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ABSTRACT

Assessment of individual preferences is of interest to many disciplines, includ­

ing economics, marketing, business, and health. Information on individual prefer­

ences is the key to understanding and predicting individual and aggregate choice 

behavior in response to different policy actions and programs, and for evaluating 

resulting costs and benefits. W hether the objective is to estimate the willingness 

to pay for changes in attributes of an existing good or for the introduction of a 

new good with private and public impacts, information on individual preferences 

is needed. Discrete choice methods have been used for decades for these purposes.

Discrete choice methods involve situations wherein individuals evaluate several 

policy alternatives and then choose one alternative over others, expressing their 

willingness to make tradeoffs among alternative attributes. A discrete choice model 

is then used to recover individuals’ preference functions from these responses. In 

spite of the popularity of discrete choice methods, the reliability and accuracy of 

these methods in providing correct assessment of individual preferences are often 

questioned. This dissertation investigates ways to improve the discrete choice 

method in recovering this information with higher precision. To achieve this, I 

focus on two essential components of discrete choice experiment implementation: 

the design process and the econometric analysis process.

Manuscript 1 and Manuscript 2 of this dissertation research focus on the dis­

crete choice experimental design process. Here I specifically address designing 

stated choice methods, a specific form of discrete choice methods, for valuing pub­

lic goods.1 Stated choice methods have become popular among researchers for 

their ability to value a range of public goods and services and for their ability to

S ta t e d  choice m ethods are also useful for valuing goods and services th at are new in the 
market or when there is insufficient variability in actual choices to  allow analysis of the attributes 
of interest. The focus here is only on public good valuation.
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include a range of attributes in the stated choice questions. Stated choice typically 

involve surveys, which may either take a hypothetical form, wherein respondents 

are not actually expected to pay for their choices, or a real-money form, wherein 

respondents make payments for their choices. The incentive properties in both 

hypothetical surveys and real-money surveys, continue to be a subject of debate. 

Hypothetical surveys may be subject to hypothetical bias, which could overesti­

mate values of public goods because respondents might not treat monetary costs 

in hypothetical surveys the same way they treat such costs in their actual daily 

transactions. On the other hand, real-money surveys may be subject to free-rider 

bias, which could underestimate the values of public goods because respondents 

might recognize their opportunity to benefit from the financial contributions of 

others. These measurement biases may lead to incorrect welfare measures and, 

therefore, suboptimal policy decisions.

Researchers have developed various theoretical and econometric methods to 

reduce or correct for these measurement biases. I develop a dominant strategy 

incentive compatible mechanism for designing stated choice surveys in order to 

elicit individuals’ true preferences, eliminating the incentive to free ride in real- 

money choice questions. I adapt Clarke’s (1) pivotal mechanism to stated choice 

surveys in order to motivate tru th  telling. I present theoretical proofs of the 

incentive compatibility of this mechanism for a binary choice case and a multiple 

alternative choice case. I design and conduct induced-value experiments to verify if 

respondents indeed adopt their dominant strategies while faced with the incentive 

compatible mechanism. I also compare the dominant strategy equilibrium property 

of my proposed mechanism with tha t of alternative value revelation mechanisms.

Manuscript 1 discusses the dominant strategy incentive compatible mecha­

nism for a binary choice case, wherein individuals’ choice task is to decide whether
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a public good of fixed size should be provided. Manuscript 2 extends this mecha­

nism to a multiple alternative choice case. For the theoretical demonstration and 

the experimental application of the multiple alternative choice case, I consider a 

choice set consisting of four choice alternatives. From this analysis, I find tha t this 

proposed mechanism performs quite well for the binary choice case but fails to per­

form as well in the multiple alternative case. However the study provides a better 

understanding of individuals’ incentives behind incorrect revelation of demand for 

public goods.

Manuscript 3 deals with the discrete choice modeling process. Unlike 

Manuscripts 1 and 2, the scope of this analysis ranges beyond stated choice data. 

Here, I investigate ways to improve discrete choice models tha t can recover more 

accurate and reliable welfare measures from the observed responses. Over the 

years, researchers have continuously developed the modeling procedures in order 

to improve welfare measures. For over a decade, the research took a direction of 

accounting for the heterogeneity of the populations, thus providing estimates of 

willingness to pay (W TP) distributions. One such method, the random parameters 

logit model have became quite popular in obtaining W TP distributions from the 

marginal utility distributions for heterogeneous populations. However, most ran­

dom parameters logit model applications suffer from one limitation because they 

keep the marginal utility of income constant to obtain the distributions of WTP. 

I suggest tha t shifting the distributional assumption from marginal utilities to the 

welfare measures themselves directly yields the distributions of WTP. An empirical 

application reveals tha t this proposed model and the random parameters model 

yield similar mean WTP, but welfare measure are more readily interpretable in the 

proposed model.

Finally, Manuscript 4 sums up the findings of this dissertation and discusses
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the contribution, the limitation and future direction of this research.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

ACKNOW LEDGM ENTS

I take this opportunity to express my gratitude to all the people and organi­

zations who contributed to the successful completion of my dissertation. First and 

foremost, I thank my major professor, Dr. Christopher Anderson. I am extremely 

grateful for his continuous support, inspiration, and his motivation to push the lim­

its and reach for excellence. It was his enthusiasm and interest in novel research 

ideas tha t motivated me to take on an interesting and challenging research project, 

which not only increased my knowledge, but also helped me to learn sophisticated 

research tools.

I extend my sincere thanks to Dr. Stephen Swallow for his continuous support 

on both the professional and personal fronts. I appreciate his constant encourage­

ment, experienced guidance, and patience. I thank him for sharing his ideas and 

channeling my research interests and efforts towards excellence. Finally, I thank 

him for always being available to listen to my problems and concerns and giving 

advice. I also extend my thanks to Dr. John Burkett for serving on my commit­

tee, reading and providing feedback on my dissertation, sharing ideas about other 

research projects, and meeting my numerous queries about LaTex. I also express 

deep gratitude to my other committee members, Dr. James Opaluch, Dr. Cathy 

Roheim and Dr. Patrick Logan, for their time and assistance. I specifically thank 

Dr. James Opaluch for his initiative and help in preparing the video conferencing 

for my defense. I sincerely thank Dr. Paritosh Banerjee, my professor back home, 

for his help, inspiration and encouragement.

I also thank Drs. James Anderson and Thomas Grigalunas for their guid­

ance and constant encouragement. I am extremely thankful to the Department 

of Environmental and Natural Resource Economics for funding my study for six 

years. Thanks are also due to Mrs. Lee Anne McCullough for taking care of all

vi

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

the administrative details.

My sincerest thanks go to my parents, Mr. Madan Gopal Das and Mrs. 

Bharati Das, for their prayers, blessings, love, and patience all through this time. 

I also thank my siblings M adhumita and Dipanwita, my brother-in-law Basab, my 

nephew Rishi (who I parted with at his tender age of one), and my best friend 

back home, Mrs. Atri Mukherjee, for believing in me and helping me through all 

the ups and downs of life while away from home. Last, but not least, thanks are 

due to all the friends tha t I have made over the years in ENRE and outside ENRE 

who made my stay in RI a joyful experience. I specifically thank Dr. Samuel 

Bwalya, Ms. Lydia Napitupulu, Mr. Diego Valderrama, Ms. Enid Kumin, Ms. 

Gabriela Dobrot, Ms. Jingjie Chu, Dr. Yong Jiang, Mr. M atthew Freeman, Ms. 

Erica Myers, Dr. Aruna Murty, Dr. Anisha Mendonza, Dr. Prasan Kasturi, and 

Ms. Shweta Ugaonkar. A special thanks to Dr. Andrada Pacheco for helping me 

through the frustrating time during the last few months of my study.

vii

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

DEDICATION

My Parents, Mr. Madan Gopal Das and Mrs. Bharati Das

viii

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

TABLE OF CONTENTS

A B S T R A C T ........................................................................................................  ii

A C K N O W L E D G M E N T S ............................................................................... vi

D E D IC A T IO N ........................................................................................................viii

TABLE OF CO NTENTS ............................................................................... ix

LIST OF T A B L E S ................................................................................................. xiii

LIST OF F IG U R E S ...........................................................................................  xv

M A NU SC RIPT

1 Incentive Compatible M echanism Design for Stated Choice
Surveys: A Binary Choice C a se ......................................................... 1

1.1 In tro d u c tio n ............................................................................................. 2

1.2 The M o d e l................................................................................................  7

1.3 Experimental D e s ig n ............................................................................  11

1.3.1 Treatments ...............................................................................  11

1.3.2 Parameters ...............................................................................  12

1.3.3 In s tru c tio n s ...............................................................................  13

1.3.4 S o ftw are ......................................................................................  14

1.4 R e su lts ....................................................................................................... 15

1.4.1 The DCPCM R e s u lts ..............................................................  15

1.4.2 Model C o m p a riso n ..................................................................  17

1.4.3 The Logit M o d e l .....................................................................  19

1.5 D iscussion ................................................................................................  21

ix

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Page

2 Incentive Compatible M echanism Design for Stated Choice 
Surveys: A M ultiple A lternative Choice C a s e ..............................  32

2.1 In tro d u c tio n ............................................................................................. 33

2.2 The M o d e l................................................................................................  38

2.3 Experimental D e s ig n ............................................................................ 45

2.3.1 Treatments ...............................................................................  45

2.3.2 Parameters ...............................................................................  46

2.3.3 In s tru c tio n s ...............................................................................  47

2.3.4 S o ftw are ......................................................................................  47

2.4 R e su lts ....................................................................................................... 48

2.4.1 The DCPCM R e su lts ............................................................... 49

2.4.2 Model C o m p a riso n ..................................................................  50

2.4.3 The Conditional Logit Model ..............................................  52

2.5 D iscussion ................................................................................................  54

3 Direct Estim ation of Distributions of W illingness to  Pay for 
Heterogeneous Populations ...............................................................  66

3.1 In tro d u c tio n ............................................................................................  67

3.2 The Theoretical F ra m e w o rk ..............................................................  71

3.2.1 Estimating Distributions of Marginal U t i l i t i e s ................  72

3.2.2 Estimating Distributions of Willingness to P a y ................  74

3.3 An Empirical I llu s tra tio n .....................................................................  77

3.3.1 Estimation R e s u l t s ..................................................................  79

3.3.2 Out of Sample Model C om parison .......................................  83

3.3.3 Correlated A ttribute D istribu tions.......................................  84

x

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Page

3.3.4 Site E v a lu a tio n .........................................................................  85

3.4 D iscussion ................................................................................................  87

4 C onclusion  an d  R e c o m m e n d a tio n s ....................................................  95

4.1 Summary ................................................................................................  95

4.2 Contribution to L i te ra tu re .....................................................................100

4.3 Recommendations for Future R e s e a rc h ............................................. 103

L IST  O F  R E F E R E N C E S  ....................................................................................107

A P P E N D IX

A  In s tru c tio n s  for T h e  B in a ry  D C P C M  E x p e r i m e n t ......................117

A .l In tro d u c tio n ............................................................................................... 117

A.2 Treatment I ............................................................................................... 118

A.2.1 Q u i z ................................................................................................ 122

A.3 Treatment I I .......................................................  123

A.3.1 Q u i z ................................................................................................ 127

A.4 Treatment I I I ............................................................................................129

A.4.1 Q u i z ................................................................................................ 134

B In s tru c tio n s  for T h e  M u ltip le  A lte rn a tiv e  D C P C M  E x p e ri­
m e n t  137

B .l In tro d u c tio n ...............................................................................................137

B.2 Treatment I ...............................................................................................139

B.2.1 Q u i z ................................................................................................ 142

B.3 Treatment I I ...............................................................................................143

B.3.1 Q u i z ................................................................................................149

xi

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Page

B.4 Treatment I I I ........................................................................................... 151

B.4.1 Q u i z ................................................................................................ 157

B.5 Treatment I V ........................................................................................... 159

B.5.1 Q u i z ................................................................................................ 166

B IB L IO G R A P H Y ................................................................................................. 168

xii

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

LIST OF TABLES

Table Page

1 Treatment o r d e r s ....................................................................................  24

2 Truth revelation in the discrete choice q u es tio n s ............................ 24

3 Comparing the number of subjects always responding truthfully
under the discrete choice treatm ents ..............................................  24

4 Order effect on tru th  re v e la tio n ..........................................................  25

5 Logit model r e s u l ts .................................................................................  25

6 Treatment o r d e r s .............................................................  58

7 Truth revelation in the discrete choice q u es tio n s ............................  58

8 Comparison of the number of subjects always responding tru th ­
fully under the discrete choice treatm ents ..................................... 58

9 Order effect on tru th  re v e la tio n ..........................................................  59

10 Conditional logit model e s tim a te s ....................................................... 59

11 Description of variables included in the models ............................  90

12 Full sample willingness to pay estimates from the alternative
m odels .......................................................................................................  91

13 Out of sample forecasting r e s u l t s ......................................................  92

14 The correlation matrix of the W TP coefficients from the
RPCLR-correlated model ..................................................................  92

15 Attributes of the example sites .......................................................... 93

16 Monetary indices of the hypothetical sites and voting percent­
ages   94

A .l Practice period 1 ....................................................................................... 131

A.2 Practice period 1 ....................................................................................... 138

xiii

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Table Page

B .l Practice period 1 ........................................................................................ 161

B.2 Practice period 1 ........................................................................................ 170

xiv

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

LIST OF FIGURES

Figure Page

1 Percentage of tru th  revelation in the DC-PPMBG and the
DCPCM tr e a tm e n ts  ............................................................  26

2 Percentage of tru th  revelation in the DCPCM by session . . . .  27

3 Nature of tru th  revelation in the DCPCM t r e a tm e n t .................. 28

4 Distribution of non-dominant strategy play in the DCPCM
tr e a tm e n t ................................................................................................  29

5 Average percentage of value revealed in the OE-PPMBG . . . .  30

6 Robustness test of the discrete choice treatm ents ........................  31

7 Percentage of tru th  revelation in the DC-PPMBG and the
DCPCM tr e a tm e n ts ............................................................................  60

8 Percentage of tru th  revelation in the DCPCM by session . . . .  61

9 Nature of tru th  revelation in the DCPCM for project A . . . .  62

10 Nature of tru th  revelation in the DCPCM for project B  . . . .  63

11 Average percentage of value revealed in the OE-PPMBG . . . .  64

12 Robustness test of the discrete choice treatm ents ........................  65

xv

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

M A N U SC R IPT 1

Incentive Compatible M echanism Design for Stated Choice Surveys: A
Binary Choice Case

Abstract

This paper develops an incentive compatible mechanism for stated choice 

questions in order to elicit true individual preferences for public goods and ser­

vices. To achieve this, we adapt Clarke’s (1) pivotal mechanism to stated choice 

questions. We present the theoretical framework of our proposed mechanism 

and provide a formal proof of its incentive compatibility. We design an induced 

value experiment to verify the dominant strategy equilibrium property of the 

same, and compare its performance against the provision point and money back 

guarantee (PPMBG) with alternative response formats. Although for stated 

choice questions, our incentive compatible mechanism performs very similarly to 

the PPMBG mechanism, the theoretical incentive compatibility property provides 

a motivation for its use in public good valuation.

1
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1.1 Introduction

Stated preference methods or stated choice methods have been used for 

decades to assess individuals’ preferences for a range of public goods and services. 

Information about preferences is vital in understanding and predicting individ­

ual and aggregate behavioral responses to policy actions and to estimate resulting 

costs and benefits. Stated choice methods involve surveys, wherein individuals 

evaluate management alternatives and state their preferences to support one al­

ternative over others. These surveys may mimic the choices facing the decision 

makers, and values may be measured not only in monetary terms but also accord­

ing to the in-kind tradeoffs tha t managers face. Econometric analysis proceeds by 

assuming survey responses reflect tradeoffs tha t individuals are willing to make 

without coercion. Using stated choice models (2; 3), econometric results provide 

a statistical model of how attributes of management actions and costs affect indi­

viduals’ preferences, and economists use the model to identify monetary measures 

of values called willingness to pay (W TP) or willingness to accept(WTA). The 

estimated monetary values then support welfare analysis or provide guidance to 

policymakers in managing these goods.

Typically, these surveys have been hypothetical, where individuals have been 

asked to state choices tha t imply a willingness to pay to support a management 

action, but the individuals have not actually been expected to pay for tha t action. 

While the surveys often are consequential, implying a taxpayers’ liability because 

questions relate to public agency decisions, critics argue tha t individuals may not 

treat monetary costs in hypothetical surveys the same way as they treat such 

costs in their actual daily purchases. Thus individuals may overstate their W TP 

if they do not fully comprehend the financial obligations behind their decisions. 

This overvaluation, usually known as hypothetical bias, can leave public managers

2
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uncertain about public priorities in public good management.

In order to test for the presence of hypothetical bias in hypothetical surveys, 

researchers often compare estimated W TP based on respondents’ choices in hy­

pothetical questions to estimated W TP based on choices in real-money questions, 

wherein respondents actually make payments to support a public good. There exist 

several studies tha t found presence of hypothetical bias in hypothetical questions 

(4; 5; 6; 7; 8; 9; 10; 11). For instance, Neill et al. (11) in their controlled labora­

tory experiment found th a t the W TP in hypothetical questions was significantly 

higher than the W TP for the same good in a Vickrey auction. Brown et al. (7) 

compared the dichotomous choice and open ended mean W TP under hypothetical 

and actual payment, and found the mean W TP from hypothetical dichotomous 

questions to be the highest. Same conclusion was reached by Cummings et al. (9) 

in their comparative study of hypothetical and real discrete choice formats.

However, questions remain concerning the validity of these results because of 

the presence of free-rider bias in real money questions. While traditional hypo­

thetical surveys may suffer from hypothetical bias, most real-money surveys suffer 

from free-rider bias, which could underestimate the value of public goods if in­

dividuals recognize their opportunity to benefit from the financial contributions 

of others. For example, Kim and Walker (12), Isaac et al. (13) and Poe et al. 

(14) found evidence of free-riding in the context of laboratory experiments. The 

existence of free-rider bias may cause incorrect interpretation about the presence 

or extent of this hypothetical and real welfare measurement gap, and consequently 

may lead to inaccurate policy recommendations. Therefore, for accurate evalua­

tion of this welfare measurement gap, it is necessary to find alternative methods 

of value revelation tha t remove or reduce these biases.

Over the years, different theoretical and econometric methods have been de­

3
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veloped to reduce or correct for hypothetical and free-rider biases. These include 

calibration techniques (6; 15; 16; 17), reminding respondents of their budget con­

straints (11; 18), and using cheap talk design (19; 20; 5). These approaches, 

though somewhat successful in occasions, failed to settle the debate surrounding 

hypothetical and free-rider bias. Recent work in this line of research tha t exhib­

ited promising results has involved questions tha t establish a minimum threshold 

of funding in order to provide a public good. In this mechanism, a public good is 

provided if aggregate contribution is equal to or above the provision point (PP). 

If it is below the provision point, the good is not provided. Often a money-back 

guarantee (MBG) is added to the PP  as an assurance against the loss of contribu­

tion when the public good is not provided. Several studies on PPMBG, spanning 

over three decades, have found tha t the provision point and money-back guarantee 

reduce free-rider bias and significantly improve contribution among respondents 

(21; 22; 14; 23; 24; 25; 26; 27; 28; 29; 30; 31; 32).1

Although previous PPMBG applications found significant reduction in free- 

ridership among respondents, they cannot claim to eliminate the free-rider bias 

in real-money questions. Therefore, doubts remain regarding the presence of hy­

pothetical and free-rider bias. This concern led researchers to investigate other 

institutions tha t have higher true value revelation potential. Mechanism design 

literature shows greater promise in this respect.

The task of the mechanism designers is to design mechanisms tha t eliminate 

the incentives to misreveal preferences and thus induce individuals to reveal their 

true preferences. In order to mitigate the free-ridership problem in real-money

1 Additional assurance can be provided by disbursing the excess contributions over P P  to 
the contributors in som e form of rebates (33; 29). T hese rebates usually take the form of a
proportional rebate (P R ), where excess contributions are returned to the individuals in proportion
to their contributions; extended benefit (E B ), where the extra contributions are used to  provide 
more of the public good; or winner-take-all rules, wherein all the excess contributions are returned 
to one random ly chosen contributor.

4
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stated choice questions, we design a dominant strategy mechanism. Theoretically, 

it is desirable to design dominant strategy mechanisms, i.e., mechanisms which 

are non-manipulable. The practical advantage of dominant strategy mechanisms 

is tha t an agent does not need to know anything about others’ values or strategies 

in order to choose a best strategy given his own strategies; and therefore imple­

mentation is easy. The desirability of such mechanisms is also expressed by Groves 

and Ledyard ((34), p.56) in their quote, “A fundamental, but generally unstated 

axiom of non-cooperative behavior is tha t if an individual has a dominant strategy 

available, he will use it” .

In order to induce true value revelation among individuals, we adapt a special 

case of the the Vickrey-Clarke-Groves mechanism (35; 1; 36; 37), known as the 

pivotal mechanism, to stated choice questions.2 Pivotal mechanism is a dominant 

strategy mechanism in which true value revelation is always an individual’s domi­

nant strategy. In this mechanism, each individual is asked to reveal his valuation 

of a public good, which may be different from his true valuation of the good. If 

the aggregate valuation revealed by each individual equals or exceeds the cost of 

the good then it is provided otherwise it is not provided. An individual is called 

a pivotal agent if his value revelation reverses the decision based on other mem­

bers’ valuations; not pivotal otherwise. Assuming zero provision cost, a pivotal 

agent must pay a Clarke tax  equal to the absolute value of the aggregate valuation 

of the good revealed by the other members, and pay nothing if he is not pivotal 

(38; 39). Pivotal mechanism provides an incentive for the individual to state his 

value truthfully, because he only has to pay if his value is pivotal, meaning if his 

stated value makes a pivotal difference in providing or not providing the public

2T he dom inant strategy equilibrium was first discovered by Vickrey (35) and later it was 
generalized by Groves (36). Clarke (1) and Groves and Loeb (37) independently discovered
the dom inant strategy mechanism for public goods, com m only known as demand revelation
mechanism.

5
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good.

The adaption of Clarke’s mechanism to discrete choice framework is not 

straightforward, because, unlike Clarke’s pivotal mechanism, which is based on 

allowing individuals to state any value, stated choice surveys generally involve dis­

crete choices. Our mechanism design, henceforth is called discrete choice pivotal 

cost mechanism (DCPCM), and is based only on Clarke’s concept of a pivotal 

agent. It does not take into account Clarke’s definition of pivotal tax.

The DCPCM also results in an efficient project choice in the sense tha t the 

project is provided whenever the sum of revealed values equals or exceeds the 

project cost. However, similar to Clarke’s pivotal mechanism, this mechanism 

does not result in fully Pareto-efficient allocations because it fails to satisfy the 

balanced budget condition (40; 34). Nevertheless, by now it is well-known tha t it 

is impossible to design a mechanism for making collective allocation decisions, tha t 

are informationally decentralized, non-manipulable, and Pareto optimal. Conse­

quently, researchers settle for second best mechanisms, and neither the Vickrey- 

Clarke-Groves mechanism nor our proposed mechanism is an exception to this 

norm.3

The paper is organized as follows. In the next section we present the theoret­

ical framework of the mechanism and a formal proof of the incentive compatibility 

of the DCPCM. Our analysis proceeds by designing an induced-value experiment 

to verify if a dominant strategy mechanism for discrete choice questions can im­

prove demand revelation in public good valuation and also to test the alternative 

presentations tha t yield highest revelation rates. The experimental design is ex­

plained in section 3. Section 4 discusses the results, and section 5 concludes the 

paper.

3M aliath and Postlew aite (41), Walker (42), Roberts (43), and Green and Laffont (44) demon­
strated the im possibility of designing such an ideal mechanism  in the context of resource alloca­
tions w ith  public goods.

6
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1.2 The M odel
D iscrete  Choice P ivo ta l C ost M echanism

We consider an environment where /  agents must collectively decide whether 

a public project of a fixed size should be provided. The set of feasible project 

decisions is denoted by k  := {0,1), where k = 1 implies the project is provided 

and k =  0 implies the project is not provided. An agent i ’s valuation for a project 

choice k G {0,1} is denoted by v^k ). In a discrete choice framework, an agent is 

not asked to reveal his valuation vt(.) for the project; rather he receives a fixed cost 

a, > 0, which he accepts or rejects depending on his quasi-linear utility function 

Ui(k,ai) = Vi{k) — ai. Therefore, the agent has only two possible strategies instead 

of a continuum of strategies, accepting or rejecting this pre-assigned cost. Let 

Si := {1,0} denotes his strategy set, where s.t =  1 implies the agent accepts the 

pre-assigned cost, and consequently his contribution toward the project is taken 

to be Ci =  a*; s.t =  0 implying the agent rejects the assigned cost. In this case his 

contribution toward the project is taken to be c, =  0. Thus, agent 'i’s contribution 

toward a project can be expressed as:

a* if Si = 1 
0 otherwise.

Given the strategy of agent i, s* G {1,0} and the strategies of agents other than 

i s_j, a social choice function in this environment takes the form /(s j,s_ j)  =  

(k ,t i , . . . . t j  : k G {1 ,0}),U G R+ for all i, where U is the monetary transfer from 

agent i to the decision making agency. In this environment, the discrete choice 

pivotal cost mechanism (DCPCM) can be explained by the following two rules.

Rule 1. P roject Im plem en ta tion  Rule: The public project is provided if  the 

aggregate contribution of all agents equals or exceeds the cost of the project.

Denoting the cost of the project by T  > 0, the project implementation rule
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can be explained as follows:

k = / 1 if E i&i C i > T  
\  0 otherwise.

Definition 1. A n agent is pivotal i f  his contribution changes the project decision 

based on other members ’ contributions.

T hat is, an agent i is pivotal if:

(!) E ^ cj < T  and >  T, where E j / i  cj  denotes the aggregate contribu­

tion by all agents other than i.4,5 

Agent i is not pivotal if:

(2) E ie /  ci < T , so the project cannot be provided even with Vs contribution or

(3) E j^ i  ci — T, so the project is provided without i ’s contribution.

Rule 2. P a ym en t R u le : An agent’s monetary transfer bo the decision making 

agency ti is his contribution if  he is pivotal; zero if  not pivotal.

( d  if Cj  < T  and £  i€J > T
1 \  0 otherwise.

Rule 1 and Rule 2 tha t define DCPCM determine the social outcome /(s<, s_j),

which in turn  determines agent i ’s payoff as follows:

( f( _  j  Vi(k) — U if the project is provided
\  0 if the project is not provided.

D efin ition  2. A strategy is a weakly dominant strategy for an agent i f  it gives 

him at least as large a payoff as any of his other possible strategy for every possible 

strategies that his rivals may play.

4An individual gets no benefit when the project is not im plem ented, that is « ,(0 ) =  0. In 
discrete choice question format, an agent cannot reveal a negative value; therefore, he is pivotal 
in only one direction. He can only change the decision from not im plem enting the project (k =  0) 
to im plem enting the project (k =  1), but not the other way around.

5N ote, a pivotal agent also im plies that the agent has accepted the pre-assigned cost and thus 
agreed to  contribute a positive amount. An agent cannot be pivotal w ith  zero contribution.
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T hat is, if telling the tru th  s*  is a weakly dominant strategy equilibrium, then 

for a l ii ,  V{ ( . )  and a( we have:

Proposition 1. In the discrete choice pivotal cost mechanism, telling the truth s* 

is a weakly dominant strategy for all i, Vi(.) and a*.

Proof. We will prove tha t when faced with the particular project implementation 

rule and the payment rule of DCPCM, each agent finds it in his best interest to 

truthfully answer the discrete choice questions. In this binary discrete choice frame­

work, an agent’s tru th  implies accepting the pre-assigned cost when his net utility is 

positive (vi(l) — ai > 0), rejecting it when his net utility is negative (u»(l) — o, < 0), 

and remaining indifferent when his net utility is zero (fj(l) — a* =  0). We have 

discussed the different pivotal conditions tha t may arise given the other agents’ 

decisions under definition 1. Here we show tha t telling the tru th  is agent Vs opti­

mal strategy under each of these social conditions.

Condition 1: Suppose other agents’ aggregate contribution implied by s_j is 

'f f  -j f-i cj <  &nd agent Vs pre-assigned cost a» is such tha t cq +  Yhj^i cj — T- 

This implies i is pivotal; i.e., Vs positive contribution can have a pivotal effect on 

the project outcome, therefore on his payoff.

In this situation, if s* =  1 then q  =  at. Since i is pivotal k  =  1 and i; =  a,. 

Thus agent Vs payoff is, =  '^(1) — a.;. On the other hand, if s.; =  0 then ct = 0. 

W ithout Vs contribution the project cannot be provided, thus k = 0, U =  0 and 

his payoff is 7Tj(.) =  0. Therefore, given the responses of other agents, the possible 

outcomes tha t can arise from alternative strategies adopted by i can be written as,

Now, depending on u;(.) and the pre-assigned cost, a*, the agent’s net utility from

9
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the project can be positive, negative, or zero. We will show th a t when condition 

1 is true, telling the tru th  is the optimal strategy under each possible preference 

relation.

Case 1: Suppose agent Vs net utility is positive, i.e., Uj(l) — a* > 0 .  Conse­

quently, agent i ’s payoffs from alternative strategies 7q(/(l, s_*)) =  Ui(l) — a, > 

7Tj(/(0, s_j)). Therefore, agent i ’s best response is to accept the cost; i.e., s* =  1, 

which corresponds to tru th  revelation.

Case 2: Suppose agent i ’s net utility is negative; i.e., Uj(l) -  a* < 0. Conse­

quently, agent i ’s payoffs from alternative strategies 7r,(/(l, s_j)) =  Uj(l) — a* < 

7q(/(0, s _ i ) ) .  Therefore, agent i ’s best response is to reject the cost, i.e., s* = 0, 

which corresponds to truthful revelation.

Case 3: Suppose agent i ’s net utility is zero; i.e., Vj(l)—a* =  0. Consequently, agent 

i ’s payoffs from alternative strategies 7Tj(/(l, s_»)) =  Uj(l)—a* =  7Tj(/(0, S-i))- Here 

agent i is indifferent between accepting or rejecting the cost, thus either s* =  0 or 

s* =  1 is a best response and corresponds to truthful revelation.

