction is made 

between best or second best, reaches only 52% effectiveness 

for n=80 applicants, and 59% for n=40 applicants. Counting 

the successive number of non-candidates, and failing to 

discriminate between best and second best, results in 78% 

and 79% effectiveness for n=40 and n=80 applicants, 

respectively. Establishing a single cutoff point (optimal) 

and then selecting either the best or second best, without 

distinction, performs at 88% of the optimal policy for both 

n=40 and n=80 applicants. 

The final conclusion drawn from the simulations is that 

decision policies not only vary in their probability of 

correctly selecting a candidate, but differ in their 

likelihood of candidate selection, and the rate of trade-off 

between the two. The point here is rather subtle, and best 

explained by example. Imagine two decision policies, A and 

B. Policy A selects a candidate on two out of every three 

trials, and given a selection decision, is correct one out 

of every two times. The prospect of correct selection, 1/3, 

is simply the product of the two probabilities. Policy B 

selects a candidate only one out of every two trials, but 

given a selection decision, is correct two out of every 
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three times. For policy B the prospect of correct selection 

is also 1/3. Although both policies may appear similar if 

judged solely on their levels of effectiveness, 

psychologically they may be quite different. When faced 

with a sequential observation and selection task, subjects 

might prefer a policy that is more likely to select a 

candidate, even if there is a greater chance that the 

selection is incorrect, to another policy where the chance 

of selection is less, and the probability of correct 

selection, given a selection decision, is higher. The 

rationale for this reasoning is developed in the following 

section of the paper. For now, it is important to note that 

these probabilities do vary between decision policies, and 

that the fundamental trade-off one makes in a sequential 

observation and selection task is between a decreasing 

chance of candidate selection and an increasing likelihood 

of correct selection, given a selection decision. 

The types of decision policies or "heuristics" examined 

in this chapter by no means exhaust the strategies or rules 

that subjects may use to solve the problem. Several, 

slightly less simple, policies easily come to mind. For 

example, subjects might adopt a candidate count policy where 

j depends on the remaining number of applicants. One might 

assume j to decrease as the end of applicants approaches. A 

similar type strategy could be envisioned for subjects that 
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attend to the number of successive non-candidates. Again, 

the threshold value of k might decrease as the end of 

applicants approaches. Subjects might also employ a 

decision policy combining j and k, and select a candidate if 

either j>j* or k>k*, whichever comes first. 

Clearly, none of these decision policies are beyond the 

cognitive abilities of human OMs. Deciding which additional 

policies should be investigated can be guided by empirical 

evidence that they are used in labratory settings, or 

anecdotal testimony that they are used in practice. The 

former proposition will be examined in subsequent chapters. 



Table 2.1 Summary of Simulation Results 

Standard Problem 

Cutoff Policy n=40 n=80 

Optimal Threshold (r) 16 30 

Probability of Candidate .6475 .6555 
Selection, given r " 

Probability of Correct .3757 .3719 
Selection, given r " 

Candidate Count 

Optimal Threshold (j) 4 4 

Probability of Candidate .6686 .7938 
Selection, given r 
Probability of Correct .2439 .2146 
Selection, given r 
Effectiveness 65% 58% 

Successive Non-candidates 

Optimal Threshold (le) 8 14 

Probability of Candidate .6798 .7033 
Selection, given k" 

Probability of Correct .3653 .3537 
selection, given k" 

Effectiveness 97% 95% 

Unknown Number 
of Applicants 

l<n<40 l~n~120 

6 16 

.6222 .6380 

.2899 .2791 

3 4 

.6923 .6524 

.2521 .2028 

87% 73% 

3 9 

.5708 .5970 

.2854 .2767 

98% 99% 

When Second Best 
is Good Enough 

n=40 n=80 

15,27 29,54 

.7776 .7623 

.5887 .5811 

7 8 

.6852 .7248 

.3456 .3026 

59% 52% 

7 15 

.7712 .7585 

.4609 .4566 

78% 79% 

I 

I 

0'1 
CX) 



FIGURE 2.1, Simulation Results - Standard Secretary Problem 
Type of Decision Policy: Cutoff Threshold 
Applicants = 40 Replications = 10,000 
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FIGURE 2.2, Simulation Results - Standard Secretary Problem 
Type of Decision Policy: Cutoff Threshold 
Applicants = 80 Replications = 10,000 
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FIGURE 2.3, Simulation Results - Unknown Number of Applicants 

Type of Decision Policy: Cutoff Threshold 

Applicants = 1 - 40, Replications = 10,000 
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FIGURE 2.4, Simulation Results - Unknown Number of Applicants 
Type of Decision Policy: Cutoff Threshold 

Applicants = 1 - 120, Replications = 10,000 
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FIGURE 2.5, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Cutoff Threshold (given optimal 1r ) 

Applicants = 40, Replications = 10,000 

---- ................... 
" ............ 

--, 
........................ 

................ , 
....... --. 

Number of 
Correct Selections 

Number of Times 
a Selection Occurred -----

10000 

z 
c: 

8000 3 
e
CD .., 
o -=i 

6000 ~ 
en 
Q) 

en 
CD 
CD 

4000 g.. 
o 
:::J 

o 
o 
o 
c: 

2000 ; 
Co 

o ' , 0 
3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 

Number of Applicants Observed 
~ 
w 



6000 

5000 z 
c 
3 
C" 
CD 
~ 4000 -n 
o ... ... 
~ 3000 
r+ 

en 
~ 
CD 
(') 

!:t.2000 o 
:::J 
en 

1000 

FIGURE 2.6, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Cutoff Threshold (given optimal 1r ) 

Applicants = 80, Replications = 10,000 
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FIGURE 2.7, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Cutoff Threshold (given optimal I ) 
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FIGURE 2.8, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Cutoff Threshold (given optimal! ) 

Applicants = 80, Replications = 10,000 
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FIGURE 2.9, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Cutoff Threshold (single) 

Applicants = 40, Replications = 10,000 
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FIGURE 2.10, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Cutoff Threshold (single) 

Applicants = 80 Replications = 10,000 
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FIGURE 2.11, Simulation Results - Standard Secretary Problem 
Type of Decision Policy: Candidate Count 
Applicants = 40, Replications = 10,000 
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FIGURE 2.12, Simulation Results - Standard Secretary Problem 
Type of Decision Policy: Candidate Count 
Applicants = 80, Replications = 10,000 

Number of 

\ Correct Selections 

z 
33000 
C" 
CD .., 
0 -n 
0 .., 
~ 2000 
r+ 

en 
CD 
CD 
o 
:::t. 
o 
:::J 
en 1000 I-

\ , , , , 
n 

Number of Times 
a Selection Occurred 

-----

~ 
~ 
~ 

". 

-t 10000 

1-1 8000 

-I 6000 

z 
c 
3 
C" 
CD .., 
o --I 
3· 
CD en 
Q) 

en 
~ 
CD 
o 

-I 4000 :::t. 
o 
:::J 

o 
o 
o c .., 

-t 2000 m 
Co 

~ J --,-- --. ~ ,-r l:=r -I -, T r: r: C I 0 
5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 

Jth Candidate Selected 
....... 
o 



4000 

z 
33000 
em .., 
o -() 
o .., 
~ 2000 o .... 
en 
m 
(j) 
o .... o· 
::J 
UJ 1000 

\ 

FIGURE 2.13, Simulation Results - Unknown Number of Applicants 
Type of Decision Policy: Candidate Count 

Applicants = 1 - 40, Replications = 10,000 
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FIGURE 2.14, Simulation Results - Unknown Number of Applicants 
Type of Decision Policy: Candidate Count 

Applicants = 1 - 120, Replications = 10,000 
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FIGURE 2.15, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Candidate Count 
Applicants = 40 Replications = 10,000 
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FIGURE 2.16, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Candidate Count 
Applicants = 80, Replications = 10,000 
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FIGURE 2.17, Simulation Results - Standard Secretary Problem 
Type of Decision Policy: Successive Non-candidates 

Applicants = 40, Replications = 10,000 
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Simulation Results - Standard Secretary Problem 
FIGURE 2.18, Type of Decision Policy: Successive Non-candidates 

Applicants = 80, Replications = 10,000 
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FIGURE 2.19, Simulation Results - Unknown Number of Applicants 

Type of Decision Policy: Successive Non-candidates 
Applicants = 1 - 40, Replications = 10,000 
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FIGURE 2.20, Simulation Results - Unknown Number of Applicants 
Type of Decision Policy: Successive Non-candidates 

Applicants = 1 - 120, Replications = 10,000 
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FIGURE 2.21, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Sucessive Non-candidates 

Applicants = 40 Replications = 10,000 
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FIGURE 2.22, Simulation Results - When Second Best is Good Enough 
Type of Decision Policy: Successive Non-candidates 

Applicants = 80, Replications = 10,000 
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CHAPTER 3 - THE STANDARD SECRETARY PROBLEM 

Introduction 

This chapter examines the standard version of the SP. 

Recall that the assumptions of the standard problem are: 

there is one position available, the number of applicants is 

known, applicants are interviewed in random order with each 

order being equally likely, the DM can rank all the 

applicants from best to worst without ties, once rejected an 

applicant cannot be recalled, and finally, the DM is 

satisfied with nothing but the best. When n=40 applicants, 

r* = 16, and the probability of correct selection is .3757. 

When n=80 applicants, r* = 30, and the probability of 

correct selection is .3719. 

Method 

Subjects 

Fifty subjects participated in the experiment. The 

subjects consisted of undergraduate students, graduate 

students, and a few university employees who responded to an 

advertisement in the school newspaper. The advertisement 

asked for volunteers, with payoff contingent on their 



performance, to participate in a computer-controlled 

experiment concerning hiring decisions. 

Procedure 
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Subjects were randomly assigned to one of two 

conditions, with 25 subjects in each condition. In 

Condition n=40, subjects faced the standard version of the 

SP with 40 applicants. In Condition n=80, the number of 

applicants was increased to 80. The experiment was 

conducted in the Behavioral Decision Lab (BDL) at the 

University of Arizona. Subjects arrived at the BDL in 

groups of six to eight. Each subject was then seated in a 

separate room in front of a computer terminal. They were 

asked to read the instructions (see Appendix), which were 

provided both on-line and hardcopy, then complete a brief 

sample exercise. The instructions explained the hiring 

decision task in which applicants would be presented in 

random order of ability, and that only the relative raking 

of each applicant would be displayed. The instructions also 

explained how these relative ranks changed as each new 

applicant was presented. The sample exercise was designed 

to test their understanding of the decision problem they 

faced. 

Once they completed the exercise, they were instructed 



to summon the experimenter. The experimenter checked the 

results of the exercise, answered any questions, and 

reminded the subjects that their payoff was contingent on 

performance. The experimenter then entered a password that 

initiated the actual trials. 

Each subject faced 100 independent replications 
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(trials) of the standard SP. Each trial followed a similar 

pattern. The relative rank of the first applicant was 

displayed (by definition, the relative rank of the first 

applicant is always 1). The subject was allowed to select 

(hire) this applicant, or view (interview) the next 

applicant. If the subject decided to interview the next 

applicant, the computer calculated and displayed the 

relative rankings of both applicants. After interviewing 

two applicants, the relative rankings were either 1 2 or 2 

1. The subject was given another opportunity to either hire 

the current applicant or interview another. This process 

continued until the subject either made a selection decision 

or ran out of applicants. If a selection occurred, the 

computer then revealed the complete rankings of all 

applicants, and informed the subject of the final rank of 

the applicant selected. If the applicant selected remained 

the top ranked, the computer informed the subject that he 

had made a correct selection, added either $0.30 (Condition 

n=40) or $0.50 (Condition n=80) to the subject's cumulative 
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earnings, and proceed to the next trial. The cumulative 

earnings and number of correct selections were continuously 

displayed at the top of the computer screen. 

After completing 100 trials, subjects were asked to 

complete a brief questionnaire 1
• The questionnaire asked 

the subjects to rate the importance of various factors in 

their hiring decisions, and describe in detail their 

strategy to select applicants. To motivate the subjects, 

they were informed that they would play one final trial, 

worth $3 for a correct selection, following the strategy 

they documented on their questionnaire. Following the 

completion of this final trial, subjects were paid for their 

cumulative earnings, debriefed, and dismissed from the lab. 

Subjects in Condition n=40 completed the experiment in 

approximately 75 minutes, while subjects in Condition n=80 

took between 90 and 120 minutes. 

Classifying Decision Policies 

Subjects' decisions were classified according to the 

three types of decision policies (models) introduced 

1 After collecting decision data and debriefing subjects in 
Condition n=80, it became clear that subjects were 
considering factors other than the number of applicants 
interviewed. The questionnaire, designed to identify 
these factors, was implemented starting with Condition 
n=40. 



earlier: (1) a cutoff policy where the subject selects the 

first candidate after observing i applicants, (2) a 

candidate count policy where the subject selects the jth 
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candidate observed, or (3) a successive non-candidate count 

policy where the subject selects the first candidate after 

observing k successive non-candidates. Notice that each 

type of decision policy allows various forms. For example, 

a subject might follow a strategy of simply counting 

candidates and make selection decisions after interviewing 

j=3 candidates. Another subject might follow the same ~ 

of strategy, but make selection decisions after interviewing 

j=4 candidates. Different levels of i, j, or k correspond 

to the term forms of decision policies. 

For each possible form of the three types of decision 

policies, we count the number of selections consistent with 

the variable i, j, or k, then provide distributions of the 
. 

results. The mode of each distribution indicates the 

maximum number of selection decisions consistent with that 

type of decision policy. 

Results 

Decision Policies - Condition n=40 

Before reporting the results of the individual decision 
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policies, several summary observations are in order. Table 

3.1 displays a synopsis of the results for both conditions. 

In Condition n=40, subjects completed 2500 trials, selected 

candidates in 1843 trials (73.7%), interviewed all of the 

applicants without making a selection in 630 trials (25.2%), 

and hired applicants who were not candidates on 27 trials 

(1.1%). These 27 trials where subjects selected non-

candidates can be attributed to occasional errors, boredom, 

or in at least one case, part of a deliberate strategy2. 

Because the primary focus is on classifying strategies that 

subjects use to select the best candidate, the subsequent 

analysis excludes trials where a non-candidate was selected. 

Overall, subjects in this condition made correct selections 

in 759 trials (30.4%). Mean earnings per subject was 

$10.19. Across all subjects the modal cutoff threshold was 

i=13, suggesting that in comparison to the optimal policy 

subjects may be selecting candidates too early. 

2 Subject 12 in Condition n=80 accounted for 40 of the 62 
trials where non-candidates were selected. Examination 
of individual results indicates that the subject would 
generally select a non-candidate only after more than 
half of the applicants had been interviewed. Thus, these 
40 decisions do not seem to be errors, rather part of a 
deliberate strategy to "give up" on the current trial and 
begin the next. 
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Classifications by For.m and Type 

Individual decision policies across all trials are 

reported in Table 3.2. This table shows the modal result 

and the proportion of decisions consistent with that result 

for each of the three types of decision policies. For 

example, consider Subject 5. Eighty-five percent of this 

subject's decisions were consistent with a cutoff policy of 

i=13 applicants, 39% were consistent with the policy of 

selecting the fourth candidate (j=4) interviewed, and 78% 

were consistent with selecting the first candidate after 

observing at least 6 successive non-candidates (k=6). By 

comparing across types of decision policies, it is clear 

that for Subject 5 a cutoff policy of the form i=13 captures 

the greatest proportion of actual decisions. By repeating 

these comparisons for every subject, we can determine the 

form of decision policy used, as well as which type explains 

most subjects' behavior3
• 

3 Note that for each type of decision policy it possible, 
even likely, to get multi-modal results. For example, 
for subj ect 2, cutoff policies of i=18 or i=19 each 
account for 83% of this subject's actual decisions. For 
subject 18, the successive non-candidate count policies 
of k=4, k=5, or k=6 each accounts for 66% of actual 
decisions. Note, too, that it is possible to have ties 
in the proportion of decisions across the three types of 
policies (for example, see Subject 1). In the case of 
ties, where we cannot ded~"'rmine which decision policy 
best represents the subject's actual data, each receives 
credit. 
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The analyses and results reported in Table 3.2 assume 

no change in the type of decision policy or parameter value 

across the 100 trials. It is possible that subjects adhere 

to one type of policy but change its single parameter, or 

that they switch from one type of policy to another with 

experience and feedback. These possible effects of learning 

are examined in a subsequent section by conducting a similar 

analysis on trials 1-50 and 51-100 seperately. 

The results in Table 3.2 indicate a variety of forms of 

cutoff policy ranging from i=3 to i=20. The proportion of 

decisions consistent with these forms ranges from .42 to 

.87. Overall, various forms of cutoff policy account for 

the greatest proportion of decisions for 19 of the 25 

subjects. Forms of candidate count policy range from j=3 to 

j=8, with the proportion of decisions consistent with these 

forms ranging from .32 to .48. No form of the candidate 

count policy accounts for the greatest proportion of a 

subject's decisions. Forms of successive non-candidate 

count policy range from k=l to k=13, with the proportion of 

decisions consistent with these forms ranging from .40 to 

.85. Overall, various forms of successive non-candidate 

count policy account for the greatest proportion of 

decisions for 8 of the 25 subjects. These comparisons 

suggest that a cutoff type policy is most successful in 

classifying subjects' decision data, out-performing the 



successive non-candidate count by more than a two-to-one 

margin. 
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The summary observations described above suggested that 

subjects may have been selecting candidates too early. To 

examine this question, we compared the modal cutoff results 

in Table 3.2 to the optimal cutoff threshold of 16. With 21 

out of 25 subjects reporting cutoff values less than 16, a 

sign test (m=24, p<.Ol) confirms this hypothesis. 

Effects of Learning 

With evidence that subjects systematically deviate from 

the optimal cutoff threshold, we might ask if they show 

signs of learning over repeated trials. Learning might be 

evident if, over time, decision strategies approach the 

optimal solution, or if subjects become more consistent in 

their use of existing strategies. To test these effects, we 

divided the 100 trials into two blocks of 50 (see Table 3.3 

for trials 1-50, and Table 3.4 for trials 51-100), then 

compared changes in the cutoff threshold and proportion of 

decisions consistent with the threshold value. From block 1 

to block 2, 15 subjects moved closer to the optimal 

solution, 5 stayed the same, and 5 moved away. A sign test 

(m=20, p<.05) yields a significant block effect. We also 

notice a significant improvement in the proportion of 
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decisions consistent with the cutoff values (m=22, p<.05). 

