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Abstract

Essays in Behavioral/Experimental and Labor Economics: Information, Networks, and

Institutions

Michelle Jiang

The following dissertation is a series of three essays in behavioral/experimental and labor eco-

nomics: (1) Information Asymmetry in Job Search, (2) Minority Turnout and Representation under

Cumulative Voting. An Experiment, and (3) Networks and Labor Mobility: A Study of LinkedIn

Profiles in the Biotechnology Sector.

Standard models of rational job search assume agents know the distribution of offered wages

when deciding which jobs to accept. In Chapter 1, coauthored with Kai Zen, I test if incorrect be-

liefs about wages affect real-world job search behavior in a field experiment with 1100 senior-year

undergraduate students in the graduating Class of 2023 at the University of California, Berkeley.

Partnering with the Career Center, we present personalized information graphics on school-and-

major-specific salary distributions to students in the treatment group. We first document novel

evidence that even prior to labor market entry, errors exist in wage beliefs – some students over-

estimate the available distribution, while others underestimate the available distribution. Post-

treatment, we find that students treated with correct information update their beliefs towards the

truth, and this is reflected in changes in reservation wages. At the end of the school year, we find

that in comparison to the control group, students who increased their reservation wage after treat-



ment had higher total and base salaries conditional on employment, a result significant at the 5%

level. However, these same students had a lower, but imprecisely estimated likelihood of being

employed by June post-graduation. An opposite but symmetric effect occurred for students who

decreased their reservation wage. Our results are consistent with job search models where work-

ers with more optimistic expectations wait longer to accept a job, but accept higher wages. We

compare our experimental estimates to simulated moments from the model and find that the mean

experimental effect is close to the model in magnitude under reasonable parameters. Our paper

suggests an economically important role for errors in beliefs about labor market conditions and

shows the effectiveness of a light-touch information intervention on employment and earnings for

first-time job seekers.

Chapter 2, coauthored with Alessandra Casella and Jeffrey Guo, asks how an alternative voting

system can increase the voter turnout and representation of minorities. Under majoritarian election

systems, securing the participation and representation of minorities remains an open problem,

made salient in the US by its history of voter suppression. One remedy recommended by the

courts is the adoption of Cumulative Voting (CV) in multi-member districts: each voter has as

many votes as open positions but can cumulate votes on as few candidates as desired. Historical

experiences are promising but also reflect episodes of minority activism. We present the results of

a controlled lab experiment that isolates the role of the voting rule from other confounds. Although

each voter is treated equally, theory predicts that CV should increase the minority’s turnout relative

to the majority and the minority’s share of seats won. Our experimental results strongly support

both theoretical predictions.

In Chapter 3, using LinkedIn profiles data on the biotechnology sector, it is possible to con-

struct a measure of individuals’ networks based on coworkers within the same firm and location.

Exploiting such a measure, I intend to test the impact of network size on future employment in

the biotechnology sector, which has frequent employee turnover due to unanticipated clinical trial

failures. In doing so, I seek to answer the following question: Do larger or higher-quality networks

cushion against negative employment shocks? According to preliminary evidence, connections



help workers find jobs more quickly. Currently, the network measure is imperfect, the data set

on which the preliminary results are based is small, and the assumptions underlying the statistical

analysis can be questioned. However, all three limitations can be overcome. I highlight in this

chapter the steps to be taken to do so.



Table of Contents

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

Dedication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

Chapter 1: Information Asymmetry in Job Search . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Illustrative Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.1 Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.2 The Reservation Wage . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.2.3 Model Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3 Experimental Design, Data, and Procedures . . . . . . . . . . . . . . . . . . . . . 9

1.3.1 Setting, Recruitment, and Pre-registration . . . . . . . . . . . . . . . . . . 9

1.3.2 Randomization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.3.3 Survey Phases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.3.4 Analysis Sample . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1.3.5 Causality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1.4 Errors in Beliefs Influence Reservation Wages:
Descriptive Evidence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.4.1 Empirical Finding 1: Prior to labor market entry, college students have
errors in beliefs about available wage distributions. . . . . . . . . . . . . . 17

i



1.4.2 Empirical Finding 2: Student’s personal wage expectations are positively
correlated with their beliefs about the external wage distribution. . . . . . . 19

1.5 Correcting Errors in Beliefs Changes Labor Search Behavior: Experimental Evidence 19

1.5.1 Information changes students’ personal wage expectations. . . . . . . . . . 19

1.5.2 Information changes earnings and employment. . . . . . . . . . . . . . . . 23

1.5.3 Subjective Beliefs Lead to Higher Wage Dispersion . . . . . . . . . . . . . 28

1.6 Model Estimation: Numerical Comparative Statics . . . . . . . . . . . . . . . . . 29

1.7 Heterogeneity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

1.7.1 Overestimation vs. Underestimation . . . . . . . . . . . . . . . . . . . . . 31

1.7.2 Demographic and Educational Differences . . . . . . . . . . . . . . . . . . 33

1.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

1.9 Appendix A: Model Derivation and Proofs . . . . . . . . . . . . . . . . . . . . . . 55

1.9.1 Model Derivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

1.9.2 Impact of Information . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

1.9.3 Proofs of Propositions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

1.10 Appendix B: Additional Figures and Tables . . . . . . . . . . . . . . . . . . . . . 60

Chapter 2: Minority Turnout and Representation under Cumulative Voting. An Experiment. 68

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

2.2 Base Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

2.2.1 Minority representation without voting costs . . . . . . . . . . . . . . . . . 75

2.3 Voting costs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

2.3.1 Multi-winner plurality (MP) . . . . . . . . . . . . . . . . . . . . . . . . . 78

2.3.2 Cumulative voting (CV) . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

ii



2.3.3 Equilibria for the experimental parametrizations . . . . . . . . . . . . . . . 83

2.4 The Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

2.5 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

2.5.1 Turnout . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

2.5.2 Minority victories . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

2.5.3 Individual turnout decisions: monotonicity violations and cutpoints . . . . 97

2.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

2.7 Appendix A: Proofs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

2.7.1 CV when voting is costless . . . . . . . . . . . . . . . . . . . . . . . . . . 103

2.7.2 Costly voting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

2.8 Appendix B: Additional Experimental Results . . . . . . . . . . . . . . . . . . . . 112

2.8.1 Individual turnout decisions . . . . . . . . . . . . . . . . . . . . . . . . . 112

2.8.2 Minority victories . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

2.8.3 Individual turnout decisions: monotonicity violations . . . . . . . . . . . . 119

2.9 Appendix C: Experimental Instructions (m=2; Order 1) . . . . . . . . . . . . . . . 121

Chapter 3: Networks and Labor Mobility: A Study of LinkedIn Profiles in the Biotechnol-
ogy Sector . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

3.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

3.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

3.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

3.3.1 LinkedIn Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

3.3.2 Biotechnology Sector . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

3.4 Empirical Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

iii



3.4.1 Networks Construction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

3.4.2 Estimating Equation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

3.5 Preliminary Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

3.5.1 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

3.5.2 Regression Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

3.6 Limitations and Proposed Solutions . . . . . . . . . . . . . . . . . . . . . . . . . 154

3.6.1 Limitation 1: Networks Measure . . . . . . . . . . . . . . . . . . . . . . . 154

3.6.2 Limitation 2: Dataset Size . . . . . . . . . . . . . . . . . . . . . . . . . . 156

3.6.3 Limitation 3: Endogeneity . . . . . . . . . . . . . . . . . . . . . . . . . . 156

3.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

3.8 Tables and Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

iv



List of Figures

1.1 Sample of information treatment. . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
1.2 Log Deviation of Beliefs from True Salary (Within-Major). . . . . . . . . . . . . . 38
1.3 Log Personal Wage Expectations v. Log Beliefs about External Wage Distribution. . . . . 39
1.4 Post-Treatment Change in Log Reservation Wage. . . . . . . . . . . . . . . . . . . 40
1.5 Post-Treatment Change in Log Reservation Wage. . . . . . . . . . . . . . . . . . . 41
1.6 CDF of reservation wages, treatment v. control. . . . . . . . . . . . . . . . . . . . 42
1.7 CDF of accepted wages, treatment v. control. . . . . . . . . . . . . . . . . . . . . 43
1.8 Coefficient on impact of treatment on mean-min wage raio. . . . . . . . . . . . . . 44
1.9 Simulation of ∂ logwR

∂µ and ∂ logwR

∂σ . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

1.10 Empirical Estimates of ∂ logwR

∂µ and ∂ logwR

∂σ . . . . . . . . . . . . . . . . . . . . . . . 46
1.B1 Percent Deviation of Beliefs from True Salary (Within-Major). . . . . . . . . . . . 60
1.B2 Personal Wage Expectations v. Beliefs about External Wage Distribution (In Levels) . . . 61
1.B3 Post-Treatment Change in Reservation Wage (In Levels). . . . . . . . . . . . . . . 62
1.B4 Post-Treatment Change in Average Expected Wage (In Levels). . . . . . . . . . . . 63
1.B5 Empirical Estimates of ∂ logwR

∂µ and ∂ logwR

∂σ . . . . . . . . . . . . . . . . . . . . . . . 64

2.1 Expected turnout rates and share of minority seats, MP and CV. The thick lines
correspond to cM, the thin lines to cm; the bars correspond to the expected share of
minority seats. F is uniform over [0,1]; V = 4. . . . . . . . . . . . . . . . . . . . . 84

2.2 Turnout Frequencies. The darker blue columns correspond to the data, the lighter
grey ones to the theory. The 95% confidence intervals are calculated from 10,000
Monte Carlo simulations that allow for correlation in turnout decisions at the indi-
vidual level. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

2.3 Differential Turnout: τm − τM. Dark blue diamonds correspond to τm − τM in the
experiment, light grey diamonds to τm − τM in the theoretical prediction. The 95%
confidence intervals are calculated from 10,000 Monte Carlo simulations that allow
for correlation in turnout decisions at the individual level. . . . . . . . . . . . . . . 92

2.4 The effect of CV on differential minority-majority turnout rates. A placebo test. Re-
sults of the original regressions (the thicker black lines) versus 10,000 replications
with random group formation. The dotted lines correspond to the 95% confidence
interval around the distribution mean. . . . . . . . . . . . . . . . . . . . . . . . . 95

2.5 Share of seats won by the minority. Darker blue columns correspond to the data,
lighter grey to the theory. The 95% confidence intervals are calculated from stan-
dard errors clustered at the level of the voting group. . . . . . . . . . . . . . . . . . 96

v



2.6 Estimated Cost Cutpoints. The darker blue diamonds correspond to the average of
the individual cutpoints, and the lighter grey diamonds to the theoretical prediction.
The size of each circle is proportional to the number of subjects it represents. . . . 99

2.7 CDF’s of Cost Cutpoints. The darker lines correspond to CV; the lighter lines to MP.100
2.B1 CDF’s of monotonicity violations. The darker line corresponds to CV; the lighter

line to MP, and the dashed line to a simulation with random behavior. . . . . . . . 120
2.B2 Example of summary slide in the experimental instructions. . . . . . . . . . . . . . 124

3.1 Number companies with layoffs, by year . . . . . . . . . . . . . . . . . . . . . . . 168
3.2 Number employees laid off, by year . . . . . . . . . . . . . . . . . . . . . . . . . 169

vi



List of Tables

1.1 Descriptive Statistics and Balance . . . . . . . . . . . . . . . . . . . . . . . . . . 47
1.2 Post-Attrition: Balance and Descriptive Statistics . . . . . . . . . . . . . . . . . . 48
1.3 Regressions: Personal Wage Expectations on Treatment (First-Stage) . . . . . . . . 49
1.4 2SLS: Job Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
1.5 Overestimators vs. Underestimators: Change in Reservation Wage on Treatment x

Estimation Error (First-Stage) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
1.6 2SLS: Job Outcomes - Split First Stage between Overestimators and Underestimators 52
1.7 Regression: Estimation Error on Demographic or Educational Background . . . . . 53
1.8 2SLS: Job Outcomes (Interacted with demographic/education variables) . . . . . . 54
1.B1 Regressions: Personal Wage Expectations on Treatment (First-Stage), Alternative

Specification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
1.B2 Reduced form: Job Outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
1.B3 2SLS: Job Outcomes (Robustness) . . . . . . . . . . . . . . . . . . . . . . . . . . 67

2.1 Experimental Predictions. F uniform over [0,100]; V = 400. . . . . . . . . . . . . 86
2.2 Experimental Design. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
2.3 Experimental Results: Summary Statistics. Standard errors are in parentheses. . . . 89
2.4 Individual turnout decisions. The default sample is majority subjects under MP.

Standard errors are clustered at the individual level. . . . . . . . . . . . . . . . . . 93
2.5 Share of seats won by the minority. Standard errors are clustered at the level of the

voting group. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
2.B1 Individual turnout decisions. Data restricted to treatments run first in each session.