Therefore, in this pivotal case, we have 7Tj(/(s*, s_*)) >  7Tj(/(sj, s_j)) for all i and

Vi.

Condition 2: Suppose other agents’ aggregate contribution Cj and agent i ’s 

pre-assigned cost a* are such tha t a.L +  Yhj^i cj < T , i is not pivotal.

In this case, the project cannot be provided even if i agreed to contribute toward 

the project cost. Thus, agent i ’s decision does not influence the project provision 

decision or his payoff. Here i ’s payoff is zero irrespective of his decision. T hat is, 

7Ti(/(l, s_i)) =  0 =  7Ti(/(0, s_i)) V i and Vi.

Condition 3: Suppose the other agents aggregate contribution ]C . Cj is such that 

ci  -  T.

In this case, agent i is again not pivotal. The project is provided without i ’s con-

10
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tribution and t ’s payoff is Vi irrespective of his decision. Therefore 7Tj(/(l, s_j)) =  

Vi =  7Tj(/(0, s_i)) V i and v*.

Thus, regardless of the pivotal conditions tha t may arise depending on the 

responses of other agents s_, , truthful revelation is the weak dominant strategy for 

agent i, i.e., 7Tj(/(s*, s_j)) > 7rj(/(sj, s_j))Vi, u;, a*. This completes the proof. □

1.3 Experimental Design

We demonstrated in the previous section tha t truthfully answering the dis­

crete choice questions is an individual’s weakly dominant strategy while facing the 

DCPCM. However, before applying the theory in the field to solve actual social 

allocation problems, it is necessary to test the mechanism in a controlled labo­

ratory environment. Here we explain an induced-value experiment, designed to 

examine the effectiveness of the DCPCM in motivating individuals to reveal their 

true preferences.6

1.3.1 Treatments

We evaluated the empirical properties of the DCPCM with respect to two 

alternative demand elicitation formats; one being the provision point money-back 

guarantee mechanism with continuous response format and the other being the 

same with discrete choice response format. We denote the former as OE-PPMBG 

and the latter as DC-PPMBG. We implemented the PPMBG treatm ent as the 

control treatm ent because of its increasing popularity in public good valuation 

and its success in significantly reducing free-ridership among respondents, both 

in continuous questions (27; 30; 31) and in discrete choice questions (14; 46; 23). 

Each session of our experiment started with the OE-PPMBG, and was followed

6According to  the induced-value theory (45), for the econom ic experim ent to be m eaningful the 
experim enter should assign specific preference functions to  each subject and pay them  according 
to  the payoffs they receive in the experim ents. Our experim ent satisfies the induced-value theory.

11
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by a repeat of the OE-PPMBG, the DC-PPMBG, and the DCPCM. We use the 

OE-PPMBG treatm ent as the base treatm ent mainly to familiarize subjects with 

group decision making in a simple environment. The first OE-PPMBG treatm ent 

was for practice purposes only; therefore it was not considered for data analysis. 

To test the robustness of our mechanism, we changed the orders of the last three 

treatm ents between sessions. This ordering helps us to understand if experience 

has any effect on the dominant strategy plays. This different treatm ent ordering 

is explained in table 1.

1.3.2 Parameters

In our experiment, there were 15 subjects in each session assigned to 3 groups 

of 5 subjects. Before each period, subjects were randomly assigned to a new group, 

and they were informed of this group assignment process. Subjects participated 

in one practice period before playing for actual money. To study the subjects’ 

behavioral pattern over time, we repeated our decision making game several times. 

The first session had 10 periods during each treatm ent, but the remaining 5 sessions 

had 15 periods per treatment.

At the beginning of each period, subjects received private values for the public 

project in question, which were randomly chosen between 5 and 20. In the discrete 

choice treatments, subjects also received personal levels of cost which ranged from

2.5 (50% of the minimum value) to 30 (150% of the maximum value). This method 

of cost selection ensures tha t the distribution of net values resembles the field with 

a fair number of subjects having positive and negative net values. The project 

provision cost was kept at 30 experimental dollars throughout the experiment. 

Each subject knew the range of values, costs, and the provision cost, but they did 

not know the other subjects’ values or costs.7 Each subject independently decided

7Researchers argue th at telling subjects about the provision point m ay lead to equal cost 
sharing strategy. Rondeau et al. (24) studied PPM B G  under different information conditions,

12
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whether to contribute toward the cost of the project. Since subjects’ positive 

contributions were allowed to be more than their values, it was possible for them 

to incur losses in a given period. To take account of this possibility, subjects’ show 

up fees were divided into four parts and given to them before each treatm ent from 

which negative payments could be taken off. However, to prohibit subjects from 

ending the experiment with negative earnings, they were not allowed to contribute 

more than their endowments. Nevertheless, they were given sufficient initial funds 

so tha t fund availability was never a constraint in their contribution decisions.

The experimental design was pre-tested in a pilot session consisting of 10 

subjects. In total, 90 students, recruited from the University of Rhode Island, 

participated in 6 different sessions of the real experiment. Of this student group, 

55% were from the undergraduate class “Introduction to Resource Economics” and 

the remaining were a mix of graduate and undergraduate students with different 

majors. An experimental session lasted between 1.5 and 2 hours. The total payoff 

earned by each subject was converted to US dollars according to a pre-determined 

exchange rate and paid in full at the end of the experiment. The average earning 

for this experiment was $28.

1.3.3 Instructions

The subjects were provided with written instructions before each treatment, 

and the instructions were also read aloud. The instructions explained to the sub­

jects the project provision rules, the profit and payment calculation procedures, 

the cost and value selection criteria, and the group assignment process. They were 

also given a short quiz immediately following each set of instructions, which was 

designed to help them understand the rules of the different treatments. The quiz 

asked the subjects to calculate the social outcomes in some hypothetical example

and they found no evidence of equal cost-sharing am ong respondents.

13
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scenarios under the alternative payment rules. After the subjects completed the 

quiz, the experimenter carefully explained the answers to them.

1.3.4 Software

The experiment was programmed with the z-Tree software (47) and was con­

ducted at the simulation laboratory of the University of Rhode Island. The soft­

ware consisted of a decision screen and a result screen. The decision screen dis­

played to a subject, his group number, the project cost, his assigned cost (in the 

discrete choice treatments) and his private benefit from the project if it was im­

plemented. The decision screen also displayed a history table which contained 

information from all the previous periods including the cumulative profit from 

each period. A brief summary of the rules of the treatm ent was also shown to 

the subjects on the same screen. In the OE-PPMBG treatm ent, subjects were 

asked to type their contributions in the appropriate boxes. In the discrete choice 

treatments, subjects were asked to indicate their decisions to accept or reject the 

assigned cost by clicking the appropriate button on the screen. All communication 

among subjects was prohibited during the experiment, except the transmission of 

responses through computers.

After every subject made their contributions, the results were displayed. The 

OE-PPMBG result screen displayed to each subject the project cost, his contri­

bution, the group decision, his benefit from the group decision, his payment and 

profit. Since the decision was discrete in the discrete choice treatments, the results 

were displayed differently. A subject could see the project cost, his discrete deci­

sion ( “yes” or “no” ), the contribution implied by his decision, the group decision, 

his benefit from this group decision, payment and profit. In addition, the DCPCM 

treatm ent also displayed the decision reached by the other members of his group.

14
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1.4 Results

We discuss our results in the following manner. First, we investigate if the 

DCPCM treatm ent was performed according to the theoretical predictions; tha t is, 

if individuals did indeed adopt their dominant strategies while facing the DCPCM. 

Then, we evaluate the performance of the DCPCM with respect to the alternative 

value revelation methods.

1.4.1 The D CPCM  Results

The frequency of dominant strategy plays in the DCPCM treatm ent is re­

ported in table 2. Overall, respondents behaved according to the theoretical pre­

diction for 83% of the time. As shown in figure 1, the percentage of tru th  revelation 

remained consistent across periods, indicating absence of learning effects. The vari­

ation in individual behavior within sessions is exhibited in figure 2, where average 

demand revelation varied from 75.5% to 88.6% among sessions. We also observe 

that there were 27 (30%) subjects who adopted their dominant strategies in all 

the periods, and 85 (94.44%) subjects responded truthfully at least half of the 

time (table 3). Figure 3 illustrates the nature of misrevelation of demand among 

respondents. The range of net values (induced value-cost), given the distributions 

of values and costs, is plotted along the horizontal axis of this figure. The verti­

cal axis shows the number of respondents who fell into each range of net values 

and the number of these respondents who accepted the associated costs for the 

corresponding range of net values. This figure reveals the existence of both over­

revelation and under-revelation of demand. T hat is, there were some respondents 

who were free-riding (8.22% ) with positive net values and some who were con­

tributing (8.70%) with negative net values against their dominant strategies to do 

so. Figure 4 explains the proportions of respondents who were adopting different 

strategies in each period.

15
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This analysis reveals that, though the DCPCM is not perfectly demand re­

vealing, it yields quite impressive results, especially when compared to the previous 

applications of incentive compatible mechanisms, in particular, the continuous piv­

otal mechanism. Previous applications of the pivotal mechanism found tha t the 

effectiveness of this mechanism depends heavily on how it is presented, with initial 

approaches finding only 8% to 50% of subjects accurately reporting their values 

(38; 39; 48; 49). Tideman (50), in his study of the pivotal mechanism with some 

college fraternities, found tha t 21% subjects overstating their preferences and 46% 

understating their preferences. However his finding is not very conclusive because 

he did not induce the values and also the dominant strategies were explained to 

the subjects. Attiyeh et al. (48) in their controlled laboratory experiment found 

that in the small group (5 person), only 10% of the time respondents were re­

vealing their true values whereas this percentage was only 8% in the large group 

(10 person). They concluded tha t the non-transparent relation between the non­

equilibrium behavior and the outcomes might be a reason behind demand misrev- 

elation. In Kawagoe and Mori (39), tru th  revelation increased from 17% to 47% as 

more information was provided to the subjects. They offered the weak incentive 

compatibility of the pivotal mechanism as a possible reason behind misrevelation 

of demand. Cason et al. (38) analyzed the existence of other Nash equilibrium 

that differ from the dominant strategy equilibrium as a possible cause of the fail­

ure of the pivotal mechanism. Our proposed mechanism, despite having all these 

weaknesses achieved higher demand revelation, implying tha t these shortcomings 

are not the actual reasons behind the misrevelation of preferences.

Since the continuous pivotal mechanism failed to perform successfully in the 

controlled laboratory, it was never implemented in the field to solve real social 

allocation problem. Therefore, to investigate if the DCPCM has any potential to
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succeed in the field, we focus on the demand revelation in the first period. The 

results from the first period of a repetitive experiment can be considered as a close 

approximation of the expected results from a field application. In experimental 

applications, respondents rarely achieve equilibrium in the first period, rather their 

behavior evolves toward equilibrium. However, if subjects take several periods 

to converge to equilibrium under a given institution, then it is unlikely for tha t 

institution to achieve equilibrium in the field. From this respect, our DCPCM 

yielded promising results, where percentage of demand revelation was 80% in the 

first period, and it increased by merely 4% at the end of the 15th period.

1.4.2 M odel Comparison

Now we focus on the performance of the DCPCM relative to the alternative 

treatments. As illustrated in table 2 and figure 1, the percentage of tru th  revela­

tion in the DC-PPMBG treatm ent is very similar to the same from the DCPCM; 

whereas the percentage of “yes” responses in the DCPCM is higher than the DC- 

PPMBG only by an insignificant 3.85%. A closer inspection of the data also 

reveals tha t there were 131 responses which can be attributed to free-riding and 

88 responses to over-riding in the DC-PPMBG. These figures were 105 and 111 in 

the DCPCM respectively. This difference in non-dominant strategy plays between 

treatments is significant at the 3% level (Pearson x 2 =  5.50).8 In addition, there 

were 27 subjects who responded truthfully in all periods in the DCPCM, which is 

higher than the number of subjects who responded similarly in the DC-PPMBG 

treatm ent (table 2). As expected, both discrete choice treatm ents performed bet­

ter than the OE-PPMBG treatm ent. As can be seen in figure 5, and consistent 

with previous studies, under-revelation of demand was prevalent in the continuous

8N ote, in the D C -PPM B G  free-riding is one of the m ultiple Nash equilibria (31; 30; 29; 27).
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PPMBG treatm ent, where contribution also fell with repetitions.9 Moreover, we 

also find tha t in discrete choice treatments, subjects were willing to contribute a 

higher amount more often than in the open-ended questions. The results reveal 

tha t a pre-assigned cost above $10 was accepted in the DCPCM and DC-PPMBG 

25% and 23% times respectively, whereas only 7% of the contributions were above 

$10 in the OE-PPM BG.10

Since each subject in our experiment participated in all four treatments, we 

are able to study how individuals’ responses are influenced by their levels of expe­

rience gained through their previous participation history. Table 4 documents the 

influence of experiences on tru th  revelation under the discrete choice treatments, 

and a graphical representation is given in figure 6. The percentage of tru th  reve­

lations without experience under each treatm ent are shown in the first 15 periods 

and without experience in the last 15 periods. In sessions 1 to 3, respondents par­

ticipated in the DC-PPMBG first and then they participated in the DCPCM, that 

is, they already had some experience in making decision under a discrete choice 

environment when they participated in the DCPCM. The tru th  revelation for ses­

sions 1 to 3 in DC-PPMBG are displayed in the first 15 periods of figure 6, and 

the same under DCPCM is exhibited from period 16 to 30. The tru th  revelations 

in sessions 4 to 6, when DCPCM is done before DC-PPMBG, are displayed in a 

similar manner in figure 6. This analysis reveals th a t experience increases tru th  

revelation in both treatments. The demand revelation in the DC-PPMBG (84%) 

was higher by 4% when it followed the DCPCM (80%), but this change in responses 

due to experience is not significant (McNemar y2 =  3.47). Maximum demand rev­

9lt  is comm on in voluntary contribution mechanism s for the contributions to  decay w ith  
repetition (51)

10Overall, in the O E-PPM BG  treatm ent, the percentage of aggregate value revealed was 
52.64%. On average, 55.18% (figure 1) of the induced values was revealed, w ith median value 
revealed at 54.47%. This average is also w ithin the range of 40.2% to  85% obtained in the pre­
vious O E -PPM B G  studies. Since the objective of th is paper is to  dem onstrate the effectiveness 
of the D C PC M , we do not exclusively report the results from the O E -PPM B G  treatm ent.
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elation occurred when the DCPCM (86%) followed the DC-PPMBG (81%), and 

this change in responses is significant at the 2% level (McNemar x 2 =  5.53 ). Prom 

this analysis, we construe tha t experiences in decision making under similar but 

simple situations help subjects identify their dominant strategies.

1.4.3 The Logit M odel

Next, to investigate which mechanism recovers individual’s willingness to pay 

with higher accuracy, we conduct a logit analysis using the random utility frame­

work. This analysis also enables us to test the hypothesis tha t an individual’s de­

cision to say “yes” increases with higher induced values and decreases with higher 

costs. In a random utility framework, an individual’s utility consists of a known 

part and a stochastic part. Using such a model, an individual will say “yes” to an 

assigned cost if his utility from having the project and paying a* is greater than or 

equal to his utility from not having the project. In this environment, the probabil­

ity of a “yes” response by an individual i to an assigned price can be represented 

as,

Pri(yes) =  Pr{vi -  a* +  u > 0}, (2)

where is individual i ’s value from having the project and t l is the random error

term. Assuming the error term to be logistically distributed, the respondent’s

probability of a “yes” response can be written as:

Proves) = —  p   rr. (3)
1 +  exp[—(uj -  ai)\

The maximum likelihood estimates of the parameters are given in the first column 

of table 5 for the DCPCM and in the second column for the DC-PPMBG. As 

expected, the probability of a “yes” response is positively and significantly related 

to the induced value and negatively and significantly influenced by the cost.

The mean W TP values, estimated from the DC-PPMBG and the DCPCM,

19

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

are $11.98 and $12.63, respectively, implying similar demand revelation by the 

discrete choice treatments. Interestingly, these values are very also close to the 

true mean induced value of $12.50. Consistent with the previous studies, the 

mean W TP obtained from the discrete choice questions are almost twice the mean 

W TP measure of $6.57 obtained from the OE-PPMBG treatm ent.11

Table 5 also reveals tha t both models yield very similar coefficient estimates. 

However, before comparing the parameter estimates obtained from two different 

treatments, it is necessary to differentiate the influence of the scale difference. Al­

though the scale factor cannot be identified for both data sets, it is possible to 

identify one scale factor as a ratio of the two. To do this, we estimate a logit 

model by pooling both data sets and assuming equal parameters but different 

scale factors. A FIML method is used to efficiently estimate the model parame­

ters and the relative scale factor by simultaneously maximizing a joint likelihood 

function in GAUSS (53; 54). Interestingly, although the estimated coefficients 

are similar in values and have the same signs in all the models and thus have 

similar economic interpretation, a log likelihood ratio test rejects the hypothesis 

tha t the DC-PPMBG and the DCPCM have common parameters.12 On the basis 

of this statistical analysis, we can interpret tha t although PPMBG and DCPCM 

have similar tru th  revelation rates and model estimates, they do not imply same 

underlying behavior for the respondents.13

n In the discrete choice treatm ents, the m ean W T P  is estim ated by the m ethod suggested by 
Hanemann (52) that restricts the w illingness to  pay to  be positive:

W T P  =  ~ ( l / ( 3 c) . l n { l  +  exp(f3' .Xi ) } . (4)

The mean W T P  for the O E-PPM BG  treatm ent is estim ated by averaging the contributions.
12T o  test the null hypothesis that D C -PPM B G  and DCPCM  have the sam e parameter, we 

calculate the test statistics as L L R  =  —2[{LPPMBa  +  L DCPCM) — LPooled.^ which follows a 
chi-square distribution w ith  (|no of comm on param eters|-l) degrees o f freedom (53).

13Our intuition is that in a field application where there are more explanatory variables and 
the variation in their values is also more severe than in the controlled laboratory environm ent, 
the D C -PPM B G  and the D CPCM  might not produce similar m odel estim ates.
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1.5 Discussion

The presence of hypothetical and free-rider biases in stated choice surveys 

leave both researchers and practitioners puzzled about its validity in public good 

valuation. The purpose of this paper is to address these problems by designing an 

incentive compatible mechanism for stated choice surveys tha t eliminates the free­

rider bias in real money choice questions. To do this, we adapt Clarke’s pivotal 

mechanism to a binary stated choice case, where individuals decide whether to 

contribute a fixed amount toward the provision of a fixed-size public good. We 

present a formal proof of the mechanism and design an induced value experiment 

to verify the dominant strategy equilibrium of the proposed mechanism.

Our experimental results prove tha t the DCPCM, though not perfectly de­

mand revealing, performs quite well. Overall, even though DCPCM performs simi­

lar to the DC-PPMBG questions in terms of both tru th  revelation and mean W TP 

estimates, econometric analysis on the data reveals tha t these two alternative de­

mand revelation methods do not imply same behavioral responses for individuals. 

We also find tha t experience from participating in the DC-PPMBG significantly 

improves tru th  revelation in the DCPCM but the converse is not true. Moreover, 

in comparison to the open-ended questions, the discrete choice treatm ents are more 

effective in recovering individuals’ preferences.

A closer inspection of our results reveals tha t among the non-equilibrium 

strategies, free-ridership incentives are not prevalent. Rather there exists incen­

tives for both over-revelation and under-revelation. This misrevelation of demand 

in our mechanism cannot be entirely attributed to the ineffectiveness of the mech­

anism, but it can be explained by a combination of altruism, warm-glow, and 

confusion. Researches agree tha t altruism, warm-glow and confusion are prevalent 

in laboratory experiment and often are reasons behind the failure in attaining the
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equilibrium. In public good contribution game, people often tend to contribute 

because they receive utility from the act of giving (warm glow ) or when his con­

tribution leads to an increase in the others’ payoffs (altruism). Recently, several 

researchers studied these phenomena in public good games. For example, Palfrey 

and Prisbrey (55) found evidence of warm glow but rejected the presence of altru­

ism. On the other hand, Anderson et al. (56) and Goeree et al. (57) found presence 

of altruism. Andreoni (58) suggested tha t confusion might also be responsible be­

hind non-dominant strategy plays. Sagoff (59) advocated the idea tha t individuals 

might play the role of a citizen while making a social choice who cares more about 

society than an individual who pursues self interest. Therefore he might contribute 

out of moral obligation toward the society which might be against his own benefit. 

Nyborg (60) presented a formal model of multiple preference ordering. Since this 

area of research is almost unexplored, there is a lack of evidence whether such 

multiple preference ordering exists.

Now, from the policy point of view, the obvious question tha t might arise 

following this analysis is, if both mechanisms perform the same, then which mech­

anism should be used? The choice between these two mechanisms is not straight­

forward. On one hand, the incentive compatible property of the DCPCM might 

provide more credibility to the welfare estimates, and therefore, be preferred by 

the researchers. On the other hand, analogous to Clarke’s pivotal mechanism, the 

DCPCM suffers from the shortcoming tha t it might operate with a surplus or a 

deficit, in which case the funding has to come from taxes elsewhere in the economy. 

Therefore, we suggest tha t the mechanism to be used, depends on the specific re­

search objectives. If the research objective is to collect funding for public good 

provision or management, it is advisable to use DC-PPMBG, because it reduces 

free riding significantly and also increases contributions. But, the DCPCM should
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be used if the objective is to inform the decision makers about individuals’ true 

valuations for the public good in question for best management decisions.

Then next obvious question is, how effective will the proposed method be in 

the field? Previous work on the pivotal mechanism found tha t more information 

helps respondents identify their dominant strategies. Attiyeh et al. (48) raised the 

question whether some types of training should be provided to the respondents 

or whether they should be told about their dominant strategies. While facing 

the pivotal mechanism, there are two factors tha t respondents have to understand 

to identify their dominant strategies; the definition of pivotal condition and the 

definition of pivotal tax. Intuitively, even if respondents comprehend the concept 

of pivotal condition, it might be difficult for them to make a mental calculation 

of the possible pivotal tax tha t their decisions imply, or it might not be immedi­

ately clear to them exactly how much they are pledging toward the public good 

provision. Kawagoe and Mori (39) also discussed the confusion regarding the cal­

culation of Clarke tax  being a possible reason behind the failure of the dominant 

strategy mechanism. We believe our mechanism would make the understanding 

of the mechanism easier, since the tax an individual has to pay is either his pre­

assigned cost or nothing. Therefore, we presume tha t our simple tax definition 

would facilitate field application and it would help respondents identify their dom­

inant strategies more easily. However, how this mechanism will perform in the 

field is an empirical question.
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Table 1. Treatment orders

Session Treatm entl Treatment2 Treatment3 Treatment4
1 O E-PPM BG O E-PPM BG  (repeat) D C-PPM BG DCPCM
2 O E-PPM BG D C-PPM BG O E-PPM BG  (repeat) DCPCM
3 O E-PPM BG D C -PPM B G DCPCM O E -PPM B G  (repeat)
4 O E-PPM BG O E-PPM BG  (repeat) DCPCM D C -PPM B G
5 O E-PPM BG DCPCM O E-PPM BG  (repeat) D C -PPM B G ,
6 O E-PPM BG DCPCM D C -PPM BG O E -PPM B G  (repeat)

Table 2. Truth revelation in the discrete choice questions

Treatment Number of true re­ Number of yes re­ Total
sponses sponses

DC-PPMBG 1056 628 1275
DCPCM 1059 677 1275

Table 3. Comparing the number of subjects always responding truthfully under 
the discrete choice treatments

Treatment Number of subjects al­ Number of subjects Total
ways telling the tru th not always telling the

tru th
DC-PPMBG 22 68 90
DCPCM 27 63 90
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Table 4. Order effect on tru th  revelation

Treatment Number Percentage
of true re- of true re­
sponses sponses

DC-PPMBG (without experience: session 1-3) 488 81%
DCPCM (with experience: session 1-3) 518 86%
DCPCM (without experience: session 4-6) 541 80%
DC-PPMBG (with experience: session 4-6) 568 84%

Table 5. Logit model results
Variable

DCPCM
Coefficient estimates 

DC-PPMBG Pooled model
constant -0.043 -.0200 -0.0410

(0.218) (-0.99) (-0.289)
value 0.483 0.482 0.482

(15.177) (15.348) (21.481)
cost -0.475 -0.497 -0.484

scale
(17.239) (17.449) (-24.408)

0.980
(17.230)

Log-likelihood -605.865 -620.337 -1229.600
T h e  t - s ta t is t ic s  are in  p aren th eses.
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Figure 3. Nature of tru th  revelation in the DCPCM treatm ent
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M A NU SC RIPT 2

Incentive Compatible M echanism Design for Stated Choice Surveys: A 
M ultiple A lternative Choice Case

Abstract

Stated choice surveys, hypothetical or real, have been a valuable tool in elicit­

ing individual preferences for public goods and services for decades. However, the 

incentive structures of these questions remain to be a potential source of bias in 

welfare measurements. We design a dominant strategy incentive compatible mech­

anism tha t removes the incentives to free ride in real-money choice questions. In 

previous research (61), we discussed a similar incentive compatible mechanism de­

sign for a binary choice case, and in this paper we extend our theory to a multiple 

alternative choice case. We prove tha t in this mechanism, truthfully answering the 

stated choice questions is an individual’s dominant strategy. We use experimental 

tools to verify the model and evaluate its performance with respect to alternative 

demand revelation mechanisms. For our experimental demonstration, we limit the 

choice set to four choice alternatives. Although overall our incentive compatible 

mechanism for the multiple alternative choice case performs quite satisfactorily, it 

fails to perform as well as the binary choice case.
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2.1 Introduction

Stated preference or stated choice methods have been relied upon for elicit­

ing individual preferences for a range of public goods and services. Information 

on individual preferences is vital in understanding and predicting individual and 

aggregate choice behavior and in evaluating resulting costs and benefits. Stated 

choice methods usually involve surveys, wherein individuals evaluate a manage­

ment alternative and state their preferences to support one alternative over oth­

ers. Typically, these surveys have been hypothetical wherein subjects are asked to 

state choices tha t imply a willingness to pay to support a management action, but 

the respondents have not actually been expected to pay for tha t action. Critics 

argue tha t respondents might not treat monetary costs in hypothetical questions 

the same as they trea t such costs in actual daily purchases, and this devaluation of 

costs may lead to over-estimation of public values (4; 5; 6; 7; 8; 9; 10; 11). Several 

studies have been undertaken to test for the presence of hypothetical bias. For 

instance, Neill et al. (11) in their controlled laboratory experiment found tha t the 

willingness to pay in hypothetical questions was significantly higher than the will­

ingness to pay for the same good in a Vickrey auction. Brown et al. (7) compared 

the dichotomous choice and open ended mean W TP under hypothetical and actual 

payment, and found the mean W TP from hypothetical dichotomous questions to 

be the highest. Cummings and Taylor (5) found evidence of hypothetical bias for 

three goods out of four public goods. This presence of “hypothetical bias” can 

leave public officials uncertain about public values, raising concern about the use 

of hypothetical surveys in public good management and provision.

In order to validate hypothetical welfare measurements, researchers often com­

pare them against welfare measurements based on real-money choice questions, 

wherein respondents actually make payments to support a public good. But, these
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validation methods are open to question because of the presence of free-rider bias 

in real money surveys. While hypothetical surveys may be subject to hypothetical 

bias, most real money surveys are subject to free-rider bias, and thus may un­

derestimate willingness to pay measurements because respondents may recognize 

their opportunity to benefit from others’ contributions. For example, Kim and 

Walker (12), Isaac et al. (13) and Poe et al. (14) found evidence of free-riding in 

the context of laboratory experiments. Therefore, for accurate evaluation of this 

welfare measurement gap or for accurate assessment of individuals’ preferences, it 

is necessary to find alternative methods of value revelation tha t reduce or eliminate 

these biases.

Over the years, theoretical and econometric methods th a t have been devel­

oped to reduce or correct for hypothetical and free-rider bias involved calibration 

of welfare measures (6; 17; 16; 15), reminding respondents of their budget con­

straints (18; 11) and use of cheap talk design (19; 20; 5). These approaches, 

though somewhat successful on occasion, failed to settle the debate surrounding 

the hypothetical and free-rider bias. Recent work in this line of research tha t exhib­

ited promising results has involved questions tha t establish a minimum threshold 

of funding in order to provide a public good. In this mechanism, a public good is 

provided if aggregate contribution is equal to or above the provision point; if it is 

below the provision point, the good is not provided. Often a money-back guaran­

tee is added to the provision point as an assurance against the loss of contribution 

when the public good is not provided. This value revelation method generally is 

referred to as PPMBG in the literature.

Several studies on PPMBG, spanning over three decades, have found tha t the 

provision point and money-back guarantee reduce free-rider bias and significantly 

improve contribution among respondents (21; 22; 14; 23; 24; 25; 26; 27; 28; 29;
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30; 31; 32). Despite their success in reducing free-ridership among respondents, 

the PPMBG cannot claim to eliminate the free-rider bias in real-money choice 

questions, and therefore doubts remain regarding the presence of hypothetical and 

free-rider bias. In this paper, we suggest adopting incentive compatible mecha­

nisms to address the free-ridership problem in real-money choice questions.

Public choice economists consider incentive compatibility as a constraint in 

making social choice on the basis of individual’s self-interest behavior, and con­

sequently attem pt to design sophisticated mechanisms to remove individuals’ in­

centives to misreveal their preferences. Although examples of several incentive 

compatible mechanisms can be found in public choice literature, some of which 

even perform well in controlled laboratory experiments, making these mechanisms 

operational is often a daunting task because of their complicated incentive struc­

tures. However, among these incentive compatible mechanisms, dominant strategy 

mechanisms are often preferred from both theoretical and practical standpoints. 