From block 1 to block 2, the number of consistent decisions 

increased for 21 subjects, stayed the same for 3 subjects 

and decreased for 1 subject. 

We might also find evidence of learning if subjects 

behaved differently following successes (wins) than 

following defeats (losses). To test this hypothesis we 

compared for each subject the modal cutoff threshold 

following a success to that following a failure. The 

results, reported in Table 3.5, show no effects for outcome 

of selection decision. Subjects neither raised nor lowered 

their cutoff thresholds, or moved them closer to the optimal 

solution following a success or failure. 

While this final test failed to show learning effects 

for outcome of selection decision, there remains strong 

evidence of learning over repeated trials as subjects 

approached the optimal solution, and became more consistent 

in their use of decision strategies. However, even after 50 

trials, a significant number of subjects (18) maintained 

cutoff values lower than the optimal threshold (m~24, 

p<.05) . 

Individual Performance 

Chapter 1 indicated that preliminary and informal 
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observations seemed to show that subjects do fairly well at 

sequential observation and selection tasks, even though the 

optimal solution to the problem is far from intuitive. To 

measure performance, we computed the proportion of correct 

selections for each subject, and compared this to what one 

would expect using the optimal solution. Examining this 

statistic over repeated trials also yields an indirect 

measure of learning. This measure is considered indirect 

because of the stochastic nature of the task. That is, it 

is quite likely to find individual subjects who moved closer 

to the optimal solution, but failed to improve performance. 

Or, conversely, one may find subjects who improved their 

performance, yet failed to show a movement toward the 

optimal solution. 

The proportion of correct selections, computed across 

all trials, and between block 1 and block 2, is reported in 

Table 3.6. Across all trials individual performance ranged 

from .14 to .42. The mean proportion of correct selections 

was .30 (SD = 0.069). This is approximately 80% of what one 

would expect using the optimal solution4 • Examining 

performance across blocks provides additional support for 

the learning hypothesis. The mean proportion of correct 

selections increased from .26 (SD = 0.087) in block 1 to .35 

4 Using the optimal solution the probability of correct 
selection is .3757 when n=40 applicants. 
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(SD = 0.069) in block 2. Further, 20 of the 25 subjects 

showed improved performance, while the remaining 5 subjects 

showed no change (m=20, p<.Ol). 

Decision Policies - Condition n=80 

Table 3.1 reports summary statistics for Condition 

n=80. In this condition subjects completed 2500 trials, 

selected candidates in 1904 trials (76.2%), interviewed all 

of the applicants without making a selection in 534 trials 

(21.4%), and hired applicants who were not candidates in 62 

trials (2.5%). Subjects made correct selections in 797 

trials (31.9%). Mean earnings per subject was $15.94. 

Across all subjects the modal cutoff threshold was 21, again 

suggesting that subjects may be selecting candidates too 

early. 

Classifications by For.m and Type 

Similar to the previous condition, individual decision 

policies were classified by form and type. The results, 

reported in Table 3.5, indicate a variety of forms of cutoff 

policy ranging from i=8 to i=40. The proportion of 

decisions consistent with these forms range from .41 to .74. 

Overall, various forms of cutoff policy account for the 
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greatest proportion of decisions for 21 of the 25 sUbjects. 

Forms of candidate count policy range from j=3 to j=7, with 

the proportion of decisions consistent with these forms 

ranging from .17 to .59. The candidate count policy 

accounts for the decisions of lout of 25 subjects. Forms 

of successive non-candidate count policy range from k=3 to 

k=18, with the proportion of decisions consistent with these 

forms ranging from .41 to .74. This type of policy accounts 

for the decisions of 8 out of 25 subjects. These 

comparisons again suggest that a cutoff type policy is most 

successful in classifying subjects' decision data, out

performing the successive non-candidate count, again by more 

than a two-to-one ratio. 

To determine if subjects were selecting candidates too 

early, we compared the modal cutoff values in Table 3.7 to 

the optimal cutoff threshold of 30. In this condition, 21 

subjects reported cutoff values less than 3D, 1 equal to 3D, 

and 3 greater than 30. Again, a sign test (m=24, p<.Ol) 

yielded significant results. 

Effects of Learning 

To test for learning, as in the previous condition, we 

divided the 100 trials into two blocks of 50 (see Table 3.8 

for trials 1-50, and Table 3.9 for trials 51-100), then 
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compared changes in the cutoff threshold and proportion of 

decisions consistent with the threshold value. We also 

examined changes in the cutoff threshold following a success 

or failure. 

From block 1 to block 2, 16 subjects moved closer to 

the optimal solution, 2 showed no change, and 7 moved away 

from the optimal solution. A sign test indicates this level 

of improvement is not significant (m=23, p>.OS). We also 

notice no improvement in the proportion of decisions 

consistent with the cutoff values (m=24, p>.OS). From block 

1 to block 2, consistency increased for 12 subjects, showed 

no change for 1 subject, and decreased for the remaining 12 

subjects. 

Changes in cutoff threshold following a success or 

failure are reported in Table 3.10. As in the previous 

condition, we find no effects for outcome of selection 

decision. Subjects neither raised nor lowered their cutoff 

thresholds, or moved them closer to the optimal solution 

following a success or failure. 

Thus, in Condition n=80 there is little evidence of 

learning. Over repeated trials subjects did not approach 

the optimal solution, or become more consistent in their use 

of decision strategies. Additionally, their behavior was 

not influenced by the outcome on the immediately preceding 

trial. 
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Individual Performance 

The proportion of correct selections for Condition n=80 

is reported in Table 3.11. Across all trials individual 

performance ranged from .16 to .45, with the mean equal to 

.32 (SD = 0.051). This is approximately 86% of what one 

would expect using the optimal solutions. Examining 

performance across blocks provides indirect support for 

learning. From block 1 to block 2 mean performance 

increased from .28 (SD = 0.060) to .36 (SD = 0.073), 

respectively. In addition, 20 of the 25 subjects showed 

improved performance (m=25, p<.Ol). 

Questionnaire Results - Condition n=40 

Subjects were asked to rate the importance, using a 

seven point Likert scale, of five factors in their selection 

decisions: (1) the number of times a "1" appeared, (2) the 

number of times a "2" appeared, (3) the number of times a 

"3" appeared, (4) the number of applicants since the last 

"1" appeared, and (5) the number of applicants interviewed 

since the last "1" appeared. The mean subject rating for 

each of these five factors for condition n=40 is shown in 

S Using the optimal solution the probability of correct 
selection is .3719 when n=80 applicants. 
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Figure 3.1, abbreviated as Ones, Twos, Threes, Last, and 

Apps, respectively. Apps received the highest mean 

importance rating (M = 6.0, SD = 1.29) followed by Last (M = 

4.9, SD = 1.89) , and Ones (M = 4.7, SD = 1. 90) . Twos (M = 

2.5, SD = 1.48) and Threes (M = 1.9, SD = 1.13) received 

considerably lower importance ratings. A repeated measures 

ANOVA (p<.OOl) confirms the significance of the differential 

ratings. Tukey HSD test indicates that the importance 

rating of Apps is significantly different from Last and Ones 

(p<.05), and that both Last and Ones is significantly 

different from Twos and Threes (p<.05). Thus, although Apps 

received the highest importance rating, both Last and Ones 

received some support as secondary criteria in selection 

decisions. 

Recall that subjects were also asked to describe in 

detail their strategy for selection decisions. To analyze 

these results, we classified strategies into several unique 

types (see Figure 3.2): ~ - if the subject mentioned 

using a simple cutoff strategy, Cand - if the subject simply 

counted candidates, Last - if the subject counted applicants 

since the last "1" appeared, AC - if the subject employed a 

strategy using both the number of applicants and candidate 

count, and Other - if their strategy could not be classified 

by one the types mentioned above. Over half of the subjects 

(52%) reported using some form of a simple cutoff policy. 
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However, 32% of the subjects reported that they considered 

both the number of applicants and candidate count in making 

selections decisions. In the Other category, subjects 

indicated that they used "intuition" and "instinct" in their 

selection decisions. 

The results from the questionnaires appear to differ 

from the actual decision data. The importance ratings of 

the factors considered, and documented selection strategies 

suggest that items other than the number of applicants 

interviewed are important considerations. Examining the 

combined effects of these factors on selection decisions is 

the subject of the next section. 

Cross-classification of Decision Policies 

The decision data reported in a previous section, were 

classified by determining the modal response to each of the 

three types of decision policies. Combined or joint effects 

were not considered. It's easy to show that any number of 

selection decisions may be consistent with various forms of 

cutoff, candidate count, and number of successive non

candidates type policies. Thus, subject' decision data for 

any given trial may fail to discriminate between types 

and/or forms of decision policies. To address this concern 

and begin to assess the combined effect (if any) of various 



levels of i, j, or k on selection decisions, we report a 

cross-clasification of the number of selections consistent 

with modal forms of decision policies. 
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The analysis was conducted as follows: having 

identified for each subject the modal responses for each of 

the three types of decision policies, we re-examined each 

selection decision and determined if it was (1) consistent 

with the modal results for all three types of policies; (2) 

consistent with the modal results for any two types of 

policies; (3) consistent with the modal result for a single 

type of policy; or (4) inconsistent with the modal results 

for all three types of decision policies. The results for 

each subject were then aggregated and displayed in the form 

of a Venn diagram where the area of each circle (or extent 

of overlap) and corresponding numeric labels, indicate the 

number of selection decisions consistent with that type of 

policy. 

To aid in the interpretation and explanation of 

findings, several points are in order. First, the combined 

area of the three circles indicates the number of decisions 

explained by subjects' modal values for the three types of 

decision policies. Converesly, the single number appearing 

outside of the three circles signifies the number of 

selection decisions that cannot be explained by the modal 

results for each type of policy. As expected, the numbers 
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sum to 2500 (25 subjects X 100 decisions). Second, also as 

expected, the total number of decisions consistent with any 

single type of decision policy is simply the sum of the four 

numbers within the circle. Third, the unique contribution 

of each type of decision policy is also of interest. This 

number is found by identifying the area within a circle that 

does not overlap with either of the remaining two circles. 

Finally, while we argue that these unique areas support the 

claim that subjects are influenced by factors other than the 

number of applicants (cutoff thresholds), we must admit an 

alternative explanation. Clearly, inconsistent or random 

selections would produce similar patterns. While we 

acknowledge that subjects may appear inconsistent, we argue 

that this inconsistency may be due to subjects attending to 

variations in candidate count and number of successive non

candidate values. This arguement is clearly supported by 

the analyses of questionnaire results. 

The results for Experiment 1 with n=40 applicants 

appear in Figure 3.3. Several interesting findings are 

reported. First, the figure shows that the (combined) modal 

values for the three types of decision policy account for 

83% ((2500 - 414)/ 2500) of all selection decisions. 

Second, there are substantial areas of overlap; 672 

selection decisions were consitent with the modal values for 

all three types of policies, 1517 (845 + 672) decisions were 
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consistent with the modal results for both cutoff and 

successive non-candidate count policies, and 708 (36 + 672) 

decisions were consistent with the modal results for both 

candidate count and number of successive non-candidate type 

policies. Third, consistent with the decision data for 

Condition n=40, modal forms of cutoff policies account for 

the largest proportion of selection decisions. A total of 

1731 decisions (118 + 845 + 96 + 672) are accounted for by 

subject's modal cutoff thresholds. This compares to 1670 

and 1006 decisions accounted for by the modal number of 

successive non-candidates, and candidate count policies, 

respectively. Finally, while cutoff-type policies account 

for the largest proportion of decisions, candidate count

type policies account for the greatest number of unique 

decisions, with 202. This compares to 118 and 117 unique 

decisions for cutoff threshold, an successive non-candidate 

policies, respectively. 

Results of the cross-classification analysis for 

Condition n=80 are presented in Figure 3.4. The findings 

are very similar to those of Condition n=40. First, the 

modal values for the three types of decision policies 

account for 77.1% ((2500 - 572)/ 2500) of all selection 

decisions. Second, we once again see substantial areas of 

overlap between types decision policies, with 574 decisions 

consitent with the modal values for all three types of 
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policies, 1398 (824 + 574) decisions consistent with the 

modal results for both cutoff and successive non-candidate 

count policies, and 593 (574 + 19) decisions consistent with 

the modal results for both candidate count and number of 

successive non-candidate type policies. Third, consistent 

with the decision data for this condition, modal forms of 

cutoff policies account for the largest proportion of 

selection decisions. A total of 1604 decisions (114 + 92 + 

824 + 574) are accounted for by subject's modal cutoff 

thresholds. This compares to 1548 and 859 decisions 

accounted for by the modal number of successive non

candidates, and candidate count policies, respectively. 

Finally, as in Condition n=40, candidate count policies 

account for the greatest number of unique decisions, with 

174. This compares to 131 and 114 for successive non

candidates and cutoff policies, respectively. 

The results of this cross-classification analysis 

support both the decision and questionnaire data presented 

earlier. While cutoff thresholds explain the greatest 

proportion of decisions, the candidate count and number of 

successive non-candidates appear to be important 

considerations for some subjects as well. Clearly, each of 

these types of policies explain a unique share of subjects' 

selection decisions. 
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Discussion 

Several important conclusions may be drawn from the 

findings discussed above. First, the suspicion that 

subjects perform rather well at sequential observation and 

selection tasks is confirmed. Performance averaged 80% and 

86% of the optimal solution in Conditions n=40, and n=80, 

respectively. Performance also improved for a significant 

number of subjects from block 1 to block 2 in both 

conditions. This suggests that even more improvement might 

be expected if subjects experienced more than 100 trials. 

Clearly, additional experiments designed to test for 

learning over repeated trials are warranted. 

Second, a cutoff type policy seems to account for most 

subjects' behavior. In Condition n=40, modal forms of the 

cutoff policy 19 of the 25 subjects, and 1731 out of 2500 

total decisions. In Condition n=80, this cutoff type 

policies account for the greatest proportion of decisions 

for to 21 of 25 subjects, and 1604 out of 2500 total 

decisions. While their behavior seems to conform to a 

simple cutoff policy, subjects report that other factors are 

also important to their selection decisions. Both the 

number of candidates observed and the successive number of 

non-candidates were mentioned as important considerations on 

subject questionnaires. In addition, when asked to document 



their strategy, over one-third of the subjects indicated 

that they considered the number of candidates observed. 
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Third, we find considerable evidence that subjects, 

when faced with the standard SP, select too early. In 

Condition n=40, cutoff thresholds for 21 subjects were less 

than the optimal prescription. Even after experiencing so 

trials, the cutoff thresholds for 18 subjects were still 

below the optimal value. This finding is repeated in 

Condition n=80 with 21 subjects employing cutoff policies 

earlier than the optimal prescription. Before offering an 

explanation for this finding, let us first examine the 

results across other experiments. If we find that it is a 

product of only the standard SP, our explanation rests on 

the particular assumptions and conditions presented to 

subjects in Experiment 1. If, on the other hand, the 

finding survives across all experiments, it is more likely a 

product of the general nature of sequential observation and 

selection tasks. 

Returning to the general discussion of findings, the 

fourth conclusion drawn is that there is mixed evidence for 

learning. In Condition n=40 subjects moved closer to the 

optimal solution, and became more consistent in their use of 

decision policies. Performance, an indirect measure of 

learning, also improved over trials. However, the 

adjustment that subjects made was clearly insufficient. In 
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Condition n=80, we find only limited support for learning. 

While the change in performance was significant, the amount 

of movement toward the optimal solution was not. Further, 

there was no evidence of more consistent use of decision 

policies. 

These learning results are somewhat difficult to 

reconcile. Why would there be evidence of learning in one 

condition and not in another? The explanations that follow 

provide only partial answers. First, consider how the 

probabilistic nature of the task can effect learning. 

Subjects might, in some trial-and-error fashion, adopt a 

strategy that approximates the optimal policy, yet, in the 

short-run, performs poorly. Conversely, subjects might 

adopt a non-optimal policy that, in the short run, performs 

better than the optimal policy. In either case, learning 

may prove troublesome. Outside the laboratory the problem 

of learning from sequential observation and selection is 

even greater. Many situations do not provide complete 

feedback, at least not in a timely manner. Consider hiring 

decisions. Once an applicant is selected, and assuming the 

applicant accepts, a manager seldom gets feedback concerning 

the remaining applicant pool. Exactly what the manager has 

learned remains an open question. While it is likely she 

assumes that she hired the best applicant, her speculation 

is not easily confirmed. 
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Second, we might ask how much learning is possible. 

With performance in excess of 80% and 86%, additional 

movement toward the optimal solution brings only marginal 

improvement in expected performance. Finally, we must 

consider the degree of realism inherent in the task. While 

people often face sequential observation and selection tasks 

in everyday life, how often do they consider a collection of 

40 or 80 items, where the number of items is known with 

certainty? 