Standard errors are clustered at the individual level. . . . . . . . . . . . . . . . . . 112
2.B2 Individual turnout decisions. Estimated probit model. . . . . . . . . . . . . . . . . 113
2.B3 Individual turnout decisions. The CV × CVfirst term is added to the regression

specification. Standard errors are clustered at the individual level. . . . . . . . . . . 114
2.B4 Individual turnout decisions. Standard errors are clustered at the group level. . . . . 115
2.B5 Individual turnout decisions. Standard errors are clustered at the session level. . . . 116
2.B6 Individual turnout decisions. Estimated probit model with random effects. . . . . . 117
2.B7 Share of seats won by the minority. Data restricted to treatments run first in each

session. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
2.B8 Share of seats won by the minority. Standard errors are clustered at the session level.119

3.1 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
3.2 Impact of Network on Length of Unemployment (OLS, Base Regression) . . . . . 164
3.3 Impact of Network on Length of Unemployment (OLS, Restrict Outliers) . . . . . 165

vii



3.4 Impact of Network on Length of Unemployment (OLS, Vary connection length) . . 166
3.5 Impact of Network on Length of Unemployment (2SLS) . . . . . . . . . . . . . . 167

viii



Acknowledgements

I would like to thank my advisors - Sandy Black, Alessandra Casella, and Suresh Naidu - for all

your guidance, mentoring, editing, brainstorming, critique, encouragement, and hours and hours

of time - this journey would not have been possible without you. I have grown so much since I

entered this PhD, as a researcher, economist, and teacher. I read in a magazine once that advice is

easy, but advising - a deeply involved investment - is hard. I am grateful to be your student.

I would not have gotten here without the mentorship of many. In particular, thank you to

Miguel Urquiola for opening doors to new possibilities and to Evan Sadler for supporting me both

as a researcher and as a human. To those whose offices I frequented for comments, feedback, and

more - thank you Michael Best, Mark Dean, and Bernard Salanie for teaching me so much.

I have also learned so much from those outside of Columbia. Thank you to Salome Baslandzé,

Simon Fuchs, and Veronika Penciakova for mentoring me - you taught me so much during my

summer in Atlanta. Thank you to Raji Chakrabarti and Maxim Pinkovskiy for guiding me early in

the path. Thank you to Glen Weyl, who inspired me to become an economist at all.

This work benefited so much from the comments and feedback of many economists, at semi-

nars, conferences, and workshops, across all levels - faculty and students. In addition to those men-

tioned above, thank you to Hunt Allcott, Palaash Bhargava, Marianne Bitler, Toni Braun, David

Card, Robin Caron, Pierre-André Chiappori, Olivier Compte, Chris Cunningham, Pedro Dal Bó,

Léa Dousset, Tarikua Erda, Lei Fang, Hannah Farkas, Bhargav Gopal, Sakshi Gupta, Émilien

Gouin-Bonenfant, Jeffrey Guo, Abhi Gupta, Julie Hotchkiss, Giovanna Invernizzi, Judd Kessler,

Oliver Kim, Karen Kopecky, Tushar Kundu, Elizabeth Linos, Antonin Macé, Federico Mandel-

ix



man, Michael Mueller-Smith, Victoria Mooers, Kate Musen, Will Nober, Shin Oblander, Jacopo

Perego, Melinda Pitts, Cristian Pop-Eleches, Silvio Ravaioli, Roman Rivera, Evan Sadler, Susie

Scanlan, Camilla Schneier, Gergely Ujhelyi, Homa Zarghamee, and other seminar participants for

detailed comments and feedback.

This dissertation would not be possible without the generous financial support of the National

Science Foundation, Columbia’s Program for Economic Research, and Columbia Experimental

Lab for the Social Sciences. Chapter 1 would not have been possible without the generous time

and commitment of the UC Berkeley Career Center. Thank you in particular to Elizabeth Davies,

without whom the project would have never took flight. Thank you to Santina Pitcher and Melissa

Han for seeing it through to the end.

It took a village. My Columbia community - thank you Tanya Avilova, Dong Woo Hahm,

and Silvio Ravaioli for a truly ridiculous amount of mentoring and for your friendship through the

years. I look up to you so much. Thank you to the friends who kept me sane: Robin Caron, Tarikua

Erda, Kate Musen, Roman Rivera, and Victoria Mooers. And very importantly, thank you to my

first-year study group: Jeffrey Guo, Sarah Inman, Shin Oblander, Susie Scanlan, and Qianyang

Zhang. Jeffrey and Susie - we laughed, cried, and fought for our dreams together. In many ways,

you both define the PhD for me.

My non-Columbia economics community - in particular, Bharat Chandar, Mike Galperin, Pearl

Li, April Meehl, Camilla Schneier, Hoyoung Yoo, and Kai Zen - thank you for your friendship

through these years. A massive thank you to Abhi Gupta, for being in this journey with me from

that very first class at UChicago - I would not have survived the job market without you.

To my New York City community, who have shaped who I am. To Anj Antonio and Molly

Rockett - I feel like I have known you forever, and I am lucky we met. Thank you so much for

all the joy, love, and laughter. To my oldest friends Helen Han and Kyle Jablon - who actually

have known me for forever: thank you for rooting for me through all of this journey’s stages.

To Vanessa Li - thank you for supporting me at every step. To Alice and Ying, thank you for

your dance classes - they were my escape when work was too overwhelming. And to the rest

x



of my community: Tousif Ahsan, Jaala Alston, Enzo Badia, Antonio Cardenas, Peggy Chiang,

Mekayla Davila, Mike Fosco, Sofia Johnson, Holly Kassner, Audrey Lindsey, Marley Lindsey,

Trish Malubay, Ysabella Monton, Nick Hartmann, Roy Salzman-Cohen, Preethi Siva, Vinamrata

Singhal, and too many others: thank you for brunch in the city, BTS events, Dungeons & Dragons,

karaoke, long walks, and so much more. I can’t imagine this city without you.

To Sumaya Bouadi. You believed in me when I didn’t believe in myself, and I would not have

completed this PhD without you. Thank you so, so much.

To my family: I love you beyond words, and writing an acknowledgement will never capture

how much you mean to me. To Mom - you taught me that love is the strongest force in the world.

You have been, are, and will always be my hero. To Po, whose own dreams fueled my own, thank

you for raising me. And finally - to my whole world - my siblings. To my brother Nick, who grew

up during the years I was here. And to my twin Jess, who taught me to follow the #crazypath and

fly. This PhD is for you.

xi



Dedication

For Jessica and Nicholas.

xii



Chapter 1: Information Asymmetry in Job Search

The following paper is co-authored with Kai Zen. The project was completed under under IRB

protocols CPHS 2021-10-14766 (UC Berkeley) and IRB-AAAT5934 (Columbia).

1.1 Introduction

How do individuals make choices about jobs? Search models posit that individuals with full

information calculate a reservation wage, and from there, make optimal decisions when searching.1

However, recent work suggests that individuals may not have correct information about the labor

markets they face.2 How does this incorrect information affect the outcomes of job search, and can

the provision of information change search behavior? Ultimately, how does this affect our standard

models of job search behavior?

In this paper, we examine job search behavior in the presence of incorrect information. To do

so, we conduct a field experiment where we give individuals in the treatment group information

about the wage distribution they face, and from there, follow their search behavior to see how it

adapts to this new information. We ultimately assess workers’ actual employment and earnings

outcomes.

The context we use is graduating students from UC Berkeley, a top flagship university. We

run a field experiment with 1100 senior-year undergraduate students in the graduating Class of

2023. Using exclusive UC Berkeley data under a partnership with the Career Center, we construct

information graphics on school and major-specific salary distributions from the past three years,

which are personalized and presented to students in the treatment group.3 We are able to directly

1McCall 1970, Pissarides 1985, Mortensen 1986, Mortensen and Pissarides 1994, Burdett and Mortensen 1998
2Cortes et al. 2023, Jager et al. 2023, Roussille 2023
3UC Berkeley undergraduate majors are split into several “colleges,” such as the College of Engineering, the

Rausser College of Natural Resources, and the College of Letters and Science. Students were asked to specify both
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document students’ beliefs about available wage distributions prior to the experiment, and then

show how the treatment changes those beliefs and students’ intended search wages and search

behavior before the annual September Career Fair, where students historically launch their job

search. At the end of the school year, we work with the Career Center to follow students’ outcomes,

and we observe their actual post-school employment and earnings outcomes. Our paper suggests

an economically important role for subjective beliefs about labor market conditions and shows

the effectiveness of a light-touch information intervention on employment and earnings for job

seekers.

We first document a novel fact that prior to labor market entry, college students have imprecise

beliefs about available wage distributions for their majors. We find that students tend to underes-

timate the 25th percentile salary and overestimate the 75th percentile salary, with 90% of students

overestimating the interquartile range of the distribution. Notably, we are measuring students’ be-

liefs about the whole within-major distribution, rather than their beliefs about their personal ability

or personally attainable salaries - suggesting a difference driven by information about the whole

distribution itself, rather than beliefs about personal ability. Across students, there is large varia-

tion both in the magnitude and direction of the error: students underestimate the 25th percentile

and median by as much as -98% and overestimate by as much as +200%, while underestimating

the 75th percentile by as much as -92% and overestimating by as much as +400%.

Second, we show that post-treatment, changing beliefs on the external wage distribution for the

treatment group changes students’ search behavior and outcomes. We characterize search behavior

via workers’ reservation wage: the minimum wage at which a worker would accept an offer over

continuing search. Since each individual’s reservation wage incorporates both information about

the labor market and worker’s individual preferences, the reservation wage is a sufficient statistic

for workers’ intended search behavior. We find that students given the information treatment adjust

their reservation wages, with larger initial errors leading to larger adjustments. This result remains

robust to inclusions of prior behavioral explanations such as confidence and risk aversion, which

their college and major. Information graphics were specific to both college and major.
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affect reservation wages by an order of magnitude lower than the information treatment. Next,

we use a two-stage least squares strategy to show the impact of adjusting reservation wages via

the information channel on graduating students’ wages and employment probability. We find that

each 1% increase in the reservation wage via the information channel leads to a 1.28% increase

in total compensation conditional on accepting a job, a result statistically significant at the 5%

level. We show that this result is due to both an increase in base salary and an increase in the

likelihood of receiving a bonus salary. On the other hand, we find a negative but statistically non-

significant effect on employment: each 1% increase in the reservation wage via the information

channel leads to a 0.56% lower chance of being employed. Overall, our results suggest a stronger

role for information mechanisms than previously believed.

Last, we study how our results impact standard models of job search behavior. We build a

model of labor search with errors in beliefs and derive simulated results on how correcting errors

in beliefs should affect the wage distribution. We find that for beliefs about the mean of the wage

distribution, our experimental data fits within the interval of simulated results from the model with

errors in beliefs. In addition, the model with errors in beliefs predicts higher variance in wages,

which fits both our experimental data and accounts for a discrepancy between standard models and

empirical data in prior literature.4 We find that our information intervention compresses wages for

the treatment group: post-treatment, the mean-min wage ratio, which measures wage dispersion,

shrinks by 0.13 for students in treatment compared to the control group, a difference significant at

the 5% level. We also find that across the sample, the distributional variance of the reservation wage

is lower in treatment than control. However, this second difference is not statistically significant,

potentially reflecting limited power. Ultimately, our paper suggests a theoretically important role

for errors in beliefs about labor market conditions, and our results show the effectiveness of a

light-touch information intervention on changing these errors.

Examining students entering the labor market provides information about job search behavior

at a crucial time in an individual’s work life. Research has shown that your first job can affect not

4Hornstein, Krusell, Violante (2011) remark on how under standard job search models, wage dispersion is higher
in data than predicted.
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only your lifetime earnings, but also your health outcomes, marriage outcomes, and middle-aged

mortality.5 However, while we know that the state of the economy matters, we know very little

about the role of information in determining an individual’s job.

Our paper contributes to three areas of research. First, our paper relates to a nascent but grow-

ing strand of the behavioral and labor literature on errors in beliefs. Jager et al. (2023) find that

once workers have a job, workers anchor their beliefs to current wages, but will correct their beliefs

in response to information about wages of similar workers. Roussille (2023) shows that on engi-

neering job platform Hired.com, pre-filling job hunters’ ask salary answer box with the median bid

helped close the gender gap in asking wages. Alfonsi et al. (2023) show that providing mentorship

to students in Ghana creates more realistic beliefs about available wages in the labor market. Our

paper adds to this literature, showing that information about salaries plays a large role in students’

first post-graduate job and salary outcome. By using an experiment to measure workers’ pre- and

post- treatment beliefs, we can causally isolate the impact of information conditional on prior be-

liefs. Under our results, workers overestimating versus underestimating would lead to opposite

impacts. This may help contextualize results from prior literature, some of which finds workers

decrease asking wages in the presence of more information and some of which finds workers in-

crease asking wages in the presence of more information.6 This additionally has implications for

the pay transparency literature such as Baker et al. (2021) and Cullen and Pakzad-Hurson (2023),

suggesting that differing results may be due to different prior beliefs.

Second, we relate to a more general literature on behavioral inefficiencies in job search. Prior

literature suggests a wide variety of alternative mechanisms for inefficiency in labor search behav-

ior: differences in risk aversion, in confidence, in the valuation of non-wage amenities, in liquidity

constraints, in the valuation of time, and more. Blau and Kahn (2017) provide an overall discus-

5Kahn 2010, Oreopoulos et al. 2012, Schwandt and von Wachter 2019, and von Wachter 2020 provide discussion
of the effect of first jobs on lifetime earnings, and Cutler et al. 2015 and Schwandt and von Wachter 2020 discuss the
effect of first jobs on health, marriage, and mortality.