Theoretically, it is desirable tha t mechanisms be non-manipulable. This crite­

rion is satisfied by dominant strategy mechanisms. This argument is corroborated 

by Groves and Ledyard (34),“A fundamental, but generally unstated axiom of 

non-cooperative behavior is tha t if an individual has a dominant strategy avail­

able, he will use it.” Again, since in a dominant strategy mechanism, an agent 

does not need to know anything about others’ valuation or strategies in order to 

choose a best strategy given his own choices, it is easier to implement.1 Because 

of these reasons, we design an incentive compatible dominant strategy mechanism 

for stated choice surveys in order to induce true demand revelation among respon­

dents. To do this, we adapt a special case of the Vickrey-Clarke-Groves mechanism

1 Possible violation m ight occur in a dom inant strategy mechanism if agents are able and willing 
to  collude. Such collusive behavior w ill lead to  a failure of the dominant strategy mechanism. In 
a field application, it is unlikely that such collusive behavior w ill surface, but likely to  emerge 
in a laboratory application. T his collusive nature o f agents can be lim ited by a proper group 
assignm ent procedure.
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(35; 1; 36; 37), known as the pivotal mechanism, to stated choice surveys.2 The 

pivotal mechanism is incentive compatible in dominant strategies, where reporting 

one’s preference truthfully is always a dominant strategy.

In a previous paper, we discussed a similar dominant strategy incentive com­

patible method for a binary choice case (61). We presented a theoretical proof of 

the mechanism in an environment where an agent is allowed to contribute a fixed 

amount or nothing toward the provision of a public good of fixed size. In this 

mechanism, alternatively called DCPCM, an agent pays the fixed amount if he 

is pivotal, otherwise he pays nothing. We designed induced-value experiments to 

validate our theory and compared its performance with the provision point money- 

back guarantee mechanism. The demand revelation of our mechanism was 83%, 

which was higher than the previous continuous pivotal mechanism applications. 

This promising result from the binary choice analysis gave us hope tha t the mech­

anism has potential to deal with more complex design issues we ultimately wish 

to address.

Here, to recover true preferences of individuals for a multiple alternative choice 

case, we extend the DCPCM to a multiple alternative choice case. Although 

there are a few experimental and field studies on pivotal mechanisms, they are 

mostly focused on a binary choice case (38; 39; 48; 50) or a continuous choice case 

(62). Tideman and Tullock (63) were first to discuss the pivotal mechanism with 

more than two alternatives. Later, Tideman (50) studied the pivotal mechanism 

involving both multiple options and pairs of options in a real economic system, 

where college fraternities participated in a collective decision making process in 

their weekly meetings. He found tha t subjects were more interested in revealing

2V ickrey’s (35) paper on dom inant strategy equilibrium for private goods w ith quasi-linear 
utilities m otivated the later research on incentives. Groves (36) later developed a generalization  
of th is mechanism. V ickrey’s dom inant strategy mechanism  for public goods was independently  
developed by Clarke (1) and Groves and Loeb (37), generally known as a demand revelation  
mechanism.
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their demand for their most preferred alternative.

The adaption of Clarke’s mechanism to stated choice framework is not 

straightforward, because, unlike Clarke’s pivotal mechanism, which is based on 

allowing individuals to state any value, stated choice surveys generally involve dis­

crete choices. Our mechanism design is only based on Clarke’s concept of a pivotal 

agent, and does not take into account Clarke’s definition of pivotal tax. Again, 

while designing DCPCM for a multiple alternative choice case, there are several 

issues tha t needed to be addressed. In a multiple alternative choice case, if individ­

uals are asked to choose one alternative out of several alternatives, then nothing 

is known about their preferences for the other alternatives in the choice set. For 

the dominant strategy property of the DCPCM to hold with multiple alternatives, 

we need to know individuals’ preferences for all alternatives. Therefore, we allow 

individuals to choose all the alternatives they prefer. In other words, the choice set 

consists of all the available project alternatives and all their possible combinations. 

Moreover, when there is a possibility of providing more than one public good, then 

there might exist a substitute or complementary effect among alternatives, which 

might also eliminate the dominant strategy property. To deal with this problem, 

we impose restrictions on the utility functions of individuals, which we discuss in 

detail in the model section.

Here we should also point out that, the DCPCM achieves efficient project 

choice, in the sense tha t the project is provided whenever the sum of revealed 

values equals or exceeds the project cost. However, analogous to Clarke’s pivotal 

mechanism, our mechanism operates with either a surplus or a deficit, so Pareto 

efficiency is not achieved.3 Regarding this efficiency cost, Vickrey (35) commented 

tha t modifying the mechanism to  reduce or eliminate this cost is not possible

3Several researchers, in the context of public good allocation, proved th at it is im possible to  
design mechanism s for m aking collective allocation decisions that are inform ationally decentral­
ized, non-m anipulable, and Pareto optim al (41; 42; 43; 44).
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without using some prior information or violating the demand revelation property. 

Consistent with this line of research, our dominant strategy mechanism allows 

inefficiency. In the next section we discuss our model. Section 3 discusses the 

experimental design, section 4 presents the results, and section 5 concludes the 

paper.

2.2 The M odel
D iscrete  Choice P ivo ta l C ost M echanism

We consider an environment where I  agents must collectively decide which 

project or projects from a set of finite public projects k  should be provided. For 

the exposition here, we assume tha t there are two possible project alternatives, 

and agents must decide whether to provide one of the projects, both projects, or 

none of the projects. Denoting the two possible projects as A  and B,  the set of 

feasible projects can be denoted by k  := {A, B, A  +  B,  0}, where k  =  0 implies no 

project is provided and k  — A +  B  implies both projects are provided. An agent 

i ’s value for a project choice k  is v-i (k) .  An agent gets no benefit when the project 

is not provided, tha t is u(0) =  0. In a discrete choice framework, we do not ask 

an agent to reveal his valuation Uj(.), rather, the agent is informed of a proposed 

cost for each project, at? > 0. Then he makes a project choice from the set k  

depending on his quasi-linear utility function U i ( k ,  a.;) =  V i ( k )  — af. 4 To eliminate 

substitution and complementary relation possibilities among project alternatives, 

we assume tha t utilities are strongly separable on project alternatives, which, in 

turn, implies rq(A +  B, a f ,  a f )  =  u,(A, a f)  +  Ui(B, a f) .

In this environment, an agent has four possible strategies, A, B , both projects, 

or none of the projects. Let i ’s strategy set be s» := {A, B ,A  + B,  0}, where s, =  A  

implies the agent chooses project A  and his contribution toward project A  is taken

4W hen k — A +  B, a f +B — af  +  a f  and when k =  0, a° =  0.
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to be a f  and toward project B as a f  or more formally,

.A

{
a f  if Si =  A  
0 otherwise.

similarly, his contribution toward project B:

0 otherwise.
a f  if Si =  B

When agent i chooses both projects s; =  A  +  B,  then his total contribution is 

taken to be c f  + c f  =  a f  +  a f.

Given the strategy of agent i, Si, and the strategies of agents other than i, , a 

social choice function in this environment takes the form /(s*, s-f)  =  ((k, ti, ....ti) : 

k £ {A, B, A + B , 0}), ti £ R+ for all i, where U is the monetary transfer from agent 

i to the decision-making agency. In this environment, the discrete choice pivotal 

cost mechanism (DCPCM) can be explained by the two rules explained below.

R u le  3. P ro ject Im plem en ta tion  Rule: A public project is implemented i f  the 

aggregate contribution from all agents for a project equals or exceeds the cost of 

that project.

Denoting the cost of project A  by T A and project B  by T B, the project 

outcome is determined as follows:

k =  <
A + B

A

B

0 otherwise.
\

D efin ition  3. An agent is pivotal i f  his contribution changes the project decision 

based on other members’ contributions.

iei
otherwise.
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In this multiple alternative choice situation, an agent i can be pivotal in the 

provision of project A, B , or both.5 Denoting the aggregate contributions of agents 

other than i as, ^  c f  for project A  and ^  c f  for project B , we can write the 

different pivotal conditions as follows:

(PCI) Suppose < T A, c f  +  ^ c f  > T A and J ^ c f  >  T B. This implies Ps
jfr

contribution can have a pivotal effect on the implementation of project A ; there­

fore, agent i is pivotal in A. The contributions for project B  from other agents are 

such tha t it can be provided without Ps contribution. Therefore, i is not pivotal 

in B.

(PC2) J 2 ct  <rT A, c f  + J ^ c f  > T A, and c f  < T B. This implies project A
j^i j^i i€l

cannot be provided without Ps contribution and project B  cannot be provided 

even with Ps contribution. Therefore, agent i is pivotal in A  and once more not 

pivotal in B.

Similarly, PC3 and PC4 present situations when agent i is pivotal in B  but not in 

A.

(pc3) cf  <  T B ’ c B + J 2 cf ^  t B > and ct  ^  t A -
j / i  jjii

(PC4) J 2 cf <  T B > c f +  J > f  >  T s , and £  c f < T A.
j^i iel

(PC5) Now consider the situation when Ps preassigned costs are such tha t pos­

itive contributions from him have a pivotal effect in the implementation of both

projects, which, in turn, implies: cf  < T A, c f  +  ^  c f > T A and c f  < T B,

cf -f- ^  c f > T li. In this case, neither of the projects can be provided without Ps 

contribution. Therefore, i is pivotal in both.

R u le  4. P a ym en t Rule: According to the discrete choice pivotal cost mechanism

5In discrete choice question form ats, an individual cannot reveal a negative value; therefore,
he is pivotal in only one direction; i.e., he can only change the decision from not im plem enting a
project to  im plem enting it, but not the other way around.
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(DCPCM), an agent’s monetary transfer to the central agency is his contribution 

if he is pivotal and zero if  not pivotal.

Agent Ps monetary transfer is determined as follows:

c f  if i is pivotal in project A  but not in project B
_   ̂ c f  if i is pivotal in project B  but not in project A

1 | c f +  c f  if i is pivotal in both projects
0 otherwise.\

Rule 1 and Rule 2 tha t define DCPCM, determine the social outcome /( .) ,  which 

determine agent Ps payoff as follows:

/ , / » _ /  V i ( k )  -  U when k  ^  0

Definition 4. A strategy is a weakly dominant strategy for an agent i f  it gives him  

a.t least as large a payoff as any of his other possible strategies for every possible 

combination of strategies that his rivals may play.

T hat is, if telling the tru th  s* is a weakly dominant strategy equilibrium for 

all i, V i ( . )  and a.;, then we have:

7T i ( f ( s * ,  S _ j ) )  >  T T i { f ( S i ,  S - i ) ) .  (5)

Proposition 2. In the discrete choice pivotal cost mechanism, telling the truth s* 

is a weakly dominant strategy equilibrium for all i, u*(.) and a1?.

Proof. The intuitive idea behind the notion tha t the DCPCM truthfully imple­

ments social choice function /( .)  in dominant strategies is tha t in this mechanism, 

each agent i finds telling the tru th  s* better than playing any other strategy for 

any choices by other agents. In this multiple project alternative case, an agent’s 

preference functions from the alternatives might be such tha t he prefers one of 

the alternatives (1) rq(A, a f ) > 0 and U i ( B , a f ) < 0 or (2) U i ( B , a f ) > 0 and 

U i ( A , a f ) < 0; both alternatives (3) U i ( A , a f )  >  0 and U i ( B , a f ) >  0; or none
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of the alternatives (4) Ui(A,af ) < 0 and u f B ,  a f )  <  0. An agent’s truthfulness 

implies choosing A  when (1) is true, choosing B  when (2) is true, choosing both 

when (3) is true, and choosing none when (4) is true.6 We consider all these cases 

to show tha t tru th  telling is indeed an optimal strategy for a respondent given 

the strategies of other respondents. This is equivalent to showing tha t for any 

preference relations and pivotal conditions, equation (5) is true.

We discussed all pivotal situations tha t can arise from all combinations of 

strategies adopted by i and other agents but i under definition 3. Now, given other 

agents’ decisions s_j, if agent Ps pre-assigned costs are such tha t he is pivotal in 

at least one project, then i ’s decision has a pivotal effect on the provision decision 

of tha t project, and thus on his payoff. We have discussed th a t agent i has four 

possible strategies to choose from, with one of them being weakly dominant. In 

the following table, we list agent i ’s payoffs tha t arise under alternative strategies 

adopted by i and under possible pivotal conditions. Since i can be pivotal in 

five ways, there are five different social outcomes depending on i ’s strategies. We 

indicate the strategies adopted by agents other than i by .sJC when their strategies 

are such tha t i is pivotal in at least one project, and by s”? when i is not pivotal 

in any of the projects.

Social Out­
comes

7Ti(/(A,S^)) 7T j(/(5 ,S^)) K i ( f ( A  + * i( /(0 ,£ i))

SCl(PCl) V i ( A ) - a f + V i ( B ) V i ( A ) - a f  + V i ( B )

V i ( B ) Vi { B)
SC2(PC2) Vi ( A)  -  a f 0 Vi ( A)  -  a f 0
SC3(PC3) Vi ( A) V i ( A ) + Vi ( A)  + v i ( A )

V i ( Bi )  -  a f v i ( B )  — a f
SC4(PC4) 0 V i { B ) -  a f V i ( B ) -  a f 0
SC5(PC5) Vi {A)  -  a f V i ( B )  -  a f V i ( A ) - a f  + 0

Vi { B)  -  a f

Consider SCI which arises when PC I is true; that is, when i is pivotal in

6If net utility  from a. project is zero, then an agent is indifferent between choosing or not 
choosing th at project, and either response is considered to  be a true response.
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A  but not in B.  Suppose agent i chooses project A  or s.; =  A: this also implies 

cf  = a f  and c f =  0. Since i is not pivotal in B  and project B  is provided without 

Vs contribution, we have k* — A  + B  and ti — a f  and accordingly iri(f(A, sp_i)) = 

Vi(A) — a f  + Vi(B).  Now suppose i chooses project B  then =  B ,  and c f  =  a f  and 

c f  — 0. Since project A  cannot be provided without i ’s contribution and B  can be 

provided without i ’s contribution, we have K* = B  and U =  0, and consequently 

TTi(f(B, s*N)) =  Vi(B). Now if i chooses A  +  B,  then c f  — a f  and c f  =  a f ,  

k* =  A  +  B  and ti =  a f  and his payoff, n i ( f ( A  +  B,  s f j )  =  u,(^4) — a f  +  Vi(B). 

If Si — 0, then K*  — B  and consequently 7Tj(/(0, s ^ ) )  =  Vi{B). These payoffs are 

shown in row 1 of the table. Similarly i ’s payoff can be calculated under PC3 when 

i is pivotal in B  but not in A.

Now consider pivotal condition PC2. Suppose agent i chooses project A  and 

thus Si = A.  This implies c f  = a f  and c f  =  0 and k* — A,  t t = af ,  and 

accordingly 7Ti(f(A, s ^ ) )  = Vi(A) — af .  If i chooses B , then c f  =  a f  and c f  =  0. 

Since a f  is such tha t project B  cannot be provided even with i ’s contribution, we 

have k* = 0 and U = 0. Therefore, 7Ti(f(B, sp__f)) =  0. If i chooses A + B , then 

k* — A  and U — a f  and his payoff, n i ( f (A  +  B,  s f j )  =  Vi{A) — af .  If Sj =  0 then 

K* = 0 and consequently 7Tj(/(0, s^f)) — 0. These payoffs are shown in row 2 of 

the table. Payoffs in row 4 are calculated in similar fashion under PC4 when i is 

pivotal in B  but not in A.

Now, consider the case when i is pivotal in both projects, as indicated by 

the pivotal condition PC5. In this case, suppose agent i chooses project A, Si = 

A.  This implies c f  =  a f  and c f =  0. Therefore, k* = A  and =  a f  and 

accordingly (A, s^f)) = Vi (A) — af .  If i chooses B  then k* = B,  t t = c f , and 

7Ti(f(B,  =  Vi(B) — af .  If i chooses A  +  B,  then k* = A  +  B,  ti = a f  +  af ,

and his payoff iTi(f (A + B , = Vi(A) — a f  + Vi(B) — af .  If s* =  0, then K* = 0
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and consequently 7r;(/(0, sp_f)) =  0. These payoffs are shown in row 5 of the table.

We show tha t agent i ’s best response is to tell the tru th  under all the above 

mentioned situations for any preference relations.

Case 1: Consider the case where agent i ’s Vi and the pre-assigned costs a* are 

such tha t Vi(A) — a f  > 0 > Vi(B) — o f, which also implies tha t Vi(A) — a f  > 

Vi(A) — a f  + 1’i(B) — a f .  Agent i ’s best response is s | =  A,  since project A  gives 

him the highest net benefit. Comparing the payoffs under all possible strategies 

and social outcomes from the table, we can see tha t -Ki(f(A, sp,()) > 7r,(/(s'i , sp J ) . 

Therefore, agent i ’s best response is to choose project A,  which corresponds to 

tru th  revelation.

Case 2: Similarly, we can show tha t when Vi(B) — a f  > 0 > Vi(A) — af) ,  

( B , sf f))  > 7Tj(/(sj, sp_J )  is true. Once again, agent i ’s best response is to 

tell the tru th .7

Case 3: Now consider the case when individual’s Vi and the pre-assigned costs, 

a* are such that, Vi(A) — a f  > 0 and Vi(B) -  a f  > 0. This also implies, 

Vi (A) — a f  + Vi(B) — a f  > v f A )  — a f  and v ^ B )  — af .  Again comparing 

payoffs under all conditions and all strategies from the table, it is clear tha t 

7Ti(f(A +  B , £ . ) )  > 7Tj(/(sj, s ^ ) ) .  Here the best response is, s* = A  +  B.

Case 4: Consider the case where an individual’s Vi and the pre-assigned costs, a,s 

are such that, Vi(A) — a f  < 0 and Vi(B) — af )  < 0. Here the best response is, 

s* — 0. Comparing payoffs under all conditions and all strategies, we find tha t

7Ti(/(0 , ^ ) )  > ^ ( /(S p S ^ ) ) .

When 52j&  cf ! 52j^i cf  and ai are such tha t i is not pivotal, then i ’s decision 

does not have any influence on the project provision decision and therefore on his 

payoff. In this non-pivotal case, we have, 7Tj(/(s*, s"p)) =  7Tj(/(sj, s"p)) for all Si, 

ai and t>j.

7In this case, Vi(B) — a f  >  Vi(A)  — a f  +  Vi(B)  — a f .
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Thus, regardless of the strategies of other agents sp_i and s"? , truthful rev­

elation is a best response for agent i\ i.e., 7r,(/(st,s_ ,)) >  7Ti(/(sj, s_j)). This 

completes the proof. □

2.3 Experimental Design

It is im portant to note tha t just because a mechanism has nice theoretical 

properties does not necessarily mean tha t it will be effective in solving a real 

social allocation dilemma. To test its tractability in practice, it is essential to 

validate the mechanism with appropriate laboratory experiments. If a mechanism 

fails to perform in a simple, controlled laboratory environment, then it is unlikely 

to succeed in the field. Here we design an induced-value experiment to verify if 

individuals do indeed adopt their dominant strategies while facing the DCPCM. 

For our experiment, we consider two potential public projects denoted as project 

A  and project B. The task of a subject is to decide whether to contribute toward 

project A, project B , both projects, or none of the projects.

2.3.1 Treatments

We evaluate the empirical properties of the DCPCM relative to the provision 

point and money-back guarantee mechanism (PPMBG). We used three different 

formats of the PPMBG: a continuous response PPMBG with one alternative, a 

continuous response PPMBG (OE-PPMBG) with multiple alternatives, and a dis­

crete choice response PPMBG (DC-PPMBG) with multiple alternatives. Each 

session started with the binary OE-PPMBG followed by the OE-PPMBG, the DC- 

PPMBG, and the DCPCM treatm ent with four choice alternatives. The ordering 

of th e  last th ree  m ultip le  a lte rn a tiv e  choice tre a tm e n ts  varied am ong sessions. T his 

treatm ent ordering is explained in table 6. We used the binary OE-PPMBG as the 

base treatm ent in order to familiarize subjects with voluntary types of games in
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a simple decision-making environment. The results from this treatm ent were not 

used for data analysis.

2.3.2 Parameters

In each session of our experiment, 15 subjects in groups of 5 participated in 

collective decision-making games under alternative market institutions. In order 

to prohibit any sort of virtual cooperation among the respondents, the groups 

were randomly shuffled between periods. To study the evolution of subjects’ be­

havioral responses overtime, we repeated each treatm ent fifteen times. Subjects 

participated in one practice period before playing for real money.

At the beginning of each period, subjects were informed of their values and 

costs (in the discrete choice treatments) for each project. Values were randomly 

chosen between 5 and 20, and the costs ranged from 2.5 (50% of the minimum 

value) to 30 (150% of the maximum value). The costs were selected in such a 

fashion tha t the laboratory environment closely approximates the field condition 

where subjects have both positive and negative net values for public projects. The 

costs and values were drawn from the same distribution for each project. Subjects 

knew the range of costs and values, but they did not know the other subjects’ 

valuations or costs. Throughout the experiment, the project provision cost was 

fixed at 30 experimental dollars for each project, and subjects were informed of 

the project costs.8 Subjects’ positive contributions were allowed to be more than 

their values, but not more than their total profits. This admits the possibility of 

negative earning at the end of a period, but prohibits negative profit at the end 

of a treatment. Subjects’ show-up fees were divided into four parts and given to 

each subject before each treatm ent from which negative earnings could be taken

s T he project provision costs were kept the sam e to  avoid any confusion that m ay arise if 
subjects receive a high assigned cost for a low-cost project and a low assigned cost for a high-cost 
project.
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off. Subjects were given enough initial funding so tha t the availability of funds was 

never a constraint in their contribution decisions.

Before running the real experiment, we tested the experimental design on a 

pilot session consisting of 10 subjects. 60 students recruited from the graduate and 

undergraduate classes of the University of Rhode Island participated in 4 different 

sessions of the real experiment. An experimental session took between 1.5 hours 

to 2 hours to conclude. The total profit earned by each subject was converted to 

US dollars according to a predetermined exchange rate and paid in full at the end 

of the experiment. The average payment for this experiment was $24.

2.3.3 Instructions

The subjects were provided with written instructions before each treatm ent, 

and the instructions were also read aloud. The instructions explained the project 

provision rules, group assignment process, value and cost selection criteria, and 

the profit and payment calculation criteria for each treatment. Subjects were also 

given a short quiz immediately following each set of instructions, which was de­

signed to help them understand the rules of the different treatments. The quiz 

asked subjects to calculate the social outcomes in some example scenarios un­

der the alternative payment mechanisms. After subjects completed the quiz, the 

experimenter carefully explained the answers to them.

2.3.4 Software

The software was accessed via a decision screen and a result screen. The deci­

sion screen displayed the subject’s group number, the project cost, his assigned cost 

(in the discrete choice treatments), and the benefit he would receive if the project 

was implemented. This information was displayed separately for each project. The 

decision screen also displayed a history table which contained information from all
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the previous periods and the cumulative profit from each period. A brief summary 

about the rules of the treatm ent was also shown to the subjects on the same screen. 

In the OE-PPMBG treatm ent, subjects were asked to write their contributions in 

the appropriate boxes. In the discrete choice treatments, subjects were asked to 

indicate their decisions to accept or reject the assigned costs for the projects by 

clicking the appropriate button on the screen. After subjects made their decisions, 

they could immediately see the total amount they were contributing toward each 

project. This allowed them to see the amount they would have to pay if one or both 

projects were implemented. If both projects were implemented and the subjects 

accepted the assigned costs for both projects, then their payment was the sum of 

payments for each project and their benefit was the sum of the benefits received 

from each project.

After all subjects made their contribution decisions, the results were displayed. 

The OE-PPMBG result screen displayed to a subject the project cost, his contri­

bution, the group decision, his benefit from the group decision, his payment, and 

profit. Since the decision was discrete in the discrete choice treatments, the results 

were displayed differently. The subject could see the project costs, his discrete de­

cision (project A, project B, both projects, or none), the contribution implied by 

his decision, the group decision, his benefit from this group decision, his payment, 

and profit earned. In addition, the DCPCM treatm ent also displayed the decision 

reached by the other members of the group. This information for each project was 

displayed separately. All communication among subjects was prohibited during 

the experiment, except the transmission of responses through the computers.

2.4 Results

In discussing our results, we first present the results from the DCPCM treat­

ment followed by a comparative evaluation of its empirical properties.
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2.4.1 The DCPCM  Results

Table 7 shows the frequency of dominant strategy plays in the DCPCM trea t­

ment. Overall, 72% of the time respondents behaved according to the theoretical 

prediction. As displayed in figure 7, unlike in the binary DCPCM study, there is a 

clear learning effect with percentage of dominant strategy plays increasing signifi­

cantly from 60% in the first period to 85% in the 15th period (x2 =  9.40, p <  .01). 

As seen in figure 8, this learning trend among respondents is present in all sessions.

We also observe that, out of 60 participants, 12 (20%) subjects responded 

truthfully in all periods, and 49 (82%) subjects responded truthfully half of the 

time (table 8). In figure 9 and 10, we show the nature of misrevelation of demand 

among respondents independently for project A  and project B . The horizontal 

axes of these figures show the range of net values (induced value-cost) given the 

distribution of values and costs. The vertical axes show the number of respondents 

who received these ranges of net values and the number of these respondents who 

chose tha t project and agreed to contribute the corresponding levels of costs for 

each range of net values. Perfect demand revelation implies choosing project(s) 

with positive net values, rejecting project(s) with negative net values, and remain­

ing indifferent to zero net values. Figures 9 and 10 show that, similar to the binary 

choice study, there was both under-revelation and over-revelation of demand where 

some subjects were free-riding with positive net values (10%) and some were con­

tributing with negative net values (18%) against their dominant strategies to do 

so.

These results reveal tha t the percentage of demand revelation, though not as 

impressive as in the binary choice case, continues to dominate the findings from the 

previous continuous pivotal mechanism applications. Previous applications of the 

pivotal mechanism found tha t the effectiveness of this mechanism depends heavily
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on how it is presented, with initial approaches finding only 8% to 50% of subjects 

accurately reporting their values (38; 39; 48; 49). Tideman (50), in his study 

of the pivotal mechanism with some college fraternities, found tha t 21% subjects 

overstating their preferences and 46% understating their preferences. However his 

finding is not very conclusive because he did not induce the values and also the 

dominant strategies were explained to the subjects. Attiyeh et al. (48) in their 

controlled laboratory experiment found tha t in the small group (5 person), only 

10% of the time respondents were revealing their true values whereas this per­

centage was only 8% in the large group (10 person). They concluded tha t the 

non transparent relation between the non-equilibrium behavior and the outcomes 

might be a reason behind demand misrevelation. Truth revelation varied from 

17% to 47% in Kawagoe and Mori (39). They offered the weak incentive com­

patibility of the pivotal mechanism as a possible reason behind misrevelation of 

demand. Cason et al. (38) analyzed the existence of other Nash equilibrium tha t 

differ from the dominant strategy equilibrium as a possible cause of the failure of 

the pivotal mechanism. Our proposed mechanism, despite having all these weak­

nesses achieved higher demand revelation, implying tha t these shortcomings are 

not actually the only reasons behind the misrevelation of true preferences.

2.4.2 M odel Comparison

Now, we focus on the performance of the DCPCM in comparison to the alter­

native treatments. As indicated in table 7, demand revelation in DC-PPMBG is 

78.22% compared to 72% in DCPCM, and this difference is significant at 1% (Pear­

son x 2 = 9.32). Moreover, there are 18 subjects who always responded truthfully 

in the DC-PPMBG, which is higher than the number of subjects who responded 

similarly in the DCPCM treatm ent (table 8). Contrary to the binary choice results 

where we have not witnessed one discrete choice treatm ent performing better than
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the other, here we find DC-PPMBG clearly outperforming DCPCM in terms of 

demand revelation. This is also evident from the graphical representation in fig­

ure 7, where the tru th  revelation trend in the DC-PPMBG lies above the same in 

the DCPCM in almost all periods. Looking closely a t the non-equilibrium strate­

gies we find tha t the percentage of over-revelation is higher in the DCPCM (18%) 

than in the DC-PPMBG (12%), whereas percentage of under-revelation is higher 

in the DC-PPMBG (12%) than in the DCPCM (10%).9 The difference in non­

dominant stragegy plays is highly statistically significant with p < 1% (Pearson 

X2 =  11.61). This trend is similar to the binary choice results but the percentage 

of over-revelation is much severe in this case changing the overall results in favor 

of the DC-PPMBG. However, as expected, the demand revelation in both discrete 

choice treatm ents is higher than in the OE-PPMBG treatm ent, which is exhibited 

in figure l l . 10

Since we started each session with the OE-PPMBG and subjects’ experience 

levels are believed to influence their behavior, we study the effect of this experi­

ence on their demand revelations. The demand revelations under different sessions 

are shown in table 9, and the graphical representations of the same are given in 

figure 12. In sessions 1 and 2, subjects participated in the DC-PPMBG treatm ent 

first and then they participated in the DCPCM. T hat is, subjects participated in 

the DCPCM after gaining experience from the DC-PPMBG and the OE-PPMBG. 

Figure 12 displays the demand revelations of these two treatm ents for period 1 to 

period 15 for DC-PPMBG, and the same for DCPCM are displayed from period

9N ote, in the D C -PPM B G  free-riding is one of the m ultiple Nash equilibria (31; 30; 29; 27).
10 Overall, in the O E -PPM B G  treatm ent for m ultiple alternatives, the percentage of aggregate 

value revealed was 53.61% for project A and 52.93% for project B.  On average, m ean value 
revealed for project A  was 51.86% w ith  m edian at 50.70%. T hese values for project B  were 50.72%  
and 51.32%, respectively. These similar value revelations for both projects are not surprising, 
since the induced values for both  projects are drawn from the same distribution im plying similar 
characteristics for each project. Since the objective o f th is paper is to  dem onstrate the demand  
revelation property o f the DCPCM , we do not explicitly  report the results o f the O E-PPM BG .
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16 to 30. The demand revelations for sessions 3 and 4 are displayed in a simi­

lar fashion. In the binary choice case, experience improved tru th  revelations in 

DCPCM, but this result does not hold for this multiple alternative choice case. In 

fact, when DCPCM was followed by the DC-PPMBG, as in sessions 1 and 2, the 

true responses decreased, but this change is not significant. On the other hand, 

experience increased tru th  revelation in DC-PPMBG, and this change in response 

is highly statistically significant with p =  .001 (McNemar chi2 =  18). Overall, 

the results indicate tha t DC-PPMBG performs better than the DCPCM, and this 

trend continues irrespective of the order.