Other aspects of the task might also be seen as 

limitations of the study. People seldom face sequential 

observation tasks where the reward is 1 for selecting the 

best, and 0 otherwise. Rewards for accurate selection 

decisions often take the form of distributions, where 

selections other than the best have some value to the 

decision maker. The inability to recall applicants (or 

items) is not always a condition of everyday sequential 

observation tasks. Whether interviewing job applicants, 

choosing an exit on the interstate, or considering marriage 

partners, people are seldom prohibited from considering past 

options. Finally, requiring subjects to make selection 

decisions based solely on relative ranks might also be 

criticized as unrealistic. People often have some notion of 

the underlying distribution of applicants, or can 

approximate the distribution with experience. 
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Thus, several aspects of the standard SP may be viewed 

by subjects as unrealistic. To enhance the degree of 

realism, we considered systematically relaxing those 

assumptions that seem unreasonable. In deciding which 

assumptions to ease, we considered both the tractability of 

solution, and ease of experimental implementation. In the 

following two chapters first the requirement of selecting 

only the best, and then certainty in the number of 

applicants are relaxed. The effects on selection behavior 

are then analyzed and discussed. 
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Table 3.1 Summary of Results - Experiment 1 

Conditions n=40 

Total Mean 

Candidates selected 1843 73.7 

Non-candidates selected 27 1.1 

No selections 630 25.2 

Completed trials 2500 100.0 

Correct selections 759 30.4 

Earnings per subject $10.19 

Overall modal response: i = 13 

Condition n = 80 

Total Mean 

Candidates selected 1904 76.2 

Non-candidates selected 62 2.5 

No selections 534 21.4 

Completed trials 2500 100.0 

Correct selections 797 31.9 

Earnings per subject $15.94 

Overall modal response: i = 21 



Table 3.2 Classification of Individual Decision Policies 
Experiment 1, 40 Applicants, All Trials 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 4 .45 3 .36 

2 1920 .83 8 .48 

3 3 .61 3 .48 

4 14 .72 4 .42 

5 13 .85 4 .39 

6 4 .42 3 .38 

7 14 .84 6 .40 

8 14 .81 6 .43 

9 11 .87 5 .34 

10 8 .72 3 .38 

11 15 16 .81 4 .40 

12 14 .78 4 .41 

13 11 .75 4 .43 

14 89 .58 3 .32 

15 14 .72 4 .43 

16 4 .50 3 .37 

17 18 1920 .70 4 .40 

18 14 .58 4 .40 

19 1920 .71 4 .46 

20 14 .74 5 .38 

21 7 .66 4 .47 

22 15 17 .70 4 .36 

23 9 10 .65 4 .39 

24 4 .60 3 .39 
25 13 .72 4 .39 
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Successive 
Non-candidates 

Pro. of 
k decisions 

3 .45 

11 .79 

1 .58 

7 .67 

6 .78 

1 .40 

7 .85 

10 .74 

6 .74 

5 .74 

8 .72 

7 .74 

4 .74 

4 .61 

6 .69 

2 .52 

10 .70 

456 .66 

13 .65 

56 .71 

4 .64 

78 .65 

4 .67 

2 .57 

7 .69 



Table 3.3 Classification of Individual Decision Policies 
Experiment 1, 40 Applicants, Trials 1 - 50. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 5 .40 1 .28 

2 18 19 .78 8 .36 

3 4 .54 3 .52 

4 10 .70 4 .38 

5 11 .76 3 .42 

6 3 .36 3 .30 

7 13 .86 36 .36 

8 14 .86 6 .38 

9 10 .82 . 34 .38 

10 8 .72 3 .38 

11 15 .80 4 .40 

12 13-15 .74 4 .38 

13 11 .76 4 .44 
14 7 .50 23 .28 

15 13 14 .62 4 .40 

16 4 .44 3 .30 

17 18 19 .72 4 .36 

18 11 13 .68 4 .42 

19 10 .64 4 .48 

20 14 .68 3 .36 

21 6-8 .58 4 .42 

22 15 .58 4 .26 

23 8 .62 4 .38 

24 4 .58 3 .40 

25 13 .nn 4 .38 
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Successive 
Non-candidates 

Pro. of 
k decisions 

23 .40 

11 .78 

1 .48 
7 .64 

56 .70 

1 .38 

7 .86 

7 .78 

6 - .66 

4 .76 

6 .72 

7 .72 

5-7 .68 

4-6 .50 

6 .62 

2 .44 
10 .68 

5 .66 
45 .64 

5 .66 

46 .58 

78 .58 

4 .66 

256 .50 
7 .n4 



Table 3.4 Classification of Individual Decision Policies 
Experiment 1, 40 Applicants, Trials 51 - 100. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 7 .58 3 .46 

2 20 .90 7 .62 

3 3 .70 2 .48 

4 16-18 .80 7 .46 

5 13 .98 5 .44 
6 9 .58 3 .46 

7 15 .88 5 .46 

8 16-18 .82 4 .48 

9 11 .94 45 .42 

10 78 .72 4 .42 

11 17 .88 6 .50 

12 15 .84 5 .46 

13 8 .82 4 .42 

14 9 .76 5 .38 

15 14 .82 4 .46 

16 578 .58 3 .44 
17 14 16 .72 4 .44 
18 8 .78 4 .38 

19 20 .80 6 .56 

20 12-16 .80 5 .46 

21 7 .74 4 .52 

22 17 .88 4 .46 

23 9 .72 4 .40 

24 911 .58 3 .38 

25 11 .80 4 .40 
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Successive 
Non-candidates 

Pro. of 
k decisions 

6 .52 

13 .82 

1 .65 
11 12 .74 
67 .86 

56 .50 

67 .84 

10 .74 

5 .84 

5 .74 

8 10-12 .74 

67 .76 

4 .82 

34 .72 

10 .80 

3 .64 

10 .72 

3 .78 
11-13 .74 

6 .78 

3 .72 

6-8 .72 

5 .70 

2 .64 
5 .76 



Table 3.5 Cutoff Threshold Following Outcome of Selection Decision 
Experiment 1, 40 Applicants, All Trials 

Following a Success Following a Failure 

Sub Number of Cutoff Number of Cutoff 
Decisions Threshold Decisions Threshold 

1 19 4 80 6 

2 30 21 69 18 

3 18 2 81 2 

4 34 14 65 13 

5 30 11 69 12 

6 20 6 79 3 

7 38 12 61 14 

8 35 14 64 13 

9 36 10 63 10 

10 24 7 75 7 

11 42 14 57 15 

12 40 14 59 11 

13 33 8 66 10 

14 27 7 72 12 

15 33 13 66 12 

16 14 2 85 5 

17 36 17 63 19 

18 34 7 65 10 

19 31 21 68 18 

20 33 12 66 13 

21 28 9 71 6 

22 33 15 66 14 

23 30 8 69 10 

24 25 3 74 10 

25 35 10 64 13 
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Table 3.6 Proportion of Correct Selections 
Experiment 1, 40 Applicants 

Sub All Trials Block 1 

1 .19 .10 
2 .30 .30 

3 .18 .16 

4 .34 .30 

5 .30 .26 

6 .20 .14 

7 .38 .34 

8 .35 .28 

9 .36 .36 

10 .24 .20 

11 .42 .38 

12 .40 .32 

13 .33 .30 

14 .27 .18 

15 .33 .30 

16 .14 .10 
17 .36 .32 

18 .34 .34 

19 .31 .28 

20 .33 .26 

21 .28 .28 

22 .33 .20 

23 .30 .30 

24 .26 .24 

25 .35 .32 

Mean ~o .26 
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Block 2 

.28 

.30 

.20 

.38 

.34 

.26 

.42 

.42 

.36 

.28 

.46 

.48 

.36 

.36 

.36 

.18 

.40 

.34 

.34 

.40 

.28 

.46 

.30 

.28 

.38 
'l5 



Table 3.7 Classification of Individual Decision Policies 
Experiment 1, 80 Applicants, All Trials 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 21 .69 5 .39 
2 12 13 .58 5 .36 
3 2122 .67 5 .35 

4 19 .61 5 .29 

5 222425 .58 7 .30 

6 2122 .71 5 .32 

7 23 .65 5 .39 
8 22 .61 5 .31 
9 8 .69 3 .29 
10 34 .75 5 .36 
11 21 22252629 .69 5 .41 
12 2931 .55 5 .17 
13 223940 .57 5 .59 
14 21 .66 5 .34 
15 21 .71 5 .42 
16 22 .60 5 .32 
17 21 .67 5 .33 
18 32-34 .74 5 .39 
19 22 .53 5 .27 
20 2829 .73 7 .42 
21 14 15 .41 5 .23 
22 8 .69 4 .30 
23 19 .60 4 .34 
24 17-19 .63 5 .31 
25 21 .72 5 .39 
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Successive 
Non-candidates 

Pro. of 
k decisions 

10 11 13 14 .63 
8911 .54 

8 .66 

12 .61 

18 .63 

11 .68 

15 .65 
11 .60 
36 .66 

16 17 .68 
16 18 .69 

18 .47 

18 .52 

10 .67 

14 15 .63 
1112 .58 

12 .67 
16-18 .71 
10-17 .50 

16 .68 

12 .41 

5 .72 
12 .55 
78 .62 
J7 .74 



Table 3.8 Classification of Individual Decision Policies 
Experiment 1, 80 Applicants, Trials 1 - 50. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 15 16 192222 .62 5 .36 
2 12 .62 5 .42 
3 15 16 .78 5 .36 
4 14 17-20 .64 5 .34 

5 21 .74 5 .34 
6 12 17 .64 6 .30 
7 18-21 .68 5 .42 

8 22 .64 5 .38 

9 7 .60 5 .30 
10 30-32 .84 7 .48 
11 17-22 .74 5 .36 

12 29 .48 7 .18 

13 21 22 .58 5 .50 

14 21-26 .70 5 .42 

15 21 .76 5 .46 

16 8 .54 3 .32 
17 2122 .62 5 .32 
18 3334 .80 7 .48 
19 9 10 .50 5 .24 
20 30-32 .74 6 .36 
21 2325 .46 6 .24 

22 78 .66 5 .34 

23 15 .60 4 .34 

24 17-20 .68 5 .38 
25 21 22 .78 5 .38 
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Successive 
Non-candidates 

Pro. of 
k decisions 

8-10 .60 
10 11 16-18 .58 

10 11 12 .76 
7 12 .60 
16-18 .72 

610 .62 

15 .60 

8-10 .60 
5 .60 

16-18 .72 

10 11 .70 

13 14 16-18 .40 

15-18 .52 

16-18 .70 

16-18 .72 

5 .58 
11 15 .60 

19 .72 
56 .46 

16-18 .62 
15-18 .46 

45 .64 

7 .62 

7 .66 
16-1R .76 



Table 3.9 Classification of Individual Decision Policies 
Experiment 1, 80 Applicants, Trials 51 - 100. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 21 .76 5 .42 

2 13 .58 4 .32 

3 2122 .60 5 .34 

4 2829 .62 4 .32 

5 41-44 .56 9 .32 

6 2122 .84 4 .38 

7 33-3541 .68 56 .36 

8 28 .60 3 .28 

9 8 .76 2 .34 

10 21 2434-37 .68 7 .36 

11 30 .84 5 .46 
12 31 .64 4 .20 

13 39 .64 5 .68 

14 20 .64 4 .30 

15 21 .66 5 .38 

16 22 .84 5 .44 

17 21 25-27 .72 5 .34 

18 222432 .70 5 .42 

19 22 .66 45 .30 

20 28 .76 7 .42 

21 15 .42 5 .26 

22 10 12 .76 3 .32 

23 14 .64 4 .34 

24 14 .64 4 .32 

25 2433-3R .6R 5 .40 
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Successive 
Non-candidates 

Pro. of 
k decisions 

11 13 14 .70 

89 13 14 .52 

8 .60 
13 .64 
22 .58 

11 12 .76 

13 .72 

11 .62 

36 .74 

12-14 .68 

16 18 .70 
18 .54 

25 2628 .54 
9 10 .70 

11 12 .58 
11 12 15 .74 

12 .76 
16-19 .72 
16 17 .64 
16 19 .74 

9 .46 

6 .82 

12 14 15 .54 

8 .60 
17 72 



Table 3.10 Cutoff Threshold Following Outcome of Selection Decision 
Experiment 2, 80 Applicants, All Trials 

Following a Success Following a Failure 

Sub Number of Cutoff Number of Cutoff 
Decisions Threshold Decisions Threshold 

1 33 26 66 20 
2 33 18 66 11 

3 32 11 67 20 
4 44 12 55 16 
5 30 20 69 23 
6 30 21 69 20 
7 31 17 68 27 
8 31 16 68 27 
9 25 6 74 7 

10 33 29 66 35 
11 37 35 62 21 
12 35 32 64 28 
13 28 40 71 21 
14 34 22 65 16 
15 34 18 65 20 
16 29 20 70 22 
17 31 20 68 20 

18 35 18 64 32 
19 25 29 74 18 
20 31 30 68 28 

21 16 19 83 13 
22 26 20 73 9 
23 35 13 64 15 
24 30 7 69 18 
25 35 40 64 24 
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Table 3.11 Proportion of Correct Selections 
Experiment 1, 80 Applicants 

Sub All Trials Block 1 Block 2 

1 .34 .30 .38 

2 .33 .28 .38 

3 .33 .32 .34 

4 .45 .38 .52 

5 .30 .34 .26 

6 .31 .24 .38 

7 .32 .28 .36 

8 .32 .26 .38 

9 .25 .28 .22 

10 .34 .36 .32 

11 .37 .32 .42 

12 .35 .26 .44 
13 .28 .24 .32 

14 .35 .34 .36 

15 .35 .32 .38 

16 .30 .18 .42 

17 .32 .22 .42 

18 .35 .36 .34 

19 .25 .14 .36 

20 .32 .30 .34 

21 .16 .18 .14 

22 .27 .24 .30 

23 .35 .30 .40 

24 .31 .26 .36 

25 .35 .34 .36 

Melm .12 .28 .36 



Figure 3. 1 - Importance of Factors Considered 

Experiment 1, 80 Applicants 

Apps 6.0 

Last 4.9 

Ones 4.7 

Twos 2.5 

Threes 
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Importance Rating 
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Figure 3.2 - Distribution of Reported Strategies 

Experiment 1, 80 Applicants 

Apps - 52% 

Last - 0% 

Cand - 4% 

AC - 32% 



FIGURE 3.3, Number of Selections Consistent With 
Modal Forms of Decision Policies 

Experiment 1, 40 Applicants 
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FIGURE 3.4, Number of Selections Consistent With 
Modal Forms of Decision Policies 

Experiment 1, 80 Applicants 
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CHAPTER 4 - WHEN SECOND BEST IS GOOD ENOUGH 

Introduction 

The previous chapter concluded that several assumptions 

of the standard SP may appear too restrictive; that the 

problem may fail to accurately model sequential obervation 

and selection tasks encountered in more natural settings. 

This chapter examines a variant of the SP in which the 

assumption of selecting only the single best applicant is 

relaxed. Experiment 2 is designed to study the problem 

where "second best is good enough". That is, subjects' 

payoffs are 1 if they hire the first or second best 

applicant, and 0, otherwise. The remaining assumptions of 

the standard problem remain unchanged; there is one position 

available, the number of applicants is known, once rejected 

an applicant cannot be recalled, applicants arrive in random 

order of ability, and applicants can be ranked by the DM 

from best to worse without ties. 

Recall that the optimal policy requires the DM to 

establish two cutoff points. The DM should reject the first 

rl*-l items and choose the next candidate thereafter, but 

beginning with item r2*' if no candidate was chosen, the DM 

should choose the best or second best among those observed. 

When n=40 applicants, rl* = 15, and r2* = 27. Following this 
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strategy, the probability of correct selection is .5887. 

When n=80 applicants, rl* = 29, r2* = 54, and the probability 

of correct selection is .5811. 

Method 

Subjects 

Fifty subjects participated in Experiment 2. The 

recruitment methods and composition of subjects were similar 

to Experiment 1. None of these subjects had participated in 

Experiment 1. 

Procedure 

As in the previous experiment, subjects were randomly 

assigned to one of two conditions with 25 subjects in each. 

In Condition n=40, subjects faced the current variant of the 

SP with 40 applicants. In Condition n=80, the number of 

applicants was increased to 80. The remaining procedures 

were identical to Experiment 1, with the following 

exceptions. To maintain expected payoffs in a fair and 

reasonable range, (1) earnings per correct selection was 

changed to $0.20 in Condition n=40, and $0.30 in Condition 

n=80, and (2) the payoff for the final trial was changed 



from $3.00 to $2.00. 
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(3) An additional section was added to 

the post-experiment questionnaire asking subjects to 

estimate the number of correct selections if they played 

another 100 trials, and played another trials with different 

numbers of applicants. Subjects in Condition n=40 completed 

the experiment in approximately 55 minutes, while subjects 

in Condition n=80 took nearly 90 minutes. 

Classifying Decision Policies 

Similar to Experiment 1, the subjects' decisions were 

classified according to the three general types of decision 

policies. Since earnings were based on selecting either 

best or second best candidates, procedures used to classify 

decisions were changed slightly. To determine the general 

form of cutoff policy, procedures were modified to 

accommodate two threshold values, with the proportion of 

consistent decisions satisfying both values. Procedures to 

determine the candidate count policy were changed to treat 

best and second best candidates equally. For example, a 

strategy of j=4 implies that the subject selects the fourth 

candidate observed, where fourth is determined by any 

combination of best and second best rankings. Finally, 

procedures determining the successive non-candidate count 

strategy were changed in a similar manner; a non-candidate 



was considered any applicant who was ranked third or 

below1
• 

Results 

Decision Policies - Condition n=40 

Table 4.1 displays a summary of the results for both 

conditions. In Condition n=40, subjects completed 2500 
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trials, and selected candidates in 1984 (79.4%) trials. Of 

the candidates selected, 1517 (76.5%) were ranked #1, and 

467 (23.5%) were ranked #2. Subjects interviewed all of the 

applicants without making a selection in 503 (20.1%) trials, 

and hired applicants who were not candidates in 13 (0.5%) 

trials. Overall, subjects in this condition made correct 

selections in 1083 (43.3%) trials. Mean earnings per 

subject were $9.54. Across all subjects the modal cutoff 

thresholds were r 1 = 13, and r 2 = 21, both slightly less 

(earlier) than the thresholds prescribed by the optimal 

solution. 

1 Clearly, other procedures, including those that 
distinguish between best and second best rankings could 
have been employed for the candidate count and successive 
non-candidate count decision policies. These were 
adopted in the interest of maintaining simple and 
tractable criteria. 
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Classifications by For.m and Type 

Individual decision policies across all trials are 

reported in Table 4.2. Again, the results suggest a variety 

of forms of cutoff policy2. The range of r 1 goes from 6 to 

21, while the values of r 2 vary from 8 to 29. The 

proportion of decisions consistent with these strategies 

ranges from .41 to .89. Overall, various forms of cutoff 

policy account for the greatest proportion of decisions for 

21 of the 25 sUbjects. Forms of candidate count policy 

range from j=4 to j=9, with the proportion of decisions 

consistent with these forms ranging from .25 to .44. No 

form of the candidate count policy accounts for the greatest 

proportion of a subject's decisions. Forms of successive 

non-candidate count policy range from k=3 to k=lO, with the 

proportion of decisions consistent with these forms ranging 

from .35 to .58. Overall, various forms of successive non-

candidate count policy account for the greatest proportion 

of decisions for 6 of the 25 subjects. These findings 

indicate that a cutoff type policy is most successful in 

classifying subjects' decision data, out-performing the 

successive non-candidate count by more than a three-to-one 

2 This exhibit is changed slightly from Experiment 1. with 
the addition of a second cutoff value, economy dictates 
reporting only a single modal result for each cutoff 
value. When multi-modal results were encounter, the 
median of the modal responses was selected. 



127 

ratio. 

The summary observations suggested that the overall 

modal responses of threshold values were slightly less than 

optimal values. To test this observation we compared the 

first and second observed cutoff values to their optimal 

counterparts. Although 15 of the observed r 1 values are 

less than rl*' a sign test fails to reject the hypothesis 

that the median and reference values are equal (m=21, 

p>.05). However, a second sign test comparing observed r 2 

values to r2* finds that 22 subjects set their second cutoff 

threshold too early (m=25, p<.OI). 