6As an example, Alfonsi et al. (2023), in which workers lower their asking wage once in a situation with more
information, differs from Roussille (2023), in which workers increase their asking wage. Our paper suggests that
these could be contrasting situations of prior beliefs where one group tends to overestimate, while the other tends to
underestimate.
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sion. Alfonsi et al. (2023), Cortes et al. (2023), Reuben et al. (2017) , and Shurchkov and Eckel

(2018) discuss the roles of risk aversion and confidence. Maestas et al. 2018 discuss the valuation

on non-wage amenities. Gerards and Welters (2020) discuss liquidity constraints, and Smitizsky

et al. (2021) discuss time valuation. The paper closest to ours is Cortes, Pan, Pilossoph, Reuben,

and Zafar (2023), which surveys undergraduates from Boston University’s Questrom School of

Business. They find that women accept jobs earlier than men, accounting for 19-35% of the gen-

der wage gap, due to women’s higher risk aversion and men’s higher confidence. A key strength

of our research design is that the information intervention not only directly tests the information

asymmetry hypothesis, but can account for other behavioral mechanisms which influence labor

search behavior. Because students are surveyed both prior to the information intervention and after

the information intervention, we can measure and control for standard measures of risk aversion in

our results.

Finally, our paper relates to evidence from the education literature that information interven-

tions can be powerful for changing school and major choice. Hoxby and Turner (2015) show that

when high-achieving low-income students received information about colleges’ curricula, prices,

and employment outcomes, they were more likely to both apply and enroll. Conlon (2021) show

that providing early-stage college students salary information can affect major and class choices,

and Conlon and Patel (2023) show that reducing students’ stereotypes about fields of study can also

change students’ classes and majors. We apply a similar intervention to the area of labor search.

The paper proceeds as follows. In Section 2, we describe the motivating theoretical foundation

for how information asymmetry affects reservation wages. In Section 3, we establish the experi-

mental design, data, and procedures. In Section 4, we discuss descriptive results from pre-treatment

empirical findings and establish that workers have incorrect beliefs about externally available wage

distributions. In Section 5, we describe our main econometric methodology and show how correct-

ing incorrect beliefs changes students’ personal wage expectations and subsequently their employ-

ment and earnings outcomes. In Section 6, we compare numerical predictions from theory to our

empirical data results. In Section 7, we discuss heterogeneity across overestimating versus under-
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estimating students and across student demographics. In Section 8, we conclude and provide next

steps.

1.2 Illustrative Model

In Section 2, we establish a partial equilibrium job search model with subjective beliefs to

establish how errors in beliefs can affect labor search behavior. We will show how the reserva-

tion wage is a “sufficient statistic" for an individual’s job search behavior, which motivates our

two stage least squares empirical strategy in Section 5. Our model builds upon both the original

job search model from McCall (1970), as well as previous search models with subjective beliefs,

specifically Cox and Oaxaca (2000), Cortes et al. (2023), and Alfonsi et al. (2023).

1.2.1 Setup

A worker seeks to maximize utility via rejecting or accepting a job offer. In each period t, a

worker receives an employment offer with probability λ. If given an offer, the worker learns of

the offer’s attached wage w. The worker then chooses between (1) accepting the job and receiving

wage w for the rest of time, or (2) rejecting the job, receiving a value of leisure b, and continuing

the search next period.

The worker maximizes expected utility:

max
{xt }

∞∑
t=0

βtu(xt), β ∈ (0,1)

where:

xt =


w, accept job, receive wage w in all future time periods

b, reject job, receive unemployment b and can search again

The worker has subjective beliefs formed from a noisy signals of the truth. The worker does

not observe the true distribution of wages, in which w is drawn from distribution F(log(w∗)) ∼

N(µw, σw). Instead, the worker observes wages as log(w) = log(w∗) + εi, where εi is a perception
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error or bias drawn from a normal distribution with individual-specific mean µεi and variance σ2
εi.

Thus, the subjective offer distribution for worker i is:

log(w) ∼ N(µw + µεi, σ2
w + σ

2
εi)

The value of employment for worker i is thus:

W(w |µi, σi) =
u(w)
1 − β

And the value of unemployment is:

U(µi, σi) = u(b) + βλ
∫
w

max{Wt+1(w |µi, σi),Ut+1(µi, σi)}dF(w |µi, σi) + β(1 − λ)Ut+1(µi, σi)

1.2.2 The Reservation Wage

We define the reservation wage wR as the wage in which a worker is indifferent between ac-

cepting and rejecting the wage, where marginal benefit equals marginal cost:

W(w |µi, σi) = U(µi, σi)

Using our previous equations, we then know:

u(wR)

1 − β
= u(b) + βλ

∫
w

max{Wt+1(w |µi, σi),Ut+1(µi, σi)}dF(w |µi, σi) + β(1 − λ)Ut+1(µi, σi)

For wages w ≤ wR, Ut+1(µi, σi) ≥ Wt+1(w |µi, σi) and the worker rejects the job. For w ≥ wR,

Ut+1(µi, σi) ≤ Wt+1(w |µi, σi) and the worker accepts the job. Then,

u(wR)

1 − β
= u(b) + β

∫ wR

0
Ut+1(µi, σi)dF(w |µi, σi) + βλ

∫ ∞

wR

Wt+1(w |µi, σi)dF(w |µi, σi)
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Solving through, we find:

(
1 − β(1 − λ)

)
u(wR) − u(b) = β

(
λu(E[w |µi, σi]) − u(b)

)
+ βλ

∫ wR

0
u′(w)F(w |µi, σi)dw (1.1)

A full proof is available in Appendix A (See: Section 10.1).

The reservation wage serves as the solution to the worker’s partial equilibrium problem: a

worker will accept any wage above the reservation wage, and will reject any wage below. It is the

minimum wage that a worker would accept. The reservation wage thus captures any effects in the

worker’s decision calculus from preferences via the shape of the worker’s utility function or via the

value of leisure (b). We thus consider the reservation wage a “sufficient statistic" for the worker’s

individual behavior in a partial equilibrium model.

1.2.3 Model Implications

The search model leads to several implications. All proofs are contained in Appendix A (See:

Section 10.3).

Proposition (1A). Holding all else constant, reservation wages wR(µi, σi) are increasing in

µεi, that is ∂wR

∂µε i
> 0.

Proposition (1B). Holding all else constant, reservation wages wR(µ,σ) are increasing in σ2
εi,

that is ∂wR

∂σ2
ε i

> 0.

The propositions motivate the following testable implications. From Proposition 1A, we expect

workers who overestimate the overall external wage distributions to have higher reservation wages,

and workers who underestimate the overall external wage distribution to have lower reservation

wages. Consequently, workers whose overestimation is corrected should lower their reservation

wages, and workers whose underestimation is corrected should increase their reservation wages.

From Proposition 1B, we expect workers who estimate a higher variance of available external

wages to have higher reservation wages. Thus, in our experiment, we will focus on two statistics

of external wage distributions: (1) “centrality" and (2) “spread." Centrality indicates the amount a
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worker is underestimating/overestimating the center of the distribution, while spread indicates how

much a worker is overestimating/underestimating the range of a distribution.

Proposition (2). The dispersion of reservation wages across agents is higher in a model with

subjective beliefs than in a model where every worker has perfect information.

Proposition 2 shows the effect of the model on the overall distribution of wages. From this

proposition, we should expect higher wage dispersion in a labor search setting with subjective

beliefs than in a labor search setting with perfect information. We discuss this implication further

in Section 5.3.

1.3 Experimental Design, Data, and Procedures

Section 3 describes our research methodology: using a randomized controlled trial, we iden-

tify a causal effect on how individuals’ beliefs about the available wage distribution affect their

reservation wage, intended labor search behavior, and actual post-graduation job outcomes.

1.3.1 Setting, Recruitment, and Pre-registration

Setting. We conduct our experiment at the University of California, Berkeley. Berkeley is a pub-

lic land-grant research university located in northern California and is considered the flagship of

the University of California system. As of fall 2022, UC Berkeley enrolled over 32,000 under-

graduate students, of which around 8000 are graduating seniors. The undergraduates are 55%

women. By race, the undergraduates are 40% Asian American, 24% Underrepresented Minority

(Black/Hispanic/Native), and 28% White/decline to state.7 UC Berkeley’s large population, major

presence in America’s most populous state, and common enrollment breakdown are advantages for

the external validity of our study. Importantly for internal validity, we have a strong partnership

with the UC Berkeley Career Center, who emailed students on our behalf, lent credibility to our

experimental intervention, and provided data for the information intervention.
7The remaining 12% are international students, who are uncategorized. Because UC Berkeley enrollment statistics

are available for the entering class rather than the graduating class, we used statistics for the entering fall class of 2019,
who are the majority of our graduating class of 2023. More statistics can be found in https://opa.berkeley.edu/campus-
data/uc-berkeley-quick-facts and https://pages.github.berkeley.edu/OPA/our-berkeley/student-enrollments.html.
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Recruitment. In partnership with the UC Berkeley Career Center, in August 2022 we recruited

rising seniors who planned to graduate in Spring or Summer 2023. The recruitment email was

sent by the Career Center on August 15th, a full month prior to UC Berkeley’s annual Septem-

ber Career Fair, where students historically launch their job search.8 In the email, students were

invited to participate in a Qualtrics web-based survey on job search, which began with a consent

form describing the purpose of the study. Students were informed that the survey contents would

be subject to randomization, but to avoid experimenter demand effects, we did not specify that the

randomization pertained to wage information.9 To prevent contamination of the randomized con-

trolled trial, we did not prime students that information about the labor market matters; in both the

recruitment email and consent form, students were told: “The purpose of the study is research: in

particular, to further our understanding of factors influencing labor search decisions.” A full copy

of both the recruitment email and consent form is in Online Appendix C.

To incentivize students to respond, we provided compensation for completing the baseline

survey. Students were compensated $10 for each part of the survey they completed and entered

into a drawing for three $150 Amazon gift cards. Of the over 8000 eligible students in the study

population, we received 1110 completed responses to our baseline survey (12.7% response rate).10

Pre-registration and Pre-analysis plan. Our experiment was pre-registered in the AEA RCT

Registry under Trial 9782 and can be found at https://www.socialscienceregistry.

org/trials/9782. Our pre-analysis plan can be found both on the linked website and in

Online Appendix C.

1.3.2 Randomization

We use a stratified randomization design at the individual level to split students into treatment

and control groups. Stratified randomization, in which subjects are first split into strata (groups)

8Email reminders about the original email were sent weekly until September 15, 2022.
9We have explicit approval for this omission in both IRB protocols CPHS 2021-10-14766 (UC Berkeley) and

IRB-AAAT5934 (Columbia).
10For comparison, Cortes et al. (2023) survey recent college alumni at Boston University’s Questrom School of

Business about job search behavior and have a response rate of 20%.
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before being randomized into treatment and control, allows us to guarantee balance among the

stratified dimensions. We use three dimensions: gender (male and female/non-binary), race (white

and non-white), and major (STEM and non-STEM), resulting in eight strata. We discuss the rea-

soning and methodology for our strata in our pre-analysis plan, available in Online Appendix C.

To account for our randomization methodology, all strata dimensions are included as controls in

any regression specifications.

Randomization was done within Qualtrics. Within the first few pages of the survey, students

were asked to self-report their gender and race demographics on a multiple choice grid. They were

additionally asked to choose their major from a drop-down list of 69 UC Berkeley majors. The 69

majors were pre-sorted into “STEM" and “non-STEM" on the logistical backend of Qualtrics, but

this delineation was not shown to students. After students submitted their answers to demographic

questions, the Qualtrics survey would automatically randomize the student into “treatment" and

“control," counting equal amounts of “treatment" and “control" within each of the 8 strata. To

prevent contamination between treatment and control, students could not return to the demographic

page after their answers to demographics and major were submitted.

To verify that randomization resulted in comparable treatment and control groups, we check

whether or not baseline demographics and characteristics are similar across treatment and control.

Table 1 compares summary statistics between treatment and control across baseline demograph-

ics (gender, race, USA citizenship, family income, parental education), educational background

(major choice, transfer status, financial aid status, GPA), behavioral characteristics (risk and con-

fidence), beliefs about externally available wage distributions, and beliefs about personal wages.