2.4.3 The Conditional Logit M odel

Next, we use a conditional logit model to investigate which treatm ent recovers 

the willingness to pay with higher accuracy. This parametric analysis also enables 

us to test the hypothesis tha t an individual’s decision to accept a pre-assigned cost 

increases with higher induced value and falls with higher assigned cost. Following 

the random utility theory, an individual will choose project k from the choice set 

K  if his utility from having this project choice gives him at least as much utility 

as any other choice. In this situation, we represent the probability of choosing 

project k by an individual i as:

where vk is his benefit and ak is his assigned cost for project k, and ek is the 

stochastic component of his utility. If the error terms are an independently, iden­

tically distributed type-I extreme value, the probability of choosing alternative k 

can be expressed as (64; 65):

Pri =  P r{vk -  ak +  ek > vm -  am +  em; Vm 6 K } (6 )

P rk =  exp(t>fc -  ofc)
* E m e K  eXP(^m  -  d m )  '

(7)
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The estimated model parameters from both the DC-PPMBG and the DCPCM 

are reported in the first and second columns of table 10. We estimate three al­

ternative specific constants by setting the choice-specific constant for alternative 

B  to zero.11 As expected, costs have significant negative impacts and values have 

significant positive impacts on choice probabilities. The alternative specific con­

stant for project A  is negative, but positive for both and neither alternatives. 

This implies tha t individuals prefer neither and both alternatives more than either 

alternative A  or B. However, none of the alternative specific constants are statis­

tically significant, implying the attitudinal differences among the alternatives are 

not significant.

The mean W TP estimates for the DCPCM and DC-PPMBG are $12.41 and 

$12.03 for project A  and $13.01 and $12.45 for project B .12 All these values are very 

close to the true mean induced value of $12.50 for each project. These mean W TP 

values are double the mean W TP estimate of the open-ended treatm ent, where 

these values are $6.48 for project A  and $6.43 for project B. Consistent with the 

binary choice study, once again we find tha t the discrete choice treatm ents continue 

to dominate the open-ended value revelation mechanism in recovering true W TP 

values.

Similar to the binary choice analysis, both treatments give similar coefficient 

estimates with similar levels of significance. However, before comparing the param­

eters from two different data sets, we have to isolate the scale difference (67; 53; 54).

n Since the alternatives are similar in characteristics, and the non-param etric test revealed 
similar preference for them , we decided to  estim ate alternative specific param eters for only one 
of the project alternatives.

12We estim ate the W T P  for an alternative by using the following expression (66):

W T P n =  f - i - )  f in  £  exp(V&) -  In £  exp(V&)
^ V iec° ieci

where V°n and \;ln represent the u tility  individual derives before and after the change from 
alternative i, respectively.
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Since it is not possible to identify the scale factor for both data sets, we estimate 

a relative scale factor by normalizing one scale factor and allowing the other scale 

factor to vary. We estimate a conditional logit model by pooling the data sets and 

restricting the parameters from both data sets to be equal. The results from the 

pooled model are given in the third column of table 10. A log-likelihood test statis­

tic rejects the equal parameter hypothesis (p < .001).13 This result is consistent 

with the binary choice results, and once again implies tha t although our economet­

ric analysis yields similar welfare measure under both discrete choice treatments, 

it does not indicate identical preference pattern for individuals.

2.5 Discussion

In our previous paper Das and Anderson (61), we discussed a dominant stra t­

egy incentive compatible mechanism design for stated choice surveys. To do this, 

we adapted Clarke’s pivotal mechanism to a binary choice case, where an indi­

vidual’s task was to decide whether or not to contribute a fixed amount toward 

the provision of a fixed-size public good. We presented a formal proof of incen­

tive compatibility of the mechanism and designed an induced value experiment 

to validate the theoretical prediction. Our experimental results showed tha t the 

DCPCM, though not perfectly demand revealing, performed quite well. Overall, 

even though DCPCM performed similarly to the discrete choice PPM BG in terms 

of both tru th  revelation and mean W TP estimates, econometric analysis revealed 

that these two alternative demand revelation methods do not imply similar behav­

ioral pattern for individuals.

In this paper, we extend this mechanism design for a multiple alternative 

choice case. We present a formal proof of incentive compatibility of the proposed

13To test the null hypothesis that D C -PPM B G  and D CPCM  have the sam e parameters, we 
calculate the test statistics as L L R  =  - 2 [ ( L PPMBG +  l d c p c m  ̂ _  j^Pooied^ w hjch f0 n0WS a chi- 
square distribution w ith  |no of comm on param eters|-l degrees o f freedom (53). The test statistics  
for the equal parameter hypothesis is —2(1629.713 — 742.892 — 873.349) =  26.94 ~  x \
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mechanism and use experimental tools to verify the dominant strategy equilib­

rium property of the mechanism. For theoretical formulation and experimental 

illustration, we restrict our choice set to four discrete choice alternatives. We 

also evaluate the performance of this mechanism with respect to an open-ended 

PPMBG mechanism and a discrete-choice PPMBG mechanism.

The multiple choice analysis reveals that, consistent with the binary choice 

analysis, the discrete choice treatm ents perform better than the open-ended trea t­

ment both in terms of tru th  revelation and mean W TP estimates. However, in the 

multiple choice case, the DC-PPMBG clearly perform better than the DCPCM 

mechanism. This result is different from the binary choice result, where we found 

no clear indication of one discrete choice treatm ent performing better than the 

other. Again, contrary to the binary choice analysis, we perceive a clear learning 

trend among respondents in this multiple alternative choice case.

The low percentage of tru th  revelations in the first period and overall, raises 

a question regarding the effectiveness of the DCPCM for the multiple alternative 

choice case. We argue tha t in the pivotal mechanism, there are two factors tha t 

respondents have to understand to identify their dominant strategies: the defini­

tion of pivotal condition and the definition of pivotal tax. Intuitively, even if it 

is possible for the respondents to comprehend the concept of pivotal condition, it 

might be difficult for them to make a mental calculation of the possible pivotal 

tax tha t their decisions imply, or it might not be immediately clear to them ex­

actly how much they are pledging toward the public good provision. Kawagoe and 

Mori (39) also discussed the confusion regarding the calculation of Clarke tax as a 

possible cause of the failure of the pivotal mechanism. Our DCPCM simplifies the 

mechanism immensely by removing the complications associated with the pivotal 

tax definition. This was reflected in the high percentage of tru th  revelation in
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the binary choice case. However, the multiple alternative choice case reintroduces 

some of these complications through the different pivotal condition definitions re­

sulting in low demand revelation. These might also be the reasons behind the high 

percentage of demand over-revelation.

This misrevelation of demand can also be a result of altruism, warm-glow, and 

confusion. Researches agree tha t altruism, warm-glow and confusion are prevalent 

in laboratory experiment and often are reasons behind the failure in attaining the 

equilibrium. In public good contribution game, people often tend to contribute 

because they receive utility from the act of giving (warm glow ) or when their 

contributions lead to an increase in the others’ payoffs (altruism). Recently, sev­

eral researchers studied these phenomenon in public good games. For example, 

Palfrey and Prisbrey (55) found evidence of warm glow but rejected the presence 

of altruism. On the other hand, Anderson et al. (56) and Goeree et al. (57) 

found presence of altruism. Andreoni (58) suggested tha t confusion might also be 

responsible behind non-dominant strategy plays. Besides, Sagoff (59) advocated 

the idea that, while making a social choice, an individuals might play the role of a 

citizen who cares more about society, than an individual who pursues self interest. 

Therefore, he might contribute out of moral obligation toward the society, even 

though it is against his own benefit. Nyborg (60) presented a formal model to 

discuss the implication for environmental valuation if individuals take two distinct 

roles, as a consumer and as a citizen. However, since this area of research is almost 

unexplored, there is a lack of evidence whether such multiple preference ordering 

exists.

O verall, a lth o u g h  th e  DCPCM for m ultip le  choice did n o t perform  as well as 

the DC-PPMBG or the DCPCM for the binary choice, even with four alternatives 

the tru th  revelation was higher when compared to the same from previous pivotal
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mechanism applications (49). From a policy point of view, this analysis suggests 

that the DCPCM has potential to perform successfully, but more research is needed 

before it can be applied in the field to solve real world resource allocation problems.
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Table 6. Treatment orders

Session Treatment 1 Treatment2 Treatment3 Treatment4
1 OE-PPMBG(binary) OE-PPMBG DC-PPMBG DCPCM
2 OE-PPMBG(binary) OE-PPMBG DC-PPMBG DCPCM
3 OE-PPMBG(binary) OE-PPMBG DCPCM DC-PPMBG
4 OE-PPMBG(binary) OE-PPMBG DCPCM DC-PPMBG

Table 7. Truth revelation in the discrete choice questions

Treatment Number of true Percentage of Total
responses true responses

DCPCM 648 72.00% 900
DC-PPMBG 705 78.22% 900

Table 8. Comparison of the number of subjects always responding truthfully under 
the discrete choice treatments

Treatment Number of subjects al­ Number of subjects Total responses
ways telling the tru th not always telling the

tru th
DCPCM 12 48 60

DC-PPMBG 18 42 60
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Table 9. Order effect on tru th  revelation

Treatment Number Percentage
of true re­ of true re­
sponses sponses

DC-PPMBG (without experience: session 1-2) 342 76.00%
DC-PPMBG (with experience: session 3-4) 362 80.44%
DCPCM (with experience: session 1-2) 340 75.56%
DCPCM (without experience: session 3-4) 308 68.45%

Table 10. Conditional logit model estimates

Variable Coefficient estimates 
DC-PPMBG DCPCM Pooled model

constantA -0.080 -0.067 -0.086
(0.608) (-0.543) (-0.846)

constantBoth 0.022 0.092 0.054
( 0.104) (0.491) (0.340)

constantNone 0.030 0.297 0.1835
(0.141) (1.479) ( 1.116)

value 0.603 0.479 0.614
(19.078) (17.718) (20.149)

cost -0.612 -0.450 -0.602
(21.659) (20.563) (-21.364)

scale 0.744
(14.726)

Log-likelihood -742.892 -873.349 -1629.713

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

% 
of 

tru
e 

re
sp

o
n

se
s

100

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

period

l — DC- PPMBG DCPCM [
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Figure 9. Nature of tru th  revelation in the DCPCM for project A
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Figure 10. Nature of tru th  revelation in the DCPCM for project B
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M A NU SC RIPT 3

Direct Estim ation of Distributions of W illingness to  Pay for 
Heterogeneous Populations

Abstract

Random parameters logit models have emerged as a standard approach to 

obtain efficient estimates from discrete choice surveys designed to elicit public 

preferences over nonmarket environmental amenities; counterfactual transporta­

tion and tourism alternatives; and marketing and public health care alternatives. 

However, to simplify calculation of welfare measures, the marginal utility of income 

is often assumed to be constant across the population. We show that, by shifting 

distributional assumptions from marginal utilities to the welfare measures them­

selves, a random parameters version of a censored logistic regression model (68) 

directly yields distributions of welfare measures without imposing any unnecessary 

assumption on marginal utility of income. We develop the theoretical framework 

for the model, and apply it to contingent choice survey data  for siting a noxious 

facility in Rhode Island. In this application, our proposed model and random pa­

rameters logit yield similar mean willingness to pay, but welfare measures are more 

readily interpretable in the proposed model.
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3.1 Introduction

Discrete choice methods have been used by many disciplines to evaluate trade­

offs presented by policy alternatives. Examples include choice among development 

restrictions to preserve different amenities provided by open space; alternative 

groundwater pollution regulations; alternative locations for noxious or dangerous 

facilities such as landfills or liquefied natural gas terminals; alternative modes or 

routes for transportations; alternative product brands and health care programs. 

The theoretical underpinning of discrete choice method is the principle of utility 

maximization. The analysis proceeds by presenting the decision makers choices 

between alternative outcomes. Each respondent selects the outcome with the a t­

tribute combination she most prefers, stating her preferences for the trade offs 

implicit among the listed attributes of alternative outcomes. Given a large num­

ber of responses, a statistical discrete choice model is used to recover the relative 

weight each attribute is given in the utility function of the respondent. This util­

ity function can, in turn, be used to understand how alternative policies affect the 

welfare of the sampled population.

Examples of discrete choice applications can be found in the field of envi­

ronmental application, transportation, marketing and public health. Published 

studies have used this approach to, among many other purposes, value impacts of 

noxious facilities (69), water quality (46), assess consumer preferences for medical 

providers (70) and alternative transportation modes (71). These applications use 

random utility-based models, such as logit or probit, to estimate utility as a func­

tion of the attributes describing the alternative outcomes, based on the observed 

discrete choices. The coefficient associated with each attribute is the weight given 

to tha t attribute in a representative agent’s utility function. It can be monetized 

by dividing by the marginal utility of income (72), yielding a willingness to pay

67

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

or willingness to accept for changes in an attribute level. Policy makers may use 

these values to determine efficient management decisions.

More recent discrete choice analysis has moved away from straightforward 

discrete choice models to models tha t recognize the heterogeneity of preferences 

over choice alternative attributes. Such models offer greater statistical efficiency 

and information about the distributional effects of policies, which may be of interest 

to political decision makers. Several approaches have been taken by researchers 

to incorporate preference heterogeneity into their analysis. Boxall and Adamowicz 

(73) use a latent class model to value the recreational demand for wilderness parks. 

Breffle and Morey (74) specify different parametric methods to model heterogeneity 

in the choice of sites for salmon fishing. These methods include modeling utility 

as a function of individual characteristics, a random parameters model, and an 

utility function with a heterogeneous scale parameter.

A commonly adopted approach is random parameters logit, or random coeffi­

cients logit. Random parameters logit (RPL) explicitly accounts for heterogeneity 

by allowing each individual to have a different preference pattern; instead of es­

timating a common set of attribute marginal utilities for all respondents, each 

respondent has his or her own marginal utilities, and the distributions of marginal 

utilities in the population are estimated. This approach has become popular for 

several reasons. First, RPL removes three limitations of standard logit by allow­

ing heterogeneity in preferences, unrestricted substitution patterns in multinomial 

choice situations, and correlations in unobserved factors over time. Second, it is 

also highly flexible so tha t it can approximate any random utility model ((3), Chap­

ter 6). Finally, compared to logit models with homogeneous parameters, RPL not 

only gives efficient parameter estimates, but also gives distributions of preference 

measures rather than a single preference measure for a representative individual.
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The RPL applications include both stated preference and revealed preference 

data. Revelt and Train (75) estimated a random parameters logit for households’ 

choices of appliances with repeated choices. Layton and Brown (76) examined 

the heterogeneity of preferences in mitigating climate change impacts. Morey and 

Rossman (77) used RPL to model the preservation of marble monuments in Wash­

ington DC. Train (78) modeled a random parameters logit of anglers’ choices of 

fishing sites. Nahuelhual et al. (79) studied heterogeneity of preferences for protec­

tion of public open space. Brownstone et al. (80) estimated a mixed logit model 

merging both stated preference and revealed preference data  for alternative-fuel 

vehicles. Rouwendel and Meijer (81)estimated a mixed logit model to analyze the 

preferences of workers with respect to housing, job and commuting. Anderson et 

al. (82) modeled a random parameter logit of parking preferences among tourists. 

Bhat and Sardesai (83)used RPL to model commuter’s mode choice using both 

revealed preference and stated preference data. Hall et al. (84) estimated a multi­

nomial logit model with random coefficients to determine the factors tha t influences 

consumer’s preferences for genetic carrier testing. Many more applications can be 

found in the literature.

In standard application, RPL yields distributions of marginal utilities, leav­

ing analysts to produce willingness to pay distributions by dividing the distribu­

tions of attribute coefficients by the distribution of the alternative cost coefficient. 

However, calculating a ratio of two distributions can be difficult, especially if the 

distribution of the denominator, the cost coefficient in this case, has mass close to 

zero, and can lead to high means and W TP distributions with very thick tails. To 

address this problem, the RPL model is often specified with a fixed (non-random) 

cost coefficient; it is straightforward to divide the attribute distribution by a con­

stant to obtain a distribution of W TP.1

: In som e instances, cost is assumed fixed because of identification or convergence problems
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An alternative way to avoid the complications regarding the distributional as­

sumption of the cost coefficient is to impose the heterogeneity structure directly on 

the W TP rather than on the utility coefficients. This approach adapts Cameron’s 

(68) censored logistic regression (CLR) model, which estimates a random expendi­

ture function normalizing the cost coefficient to one (since the marginal expendi­

ture of a dollar spent is a dollar for everyone) and instead estimates the logit scale 

parameter. While this “new paradigm” presented a different way to think about 

welfare measure estimation, few were willing to hand-code likelihood functions to 

achieve direct measures which are readily available by transforming results from 

canned logit routines.

However, random parameters models significantly complicate the transforma­

tion necessary to get W TPs, warranting a reconsideration of Cameron’s approach. 

We show tha t a random parameters version of censored logistic regression yields 

distributions of willingness to pay for outcome attributes, which facilitate policy 

formulation more directly and efficiently, and require no complicated transforma­

tion as in RPL. However, which predicts better is an empirical question, and tha t 

the latter provides easier interpretation may dominate economically unim portant 

differences in fit. The point of this paper is to demonstrate this alternative method­

ology, and point out its advantages in a sample environmental application.2

Concurrent with this research, two equivalent models for directly estimat­

ing distributions of willingness to pay have been developed. Sonnier et al. (86) 

use Bayesian methods to analyze automobile choice as a function of attributes and 

branding using a random parameters logit model, with the price coefficient normal­

ized to 1 and an estimated scale parameter. In a Monte Carlo analysis resampling 

from their actual survey design and computing choices based on assumed W TP 

(75; 85).
E sta b lish in g  the system atic empirical superiority o f one m odel or th e other requires compar­

ison across many data  sets, a task beyond the scope of the current paper.
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distributions, they find RPL actually fits best, bu t tha t direct distribution esti­

mation yields better true W TP recovery; on their actual response data, the W TP 

model had lower in-sample log-likelihood, but higher out-of-sample log-likelihood. 

Train and Weeks (87) use Bayesian methods to estimate the algebraically equiva­

lent reciprocal of the scale param eter as a lognormally distributed price coefficient, 

which also multiplies the willingness to pay distribution for each attribute, in an 

analysis of preferences for alternative-fuel cars. They find tha t RPL fits their data 

better than estimating distributions of willingness to pay, but yields incredibly 

large W TP values; the directly estimated W TP distributions are more sensible. 

Our paper complements this analysis in three ways. First, it is the first to adopt 

a classical maximum-likelihood estimation approach in demonstrating the advan­

tages of direct estimation of W TP distributions. Second, our model presentation 

is based on Cameron’s CLR model. Basing our exposition in a familiar model and 

common estimation paradigm clarifies the similarities, and differences introduced 

by the random parameters implementation, with familiar models. Third, our em­

pirical analysis adds to collective body of evidence on the use and interpretation 

of models directly estimating distributions of willingness to pay.

The next section presents the theoretical framework of the model. Section 

3 describes the Rhode Island landfill siting application we use to demonstrate 

the model, and section 4 discusses the results and how they improve upon the 

homogeneous and RPL results for policy purposes. Section 5 concludes.

3.2 The Theoretical Framework

We develop our model within a standard contingent choice environment where 

an individual makes a choice among K  hypothetical alternatives, based upon the 

alternative attributes and the cost of provision.
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3.2.1 Estim ating Distributions of Marginal U tilities

Random parameters logit is based on a random utility model, and thus es­

timates distributions of attribute marginal utilities. In this model, the utility 

obtained by individual i from alternative j  is given by

Uij X i j C ' t j { 3 ai -f- U'ij, (8)

where ĉ - is the cost to i of alternative j ,  (3ci is i ’s cost coefficient, Xij is the vector 

of non-cost attributes for alternative j  and $  is the vector of attribute coefficients, 

which varies randomly in the population. W ithin the random utility framework, 

the coefficients are interpreted as marginal utilities, and /3Cj is the marginal utility 

of income. The error term  Uy captures components of Vs utility from j  which are 

not observable to the investigator.

Since the dependent variable Ulj is unobservable, a preference for an alterna­

tive j  is manifested through the discrete choice vector dy , such tha t

/  1 if Ui j > U i k M k + j  
v  \  0 otherwise.

Since dy is a function of the unobservable Uy-s, i 's  choice is random to the investi­

gator. The probability tha t individual i chooses alternative j  is

P r ( d i j  1 )  P vi^X ijP i ~  CijPci T  'U'ij W'ikPi Cikftci T  ^  ^  ~f~ J ) ,  / g \

Pv{(jJCij Xik)  P i ( Q j  C-ik ) fijci k U^j V /c /  j  ).

The variance of right-hand error term  can be normalized by introducing a scale 

parameter, a, which captures the variance of the error distribution,

Pr{dij = 1) =  Pr((xij -  x ik)& -  (cy -  cik)d f  > Vfc ^  j) .  (10)

However, the scale parameter and full set of (3 coefficients are not separately iden­

tifiable, as every P  is divided by a. The standard logit and RPL models normalize 

the scale to one and estimate attribute coefficients tha t are the ratio of the -  valuesa
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under a standard logistic distribution for —  ■̂ with mean zero and variance —.

Since the variance of the error term can be different for different individuals, and 

ignoring this might results in inaccurate interpretation, the scale is considered to 

be random. This yields a RPL log-likelihood function

where / ( f ; 0 )  is the, possibly joint, density of the ^ ratios and 0 is the estimated 

parameters of th a t density. In the absence of systematic research guiding the se­

lection of distributions, most authors have specified / ( . )  to be a set of independent 

normal or lognormal distributions, with 0 representing their means and variances.3

The model yields distributions of relative marginal utilities for each attribute, 

not identified separately from their scale. The willingness to pay measure of welfare 

for person i is given by the ratio of i ’s estimated coefficient for attribute £, —  and
<?i

Vs marginal utility of income, the unidentified scale param eter which makes 

these marginal utilities relative and divides both (3 coefficients cancels in the ratio, 

yielding an absolute dollar-denominated measure, When both the attribute
P ci

and cost coefficients are random, the distribution of willingness to pay is the ratio 

of the distributions, which can be obtained by taking the ratio of a large number 

of draws from each distribution. However, this computation can be cumbersome, 

and may yield nonstandard distributions or distributions with incredibly thick tails 

when the cost coefficient distribution is nonnormal (e.g. lognormal) and has much 

mass near zero (e.g., Train and Weeks, (87)). To avoid these problems, analysts 

often assume the cost coefficient is non-random. If the cost coefficient is fixed, 

then the W TP follows the same distribution as the attribute coefficient, and the

3N ote that the integral in equation 11 does not have a closed form solution for m ost distri­
butions / ( . ) .  It can be integrated numerically, and estim ation is done through m axim izing the  
simulated log-likelihood.

( 11)
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mean W TP for a particular attribute is calculated as the ratio of the mean of the 

random coefficient and the fixed price coefficient. The standard deviation of W TP 

is calculated as the ratio between the standard deviation of the random coefficient 

and the price coefficient. While simplifying the W TP calculation, this approach 

compromises some of the statistical advantages tha t the RPL model was intended 

to achieve over the homogeneous logit model.

3.2.2 Estim ating Distributions of W illingness to Pay

An alternative approach to estimating distributions of willingness to pay can 

be accomplished by changing the normalization used in estimating the random 

utility model. Cameron and James (88) and Cameron (68) argue tha t if the cost 

coefficient is normalized to one and the scale parameter is estimated, the estimated 

utility function becomes a money-scaled expenditure function, with attribute co­

efficients directly yielding marginal W TP values. Here we extend this censored 

logistic regression model, so-called to distinguish it from scale-normalized logit, by 

introducing heterogeneity through random coefficients, and call it random param­

eters censored logistic regression (RPCLR). RPCLR yields well-behaved, readily 

available distributions of W TP without any arbitrary assumptions about the cost 

coefficient.

In the censored logistic regression formulation, the dependent variable, Y,  

is the W TP for the alternative with attributes x^ ,  rather than utility as in the 

random utility model; cost enters the model separately, and not as an explanatory 

variable. The valuation function is

Y'lj ~  Xij Pi “1“ Uij. ( 12)

In this scenario, an individual i will choose an alternative j  if her net willing­

ness to pay for alternative j ,  defined as the difference between Yij and cost, exceeds
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tha t of the other available alternatives. Therefore the choice indicator variable is 

given by

_ /  1 if (Yij — Cij) > (Yik — Cjfc) V ft ^  j
1 0 otherwise, 

where Cy is the cost of alternative j  to individual i.

The probability th a t person i will choose alternative j  is given by

Pr(di:j =  1) =  Pr{Yij -  Cy > Yik -  cik Vft ^  j ) ,  ^
= P r ( ( x i j ( 3 i  -  ci:i) -  ( x ik fa  -  cik) >  (uifc -  Uij) Vft /  j).

As in the RPL specification, the variance of the right-hand term can be normalized 

by dividing by a scale parameter,

Pr(dij =  1) =  Pr{(xij(3i -  x ikf3i)/ai -  (c^ -  Cik) /^ i  > (u ik -  U y)M  Vfc 7  ̂ j ) ,
=  Pr{{xij -  -  (Cij -  cik)j: > ^  j) .

Because there is no (3 coefficient on the c# cost terms, it is possible to identify 

the scale parameter and the fas separately. Using a logit formulation, the choice

probabilities can be estimated under a standard extreme value distribution with
2

variance This yields an RPCLR log-likelihood function

(14)

exP(M§) -  cH7l) g(faa\9)d{fac7), (15)J2keMxik( )̂
where g{fa <7 ; 0) is the, possibly joint, density of the (3 and <r, and 9 is the pa­

rameter vector of tha t density. Because the attribute coefficients are scaled by an 

identified scale parameter, the estimated (3s are scaled relative to a cost coefficient 

of one. Thus, the resulting coefficients are direct estimates of willingness to pay, 

and g((3, cr; 9) is the distributions of willingness to pay in the sampled population.4

4 Sonnier et al. (86) use Bayesian m ethods to  estim ate a similar m odel, where they  also identify  
the scale param eter by normalizing the price coefficient and interpret the attribute coefficients 
as w illingness to  pay distributions. Train and W eeks (2005) use Bayesian m ethods to  estim ate  
an algebraically equivalent m odel, interpreting ^ as the “price coefficient,” which also m ultiplies 
the attribute /3ts, which they also interpret as a distribution of w illingness to  pay.
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These estimates, and their corresponding standard errors, can be used directly in 

welfare analysis.5

There is one im portant difference between the renormalization applied to de­

rive censored logistic regression and applying tha t same renormalization in the 

random parameters environment. Cameron (68) shows tha t in the representative 

agent framework, logit and censored logistic regression are simply transformations 

of one-another: the logit parameters can be recovered from the censored logistic 

regression parameters through a simple transformation (divide estimated W TPs 

by the estimated scale parameter). This is not the case for RPCLR. The reason 

is tha t the distributional assumptions are over different measures, scaled marginal 

utilities in RPL and willingness to pay in RPCLR. The resulting nonlinear rela­

tionships do not allow exact recovery of one distribution from the other because, 

for example, a distribution of willingness to pay for an attribute is often calcu­

lated as the ratio of a normal attribute coefficient distribution and a lognormal 

cost coefficient distribution, resulting in a nonstandard distribution. In estimating 

willingness to pay directly, a researcher would likely assume the corresponding a t­

tribute willingness to pay would be normally distributed, rather than being drawn 

from a ratio of normal and lognormal deviates.

From a practical standpoint, there is little reason to believe tha t marginal 

utilities necessarily have standard distributions (such as normal and lognormal) 

and willingness to pay have the nonstandard distributions implied by tha t specifi­

cation, rather than willingness to pay having standard distributions and marginal 

utilities have the nonstandard distributions implied by computing them based on 

estimated standard distributions of W TP.6 One response to this uncertainty is tha t

5N ote that equation 15 has one fewer parameter than equation 11. However, standard practice 
is to  not estim ate a population variance for (3ci in the R PL model, yielding comparable models 
with identical numbers of coefficients.

6W e suspect the comm on practice of estim ating distributions of marginal utilities has sim ply  
arisen as historical accident through directly applying random parameters techniques to  the
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determining which model is correct is simply an empirical question, and the ap­

proach th a t fits better in a particular application is the appropriate one. We argue 

tha t in the absence of strong evidence tha t marginal utilities systematically have 

standard distributions and W TPs do not, tha t RPCLR presents an alternative 

theoretical framework within which it is possible to directly estimate distributions 

of willingness to pay which are well-behaved and have any standard form, and to 

do so without needing to restrict any likely random parameters to yield tractable 

or credible results.

In the next section, we demonstrate the tractability of the RPCLR model by 

applying it to a contingent choice dataset. We compare our results for estimated 

W TPs to those from a CLR, and to RPL. While all models yield similar W TP val­

ues, and the RPCLR specification actually fits better than RPL in-sample but as 

well as RPL out of sample in this application, we emphasize the advantage of the 

RPCLR perspective: tha t we are able to obtain efficient and easily interpretable 

welfare estimates for the same number of parameters as a RPL model with a fixed- 

value cost coefficient. Further, we find tha t estimating a joint distribution, with 

correlations among attribute tastes, yields results tha t are economically different 

than results obtained by assuming W TP distributions are independent across a t­

tributes.

3.3 An Empirical Illustration

To demonstrate the RPCLR model, and to gain an initial sense of the empirical 

significance of assuming distributional forms on willingness to pay rather than 

marginal utilities, we estimate a simple linear valuation function for landfill sites 

using contingent choice survey data  drawn from a study of Rhode Island residents.

standard logit-based analysis o f contingent choice data. Had censored logistic regression caught 
on when it was introduced, the approach we are proposing would likely be the comm on practice. 
Until now, it has not been observed that the goal o f estim ating distributions of w illingness to  
pay presents an affirmative reason to  sw itch perspectives.
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The Rhode Island data was previously used in studies of noxious facility siting (69; 

89; 90), studies of modeling heterogeneous preferences (91), testing neo-classical 

theory (92) and in alternative interpretation of preference indicators (93).