Effects of Learning 

Again, with some evidence that subjects systematically 

deviate from the optimal cutoff threshold, we examine 

evidence of learning over repeated trials. To test for 

learning we investigate changes in both cutoff values, and 

the proportion of decisions consistent with those values 

from block 1 (Table 4.3) to block 2 (Table 4.4). For r 1 we 

notice that 18 out of 25 subjects moved their initial cutoff 

threshold toward the optimal value (m=24, p<.05). 

Interestingly, this had the effect of moving the median 

observed r 1 value away from r 1·, such that the difference, 

following the experience of 50 trials, is now significant 
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(m=25, p<.Ol). Clearly, this deserves further explanation. 

Of the 18 subjects that moved closer to the optimal 

threshold, 5 were below the optimal value, and 13 were 

above. Of the 5 that were below, all moved closer without 

exceeding the optimal value. Of the 13 that were above, 8 

over-compensated and lowered their initial cutoff value 

below the optimal threshold. No significant trend in r 2 was 

noticed. stated simply, it appears that most subjects 

adjusted their strategies with experience. They moved their 

initial cutoff thresholds toward the optimal solution, 

however, individuals whose cutoff thresholds were above the 

optimal value made the largest adjustments, generally over

compensating. 

We also note a significant increase in the proportion 

of decisions consistent with the cutoff policy. From block 

1 to block 2, 18 subjects showed increased consistency while 

only 5 showed declines (m=23, p<.05). 

We might also find evidence of learning if subjects 

behaved differently following successes (wins) than 

following defeats (losses). Again, to test this hypothesis 

we compared for each subject the modal cutoff thresholds for 

r 1 and r 2 following a success to those following a failure. 

The results, reported in Table 4.5, show no meaningful 

effects for outcome of selection decision. While it appears 

that subjects may have raised their initial cutoff threshold 



following a failure, this change did not lead to more 

optimal play. In addition, no change was noticed for r 2 

cutoff values. 
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To recap, two measures exhibit indications of learning 

as subjects moved closer to the optimal threshold with 

experience, and became more consistent in their use of 

decision policies. However, significant changes in decision 

policies following success or failure were not detected. 

Individual Performance 

The proportion of correct selections for Condition n=40 

is reported in Table 4.6. Across all trials the performance 

measure ranged from .31 to .54, with the mean equal to .43 

(SO = 0.059). This is approximately 74% of what one would 

expect using the optimal soultion3
• Examining preformance 

across blocks provides no support for learning. Increased 

performance is noticed for 11 subjects, decreased 

performance for 11 subjects, and no change in performance 

noticed for the remaining 3 subjects (m=22, p>.05). In 

addition, mean performance changed little from .43 (SO = 

0.082) in block 1 to .44 (SO = 0.051) in block 2. 

3 Using the optimal solution the probablity of correct 
selection is .5887 when n=40 applicants. 
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Decision Policies - Condition n=80 

Summary statistics for Condition n=80 are reported in 

the bottom half of Table 4.1. In this condition subjects 

completed 2500 trials, and selected candidates in 2096 

(83.8%) trials. Of the candidates selected, 1484 (70.8%) 

were ranked #1, and 612 (29.2%) were ranked #2. Subjects 

interviewed all of the applicants without making a selection 

in 380 (15.2%) trials, and hired applicants who were not 

candidates in 24 (1.0%) trials. Overall, subjects in this 

condition made correct selections in 1076 (43.0%) trials. 

Mean earnings per subject were $14.03. Across all subjects 

'".. the modal cutoff thresholds were r 1 = 37, and r 2 = 40. 

Classifications by For.m and Type 

The range of r 1 varies from 12 to 44, while the values 

of r 2 range from 14 to 52 (see Table 4.7). The proportion 

of decisions consistent with these strategies range from .21 

to .74. Overall, various forms of cutoff policy account for 

the greatest proportion of decisions for 22 of the 25 

subjects. Forms of candidate count policy range from j=5 to 

j=10, with the proportion of decisions consistent with these 

forms ranging from .23 to .36. The candidate count policy 

accounts for the greatest proportion of a single subject's 



131 

decisions. Forms of successive non-candidate count policy 

range from k=6 to k=26, with the proportion of decisions 

consistent with these forms ranging from .19 to .56. Forms 

of successive non-candidate count policy account for the 

greatest proportion of decisions for 4 of the 25 subjects. 

These findings again indicate that a cutoff type policy is 

most successful in classifying subjects' decision data, out

performing the successive non-candidate count by more than a 

five-to-one ratio. 

Summary observations indicated that subjects' initial 

cutoff values might be close to the optimal threshold, while 

their second cutoff value was too low. To test this 

observation we again compared the first and second observed 

cutoff values to their optimal counterparts. A sign test 

failed to reject the hypothesis that the median observed 

values (r1 ) and reference values (rl*) are equal (m=21, 

p>.05). However, a second sign test comparing observed r 2 

values to r2* found that 24 subjects set their second cutoff 

threshold too early (m=25, p<.Ol). Thus, as in Condition 

n=40, it appears that initial cutoff values approximate the 

optimal solution, but second cutoff thresholds are set too 

early. 
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Effects of Learning 

As in the previous condition, to test for learning we 

examine changes in both cutoff values, and the proportion of 

decisions consistent with those values over blocks of 50 

trials. These results are reported in Tables 4.8 and 4.9. 

For r 1 we notice no significant trend from block 1 to block 

2. However, for r 2 we notice a significant improvement. 

Following 50 trials, 17 subjects moved their second cutoff 

threshold closer to the optimal solution (m=21, p<.Ol). 

Examining the proportion of decisions consistent with each 

strategy, we find increases for 16 subjects, and decreases 

for the remaining 9. Although this fails to reach 

significance, it is in the expected direction. 

In our final check for learning, we once again compared 

decision policies following successes to those following 

faliures. The results, reported in Table 4.10, are 

generally consistent with those for Condition n=40, and show 

no meaningful effects for outcome of selection decision. 

While it appears that subjects may have lowered their 

initial cutoff threshold following a failure (m=25, p<.05), 

this change did not result in r 1 cutoff values moving in the 

direction of the optimal solution. Further, no change was 

noticed for r 2 cutoff values. 

Thus, we find only limited evidence of learning; over 
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time subjects moved their second cutoff threshold closer to 

the optimal solution, and, although the change in 

consistency was in the direction of learning, it failed to 

reach significance. 

Individual Performance 

Table 4.11 displays the proportion of correct 

selections for Condition n=80. Across all trials the 

proportion of correct selections ranged from .20 to .55, 

with the mean equal to .43 (SD = 0.088). As in the previous 

condition, this is approximately 74% of what one would 

expect using the optimal soultion4
• Also in agreement with 

findings from the previous condition, preformance across 

blocks provides no support for learning. With increased 

performance noticed for only 10 subjects, this finding is 

not significant (m=22, p>.05). Additionly, mean performance 

dropped slightly from .44 (SD = 0.095) in block 1 to .42 (SD 

= 0.099) in block 2. 

Questionnaire Results - Condition n=40 

4 

As in Experiment 1, subjects were asked to rate the 

Using the optimal solution the probablity of correct 
selection is .5811 when n=80 applicants. 
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importance of various factors in their selection decisions. 

The mean importance rating for each of these factors appears 

in the top half of Figure 4.1. Apps received the highest 

mean importance rating (M = 5.7, SD = 1.54) followed by Ones 

(M = 5.3, SD = 1.57), Last (M = 4.5, SD = 2.04), Twos (M = 

3.9, SD = 1.85) and Threes (M = 2.0, SD = 1.50). A repeated 

measures ANOVA (p<.OOl) confirms the significance of the 

differential ratings. Tukey HSD test indicates that the 

importance ratings of both Apps and Ones are significantly 

different from Twos and Threes (p<.05), and that the mean 

rating of Last is significantly different from Threes 

(p<.05). Thus, although Apps received the highest 

importance rating, it did not differ from Ones or Last in 

any significant fashion. Consequently, we conclude that 

these three factors were equally important in selection 

decisions. 

Similar to Experiment 1, subjects were also asked to 

describe their strategy for selection decisions. The 

results are reported in the top of Figure 4.2. Once again 

AQQ§ refers to a simple cutoff strategy, Cand indicates a 

strategy of simply counting candidates, Last indicates a 

strategy of counting applicants since the last "1" appeared, 

AC points to a strategy using both the number of applicants 

and candidate count, and Other means that the subject's 

strategy could not be classified by one the types mentioned 
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above. Finally, a new category, A2, refers to a cutoff 

policy where subjects distinguished between top and second 

ranked applicants. Under this coding scheme, the optimal 

policy is a form of A2. 

Over half of the subjects (52%) reported using some 

form of A2. AC type strategies were evident for 12% (3) of 

the subjects, and Other accounted for 20% (5). A closer 

examination of these Other strategies finds subjects using a 

curious mix of counting applicants, candidates (both Ones 

and Twos), and, in two cases, relying on the position of the 

top candidate in the previous trial(s). 

Questionnaire Results - Condition n=80 

The mean importance ratings appear in the bottom half 

of Figure 4.1. Once again, Apps, Ones and Last received the 

highest ratings, although the order differed slightly in the 

present condition. Ones received the highest mean 

importance rating (M = 5.3, SD = 1.72) followed by Apps (M = 

5.0, SD = 2.06), and Last (M = 4.5, SD = 1.78). Twos (M = 

3.7, SD = 1.67) and Threes (M = 1.8, SD = 0.97) were once 

again rated as rather unimportant considerations. A 

repeated measures ANOVA (p<.OOl) confirms the significance 

of the differential ratings. Tukey HSD test indicates that 

the importance ratings of both Ones and Apps are 
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significantly different from Twos and Threes (p<.OS), and 

that the mean rating of Last is significantly different from 

Threes (p<.OS). Consequently, although Ones received the 

highest importance rating, it did not differ from Apps or 

Last in a significant manner. These differences are 

entirely consistent with the findings in Condition n=40. 

The distribution of reported strategies for Condition 

n=80 appears in the bottom half of Figure 4.2. Once again, 

category A2 accounts for the largest proportion (36%) of 

individual strategies, followed by Other (24%) and AC (20%). 

A closer examination of Other once again reveals peculiar 

combinations of strategies where subjects reported that a 

variety of factors influenced their selection decisions. 

Estimated Number of Correct Selections 

Recall that in Experiment 2, additional questions 

prompted subjects to estimate the number of correct 

selections they would make if they played an additional 100 

trials with different numbers of applicants. Subjects in 

Condition n=40 estimated the number of correct selections, 

if the number of applicants (a) remained at 40, (b) was 

increased to 80, or (c) was increased to 120. Subjects in 

Condition n=80 estimated the number of correct selections if 

the number of applicants (a) was decreased to 40, (b) 



remained at 80, or (c) was increased to 120. These 

estimates are the subject of the next analysis. 
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Results of a 2 X 3 ANOVA (2 Condition X 3 applicants, 

with applicants as a repeated factor) appear in Figure 4.3. 

The solid line represents Condition n=40, and the dashed 

line illustrates Condition n=80. The solid and empty 

triangle markers indicate the actual number of correct 

selections for Conditions n=40 and n=80, respectively. Two 

main effects are evident. First, the main effect for 

condition is highly significant (F1 • 4B = 30.57, p<. 0001) . 

This indicates that estimates of the number of correct 

selections based on a different number of applicants are 

greatly influenced by the experience one gained in the 

condition they were assigned. Second, and perhaps more 

important, the effect for applicants is also highly 

significant (F2 • 96 = 61.87, p<. 0001). Interpreting this 

finding is straightforward. Subjects in each condition 

failed to appreciate the asymptotic nature of the task. 

They thought their performance would improve if the number 

of applicants was reduced, and worsen if the number of 

applicants was increased. 

This exhibit also illustrates another interesting 

effect. Note the vertical distance from each triangle 

marker to the corresponding line segment. This distance 

indicates the mean level of performance improvement that 
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subjects estimated if they were to face an additional 100 

trials under similar circumstances. Subjects in Condition 

n=40 estimated that the mean number of correct selections 

would increase from 43.3 to 48.9. Subjects in Condition 

n=80 are even more optimistic, estimating an improvement 

from 43.0 to 51.2 mean correct selections. The results of 

paired t tests indicate that these differences are highly 

significant in both conditions (t24 = 5.03, p<.OOOl in 

Condition n=40i t24 = 5.27, p<.OOOl in Condition n=80). 

As in Experiment 1, the results from the questionnaires 

differed from the actual decision data. The importance 

ratings of the factors considered, and the documented 

selection strategies suggest that items other than the 

number of applicants interviewed are important 

considerations. Examining the combined effects of these 

factors on selection decisions is the subject of the next 

section. 

Cross-classification of Decision Policies 

The cross-classification of decision policies by modal 

forms of cutoff threshold, successive non-candidates, and 

candidate count policies was conducted in a manner similar 

to that of Experiment 1. Accomodating both r 1 and r 2 

threshold values presents no special problems. Summary 
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statistics for each condition report the number of selection 

decisions that were (1) consistent with the modal results 

for all three types of policies; (2) consistent with the 

modal results for any two types of policies; (3) consistent 

with the modal result for a single type of policy; or (4) 

inconsistent with the modal results for all three types of 

decision policies. 

Figure 4.4 displays the cross-classification results 

for Condition n=40. Several findings are apparent. First, 

the modal values for the three types of decision policy 

account for 76.6% ((2500 - 585)/ 2500) of all selection 

decisions. Second, as in Experiment 1, there are 

substantial areas of overlap between types decision 

policies; 462 selection decisions were consitent with the 

modal values for all three types of policies, 1067 (60S + 

462) decisions were consistent with the modal results for 

both cutoff and successive non-candidate count policies, and 

484 (462 + 22) decisions were consistent with the modal 

results for both candidate count and number of successive 

non-candidate type policies. Third, consistent with the 

decision data for Condition n=40, modal forms of cutoff 

policies account for the largest proportion of selection 

decisions. A total of 1532 decisions (279 + 186 + 60S + 

462) are accounted for by subject's modal cutoff thresholds. 

This compares to 1225 and 895 decisions accounted for by the 
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modal number of successive non-candidates, and candidate 

count policies, respectively. Finally, cutoff policies also 

account for the greatest number of unique decisions, with 

279. This compares to 225 and 136 uniques decisions for 

candidate count and successive non-candidate policies, 

respectively. 

Results of the cross-classification analysis for 

Condition n=80 are presented in Figure 4.5. The findings 

are very similar to those of Condition n=40. First, the 

modal values for the three types of decision policy account 

for 70.0% ((2500 - 749)/ 2500) of all selection decisions. 

Second, we once again see substantial areas of overlap 

between types decision policies, with 287 selection 

decisions consitent with the modal values for all three 

types of policies, 940 (653 + 287) decisions consistent with 

the modal results for both cutoff and successive non

candidate count policies, and 318 (287 + 31) decisions 

consistent with the modal results for both candidate count 

and number of successive non-candidate type policies. 

Third, consistent with the decision data for this condition, 

modal forms of cutoff policies account for the largest 

proportion of selection decisions. A total of 1372 

decisions (286 + 146 + 653 + 287) are accounted for by 

subject's modal cutoff thresholds. This compares to 1114 

and 669 decisions accounted for by the modal number of 
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successive non-candidates, and candidate count policies, 

respectively. Finally, also in agreement with Condition 

n=40, cutoff-type policies account for the greatest number 

of unique decisions (286), compared to successive non

candidates (143), and candidate count policies (205). 

The results of this cross-classification analysis are 

generally consistent with those from Experiment 1, and 

support both the decision and questionnaire data presented 

earlier. While there is substanital overlap between types 

of decision policies, and cutoff thresholds explain the 

greatest proportion of both total and uniques decisions, it 

appears that both the number of successive non-candidates 

and candidate count are important considerations for some 

subjects as well. 

Discussion 

Experimenet 2 differed from Experiment 1 by relaxing 

the requirement that "only the best will do". When payoffs 

are set at 1 for selecting the s best applicants, and 0 

otherwise, the optimal solution requires the DM to establish 

two cutoff points. While the exact form of the optimal 

solution is not at all intuitive, perhaps the general 

structure of the solution is. That is, if a selection 

decision is made early on, it is better to select only a 



142 

top-ranked candidates. Whereas if a selection decision is 

delayed toward the end of the applicant pool, it is clearly 

better to relax the requirement that the applicant is top 

ranked, and select either top or second ranked applicants. 

Several conclusions are drawn from the findings 

discussed above. First, a cutoff type policy accounts for 

the majority of subject' decisions. Allowing for various 

forms, this type of decision policy outperforms the 

candidate count and successive non-candidate count policies 

by more than a three-to-one and five-to-one ratio in 

Conditions n=40 and n=80, respectively. Once again, while 

subject' behavior seems to conform to a simple cutoff 

policy, self-report data claims that both the number of 

candidates observed, and the number of successive non

candidates were important considerations in making selection 

decisions. The importance of these factors is also clear 

when subjects were asked to describe their strategy. 

Second, as expected, paying subjects to select either 

the best or second best applicant improved performance. In 

both conditions the proportion of correct selections 

increased to approximately 43%. While overall performance 

improved, performance relative to the optimal solution did 

not. In both conditions subjects averaged 74% of the 

optimal solution, down slightly from 83% average noted in 

Experiment 1. Because we have no apriori expectations for 
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subject' performance, it's somewhat difficult to directly 

compare these levels of performance. However, part of this 

decline can be attributed to the more complicated nature of 

the task in Experiment 2. 

Third, subjects once again selected too early, although 

evidence for this finding is less compelling. In both 

conditions, a majority of the subjects established initial 

cutoff thresholds that were approximately equal to the 

optimal solution. Second cutoff values, however, were set 

too early. 

Fourth, we find only sketchy indications of learning. 

In Condition n=40, where we report that subjects moved their 

initial cutoff value closer to the optimal solution, we also 

find that they over compensated. In Condition n=80 we find 

no indication of change in initial cutoff values, but 

evidence that subjects altered their strategy by adjusting 

r 2 closer to the optimal prescription. Measures of 

consistency in decision policy also provide only marginal 

support for learning. Subjects in Condition n=40 showed a 

significant increase in consistency, while subjects in 

Confition n=80 did not, although the change was in the 

expected direction. Once again, we argue that the 

stochastic nature of the task impairs the ability to learn. 

This, coupled with the somewhat restrictive assumptions 

inherent in the SP, questions how much learning is really 



144 

possible. 