For each variable X (e.g. a dummy coefficient for female), we regress X on a 0-1 indicator for

treatment. We report the coefficient on treatment in the second-to-last column of the table and

the correspondent p-value in brackets in the last column. Across 22 pre-treatment variables, we

find that parent’s highest education is unbalanced at the 1% level, and external beliefs about the

75th percentile earnings are unbalanced at the 10% level. This is consistent with Glennerster and

Takavarasha (2013)’s guidelines on randomization, which note that on average, one out of 10 vari-
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ables are unbalanced at the 90% confidence level, while one out of 20 variables are unbalanced

at the 95% confidence level. However, to increase precision, we will control for parent’s highest

education as a balance variable in all regressions.11

1.3.3 Survey Phases

To both measure the immediate impact of the information intervention on intended job search

behavior and the long-term impact of the information intervention on post-school job outcomes,

our experiment occurred in two stages: Phase I and Phase II. In Phase I, students were recruited,

completed a baseline survey (within which they were sorted into treatment or control), and were

given an information intervention if sorted into treatment. Immediately post-treatment, students

were asked about their intended labor search behavior. However, to understand the actual impact

of the information intervention on students’ outcomes, we had to follow-up with students after job

search was completed. To do so, we introduced a Phase II survey, which was incorporated into UC

Berkeley Career Center’s annual First Destination Survey (FDS), which collects data on student

job outcomes. Phase II thus ran in the later half of the year, from January 1 - July 15, 2023, in

order to coincide with annual FDS timing. Our experimental timeline occurred as follows:12

August 15 - September 18, 2022

Phase I:

• Baseline Survey and Information Treatment

January 1 - July 15, 2023

Phase II:

• First Destination Survey: job outcomes

Phase I: Pre-Treatment Data Collection

Eligible13 students received a Phase I survey invitation from the UC Berkeley Career Center

on August 15, 2022 prior to any Career Center events - in particular, the early Fall career fair and
11Because external beliefs on the 75th percentile are a variable of interest, they will be in the main specification and

thus are not a control.
12Pilot versions of the surveys - without the intervention - were run at Columbia University in July 2021 and again

at UC Berkeley in 2022.
13All students registered within the UC Berkeley enrollment system to graduate in May 2023.
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on-campus interviews. The survey remained open from August 15th to September 18th. Phase I

included both the baseline pre-treatment survey as well as the intervention. All students filled out

a pre-treatment online survey, which collected data on their demographics (gender, race/ethnicity,

parental education, family income quintile), risk attitudes, academic record, and major. As dis-

cussed in Section 3.2, randomization into treatment and control occurred after students submitted

their demographic and background information.

In the next section, we acquire data on student beliefs about the external wage distribution. To

do so, we asked students the average salary, 25th percentile salary, and 75th percentile salary for

students graduating from their major at UC Berkeley in the past year.14 We argue that for each

individual student, the error in students’ guesses from the actual statistic constitutes a measure of

how informed students are: et ceteris paribus, a student who underestimates the 25th percentile by

$20,000 is less informed than a student who underestimates the 25th percentile by only $1,000.

Third, we ask students about their expected personal wages. Expected personal wages differs

from the above, which tests students’ knowledge about the external wage distribution; questions

about what students personally expect help us identify what wage each individual student intends

to accept or reject jobs at. We have two important measures. First, students were asked for their

reservation wage as: “What is the minimum annual salary you would require in order to accept a

job?" This characterization of the reservation wage exactly matches that of our job search theory

from Section 2, in which students reject job offers below the reservation wage and accept job

offers above the reservation wage. Second, students were asked for their mean expected wage as:

“What is the annual salary you expect to accept?" Together, the two questions establish the range

of salaries that students are expecting and will allow us to measure the impact the information

intervention has on pre-search reservation wages.

14Questions asked took the following format: “What do you believe was the 25th percentile (bottom 25%) annual
salary for students graduating last year within your major at UC Berkeley? The 25th percentile is the salary of the
bottom 25% of your major. Thus, if your major contains 100 people, and you rank them in order of salary from 1
(lowest) to 100 (highest), the 25th percentile salary would be that of the 25th person." The language we use to describe
percentiles in these questions derives from comparable surveys on taxation from Hvidberg Kreiner and Stantcheva
(2021), and we pre-tested this language on comparable undergraduates at Columbia University for comprehension.
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Treatment: Information Intervention

After baseline questions, students sorted into treatment received a major-specific information

infographic. The intervention provides the external wage distribution: the starting salary distribu-

tions of students from prior years of graduating UC Berkeley seniors in students’ specific major.15

Students were informed of the median, 25th percentile, and 75th percentile salaries for their major

from the previous 3 years. Where available from the Career Center, data by sector, i.e. salaries for

X major in Y sector, were given as well.16 See Figure 1 for an example for applied mathematics

majors.

To follow-up, we check students’ reactions to the information. We ask them to confirm the

median salary of the major (based on the infographic they saw). We additionally re-ask students’

reservation wages and expected wages, to measure how students incorporate the information into

their personal expectations and intended job acceptance behavior.

The control group does not receive an infographic; instead, they only receive reminders about

early Fall career fair and on-campus interviews (which are also included for the treatment group).

However, we also re-ask students’ reservation wages and expected wages. This serves as a check

that students’ personal wage expectations are stable. Additionally, it provides comparability to the

treatment group: experimentalists may worry that survey fatigue or experimenter demand effects

could lead to a second measurement of expected personal wages to be lower or higher than a first

measure; a second measurement for the control group thus accounts for these possibilities and

provides robustness.

15Students were asked to self-report majors from a drop-down list; double-majors are thus classified based on which
major the student themselves picked.

16There are five sectors: (1) Business (a for-profit organization that provides a service), e.g. financial consulting,
(2) Industrial/Manufacturing (an organization that produces a product), e.g., computer manufacturer, (3) Nonprofit,
(4) Education, and (5) Government. The Career Center collected sector data from prior years of students; students
self-reported their job sector based on the descriptions above.
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Phase II: Post-Treatment Data Collection

In Phase II, we collect data on students’ actual job outcomes. Because our questions were simi-

lar to the Career Center’s annual “First Destination Survey" (FDS) collecting data on job outcomes

of graduating seniors, we worked together to synthesize the surveys - our Phase II survey is thus

completely incorporated into FDS. See Online Appendix C for a list of questions from the FDS.

Phase II ran in the later half of the year, from January 1 - July 15, 2023, in order to coincide with

annual FDS timing. We re-ask students about salary beliefs to measure if the information inter-

vention led to persistently different beliefs for the treatment group compared to the control group.

In addition, we gathered comprehensive information about the final job offer students accept: the

location, salary, amenities, and satisfaction with their offer.17 To better understand earnings dy-

namics, we asked students to decompose their salary offer into base salary and extra compensation.

To incentivize students to respond, we provided compensation for completing the FDS if stu-

dents had also completed the baseline survey. Students were compensated $10 and entered into a

drawing for three $150 Amazon gift cards. Of the 1110 eligible students in the study population,

we received 531 completed responses to our second survey (47.8% response rate compared to the

first survey, 6.1% compared to all eligible students).18

Attrition between surveys is consistent across treatment and control. In pure numbers, 50.5% of

our post-attrition sample is in control and 49.5% is in treatment. Across pre-treatment demographic

variables, we find similar balance as in the baseline sample. Table 2 compares summary statistics

between treatment and control across the same baseline characteristics as Table 1. As before, for

each variable X (e.g. a 0-1 indicator for female), we regress X on a 0-1 indicator for treatment and

report the coefficient on treatment in the second-to-last column of the table, with the p-value in the

last column. Across 22 variables, we find that only financial aid status is unbalanced at the 5%

level. To increase precision, we thus control for financial aid status (in addition to parent’s highest

17While we also intended to ask students for their application, interviewing, and negotiation behavior - this was left
off the FDS to due an administrative error, and so we only have this data for a very small subset of our sample.

18For comparison, Cortes et al. (2023) run their job search survey for college alumni in three phases. The second
follow-up phase led to about 50% of the respondents in the previous phase continuing to respond, while the third led
to 33% of the original group responding.
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education from the original balance table) as a balance variable in all regressions.

1.3.4 Analysis Sample

We restrict our sample via several coherence questions. First, we required students answer

all three questions on external beliefs and both questions on personal wage expectations with co-

herent numbers. Second, we required students to have coherent beliefs: beliefs about the 25th

percentile needed to be lower than or equal to that of the 75th percentile, and the minimum wage

one would accept needed to be lower than or equal to their expected wage. Third, we required that

students needed to answer at least one of the wage expectation questions post-treatment. Finally,

we winsorize all belief and wage variables at the 1% level.19 Our resultant sample is thus 887

observations.

1.3.5 Causality

A randomized controlled trial provides clear causality: any differences between treatment and

control should be due only to the information intervention treatment. We can additionally provide

more precision by controlling for baseline characteristics. A key strength of the research design

is that the information intervention not only tests the information asymmetry hypothesis, but also

measures other mechanisms – such as differences in risk aversion, confidence, valuation of non-

wage amenities, liquidity constraints, and more – which allows us to examine heterogeneity on

the impact of information across traditional behavioral differences. One concern may be that the

treatment will percolate to the control group, if the treatment group widely shares the information.

However, this would only lower any point estimates of the treatment effect, so our results can be

interpreted as a lower bound on the effect of accurate information.

19For comparison, Jager et al. 2023 winsorizes at the 2% level, and Cortes et al. 2023 winsorize beliefs to between
$25,000 and $175,000. Our winsorization results in a range of $10,000 and $250,000, suggesting a more generous use
of the raw data than comparable papers.
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1.4 Errors in Beliefs Influence Reservation Wages:

Descriptive Evidence

Prior to the intervention, we find via the baseline survey empirical facts about beliefs over

available wage distributions. This builds upon a nascent but growing literature measuring workers’

beliefs and perceptions about the labor market.

1.4.1 Empirical Finding 1: Prior to labor market entry, college students have errors in beliefs

about available wage distributions.

We find that prior to labor market entry, students have errors in beliefs about available wage dis-

tributions. We asked students for the major-specific 25th percentile, average, and 75th percentile

salaries for UC Berkeley students graduating last year from the student’s chosen major. Figure 3

displays histograms of the log deviation of beliefs from true salary statistics, while Figure B1 in

Appendix B provides the same graph in percent deviations.20 Following our model, we use log

deviations to isolate the error component, which controls both for outliers and for the fact that

majors have widely variant salaries. Log deviations are calculated as follows:

log (Believed Percentile Salary) − log (True Percentile Salary)

Panel (a) shows the results for the 25th percentile. 79.3% of students underestimate the 25th

percentile, with an average underestimation of 23.6%. Panel (b) shows results for the average.

Since UC Berkeley does not have true salary data by average but only by median, we calculate:

log(Believed Average) - log(True Median), thus making the assumption that the average and me-

dian are comparable. A bit over half (55.9%) of the students “underestimate," with the average

student underestimating by 1.5%. Panel (c) shows results for the 75th percentile. 61.8% of stu-

20One may ask why not just use percentiles. However, percentiles are still susceptible to outliers in the data - an
individual who believes the 75th percentile salary for their major is $200,000 when the true 75th percentile salary is
$62,000 is overestimating by over 1000% despite not having a particularly outlandish guess. This is an actual data
point which occurs, and can skew the overall distribution.
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dents overestimate the 75th percentile, with the average student overestimating by 17.3%. Panel

(d) shows the results for the interquartile range, calculated as the 75th percentile - the 25th per-

centile. We find that 90% of students overestimate the interquartile range, with the average student

overestimating the interquartile range by 153%. Across students, there is large variation in error

and direction of error. Students underestimate the 25th percentile and median by as much as -100%

and overestimate by as much as +200%, while underestimating the 75th percentile by as much as

-100% and overestimating by as much as +400%. Range estimations are incorrect by as much as

-100% to +1500%.

One remaining question is whether the results are being driven (a) by students underestimating

the 25th percentile and overestimating the 75th percentile, or (b) whether the same students who

are underestimating the 25th percentile are also underestimating the 75th percentile. We find that

(b) is more likely to be the case. To test this, we regress an indicator for overestimation of the

75th percentile on overestimation of the 25th percentile and separately for on overestimation of

the median. At the 1% significance level, students who overestimate the 25th percentile are 27%

more likely to overestimate the 75th percentile, and students who overestimate the median are 41%

more likely to overestimate the 75th percentile. Results are qualitatively similar when we reverse

the order and use overestimation of 75th percentile as a predictor for overestimation of the other

percentiles. This suggests that from the perspective of first-order statistical moments, students

who overestimate (underestimate) one percentile statistic are more likely to overestimate (underes-

timate) another percentile statistic. However, because 90% of students also had overestimations of

the interquartile range, reversals of this trend can occur between the 25th and 75th percentile due

to the second-order statistical moment (from higher variance). For example, a student who vastly

underestimates the 25th percentile should also underestimate the 75th percentile. In contrast, a stu-

dent who barely underestimates the 25th percentile could have their second-order range error be

very large, leading to an overestimation of the 75th percentile even if, in general, underestimating

the 25th percentile makes it more likely to underestimate the 75th percentile.
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1.4.2 Empirical Finding 2: Student’s personal wage expectations are positively correlated with

their beliefs about the external wage distribution.

We find that students with higher beliefs about the 25th percentile, the average, and the 75th

percentile for the external distribution also have higher reservation wages and higher expected

wages. We measure personal wage expectations as (1) the reservation wage, or the minimum wage

students would require to accept a job, and (2) the expected wage, or the wage students expect

to accept.21 In Figure 3, we graph bin scatters of log reservation wages (in light blue) over log

external wage beliefs, and log expected (in dark blue) wages over log external wage beliefs. Slopes

of personal expectations over the external belief range between 0.527 to 0.835, showing a positive

correlation. On the other hand, external beliefs about the interquartile range are less correlated with

personal wage expectation: for each log point increase in interquartile range, the log reservation

wage only increases by 0.123 points, while the log expected wage increases by 0.164 points.22

In our next section, we turn to our experiment for causal results.