In our application, each survey question asked respondents to choose between 

two alternative landfill locations. Alternative locations were described in terms of 

attributes of a fixed 500 acres parcel to be converted to a landfill, and attributes 

of the surrounding one mile radius, which might be affected by landfill traffic and 

pollution. The site itself was described in terms of the acres of farmland (Farms), 

marshland (Marsh) and forestland directly converted to landfill;7 the quality of the 

groundwater in the area (Groundwater: l= high  and 0=low); and the quality of the 

wildlife habitat in the area (Wildlife: l=unique habitat and 0=normal habitat). 

The location attributes include the number of houses within a one mile radius 

(Homes)-, the presence of parkland (Park: l=present, 0=absent) and farmland 

(Farmland: l=present, 0=absent); the presence of schools (School: l=present, 

0=absent); and the nature of access roads (Highway: l=access by highway, 0=ac- 

cess by local roads). The cost is a continuous variable indicating the annual average 

cost per household (Cost), paid in additional annual state taxes to cover landfill 

construction and maintenance. Table 11 summarizes definitions of the variables 

used in the empirical analysis.

The survey was administered in person a t public locations (e.g., malls, RI 

Department of Motor Vehicles offices and other public gathering places) to a total 

of 1,151 residents, yielding approximately 40 replications of each of 28 distinct 10- 

question survey booklets. 44 residents, out of 1151, did not provide residency or 

reported residency outside Rhode Island, therefore their responses were excluded 

from the sample. This analysis uses 10,703 responses from 1107 people. Choices are

7T he land type forest is excluded because the acreage of the three types always sum s to  the 
landfill size, 500 acres.
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analyzed as a function of cost, the site and location attributes, and each attribute 

interacted with an indicator for whether the respondent was from Providence, 

since development patterns made it much less likely a landfill would directly affect 

Providence residents.8

3.3.1 Estim ation Results

Using the landfill data, we calculate willingness to pay measures for landfill 

site attributes using four econometric specifications: a fixed-parameters CLR, a 

RPL, RPCLR with attribute coefficients assumed to be independent and normally 

distributed, and RPCLR. with multivariate normal attribute coefficients.9 In the 

random parameters models, the scale param eter is assumed to follow a lognormal 

distribution, and the Providence resident interaction variables are treated as fixed 

mean shifters.10,11

The results are presented in Table 12. The second column reports coefficients 

of the CLR, which give the marginal willingness to pay for each attribute by 

a representative agent, and which are equivalent to the willingness to pay tha t 

would be calculated from a standard logit model. A negative coefficient implies

8T he original m odel o f Opaluch et al. (69) included 194 variables, largely interactions of 
attributes w ith respondent demographics. Such a large m odel would be unwieldy in a random  
parameter framework. Comparison of the two results can suggest whether random coefficient 
m odels capture heterogeneity in essentially the sam e way as demographic interactions w ithin  a 
standard logit framework. Our specification comes from Swallow et al.'{93) resam pling-based 
analysis o f the sam e data. We expect th e random param eters to  pick up th is observed and 
unobserved heterogeneity. It is possible to  specify the mean and variance of the coefficient 
distributions in random parameters logit m odel as functions o f demographic characteristics or 
other exogenous factors, which m ight capture additional structure in this heterogeneity.

9T he literature provides little  guidance on selection of distributional fam ilies for attribute  
coefficients. We selected normal distributions because they are a standard choice, and because 
stories can be told  for each attribute where respondents m ay have a positive or negative W TP. For 
our application, individuals might have either positive or negative attitude towards the attribute  
variables. Therefore these attribute coefficients are assumed to  follow a normal distribution.

10A log-normal distribution is chosen for the scale parameter to restrict a  >  0. In RPL, for 
identification, the median for log-normally distributed scale is fixed at one by setting the mean  
of ln (a )  equal to  zero (74).

11 A ll the m odels are estim ated using GAUSS. For both RPL and RPC LR, 200 Halton draws 
(94) are used and they converged under 60 m inutes from maxim a of preliminary estim ates. 500 
Halton draws are used for the R PCLR w ith correlation, which took alm ost 11 hours to  converge.
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a marginal decrease in money-normalized utility resulting from an increase in the 

corresponding attribute level, or a positive willingness to pay to avoid increasing 

tha t attribute at or near the landfill site. For site attributes, the results indicate a 

willingness to pay of $248.98 to avoid disturbing unique wildlife habitat, and more 

than twice that, $556.89, to avoid areas with high quality groundwater. Among 

land types, residents least prefer to convert farmland, which they value at $1.39 

more per acre than the excluded forestland, with marshland falling between the 

two with a value of 55 cents per acre more than forestland. For the surrounding 

area, residents most prefer to avoid schools, with a willingness to pay of $367.97 to 

move to an equivalent site without a school, followed by farms, public parks and 

scattered homes. Residents are willing to pay about $280 to keep garbage trucks 

off local roads, instead accessing the landfill from major highways. Compared to 

suburban and rural residents, Providence residents prefer converting marshland to 

converting forestland, mind proximity to farmlands $81.97 less, and are willing to 

pay significantly less, only $120, for highway rather than local road access.

The third column of Table 12 reports the estimated attribute means from 

RPCLR, and the fourth column the attribute standard deviations. Overall, mean 

estimated willingness to pay for attributes are remarkably similar to those based 

on CLR; the relative priorities of each attribute remain the same. However, the 

willingness to pay estimates tend to have higher absolute values. This is a com­

mon result in random parameters models as variation which is unexplained in the 

fixed parameters model, and is thus assigned to the scale parameter which divides 

coefficient values, is instead associated with population heterogeneity on specific 

attributes.12 In addition to higher mean parameter values, the random parameters

12In studies based on m odels w ithout random parameters, bias in population m ean W T P  
arises from non-linearity in the calculation o f W T P  for any individual. W ith  heterogeneity in the  
marginal u tility  of incom e, the average W T P  w ill not equal the W T P  of a person w ith average 
preference. Swallow et  a t (91) and Souter and Bowker (95) showed average W T P  to  be higher 
than the W T P  of a person w ith average preferences, and this result is consistent w ith the results
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model yields estimated distributions of willingness to pay. All site and location 

attribute coefficient distributions have statistically significant standard deviations, 

indicating the population is in fact heterogeneous; a likelihood ratio test rejects 

the hypothesis tha t standard deviations are zero with p <  10-103. The scale pa­

rameter is also significantly random, indicating the variance of unobserved utility 

varies among respondents.

In addition to being statistically significant, the magnitude of the attribute 

variances is economically significant. While the RPL agrees with the CLR model 

tha t groundwater quality is a high priority site attribute, the high mean of $588.20 

belies tremendous differences of opinion among residents, a standard deviation 

of $363.28. This variance means tha t 94.8% of residents have positive values for 

groundwater, and 12.8% are willing to pay more than $1000 a year in higher taxes 

to keep the landfill away from high quality groundwater supplies. In a state where 

many residents rely on groundwater for domestic use, such high values are not 

surprising. Those with negative values, who would prefer the landfill to be near 

high quality groundwater, could be developers hoping for the spread of municipal 

water systems or manufacturers or gas station owners who would like to be able to 

pollute groundwater. More likely, this mass is an artifact of the assumption of a 

symmetric distribution for population preferences. On this and other coefficients, 

the RPCLR model provides a sense of preference heterogeneity, and whether most 

people agree on the value of the attribute, or whether popular support around the 

attribute will be divided.

The fifth column of table 12 reports the mean marginal willingness to pay 

calculated from a RPL model with normally distributed attribute coefficients and

of the present study.
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a fixed cost coefficient;13 the sixth column reports the standard deviations.14 The 

results are qualitatively quite similar to RPCLR, as the (unreported) attribute 

coefficients from the RPL model indicate the means and standard deviations are 

significant and the willingness to pay values are approximately the same. However, 

the estimates have some undesirable statistical properties.15 First, following com­

mon practice in simplifying the calculation of willingness to pay distributions, our 

RPL model estimated a fixed cost coefficient, thereby imposing a restriction that 

assumes away the possible heterogeneity in the marginal utility of income.16 Thus, 

willingness to pay distributions are calculated by dividing estimated means and 

standard deviations of marginal utility by the constant marginal utility of income 

captured in the cost coefficient. However, this practice reintroduces some of the 

limitations RPL was designed to remove. Second, estimating a fixed cost coef­

ficient only partially simplifies inference, as it leaves a significant computational 

task to determine the standard errors of moments of the welfare measure distri­

butions.17 In RPCLR, in contrast, those standard errors are reported directly in

13Since our purpose is to  present an alternative approach to  the w idely used R PL w ith a fixed 
cost coefficient, we do not estim ate a RPL w ith a random cost coefficient.

14W T P  for the constant term im plies that if the alternatives are similar in every aspect, then  
an individual is likely to  choose the alternative B.

15T he R PL results in table 12 would also be subject to  nonlinearity bias (91; 95) due to  
constraining the marginal u tility  o f incom e to  a constant for the population. T his source of 
non-linearity bias is avoided by RPCLR.

16T his practice elim inates the possibility of estim ating a, usually lognorm al, cost coefficient 
distribution w ith  a lot o f m ass near zero, resulting in distributions of w illingness to  pay w ith very 
fat tails, or worse, m eans and standard deviation that are not stable in the numerical division of 
the two distributions.

17Since, the objective of th is paper is to  show an efficient and com putationally less intensive 
alternative to  RPL for estim ating welfare measures, rather than compare the W T P  values from 
alternative m odels , the standard errors for the estim ated W T P s are not calculated. However, 
the Krinsky and Robb (96) m ethod can be used to  com pute standard errors by sam pling from 
the joint distribution of the standard errors o f the attribute coefficient mean, attribute standard  
deviation, the cost coefficient mean (and cost coefficient standard error) given by the estim ated  
variance-covariance m atrix. T he sam ples can be used to  generate a large number of w illingness to  
pay distributions, using the population standard deviations o f generated distributions’ m eans and 
standard deviations as measures of statistical confidence. T he distributions are also susceptible 
to  having very fat tails, and hence very, very wide confidence intervals which may not be stable  
across replications of the Krinsky-Robb procedure.
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the estimation. Finally, the assumption tha t distributions of marginal utilities are 

independent across attributes induces a strong correlation structure among will­

ingness to pay (87), which makes it difficult to evaluate policies with different levels 

of attributes, since willingness to pay cannot be simply added across attributes.

3.3.2 Out of Sample M odel Comparison

While there are several practical and statistical advantages to RPCLR over 

RPL, the models also differ in the measure on which distributional assumptions are 

being made, indicating one might fit better than the other. In the full sample, RP­

CLR has a significantly higher log-likelihood compared to the full sample RPL. To 

test out-of-sample predictive power, we randomly selected two of each respondents’ 

questions and held them aside,18 re-estimated the RPL and RPCLR models on the 

remaining data, and used the results to predict the held back responses for each 

person. To generate predictions we followed the procedure explained by Train ((3), 

chap. 11). First, we performed a Bayesian updating on the eight within-sample 

questions to calculate posterior distributions of $  for each person, and then used 

these to calculate predicted choice probabilities for each out of sample question. 

The first two columns of table 13 show the percent correctly predicted,19 aggregate 

squared error,20 and log-likelihood of the out-of-sample predictions of the RPCLR 

and RPL models, respectively. RPCLR performs very similarly to RPL on all three 

measures. Thus, while we argue tha t the theoretical and practical advantages of 

RPCLR are sufficient to justify adopting our approach, within our application, 

there seems to be no tension between the practically and asymptotically superior

18For the few respondents w ith fewer than 7 responses, we held one random question aside; 
respondents w ith fewer than 4 responses were dropped from the sample.

19T he percent correctly predicted is the percentage of observations in which the respondents 
chose the alternative the m odel predicts is more likely (Pr(Yi =  j )  >  .5). A lthough “percent 
correctly predicted” measure is often used to  test the goodness of fit o f an estim ated model, Train 
warned against the use o f this test statistics ((3), P. 73).

20Aggregate squared error: T,N (({I i  =  1 } - P r { I i  =  l;a H,Pi))2+ ( { h  =  0 } - P r ( I i  =  0 ja:,, A ) ) 2)
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model and the empirically superior model.

3.3.3 Correlated A ttribute Distributions

Assuming distributions of willingness to pay are independent is no more sen­

sible than assuming they have the correlation structure implied by assuming inde­

pendent distributions of marginal utilities. However, the complexity of calculating 

estimated joint distributions of willingness to pay based on estimated joint dis­

tributions of marginal utilities is a barrier to capturing this element of variation 

in RPL. RPCLR can yield the joint distributions of attribute willingness to pay 

directly, as we demonstrate by estimating an RPCLR model with a full correlation 

structure allowed among main attribute effects. The seventh and eighth columns 

of table 12 report the means and standard deviations estimated through RPCLR 

with correlation. The estimated correlation matrix is shown in table 14.21 Adding 

correlation does not dramatically change the conclusions drawn under RPCLR, 

though the absolute values of the estimates increase as more unobserved utility is 

associated with covariance of attribute values. Of the 36 estimated covariances, 

eight are significant at 5% or better, indicating tha t respondents’ preferences for 

certain attributes are related.

Explicitly incorporating attribute preference correlation improves the fit of the 

model, as a likelihood ratio test rejects the independent correlation structure with 

a p < 1CT13 (x2 =  138.18 with 36 degrees of freedom). However, the out of sample 

prediction rates, shown in the fourth column of table 13, indicate the lower log 

likelihood comes at a price of predictive power. The out-of-sample forecasting rate 

is actually 3% lower than RPCLR, with a higher aggregate squared error. Thus, 

even with more than 8000 in-sample observations, it seems including correlation

21T he standard errors of the variance-covariance m atrix are calculated by the derivative rule 
(75). T he rule: ip =  f ( p ) ,V a r ( ip )  =  V a r ( p ) j^ \  where ip is the vector com posed of the 
elem ents of the variance-covariance matrix o f the random coefficients, 12, and p  is the vector 
com posed of the elem ents of the lower triangular Choleski factor of 12.
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among nine attributes overfits the data.22

3.3.4 Site Evaluation

While the marginal willingness to pay estimates suggest which attributes are 

im portant to respondents, in practice policymakers must often select among differ­

ent actual alternatives on behalf of their constituents. For the case study consid­

ered here, the relevant policy choice is selection of a landfill site. The objective is 

to identify the location th a t minimizes the welfare loss from the converted land and 

the attributes of its surrounding area. To facilitate application of our model, we 

follow Opaluch et al. (69) in calculating an index for each prospective site on the 

basis of the model estimates; the site with the highest absolute value of the index 

minimizes the loss. However, because CLR and RPCLR are money-denominated 

models, the index we calculate is the actual per-person welfare loss in value caused 

by developing the landfill. The monetary index for a site j  can be defined as,

IndeXij =  PiXij — cost y. (16)

We apply this monetary index to the two example sites originally evaluated in 

Opaluch et al. (69) by calculating a hypothetical referendum over the alternative 

sites described in (table 15). These monetary site indices can be transformed into 

estimated voting probabilities. The probability th a t person i votes for site A is 

given by,

lA 1 +  exp [—(IndexiA — IndeXis) /  cri]'

Since the /3s are random so are the indices, and we approximate PiA through simu­

lation. We calculate Pa for R random draws of (3% from the estimated multivariate 

normal distribution, and then find the average of these probabilities as,

22 A M onte Carlo analysis could provide guidence in choosing the m odel which has a better 
in-sample or out-of-sam ple fit, and which has better parameter recovery power, but does not help 
in finding which m odel is more numerically convenient or theoretically efficient, the attributes 
which are the basis o f our argument.
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PiA =  (1 /i? )S f  —— r T — ---------- — ------ —  (18)
1 +  exp [—(inaeXiA — lnaeXiB) /  cn\

We calculated the indices following equation 16 and the voting probabilities fol­

lowing equation 18 for a representative Providence non-resident. These values for 

all the reported models are shown in table 16. In addition, we calculated expected 

vote shares from our heterogeneous sample population by updating the estimates 

in table 12 to reflect the observed individual choices ((3), chap. 11 ), obtaining pos­

terior distributions for each $  and aggregating across individuals. These expected 

vote shares are reported in the last row of table 16.

The expected average agent evaluation indices and voting probabilities, and 

the expected vote shares from our heterogeneous sample, all reflect a strong pref­

erence for site A in every model. This is consistent with our interpretation of the 

estimated coefficients. Respondents particularly avoid site B because of its high- 

quality groundwater, and gravitate toward site A because it is not near schools 

and can be accessed by highway.

In the money denominated models, the indices for each alternative increase 

about 10% in absolute value as preference variation assigned to the scale param­

eter in CLR is associated with variation in preferences for particular attributes 

in RPCLR, and again with covariances in preferences for particular attributes in 

RPCLR with correlation. As additional variation is captured in the heterogeneity 

structure, the models make less extreme predictions about voting probabilities for 

the average agent, with the majority for site A dropping from 92.8% to 88.8% 

between CLR and RPCLR, and to 76.3% for RPCLR with correlation. When 

individual voting probabilities are calculated by updating estimated population 

distributions based on an individual’s choices, the predicted vote proportions be­

come less extreme, losing between 12 and 16 percentage points, to fall to 77.0%
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for RPCLR and 75.3% for RPL, and 60.1% for RPCLR with correlation. These 

lower vote shares suggest tha t the outcome of a referendum would not be nearly as 

clear cut as one would conclude in the absence of the more complex heterogeneous 

preference models.23 Im portantly for evaluating the difference between the RPL 

and RPCLR specifications, the two models yield remarkably similar vote shares 

by both calculation methods: 89% for the average agent and 75.3% and 77.0% 

expected vote shares across our heterogeneous sample. Since the complexity of 

these models’ structure for capturing preference heterogeneity is comparable, we 

can again say tha t RPL and RPCLR yield similar results, but RPCLR yields them 

more directly.

3.4 Discussion

We have shown tha t by shifting the distributional assumption from error- 

scaled marginal utilities to money-scaled willingness to pay, it is possible to directly 

obtain estimates of distributions of willingness to pay for attributes of alternatives 

described in choice data. This approach has several practical advantages. It di­

rectly yields distributions, and the standard errors of their parameters, without 

additional calculation; it allows use of distributions such as lognormal for willing­

ness to pay; the distributions of welfare measures are well behaved and do not have 

extremely fat tails, as can ratios of two distributions; and, in applications where 

correlation among distributions of W TP for different attributes can be rejected, 

dollar values can be directly summed to yield total willingness to pay for a policy

23These predictions are all more extrem e than those of Opaluch et al. (69), who conclude site 
A captured a 55% m ajority vote. However, th is result is based on their 194-variable demographic 
interaction m odel, and included a “nearby ponds” attribute present in only a few survey ques­
tions, which were not included in our dataset. If more m oderate predictions are associated w ith  
a b e tter  m odel of preference variation, this suggests a properly specified demographic interaction  
model m ay be a better m ethod for capturing heterogeneity than even a quite com plex random  
parameters model. Our sim ple specification follows comm on practice and m axim izes the hetero­
geneity for random parameters to  capture, creating a good testbed for comparing the R PCLR  
and RPL models; comparing th is to  alternative specifications is beyond the scope of this paper.
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alternative, rather than having to account for the correlation structure induced by 

a marginal utility-based independence assumption.

We argue tha t these advantages are sufficient to warrant adopting RPCLR for 

analysis of contingent choice data, rather than RPL, in the absence of compelling 

evidence tha t heterogeneity in willingness to pay is systematically better captured 

by the distributions induced by assuming standard distributions for marginal util­

ities. In the present application, RPCLR is not only easier to use, but it fits the 

data better than the RPL, in-sample. Train and Weeks (87) and Sonnier et al. (86) 

found th a t their models similar to RPCLR did not fit quite as well as RPL, but in 

neither case do we think the difference warrants the additional effort required to 

recover welfare measures, and their standard errors, from RPL.

The data set we used provides one im portant limitation to the generalization 

of our results and the strength of the empirical arguments supporting RPCLR. One 

of the key advantages to using random parameters models is tha t they can be spec­

ified to allow any substitution pattern among multiple choice alternatives, relaxing 

the independence from irrelevant alternatives assumption of standard conditional 

logit. The data set we chose for our illustration is a binary choice, on which the 

independence from irrelevant alternatives axiom is not binding. Hence, assum­

ing distributions of willingness to pay may induce different substitution patterns 

among alternatives in choice problems with three or more alternatives. While it 

is difficult to envision any reason this should lead to a systematic difference with 

a marginal utility specification, whether there is a difference remains an empirical 

question.

Many discrete choice practitioners have moved toward random parameters 

models for measuring preferences in the hopes of greater statistical efficiency, and 

a better understanding of how policies will affect a heterogeneous population.24

24We leave the assessm ent of other m ethods, such as latent class or finite m ixture logit models,

88

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

However, this appreciation of heterogeneity has been limited in the extent to which 

it affects policy analysis because of the complexity associated with deriving easily 

manipulable estimates of heterogeneous welfare measures. While Cameron and 

James’ (88) and Cameron’s (68) insight tha t welfare measures can be directly es­

tim ated provided minimal advantage in the fixed parameter context, it can be 

generalized to dramatically simplify analysis of distributions of welfare measures. 

W ith this approach for random parameters analysis, analysts can easily derive 

measures which will allow them to tailor policy recommendations to whole popu­

lations, rather than merely representative agents, 

outside the scope of th is discussion.
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Table 11. Description of variables included in the models

Variable types Variable names Variable descriptions.
Site attributes Cost

Farms

Marsh

Groundwater

W ildlife

Annual average cost per household.
Difference between the acres of farm land in site A 
and site B.
Difference between the acres of marsh land in site A  
and site B.
Difference in dumm y variables indicating the pres­
ence or absence of high quality ground water in site 
A and site B.
Difference in dumm y variables indicating the pres­
ence of unique or normal wild life habitat in site A  
and site B.

Location attributes Homes

Park

Farmland

School

Highway

Difference in the number of houses (100 homes) 
w ithin 1 mile radius of location A  and B.
Difference in dumm y variables indicating the pres­
ence or absence o f park land in location A and B. 
Difference in dumm y variables indicating the pres­
ence or absence o f farm land in location A  and B. 
Difference in dumm y variables indicating the pres­
ence or absence of schools in location A and B. 
Difference in dum m y variables indicating the pres­
ence or absence to  highway access in location A and 
B.

Resident
interactions

P x  Farms 
P x Marsh 
P x Groundwater

P x  W ildlife 
P x Homes

P x Park

P x  Farmland

P x School

P  x Highway

T he interaction of P  w ith the site attribute Farms. 
T he interaction of P  w ith the site attribute Marsh. 
T he interaction o f P  w ith the site attribute Ground­
water.
T he interaction of P  w ith the site attribute W ildlife. 
T he interaction of P  w ith  the location attribute  
Homes.
T he interaction of P  w ith  the location attribute  
Park.
T he interaction of P  w ith  the location attribute  
Farmland.
The interaction of P  w ith the location attribute  
School.
T he interaction of P  w ith  th e location attribute 
Highway variable.
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Table 12. Pull sample willingness to pay estimates from the alternative models

CLR R PC LR  
M ean Stds

R PL
M ean Stds

RPCLR-correlated  
M ean Stds

Constant -12.47 -15.01 -17.32 -4.24
(-1.409) (-1.95) (-0.58)

Site Attributes
Farms -1.39 -1.62 2.39 -1 .68 2.50 -1.71 2.44

(-8.133) (-8.40) (8.68) (-11.35) (0.00)
Marsh -0.554 -0.59 2.06 -0 .45 1.98 -0.74 3.76

(-3.167) (-3.19) (7.46) (-4.14) (0.00)
Groundwater -556.89 -588.20 363.28 -635.80 427 .39 -630.08 689.54

(-16.956) (-14.30) (7.59) (-16.53) (8.14)
W ildlife -248.98 -259.81 290.77 -256.84 297.68 -314.46 572.94

(-10.086) (-9.88) (8.25) (-11.66) (8.14)
Location Attributes
Homes -30.35 -38.53 48.18 -38.73 44.48 -45.94 83.33

(-14.346) (-12.37) (10.93) (-12.88) (0.31)
Park -257.03 -262.71 113.72 -266.93 131.70 -309.83 325.36

(-10.01) (-10.42) (3.42) (-10.55) (2.43)
Farmland -324.91 -329.58 304.29 -325.95 309 .77 -368.20 613.39

(-12.128) (-10.89) (7.37) (-12.12) (14.04)
School -367.97 -406.36 326.60 -432.41 332.55 -472.74 648.32

(-13.362) (-12.47) (9.45) (-13.54) (25.76)
Highway 280.62 291.13 285.57 287.39 -211.00 302.21 512.32

(11.01) (10.02) (7.87) ( 11.16) (18.21)
Providence Resident
Interactions
P x Farms -0.38 -0.34 -0 .32 -0.47

(-1.388) (-1.13) (-1.63)
P x  Marsh 0.75 0.64 0.50 0.75

(2.57) (2.11) (2.39)
P x Groundwater 57.22 43.05 45.14 66.39

(1.41) (0.90) (1.64)
P x  W ildlife 49.63 28.78 10.00 46.18

(1.31) (0.72) (1.14)
P x Homes -1.99 -6.19 -4.64 -3.36

(-0.66) (-1.40) (-0.97)
P x Park 64.71 50.95 74.73 88.65

(1.65) (1.30) (2.50)
P  x Farmland 81.97 53.92 67.34 103.03

(2.11) (1.12) (2.78)
P x School 40.08 29.98 78.09 79.64

(1.04) (0.64) (2.05)
P x Highway -160.36 -196.16 -178.00 -181.05

(-4.08) (-4.18) (-4.90)
Scale 396.68 5.46 0.76 5.18 1.89

(22.93) (85.11) (9.36) (56.21) (-9.70)
Log-likelihood -5954.079 -5699.947 -5709.012 -5630.848
N =10703 .T he t-statistics are given in the parenthesis.
The fifth and sixth  colum ns show the means and stds of the W T P  distributions, calculated from the 
estim ated RPL coefficient distributions. T he price coefficient is -0.0044, and the mean and the standard  
deviation for the scale factor are 1.60 and 1.99 respectively.
For the R PC LR  and the R PC LR  w ith correlation, we have reported the m ean and the standard deviation  
of In(scale). T he m ean and standard deviations of the log normally distributed scale is 313.81 and 277.46  
for the RPCLR, and 1060.01 and 6234.48 for the R PC L R  w ith  correlation, respectively.
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Table 13. Out of sample forecasting results

RPCLR RPL RPCLR-correlated
Correct predicted choices 67.8% 67.7% 64.8%

Aggregate squared error 901.69 903.70 1046.85

Aggregate log-likelihood -1316.04 -1317.77 -1475.09

Table 14. The correlation matrix of the W TP coefficients from the RPCLR- 
correlated model

Farms Marsh Groundwater W ildlife Homes Park Farmland School Highway
Farms 1.00 -0.19 0.28 0.07 0.10 -0.10 0.22 0.11 -0.07
Marsh 1.00 0.53 0.21 0.03 -0.50 0.20 -0.04 -0.18
Groundwater 1.00 0.59* -0.19 0.21 0.00 0.19* -0.11
W ildlife 1.00 0.00 0.64* 0.16* 0.02 0.18
Homes 1.00 0.32 0.03 0.39 0.04
Park 1.00 0.61* 0.25 -0.07
Farmland 1.00 0.19* -0.37*
School 1.00 -0.29*
Highway 1.00
T he 5% significant, covariances are indicated by asterisks.
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Table 15. Attributes of the example sites

Site A Site B
Site Attributes:
Farms 179.0 acres 52.0 acres
Marsh 50.9 acres 92.2 acres
Groundwater (l=high, 0=low) 0 1
Wildlife (l=unique, 0=normal) 0 0
Location Attributes:
Homes (100 homes) 750.0 homes 600.0 homes
Park (l=presence, 0=absence) 1 1
Farmland (l=presence, 0=absence) 1 1
School (l=presence, 0=absence) 0 1
Highway (l= local roads, 0—highway) 1 0

Cost(household/year) $83.60 $79.50
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Table 16. Monetary indices of the hypothetical sites and voting percentages

Models CLR RPCLR RPL RP CLR-cor related
Mean index for Site A -889.28 -991.78 -4.41 -1144.71

Mean index for Site B -1891.33 -2034.96 -9.25 -2289.86

Representative 
agent’s vote for 
site A

92.8% 88.8% 88.7% 76.3%

Expected vote for site 
A, based on the poste­
rior distribution of fa

77.0% 75.3% 60.1%
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M A N U SC R IPT 4 

Conclusion and Recom m endations

4.1 Summary

In this study, I examine how discrete choice experimental design can be im­

proved to motivate individuals to truthfully respond to discrete choice questions 

and how discrete choice modeling can be modified to recover better welfare mea­

surements from the observed data. From a design standpoint, I mainly focus on 

stated-choice experimental design. I develop a theoretical model of dominant s tra t­

egy incentive compatible mechanism for designing stated-choice surveys in order 

to induce tru th  revelation among respondents. I present formal proofs of incentive 

compatibility for binary choice and multiple alternative choice cases.

The proposed mechanism is based on Clarke’s (1) pivotal mechanism. For the­

oretical formulation, I impose some specifications on the utility functions. For both 

the binary and multiple alternative choice cases, utility functions are assumed to 

be quasi-linear. Although the quasi-linear utility assumption is restrictive, because 

it implies zero income elasticity thereby eliminating wealth effects, it is often used 

in applied welfare analysis. Often, researchers prefer a quasi-linear environment 

because it makes analysis extremely easy (e.g. Bagnoli and Lipman, (97)). I as­

sume a quasi-linear utility environment because it is impossible to design dominant 

strategy mechanisms without this assumption. However, since income elasticity of 

demand for public goods can be non-zero, it is im portant to investigate the prop­

erties of this mechanism when the quasi-linear utility assumption is violated. As 

previously mentioned, in the absence of this assumption, dominant strategy will 

not exit. In their discussion about the limitations of the demand revealing mech­

anism, Groves and Ledyard (98) mentioned tha t the presence of income effect in 

this mechanism might lead to instability and strategic manipulation. But, they
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further commented (99), given tha t there does not exist an ideal collective deci­

sion making mechanism, whether these are more serious concerns for the demand 

revelation mechanism than other mechanisms, is an empirical question. Since the 

DCPCM considers the same quasi-linear utility environment as the demand re­

vealing mechanism, Groves and Ledyard’s comments regarding income effect also 

apply here.