Fifth, the asymtotic nature of the task (more 

specificaly, the probaility of correct selection) seemed to 

go unnoticed. Subjects believed that a decrease in the 

number of applicants would greatly improve performance, 

while an increase in applicants would have the exact 

opposite effect. 

Finally, the optimistic estimates of performance, if 

subjects were given an opportunity to play an additional 100 

trials, seem unsubstantiated. Subjects estimated that they 

would improve performance 13% and 19% in Conditions n=40 and 

n=80, respectively. However, given little evidence of 

learning and convergence to the optimal solution, these 

expectations are unwarranted. 

The findings and conclusions discussed above must be 

considered in light of several limitations. First, it is 

important to recognize the small number of decisions that go 

into determining the second cutoff threshold. On the 

average, subjects selected the second ranked candidates in 

less than 25 out of every 100 trials. As we further 

partition the trials by block, and acknowledge that subjects 

are not always consistent decision makers, we recognize that 

our estimate of r 2 may contain considerable variance. 

Second, although the task was made more realistic by 

relaxing the requirement of selecting the single best 
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applicant, remaining concerns in the ability to recall 

applicants, no knowledge of the underlying distribution of 

applicants, and certainty in the number of applicants remain 

open questions. 
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Table 4.1 Summary of Results - Experiment 2 

Conditions n=40 

Total Mean 

Candidates selected 
Ranked #1 1517 60.7 
Ranked #2 467 18.7 

Non-candidates selected 13 .5 

No selections 503 20.1 

Completed trials 2500 100.0 

Correct selections 1083 43.3 

Earnings per Subject $9.54 

Overall modal response: r) = 13, r2 = 21 

Condition n = 80 

Total Mean 

Candidates selected 
Ranked #1 1484 59.4 
Ranked #2 612 24.5 

Non-candidates selected 24 1.0 

No selections 380 15.2 

Completed trials 2500 100.0 

Correct selections 1076 43.0 

Earnings per Subject $14.03 

Overall modal response: r) = 37, r2 = 40 



Table 4.2 Classification of Individual Decision Policies 
Experiment 2, 40 Applicants, All Trials 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r) , r2 decisions j decisions 

1 13, 13 .72 7 .37 

2 21, 26 .66 7 .41 
3 21, 29 .68 7 .41 

4 11,23 .62 7 .36 

5 13,23 .59 7 .37 

6 21, 22 .89 9 .39 

7 13,14 .60 7 .32 

8 14,21 .66 7 .38 

9 13,22 .53 7 .31 
10 21,23 .69 7 .38 
11 15,22 .65 7 .38 
12 21,21 .52 7 .37 
13 10, 9 .44 5 .28 

14 15,28 .63 7 .40 

15 14, 10 .41 6 .30 

16 14,16 .59 7 .38 

17 13,24 .61 7 .37 

18 8, 18 .47 6 .31 
19 15,28 .72 7 .44 

20 6, 8 .52 4 .25 

21 15,21 .72 7 .38 

22 13, 15 .60 6 .31 

23 13, 18 .72 7 .38 

24 10, 20 .46 6 .35 
25 21 21 .62 6 .35 

147 

Successive 
Non-candidates 

Pro. of 
k decisions 

4 .52 

9 .50 
10 .47 
7 .44 
8 .44 
9 .67 

4 .48 

5 .50 

4 .47 

7 .54 
7 .58 
6 .49 
4 .44 
10 .47 

3 .36 

4 .58 

7 .44 
3 .35 
8 .48 

2 .47 

9 .57 

7 .48 

7 .58 

3 .40 
8 .53 



Table 4.3 Classification of Individual Decision Policies 
Experiment 1, 40 Applicants, Trials 1 - 50. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r1 , rz decisions j decisions 

1 11, 13 .72 6 .36 
2 22,24 .74 7 .42 
3 20, 30 .74 7 .44 
4 18, 25 .46 7 .40 
5 12, 26 .60 7 .42 
6 22, 21 .86 6 .36 
7 12,25 .54 7 .32 
8 22, 21 .68 7 .38 
9 11,22 .56 7 .34 

10 23,23 .66 7 .44 
11 22, 30 .66 7 .42 
12 22,22 .72 7 .40 
13 7, 8 .44 5 .30 
14 22,34 .62 7 .44 
15 15, 10 .48 6 .26 
16 21, 18 .66 7 .36 
17 23,28 .60 6 .38 
18 11, 18 .50 6 .38 
19 20,31 .68 7 .48 
20 7, 11 .48 6 .26 
21 20,21 .72 7 .38 
22 13, 17 .58 6 .36 
23 15, 18 .74 7 .42 
24 11,20 .52 6 .40 
25 22 21 .60 6 .34 
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Successive 
Non-candidates 

Pro. of 
k decisions 

6 .50 

10 .50 

11 .50 
7 .42 
4 .42 
9 .64 
8 .42 
7 .52 

7 .42 

7 .54 

7 .56 

8 .50 
2 .42 
10 .48 

5 .44 
7 .62 

5 .42 

8 .38 
9 .48 
2 .46 
7 .64 
7 .52 
6 .66 

7 .38 
9 ,54 



Table 4.4 Classification of Individual Decision Policies 
Experiment 2, 40 Applicants, Trials 51 - 100. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r1 , r2 decisions j decisions 

1 13, 13 .76 7 .38 
2 14, 26 .76 8 .42 
3 17, 28 .76 8 .40 
4 13, 23 .64 6 .32 
5 13, 19 .64 6 .32 
6 21, 23 .98 9 .46 
7 13, 14 .74 7 .32 
8 14, 16 .74 7 .38 

9 13, 22 .56 6 .30 

10 17, 23 .78 8 .36 
11 13, 17 .72 7 .34 
12 11, 13 .64 7 .34 
13 11,11 .54 5 .26 
14 13, 28 .76 7 .36 
15 13, 24 .44 6 .34 
16 13, 13 .72 7 .40 
17 13, 24 .68 7 .38 
18 6, 13 .52 5 .30 
19 21, 27 .62 8 .42 
20 6,8 .58 4 .26 
21 15, 17 .78 7 .38 
22 13, 15 .64 5 .36 
23 13, 19 .74 6 .34 
24 8, 17 .50 5 .32 
25 21 23 .68 8 .42 
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Successive 
Non-candidates 

Pro. of 
k decisions 

4 .56 
8 .54 
10 .46 
4 .50 

8 .48 

9 .70 

4 .60 

4 .54 

4 .54 

10 .56 

8 .62 

4 .62 

4 .50 

8 .48 

3 .34 
4 .66 
8 .48 
6 .30 
8 .50 
2 .48 

4 .52 
4 .52 

7 .52 

3 .42 
R .54 



Table 4.5 Cutoff Threshold Following Outcome of Selection Decision 
Experiment 2, 40 Applicants, All Trials 

Following a Success Following a Failure 

Sub Number of Cutoff Number of Cutoff 
Decisions Threshold Decisions Threshold 

1 36 13, 13 63 13, 14 

2 49 21, 26 50 20, 19 

3 47 17,28 52 20, 30 

4 46 12,26 53 13, 21 

5 44 13, 26 55 14,23 

6 45 22,22 54 21,22 

7 38 10, 18 61 13, 15 

8 52 13, 21 47 21, 21 

9 36 13, 23 63 11,20 

10 54 21, 23 45 21, 23 

11 42 14,22 57 17,25 

12 40 13, 23 59 21, 24 

13 37 9, 9 62 10,10 

14 45 13,28 54 21, 34 

15 35 13, 8 64 15, 14 

16 42 10, 16 57 15, 15 

17 55 12, 26 44 20, 24 

18 40 7,19 59 10, 16 

19 50 16,27 49 19, 31 

20 31 7,6 68 6, 8 

21 45 13, 19 54 21, 21 

22 40 9, 16 59 13, 17 

23 46 13, 19 53 15, 18 

24 44 8, 20 55 10, 12 

25 43 16 22 56 20 21 
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Table 4.6 Proportion of Correct Selections 
Experiment 2, 40 Applicants 

Sub All Trials Block 1 

1 .36 .32 

2 .49 .54 

3 .47 .44 

4 .46 .48 

5 .44 .44 
6 .45 .42 

7 .38 .36 

8 .52 .54 

9 .36 .30 

10 .54 .58 

11 .42 .44 
12 .40 .40 

13 .37 .28 

14 .45 .40 

15 .36 .36 

16 .42 .48 

17 .55 .56 

18 .40 .38 

19 .50 .52 

20 .31 .28 

21 .45 .42 

22 .40 .42 

23 .46 .44 
24 .44 .46 

25 .43 .44 
Me~m .43 .43 
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Block 2 

.40 

.44 

.50 

.44 

.44 

.48 

.40 

.50 

.42 

.50 

.40 

.40 

.46 

.50 

.36 

.36 

.54 

.42 

.48 

.34 

.48 

.38 

.48 

.42 

.42 
44 



Table 4.7 Classification of Individual Decision Policies 
Experiment 2, 80 Applicants, All Trials 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r l , rz decisions J decisions 

1 13,46 .57 7 .36 

2 37, 39 .50 8 .26 

3 23, 24 .53 7 .25 

4 30, 27 .46 6 .21 

5 34,45 .74 8 .29 

6 13,39 .61 7 .26 

7 34,41 .65 8 .27 

8 29,46 .63 8 .27 

9 27, 38 .43 7 .24 

10 29,42 .71 8 .24 

11 41,40 .50 9 .23 

12 30, 51 .69 9 .33 
13 19,45 .32 7 .26 
14 44,26 .61 8 .28 
15 37, 51 .56 9 .28 

16 30,46 .54 9 .29 

17 40, n1a .21 5 .26 

18 14, 14 .48 5 .28 
19 33,40 .65 8 .28 

20 33, 50 .66 9 .30 

21 37, 39 .60 10 .28 

22 12, 19 .38 5 .25 

23 29,40 .52 7 .23 

24 38, 52 .61 10 .27 

25 30 34 . .56 7 .2.5 
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Successive 
Non-candidates 

Pro. of 
k decisions 

9 .36 
15 .41 
12 .46 

9 .46 
17 .59 
8 .39 
19 .56 
15 .50 

11 .35 

17 .56 

9 .51 
22 .50 
23 .26 
17 .50 
21 .49 
9 .30 
26 .19 
6 .41 
22 .53 
17 .55 
12 .50 
8 .30 

16 .43 

21 .55 
to .50 



Table 4.8 Classification of Individual Decision Policies 
Experiment 2, 80 Applicants, Trials 1 - 50. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r, , r2 decisions j decisions 

1 23, 46 .54 7 .36 

2 29, 36 .44 7 .18 

3 14,21 .52 6 .24 

4 23,27 .62 6 .24 

5 32, 34 .72 7 .26 

6 13,24 .64 7 .26 

7 33,41 .70 7 .24 

8 23,46 .64 7 .26 

9 21, 16 .40 6 .22 

10 29,42 .68 7 .28 

11 22,21 .54 6 .18 

12 50, 63 .60 10 .36 

13 17,54 .40 7 .32 

14 51,44 .58 11 .30 

15 41,66 .54 7 .22 

16 31,45 .52 10 .32 

17 16,9 .34 5 .28 

18 14,11 .44 5 .24 

19 33, 39 .72 10 .24 

20 50,42 .60 7 .26 

21 50,39 .64 10 .30 

22 14,21 .40 6 .20 

23 13,40 .44 6 .22 

24 57,59 .72 10 .38 
25 31 31 .60 7 ?.t'i 
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Successive 
Non-candidates 

Pro. of 
k decisions 

15 .46 

19 .38 
8 .46 

9 .48 

17 .58 
10 .46 
17 .62 
15 .52 
11 .38 
20 .60 

9 .58 

22 .58 

9 .32 
20 .50 

20 .58 
19 .40 
2 .18 
4 .36 
17 .64 

17 .60 
17 .60 
9 .34 
9 .38 
20 .70 
10 _liO 



Table 4.9 Classification of Individual Decision Policies 
Experiment 2, 80 Applicants, Trials 51 - 100. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r1 , r2 decisions j decisions 

1 19, 47 .54 7 .36 
2 38, 39 .64 8 .40 
3 24, 30 .58 7 .28 
4 16, 26 .54 8 .28 
5 40,46 .80 9 .44 
6 13,61 .60 7 .26 
7 34, 38 .68 9 .40 
8 39,50 .70 9 .40 

9 37, 38 .48 7 .30 
10 29,42 .74 9 .38 

11 40,42 .60 9 .36 
12 31,51 .74 9 .44 

13 39, nJa .24 5 .30 
14 27,26 .74 8 .30 

15 29, 51 .68 9 .42 
16 28,46 .58 9 .38 
17 52, nJa .36 9 .30 
18 13, 14 .56 5 .32 
19 38, 50 .66 9 .40 

20 31, 51 .76 9 .44 

21 37,39 .58 7 .34 

22 12, 16 .40 5 .32 

23 37,44 .64 9 .34 

24 36, 52 .50 7 .30 

25 ~~ 35 .52 6 .30 
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Successive 
Non-candidates 

Pro. of 
k decisions 

26 .32 
16 .46 
13 .52 
9 .44 
17 .60 
8 .32 

23 .56 
14 .50 
23 .42 

13 .56 
22 .50 
24 .44 
23 .26 
13 .56 

23 .44 
12 .36 
26 .30 
6 .52 

23 .48 
17 .50 
12 .42 
6 .32 
17 .52 
12 .42 
16 .42 



Table 4.10 Cutoff Threshold Following Outcome of Selection Decision 
Experiment 2, 80 Applicants, All Trials 

Following a Success Following a Failure 

Sub Number of Cutoff Number of Cutoff 
Decisions Threshold Decisions Threshold 

1 38 54, 54 61 13,45 

2 41 38,39 58 37,39 

3 37 27, 29 62 23,22 

4 30 22,23 69 14, 27 

5 53 41,44 46 33, 35 

6 34 14, 34 65 13, 39 

7 49 34,43 50 32,39 

8 53 31,46 46 38,45 

9 40 29, 36 59 23,26 

10 54 29,42 45 34,42 

11 38 41,42 61 51,40 

12 52 31,51 47 35,70 

13 41 30, 52 58 14,47 

14 41 38, 38 58 44, 25 

15 48 30, 51 51 43, 58 

16 44 31,45 55 23, 47 

17 39 54, 71 60 19,35 

18 26 14,14 73 8, 16 

19 48 43,49 51 34,40 

20 54 51, 51 45 34,42 

21 43 42, 40 56 34,37 

22 20 19, 22 79 12,19 

23 42 39,46 57 29,41 

24 49 51, 54 50 38,44 

25 45 27 34 54 31 29 
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Table 4.11 Proportion of Correct Selections 
Experiment 2, 80 Applicants 

Sub All Trials Block 1 Block 2 

1 .39 .42 .36 

2 .41 .44 .38 

3 .38 .36 .40 

4 .31 .38 .24 

5 .54 .50 .58 

6 .35 .32 .38 

7 .50 .58 .42 

8 .54 .50 .58 

9 .40 .44 .36 

10 .55 .56 .54 

11 .39 .38 .40 

12 .53 .50 .56 

13 .41 .52 .30 

14 .41 .42 .40 

15 .49 .48 .50 

16 .45 .46 .44 
17 .39 .32 .46 

18 .26 .24 .28 

19 .49 .50 .48 

20 .55 .56 .54 

21 .44 .46 .42 

22 .20 .20 .20 

23 .43 .38 .48 

24 .50 .54 .46 

25 .45 .46 .44 

Mean .43 .44 .42 
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Figure 4. 1 - Importance of Factors Considered 

Experiment 2, 40 Applicants 
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Experiment 2, 80 Applicants 
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Figure 4.2 - Distribution of Reported Strategies 

Experiment 2, 40 Applicants 

AC - 12% 

. Apps - 8% 

A2 - 52% 

Experiment 2, 80 Applicants 

Apps - 16% 
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Figure 4.3 - Estimated Correct Selections 

Experiment 2 

60 
58.0 

""" ""'" 51 2 
48 9 ""',,' . "'" I,., 

"" •••• 39 6 '" . 
40 

I", 
'" 

20 

n=40 n=80 n=120 

Number of Applicants 

Condition n = 40 
Condition n = 80 

Estimates 

......... ,1111' 

Actual .. 
6 

159 



FIGURE 4.4, Number of Selections Consistent With 
Modal Forms of Decision Policies 

Experiment 2, 40 Applicants 
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FIGURE 4.5, Number of Selections Consistent With 
Modal Forms of Decision Policies 

Experiment 2, 80 Applicants 
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CHAPTER 5 - UNCERTAINTY IN THE NUMBER OF APPLICANTS 

Introduction 

This chapter examines a version of the SP where the 

assumption of a fixed and known number of applicants is 

relaxed. This generalization models many familiar decision 

situations. Whether interviewing applicants for employment, 

visiting apartments avaliable for rent, or searching for 

parking spaces closest to the mall entrance, we seldom know 

the number of items available with certainty. Although 

there are countless ways to model uncertainty, using a 

uniform distribution provides both a tractable solution and 

ease of experimental implementation, and places minimal 

demands on the DMs. 

Following the format of both previous experiments, two 

conditions were considered. In Condition n=(l, 40), the 

number of applicants was uniformly distributed between 1 and 

40. Recall that the optimal policy directs the DM to select 

the first candidate after considering 6 applicants. 

Following this policy the probability of correct selection 

is .2899. In Condition n=(l, 120), the number of applicants 

was uniformly distributed between 1 and 120. Following the 

optimal policy of r* = 16 yields a probability of correct 

selection of .2791. 
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Method 

Subjects 

Fifty subjects took part in Experiment 3. The 

recruitment methods and composition of subjects were similar 

to the previous two experiments. None of the subjects who 

participated in Experiment 3 had participated in Experiments 

1 or 2. 

Procedure 

The procedures for Experiment 3 were identical to those 

in the previous experiments with the following exceptions: 

(1) the payoff for a correct selection was changed to $0.30, 

(2) the payoff for the final trial was set at $2.00, and (3) 

at the completion of each trial the computer prominently 

displayed the number of available applicants. Subjects in 

Condition n=(l, 40) completed the experiment in 

approximately 50 minutes, while subjects in Condition n=(l, 

120) averaged 65 minutes. 

Classifying Decision Policies 

uncertainty in the number of applicants presents no 
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special problems for classifying decision policies according 

to the three general types. Various forms of the cutoff, 

candidate count, and successive non-candidate count policies 

were determined using the same procedures as described in 

Chapter 3. 