1.5 Correcting Errors in Beliefs Changes Labor Search Behavior: Experimental Evidence

In this section, we discuss our experimental results, and analyze how changing students’ infor-

mation about the available external wage distribution affects their personal wage expectations and

later on, their actual job outcomes.

1.5.1 Information changes students’ personal wage expectations.

First, we establish that the information treatment shifts students’ personal wage expectations,

conditional on their original error in overestimation or underestimation. Treatment-group students

who underestimated initially should increase their reservation wages, while treatment-group stu-

dents who overestimated should decrease their reservation wages. In the control group, the two

21While the reservation wage is more economically useful because it is the equilibrium solution to the job search
problem, the expected wage is potentially more intuitive to students.

22The same relationship occurs for levels rather than logs; see Figure B2 in Appendix B.
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measurements of the reservation wage should be the same.23 In Figure 4, we graph the log change

in reservation wage (logwR2 − logwR1) against the original log estimation error (log (Believed

Percentile Salary) - log (True Percentile Salary)). Since estimation error is represented via belief

minus truth, overestimation is represented by positive numbers on the x-axis, while underestima-

tion is represented by negative numbers on the x-axis. Thus, since treatment-group students who

overestimated should decrease their reservation wages while treatment-group students who under-

estimated should increase their reservation wage in response to the information intervention, we

expect a negative relationship on the graph. We find that this negative relationship is the case. For

each of the 25th percentile, median, and 75th percentile graphs, the treatment group (in red) has

a negative slope, while the control group (in blue) has a slope of close to 0. This suggests that as

conjectured, treatment changed students’ personal reservation wages.

In addition to first moment effects on overestimation and underestimation, we also expect a

second moment effect: students in treatment who overestimated the interquartile range should

shrink their reservation wage, while students in treatment who underestimated the interquartile

range should increase their reservation wage (as noted in Proposition 2). Graphically, we see in

Figure 4 that a negative relationship holds as well. However, it is not as visually stark. To better

clarify these results, we turn to our regression specification to quantify our results.

Our conjecture is that students with larger errors in the external wage distribution will change

their reservation wages by more. To quantify this relationship, we use a learning rate regression,

to measure the impact of information on our variable of interest, following similar literature in

information provision experiments.24 Our regression is as follows:

Yi = β0 + β1Di + β2Xi + β3Di Xi + γControlsi + εi (1.2)

where Yi is change in reservation wage, Di is the treatment indicator, and Xi is a vector of student’s

23Recall we also took a second measurement of the reservation wage at the same time for the control group to
account for survey fatigue effects.

24Haaland et. al. 2023 provide a comprehensive summary of the literature in econometric measurement of informa-
tion interventions.
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estimation error: (log (Believed Percentile Salary) - log (True Percentile Salary)). Our Xi vector is

composed of two parts:

1. Centrality: Centrality measures the first stastitical moment of students’ overall underesti-

mation or overestimation of the distribution. Our main specification will focus on estimation

error of the median.25 As before, overestimation is recorded as a positive value while under-

estimation is a negative value, so we expect β3,Centrality to be negative.

2. Spread: Spread measures the second statistical moment of whether students’ overestimate

the variance (or range) of the distribution. We thus use the students’ estimation error of the

interquartile range. As with centrality, overestimation is recorded as a positive value while

underestimation is a negative value, so we expect β3,Spread to be negative.

We use both centrality and spread as one vector within the same regression to account for the stu-

dent’s error across the whole distribution. Since wages are log normal distributions, and log normal

distributions are fully characterized by their first-moment mean (center) and second-moment vari-

ance (spread), having one measure of centrality and one measure of spread allows us to fully

characterize student’s estimation error. Our parameter of interest is thus the vector of β3 =(
β3,Centrality β3,Spread

)
, which indicates the log dollar change in reservation wage for each log

dollar change in beliefs about the external wage distribution.

As controls, we include indicators for the three strata (male, white, STEM) and balance vari-

ables (parental education level and financial aid status). We also control for three behavioral co-

variates: willingness to take daily risk, willingness to take financial risk, and confidence, which

have been shown to relate to inefficient search behavior (Cortes et al. 2023).26

25We use the other first moments (error in 25th percentile and error in 75th percentile) as robustness checks and
find qualitatively similar results. The median is the main specification because it is the most intuitive as the center.
Additionally, because the spread is the interquartile range, it encapsulates information about the 25th percentile and
75th percentile, so using the median incorporates all information we receive from each student.

26Cortes et al. (2023) finds risk aversion and confidence as the two key behavioral drivers of inefficient search
behavior, so we control for the same behavioral traits. As part of our survey, we collect data on risk aversion exactly
as Cortes et al. measure it to derive a comparable stimate for our results. Risk aversion is measured as two items: (1)
“How would you rate your willingness to take risks in daily activities?" and (2) “How would you rate your willingness
to take risks in financial matters?". Each of these questions is answered via a 7-point scale from “Not willing at all"
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In Table 3, we show the results of our regression, and find that β3,Centrality and β3,Spread are

both negative and statistically significant. In column (1), we find that the information treatment’s

correction of a 1% overestimation of the center of the distribution decreases the reservation wage by

-0.23%; conversely, the information treatment’s correction of a 1% underestimation of the center of

the distribution increases the reservation wage by +0.23% (p < 0.05). In column (1), we also find

that we find that the information treatment’s correction of a 1% overestimation of the spread of the

distribution decreases the reservation wage by -0.044%; conversely, the information treatment’s

correction of a 1% underestimation of the spread of the distribution increases the reservation wage

by +0.044% (p < 0.01). For robustness, we use the 25th percentile estimation error and the 75th

percentile estimation error as alternate measurements of the error in centrality and find similar

results. Robustness results can be found in Table B1.

Are students’ average expected wages affected differently than their reservation wages? We

find that the same patterns hold for average expected wages as for reservation wages, but with

slightly modified point estimates. In Figure 6, we graph the change in expected average wage

(log E[w]2− log E[w]1) against the original log estimation error (log (Believed Percentile Salary) -

log (True Percentile Salary)). Similar to the reservation wage graphs in Figure 4, we find a negative

relationship for the treatment group: treatment-group students who overestimated the center of the

distribution decrease their average expected wages, while treatment-group students who underesti-

mated the center of the distribution. In addition, we find a second moment effect: treatment-group

students who overestimated the interquartile range shrink their reservation wage after treatment,

while treatment-group students who underestimated the interquartile range increase their reserva-

tion wage. Column (2) of Table 3 quantifies these results. We find that in comparison with the

control group, the information treatment’s correction of a 1% overestimation of the center of the

distribution decreases the average expected wage by -0.37%; conversely, the information treat-

to “Very willing". Confidence is constructed using students’ estimates of their GPA’s rank compared to its true rank.
Students are asked: “Using your best guess, how does your GPA compare to the rest of the students in your major in
your graduating year? Select your rank in percentage terms relative to others. For instance, if your choice on the slider
is 80, then you believe your GPA is higher than 80% of your major." Confidence is then equal to estimated rank - true
rank, with true rank measured as the true GPA rank of students within the sample.
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ment’s correction of a 1% underestimation of the center of the distribution increases the average

expected wage by +0.37% (p < 0.01). In column (1), we also find that we find that the information

treatment’s correction of a 1% overestimation of the spread of the distribution decreases the reser-

vation wage by -0.031% and vice versa for underestimation; however, this effect is not statistically

significant. Thus, average expected wages respond similarly to reservation wages; however, as

reservation wages are a more economically salient measurement of job search behavior (as noted

in the theory), we will focus on reservation wages as our main parameter of interest.

Overall, how do reservation wages change in our experiment? Because slightly more students

underestimated in our sample, we might expect that on net, the reservation wage for the treatment

group should be higher than that of the control group. However, because 90% of students also

overestimated the variance of the distribution, we might expect that the treatment group has a

lower reservation wage overall. In Figure 6, we graph the cumulative distribution functions of

the reservation wage by control and treatment. We find that the first effect dominates the second:

a Kolmogorov-Smirnov test of the difference between distributions establishes that reservation

wages are overall higher for the treatment group with 10% significance (p = 0.053).

Thus, we establish that the information treatment shifts students’ personal wage expectations.

This provides a first-stage to analyze students’ post-search job outcomes.

1.5.2 Information changes earnings and employment.

A novel contribution of this paper is that we are able to observe actual earnings and employment

outcomes in Phase II after treatment, rather than just intended search behavior. These results allow

us to draw conclusions about how the treatment affects students’ actual earnings and employment

outcomes.

Estimation Strategy

We use a two-stage least squares (2SLS) identification strategy to identify a local average treat-

ment effect of the information intervention on post-school earnings and employment outcomes.
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Our endogenous variable is the reservation wage, while our instrumental variable is the treatment

and treatment interacted with initial estimation error. Because the reservation wage is a sufficient

statistic for individual preferences and utility behavior, this econometric strategy allows us to effec-

tively control for idiosyncratic differences across individuals. In addition, 2SLS gives us a more

precise estimate of the true impact of information, since reduced form specifications in experi-

ments can only recover an intention-to-treat (ITT) effect, which may be diluted if subjects don’t

internalize the information treatment.27

Our specification is:

First Stage: w̃i = β0 + β1Di + β2Xi + β3Di Xi + γControlsi + εi (1.3)

Second Stage: Outcomei = α0 + α1w̃i + α2Xi + γControlsi + εi (1.4)

where w̃i is the post-treatment log reservation wage28, Di is the treatment indicator, and Xi is a vec-

tor of student’s estimation error: (log (Believed Percentile Salary) - log(True Percentile Salary)).

As before, our Xi vector is composed of two parts:

1. Centrality: Centrality measures the first stastitical moment of students’ overall underesti-

mation or overestimation of the distribution. As before, our main specification will focus on

estimation error of the median.

2. Spread: Spread measures the second statistical moment of whether students’ overestimate

the variance (or range) of the distribution. As before, we use the students’ estimation error

of the interquartile range.

The validity of the 2SLS as a local average treatment effect requires (1) exogeneity, (2) exclu-

sion, (3) relevance, and (4) monotonicity. First, for exogeneity, our instrument must be uncorre-
27We include the reduced form specification in the Appendix in Table B2 for interested readers.
28For the control group, this is the second measurement of the reservation wage. We use the log of the reservation

wage rather than the difference in logs because we expect that for our second stage, that the reservation wage itself
should matter, rather than the change in reservation wage. For example, a student who shifts from a reservation wage
of $20,000 to $22,000 experiences the same log difference as a student who shifts from a reservation wage of $40,000
to $44,000. However, we would expect the student with a $44,000 reservation wage to have a higher accepted salary
than the student with a $22,000 reservation wage.
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lated with the error term. Since treatment is randomly assigned, this condition is fulfilled. Second,

for the exclusion restriction, our instrument (the information treatment interacted with estimation

error) can only affect the outcome via the endogenous variable (reservation wage). As shown via

the job search model in Section 2, everything - from individual preferences for leisure to the infor-

mation treatment itself - “passes through" the reservation wage to affect an agent’s job outcomes,

so this is fulfilled. Third, for relevance, we must show that the instrument affects the endogenous

variable. In the previous section, we showed that treatment affects the reservation wage. To ad-

ditionally formally test for weak instruments, we report at the bottom of each upcoming table the

Anderson-Rubin χ2 statistic and correspondent p-value. Fourth, for monotonicity, the treatment

should affect identical individuals in the same way. Because the instrument uses Treatment com-

bined with Estimation Error (which is positive for overestimation and negative for underestimation,

both leading to a negative coefficient in the first stage), this is the case.

Our parameter of interest is α1, which indicates the log dollar impact on outcome (e.g. final

accepted wage) for each log dollar of the reservation wage. We expect α1 to be positive: those who

increased their reservation wage should increase their actual earnings.

Results

In Table 4, we report α1 for a variety of job outcomes. We first discuss the impact on earn-

ings, before discussing the impact on employment. In theory, we should expect students whose

reservation wages increased to accept jobs with higher wages but wait longer to accept jobs (less

likely to be employed by graduation). Conversely, students whose reservation wages decreased

should accept jobs with lower wages but be more likely to have accepted a job (more likely to be

employed by graduation).

5.2.2.1 Earnings

We find that consistent with theory, increasing the reservation wage via the information channel

increases Log Total Salary, conditional on being employed. In Table 4 Column (1), we examine

the effect on Log Total Salary and find a coefficient of 1.283, significant at the 5% level. Under
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this coefficient, each 1% increase in reservation wage due to the information intervention leads to

1.283% increase in Log Total Salary. For robustness, we compute Anderson-Rubin 95% confi-

dence intervals, and find that the coefficient is between [0.30,3.73]. This rules out both a negative

effect of reservation wage changes on total salary, as well as a null effect.

Is this increase in earnings due to an increase in base salary numbers or due to an increase

in bonus compensation (e.g. signing bonus)?29 We find that both are the case. In Table 4 Col-

umn (2), we examine the effect of a 1% increase in reservation wage on log base salary. We find

a coefficient of 1.342, significant at the 10% level. Under this coefficient, each 1% increase in

reservation wage due to the information intervention leads to 1.34% increase in Log Base Salary.