Further, for the multiple alternative choice case, to rule out substitution and 

complementary relations between alternatives, the quasi-linear utility function is 

assumed to be strongly separable. Allowing for these effects violates the dominant 

strategy property. Consider a case where an individual prefers either of the alter­

natives but not necessarily both. Now suppose he reveals his true preference by 

choosing his most preferred alternative, but given the others’ preferences, his most 

preferred alternative can not be implemented. However, had he chosen his next 

preferred alternative, then it would have been possible to provide th a t alternative, 

and he would have been better off. This implies tha t his tru th  does not guarantee 

him the best outcome. It is possible to present several similar scenarios where 

such outcome is possible. This situation does not arise in an open-ended question 

format if individuals reveal their values for each alternative and all their possi­

ble combinations, but it is likely to emerge in a discrete choice framework where 

individuals choose only one alternative from a set of alternatives. The separable 

utility assumption, although restrictive, is somewhat realistic given the conflicting 

evidence about the presence of substitution and complementary effects in public 

good valuation. For example, Hoehn and Loomis (100) found evidence of signifi­

cant substitution effect in their multiple environment program valuation study. In 

a similar study, Hailu et al. (66) found a complementary effect instead of substitu­

tion effect between alternatives. This implies, in practice, whether this mechanism
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will be successful in tru th  revelation is an empirical question.

Another limitation of this proposed mechanism is tha t although it achieves

efficient project choice, similar to the pivotal mechanism, the outcome is rarely 

fully Pareto efficient. An allocation is Pareto efficient if it is impossible to make 

one individual better off without making someone else worse off. Pareto efficiency 

also requires tha t there is no wastage of numeraire; th a t is the mechanism satisfies 

budget balance condition

where U is the tax  to individual i and T  is the project cost. If the outcome 

is such tha t the budget is balanced, then the outcome is fully efficient. On the 

other hand, outcome is not efficient if ][A U — T  > 0; tha t is, surplus exists. This 

surplus cannot be allocated among the respondents because tha t would distort the 

incentives of the individuals and, therefore violate the dominant strategy property. 

The outcome is also not efficient if there is a deficit; tha t is, J2iU -  T  < 0 ,  in 

which case funding has to come from elsewhere in the economy. This efficiency 

cost is not considered to be a cause of serious concern because of the impossibility 

of achieving a social choice tha t is dominant and also Pareto efficient.

1 also design induced-value experiments to test the predictions from the theo­

retical model, compare the performance of the proposed mechanism against alter­

native mechanisms, and analyze how individuals’ incentives are influenced by the 

proposed mechanism. 1 use non-parametric and econometric techniques to analyze 

the experimental data. The experimental results of the binary choice show tha t 

the proposed model performs very well with 83% true response rate. The mean 

willingness to pay estimate from the econometric analysis is $12.63 which is also 

close to the mean induced value of $12.50. Interestingly, these results are very 

close to the results obtained from the DC-PPMBG. On the other hand, contrast-

(19)

97

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

ing results are obtained for the multiple alternative choice case, where the true 

response rate in the DC-PPMBG treatm ent (78.22%) is higher than the same in 

the DCPCM (72%). I also find that, unlike the binary choice case, there is a clear 

learning trend among individuals in the multiple choice DCPCM, but experience 

gained from participating in the DC-PPMBG does not improve tru th  revelation. 

Since how accurately an experiment predicts the performance of a theory depends 

on its design, special attention has been given to the experimental design through 

proper group assignment, treatm ent ordering and administrative aspects such as 

clearly written instructions, pilot study, quiz and practice rounds.

Although experimental methods have emerged as powerful tools for evaluat­

ing economic propositions over the last two decades, skepticism exists surrounding 

their use. The most common argument against experimental methods is tha t the 

real world is much more complicated; whereas laboratory environments are fairly 

simple. Despite simplicity, one must not forget tha t laboratory markets are real 

markets in the sense tha t real people follow real rules and make real decisions in 

the pursuit of real profits. General theories and models designed for complex, real 

markets are expected to work in all special cases, including laboratory markets. 

There are examples where experiment data helped analysts shape their hypotheses 

and beliefs about the more complex, real-world environment. For example, lab­

oratory applications found tha t the PPMBG increases contribution (32; 27; 24), 

and similar results were obtained from field applications of the PPMBG (23; 14). 

However, if a theory performs in the simple laboratory environment, it does not 

necessarily mean tha t these results will carry over to the real environment, but if a 

theory fails in a laboratory environment, then there is hardly any hope tha t it will 

perform in the natural environment. T hat is, laboratory markets are helpful in 

validating or rejecting a theory or model in light of experience gained from them .1

1More detail about the relevance of experim ental m ethods in evaluating econom ic theories
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Another reservation concerns the use of students in economic experiments. 

This criticism is also more of a criticism about the choice of subjects rather than 

about the usefulness of experimental methods. Several studies have been under­

taken to compare the behavior of students with tha t of experienced decision makers 

(102; 103; 104), but no substantial difference in behavior was reported. For exam­

ple, Dyer et al. (102) observed similar behavior from both students and business 

executives in their sealed-bid common value offer auction study. The choice of a 

particular subject pool might be an issue if typical economic agents think very 

differently from students. In this particular case, the real economic agents are the 

general public,, who may or may not have any experience in public good choice. 

Since students are part of this society and are subject to decision making as much 

as the general public, I do not expect subject experience to be a cause of concern.

The other part of this study improves on discrete choice modeling by proposing 

an alternative way to estimate willingness to pay distributions for heterogeneous 

populations. Recently, several discrete choice models have been developed in order 

to capture the complex heterogeneous structure in individual preference functions; 

namely, random parameter logit models and mixture models. Among these models, 

random parameter logit became quite popular, since it assumes each individual to 

have his own preference function.

Despite the popularity of random parameter logit, the constant cost assump­

tion of most random parameter applications is a serious limitation. This study 

suggests an alternative model specification tha t allows estimation of an expendi­

ture function instead of a utility function, where the estimated coefficients can be 

direc tly  in te rp re ted  as w illingness to  pay d is trib u tio n s. A n em pirical app lica tion  

reveals tha t the results are qualitatively similar in both the proposed model and in 

the random parameter logit model. Although both models perform very similarly

can be found in Plott (101; 51).
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in and out of sample, the proposed model yields the willingness to pay estimates 

along with their significance measures more directly, easily and with fewer as­

sumptions. The study also demonstrates how correlations among preferences can 

be easily built into the proposed model.

4.2 Contribution to  Literature

Implications for Stated Choice Design 

Although recently the use of stated choice methods became widespread for eliciting 

individuals’ preferences, strategic bias remains to be a continuous source of debate 

among researchers. Several econometric and theoretical methods have been em­

ployed to deal with this issue. Recent development in this area includes designing 

discrete choice questions with provision point money back guarantee. Although 

PPMBG removes these biases significantly in practice, incentives to misrepresent 

preferences still remain. This study contributes by drawing on incentive compat­

ibility literature to remove these incentives. This mechanism can correctly elicit 

individuals’ preferences and therefore help managers and policy makers in making 

optimal decisions consistent with society’s interest. In addition, it can provide an 

accurate reference point to test for the existence of hypothetical bias. I expect 

tha t this research will help settle some debates surrounding the accuracy of stated 

choice results.

This study also contributes to the mechanism design literature. Researchers 

have developed a variety of sophisticated incentive-compatible mechanisms tha t 

discuss how socially optimal decision can be reached based on individuals’ self- 

interested behavior. Most of these previous mechanisms are theoretically appeal­

ing, but they have two major limitations and consequently had limited or no success 

in solving the real social allocation dilemma. First, they have very complicated in­

centive structures, making them almost impossible to implement. Second, most of
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these incentive-compatible mechanisms are largely based on open-ended response 

formats. As discovered by previous studies (7; 105; 106), when compared to dis­

crete choice format, open-ended format leads to undervaluation of public goods. 

Early problems tha t researchers found with open-ended question were tha t agents 

were confused about the cost information. They did not understand why they 

were not provided with cost information if the decision-making agency had worked 

out the details regarding how the good would be provided. Several researchers also 

noted the obvious advantage of discrete choice questions. Discrete choice questions 

leave respondents in a familiar position because they only react to a posted price, 

as they do while shopping at actual markets. It is probably easier for the respon­

dents to make a choice among a set of alternatives a t given costs than formulating 

a continuous W TP response as required in open-ended questions.

The mechanism tha t I propose here not only has a relatively easy incentive 

structure and is easy to understand, but it is also easy to implement. The ex­

perimental results support these hypotheses. Moreover, discrete choice question 

framework avoids the complications associated with the value formation for indi­

viduals. As expected, this study finds th a t the value revealed under the stated 

choice framework is double the value revealed from the open-ended framework.

Implications for Discrete Choice Modeling 

This study contributes to the discrete choice modeling research tha t suggests im­

proved ways to recover individual W TP measures from observed data, including 

both revealed preference and stated preference data. A significant advance has been 

made in the discrete choice modeling front, such as the formulation of random ef­

fects models, mixture models, and random parameter logit models. Although some 

of these models have existed for long time, the lack of proper computer power pro­

hibited their estimations. Recently, the tremendous growth in computer hardware

101

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

and software has made estimations of these complicated models possible. Now, it 

is also possible to handle numerical integration, including several random variables 

with complicated distributions. All the advancements on this front consisted of 

inventing several ways to take account of the heterogeneous structures of individ­

uals. Not much attention has been given to tackle the constant cost coefficient 

assumption, which is a common criticism often raised against random parameters 

logit modeling. Typically, practitioners choose to make this assumption to avoid 

the complications arising from a random cost coefficient. However, the constant 

cost coefficient assumption is not an accurate assumption, because studies that 

allowed the cost coefficient to vary, found it to be random. For example, Train

(78) and Hall et al. (84) estimated random param eter logit models with random 

cost coefficient and found them to vary significantly among respondents. This pa­

per discusses how Cameron’s (68) censored logistic regression criterion, adjusted 

for heterogeneous populations, allows the estimation of distribution of willingness 

to pay without any numerical complications tha t arise following a random cost 

coefficient.

Although Cameron’s (68) idea has existed since 1987, its use did not really 

become widely implemented because it provided no advantage over the traditional 

logit or probit models. But for heterogeneous populations, Cameron’s idea of di­

rectly estimating welfare measurements has some clear advantages. Some studies 

have been pursued on direct willingness to pay estimation by Train and Weeks

(87) and Sonnier et al. (86), but all these studies adopted a Bayesian estima­

tion method. This paper first discusses the use of classical estimation method. 

Although the Bayesian estimation method is becoming extremely popular among 

researchers, it also has its disadvantages (107). First, formulating a prior can be a 

daunting task for non-Bayesian practitioners. Second, the learning curve is quite
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steep given tha t the algebra for Bayesian analysis is very complex and mathe­

matically demanding. The classical estimation approach is relevant, because it 

would help researchers who are well versed in classical methods and unwilling or 

not ready to switch to the Bayesian method, adopt this new approach with ease. 

Again, since our exposition follows directly from Cameron’s formulation, it would 

also help environmental practitioners who are already familiar with Cameron’s 

approach.

4.3 Recom m endations for Future Research

There are several ways this research can be extended. The extension can be 

conducted from both the theoretical and experimental fronts. More insights about 

the performance of the mechanism and about individuals’ incentives can be gained 

by changing the experimental design. In this present study, I found existence of 

both under-revelation and over-revelation of preferences among the non-dominant 

strategy plays. I argue tha t deviations from equilibrium strategies might be the 

result of altruism, warm glow, or confusion. This experimental design can be 

modified to test for these effects.

There are several studies which investigate the influence of altruism, warm 

glow and decision errors on the experimental decision making process (56; 55; 

57). For example, Palfrey and Prisbrey (55) studied the anomalous behavior of 

subjects in voluntary contribution experiments. They found almost little or no 

effect of altruism on individual decisions but found significant effects of warm glow 

and random errors. Goeree et al. (57) not only found evidence of altruism but 

also observed heterogeneity in the degree of altruism among individuals. Other 

examples include, Videras and Owen (108), Menges et al. (109), Croson (110) and 

Ma et al.(111). It would be interesting to pursue more research to investigate if 

the demand over-revelation in fact result from warm glow, altruism or confusion.
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Again, one major concern about the pivotal mechanism is th a t the incentive 

for truthful revelation might dissipate when group size is very large. When the 

group is very large, an individual might realize tha t the probability of he being 

pivotal is very small. Therefore, the cost of his decision might not be tangible 

to him anymore, leading him to contribute against his dominant strategy. This 

raises the question of whether the DCPCM would give rise to a bias similar to 

hypothetical bias in a large group. This hypothesis can be tested by studying the 

effect of group size on tru th  revelation.

For the multiple alternative choice case, I have assumed strongly separable 

utility functions in order to eliminate substitution and the complementary rela­

tionship among the project alternatives. However, in reality, people often have 

preferences inclusive of substitution and complementary effects. It would be more 

realistic to extend this model to incorporate these effects. As I have discovered, 

allowing for substitution and complementary effects leads to a failure of the domi­

nant strategy equilibrium. Instead, there will be multiple Nash equilibria. I do not 

expect the presence of substitution and complementary effects to have a significant 

impact on tru th  revelation. In tha t case, although theoretically it is not the best 

strategy for an individual to reveal his true preference, in practice he might still 

respond truthfully, because given several alternatives and their combinations and 

without any information about others’ preferences, it might be extremely difficult 

for him to devise a strategic response tha t would serve him the best. It would 

be interesting to explore the nature of the equilibrium in the absence of separable 

utility functions. The finding would then make this approach more general and 

practical.

Following the multiple choice results, I conjectured tha t the lower tru th  reve­

lation rate might also be a result of the complicated pivotal tax definitions. This
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effect can be tested by designing an experiment where subjects participate first in 

the binary choice treatm ent and then in the multiple alternative choice treatment.

Extension of the research idea expressed in manuscript III is also possible. 

The limitation of this study is tha t I have estimated linear utility and W TP func­

tions, thereby eliminating wealth effects. This is not so much a limitation for a 

public good case, but might not be appropriate for a private good case. Since the 

application of this model is not limited to public goods, it is essential to conduct 

analysis th a t allows for income effect. It would make this approach appealing to 

other disciplines tha t use discrete choice data, such as market research. It would 

also be beneficial to test the robustness of this method with different data sets; 

data sets with multiple choice alternatives; and other types of parameter distribu­

tions, such lognormal and triangular. I believe more research in this area might 

finally channel the heterogeneous discrete choice modeling research into this new 

direction, from models in utility space to models in willingness to pay space.

In conclusion, this research adds to the body of knowledge on incentive com­

patible mechanism design and stated choice survey methodology. The findings of 

this research are encouraging, but more research is needed before it can be suc­

cessfully implemented in the field for valuing real public goods. These incentive 

compatible survey responses, when combined with the discrete choice modeling 

approach explained here, will enrich the welfare measurements and hence help 

policy makers and managers make more informed, efficient decisions. From the 

modeling perspective, the conventional practice is to estimate utility coefficients 

and then transform them to obtain welfare measures. However, it is more sensible 

to estimate willingness to pay directly when the ultimate objective of the analyst 

is to estimate willingness to pay rather than the utility coefficients. There is an 

additional statistical and analytical advantage of estimating welfare measures di-
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rectly when the population is heterogeneous. Given evidence of the population 

being heterogeneous and the limitations of present heterogeneous modeling, this 

alternative method needs serious consideration.
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A PPE N D IX  A 

Instructions for The Binary DCPCM  Experiment 

A .l Introduction

This is an experiment in group decision making. During the experiment, 

you will be earning money in “experimental dollars.” Your show-up fee has been 

converted to experimental dollars for you to use during the experiment. At the 

end of the experiment, your fee and additional earnings will be converted to real 

dollars and you will be paid in real dollars as you leave.

Today you will participate in three different experimental treatments. We will 

now instruct you on the basic game and treatm ent I. Following treatm ent I, there 

will be another set of instructions tha t will precede treatm ent II, and a final set of 

instructions prior to treatm ent III.

The basic game

In this experiment, you will make decisions in a group of five subjects. To­

gether with the four other members of your group, you will decide whether to 

implement or not to implement a project tha t provides a benefit to each group 

member. You must decide how much of your money you will contribute toward 

the cost of the project.

How you make money

All members of the group receive a benefit when the project is implemented. 

The project is implemented when the total contribution by all the members of 

your group equals or exceeds the cost of the project. If the project is implemented, 

you will receive your value for the project. If the project is not provided, you will 

receive nothing.

The levels of contributions you may choose, and the way the payment is
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calculated based on your offered contribution, will change between treatments. 

Your profit will be your value minus your payment. Your task is to choose levels 

of contributions so tha t you make as much profit as possible.

Values

At the beginning of each period, each subject will learn his or her private value 

for tha t period’s project. Values are randomly chosen between 5 and 20, with all 

values equally likely. Different subjects have different values for each period.

Periods

You will play the basic game several times during the experiment, once in each 

period. At the beginning of each period, all subjects will be randomly assigned to 

a new group. Treatment I will have thirty periods, followed by fifteen periods of 

both treatm ent II and treatm ent III.1 Before each treatm ent, you will do a practice 

round and a quiz, which will help you understand the rules of the games. The quiz 

is designed to demonstrate how your decision affects your payment and your profit 

given the decisions of your group members.

Your final income

You will receive 20 experimental dollars as an initial fund, which will reset 

at the beginning of each treatm ent. This initial fund will be displayed as your 

starting total profit. Your profit from each period will be added to this total profit 

and your loss will be subtracted from this amount.

A. 2 Treatment I

In treatm ent 1, you will learn your value and then be asked to select any 

amount as your contribution toward the project. If the total contribution of all

1T his statem ent was revised before each session to  reflect the different ordering o f the treat­
m ents am ong sessions.
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group members equals or exceeds the project cost, the project will be implemented 

and you will receive your value. Your profit is your value minus your payment. 

If the total contribution of all group members is less than the project cost, the 

project is not implemented. Your contribution will be returned to you, and your 

payment and profit will be zero for tha t period.

Decision software

The figure below shows an example of the decision table tha t you will use to 

make your contribution decision. The table indicates tha t in the current period, 

you are assigned to group number 1, tha t group l ’s project costs 15 experimen­

tal dollars to implement, and tha t your value if the project is implemented is 5 

experimental dollars. That is, you will receive 5 experimental dollars if the total 

contribution from all members of your group is at least 15 experimental dollars. 

Once you make a decision about how much to contribute, you may type the amount 

in the box below and click the OK button.

Treatment I: Decision Table

Your group 1

Project cost 15

Your value if the project is implemented 5.00

How much you would contribute toward the cost of the project:

After all group members have submitted their decisions, your screen will dis­

play the results. In the example result table below, the project is not implemented. 

Despite your contribution of $4, the cost of $15 was not m et.2 As a result, you 

paid nothing, and received no benefit from the project, giving you zero profit this 

period.

2A ll dollars are experim ental dollars.
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Treatment I: Result Table

Project cost 15

Your contribution 4.00

Group decision (Yes= project implemented, No=pi oject not implemented} No

your benefit received 0.00

Your payment 0.00

Your'profit. 0.00

Summary

1) At the beginning of each period, all subjects are randomly reassigned to groups 

of five.

2) You learn your private value for the project, with values between 5 and 20 

equally likely. Different subjects receive different values.

3) You choose a contribution toward the project.

4) The project is implemented if the total contribution of all group members equals 

or exceeds the project cost.

5) If the project is implemented, you receive your value; you receive nothing if the 

project is not implemented.

6) Your payment is equal to your contribution; your profit is your value minus 

your payment.

Questions

Since your earnings depend on the decisions you make, it is very im portant 

tha t you understand the procedures and how your earnings will be calculated. If 

you have any questions, please raise your hand now and the experimenter will 

answer them.
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Practice period

We will now demonstrate this treatm ent through a practice period. Your 

earning from the practice period will not count toward your earnings for the 

experiment. The project cost is 15 experimental dollars for this practice period. 

Practice period 1

1) For practice period 1, everyone will have the same value for the project, $5.

2) For this practice period, everyone will choose a contribution of $4. Click on the 

contribution box and enter 4.

3) Click the OK button to view the results.

4) Since everyone in your group contributes $4, the total contribution of your 

group is, 5 x 4 =20, which is greater than the project cost $15.

5) Therefore the project is provided; and your payment is 4 and profit is (your 

value -your paym ent)= (5 - 4)=1.

6) Click OK to exit the practice screen.

After the practice period, you will be given a quiz, which will help you under­

stand the rules of the game. After the quiz, the real experiment will begin. Your 

values and costs will be different in each period and also different from those of 

the other subjects. Once the experiment begins, there will be no communication 

among subjects, apart from the transmission of responses by the computers.
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A .2.1 Quiz

Your group consists of five members. The project cost is 15 experimental 

dollars. Please answer the following questions based on the rules of treatm ent I. 

Question 1

Your value is 5 experimental dollars and your contribution is 3 experimental 

dollars. The total of the contributions by the other four members of your group 

is 10 experimental dollars. Fill in the section below for this situation.

1) The total contribution of the group: ______________________

2) Project will be implemented: YES [ ], NO [ ]

3) Your profit (your value - your contribution):________________

Question 2

Your value is 6 experimental dollars and your contribution is 4 experimental 

dollars. The total of the contributions by the other four members of your group 

is 12 experimental dollars. Fill in the section below for this situation.

1) The total contribution of the group: ______________________

2) Project will be implemented: YES [ ], NO [ ]

3) Your profit (your value - your contribution):________________
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A .3 Treatment II

As in the previous treatm ent, at the beginning of each period, you will be 

randomly assigned to a new group of five subjects and learn your private value 

for the project. However, you will also be given a proposed contribution, which 

is randomly chosen between 2 and 30. You must decide whether to accept this 

proposed contribution and say Yes, or to reject this proposed contribution, and 

say No. If you say No, your contribution is taken to be zero.

If the total contribution of all group members equals or exceeds the project 

cost, the project will be implemented and your payment will be equal to your 

contribution. Your profit for tha t period will be your value minus your payment. 

If the total contribution of all group members is less than the project cost, the 

project is not implemented. Your contribution will be returned to you, and your 

payment and profit will be zero for tha t period.

Decision software

The figure next page shows an example of the decision table tha t you will 

use to make your decision in treatm ent II. The table indicates th a t in the current 

period you are assigned to group number 1 and tha t group l ’s project costs 15 

experimental dollars to implement. Your value if the project is implemented is 5 

experimental dollars and your pre-assigned proposed contribution is 4 experimental 

dollars. T hat is, if the total contribution from all members of your group is at least 

15 experimental dollars, you will receive 5 experimental dollars. You will pay 4 

experimental dollars if your decision was Yes and the project is implemented. You 

must decide whether or not you want to contribute 4 experimental dollars toward 

this 15 experimental dollars project cost.
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Treatment II: Decision Table

Pi oject cost 15

Your group 1

Your value IT the project is implemented 5 .00

Your proposed contribution 4.00

indicate whether you agree to contribute this 4.00 experimental dollars by choosing the 
appropriate button.

Your decision

After all group members have submitted their decisions, your screen will dis­

play the results. In the case shown here, you indicated you would make the pro­

posed contribution of 4 experimental dollars. However, the total contribution to 

which other members of your group said Yes were less than $11, so total con­

tribution was less than the project cost of $15. As a result, the project is not 

implemented, you paid nothing, and received no benefit from the project, giving 

you zero profit this period.

Treatment II: Result Table

Project cost 15

Your decision Yes 

Your contribution 4.00

Group decision (Yes=pioject implemented, No=project not implemented) No

Your benefit received 0.00

Your payment 0.00

Your profit 0 00

Summary

1) At the beginning of each period, all subjects are randomly reassigned to groups
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of five.

2) You learn your private value for the project, and a private proposed contribution 

for the project. Different subjects receive different values and proposed contribu­

tions.

3) You decide whether to say Yes and accept this proposed contribution, or say 

No and reject this proposed amount. Your contribution is taken to be zero if your 

response is No.

4) The project is implemented if the total contribution of all group members equals 

or exceeds the project cost.

5) Your payment is equal to your contribution if the project is implemented, oth­

erwise it is zero.

6) If the project is implemented, your profit is your value minus your payment. If 

the project is not implemented, you receive or pay nothing and your profit is zero.

Questions

If you have any questions, please raise your hand now and the experimenter 

will answer them.

Practice period

We will now demonstrate this treatm ent through a practice period. Your 

earning from the practice period will not count toward your earnings for the ex­

periment. The project cost is 15 experimental dollars for this practice period.

The following steps demonstrate how your and your group members’ decisions are 

used to determine the project implementation decision, your payment and your 

profit. All of the following information for each subject is shown in Table A.I. 

Practice period 1

1) You learn your value and proposed contribution for the project. All subjects
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have a value of $6, and some have proposed contributions of $5 and others of $7. 

Values and proposed contributions for all five subjects are shown in Rows A and 

B of Table A.I.

2) For this practice period, subjects with proposed contributions of $5 will con­

tribute tha t amount, and those with proposed contributions $7 will contribute 

zero. Click, Yes, if your proposed contribution is $5, click No if it is $7 (Row C).

3) Click the OK button to view the results of your decision.

4) After everyone has entered his or her decision, the group decision is determined. 

Since, total contribution of the group is, 0+ 0+  5+5+5=15, the project is imple­

mented (Row E).

5) Since the project is implemented, you pay the amount you agreed to contribute 

(Row F) and your profit (Row G) is your value minus your payment (Row A-Row

F).

6) Click OK to exit the practice screen.

Table A.I. Practice period 1
Your Number 1 2 3 4 5
A) Your value 6 6 6 6 6
B) Your proposed contribution 7 7 5 5 5
C) Your decision No No Yes Yes Yes
D) Your contribution 0 0 5 5 5
E) Group decision Yes
F) Your payment
G) Your profit

0
6

0
6

5
1

5
1

5
1

After the practice period, you will be given a quiz, which will help you under­

stand the rules of this game. After the quiz, the real experiment will begin. Your 

values and costs will be different in each period and also different from those of 

the other subjects. Once the experiment begins, there will be no communication 

among subjects, apart from the transmission of responses by the computers.
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A .3.1 Quiz

Your group consists of five members. The project cost is 15 experimental 

dollars. The following questions present four different situations. Your value and 

your proposed contribution under these situations are displayed in four different 

tables. Column 5 of each table displays the sum of the amounts to which the other 

four members of your group said Yes, and thus agreed to contribute. Suppose 

your decisions under each situation are as shown in column 4 of each table. Now 

answer the following questions based on the information given in each table, and 

according to the rules of treatm ent II. Please note tha t during the experiment, 

you will not know the other group members’ values or contributions.

Question 1
Situation Your value Proposed contri­

bution

Your decision Other members’ 

contributions
1 6 7 No 15

Fill in the section below for situation 1.

1) The amount you agreed to contribute: ____

2) The total contribution of the group: ______

3) Project will be implemented: YES [ ] NO [ ]

4) Your payment :__________________________

5) Your profit (value-your payment): ________

Question 2_________________________________
Situation Your value Proposed contri­

bution

Your decision Other members’ 

contributions
2 6 7 Yes 15

Fill in the section below for situation 2.

1) The amount you agreed to contribute: ____

2) The total contribution of the group: ______

3) Project will be implemented: YES [ ] NO [ ]
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4) Your payment :________________

5) Your profit (value-your payment): 

Question 3_______________________
Situation Your value Proposed contri­

bution

Your decision Other members’ 

contributions
3 6 7 Yes 7
Fill in the section below for situation f .

1) The amount you agreed to contribute: ____

2) The total contribution of the group: ______

3) Project will be implemented: YES [ ] NO [ ]

4) Your payment :________________

5) Your profit (value-your payment): 

Question 4_______________________
Situation Your value Proposed contri­

bution

Your decision Other members’ 

contributions
4 6 5 Yes 10

Fill in the section below for situation

1) The amount you agreed to contribute: ____

2) The total contribution of the group: ______

3) Project will be implemented: YES [ ] NO [ ]

4) Your payment :_____________ _______ ____

5) Your profit (value-your payment): ________
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A .4 Treatment III

As in the previous treatm ent, at the beginning of each period, you will be 

randomly assigned to a new group of five subjects and learn your private value 

for the project. However, you will also be given a proposed contribution, which 

is randomly chosen between 2 and 30. You must decide whether to accept this 

proposed contribution and say Yes or to reject this proposed contribution, and say 

No. If you say No, your contribution is taken to be zero.

If the total contribution of all group members equals or exceeds the project 

cost, then the project will be implemented. However, in this treatm ent what you 

pay depends not only on your decision and the group decision but also on the 

total contribution by the other four members of your group. If the total contri­

bution of the other four members is sufficient to provide the project without your 

contribution, then you pay nothing in spite of your acceptance of the proposed 

contribution. In this case, your profit is your value. However, if your contribution 

is required to meet the project cost given the others’ contributions, then you will 

pay the amount you agreed to contribute. Here your profit is your value minus 

your payment. Therefore, you pay only if your contribution makes the difference 

between providing the project and not providing the project. If the total con­

tribution of all group members is less than the project cost, the project is not 

implemented. Your contribution will be returned to you, and your payment and 

profit will be zero for tha t period.

Decision software

The figure next page shows an example of the decision table tha t you will use 

to make your decisions in treatm ent III. The table indicates tha t in the current 

period, you are assigned to group number 1 and tha t group l ’s project costs 15 

experimental dollars to implement. Your value if the project is implemented is 5
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experimental dollars and your proposed contribution is $4. T hat is, if the total 

contribution from all members of your group is at least $15, you will receive 5 

experimental dollars. You will pay $4 if your decision was Yes and the total 

amount, the other members of your group agreed to pay is between $11 and $15, 

where $11 is the project cost minus your contribution. If the total contribution 

by other members is at least $15, then the project will be implemented and you 

will not be required to pay anything in spite of your acceptance of the proposed 

contribution. If the total contribution by other members is less than $11, then 

the project cannot be implemented despite your contribution. In this case, your 

contribution will be returned and the project will not implemented. You must 

decide whether or not you want to contribute $4 toward this $15 project cost.