Results 

Decision Policies - Condition n=(l, 40) 

Summary results for Condition n=(l, 40) are displayed 

on the top-half of Table 5.1. Subjects completed all 2500 

trials, and selected candidates on 1800 (72.0%) trials. 

Subjects exhausted the applicant pool on 692 (27.7%) trials, 

and hired applicants who were not candidates on only 8 

(0.3%) trials. Subjects made correct selections on 618 

(24.7%) trials, earning an average of $8.63. The modal 

cutoff threshold, across all subjects, was 5. 

Classifications by For.m and Type 

Individual decision policies across all trials are 

reported in Table 5.2. Forms of cutoff policy occupy a 

narrow range (compared to previous experiments) from 3 to 7, 

with the proportion of decisions consistent with forms 
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varying from .53 to .81. Forms of the cutoff policy account 

for the greatest number of decisions for 21 of 25 sUbjects. 

Forms of candidate count policy vary from i=2 to i=4, with 

the proportion of consistent decisions ranging from .36 to 

.60. No form of the candidate count policy accounts for the 

greatest proportion of a subject's decisions. Forms of 

successive non-candidate count policy also vary over a 

narrow range, from k=l to k=4, with the proportion of 

decisions consistent with these forms ranging from .42 to 

.73. Forms of successive non-candidate count policy account 

for the greatest proportion of decisions for 4 of the 25 

subjects. As in the previous experiments, these findings 

indicate that a cutoff type policy is most successful in 

classifying subjects' decision data, out-performing the 

successive non-candidate count by more than a five-to-one 

ratio. 

Six subjects established cutoff thresholds equal to the 

optimal solution; however, 18 of the remaining 19 subjects 

established early thresholds. A sign test confirms this 

significance (m=19, p<.Ol). 

Effects of Learning 

Once again, with evidence of systematic deviation from 

the optimal solution, we examine learning over repeated 
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trials. As in previous experiments, we investigate (1) 

movements toward the optimal solution, and (2) increased 

consistency in decision strategy. Contrary to previous 

experiments, neither measure shows any indication of 

learning. From block 1 (Table 5.3) to block 2 (Table 5.4), 

6 subjects moved toward the optimal threshold, 6 subjects 

moved away, and 13 showed no change (m=12, p>.05). The 

consistency measure also failed to uncover evidence of 

learning, as only 8 subjects reported an increase in the 

proportion of consistent decisions (m=24, p>.05). 

To test the hypothesis that subjects behaved 

differently following successes than following failures, we 

compared for each subject the modal cutoff threshold 

following a correct selection decision to that following an 

incorrect selection decision. The results, reported in 

Table 5.5, show no effects for outcome of selection 

decision. Subjects neither rasied, nor lowered thier cutoff 

thresholds, or moved toward the optimal prescription 

following a success or failure. 

Thus, in Condition n=(l, 40), we find no indication 

that subjects either moved closer to the optimal solution 

over repeated trials, became more consistent in their use of 

decision strategies, or modified their policies following a 

correct or incorrect selection decision. 
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Individual Performance 

The proportion of correct selections for Condition 

n=(l, 40) is reported in Table 5.6. Across all trials the 

performance measure ranged from .17 to .33, with the mean 

equal to .25 (SD = 0.038). This is approximately 85% of 

what one would expect using the optimal solution1
• 

Examining performance across blocks provides no support for 

learning. In fact, if anything, performance may have 

deteriorated slightly. Mean performance decreased from .26 

(SD = 0.049) in block 1 to .23 (SD = 0.048) in block 2. 

Individual performance decreased for 17 subjects, showed no 

change for 1, and increased for only 7 subjects. Although 

not significant (m=24, p>.05), this too is in the direction 

of reduced performance. 

Decision Policies - Condition n=(l, 120) 

Summary results for Condition n=(l, 120) appear on the 

bottom half of Table 5.1. Subjects selected candidates on 

1845 (73.8%) trials, exhausted the applicant pool on 626 

(25.0%) trials, and hired applicants who were not candidates 

on 29 (1.2%) trials. Subjects made correct selections on 

1 Using the optimal solution the probability of correct 
selection is .2899 when n=(l, 40) applicants. 
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528 (21.1%) trials, earning an average of $7.14. The modal 

cutoff threshold, across all subjects, was 7. This, once 

again, suggests that cutoff thresholds may have been set too 

early. 

Classifications by For.m and Type 

Modal cutoff values vary widely from 4 to 18, with the 

consistency measure ranging from .38 to .92 (Table 5.7) . 

Forms of the cutoff type policy account for the greatest 

proportion of decisions for all 25 sUbjects. Forms of the 

candidate count policy vary from i=2 to i=5, with the 

consistency measure reaching a low of .30 and a high of .54. 

Forms of the successive non-candidate count policy also show 

wide variation from k=l to k=8. The proportion of 

consistent decisions range from .32 to .72. 

With 24 of 25 subjects employing cutoff thresholds less 

than r=16, it is again clear that subjects adopted early 

cutoff values (m=25, p<.Ol). 

Effects of Learning 

The results of trials 1 to 50, and trails 51 to 100 

appear in Tables 5.8 and 5.9, respectively. With only 6 

subjects moving toward the optimal solution over repeated 
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trials, and 15 subjects moving away, we find no evidence of 

learning (m=21, p>.05). Similarly, with only 7 subjects 

showing increases in consistency, we have little evidence 

that participants settled into any type of routine decision 

strategy. 

Table 5.10 displays the changes in cutoff threshold 

following a correct selection decision to that following an 

incorrect selection decision. As in Condition n=(l, 40) the 

results show no effects for outcome of selection decision; 

there is no indication that subjects altered their decision 

policies based on the success or failure of the immediately 

preceeding trial. 

Individual Performance 

Table 5.11 displays the performance measures for 

Condition n=(l, 120) Across all trials the proportion of 

correct selections ranged from .15 to .31, with the mean 

equal to .21 (SD = 0.033). This is approximately 76% of the 

expected outcome from using the optimal solution2 , somewhat 

lower than the performance noted in Condition n=(l, 40). 

There is also evidence that performance declined with 

experience. With the majority of subjects moving away from 

2 Using the optimal solution the probability of correct 
selection is .2791 when n=(l, 120) applicants. 
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the optimal policy, the mean proportion of correct 

selections fell from .24 (SD = 0.042) in block 1 to .18 (SD 

= 0.049) in block 2 with 20 of 25 subjects showing decreased 

performance (m=22, p<.Ol). 

Questionnaire Results - Condition n={l, 40) 

The mean importance rating for each of the five factors 

appears in the top half of Figure 5.1. Apps received the 

highest rating (M = 5.6, SD = 1.22) followed by Ones (M = 

5.5, SD = 1.33), Last (M = 5.2, SD = 1.84), Twos (M = 2.9, 

SD = 1.71) and Threes (M = 2.0, SD = 1.12). A repeated 

measures ANOVA (F4 ,96 = 42.82, p<. 0001) confirms the 

significance of the differential ratings. Tukey HSD test 

confirms significant differences between each of the means 

of Apps, Ones, and Last, and the means of Twos and Threes. 

However, the test finds no differences between the 

importance ratings of Apps, Ones, and Last. Thus, according 

to subjects' responses, the number of applicants 

interviewed, the number of candidates observed, and the 

number of applicants since the last candidate are each 

important considerations in selection decisions. 

The distribution of reported strategies is displayed on 

the top half of Figure 5.2. Only 16% of the subjects 

reported using some pure form of cutoff strategy (Apps), 



while 56% described strategies that considered both the 

number of applicants and candidates encountered (AC). No 

subjects reported pure forms of either candidate count 

(Cand) or number of non-candidates (Last) strategies. A 

closer examination of the 28% of strategies that comprise 
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the Other category finds subjects relying on the results of 

previous trials, or, in the case of one subject, looking for 

a "pattern that seems to have repeated itself". 

Questionnaire Results - Condition n=(1, 120) 

The mean importance ratings for Condition n=(l, 120) 

are displayed in the bottom half of Figure 5.1. Once again, 

Apps, Ones, and Last received the highest ratings, although 

the order differed slightly in the present condition. Ones 

received the highest mean importance rating (M = 5.4, SD = 

1.75) followed by Apps (M = 5.3, SD = 1.68), and Last (M = 

5.3, SD = 1.99). Twos (M = 2.9, SD = 1.58) and Threes (M = 

2.1, SD = 1.27) were once again rated as rather unimportant 

considerations. A repeated measures ANOVA (F4,96 = 25.80, 

p<.OOOl) confirms the significance of the differential 

ratings. As in the previous condition, a Tukey HSD test 

indicates that the mean importance ratings of Ones, Apps, 

and Last are each significantly different from the means of 

Twos or Threes (p<.Ol). Consequently, as in Condition n=(l, 
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40), questionnaire responses indicate that in addition to 

the number of applicants interviewed, the number of 

candidates observed, and the number of applicants since the 

last candidate are important considerations in making 

selection decisions. 

The distribution of reported strategies for Condition 

n=(l, 120) is presented in the bottom half of Figure 5.2. A 

pure form of cutoff strategy (Apps) was mentioned by 36% of 

the subjects, while a combination cutoff and candidate count 

strategy (AC) was reported by 20%. Only two subjects (8%) 

reported using a pure from the candidate count policy, and 

none mentioned counting the number of non-candidates. The 

large Other (36%) category consists of subjects who relied 

on the results of previous trials, intuition, "gut 

feelings", and, in one case, a "drop off" strategy that 

somehow considers trends in the relative rankings, then 

selects the next candidate following an observed drop in the 

rankings. 

Estimated Number of Correct Selections 

Subjects in Condition n=(l, 40) estimated the number of 

correct selections they would make if the number of 

applicants (a) remained uniformly distributed between 1 and 

40, (b) was distributed between 1 and 80, or (c) was 
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distributed between 1 and 120. Subjects in Condition n=(l, 

120) estimated their number of correct selections if the 

number of applicants (a) was distributed between 1 and 40, 

(b) was distributed between 1 and 80, or (c) remained 

uniformly distributed between 1 and 120. These estimates, 

the focus of a 2 X 3 ANOVA (2 Condition X 3 applicants, with 

applicants as a repeated factor) are shown in Figure 5.3. 

The solid line represents Condition n=(l, 40), and the 

dashed line illustrates Condition n=(l, 120). The solid and 

empty triangle markers correspond to the actual number of 

correct selections for Conditions n=(l, 40) and n=(l, 120), 

respectively. Two main effects are evident. First, the 

main effect for condition is highly significant (F1 ,48 = 

15.09, p<.OOl) indicating that estimates of the number of 

correct selections are greatly influenced by the 

experimental condition to which one was assigned. After 

gaining experience with the selection task, subjects in 

Condition n=(l, 120) estimated higher success rates than 

subjects in Condition n=(l, 40), for similar presentations 

and counts of applicants. The second main effect for 

applicants is also highly significant (F2 ,96 = 36.21, 

p<.OOOl). Once again, subjects in each condition failed to 

appreciate the asymptotic nature of the task, expecting 

their performance to improve significantly if the number of 

applicants was reduced, and worsen if the number of 
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applicants was increased. 

Finally, we consider the estimated level of performance 

improvement if subjects were to play an additional 100 

trials under similar circumstances. Recall that this 

measure is given by the vertical distance from each triangle 

marker to the corresponding line segment. Subjects in 

Condition n=(l, 40) estimated that the mean number of 

correct selections would increase from 24.6 to 30.2, beyond 

what one would expect using the optimal policy. Subjects in 

Condition n=80 were equally optimistic, estimating an 

improvement from 21.1 to 26.8 mean correct selections. The 

results of paired t-tests indicate that these differences 

are significant in both conditions (t24 = 4.11, p<.OOl in 

Condition n=(l, 40) i t24 = 3.15, p<.Ol in Condition n=(l, 

120) ) . 

Cross-classification of Decision Policies 

The cross-classification of decision policies was 

conducted in a manner similar to that of Experiments 1 and 

2. Figure 5.4 displays the results for Condition n=(l, 40). 

Several findings are apparent. First, the modal values for 

the three types of decision policy account for 83.6% ((2500 

- 410)/ 2500) of all selection decisions. Second, as in 

Experiments 1 and 2, there are substantial areas of overlap 
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between types decision policies. Across all subjects, 647 

selection decisions were consitent with the modal values for 

all three types of policies, 1308 (647 + 661) decisions were 

consistent with the modal results for both cutoff and 

successive non-candidate count policies, and 682 (647 + 35) 

decisions were consistent with the modal results for both 

candidate count and number of successive non-candidate type 

policies. Third, consistent with the decision data for 

Condition n=(l, 40), modal forms of cutoff policies account 

for the largest proportion of selection decisions. A total 

of 1675 decisions (136 + 231 + 661 + 647) are accounted for 

by subject's modal cutoff thresholds. This compares to 1495 

and 1141 decisions accounted for by the modal number of 

successive non-candidates, and candidate count policies, 

respectively. Finally, although cutoff policies account for 

the greatest number of total decisions, candidate count 

policies account for the greatest number of unique 

decisions, with 228. This compares to 152 and 136 uniques 

decisions for successive non-candidate, and cutoff policies, 

respectively. 

Results of the cross-classification analysis for 

Condition n=(l, 120) are presented in Figure 5.S. The 

findings are very similar to those of Condition n=(l, 40). 

First, the modal values for the three types of decision 

policy account for 79.8% ((2500 - 506)/ 2500) of all 
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selection decisions. Second, we once again see substantial 

areas of overlap between types decision policies, with 603 

selection decisions consitent with the modal values for all 

three types of policies, 1268 (603 + 665) decisions 

consistent with the modal results for both cutoff and 

successive non-candidate count policies, and 635 (603 + 32) 

decisions consistent with the modal results for both 

candidate count and number of successive non-candidate type 

policies. Third, consistent with the decision data for this 

condition, modal forms of cutoff policies account for the 

largest proportion of selection decisions. A total of 1624 

decisions (177 + 179 + 665 + 603) are accounted for by 

subject's modal cutoff thresholds. This compares to 1416 

and 1036 decisions accounted for by the modal number of 

successive non-candidates, and candidate count policies, 

respectively. Finally, also in agreement with Condition 

n=(1, 40), cutoff-type policies account for the greatest 

number of unique decisions (222), compared to candidate 

count (177), and successive non-candidates (143) policies. 

The results of this cross-classification analysis for 

Experiment 3 are generally consistent with those from 

Experiment 1 and 2, and support both the decision and 

questionnaire data presented earlier. Once again, we find 

(1) substanital areas of overlap between types of decision 

policies, and (2) indications that both the number of 
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successive non-candidates and candidate count are important 

considerations for some subjects as well. 

Discussion 

Experiment 3 examined the SP where the assumption of a 

fixed and known number of applicants (items) was relaxed. 

In general, the optimal policy for this case is no longer 

simple. However, when uncertainty is modeled by a uniform, 

geometric, or Poisson distribution, the optimal policy 

returns to its standard form of rejecting the first r* -1 

items, then accepting the first candidate thereafter. 

With the introduction of uncertainty into the 

sequential observation and selection task, several 

conclusions and comparisons to previous experimants can be 

made. Once again we find that modal cutoff policies account 

for the majority of subjects' decision policies. However, 

as evidenced by the questionnaire results, subjects consider 

other factors in thier selection decisions. Both the number 

of candidates observed and the number of successive non

candidates were listed as important considerations, and 

appeared in self-reports of strategy descriptions. In 

addition, as illustrated by the cross-classification 

analysis, modal forms of successive non-candidates and 

candidate count policies explain a unique portion of 
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subjects' decision data. We conclude, therfore, that 

subjects generally follow a form of the optimal policy, but 

may be influenced by factors irrelevant to the optimal 

solution. 

Second, consistent with theoretical predictions, 

uncertainty in the number of applicants hurts performance. 

The proportion of correct selections declined to .25 and .21 

in Conditions n=(l, 40) and n=(l, 120), respectively. While 

overall performance declined with the introduction of 

uncertainty, performance relative to the optimal solution 

did not. In Condition n=(l, 40), subjects' performance was 

85.3% as effective as the optimal policy. This was higher 

than the 80.5% and 73.6% marks noticed for similar 

conditions in Experiments 1 and 2, respectively. While it 

seems that introducing uncertainty did not hinder initial 

performance relative to the optimal solution, efficiency did 

decline as the number of applicants increased. In condition 

n=(l, 120) efficiency declined to 75.7%. Similar declines 

in efficiency as the number of applicants increased was not 

noticed in Experiments 1 or 2. In fact, in both previous 

experiments, an increase in the number of applicants brought 

slight improvements in efficiency, from 80.5% to 85.7%, and 

from 73.6% to 74.1%, in Experiments 1 and 2, respectively. 

Once again, our suspicion that naive subjects perform rather 

well at sequential observation and selection tasks is 
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confirmed. While performance declined in Experiment 3, as 

predicted, performance relative to the optimal solution did 

not. 

Third, as in both previous experiments, we find 

subjects adopting significantly early selection policies. 

Since this result is generally consistent across all 

experiments and conditions, we postpone discussion of this 

finding to Chapter 6. 

Fourth, we find no evidence that subjects either 

adapted their decision policies in the direction of the 

optimal solution, or became more consistent in their use of 

existing policies. One explanation for this lack of 

learning, raised in Chapter 3, concerns the stochastic 

nature of the feedback that subjects received. In the 

short-run, adopting a "more optimal" policy provides no 

guarantee of success. It is possible, even likely, that any 

move in the direction of the optimal solution might result 

in a failure to find the best applicant. In Experiment 3 

this problem is compounded by uncertainty in the number of 

applicants. Thus, there are obvious difficulties in 

learning the optimal solution in a limited number of trials. 

Fifth, we argue that subjects are overly-optimistic 

concerning their performance expectations if they were to 

face the identical task again. In both conditions subjects 

estimated over a 20% improvement in performance. Given that 
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there is no evidence of movement toward the optimal 

solution, and that this estimated 20% improvement in 

Condition n=(l, 40) would result in performance outcomes in 

excess of the optimal solution, we conclude that this level 

of confidence is completly unfounded. 

Finally, we have additional confirmation that subjects 

fail to appreciate the asymtotic quality of the task. 