Anderson-Rubin 95% confidence intervals, however, cannot rule out negative values (but are pri-

marily in the positive domain). In Table 4 Column (3), we examine the effect of a 1% increase

in reservation wage on the likelihood of receiving bonus compensation, and find a coefficient of

1.262, significant at the 10% level. Under this coefficient, each 1% increase in reservation wage

due to the information intervention leads to 1.26% increase in the likelihood of receiving bonus

compensation. The associated Anderson-Rubin 95% confidence interval is [0.61,4.05], suggesting

that we can rule out negative and null effects. In Table 4 Column (4), we examine the effect of

a 1% increase in reservation wage on the amount of bonus salary. We find a non-significant co-

efficient of 2.000, so a 1% increase in reservation wage leads to a 2% increase in the amount of

signing bonus, conditional on receiving a bonus. However, the Anderson-Rubin 95% confidence

intervals are very wide ([-13.6, 17.7]) and relatively centered around 0, suggesting that this result

is tenuous. Thus, we conclude that the increase in total earnings is due both to an increase in base

salary numbers and to an increase in the likelihood of receiving a bonus, but that the effects on the

amount of the bonus is ambiguous.

5.2.2.2 Employment

We find that consistent with theory, increasing the reservation wage via the information chan-

29In data collection, the relevant question is “How are you compensated?" There are three fill-in blanks: (1) Base
Salary, (2) Signing Bonus (not required), (3) Other guaranteed compensation (not required). We report both (2) and
(3) as one combined bonus income variable.
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nel decreases the likelihood of employment by graduation (although this result is not statistically

significant). In Table 4 Column (5), we examine the effect of a 1 point increase in log reservation

wage on the likelihood of employment (measured via a 0-1 indicator). We find that a 1% increase

in reservation wage via the information treatment leads to a -0.564% lower likelihood of being

employed. Although the result is not statistically significant, our computed Anderson-Rubin 95%

confidence interval is [-2.28,0.11], which is primarily negative. We can thus rule out strong effects

in the opposite direction of theory, which predicts that higher reservation wages should lead to

longer periods of unemployment.

We also examine the effects of increasing the reservation wage via the information channel on

the likelihood of attending graduate school.30 In Table 5 Column (6), we examine the impact of

a 1 point increase in log reservation wage on the likelihood of employment (measured via a 0-1

indicator). We find that a 1% increase in reservation wage via the information treatment leads

to a -0.256% lower likelihood of attending graduate school. This result is also not statistically

significant, but the Anderson-Rubin confidence interval of [-0.93,-0.56], which is a purely negative

range. The negative effects on graduate school are consistent with a job search framework, as

graduate school tends to pay lower salary (or no salary) compared to traditional post-college jobs

in the private sector.

5.2.2.3 Summary and Robustness

Our results are consistent with a reservation wage job search model, in which students with

higher reservation wages reject jobs more - leading to a higher likelihood of unemployment but

also a higher expected final wage. For additional robustness, we use alternative specifications with

the 25th percentile and 75th percentile as the measures of centrality, respectively. Table B3 in the

Appendix shows those results are qualitatively similar for both earnings and employment.

30Please note that we received our data in July, so there is a chance students reneged prior to attending their graduate
programs.
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1.5.3 Subjective Beliefs Lead to Higher Wage Dispersion

What is the overall impact of errors in beliefs on the wage distribution? In Figure 7, we see

a more compressed final wage distribution for the treatment group: while some students, whose

reservation wages were increased, rejected more jobs and accepted higher final wages, other stu-

dents, whose reservation wages were decreased, accepted lower final wages (and thus increased

their likelihood of accepting earlier). The distribution we observe is consistent with empirical pa-

pers showing that pay transparency leads to a more compressed wage distribution (Cullen 2023).

We can econometrically test this hypothesis. First, we use Bartlett’s equal variances test to

compare the distributional variance of the reservation wage between treatment and control.31 We

find a χ2 value of 1.26 that the variances are different, with a p-value of 0.26. We also find that

for log total salary, a χ2 value of 0.97 that the variances are different, with a p-value of 0.32. This

suggests that statistically, there is no difference. However, our power (and sample size) may be too

low to draw conclusions.

How are students’ personal wage distributions affected? Previous job search model papers

(Hornstein et al. 2011) define the mean-min wage ratio, as

Mm ≡
E[w]
wR

where E[w] is a worker’s expected wage, and wR is a worker’s reservation wage. Hornstein et

al. 2011 prove that the mean-min wage ratio is a sufficient statistic for wage dispersion of a

worker’s personal wage distribution. Because we measure both the worker’s expected wage E[w]

and the reservation wage wR post-treatment, we can test the impact of perfect information on

wage dispersion. To do so, we regress the mean-min wage ratio post-treatment on an indicator

for treatment, controlling as before for strata, balance variables, and behavioral covariates. We

find in Figure 9 that treatment leads to a 0.13 unit decrease in the mean-min wage ratio, which is

indicative of a decrease in general wage dispersion. Thus, workers’ personal wage distributions

31Here, we use the second measurement of the reservation wage, post the timing of treatment.
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have lower variance under perfect information than under subjective beliefs.

1.6 Model Estimation: Numerical Comparative Statics

How do our empirical results compare to what our theoretical model predicts? We use our

Section 2 model to simulate a grid of potential values for the impact of centrality and spread on

reservation wages, and compare to the empirical values we find in our data.

To solve for reservation wages under our model, we set some starting parameters. First, we use

the CRRA utility function:

u(w) =
w1−η

1 − η

to reflect that agents can be risk averse, with a risk aversion parameter of η = 1.5.32 We additionally

set a discount factor β = 0.95 and an offer arrival rate λ = 0.3.33 Finally, we set unemployment

earnings to $10,000, reflecting a lower value since college students are not typically immediately

eligible for unemployment insurance but may have other means of income that serve as an outside

option.

As in our model, we assume that wage distributions are log normally distributed N(µ,σ2).

Using a grid34 of µ ∈ [10.5,11] and σ ∈ [0.2,0.3], we simulate reservation wages using Equation

(1) from Section 2.2, and solve for the slope of the reservation wage with respect to µ, ∂ logwR

∂µ , and

the slope of the reservation wage with respect to σ, ∂ logwR

∂σ . As an example, we find that for µ = 11

and σ = 0.25, the calculated annual reservation wage is $79,082.53, and that ∂ logwR

∂µ = 0.877 and
∂ logwR

∂σ = 0.982. Figure 9 displays our results for the simulation grid. Overall, we find that ∂ logwR

∂µ

ranges between [0.87,0.91], while ∂ logwR

∂σ ranges between [0.98,1.21].

How does this compare to our empirical estimates? Using students’ beliefs about the 25th

percentile and 75th percentile earnings, denoted wP25 and wP75 respectively, we are able to estimate

32Cortes et al. (2023) estimate model parameters of risk aversion η = 1.487 for men and η = 1.738 for women.
33Arcidiacono et al. (2022), which estimates a continuous time job search model, find an offer arrival rate of

between 0.294 and 0.495.
34These are approximations of the average µ and σ that we see in the true salary data.
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beliefs over µ and σ. Under log normality,

µ =
log(wP75) + log(wP25)

2

σ =
log(wP75) − µ
√

2erf−1(0.5)

We can estimate µ and σ for both believed wage distributions and true wage distributions. For our

treatment students, then, δµ = µtrue − µbelieved and δσ = σtrue −σbelieved . Then, we can calculate:

∂ logwR

∂µ
=

logwR,2 − logwR,1

µtrue − µbelieved

∂ logwR

∂σ
=

logwR,2 − logwR,1

µtrue − σbelieved

where wR,1 is the reservation wage measured pre-treatment and wR,2 is the reservation wage mea-

sured post-treatment. We can then calculate an individual slope (i.e. responsiveness of reservation

wages to centrality µ and spread σ) for each student. We take the assumption that to have a rele-

vant slope, students must have responded the information in some way, so we drop in this exercise

any student who had a reservation wage change in 0. In the opposite direction, we trim the slopes

at the 1% level to avoid outliers of students who greatly changed their reservation wages. Under

these assumptions, we find the following average values:

∂ logwR

∂µ
= 0.868

∂ logwR

∂σ
= 0.265

While ∂ logwR

∂µ = 0.868 is very close to the predicted ∂ logwR

∂µ ∈ [0.87,0.91], our empirical ∂ logwR

∂σ

estimate is lower than our predicted estimate. This may reflect our assumption of using CRRA

utility in the theory, or alternatively may reflect the fact that students were not directly given the

variance in our information treatment. Additionally, the data showed much more heterogeneity
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than the model would predict. Figure 10 shows our empirical estimates of ∂ logwR

∂µ and ∂ logwR

∂σ .35

We find that slope estimates for students are largely variant, suggesting that students have poten-

tially large heterogeneity on preferences parameters such as utility functions, risk aversion, values

of unemployment, and more.36

1.7 Heterogeneity

In Section 7, we discuss heterogeneity in results. We first explore differences in results between

subjects who overestimated or underestimated, before examining differences in results between

subjects across different backgrounds.

1.7.1 Overestimation vs. Underestimation

Do overestimators respond to information equally as underestimators? The behavioral refer-

ence point literature suggest possibly not; agents have been shown to be loss averse, in particular

not updating beliefs to unfavorable information (Kahneman et al. 1991, Tversky and Kahneman

1991, Villas-Boas 2023). Thus, due to loss aversion, overestimators may be less responsive to an

information intervention than underestimators. Because we have both overestimators and underes-

timators in our sample, we can test this hypothesis.

First, we split our sample into overestimators and underestimators, categorized by whether stu-

dents underestimated or overestimated the center of the distribution. Table 5 shows results for a

regression in log change reservation wage on change in reservation wage, treatment, and treatment

interacted with estimation error.37 Column (1) shows results for overestimators; Column (2) shows

results for underestimators. At the 95% confidence level, our results suggest there is no signifi-

cant difference in response to the information treatment between students who underestimated and

students who overestimated.
35For visual purposes, we trim the axes at the 10% level, but the same graph is available with the full data in

Appendix Figure B5.
36Some of the values are negative. We note that because these are partials (holding all else constant), but we measure

the impact of the intervention after a change in both µ and σ, students still respond in the correct direction overall,
but not in the context of partial derivatives regarding one component.

37Refer back to Equation 1 in Section 5.1 for the exact specification.

31



Second, to test the impact of information on actual job outcomes, we split our 2SLS first stage

such that in the instruments, our treatment indicator is always only interacted with overestimators

or underestimators. The specification is as follows:

First Stage: w̃i = β0 + β1DiOCi + β2DiUCi + β3DiOSi + β4DiOCi |Mi | + β5DiUCi |Mi |

+β6DiOSi |Ri | + β7DiUSi |Ri | + β8OCi + β9OSi + β10Mi + β11Ri

+γControlsi + εi

Second Stage: Outcomei = α0 + α1w̃i + α2OCi + α3OSi + α4Mi + α5Ri + γControlsi + εi

where OCi is an indicator for overestimating the center of the distribution and UCi is an indi-

cator for underestimating the center of the distribution, OSi is an indicator for overestimating the

spread of the distribution and USi is an indicator for underestimating the spread of the distribution,

Di is the treatment indicator, Mi is the estimation error of the center38, and Ri is the estimation

error in the range. Our parameter of interest is α1. In essence, we use the same 2SLS regression as

in Section 5.2, but allow flexibility in variation between overestimators and underestimators in the

first stage.

The added flexibility increases the power of our first stage, and consequently the statistical

significance of our results. We report results in Table 6.

For earnings, we find similar coefficients to our main results, but with more statistical signif-

icance. In Column (1), we find that a 1% increase in reservation wage due to the information

intervention leads to 1.065% increase in Log Total Salary (p < 0.05), which is very comparable

to our coefficient of 1.283 in the main results. In Columns (2)-(4), we examine again whether this

increase in Log Total Salary is due to increases in base salary or extra compensation. We find in

Column (2) that a 1% increase in reservation wage due to the information intervention leads to a

1.174% increase in Log Base Salary (p < 0.01), again comparable to our coefficient of 1.342 in

the main results. In Column (3), we find that a 1% increase in reservation wage via the information

channel leads to a 0.824% increase in the likelihood of receiving bonus compensation (p < 0.05).

As with our main results, results on the amount of bonus compensation are inconclusive and sta-

38As before, (log (Believed Average) - log (True Median)).
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tistically indistinguishable from zero.

For employment, we find similar coefficients (and significance levels) to our main results. In

Column (5), we observe that a 1% increase in reservation wage via the information treatment

leads to a -0.313% lower likelihood of being employed, comparable with our original coefficient

of -0.564. Additionally, our Anderson-Rubin 95% confidence interval. Although the result is not

statistically significant, our computed Anderson-Rubin 95% confidence interval is [-1.48,-0.07],

which is fully negative. We can thus rule out both null and positive results on employment.

Thus, our results show that agents do not act differently between overestimation and underes-

timation. Overestimators respond equally to information as underestimators.

1.7.2 Demographic and Educational Differences

Next, we analyze differences in information and information responsiveness by gender, race,

and major.

Gender. Prior literature suggests that there may or may not be informational differences by

gender. On the one hand, Gallen and Wasserman (2022) show that when students in a field exper-

iment asked professionals for career advice, female students received different information than

male students; Baker et al. (2019) also find that pay transparency at the university level reduces

the gender wage gap in faculty salaries. On the other hand, Cortes et al. (2023) find no evidence

on gender differences in information about population earnings between male and female students

in their sample.