Treatment III: Decision Table
Your group 1

Project cost 15

Your M ine if the project is implemented 5.00

Your proposed contribution 4.00

Indicate whether you agree to contribute this 4.00 experimental dollars by choosing 
the appropriate button.

Your deicision

After all group members have submitted their decisions, your screen will dis­

play the results. In the case shown here, you indicated you would make the pro­

posed contribution of $4 if it made the difference between providing the project 

and not providing the project. However, the total proposed contribution to which 

other members of your group said Yes was less than $11, so total contribution of 

your group is less than the project cost of $15. As a result, the project was not 

implemented, you paid nothing and received no benefit from the project, giving
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you zero profit this period.

Treatment III: Result Table
Project cost 15

Your decision Yes 

Your contribution 4.00

Group decision (Yes=project implemented, No-project not implemented) No

Decision by other members of your group No

Your benefit received 0.00

Your payment 0.00

Your profit 0.00

Summary

1) At the beginning of each period all subjects are randomly reassigned to groups 

of five.

2)You learn your private value for the project and a private proposed contribution 

for the project. Different subjects receive different values and proposed contribu­

tions.

3)You decide whether to say, Yes and accept this proposed contribution, or say 

No and reject this proposed amount. Your contribution is taken to be zero if your 

response is No.

4)The project is implemented if the total contribution of the group equals or ex­

ceeds the project cost.

5) You pay the amount you agreed to contribute if your contribution is required to 

meet the project cost given the others’ contribution, and pay nothing in all other 

cases.

6) If the project is implemented, your profit is your value minus your payment. If 

the project is not implemented, you receive or pay nothing and your profit is zero.

131

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Questions

If you have any questions, please raise your hand now and the experimenter 

will answer them.

Practice period

Now, we will demonstrate this treatm ent through a practice period. Your 

earning from the practice period will not count toward your earnings for the ex­

periment. The project cost is 15 experimental dollars for this practice period. The 

following steps demonstrate how your and your group members’ decisions are used 

to determine the project implementation decision, your payment and your profit. 

All of the following information for each subject is shown in Table A.2.

Practice period 1

1) You will learn your value and a proposed contribution for the project. All sub­

jects have a value of $6, and some have proposed contributions of $5 and others of 

$7. Values and proposed contributions for all five subjects are shown in Rows A 

and B of Table 1.

2) For this practice period, subjects with proposed contributions of 5 will con­

tribute tha t amount, and those with proposed contributions of $7 will contribute 

zero. Click, Yes if your proposed contribution is $5, click No if it is $7 (Row C).

3) Click the OK button to view the results of your decision.

4) After everyone has entered his or her decision, the group decision is determined. 

Since, total contribution of the group is, 0+0+5+5+5=15, equals to the project 

cost, the project will be implemented (Row E).

5) If the total contribution of the other four members of your group (Row F) is 

greater or equal to the project cost, then the project is implemented without your 

contribution (Row G) (subjects 1 and 2 pay nothing).

6) Your contribution is required to meet the project cost if the total contribution
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Table A.2. Practice perioc 1
Your Number 1 2 3 4 5
A) Your value 6 6 6 6 6
B) Your proposed contribu­ 7 7 5 5 5
tion
C) Your decision No No Yes Yes Yes
D) Your contribution 0 0 5 5 5
E) Group decision Yes
F) Sum of other members’ 15 15 10 10 10
contributions
G) Project decision by other Yes Yes No No No
members
H) Your payment 0 0 5 5 5
I) Your profit 6 6 1 1 1

of other four members of your group is between $10 and $15. Then you pay the 

amount you agreed to contribute, and your profit is your value minus your pay­

ment. This is true for subjects 3, 4 and 5.

7) Click OK to exit the practice screen.

After the practice period, you will be given a quiz, which will help you under­

stand the rules of the game. After the quiz, the real experiment will begin. Your 

values and costs will be different in each period and also different from those of 

the other subjects. Once the experiment begins, there will be no communication 

among subjects, apart from the transmission of responses by the computers.
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A .4.1 Quiz

Your group consists of five members. The project cost is 15 experimental 

dollars. The following questions present four different situations. Your value and 

your proposed contribution under these situations are displayed in four different 

tables. Column 5 of each table displays the sum of the amounts to which the other 

four member of your group said Yes, and thus agreed to contribute. Suppose 

your decisions under each situation are as shown in column 4 of each table. Now 

answer the following questions based on the information given in each table, and 

according to the rules of treatm ent III. Please note tha t during the experiment, 

you will not know your other group members’ values or contributions.

Question 1
Situation Your value Proposed contri­

bution

Your decision Total of other 

members’ contri­

butions
1 6 7 No 15

Fill in the section below for situation 1.

1) The amount you agreed to contribute: ____________________

2) The total contribution of the group: ______________________

3) Project will be implemented: YES [ ] NO [ ]

4) Can the project be provided without your contribution: YES[ ] NO [ ]

5) Your payment: __________________________________________

6) Your profit (value-your payment): ________________________

Question 2
Situation Your value Proposed contri­

bution

Your decision Total of other 

members’ contri­

butions
2 6 7 Yes 15

Fill in the section below for situation 2.
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1) The amount you agreed to contribute:  ................ ............. ........

2) The total contribution of the group: ----------------------------------

3) Project will be implemented: YES [ ] NO [ ]

4) Can the project be provided without your contribution: YES[ ] NO [ ]

5) Your payment: ----------------------------------------------------------------

6) Your profit (value-your payment): ________________________

Question 3____________________________________________________
Situation Your value Proposed contri­

bution

Your decision Total of other 

members’ contri­

butions
3 6 7 Yes 10

Fill in the section below for si mation 3.

1) The amount you agreed to contribute: ____________________

2) The total contribution of the group: ______________________

3) Project will be implemented: YES [ ] NO [ ]

4) Can the project be provided without your contribution: YES[ ] NO [ ]

5) Your payment: __________________________________________

6) Your profit (value-your payment): ________________________

Question 4
Situation Your value Proposed contri­

bution

Your decision Total of other 

members’ contri­

butions
4 6 5 Yes 10

Fill in the section below for situation 4.

1) The amount you agreed to contribute: ____

2) The total contribution of the group: ______

3) Project will be implemented: YES [ ] NO [ ]
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4) Can the project be provided without your contribution: YES[ ] NO [ ]

5) Your payment: __________________________________________

6) Your profit (value-your payment): ________________________
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A PP E N D IX  B

Instructions for The M ultiple A lternative DCPCM  Experiment 

B .l  Introduction

This is an experiment in group decision making. During the experiment, you 

will earn money in “experimental dollars.” Your show-up fee has been converted 

to experimental dollars for you to use during the experiment. At the end of the 

experiment, your fee and additional earnings will be converted to real dollars and 

you will be paid in real dollars as you leave.

Today you will participate in four experimental treatments. We will now 

instruct you on the basic game and treatm ent I. Following treatm ent I, there will be 

another set of instructions tha t will precede treatm ent II, a third set of instructions 

prior to treatm ent III, and a final set of instructions prior to treatm ent IV.

The basic game

In this experiment, you will make decisions in a group of five subjects. To­

gether with the four other members of your group, you will decide whether to 

implement or not to implement a project tha t provides a benefit to each group 

member. You must decide how much of your money you will contribute toward 

the cost of the project.

How you make money

All members of the group receive a benefit when the project is implemented. 

The project is implemented when the total contribution by all members of your 

group equals or exceeds the cost of the project. If the project is implemented, 

you will receive your value for the project. If the project is not provided, you 

will receive nothing. The levels of contributions you may choose, and the way 

the payment is calculated based on your offered contribution, will change between
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treatments. Your profit will be your value minus your payment. Your task is to 

choose levels of contributions so tha t you make as much profit as possible.

Values

At the beginning of each period, each subject will learn his or her private value 

for tha t period’s project. Values are randomly chosen between 5 and 20, with all 

values equally likely. Different subjects have different values for each period.

Periods

You will play the basic game several times during the experiment, once in each 

period. At the beginning of each period, all subjects will be randomly assigned to 

a new group.

Treatment I will have fifteen periods, followed by fifteen periods of treatm ent 

II, treatm ent III and treatm ent IV.1 Before playing each treatm ent for real money, 

you will do a practice round and a quiz, which will help you understand the rules 

of the games. The quiz is designed to demonstrate how your decision affects your 

payment and your profit given the decisions of your group members.

Your final income

You will receive 20 experimental dollars as an initial fund in treatm ent I and 

40 experimental dollars in other treatments, which will reset a t the beginning of 

each treatm ent. This initial fund will be displayed as your starting total profit. 

Your profit from each period will be added to this total profit, and your loss will

be subtracted from this amount.

1T his statem ent was revised before each session to reflect the different ordering of the treat­
m ents am ong sessions.
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B.2 Treatment I

In treatm ent 1, you will learn your value and then be asked to select any 

amount as your contribution toward the project. If the total contribution of all 

group members equals or exceeds the project cost, the project will be implemented 

and you will receive your value. Your profit is your value minus your payment. 

If the total contribution of all group members is less than the project cost, the 

project is not implemented. Your contribution will be returned to you, and your 

payment and profit will be zero for that period.

Decision software

The figure below shows an example of the decision table tha t you will use to 

make your contribution decision. The table indicates that in the current period, 

you are assigned to group number 1, tha t group l ’s project costs 15 experimen­

tal dollars to implement, and tha t your value if the project is implemented is 5 

experimental dollars. T hat is, you will receive 5 experimental dollars if the total 

contribution from all members of your group is at least 15 experimental dollars. 

Once you make a decision about how much to contribute, you may type the amount 

in the box below and click the OK button.

Treatment I: Decision Table

Your group 1

Project cost 15

Your value if tl le pi oject is implemented 5.00

How much you would contribute toward the cost of the project:

After all group members have submitted their decisions, your screen will dis­

play the results. In the example result table below, the project was not imple-
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merited. Despite your contribution of $4, the cost of $15 was not m et.2 As a 

result, you paid nothing, and received no benefit from the project, giving you zero 

profit this period.

Treatment I: Result Table

Project cost 15

Your contribution 4.00

Group decision (Yes= project implemented, No=project not implemented) No

your benefit received 0.00

Your payment 0.00

Youi profit 0.00

Summary

1) At the beginning of each period, all subjects are randomly reassigned to groups 

of five.

2) You learn your private value for the project, with values between $5 and$20

equally likely. Different subjects receive different values.

3) You choose a contribution toward the project.

4) The project is implemented if the total contribution of all group members equals

or exceeds the project cost.

5) If the project is implemented, you receive your value; you receive nothing if the 

project is not implemented.

6) Your payment is equal to your contribution; your profit is your value minus 

your payment.

2A11 dollars are experim ental dollars.
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Questions

Since your earnings depend on the decisions you make, it is very im portant 

that you understand the procedures and how your earnings will be calculated. If 

you have any questions, please raise your hand now and the experimenter will 

answer them.

Practice period

We will now demonstrate this treatm ent through a practice period. Your 

earning from the practice periods will not count toward your earnings for the 

experiment. The project cost is 15 experimental dollars for this practice period. 

Practice period 1

1) For practice period 1, everyone will have the same value for the project $5 .

2) For this practice period, everyone will choose a contribution of $4. Click on the 

contribution box and enter 4.

3) Click the OK button to view the results.

4) Since everyone in your group contributes $4, the total contribution of your 

group is 5 x 4 =20, which is greater than the project cost $15.

5) Therefore the project is provided, and your payment is $4 and profit is (your 

value -your payment) =  (5 - 4)=1.

6) Click OK to exit the practice screen.

After the practice period, you will be given a quiz, which will help you under­

stand the rules of the game. After the quiz, the real experiment will begin. Your 

values and costs will be different in each period and also different from those of 

the other subjects. Once the experiment begins, there will be no communication 

among subjects, apart from the transmission of responses by the computers.
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B.2.1 Quiz

Your group consists of five members. The project cost is 15 experimental 

dollars. Please answer the following questions based on the rules of treatm ent I. 

Question 1

Your value is 5 experimental dollars and your contribution is 3 experimental 

dollars. The total of the contributions by the other four members of your group 

is 10 experimental dollars. Fill in the section below for this situation:

a) The total contribution of the group: ______________________

b) Project will be implemented: YES [ ], NO [ ]

c) Your profit (your value - your contribution):________________

Question 2

Your value is 6 experimental dollars and your contribution is 4 experimental 

dollars. The total of the contributions by the other four members of your group 

is 12 experimental dollars. Fill in the section below for this situation:

a) The total contribution of the group: ______________________

b) Project will be implemented: YES [ ], NO [ ]

c) Your profit (your value - your contribution):________________
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B.3 Treatment II 
Basic game

From this treatm ent on, you will decide about the provision of two different 

projects. Together with the four other members of your group you will decide 

whether to implement one of the projects, both projects, or none of the projects. 

You must decide whether you will contribute toward the cost of either, both, or 

none of the projects.

How you make money

As before, all members of the group receive a benefit when a project is imple­

mented. There are two projects with same provision cost, and your benefit might 

be the same or different for each project. The projects are labeled as project A  

and project B. A  project is implemented when the total contribution by all the 

members of your group for tha t project equals or exceeds the cost of tha t project. 

The cost of each project must be met independently in order to be implemented. 

In other words, depending on the contribution of you and your group members, 

one project, both projects, or none of the projects will be implemented. If one 

of the projects is implemented, you will receive your value for tha t project and 

make a payment based on your offered contribution. Your profit will be your value 

minus your payment. If both projects are implemented, then you will receive ben­

efits from both projects and you will pay the sum of the amounts you agreed to 

contribute for each project. If none of the projects are implemented, you will pay 

and receive nothing, and all group members’ profits will be zero.

The level of contributions you may choose and the way the payment is cal­

culated based on your offered contributions will change between treatments. Your 

task is to choose level of contributions for each project so th a t you make as much 

profit as possible.
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Values

At the beginning of each period, each subject will learn his or her private value 

for tha t period’s projects. Values are randomly chosen between $5 and $20 with 

all values equally likely. Different subjects have different values for each period.

Decision software

The figure below shows an example of the screen tha t will display the infor­

mation th a t you will need to make your decisions. The top part of the figure shows 

your values and the costs of the two projects, and the rules of games are listed 

below. The table indicates that in the current period, the cost for both projects 

is 15 experimental dollars to implement and tha t your value if project A  is imple­

mented is $ 5 and $ 8 if project B  is implemented. That is, you will receive $5 if 

the total contribution from all members of your group for project A  is at least $15 

and receive $8 if the total contribution from all members of your group for project 

B  is at least $15.

Treatment II: Informal
Project

don Table
Vatu* from a project
ettalc# e»«fe«c*st

ft 5 IS

B 1 IS

1 A proiect<s im p tw nenfeo  tr group  cortlritjuhorv for th a t protect eq u a ls  or a «  e » m  the 
p ro ject co s t  If provision c o s ts  for ootn proiatts a re  m et then 6otfi p ro tec ts  a re  
im p le m e n te d
2 Vour paym ent toward a protect is  equal to vmji con tn b u lw i rfthat p ip iect is 
im plem ented , rf both projects a*e im plem ented  Ulan your paym ent is  the su m  of-your
ro n tn n u ta f is . for e a c h  p ro te c t
J.lf a  project 15 im p lem ented , vogr profit i s  yourwrtu* m in u s vour corHfitruiJon for m at 
protect, ifboth  projects a ie  im p lem en ted  then  your profil is  s u m  of your profits ham  each  
proiect irno proiect is  im plem ented, you pay nottilng and your proTt is ze io
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The figure below shows an example of the screen tha t you will use to make 

your contribution decisions. The top part of the figure shows your group number. 

You will type your levels of contribution for each project in the appropriate boxes. 

Once you make a decision about how much to contribute toward the cost of each 

project, you may type these amounts in the boxes corresponding to each project 

and click the OK button. Suppose your contribution is 4 experimental dollars for 

project A  and 6 experimental dollars for project B. The bottom part of the figure 

displays your contribution decision and asks for confirmation about your decision. 

If you are sure of your decision, then you click Confirm to see the results of your 

decision.

Treatment II: Decision Table

Y -fm tQ m m p 1

H*»w smfweft w  w<»Jkf to w a r t f  tU#

F m p d t  A  i 4

OK  |

If P fe jv tf  0  OfdYtd-cd fOM w w iH f pfty $ 0 $

II b o m  a r e  p ro v id e d  y o u  w o u fd  p * f

: . ft yew  a r e  s& e u t your -d a e m o n  th*n< fe< # C o n f i rm  to  e c t tb n u *

M B -  I
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After all group members have submitted their decisions, your screen will dis­

play the results. In the example result table below, project A  was not implemented 

but project B  was implemented. Despite your contribution of $4, the cost of project 

A  ($15) was not met; however, the total contribution for project B  was at least 

$15, and therefore project B  was provided. As a result, you paid 6 experimental 

dollars and received 8 experimental dollars for project B , giving you 8-6=2 exper­

imental dollars profit from project B. Since project A was not implemented you 

paid or received nothing, giving you 0 profit for project A. Your total profit for 

this period was 0+2=2.

Treatment II: Result Table
P r o ie c t A s

Project cost 1 5 .0 0 1 5 .0 0

Your contribution' 4 .0 0 8 .0 0

Group project 
choice NO Yes

Your benefit 
r e c e iv e d 0 8 :

Your payment 0 .0 0 6.00

Your profit 0 .0 0 2 ,0 0

Summary

1) At the beginning of each period, all subjects are randomly reassigned to groups 

of five.

2) You learn your private values for each project, with values between 5 and 20 

equally likely. Different subjects receive different values.

3) You choose contributions toward each project.

4) A project is implemented if the total contribution of all group members equals
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or exceeds tha t project’s cost. If provision costs for both projects are met, then 

both projects are implemented.

5) Your payment toward a project is equal to your contribution if th a t project is 

implemented; if both projects are implemented, your payment is the sum of your 

contributions for each project.

6) If a project is implemented, your profit is your value minus your contribution 

for tha t project. If both projects are implemented, your profit is the sum of your 

profits from each project. If no project is implemented, you pay nothing and your 

profit is zero.

Questions

Since your earnings depend on the decisions you make, it is very im portant 

tha t you understand the procedures and how your earnings will be calculated. If 

you have any questions, please raise your hand now and the experimenter will 

answer them.

Practice period

We will now begin one practice period. Your earning from the practice period 

will not count toward your earnings for the experiment. Each project costs 15 

experimental dollars in the practice period.

Practice period 1

1) For practice period 1, everyone will have the same values, $5 for project A  and 

$8 for project B.

2) For this practice period, everyone will choose a contribution of $3 for project A  

and $4 for project B. Click on the contribution box and enter 3 for project A  and 

4 for project B.

3) Click the OK button to view the results.
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4) Since everyone in your group contributes $3 for project A, the total contribution 

of your group for project A  is 5x3=15, which is equal to the project cost $15. 

Project A  is provided.

5) Since everyone in your group contributes $4 for project B, the total contribution 

of your group for project B  is 5x4=20, which is greater than the project cost $15. 

Therefore, project B is also provided.

6) Your payment is $3 for project A  and $4 for project B, and profit from A  

is (your value -your paym ent)= (5 - 3)=2 and from project B, (your value -your 

paym ent)= (8 - 4)=4. Your total profit in this period from both projects is 3+4=7.

7) Now click OK to exit the practice screen.
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B.3.1 Quiz

The following questions present two different situations. In each situation, 

your group consists of five members and each project costs 15 experimental 

dollars. Column 1 of each table displays your values for each project, column 

2 displays your contribution, and column 3 gives total amounts the other four 

members of your group contributed for each project. Please note tha t during the 

experiment, you will not know the other group members’ values or contributions. 

Now answer the following questions based on the information given in the tables. 

Question 1_________________________________________________
Your value Your contribution Other members’ 

contributions
Project A 7 5 15
Project B 6 2 8

Fill in the section below for this situation:

a) The total contribution of the group: project A: _________ project B\.

b) Project A  will be implemented: YES [ ], NO [ ]

c) Project B  will be implemented: YES [ ], NO [ ]

d) Your profit from project A  (your value - your contribution):________

e) Your profit from project B  (your value - your contribution):________

f) Total profit this period: 

Question 2_____________
Your value Your contribution Other members’ 

contributions
Project A 4 3 12
Project B 2 3 13

Fill in the section below for this situation:

a) The total contribution of the group: project A: _________ project B:.

b) Project A  will be implemented: YES [ ], NO [ ]

149

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

c) Project B  will be implemented: YES [ ], NO [ ]

d) Your profit from project A  (your value - your contribution):

e) Your profit from project B  (your value - your contribution):.

f) Total profit this period: ________________________________
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B.4 Treatment III

As in the previous treatment, at the beginning of each period, you will be 

randomly assigned to a new group of five subjects and learn your private values 

for each project. However, you will also be given a proposed contribution for 

each project, which is randomly chosen between 2 and 30. If your decision is to 

accept the proposed contribution for project A  but not for project B , click on 

button A. If your decision is to accept the proposed contribution for project B  

but not for project A, click on button B. If your decision is to accept the proposed 

contributions for both projects click on the both button. If you reject the proposed 

contribution for each project, click on the none button.

A project is implemented when the total contribution by all the members 

of your group for tha t project equals or exceeds the cost of tha t project. The 

cost of each project must be met independently in order to be implemented. In 

other words, depending on the contributions of you and your group members, one 

project, both projects, or none of the projects will be implemented. If one of the 

projects is implemented, you will receive your value for th a t project and make a 

payment based on your offered contribution. Your profit will be your value minus 

your payment. If both projects are implemented, you will receive benefits from 

both projects and you will pay the sum of the amounts you agreed to contribute 

for each project. If none of the projects are implemented, you will pay and receive 

nothing and all group members’ profit will be zero.

Decision software

The figure on the next page shows an example of the screen tha t will display 

the information necessary to make your decisions. The top part of the figure 

shows your values and the costs of the two projects. The rules of games are 

listed below. The table indicates tha t in the current period, the provision cost for
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both projects is 15 experimental dollars. Your value if project A  is provided is 

5 experimental dollars and your proposed contribution is 4 experimental dollars. 

Your value if project B  is implemented is 8 experimental dollars and your proposed 

contribution is 6 experimental dollars. This implies tha t if the total contribution 

from all members of your group for project A  is at least 15 experimental dollars, 

you will receive 5 experimental dollars and pay 4 experimental dollars if your 

decision was to choose A. If the total contribution from all members of your group 

for project B  is at least 15 experimental dollars, you will receive 8 experimental 

dollars and pay 6 experimental dollars if your decision was to choose B.

Treatment III: Information Table
Jttef*tt coi&rftHMtoii h # K i  Cost

A 0 4 n

$ 9 «

1 * 15 ttwstEwiwm®!,! -.i gi5U(< m
O rtlH K lliK I MtTi SttS l « 1  WWl B6W 0 r6 |» < H  M

i  p a y m e n t i  praiftflK w*tf it,sf feOtt* 1 i* 0**0 yf
r>:<? eatft a»oi«l

J 1 a  project va<» n  yaiu® trnnu* your tart&t&u&sn lor thssl
pity**ci, if both 'jro imptenwdvd frfon ym:r pr«fit it, m m  pf^yrprotifr.fmm *Kttif«*s !;% pa? i»c4Hin0 and 1%

The figure on the next page shows an example of the screen tha t you will 

use to make your contribution decision. The top part of the figure shows your 

group number. You decide whether to accept or reject the proposed contributions 

by clicking the appropriate button. The bottom  part of this figure displays your 

contribution decisions toward each project and asks for confirmation about your 

decision. If you are sure of your decision, then you click Confirm to see the results 

of your decision.
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Treatment III: Decision Table

Yourgr<oup

w as tom%mw*9 dkam* in* wmtn:«* &jnm

1
a

f  s«i^d % P i z f & a  B

ti&rv Pf^ecJa

I f c r A  p rP j^ < - jf  * p ? „ s r * * i  t  #  <,ite9H< &S<«

H fc-etff p»<ii><4 1 i j( -i id  f^ti *£Hitdp»/ 4 ?6

Sf ,?jy s4!« -&u*6 jf *»<*!,/s*.y*ufi df<J» pnCcHtfttmE*

After all group members have submitted their decisions, your screen will dis­

play the results. In the case shown here, you indicated tha t you would make the 

proposed contribution of 4 experimental dollars for project A, but you rejected 

the proposed contribution for project B. The total contribution for project A  was 

greater than the project cost of $15. As a result, project A  was implemented. You 

received $5 and made a payment of $4 for project A giving you 5-4=1 profit this 

period. The total contribution for project B  was less than $15, so project B  was 

not implemented. Therefore, you received and paid nothing for project B, giving 

you 0 profit. Your total profit is 1+0=1.
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Treatment III: Result Table
:Proj«c! A

P r a f * e t € & s t  15.09 15.00

to u r c te c ls to  ¥«* No

Y e w  e o B t r S w i w  4 00 0 00

G r o u p  « K * * M n  M *

i SO §Mrmbemffi
r » e e < v * d

' Y o u r  p a y m e n t  4M  000

Y o u r  p r o f i t  100 0 00

Summary

1) At the beginning of each period, all subjects are randomly reassigned to groups 

of five.

2) You learn your private values and private proposed contributions for the 

projects. Different subjects receive different values and proposed contributions.

3) You decide whether to accept the proposed contribution for project A, project 

B, or both. If you choose to reject the proposed contributions for each project, 

your contribution is taken to be zero for each project.

4) A project is implemented if the total contribution of all group members equals 

or exceeds the project cost. If provision costs for both projects are met, both 

projects are implemented.

5) Your payment toward a project is equal to your contribution if tha t project is 

implemented. If both projects are implemented, your payment is the sum of your 

contributions for each project.

6) If a project is implemented, your profit is your value minus your contribution 

for tha t project. If both projects are implemented, your profit is the sum of your
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profits from each project. If no project is implemented, your payment and profit 

are zero.

Questions

If you have any questions, please raise your hand now and the experimenter 

will answer them.

Practice period

We will now begin one practice period. Your earnings from the practice pe­

riod will not count toward your earnings for the experiment. Each project costs 

15 experimental dollars in the practice period.

Practice period 1

1)You will learn your values and proposed contributions for each project. In this 

example, everyone has the same values, $6 for project A  and $7 for project B , and 

same proposed contributions, $3 for project A  and $5 for project B. Values and 

proposed contributions are shown in Rows 1 and 2 of Table B .l.

2) Your decision is to choose A  and thus contribute $5 toward the provision of the 

project A  (rows 3 and row 4).

3) After everyone has entered his or her decision, the group decision is determined. 

The total contribution for project A  is 3x5=15 and for project B is 0 (row 5).

4) The group decision is shown in row 7. Since the total group contribution for 

project A  is equal to the project cost $15, project A  is implemented. However the 

total contribution for project B is $0; therefore, project B  is not implemented and 

your profit from project B  is $0 (row 6).

5) Since your chosen alternative is provided, your payment is your offered contri­

bution for project A. However, since project B  is not implemented, you receive 

and pay nothing (row 7).
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6) Your profit from project A  is, 6-3=3 and your profit from project B is $0, giving 

you a total profit of $3 (row 8).

Table B .l. Practice period 1
Project A B
1) Your value 6 7
2) Your proposed contribution 3 5
3) Your decision Yes No
4) Your contribution 3 0
5) Group contribution 15 0
6) Group decision Yes No
7) Your payment 3 0
8) Your profit 3 0
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B.4.1 Quiz

The following questions present two different situations. In each situation, 

your group consists of 5 members and each project costs 15 experimental dollars. 

Your value and your proposed contribution under each situation are displayed in 

columns 1 and 2, respectively. Column 3 of each table displays the to tal amount 

the other four member of your group agreed to contribute in each situation. Please 

note tha t during the experiment, you will not know the values or contributions 

of the other group members’. Answer the following questions based on the 

information given in the tables.

Question 1
Your value Proposed contribution Other members’ 

contributions
Project A 7 5 15
Project B 8 10 11

Your decision is to accept the proposed contribution for project A:

a) The amount you agreed to contribute for project A:_______ project B :

b) The total contribution of the group for project A: _______ project B:

c) Group decision: _______________________________

d) Your payment for project A:______________and for project B  : _____

e) Your profit from project A:    and from project B  :

f) Your total profit: ______________________________

Question 2
Your value Proposed contribution Other members’ 

contributions
Project A 7 5 15
Project B 8 10 11

Your decision is to accept the proposed contribution for both projects:

a) The amount you agreed to contribute for project A:______ project B:.
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b) The total contribution of the group for project A: _______ project B:

c) Group decision: _______________________________

d) Your payment for project A:______________ and for project B: ______

e) Your profit from project A:  and from project B : _____

f) Your total profit: _____________________________
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B.5 Treatment IV

As in the previous treatment, at the beginning of each period, you will be 

randomly assigned to a new group of five subjects and learn your private values 

and proposed contributions for each of the projects. The project provision rule 

is same as treatm ent III. However, in this treatm ent what you pay depends not 

only on your decision and the group decision, but also on the total contribution by 

the other four members of your group. If the total contribution of the other four 

members is sufficient to provide project A  without your contribution, then you 

pay nothing, in spite of your acceptance of the proposed contribution. In this case, 

your profit is your value. However, if your contribution is required to meet the 

project cost given others’ contributions, then you will pay the amount you agreed 

to contribute. Here your profit is your value minus your payment. Therefore, you 

pay only if your contribution makes the difference between providing the project 

and not providing the project. The project implementation decision for project 

B, and accordingly your payment and profit, is determined in a similar fashion. 

On the basis of total group contributions for each project, if both projects are 

provided then you will receive benefits from both projects, and your payment will 

depend on the amount you agreed to contribute for each project and the total 

contribution for each project by your group members. Your profit will be the sum 

of your profits from each project.

If the total contribution of all group members for each project is less than the 

respective project costs, then no project is implemented. Your contribution will 

be returned to you, and your payment and profit will be zero for tha t period.