Consistent with Experiment 2, subjects reported that a fewer 

number of potential applicants ameliorates their chances of 

correct selection, while expanding the number of possible 

applicants loweres their chances. Admittedly, this finding 

is not altogether surprising. Prior to designing the 

experiments, informal discussions with faculty, family and 

peers suggested that the asymtotic result was not at all 

intuitive. 
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Table 5.1 Summary of Results - Experiment 3 

Conditions n=(l, 40) 

Total Mean 

Candidates selected 1800 72.0 

Non-candidates selected 8 0.3 

No selections 692 27.7 

Completed trials 2500 100.0 

Correct selections 618 24.7 

Earnings per Subject $8.63 

Overall modal response: i = 5 

Condition n=(1, 120) 

Total Mean 

Candidates selected 1845 73.8 

Non-candidates selected 29 1.2 

No selections 626 25.0 

Completed trials 2500 100.0 

Correct selections 528 21.1 

Earnings per Subject $7.14 

Overall modal response: i=7 



Table 5.2 Classification of Individual Decision Policies 
Experiment 3, 1-40 Applicants, All Trials 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 4 .80 3 .60 

2 57 .68 4 .41 

3 3 .67 3 .50 

4 5 .81 3 .50 

5 4 .70 4 .36 

6 3 .61 3 .43 

7 6 .77 4 .48 

8 6 .69 4 .46 

9 56 .68 4 .45 

10 4 .53 3 .42 

11 6 .70 34 .45 

12 5 .76 3 .50 

13 5 .73 3 .40 

14 3 .59 3 .49 

15 5 .66 4 .48 

16 4 .53 4 .48 

17 4 .65 3 .42 

18 4 .59 3 .39 

19 5 .74 3 .44 

20 4 .44 2 .40 

21 4 .57 2 .48 

22 5 .76 4 .53 

23 7 .73 4 .43 

24 4 .65 3 .42 
2S 6 .71 3 4Q 
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Successive 
Non-candidates 

Pro. of 
k decisions 

1 .72 

2 .61 

1 .57 

1 .66 

1 .73 

1 .56 

3 .63 

23 .53 

2 .56 
1 .54 

3 .58 

2 .64 
1 2 .68 

1 .54 

1 .56 

3 .64 

1 .60 

1 .54 
1 .65 

1 2 .42 

1 .58 

2 .60 

4 .61 

1 .60 
1. 110 



Table 5.3 Classification of Individual Decision Policies 
Experiment 1, 1-40 Applicants, Trials 1 - 50. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 4 .82 3 .62 
2 67 .72 34 .40 
3 3 .64 3 .54 
4 4 .90 3 .56 
5 5 .72 4 .38 

6 3 .62 2 .48 

7 6 .80 34 .50 

8 4 .72 4 .48 

9 5 .70 34 .44 
10 34 .56 3 .40 

11 67 .72 4 .52 

12 5 .70 3 .52 

13 56 .74 34 .38 

14 3 .58 3 .48 

15 8 .58 4 .46 

16 7 .78 4 .50 

17 5 .62 4 .36 
18 45 .62 3 .46 
19 5 .80 34 .42 

20 4 .46 2 .40 

21 5 .54 2 .50 

22 46 .78 3 .50 

23 7 .76 3 .48 

24 5 .62 4 .36 

25 6 .78 4 .50 
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Successive 
Non-candidates 

Pro. of 
k decisions 

1 .70 
2 .66 
2 .48 
1 .72 
1 .72 
1 .50 
3 .66 

2 .58 

1 .56 

1 .60 
2-4 .56 
1 2 .58 

1 .68 

1 .48 

1 .54 

3 .70 

1 .54 
12 .52 
1 .74 
2 .44 
2 .52 

2 .66 

3 .64 

1 .54 
2 .66 



Table 5.4 Classification of Individual Decision Policies 
Experiment 3, 1-40 Applicants, Trials 51 - 100. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 4 .78 3 .58 
2 5 .66 4 .42 

3 3 .70 23 .46 

4 5 .86 4 .46 

5 4 .70 4 .34 

6 5 .68 3 .46 

7 56 .74 4 .46 

8 6 .70 4 .44 
9 6 .68 4 .46 

10 4 .50 3 .44 
11 6 .68 3 .46 

12 5 .82 3 .48 

13 4 .74 3 .42 

14 4 .66 3 .50 

15 5 .80 4 .50 

16 7 .70 4 .46 

17 4 .76 3 .50 

18 4 .56 2 .46 

19 56 .68 3 .46 

20 4 .42 2 .40 

21 3 .64 2 .46 

22 5 .76 4 .58 

23 7-10 .70 4 .48 

24 4 .76 3 .50 
25 4 nR ~ ~2 
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Successive 
Non-candidates 

Pro. of 
k decisions 

1 .74 
3 .58 

1 .68 

2 .62 
1 .74 
1 .62 

23 .60 

3 .54 

23 .58 

1 .48 

3 .60 

2 .70 
2 .72 
1 .60 
2 .64 
3 .58 
1 .66 
1 .56 

1-3 .56 

1 .42 

1 .66 
2 .54 
4 .60 

1 .66 
1 nO 



Table 5.5 Cutoff Threshold Following Outcome of Selection Decision 
Experiment 3, 1-40 Applicants, All Trials 

Following a Success Following a Failure 

Sub Number of Cutoff Number of Cutoff 
Decisions Threshold Decisions Threshold 

1 25 4 74 4 

2 19 8 80 7 

3 17 3 82 3 

4 28 4 71 5 

5 28 4 71 5 

6 21 4 78 3 

7 23 5 76 6 

8 29 6 70 6 

9 24 9 75 6 

10 23 5 76 4 

11 27 7 72 6 

12 28 6 71 5 

13 28 5 71 5 

14 20 4 79 3 

15 25 5 74 5 

16 23 9 76 7 

17 24 4 75 4 

18 32 5 67 4 

19 27 4 72 5 

20 17 2 82 4 

21 22 5 77 4 

22 28 6 71 5 

23 27 10 72 7 

24 24 4 75 4 

25 26 6 73 6 
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Table 5.6 Proportion of Correct Selections 
Experiment 3, 1-40 Applicants 

Sub All Trials Block 1 

1 .25 .28 

2 .19 .20 

3 .17 .22 

4 .28 .30 

5 .28 .32 

6 .21 .16 

7 .23 .20 

8 .29 .30 

9 .24 .28 

10 .23 .30 

11 .27 .26 

12 .28 .28 

13 .28 .30 

14 .21 .22 

15 .25 .24 

16 .23 .22 

17 .24 .26 

18 .33 .36 

19 .27 .32 

20 .17 .18 

21 .23 .30 

22 .28 .32 

23 .27 .24 

24 .24 .26 

25 .26 .22 
Meltn .25 .26 
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Block 2 

.22 

.18 

.12 

.26 

.24 

.26 

.26 

.28 

.20 

.16 

.28 

.28 

.26 

.20 

.26 

.24 

.22 

.30 

.22 

.16 

.16 

.24 

.30 

.22 

.30 
.23 



Table 5.7 Classification of Individual Decision Policies 
Experiment 3, 1-120 Applicants, All Trials 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions J decisions 

1 6 .65 4 .36 

2 8 .65 3 .37 

3 8 .67 4 .54 

4 9 .65 4 .45 

5 13 .58 4 .45 

6 4 .83 3 .44 
7 18 .72 5 .48 

8 5 .73 34 .36 

9 4 .61 23 .36 

10 11 12 .70 4 .39 

11 45 .67 3 .42 

12 13 14 .92 5 .49 

13 5 .61 3 .47 

14 5 .78 3 .49 

15 7 .67 4 .41 

16 9 .63 34 .40 

17 4 .38 3 .30 

18 1011 .75 4 .46 

19 4 .40 3 .31 

20 6 .66 34 .46 

21 1011 .47 3 .32 

22 7 .61 4 .46 

23 7 .67 4 .40 

24 4 .61 3 .37 

25 10 .62 4 .40 
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Successive 
Non-candidates 

Pro. of 
k decisions 

5 .62 

3 .56 

5 .58 

5 .57 

8 .47 

3 .65 

6 .60 

2 .66 

1 .53 

5 .64 

1 .60 

8 .72 

2 .52 

2 .71 

3 .60 

5 .58 

1 .32 

5 .61 

1 2 .35 

2 .55 

7 .43 

34 .54 

5 .59 

1 .56 
5 .60 



Table 5.8 Classification of Individual Decision Policies 
Experiment 3, 1-120 Applicants, Trials 1 - 50. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 67 .70 3 .42 

2 8 .68 4 .40 

3 7-9 .66 4 .58 

4 9 .74 4 .56 

5 13 14 .64 4 .48 

6 5 .86 3 .42 

7 23 .84 5 .58 

8 67 .74 4 .38 

9 6 .64 2 .40 

10 12 .76 5 .44 
11 8 .68 4 .44 

12 14 .94 5 .56 

13 4 .60 3 .52 

14 56 .80 3 .52 

15 8 .72 4 .44 
16 9-14 .66 3 .46 

17 8 .40 2 4-6 .28 

18 8 .74 4 .42 

19 8 .44 4 .28 

20 14 .66 34 .50 

21 10 .54 34 .34 

22 7-9 .66 4 .50 

23 8 .76 4 .40 

24 4 .72 3 .44 

25 78 .66 5 .44 
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Successive 
Non-candidates 

Pro. of 
k decisions 

5 .64 

5 .60 

5 .58 

45 .58 
56 .50 
2 .80 

9 .62 

2 .64 

2 .56 

589 .62 

5 .62 

78 .68 

2 .50 

2 .76 

5 .64 

5 .60 

6 .36 

3 .66 
1245 .34 

79 .52 

2 .48 

5 .64 

5 .66 

1 .68 

5 .62 



Table 5.9 Classification of Individual Decision Policies 
Experiment 3, 1-120 Applicants, Trials 51 - 100. 

Type of Decision Policy 

Cutoff Candidate Count 

Pro. of Pro. of 
Sub r decisions j decisions 

1 6 .60 5 .34 

2 8 .62 3 .46 

3 8 .68 4 .50 

4 7 .68 3 .42 

5 1011 .54 4 .42 

6 4 .84 3 .46 

7 18 .70 4 .40 

8 5 .76 3 .36 

9 4 .62 3 .40 

10 711 .66 4 .36 

11 4 .76 3 .46 

12 13 .94 5 .42 

13 7 .70 34 .42 

14 5 .76 3 .46 

15 6 .66 3 .42 

16 7-9 .60 4 .36 

17 4 .42 3 .34 

18 9-11 .78 4 .50 

19 4 .44 3 .36 

20 5 .72 34 .42 

21 11-13 .42 3 .30 

22 46 .58 4 .42 

23 7 .66 4 .40 

24 13 .44 3 .30 

25 8-10 .64 4 .42 
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Successive 
Non-candidates 

Pro. of 
k decisions 

45 .60 

3 .52 

5 .58 

5 .56 

8 .46 

1 .70 

5 .62 

2 .68 

1 .54 

5 .66 

1 .72 

8 .76 

3 .60 

3 .68 

3 .62 

5 .56 

1 .40 

5 .58 

1-3 .36 

23 .60 

5 .44 
1 .54 

3 .56 

2 .48 

5 .~R 



Table 5.10 Cutoff Threshold Following Outcome of Selection Decision 
Experiment 3, 1-120 Applicants, All Trials 

Following a Success Following a Failure 

Sub Number of Cutoff Number of Cutoff 
Decisions Threshold Decisions Threshold 

1 24 7 75 6 

2 19 8 80 8 

3 24 10 75 8 

4 21 9 78 7 

5 21 18 78 13 

6 20 5 79 4 

7 18 22 81 12 

8 22 6 77 5 

9 18 6 81 4 

10 21 11 78 12 

11 17 5 82 5 

12 30 17 69 13 

13 22 12 77 5 

14 19 5 80 5 

15 19 8 80 7 

16 19 15 80 7 

17 15 4 84 4 

18 20 9 79 10 

19 19 3 80 8 

20 20 5 79 6 

21 20 38 79 10 

22 23 5 76 7 

23 17 8 82 7 

24 28 4 71 6 

25 20 11 79 8 
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Table 5.11 Proportion of Correct Selections 
Experiment 3, 1-120 Applicants 

Sub All Trials Block 1 Block 2 

1 .24 .22 .26 

2 .19 .20 .18 

3 .25 .32 .18 

4 .21 .28 .14 

5 .22 .24 .20 

6 .20 .22 .18 

7 .19 .26 .12 

8 .22 .30 .14 

9 .18 .28 .08 

10 .21 .24 .18 

11 .17 .20 .14 

12 .31 .34 .28 

13 .22 .28 .16 

14 .20 .22 .18 

15 .20 .20 .20 

16 .20 .24 .16 

17 .15 .16 .14 

18 .21 .22 .20 

19 .20 .22 .18 

20 .20 .22 .18 

21 .20 .28 .12 

22 .24 .24 .24 

23 .18 .18 .18 

24 .28 .26 .30 

25 .21 .24 .18 

Mean 1.1 .24 tR 
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Figure 5. 1 - Importance of Factors Considered 

Experiment 3, 1 - 40 Applicants 

Apps 5.6 

Ones 5.5 

Last 5.2 

Twos 2.9 

Threes 
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Importance Rating 

Experiment 3, 1 - 1 20 Applicants 

Ones 5.4 

Apps 5.3 

Last 5.3 

Twos 2.9 

Threes 2.1 

1 2 3 4 5 6 7 

Importance Rating 



Figure 5.2 - Distribution of Reported Strategies 

Experiment 3, 1 - 40 Applicants 

AC - 56% 

AC - 20% 

Cand - 0% 

Last - 0% 

Other - 28% 

Experiment 3, 1 - 1 20 Applicants 

Last - 0% 

Other - 36% 
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Figure 5.3 - Estimated Correct Selections 

Experiment 3 
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FIGURE 5.4, Number of Selections Consistent With 
Modal Forms of Decision Policies 
Experiment 3, 1 - 40 Applicants 
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FIGURE 5.5, Number of Selections Consistent With 
Modal Forms of Decision Policies 

Experiment 3, 1 - 120 Applicants 
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CHAPTER 6 - DISCUSSION AND CONCLUSIONS 

Solutions to sequential observation and selection tasks 

have been with us for more than 30 years. Beginning with 

Lindley, then extended by Dynkin, Chow, Gilbert and 

Mosteller, and others, much of this early research focused 

on characterizing the optimal solution to various 

generalizations of the problem. Many of these 

generalizations have been motivated by practical 

applications. While preoccupation with theoretical 

solutions has been conspicuous, little effort has been 

directed at examining the sensitivity of these solutions, or 

determining how well naive subjects perform these tasks. 

This paper makes contributions to both of these areas. 

Sequential observation and selection behavior was 

examined in the context of employer hiring decisions. Three 

objectives guided the research. While there was an obvious 

interest in testing the descriptive power of the optimal 

solution, another principal concern was in finding and 

characterizing simple decision policies that subjects may 

use when confronted with these types of decision tasks. The 

final objective was to examine the sensitivity of optimal 

decision rules, and other non-optimal policies using 

computer simulation. 

In order to compare experimental and theoretical 
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results, standard assumptions of the SP, as well as the 

number of applicants were systematically varied across three 

experiments. Experiment 1 investigated the standard version 

of the SP, where all of the original assumptions were met. 

Experiment 2, relaxing the assumption that only the best 

will do, paid subjects for correctly selecting either the 

best or second best applicants. Experiment 3 introduced 

uncertainty in the number of applicants. Each of these 

variations was determined by their degree of realism, ease 

of experimental implementation, and match to existing 

theoretical results. 

Several results from the computer simulations and 

experiments warrant further attention. First, results from 

the simulations show that the optimal policy is rather 

insensitive to slight variation in r. Thus, while the 

optimal solution prescribes a single cutoff point, any 

number of points within a moderate distance from this value 

performs almost as well. Given the insensitivity of the 

optimal solution, it is not surprising that naive subjects 

performed well. Although the exact form of the optimal 

policy is not intuitive, the notion of establishing some 

type of cutoff threshold was strongly supported. Cutoff

type policies accounted for the decisions of a strong 

majority of subjects in every experiment and condition. In 

addition, monitoring the number of applicants was listed as 



an important decision factor in all of the questionnaire 

results, and part of a majority of documented decision 

policies. 
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Second, given certain conditions, non-optimal policies, 

particularly counting the number of successive non

candidates, performed remarkably well. This finding, 

coupled with the previous discussion concerning the 

insensitivity of the optimal policy, raises serious 

questions regarding the applicability of optimal policies to 

the classes of tasks under investigation. 

Third, modal cutoff policies that subjects employed 

were, generally, in advance of optimal prescriptions. How 

can we explain this early selection behavior observed in all 

three experiments? While there has been almost no empirical 

investigations of sequential observation and selection in 

tasks modeled by the secretary's problem, there have been 

both theoretical and empirical studies in related areas. 

In economics, this type of sequential observation and 

selection is often called optimal economic search. In 

judgment and decision making literature researchers prefer 

the terms optimal stopping, or predecisional information 

search. Although the traditions, underlying assumptions, 

and task characteristics vary, each literature offers 

relevant insights and comparisons to the SP model 

investigated here. To illustrate, we turn first to some 
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general comments and findings on optimal stopping. 

Optimal stopping problems are of special interest for 

several reasons. First, like the SP, they represent an 

interesting set of problems whose optimal solutions have 

been investigated in great detail (Rapoport & Tversky, 

1970). In addition, they offer an abundance of experimental 

paradigms that model many common sequential decisions, such 

as renting a house, selling a used car, or purchasing some 

product on the market. In each of these examples, the DM 

searches for the best offer, then terminates the search 

based on weighting his sUbjective probability of obtaining a 

better offer against the cost of additional search. 

One investigation of optimal stopping behavior that 

parallels the present study was conducted by Rapoport and 

Tversky (1970). In their study, subjects were presented 

sequentially with offers drawn randomly form a normal 

distribution. In each repetition of the task, a subject 

could pay a fixed cost and sample another, or stop the 

search and receive a payoff based on the values of the 

offers sampled thus far. 

Clearly, their study differed from the present one in 

the introduction of search costs, type of distribution, and 

payoff function. However, the findings share several common 

themes. First, subjects stopped earlier than what was 

predicted by the optimal solution. In attempting to 
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reconcile their findings with previous results, Rapoport and 

Tversky concluded that "It might be attributed to other 

factors such as the nature of the task, familiarity with 

distributions of offers, and insensitivity of the optimal 

stopping rules for deviations from optimality.". They also 

found, in agreement with our results, that a cut-off point 

type model organized the individual data well. 