Similarly to Cortes et al. 2023, we find no differences in information by gender in our sample.

In Table 7 Column (1), we regress errors in log beliefs about the distribution on an indicator for

female/non-binary students. We find no significant differences across gender in estimation of the

center of the distribution (Panel A), or in the spread (Panel B). Coefficients are both insignificant

and very close to 0. In Table 8 Panel A, we analyze whether individuals respond differently to

treatment across gender. We find no significant differences for either earnings or employment.

Race. Similar to gender gaps, racial gaps persist in earnings, even when controlling for educa-
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tion and major (Patten 2016). In the education literature, Hoxby and Turner (2015) show in a field

experiment that high-achieving low-income students (who tend to be from minority backgrounds)

are more likely to apply for college when given more information. This suggests that similar to

gender, there may or may not be differences in information and information responsiveness.

We find very little significant differences in information by race in our sample. In Table 7 Col-

umn (1), we regress errors in log beliefs about the distribution on an indicator for underrepresented

minority (Black, Hispanic, and/or Native) students. We find no differences across underrepresented

minority status in estimation of the center of the distribution (Panel A), with a coefficient very

close to 0. However, we do find that underrepresented minority students underestimate the spread

(Panel B) of the distribution by 12.1% more, but this coefficient is not significant (p = 0.144). In

Table 7 Column (2), we regress errors in log beliefs about the distribution on an indicator for non-

white (Asian American, Black, Hispanic, and/or Native) students. We find no differences across

nonwhite status in estimation error on either the center (Panel A) or Spread (Panel B) of the dis-

tribution, with coefficients both very close to 0 and not statistically significant. In Table 8 Panel

B and C, we analyze whether individuals respond differently to treatment across race. Our only

statistically significant result shows that increasing reservation wage is more likely to increase the

amount of log bonus salary for underrepresented minority individuals, conditional on receiving a

bonus.39

Major. Next, we examine whether students across different majors have information differ-

ences. Because high-paying majors have more room to negotiate (due to salaries being bounded

below by 0), and because previous literature (Roussille 2023, Cortes et al. 2023) have particularly

noted inefficient search behavior in computer science and economics (both of which are tradition-

ally high-paying), it is more likely that high-paying majors exhibit higher error in estimating the

availability of external wages. To classify high-paying majors, we split our sample by the median

pay for the 75th percentile: majors with true 75th percentile pay above the median ($80,000) are

considered high-paying majors, while majors below the median are considered low-paying majors.

39We do, however, find a lot of selection into major by gender, consistent with results in Sloane et al. 2021, and by
race, consistent with results in Bleemer and Mehta 2023. However, this is outside the scope of our experiment.
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We find that high-paying majors are more likely to underestimate both the center and spread of

their major-specific distributions, but respond equally to the information treatment as low-paying

majors. In Table 6 Column (1),we regress errors in log beliefs about the distribution on an indicator

for students in high-paying majors. We find that students in high-paying majors underestimate the

center of the distribution (Panel A) by 18.7% more, significant at the 1% level. We also find that

students in high-paying majors underestimate the spread of the distribution by 21.9% more, sig-

nificant at the 10% level. However, regarding responsiveness to treatment (conditional on original

estimation error), we find no differences in Table 7 Panel D between high-paying and low-paying

majors.

Across gender, race, and major, only major exhibits strong information differences, with stu-

dents in high-paying majors more likely to underestimate both the spread and range of the dis-

tribution. In responsiveness to the information treatment, our only statistically significant result

shows that increasing reservation wage is more likely to increase the amount of log bonus salary

for underrepresented minority individuals, conditional on already receiving a bonus.

1.8 Conclusion

In this paper, we conduct an information intervention experiment to examine the impact of

correcting workers’ beliefs about the external wage distribution prior to the start of their employ-

ment search. We find that consistently, the information intervention changes workers’ reservation

wages: students given the information treatment adjust their reservation wages based on how far

they were from the accurate wage. This is robust to inclusions of prior behavioral explanations such

as confidence and risk aversion. We find also that for actual job outcomes, students who increased

their reservation wage as a result of treatment had higher actual wages, but a (non-statistically sig-

nificant) decrease in likelihood of employment. On the other hand, students who decreased their

reservation wage as a result of treatment had lower actual wages, but a (non-statistically signif-

icant) increase in likelihood of employment. This resulted in the wage distribution of treatment

group students being more compressed than that of the control group.
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The initial jobs that college graduates receive impact their life-long earnings. If higher informa-

tion transparency does mitigate inefficiency from imprecise beliefs, this is a replicable and low-cost

intervention that any university can implement for its students with high returns for efficiency.

36



Figures and Tables

Figure 1.1: Sample of information treatment.
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Figure 1.2: Log Deviation of Beliefs from True Salary (Within-Major).

Histogram of the error in students’ pre-treatment beliefs about the major-specific distribution. Students were asked
about the 25th percentile, average, and 75th percentile wage that students graduating within their major at UC Berkeley
received last year. Graph (a) shows error in beliefs about the 25th percentile. Graph (b) shows beliefs about the average
- the true median. Graph (c) shows error in beliefs about the 75th percentile. Graph (d) shows the range, calculated
using 75th percentile - 25th percentile. The red line at 0 indicates no error in beliefs, i.e. the situation where studets
have perfect information. Negative values in this histogram indicate underestimation, while positive values indicate
overestimation.

Questions asked took the following format: “What do you believe was the 25th percentile (bottom 25%) annual salary
for students graduating last year within your major at UC Berkeley? The 25th percentile is the salary of the bottom
25% of your major. Thus, if your major contains 100 people, and you rank them in order of salary from 1 (lowest) to
100 (highest), the 25th percentile salary would be that of the 25th person."
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Figure 1.3: Log Personal Wage Expectations v. Log Beliefs about External Wage Distribution.

Scatter plots comparing log reservation wage (in light blue) versus log beliefs about the major-specific external wage
distribution, as well as log average expected wage (in dark blue) versus log beliefs about the major-specific external
wage distribution. Scatters are binned at the discrete level. In order of top row to bottom row, the independent variable
is: (1) beliefs about the major-specific 25th percentile, (2) beliefs about the major-specific average, (3) beliefs about
the major-specific 75th percentile, and (4) the interquartile range, computed via (3) - (1). Relationships are positively
correlated, with slope m in the x-axis for each graph.
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Figure 1.4: Post-Treatment Change in Log Reservation Wage.

We take two measures of the reservation wage - one post-treatment and one pre-treatment (the control group is asked
at the same survey page timing as the treatment group). Reservation wages are asked as “What is the minimum annual
salary you would require in order to accept a job?" Figure 4 plots the change in log reservation wage over the error in
log beliefs (log belief - log actual). Red dots indicate the treatment group, while blue dots indicate the control group.
A linear relationship is graphed for both - as expected, the treatment group has a negative relationship, while the slope
for the control group is flat.
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Figure 1.5: Post-Treatment Change in Log Reservation Wage.

We take two measures of the average expected wage - one post-treatment and one pre-treatment (the control group is
asked at the same survey page timing as the treatment group). Average expected wage is asked as “What is the annual
salary you expect to accept?" Figure 5 plots the change in log reservation wage over the error in log beliefs (log belief
- log actual). Red dots indicate the treatment group, while blue dots indicate the control group. A linear relationship is
graphed for both - as expected, the treatment group has a negative relationship, while the slope for the control group
is flat.
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Figure 1.6: CDF of reservation wages, treatment v. control.

Figure 6 plots the CDF for reservation wages. Light blue indicates treatment, while dark blue indicates control. A
Kolmogorov-Smirnov test establishes that treatment first order stochastically dominates control (p = 0.053).

42



Figure 1.7: CDF of accepted wages, treatment v. control.

Figure 7 plots the CDF for accepted wages. Light blue indicates treatment, while dark blue indicates control.
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Figure 1.8: Coefficient on impact of treatment on mean-min wage raio.

Figure 8 plots coefficients for a regression of mean-min wage ratio on treatment.
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Figure 1.9: Simulation of ∂ logwR

∂µ and ∂ logwR

∂σ .

Using a grid of µ ∈ [10.5,11] and σ ∈ [0.2,0.3], we simulate reservation wages using Equation (1) from Section 2.2:(
1 − β(1 − λ)

)
u(wR) − u(b) = β

(
λu(E[w |µi, σi]) − u(b)

)
+ βλ

∫ wR

0
u′(w)F(w |µi, σi)dw

and solve for the slope of the reservation wage with respect to µ, ∂ logwR

∂µ , and the slope of the reservation wage with

respect to σ, ∂ logwR

∂σ . We assume CRRA utility u(w) = w1−η

1−η , with risk aversion parameter η = 1.5. We also set a
discount factor β = 0.95, an offer arrival rate λ = 0.3, and unemployment earnings b = 10000.
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Figure 1.10: Empirical Estimates of ∂ logwR

∂µ and ∂ logwR

∂σ .

Figure 10 solves for the slope of the reservation wage with respect to µ, ∂ logwR

∂µ , and the slope of the reservation wage

with respect to σ, ∂ logwR

∂σ , using treatment students’ beliefs about the 25th percentile and 75th percentile earnings
compared to true 25th percentile and 75th percentile earnings in the denominator, and the difference in post-treatment
versus pre-treatment reservation wages in the numerator. We take the assumption that to have a relevant slope, students
must have responded the information in some way, so we drop in this exercise any student who had a reservation wage
change in 0. In the opposite direction, we trim the slopes at the 1% level to avoid outliers of students who greatly
changed their reservation wages. For visual reasons, this graph trims values at the 10%, but the same graph at the 1%
level is available in the Appendix B: Additional Figures and Tables.
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Table 1.1: Descriptive Statistics and Balance

Control Treatment Difference
Mean SD N Mean SD N Coef. p-value

Panel A: Demographics

Gender: Female or Non-binary 0.62 0.48 445 0.60 0.49 442 -0.02 [ 0.44]
Gender: Male 0.38 0.48 445 0.40 0.49 442 0.02 [ 0.44]
Race: Asian American 0.57 0.50 445 0.57 0.50 442 -0.00 [ 0.98]
Race: Black, Hispanic, Native 0.20 0.40 445 0.18 0.38 442 -0.02 [ 0.42]
Race: White 0.19 0.39 445 0.19 0.40 442 0.00 [ 0.89]
Citizenship: USA 0.88 0.32 445 0.88 0.33 442 -0.00 [ 0.89]
Family Income Group (1-5) 3.26 1.36 377 3.18 1.43 368 -0.08 [ 0.40]
Parent’s Highest Educational Level Group (1-6) 3.74 1.61 438 4.04 1.51 436 0.30∗∗∗ [ 0.01]

Panel B: Educational background

Major: STEM 0.74 0.44 445 0.76 0.43 442 0.01 [ 0.66]
Major: High-paying 0.55 0.50 445 0.52 0.50 442 -0.03 [ 0.26]
Transfer student 0.25 0.43 445 0.26 0.44 442 0.01 [ 0.81]
Receiving financial aid 0.47 0.50 445 0.42 0.49 442 -0.05 [ 0.12]
GPA 3.57 0.37 440 3.59 0.38 442 0.02 [ 0.39]

Panel C: Behavioral characteristics

Risk attitude: Daily (1-7) 4.90 1.29 414 4.83 1.31 394 -0.07 [ 0.42]
Risk attitude: Financial (1-7) 3.54 1.56 386 3.61 1.49 405 0.07 [ 0.45]
Confidence (-1 to 1) 0.07 0.24 445 0.06 0.22 440 -0.01 [ 0.50]

Panel D: Beliefs about wages, external

External Beliefs: Avg. Earnings of Major 68140.00 25056.37 445 70416.29 26432.51 442 2276.29 [ 0.12]
External Beliefs: P25 Earnings of Major 46044.94 21733.60 445 46149.32 21242.69 442 104.38 [ 0.93]
External Beliefs: P75 Earnings of Major 94073.03 38381.62 445 98984.62 43226.11 442 4911.58∗ [ 0.06]
External Beliefs: Job Finding Rate of Major 56.63 20.10 443 55.66 20.39 440 -0.97 [ 0.41]

Panel E: Beliefs about wages, self

Reservation Wage (Baseline) 68712.58 33436.78 445 69172.17 31508.16 442 459.59 [ 0.81]
Expected Wage (Baseline) 83961.80 42705.25 445 84293.89 40594.39 442 332.09 [ 0.90]

We compare the means, standard deviation, and number of observations between treatment and control for a
variety of pre-treatment variables. In the last two columns, we regress the demographic of interest on an indicator
for treatment, and report the coefficient on treatment. Standard errors are clustered by major. The p-value for the
coefficient is in brackets. Stars indicate: * (p < 0.10), ** (p < 0.05), *** (p < 0.01).
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Table 1.2: Post-Attrition: Balance and Descriptive Statistics