Decision software

The figure on page 161 shows an example of the screen tha t will display the 

information you will need to make your decisions. The top part of the figure shows
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your values and the costs of the two projects. The rules of the games are listed in 

the bottom  part. The figure indicates tha t in the current period, the provision cost 

for both projects is 15 experimental dollars. Your value if project A  is provided is 5 

experimental dollars and your pre-assigned proposed contribution is 4 experimental 

dollars for tha t project. Your value if project B  is implemented is 8 experimental 

dollars and your pre-assigned proposed contribution is 6 experimental dollars for 

tha t project. T hat is, if the total contribution from all members of your group is at 

least 15 experimental dollars, you will receive 5 experimental dollars. You will pay 4 

experimental dollars if you accept the proposed contribution for project A, and the 

total amount the other members of your group agree to pay is between 11 and 15 

experimental dollars, where 11 is the project cost minus your contribution, giving 

you a profit of 5-4=1 experimental dollar. If the total contribution of the other 

members is at least 15 experimental dollars, then the project will be implemented 

without your contribution, and you will not be required to pay anything in spite 

of your acceptance of the proposed contribution. If the total contribution by other 

members is less than 11, then the project cannot be implemented despite your 

contribution. In this case, your contribution will be returned and the project is 

not implemented. Similarly, the project implementation decision, your payment, 

and your profit is determined for project B.
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Treatment IV: Information Table
V ^ l d f i A i t t  i l i «

€«H8*

A $ 4 ■ m
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The figure below shows an example of the screen tha t you will use to make your 

contribution decision. The top part of the figure shows your group number. You 

indicate your willingness to accept or reject the proposed contributions by clicking 

the appropriate button and then by clicking the OK button. The bottom part of 

the screen displays your contributions toward each project and asks for confirma­

tion about your decision. If you are sure of your decision, then click Confirm to 

see the results of your decision.

Treatment IV: Decision Table

Your (group 1
WwwtaaleatYourrtM**b,«j Jin^t »4tti<njMia;* wokc*
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After all group members have submitted their decisions, your screen will dis­

play the results. In the case shown here, you indicated th a t you would make the 

proposed contribution of 4 experimental dollars for project A  but make 0 contri­

bution toward project B. The total contribution for project A  was greater than 

the project cost of 15. As a result, project A  was implemented. However, the total 

contribution for project A by other members of your group was between 11 and 

15. Therefore, you received 5 and made a payment of 4 for project A, giving you 

5-4=1 profit this period. The total contribution for project B  was less than 15, 

so project B  was not implemented. You received or paid nothing for project B, 

giving you 0 profit. Your total profit is 1+0=1.

Treatment IV: Result Table
p  J t A B

c o s t 1 5 ,0 0 15.00

Y »ti! d ec te to n Y®S NO

Y « h cm d tib ctloR 4 0 0 .0 0

G tm ip <fc»ci*ian ’fe-s NO
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5 J B

NO

0

Y aw 4 MU 0 0 0

Y«k »  promt I C J 0  00

Summary

1) At the beginning of each period all subjects are randomly reassigned to groups 

of five.

2) You learn your private values and private proposed contributions for the 

projects. Different subjects receive different values and proposed contributions.
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3) You decide whether to accept the proposed contribution for project A , project 

B , or both. If you choose to reject both the projects, then your contribution is 

taken to be zero for both the projects.

4) A project is implemented if the total contribution of all group members for tha t 

project equals or exceeds the project cost. If provision costs for both projects are 

met, then both projects are implemented.

5) In this treatm ent what you pay depends not only on your decision and the 

group decision, but also on the total contribution by the other four members of 

your group.

6) If the total contribution of the other four members toward the project of your 

choice is sufficient to provide the project without your contribution, then you pay 

nothing, in spite of your acceptance of the proposed contribution for the corre­

sponding project. In this case, your profit is your value for tha t project.

7) However, if your contribution is required to meet the project cost of your choice 

given the others’ contributions, then you will pay the amount you agreed to con­

tribute. Here your profit is your value minus your payment.

8) The project implementation decision, your payment, and your profit for each 

project is determined in a similar fashion.

9) If both projects are implemented, then you receive benefits from both the 

projects and make payments toward the costs of both projects based on your 

decision and other group members’ decisions.

10) If both projects are implemented, then your profit is sum of profits from each 

project. If no project is implemented then your payment and profit are zero.

Questions

If you have any questions, please raise your hand now and the experimenter 

will answer them.
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Practice period

We will now begin one practice period for treatm ent IV. Your earnings from 

the practice period will not count toward your earnings for the experiment. 

Practice period 1

1) You learn your values and proposed contributions for each project. In this 

example, everyone has the same values, $6 for project A  and $7 for project B, 

and same proposed contributions, $3 for project A  and $5 for project B. Values 

and proposed contributions are shown in Rows 1 and 2 of Table B.2.

2) Your decision is to choose both projects, thus your contribution is taken to be 

$3 towards the provision of project A  and $5 for project B. (row 3 and row 4).

3) After everyone has entered his or her decisions, the group decision is determined.

4) The total contribution for project A  is 5x3=15, and for project B  it is 5x5=25 

(row 5).

5) The other members’ contributions for project A  4x3=12 and for project B  

4x5=20 (row 6).

6) The group decision is shown in row 7. Since the total group contribution for 

each project is more than $15 (the project cost), both projects are implemented.

7) Your payment depends on the other members’ decisions. Since the other 

members’ total contribution for project A  is between $11 and $15, project A  

cannot be implemented without your contributions (row 8). Your payment is $3 

for project A  (row 9). However, since the total contribution for project B  is more 

than the project cost, project B  can be implemented without your contributions. 

Your payment is $0 for project B (row 9).

8) Your profit from project A  is 6-3=3 and from project B  it is 7-0=7 (row 10), 

giving you a total profit of 3+7=10.
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Table B.2. Practice period 1
Project A B
1) Your value 6 7
2) Your proposed contribution 3 5
3) Your decision Yes Yes
4) Your contribution 3 5
5) Group contribution 15 25
6) Sum of other members’ contributions 12 20
7) Group decision Yes Yes
8) Project decision by other members No Yes
9) Your payment 3 0
10)Your profit 3 7
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B.5.1 Quiz

The following questions present two different situations. In each situation, 

your group consists of 5 members and each project costs 15 experimental dollars. 

Your value and your proposed contribution under each situation are displayed in 

a table. Column 3 of each table displays the total amount the other four member 

of your group agreed to contribute in each situation. Please note tha t during the 

experiment, you will not know the other group members’ values or contributions. 

Now, answer the following questions based on the information given in the tables. 

Question 1_____________________________________________________
Your value Proposed contribution Total of other 

members’ contri­

butions
Project A 6 7 15
Project B 8 6 12

Your decision is to accept the proposed contribution for both projects:

a) The amount you agreed to contribute for project A:_______ project B:__

b) The total contribution of the group for project A: project B:.___

c) Group decision:__________________ _________

d) Can project A  be implemented without your contribution: YES[ ] NO [ ]

e) Can project B  be implemented without your contribution: YES[ ] NO [ ]

f) Your payment for project A:__________________ project B:____________

g) Your profit (value-your payment) for project A:_______ and project B \__

Question 2___________________________ ________
Your value Proposed contribution Total of other 

members’ contri­

butions
Project A 6 7 11
Project B 8 6 12
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Your decision is to accept the proposed contribution for both projects:

a) The amount you agreed to contribute for project A:_______ project B :__

b) The total contribution of the group for project A: project B:___

c) Group decision: __________________________

d) Can project A  be implemented without your contribution: YES[ ] NO [ ]

e) Can project B  be implemented without your contribution: YES[ ] NO [ ]

f) Your payment for project y f :_ ________________project B:____________

g) Your profit (value-your payment) for project A:_______ and project B :__

167

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

BIBLIO GRAPHY

Aadland, D. and Caplan, A. J., “Cheap talk reconsidered: New evidence from 
CVM,” Journal o f Economic Behavior and Organization, vol. 60, no. 4, pp. 
562-578, 2006.

Anderson, C. M., Das, C., and Tyrrell, T. J., “Parking preferences among tourists 
in Newport, Rhode Island,” Transportation Research: Part A, vol. 40, no. 4, 
pp. 334-353, 2006.

Anderson, S. P., Goeree, J. K., and Holt, C. A., “A theoretical analysis of altru­
ism and decision error in public goods games,” Journal of Public Economics, 
vol. 70, no. 2, pp. 297-323, 1998.

Andreoni, J., “Cooperation in public-goods experiments: Kindness or confusion?” 
The American Economic Review, vol. 85, pp. 891-904, 1996.

Attiyeh, G., Franciosi, R., and Isaac, R. M., “Experiments with the pivot process 
for providing public goods,” Public Choice, vol. 102, pp. 95-114, 2000.

Bagnoli, M. and Lipman, B. L., “Provision of public goods: Fully implementing 
the core through private contributions,” The Review of Economic Studies, 
vol. 56, no. 4, pp. 583-601, 1989.

Bagnoli, M. and McKee, M., “Voluntary contribution games: Efficient private 
provision of public goods,” Economic Inquiry, vol. 29, no. 2, pp. 351-366, 
1991.

Bhat, C. R. and Sardesai, R., “The impact of stop-making and travel time relia­
bility on commute mode choice,” Transportation Research: Part B: Method­
ological, vol. 40, no. 9, pp. 709-730, 2006.

Blackburn, M., Harrison, G. W., and Rutstrom, E. E., “Statistical bias functions 
and information hypothetical surveys,” American Journal of Agricultural Eco­
nomics, vol. 76, no. 5, pp. 1084-1088, 1994.

Bolduc, D., Lacroix, G., and Muller, C., “The choice of medical providers in rural 
Benin: A comparison of discrete choice models,” Journal o f Health Economics, 
vol. 15, no. 4, pp. 477-498, 1996.

Boxall, P. C. and Adamowicz, W. L., “Understanding heterogeneous preferences in 
random utility models: A latent class approach,” Environmental and Resource 
Economics, vol. 23, no. 4, pp. 421-446, 2002.

168

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Boyle, K. J., Johnson, F. R., McCollum, D. W., Desvousges, W. H., Dunford, 
R. W., and Hudson, S. P., “Valuing public goods: Discrete versus continuous 
contingent-valuation responses,” Land Economics, vol. 72, no. 3, pp. 381-396, 
1996.

Breffle, W. S. and Morey, E. R., “Investigating preference heterogeneity in a re­
peated discrete-choice recreation demand model of Atlantic Salmon fishing,” 
Marine Resource Economics, vol. 15, no. 1, pp. 1-20, 2000.

Brown, T. C., Champ, P. A., Bishop, R. C., and McCollum, D. W., “Which 
response format reveals the tru th  about donations to a public good,” Land 
Economics, vol. 72, no. 2, pp. 152-166, 1996.

Brownstone, D., Bunch, D. S., and Train, K. E., “Joint mixed logit models of 
stated and revealed preferences for alternative-fuel vehicles,” Transportation 
Research Part B: Methodological, vol. 34, no. 5, pp. 315-338, 2000.

Cadsby, C. B., Frank, M., and Maksimovic, V., “Equilibrium dominance in exper­
imental financial markets,” The Review of Financial Studies, vol. 11, no. 1, 
pp. 189-232, 1998.

Cadsby, C. B. and Maynes, E., “Gender and free riding in a threshold public goods 
game: Experimental evidence,” Journal of Economic Behavior and Organiza­
tion, vol. 34, no. 4, pp. 603-620, 1998.

Cadsby, C. B. and Maynes, E., “Voluntary provision of threshold public goods 
with continuous contributions: Experimental evidence,” Journal o f Public 
Economics, vol. 71, no. 1, pp. 53-73, 1999.

Cameron, T. A., “A new paradigm for valuing non-market goods using referendum 
data: Maximum likelihood estimation by censored logistic regression,” Journal 
of Environmental Economics and Management, vol. 15, no. 3, pp. 355-379, 
1988.

Cameron, T. A. and James, M. D., “Efficient estimation methods for “closed- 
ended” contingent valuation surveys,” Review of Economics and Statistics, 
vol. 69, no. 2, pp. 269-276, 1987.

Carlsson, F. and Martinsson, P., “Do hypothetical and actual marginal willingness 
to pay differ in choice experiments?” Journal o f Environmental Economics 
and Management, vol. 41, no. 2, pp. 179-192, 2001.

Cason, T. N., Saijo, T., Sjostrom, T., and Yamato, T., “Secure implementation 
experiments: Do strategy-proof mechanisms really work?” 2003, social Science 
Working Paper 1165. California Institute of Technology.

169

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Champ, P. A. and Bishop, R. C., “Donation payment mechanisms and contin­
gent valuation: An empirical study of hypothetical bias,” Environmental and 
Resource Economics, vol. 19, no. 4, pp. 383-402, 2001.

Chen, Y., “Incentive-Compatible mechanisms for pure public goods: A survey of 
experimental research,” 1999, prepared for: The Handbook of Experimental 
Economics Results. P lott and Smith Eds.

Clarke, E. H., “M ultipart pricing of public goods,” Public Choice, vol. 11, pp. 
17-33, 1971.

Croson, R., “Theories of commitment, altruism and reciprocity: Evidence from 
linear public goods games,” Economic Inquiry, vol. 45, no. 2, pp. 199-216, 
2007.

Cummings, R. G., Harrison, G. W., and Rutstrom, E. E., “Homegrown values 
and hypothetical surveys: Is the dichotomous choice approach incentive- 
compatible?” The American Economic Review, vol. 85, no. 1, pp. 260-266, 
1995.

Cummings, R. G. and Taylor, L. O., “Unbiased value estimates for environmen­
tal goods: A cheap talk design for the contingent valuation method,” The 
American Economic Review, vol. 89, no. 3, pp. 649-665, 1999.

Das, C. and Anderson, C. M., “Incentive compatible mechanism design for stated 
choice surveys: A binary choice case,” Ph.D. dissertation, Department of 
Environmental and Natural Resource Economics; University of Rhode Island, 
2007.

Davis, D. D. and Holt, C. A., Experimental Economics. Princeton University 
Press, 1992.

Dawes, R. M., Orbell, J. M., Simmons, R. T., Alphons, J. C., and Kragt, V. D., 
“Organizing groups for collective action,” The American Political Science Re­
view, vol. 80, no. 4, pp. 1171-1185, 1986.

Diamond, P. A. and Hausman, J. A., “Contingent valuation: Is some number 
better than no number?” Journal of Economic Perspectives, vol. 8, no. 4, pp. 
45-64, 1994.

Dyer, D., Kagel, J., and Levin, D., “A comparison of naive and experienced bid­
ders in common value offer auctions: A laboratory analysis,” The Economic 
Journal, vol. 99, pp. 108-115, 1989.

Fischbacher, U., “z-Tree: Zurich toolbox for ready-made economic experiments,” 
forthcoming Experimental Economics, vol. 10, no. 2, pp. 171-178, 2007.

170

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Fox, J. A., Shogren, J. F., Hayes, D. J., and Kliebenstein, J. B., “CVM-X: Calibrat­
ing contingent values with experimental auction markets,” American Journal 
of Agricultural Economics, vol. 80, pp. 455-465, 1998.

Goeree, J. K., Holt, C. A., and Laury, S. K., “Private costs and public bene­
fits: Unraveling the effects of altruism and noisy behavior,” Journal o f Public 
Economics, vol. 83, no. 2, pp. 255-276, 2002.

Gonzalez-Savignat, M., “Competition in air transport: The case of the high speed 
train,” Journal of Transport Economics and Policy, vol. 38, no. 1, pp. 77-108, 
2004.

Green, J. and Laffont, J.-J., “Characterization of satisfactory mechanisms for the 
revelation of preferences for public goods,” Econometrica, vol. 45, no. 2, pp. 
427-438, 1977.

Groves, T. and Loeb, M., “Incentives and public inputs,” Journal o f Public Eco­
nomics, vol. 4, pp. 211-226, 1975.

Groves, T., “Incentives in teams,” Econometrica, vol. 41, no. 4, pp. 617-631, 1973.

Groves, T. and Ledyard, J. O., “Incentive compatibility since 1972,” in Infor­
mation, Incentives, and Economic Mechanisms: Essays in Honor of Leonid 
Hurwicz, T. Groves, Roy. Radner and Stanley reiter ed. University of Min­
nesota Press, Minneapolis, 1987, pp. 48-111.

Groves, T. and Ledyard, J. O., “Comments by Tideman, Tullock and Greenberg, 
Mackay and Tideman on some limitations of demand-revealing processes,” 
Public Choice, vol. 29, pp. 139-143, Supplement Spring 1977.

Groves, T. and Ledyard, J. O., “Some limitations of demand revealing processes,” 
Public Choice, vol. 29, pp. 107-124, Supplement Spring 1977.

Hailu, A., Adamowicz, W. L., and Boxall, P. C., “Complements, substitutes, 
budget constraints and valuation,” Environmental and Resource Economics, 
vol. 16, pp. 51-68, 2000.

Hall, J., Fiebig, D. G., King, M. T., Hossain, I., and Louviere, J. J., “W hat 
influences participation in genetic carrier testing? Results from a discrete 
choice experiment,” Journal of Health Economics, vol. 25, no. 3, pp. 520-537, 
2006.

Hanemann, W. M., “Welfare evaluations in contingent valuation experiments with 
discrete responses,” American Journal of Agricultural Economics, vol. 66, 
no. 3, pp. 332-341, 1984.

171

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Hanemann, W., “Welfare evaluations in contingent valuation experiments with dis­
crete responses: Reply,” American Journal o f Agricultural Economics, vol. 71, 
pp. 1057-1061, 1989.

Hoehn, J. and Loomis, J., “Substitution effects in the valuation of multiple envi­
ronmental programs,” Journal of Environmental Economics and Management, 
vol. 25, no. 1, pp. 56-75, 1993.

Isaac, M. R., McCue, K. F., and Plott, C. R., “Public goods provision in an 
experimental environment,” Journal o f Public Economics, vol. 26, no. 1, pp. 
51-74, 1985.

Isaac, R. M., Schmidtz, D., and Walker, J. M., “The assurance problem in a 
laboratory market,” Public Choice, vol. 62, no. 3, pp. 217-236, 1989.

Kawagoe, T. and Mori, T., “Can the pivotal mechanism induce truth- telling? An 
experimental study,” Public Choice, vol. 108, no. 3-4, pp. 331-354, 2001.

Kennedy, P., A Guide To Econometrics. The MIT Press, Cambridge, Mas­
sachusetts, 1998.

Kim, O. and Walker, M., “The free rider problem: Experimental evidence,” Public 
Choice, vol. 43, no. 1, pp. 3-24, 1984.

Krinsky, I. and Robb, A. L., “On approximating the statistical properties of elas­
ticities.” Review of Economics and Statistics, vol. 68, no. 4, pp. 715-719, 1986.

Layton, D. F. and Brown, G., “Heterogeneous preferences regarding global climate 
change,” The Review of Economics and Statistics, vol. 82, no. 4, pp. 616-624,
2000.

List, J. A., “Do explicit warnings eliminate the hypothetical bias in elicitation 
procedure? Evidence from field auctions for sportscards,” American Economic 
Review, vol. 91, no. 5, pp. 1498-1507, 2001.

Loomis, J., Brown, T., Lucero, B., and Peterson, G., “Improving validity experi­
ments of contingent valuation methods: Results of efforts to reduce the dis­
parity of hypothetical and actual willingness to pay,” Land Economics, vol. 72, 
no. 4, pp. 450-461, 1996.

Loomis, J., Gonzalez-Caban, A., and Robin, G., “Do reminders of substitutes 
and budget constraints influence contingent valuation estimates?” Land Eco­
nomics, vol. 70, no. 4, pp. 499-506, 1994.

Louviere, J. J., Hensher, D. A., and Swait, J. D., Stated Choice Methods: Analysis 
and Applications. Cambridge University Press, 2000.

172

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Louviere, J. J. and Street, D., Stated-Preference Methods. Handbooks of Transport 
Economics, vol. 1., Amsterdam; New York and Oxford: Elsevier Science, 2000.

Ma, L., Sherstyuk, K., Dowling, M., and Hill, O., “Altruism and voluntary provi­
sion of public goods,” Economics bulletin, vol. 31, no. 3, pp. 1-8, 2002.

Maddala, G. S., Limited Dependent and Qualitative variables in Econometrics. 
Cambridge University Press, Cambridge, 1983.

Mailath, G. J. and Postlewaite, A., “Asymmetric information bargaining problems 
with many agents,” Review of Economic Studies, vol. 57, no. 3, pp. 351-367, 
1990.

Marks, M. and Croson, R., “Alternative rebate rules in the provision of a threshold 
public good: An experimental investigation,” Journal o f Public Economics, 
vol. 67, pp. 195-220, 1998.

Marks, M., Lehr, D., and Brastow, R., “Cooperation versus free riding in a thresh­
old public goods classroom experiment,” Journal of Economic Education, 
vol. 37, no. 2, pp. 156-170, 2006.

Marks, M. B. and Croson, R., “The effect of incomplete information in a threshold 
public goods experiment,” Public Choice, vol. 99, no. 1-2, pp. 103-118, 1999.

Mas-Colell, A., Whinston, M. D., and Green, J. R., Microeconomic Theory. New 
York: Oxford University Press, 1995.

Mazzotta, M. J. and Opaluch, J. J., “Decision making when choices are complex: 
A test of Heiner’s hypothesis,” Land Economics, vol. 71, no. 4, pp. 500-515, 
1995.

McFadden, D., Conditional Logit Analysis of Qualitative Choice Behavior. Fron­
tiers in Econometrics, P. Zarembka (ed.) New York: Academic, 1973.

Menges, R., Schroeder, C., and Traub, S., “Altruism, warm glow and the 
willingness-to-donate for green electricity: An artefactual field experiment,” 
Environmental and Resource Economics, vol. 31, no. 4, pp. 431-458, 2005.

Mestelman, S. and Feeny, D. H., “Does ideology m atter? Anecdotal experimental 
evidence on the voluntary provision of public goods,” Public Choice, vol. 57, 
no. 3, pp. 281-286, 1988.

Morey, E. and Rossmann., K. G., “Using stated-preference questions to investigate 
variations in willingness to pay for preserving Marble Monuments: Classic 
heterogeneity, random parameters, and mixture models.” Journal o f Cultural 
Economics, vol. 27, no. 4, pp. 215-229, 2003.

173

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Nahuelhual, L., Loureiro, M. L., and Loomis, J., “Using random parameters to 
account for heterogeneous preferences in contingent valuation of public open 
space,” Journal o f Agricultural and Resource Economics, vol. 29, no. 3, pp. 
537-552, 2004.

Neill, H. R., Cummings, R. G., Ganderton, P. T., Harrison, G. W., and McGuckin, 
T., “Hypothetical surveys and real economic commitments,” Land Economics, 
vol. 70, no. 2, pp. 145-154, 1994.

Nyborg, K., “Homo economicus and homo politicus: Interpretation and aggrega­
tion of environmental values,” Journal o f Economic Behavior and Organiza­
tion, vol. 42, no. 7, pp. 305-322, 2000.

Opaluch, J. J., Swallow, S. K., Weaver, T., Wessells, C. W., and Wichelns, D., 
“Evaluating impacts from noxious facilities: Including public preferences in 
current siting mechanisms,” Journal of Environmental Economics and Man­
agement, vol. 24, pp. 41-59, 1993.

Palfrey, T. R. and Prisbrey, J. E., “Anomalous behavior in public goods experi­
ments: How much and why?” The American Economic Review, vol. 87, no. 5, 
pp. 829-846, 1997.

Plott, C. R., “Industrial organization theory and experimental economics,” Journal 
of Economic Literature, vol. 20, no. 4, pp. 1485-1527, 1982.

Poe, G. L., Clark, J. E., Rondeau, D., and Schulze, W. D., “Provision point 
mechanisms and field validity tests of contingent valuation,” Environmental 
and Resource Economics, vol. 23, no. 1, pp. 105-131, 2002.

Revelt, D. and Train, K. E., “Mixed logit with repeated choices: Households’ 
choices of appliance efficiency level,” Review of Economics and Statistics, 
vol. 80, no. 4, pp. 647-657, 1998.

Roberts, J., “Incentives in planning procedures for the provision of public goods,” 
The Review of Economic Studies, vol. 46, no. 2, pp. 283-292, 1979.

Rondeau, D., Poe, G. L., and Schulze, W. D., “VCM or PPM? A comparison of the 
performance of two voluntary public goods mechanisms,” Journal of Public 
Economics, vol. 89, pp. 1581-1592, 2005.

Rondeau, D., Schulze, W. D., and Poe, G. L., “Voluntary revelation of the de­
mand for public goods using a provision point mechanism,” Journal o f Public 
Economics, vol. 72, pp. 455-470, 1999.

Rose, S. K., Clark, J., Poe, G. L., Rondeau, D., and Schulze, W. D., “The private 
provision of public goods: Tests of a provision point mechanism for funding 
green power programs,” Resource and Energy Economics, vol. 24, pp. 131-155, 
2002 .

174

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Rouwendal, J. and Meijer, E., “Preferences for housing, jobs and commuting: A 
mixed logit analysis,” Journal of Regional Science, vol. 41, no. 3, pp. 475-505,
2001 .

Ruud, P., “Approximation and simulation of the multinomial probit model: An 
analysis of covariance matrix estimation,” Working paper, Department of Eco­
nomics, University of California, Berkeley, 1996.

Sagoff, M., “Economic theory and environmental law,” Michigan Law Review, 
vol. 79, no. 7, pp. 1393-1419, 1981.

Scherr, B. A. and Babb, E. M., “Pricing public goods: An experiment with two 
proposed pricing systems,” Public Choice, vol. 23, pp. 35-48, 1975.

Seller, C., Stoll, J. R., and Chavas, J. P., “Validation of empirical measures of 
welfare changes: A comparison of nonmarket techniques,” Land Economics, 
vol. 61, no. 2, pp. 156-175, 1985.

Shogren, J. F., “Experimental markets and environmental policy,” Agricultural 
and Resource Economics Review, vol. 22, no. 2, pp. 117-129, 1993.

Smith, V. L., “Experimental economics: Induced value theory,” American Eco­
nomic Review, vol. 66, no. 2, pp. 274-279, 1976.

Smith, V. L., Suchanek, G. L., and Williams, A. W., “Bubbles, crashes, and 
endogenous expectations in experimental spot asset markets,” Econometrica, 
vol. 56, pp. 1119-1151, 1988.

Sonnier, G., Ainslie, A., and Otter, T., “Measuring the influence of brand im­
age,style and demographics on consumer brand valuation.” 2003, working Pa­
per, Anderson Graduate school of management, University of California, Los 
Angeles.

Souter, R. A. and Bowker, J. M., “A note on nonlinearity bias and dichotomous 
choice CVM: Implications for aggregate benefits estimation,” Agricultural and 
Resource Economics Review., vol. 25, no. 1, pp. 54-59, 1996.

Spencer, M. A., Swallow, S. K., and Miller, C. J., “Valuing water quality mon­
itoring: A contingent valuation experiment involving hypothetical and real 
payments.” Agricultural and Resource Economics Review, vol. 27, no. 1, pp. 
28-42, 1998.

Spencer, M. A., “Three experiments on providing and valuing threshold public 
goods with alternative rebate rules,” Ph.D. dissertation, Department of En­
vironmental and Natural Resource Economics; University of Rhode Island, 
2002 .

175

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Swait, J. and Louviere, J., “The role of the scale parameter in the estimation 
and comparison of multinomial logit models,” Journal of Marketing Research, 
vol. 30, no. 3, pp. 305-314, 1993.

Swallow, S. K., Opaluch, J. J., and Weaver, T. F., “Siting noxious facilities: An 
approach tha t integrates Technical, Economic and Political considerations,” 
Land Economics, vol. 68, no. 3, pp. 283-301, 1992.

Swallow, S. K., Opaluch, J. J., and Weaver, T. F., “Strength-of-preference indica­
tors and an ordered response model for ordinarily dichotomous, discrete choice 
data,” Journal of Environmental Economics and Management, vol. 41, no. 1, 
pp. 70-93, 2001.

Swallow, S. K., Weaver, T. F., Opaluch, J. J., and Michelman, T. S., “Heteroge­
neous preferences and aggregation in environmental policy analysis: A landfill 
siting case.” American Journal o f Agricultural Economics, vol. 76, no. 3, pp. 
431-443, 1994.

Swallow, S. K., “Value elicitation in laboratory markets: Discussion and applica­
bility to contingent valuation,” American Journal of Agricultural Economics, 
vol. 76, no. 5, pp. 1096-1100, 1994.

Tideman, T. N., “An experiment in the demand-revealing process,” Public Choice, 
vol. 41, no. 3, pp. 387-401, 1983.

Tideman, T. N. and Tullock, G., “A new and superior process for making social 
choices,” The Journal o f Political Economy, vol. 84, no. 6, pp. 1145-1159, 
1976.

Train, K. and Weeks, M. Discrete Choice Models in Preference Space and 
Willingness-to-Pay Space, in Applications o f Simulation Methods in Envi­
ronmental and Resource Economics, ch-1, A. Alberini and R. Scarpa, eds., 
Springer Publisher: Dordrecht, The Netherlands, 2005.

Train, K. E., “Recreation demand models with taste differences over people,” Land 
Economics, vol. 74, no. 2, pp. 230-239, 1998.

Train, K. E., “Halton sequences for mixed logit,” working paper, University of 
California, Barkeley, 2000.

Train, K. E., Discrete choice methods with simulation. Cambridge University 
Press, 2003.

Vickrey, W., “Counterspeculation, auctions and competitive sealed tenders,” Jour­
nal of Finance, vol. 16, no. 1, pp. 8-37, 1961.

176

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



www.manaraa.com

Videras, J. R. and Owen, A. L., “Public goods provision and well-being: Empirical 
evidence consistent with the warm glow theory,” B.E. Journals in Economic 
Analysis and Policy: Contributions to Economic Analysis and Policy, vol. 5, 
no. 1, pp. 1-38, 2006.

Walker, M., “On the nonexistence of a dominant strategy mechanism for making 
optimal public decisions,” Econometrica, vol. 48, no. 6, pp. 1521-1540, 1980.

Wichelns, D., Opaluch, J. J., Swallow, S. K., Weaver, T. F., and Wessells, C. W., 
“A landfill site evaluation model tha t includes public preferences regarding 
natural resources and nearby communities,” Waste Management and Re­
search, vol. 11, pp. 185-201, 1993.

177

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.