Additional insights can be drawn from another area of 

judgment and decision making literature, frequently 

described as predecisional information search. In this 

domain, studies have often relied on Bayesian models for 

normative guidance. Generally, DMs are presented with a task 

in which the individual must make a decision of some 

consequence. She is given an opportunity to acquire 

information that is imperfectly predictive. The opportunity 

to acquire information is usually presented sequentially, 

and at some cost to the DM. Then, at some point, she 

decides how much information to acquire before making her 

consequential decision. 

In their review of the empirical literature, Connolly 

and Gilani (1982) report several common findings. Four of 

these findings that are important to the present study are 

highlighted below. They concluded that subjects in most 

studies generally responded in appropriate ways to 

variations in task characteristics. They refer to this as 
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partial sensitivity. Connolly and Gilani also describe 

inappropriate sensitivity, where subjects were influenced by 

normatively irrelevant factors. Further, they report that 

subjects in a large majority of studies exhibited a lack of 

learning. In their review, few studies found evidence of 

learning, and those that did reported that learning occurred 

very slowly, after extensive repetitions. Finally, 

deviations from optimality were reported in a number of 

studies reviewed, where both under-purchase and over

purchase of information was common. They concluded that the 

direction and extent of departure appears to be a function 

of the characteristics of the task at hand. Each of these 

four findings described by Connolly and Gilani has 

correspondence in the present study. 

A review of optimal economic search uncovered two 

studies that somewhat parallel the SP model. Schotter & 

Braunstein (1981) tested what is referred to as the 

reservation wage hypothesis, examining search behavior when 

the distribution of wages was unknown. In a common wage 

search problem, an individual (searcher) who is seeking 

employment, finds exactly one job offer every day. Jobs 

offers are assumed to be identical except for the salary or 

wage. Wages are distributed from a stationary distribution 

that may be known or unknown. There is generally a cost of 

searching, which is frequently held constant. Finally, 
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there is often no limit on the number of offers that can be 

obtained, and each offer remains available throughout the 

search problem. To reduce complexity, models often assume 

risk neutrality. 

Their results indicate that subjects' behavior 

approximated theoretical predictions. In addition, the 

effects of increases or decreases in search costs on search 

behavior were, generally, in the directions predicted by 

optimal search theory. 

In a similar study, Kogut (1990) presented subjects 

with the task of searching for the lowest price for a 

product from a known (uniform) distribution of prices. He 

employed constant search cost, perfect recall, and assumed 

risk neutrality. His findings suggested that subjects 

systematically selected prices too early. In addition, they 

returned to previously passed prices; a behavior that is not 

predicted by optimal economic search theory. 

In a study conducted by Rapoport (1969), that is not 

easily classified as either optimal economic search, or 

predecisional information search, we find additional 

explanations for why subjects may select too early in 

sequential observation tasks. In his study, the subjects' 

(repeated) task was to find a single object located in one 

of several distinguishable regions. Subjects were told the 

prior probability of finding the target object in a given 



204 

region, the conditional miss probability of not finding the 

object, and the cost of the search. Search continued until 

the object was found. Rapoport reported that subjects erred 

in the direction of maximizing detection probabilities, 

rather than in the direction of minimizing overall 

observation costs. 

Clearly, the experimental design and results of this 

investigation are not directly comparable to the present 

study. However, Rapoport makes several summary observations 

and conclusions that warrant our attention. He suggests 

that the experimental task might have been too complicated 

to allow trial-to-trial learning, or that subjects may have 

attributed successful performance to chance alone. He also 

concludes that subjects may have approach the task with 

stable patterns of behavior that were based on prior 

experience with similar tasks. This, coupled with the 

stochastic nature of feedback, makes prospects for learning 

dim. Finally, concerning non-optimal behavior, Rapoport 

reminds us that subjects may also have been motivated to end 

the experiment as soon as possible. 

Finally, we examine a body of research that is, 

arguably, only tangentially related to sequential 

observation and selection tasks. I refer to a series of 

extensive studies of behavior in gambling games, 

specifically the game of blackjack, where subjects (players) 
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must make a type of optimal stopping decision. While many 

of the underlying assumptions and structure of the optimal 

policy differ, the psychological aspects of the decision 

tasks are analogous. Before we examine results of these 

studies, consider the similarities between the SP and the 

game of blackjack. 

After initial cards are dealt, the player has an 

opportunity to draw additional cards, hoping to improve his 

hand, or stand, hoping his hand is sufficient to beat the 

dealer's. With each additional card the player must weigh 

his chances of going too far (busting) against his chances 

of assembling a winning hand. While blackjack is more 

complex, with opportunities to split pairs, double your bet, 

and purchase insurance, the majority of hands that players 

face require them to make this hit or stand decision. 

Limiting attention to player's decisions in hit or stand 

circumstances, Wagenaar (1988) describes a form of 

"conservatism" where, in a large proportion of hands (44%), 

players failed to draw an additional card(s) where the 

optimal policy would prescribe them to do so. He discussed 

this finding in terms of minimizing regret and attentional 

bias. For minimizing regret he concludes that 

" ... losing by busting may seem psychologically 
quite different from losing to a dealer's superior 
total. If the player hits and busts, only the 
player can be blamed for the outcome. In 
contrast, if the player stands but loses 



nevertheless, the blame can be transferred to the 
dealer or can be attributed to dealer's luck. 
Passing, so to speak, the control of the outcome 
to the dealer can thus minimize the possible 
regret, because the players believe that they can 
control their own decisions but obviously cannot 
control the dealer's drawing." 

For attentional bias he reports that 

" ... players may be totally occupied in evaluating 
probabilities of busting and pay little attention 
to the winning or losing probabilities when 
neither player or dealer bust." 

It is easy to see how this conservatism might also 
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surface in the SP decision. If subjects interview too far, 

passing on the winning candidate, they have no one to blame 

but themselves. Once they select a candidate, control of 

the outcome is then passed to the computer, luck, or simply 

random chance. Examining the actual probabilities of 

candidate selection, given subjects' decision policies, 

compared to that of the optimal policy, provides support for 

the notion of attentional bias. In optimal play of the 

standard SP, approximately 65% of the trials result in 

candidate selection, with the remaining 35% result in 

exhausting all available applicants (busting). In actual 

play, however, subjects, by selecting early, were able raise 

the probability of candidate selection to 74% and 76% in 

conditions n=40 and n=80, respectively. 

This finding is consistent in the remaining 

experiments, although less pronounced in Experiment 2. 
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Following the optimal policy in Experiment 2 resulted in a 

78% and 76% chance of candidate selection in Conditions n=40 

and n=80. Actual play resulted in probabilities of 79% and 

84%, respectively. In Experiment 3, following the optimal 

policy resulted in a lower chance of candidate selection, 

62% and 64% in Conditions n=(l, 40) and n=(l, 120), 

respectively. Subjects, by selecting early, raised their 

chance of candidate selection to 72% in Condition n=(l, 40) 

and 74% in Condition n=(l, 120). 

Admittedly, this is a post-hoc explanation of the 

results, where the probability of candidate selection 

depends entirely on the decision policy chosen. However, 

consider why this explanation would be more likely to be 

supported in Experiments 1 and 3, and less likely to be 

supported in Experiment 2, as was the case. In all 

experiments the probability of candidate selection declines 

monotonicly as the number of applicants increases1
• 

However, this decline is steepest in Experiments 3 and 1. 

That is, the penalty for passing on a candidate was most 

severe in Experiments 3 and I, and less severe in Experiment 

2 . 

An even simpler interpretation for stopping too early 

in sequential observation and selection tasks can be 

1 Recall that the particular slopes of this function were 
graphed as part of the simulation results. 



208 

explained by discounting, where a win on trial t is worth 

more than a win on trial t+1. In the absence of search 

costs, subjects in a laboratory setting may value their time 

as well as their expected payoff. This is often the case in 

real life search problems. 

Finally, we have only a partial explanation for the 

lack of learning exhibited in most of the experimental 

conditions. Clearly, the insensitivity of the optimal 

solution, and the probabilistic nature of the task combined 

to impair learning ability. Perhaps a better test of 

learning in sequential observation and selection would be to 

sharpen the effects of the optimal solution. This could be 

done by testing problem variations where the optimal 

solution is more sensitive to deviations. Thus, if subjects 

failed to learn, the penalty would be greater. Or, if 

repeated tests once again failed to demonstrate learning 

effects, we might be inclined to conclude, as Wagenaar did 

when studying blackjack players, that it "is a game that 

people refuse to win" (1989). 

The findings presented above and in the previous 

chapters must be considered in light of certain limitations 

and shortcomings of the study. Admittedly, the three types 

of decision policies that we compared had much overlap, and 

no attempt was made to purposefully design trials that 

distinguished between various types and forms of these 
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policies. One could design a series of trials to make such 

distinctions clearer, and thus improve the accuracy of some 

of the measures. While this technique could be adopted, it 

would explicitly violate the understanding (and 

instructions) that the candidates appear in random order of 

ability. 

Learning, measured as movement toward the optimal 

solution, increased consistency, or improved performance, 

was only gauged by comparing results from the first to the 

second 50 trials. While we remain reluctant to further 

partition trials into smaller blocks, we acknowledge that 

subjects might have exhibited some form of learning that is 

not captured by this somewhat crude measure. 

Another limitation of the present study concerns the 

number and form of "likely decision policies" that were 

examined. The questionnaire results indicated that policies 

other than simple cutoff thresholds, candidate counts, or 

number of successive non-candidates might have been 

employed. Decision policies that incorporate a combination 

of these factors seem likely. One likely combination would 

require subjects to establish a cutoff threshold, then 

select the jth candidate, where j>l. Another combination 

would require subjects to once again establish a cutoff 

threshold, then select the next candidate, provided at least 

k successive non-candidates have been observed. 
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Another type of simple strategy would be to count both 

candidates and "near-candidates", where a near-candidate is 

defined bya relative ranking less than some arbitrary 

constant (for example, 2 or 3), then select the next 

candidate after this running count exceeds some threshold 

value. Similarly, subjects might employ a version of this 

type of strategy, but give different near-candidates 

differential weightings. Relative rankings of 1s might be 

weighted more than 2s, which might be weighted more than 3s, 

etc. 

Finally, subjects might adopt a flexible cutoff 

threshold that moves forward or backward based on the number 

of candidates observed. This is somewhat similar to the 

combination policies described earlier. For example, if a 

small number of candidates have been observed, subjects 

might lower their cutoff thresholds, whereas if a large 

number of candidates have been observed, subjects might 

raise their cutoff thresholds. We might also consider 

flexible cutoff policies where the number of candidates 

observed have the opposite effect. 

The discussion presented above does not exhaust the 

list of likely decision policies. Without a doubt, there 

are many other types and forms of decision policies that 

have not been investigated. Those identified above received 

some support from the questionnaire results, and appear easy 



to implement, both from practical and computer-simulation 

perspectives. Thus, subsequent research should consider 

several of these additional decision policies. 
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An additional set of limitations relate to the 

restrictive nature of the assumptions of the SP, and thus, 

how well the problem models sequential observation and 

selection tasks in a natural environment. While the 

assumptions of a know number of positions, and interviews in 

random order of ability might receive little challenge, 

others might meet greater resistance. Specifically, the 

inability to recall applicants runs completely against the 

grain of modern employment practices. Applicants are almost 

always expected to be available for some time following an 

interview. In fact, second and third interviews are more 

the norm than the exception in recruiting practices. The 

inability to recall applicants is seldom the case in other 

sequential observation and selection tasks that come to 

mind. Whether choosing an exit on the interstate, an 

apartment in a new city, or a parking space near the mall 

entrance, one is seldom prohibited from returning to earlier 

alternatives. Although there are straightforward ways to 

generalize recall ability, and implement this procedure 

experimentally, it has not been done. 

The assumption of ranking applicants from best to worst 

without ties might also be challenged. The contention here 
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is not that DMs can't rank-order applicants, it's that DMs 

can do better - they can rate applicants on some type of 

interval scale. In many situations DMs believe they have 

some knowledge of the underlying distribution that generated 

the applicants, and in many cases this belief is well

founded. Sequential observation and selection decisions are 

often based on experience. Past experience interviewing 

applicants, driving on an interstate, or searching for an 

apartment in a new city provide valuable input into one's 

present decision. Again, while theoretical results have 

modeled this type of generalization, it has not been studied 

experimentally. 

The preceding discussion has highlighted several areas 

for further research. While it is easy to capitalize on 

certain assumptions that have not yet been tested, and 

suggest them as topics for further research, this is done 

with some caution. One might shy away from conditions where 

the optimal solution is most insensitive, and thus, where 

naive subjects would be expected to perform well. What can 

be gained by characterizing decision policies and learning 

effects, where a wide range of policies perform equally 

well? More interesting and productive results might be 

expected in more demanding conditions where deviations from 

optimality significantly hurt performance. Here, adaptive 

decision strategies and learning effects would be more 



213 

likely, and of greater interest. We might further constrain 

the choice of study areas to conditions that mirror 

applications, and to conditions where an optimal policy 

exists. This benchmark has proved valuable in understanding 

the results of the present study. 

Three additional experiments that meet these criteria 

easily come to mind. In the first extension, we allow the 

decision maker to have more than one choice in selecting the 

best candidate, while preserving all the other conditions of 

the standard SP. Specifically, the DM is allowed to make c 

choices, and if either of her choices is the best, her 

payoff is 1, otherwise O. As before, our interest is in 

finding the decision policy that maximizes the probability 

of winning. 

Gilbert and Mosteller (1966) have show that when c=2, 

the optimal policy belongs to a class of policies indexed by 

two starting integers (r1 , r 2), where r 1 < r 2. The policy 

has the form: 

"reject the first r/-1 applicants, then accept 
the next candidate. If this is not the best of 
the n applicants, accept the first candidate after 
observing applicant r2*'" 

Note that once the first choice is made, the problem is 

reduced to the standard SP described earlier. Consequently, 

r2* of the present problem equals r* of the standard problem. 

Also note that the structure of the two starting integers is 
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not at all intuitive. An alternative and much simpler 

policy might use a single starting point, then exhaust the 

two choices on the next two candidates thereafter. 

A second experiment that also meets the criteria 

outlined above is to allow the DM the (possible) ability to 

recall applicants that have previously been rejected. Yang 

(1974) was the first to generalize the standard SP to 

include the possibility of recall. In his formulation, 

after the rth applicant, the DM can choose either to offer 

any previous applicant employment or to interview applicant 

r+1. If at this stage the interviewer were to offer 

employment to applicant r-s, that applicant would accept 

with probability q{s). Related problems have been studied 

by Smith and Deely (1975), who considered the above problem 

with q{s) = 1 for 0 ~ s ~ m, and q(s) = 0, otherwise. The 

idea here is that only the last m applicants can be 

approached; applicants that were interviewed earlier are no 

longer accessible. Smith (1975) offered another 

generalization in which no recall is allowed but in which 

the current applicant can reject an offer of employment, if 

one is made, with a known probability. 

Finally, we propose a third experiment in which both 

uncertain employment and possibility of recall are 

simultaneously considered. Clearly, both of these features 

are present in real life employment situations. In this 
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generalization of the BP, the state of the process is again 

described by the pair of integers (r, s), where r denotes 

the current applicant and s marks the number of applicants 

before the r th at which point the last candidate was 

observed. Petrucelli (1981) proved several general 

properties of the optimal policy and gave explicit solutions 

for a few important cases. For example, if we consider only 

the case where q(O) = q, q(s) = p for s =1, 2, ... , n, where 

o < p < q. The optimal policy in this case takes on the 

form: 

"reject the first r*-l applicants, and then try to 
accept all candidates thereafter. If all n 
applicants have been observed and the best was in 
the first r*-l applicants, go back a try to accept 
it. " 

Explicit solutions for computing r* and the probability of 

winning associated with the optimal policy are given. 

The final suggestion for further research does not 

concern an experimental extension, rather a methodological 

innovation. This innovation is in the spirit of the 

"strategy method" of collecting individual decision data. 

Subjects might be required to state their decision policy, 

then the computer plays t trials according to this policy. 

At the end of these trials, subjects get both feedback and 

another chance to state a decision policy that remains in 

effect for the next t trials. This, or similar procedures, 
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may provide more direct ways to assess decision policies 

that subjects employ when faced with sequential observation 

and selection tasks. 



APPENDIX A: SIMULATION PROGRAM 

DECLARE SUB Makedecision () 
DECLARE SUB Setappls () 
DECLARE SUB Setup ( ) 
DECLARE SUB Makedecsion () 
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COMMON SHARED i, k, postotappl, totappl, appl#(), item, win, 
totwin, trial, bestappl, best#, chosen, 
totfindcand 

OPEN "sim1.dat" FOR OUTPUT AS #1 
OPTION BASE 1 
CLS 
Setup 
'-----------------------BEGINNING OF REPLICATIONS 
FOR item = 1 TO postotappl 

totwin = 0 
totfindcand = 0 

FOR t = 1 TO trial 
totappl = INT((RND * postotappl) + 1) 
Setappls 
Makedecision 
LOCATE 20, 20 
PRINT "Trial #: "i ti totfindcand 

NEXT t 
LOCATE 21, 20 
PRINT "Item #: "i,item 
PRINT #1, itemi totwini totfindcand 
NEXT item 
END 

SUB Makedecision 
chosen# = 0 
bestsofar# = 0 
sel = 0 
i = 0 
DO 

i = i + 1 
IF i < item AND i <= totappl THEN 

IF appl#(i) > bestsofar# THEN 
bestsofar# = appl#(i) 

END IF 
ELSEIF i < item AND i > totappl THEN 

sel = 1 
ELSEIF i >= item AND i <= totappl THEN 

IF appl#(i) > bestsofar# THEN 
chosen# = appl#(i) 
sel = 1 

END IF 
ELSEIF i >= item AND i > totappl THEN 



chosen# = 0 
sel = 1 

END IF 
LOOP WHILE sel = 0 
'-----------------------POSTS RESULTS 
IF chosen# = best# THEN 

totwin = tot win + 1 
END IF 
IF chosen# > 0 THEN 

totfindcand = totfindcand + 1 
END IF 
END SUB 

SUB Setappls 
best# = 0 
'------------------CLEARS ARRAY 
FOR i = 1 TO postotappl 

appl#(i) = 0 
NEXT i 
'------------------SET RANKS 
FOR i = 1 TO totappl 

appl#(i) = RND 
IF appl#(i) > best# THEN 

best# = appl#(i) 
END IF 

NEXT i 
END SUB 

SUB Setup 
CLS 
LOCATE 13, 15 
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INPUT "Enter largest # of possible candidates "; postotappl 
LOCATE 14, 15 
INPUT "Enter # of replications "; trial 
DIM appl#(postotappl) 
END SUB 
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