Control Treatment Difference
Mean SD N Mean SD N Coef. p-value

Panel A: Demographics

Gender: Female or Non-binary 0.57 0.50 217 0.59 0.49 219 0.02 [ 0.58]
Gender: Male 0.43 0.50 217 0.41 0.49 219 -0.02 [ 0.58]
Race: Asian American 0.59 0.49 217 0.59 0.49 219 0.00 [ 0.91]
Race: Black, Hispanic, Native 0.16 0.36 217 0.17 0.38 219 0.01 [ 0.70]
Race: White 0.21 0.41 217 0.20 0.40 219 -0.01 [ 0.78]
Citizenship: USA 0.90 0.30 217 0.89 0.31 219 -0.01 [ 0.75]
Family Income Group (1-5) 3.39 1.32 183 3.24 1.48 181 -0.15 [ 0.27]
Parent’s Highest Educational Level Group (1-6) 3.98 1.60 216 4.17 1.44 214 0.20 [ 0.23]

Panel B: Educational background

Major: STEM 0.81 0.39 217 0.81 0.39 219 -0.00 [ 0.93]
Major: High-paying 0.63 0.48 217 0.60 0.49 219 -0.03 [ 0.46]
Transfer student 0.19 0.40 217 0.22 0.41 219 0.03 [ 0.50]
Receiving financial aid 0.46 0.50 217 0.36 0.48 219 -0.10∗∗ [ 0.01]
GPA 3.61 0.35 215 3.64 0.34 219 0.03 [ 0.29]

Panel C: Behavioral characteristics

Risk attitude: Daily (1-7) 4.95 1.24 197 4.77 1.32 198 -0.19 [ 0.16]
Risk attitude: Financial (1-7) 3.49 1.56 189 3.58 1.46 200 0.08 [ 0.58]
Confidence (-1 to 1) 0.06 0.21 217 0.05 0.22 218 -0.01 [ 0.52]

Panel D: Beliefs about wages, external

External Beliefs: Avg. Earnings of Major 73571.43 26408.57 217 75155.25 28286.24 219 1583.82 [ 0.44]
External Beliefs: P25 Earnings of Major 50751.15 22644.25 217 48675.80 22256.43 219 -2075.35 [ 0.15]
External Beliefs: P75 Earnings of Major 99472.35 36539.73 217 103991.78 45245.81 219 4519.43 [ 0.16]
External Beliefs: Job Finding Rate of Major 59.26 20.04 216 56.96 20.14 218 -2.30 [ 0.28]

Panel E: Beliefs about wages, self

Reservation Wage (Baseline) 72776.96 34776.41 217 72102.74 30627.01 219 -674.22 [ 0.83]
Expected Wage (Baseline) 88543.78 42183.67 217 88363.01 41426.98 219 -180.77 [ 0.96]

We compare the means, standard deviation, and number of observations between treatment and control for a
variety of pre-treatment variables. In the last two columns, we regress the demographic of interest on an indicator
for treatment, and report the coefficient on treatment. Standard errors are clustered by major. The p-value for the
coefficient is in brackets. Stars indicate: * (p < 0.10), ** (p < 0.05), *** (p < 0.01).
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Table 1.3: Regressions: Personal Wage Expectations on Treatment (First-Stage)

(1) (2)
Log Change in Reservation Wage Log Change in Average Expected Wage

Treatment 0.087∗∗∗ 0.026
(0.031) (0.025)

Treatment x ∆ Log P50 -0.231∗∗ -0.369∗∗∗

(0.096) (0.084)

Treatment x ∆ Log IQR -0.044∗ -0.031
(0.025) (0.026)

∆ Log P50 -0.080∗ 0.019
(0.045) (0.017)

∆ Log IQR 0.024 0.004
(0.023) (0.017)

Constant 0.052 0.027
(0.039) (0.032)

Control Group Mean -0.024 -0.018
R-squared 0.115 0.160
Number of observations 717 717
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

We regress change in reservation wage and change in average expected wage on an indicator for treatment, treat-
ment interacted with centrality measurement error (based on the median), treatment interacted with spread measure-
ment error (based on the interquartile range), centrality measurement error, spread measurement error, and controls.
Centrality measurement error, labeled ∆ Log P50, is measured as log(Believed Average of the external wage distri-
bution) - log(True Median of the external wage distribution), as we do not have data on the true average. Spread
measurement error, labeled ∆ Log IQR, is measured as log(Believed Interquartile Range) - log(True Interquartile
Range). Controls include indicators for strata variables (male, white, STEM), balance variables (parental education
level and financial aid status), and behavioral covariates (risk aversion and confidence). Standard errors are clustered
at the major level.
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Table 1.5: Overestimators vs. Underestimators: Change in Reservation Wage on Treatment x
Estimation Error (First-Stage)

(1) (2)
Overestimators Underestimators

Treatment 0.029 0.097∗∗

(0.030) (0.037)

Treatment x ∆ Log P50 -0.237 -0.267∗

(0.277) (0.143)

Treatment x ∆ Log IQR 0.001 -0.082∗∗

(0.034) (0.038)

∆ Log P50 -0.127 -0.046
(0.160) (0.036)

∆ Log IQR 0.009 0.026
(0.022) (0.016)

Constant -0.002 0.040
(0.046) (0.037)

Control Group Mean -0.034 -0.016
R-squared 0.063 0.145
Number of observations 383 484
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

We regress change in reservation wage and change in average expected wage on an indicator for treatment, treat-
ment interacted with centrality measurement error (based on the median), treatment interacted with spread measure-
ment error (based on the interquartile range), centrality measurement error, spread measurement error, and controls.
Centrality measurement error, labeled ∆ Log P50, is measured as log(Believed Average of the external wage distri-
bution) - log(True Median of the external wage distribution), as we do not have data on the true average. Spread
measurement error, labeled ∆ Log IQR, is measured as log(Believed Interquartile Range) - log(True Interquartile
Range). Controls include indicators for strata variables (male, white, STEM) and balance variables (parental educa-
tion level and financial aid status). Behavioral covariates (risk aversion and confidence) were omitted due to lack of
power. Standard errors are clustered at the major level.
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Table 1.7: Regression: Estimation Error on Demographic or Educational Background

Panel A: Estimation Error - Centrality (Median) (1) (2) (3) (4)
Error: Log P50 Error: Log P50 Error: Log P50 Error: Log P50

Gender: Female or Non-binary 0.025
(0.028)

Race: Black, Hispanic, Native -0.030
(0.043)

Race: Non-white 0.006
(0.032)

Major: High-paying -0.187∗∗∗

(0.036)

Constant -0.182∗∗∗ -0.156∗∗ -0.163∗∗ -0.078
(0.066) (0.061) (0.068) (0.059)

R-squared 0.011 0.012 0.011 0.071
Number of observations 724.000 724.000 724.000 724.000
Panel B: Estimation Error - Spread (Interquartile Range) (1) (2) (3) (4)

Error: Log IQR Error: Log IQR Error: Log IQR Error: Log IQR
Gender: Female or Non-binary -0.034

(0.057)

Race: Black, Hispanic, Native -0.121
(0.082)

Race: Non-white 0.013
(0.064)

Major: High-paying -0.219∗

(0.123)

Constant 0.774∗∗∗ 0.746∗∗∗ 0.726∗∗∗ 0.948∗∗∗

(0.160) (0.154) (0.157) (0.110)
R-squared 0.036 0.041 0.036 0.057
Number of observations 717.000 717.000 717.000 717.000
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

In Panel A, we regress errors in log beliefs about the center of the distribution (calculated as log(Believed Average)
- log(True Median)) on an indicator for demographic / education group. Column (1) shows the results for gender,
columns (2) and (3) for race, and column (4) for major choice. Controls include indicators for strata variables (male,
white, STEM - omitting the category of interest (e.g. male for the gender regression) to avoid collinearity), balance
variables (parental education level and financial aid status), and behavioral covariates (risk aversion and confidence).
Standard errors are clustered at the major level.
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Table 1.8: 2SLS: Job Outcomes (Interacted with demographic/education variables)

Panel A: Gender (1) (2) (3) (4) (5) (6)
Log Total Salary Log Base Salary Received Bonus Salary Log Bonus Salary Employed Attending Graduate School

Log Post-Treatment Reservation Wage x Female or Non-binary 0.560 0.513 1.232 -2.314 0.446 0.449
(0.882) (0.843) (1.160) (2.666) (0.840) (0.576)

Log Post-Treatment Reservation Wage 1.038∗∗ 1.039∗ 0.534 4.055 -0.688 -0.525
(0.526) (0.535) (0.500) (2.670) (0.617) (0.429)

Female or Non-binary -6.477 -5.845 -13.999 25.146 -5.051 -4.991
(9.849) (9.420) (12.892) (29.999) (9.275) (6.387)

Constant -0.214 -0.448 -4.806 -35.517 7.941 6.115
(5.862) (5.914) (5.606) (30.083) (6.846) (4.828)

Control Group Mean 11.462 11.346 0.576 9.739 0.535 0.207
First-Stage χ2-stat 8.15 8.07 8.15 5.13 6.12 6.04
First-Stage χ2-stat (pval) .148 .153 .148 .4 .294 .302
Number of observations 147 146 147 84 280 351
Panel B: URM (Black/Hispanic/Native) (1) (2) (3) (4) (5) (6)

Log Total Salary Log Base Salary Received Bonus Salary Log Bonus Salary Employed Attending Graduate School
Log Post-Treatment Reservation Wage x URM -1.092 -0.240 -0.673 2.753∗ 0.420 0.111

(2.049) (1.757) (1.213) (1.652) (0.802) (0.451)

Log Post-Treatment Reservation Wage 0.983 0.730 0.225 -0.574 -0.590 -0.290
(1.026) (0.950) (0.682) (1.373) (0.626) (0.346)

Black, Hispanic, Native (URM) 12.209 2.698 7.703 -30.251 -4.445 -1.290
(22.770) (19.453) (13.436) (18.566) (8.762) (4.916)

Constant -0.064 2.667 -2.234 13.832 6.609 3.440
(10.951) (10.230) (7.306) (14.286) (6.743) (3.792)

Control Group Mean 11.462 11.346 0.576 9.739 0.535 0.207
First-Stage χ2-stat 1.67 1.64 1.67 3.57 5.06 6.13
First-Stage χ2-stat (pval) .893 .897 .893 .614 .408 .293
Number of observations 147 146 147 84 280 351
Panel C: Non-white (1) (2) (3) (4) (5) (6)

Log Total Salary Log Base Salary Received Bonus Salary Log Bonus Salary Employed Attending Graduate School
Log Post-Treatment Reservation Wage x Non-white -0.140 -0.302 -0.137 1.796 -0.778 -0.221

(0.907) (0.906) (1.145) (1.288) (0.514) (0.373)

Log Post-Treatment Reservation Wage 1.136∗ 1.258∗ 1.045 -0.093 0.137 -0.158
(0.646) (0.763) (1.027) (0.348) (0.360) (0.237)

Non-white 1.630 3.350 1.335 -18.759 8.543 2.382
(10.107) (10.103) (12.817) (14.602) (5.669) (4.111)

Constant -1.728 -3.121 -10.771 8.239∗∗ -1.389 1.949
(7.169) (8.416) (11.516) (3.835) (3.783) (2.587)

Control Group Mean 11.462 11.346 0.576 9.739 0.535 0.207
First-Stage χ2-stat 2.4 2.26 2.4 4.44 9.77 9.87
First-Stage χ2-stat (pval) .791 .812 .791 .488 .082 .079
Number of observations 147 146 147 84 280 351
Panel D: High-paying major (1) (2) (3) (4) (5) (6)

Log Total Salary Log Base Salary Received Bonus Salary Log Bonus Salary Employed Attending Graduate School
Log Post-Treatment Reservation Wage x High-paying major -1.411 -0.817 0.597 16.233 -1.077 -0.184

(1.605) (1.220) (1.150) (24.721) (1.046) (0.749)

Log Post-Treatment Reservation Wage 1.201 0.909 -0.673 -13.765 0.124 -0.114
(0.796) (0.644) (0.510) (24.374) (0.405) (0.706)

Major: High-paying 15.755 9.179 -6.024 -175.513 12.204 2.005
(17.574) (13.348) (12.664) (267.262) (11.557) (8.054)

Constant -1.965 1.120 7.608 157.679 -0.968 1.483
(8.591) (6.947) (5.544) (263.883) (4.310) (7.531)

Control Group Mean 11.462 11.346 0.576 9.739 0.535 0.207
First-Stage χ2-stat 4.25 3.96 4.25 .55 5.68 7.31
First-Stage χ2-stat (pval) .514 .555 .514 .758 .339 .199
Number of observations 147 146 147 84 280 351
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

In this specification, we use two endogenous variables: Log Reservation Wage and Log Reservation Wage inter-
acted with an indicator for the relevant demographic variable. Instruments are the same as before. Controls include
indicators for strata variables (male, white, STEM), balance variables (parental education level and financial aid sta-
tus), and behavioral covariates (risk aversion and confidence). Standard errors are clustered at the major level. At the
bottom of the table, we report (in order) control group mean, the first-stage Sanderson-Windmeijer χ2 test for weak
instruments and correspondent p-value, and number of observations.
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1.9 Appendix A: Model Derivation and Proofs

In Appendix A, we solve for reservation wages as a function of the perceived wage distribution. We derive the

comparative statics and propositions discussed in Section 2.

1.9.1 Model Derivation

Briefly re-summarizing the model, workers in each period t receive an employment offer with probability λ. An

offer pays wage w, randomly drawn from wage distribution F(w). Workers maximize expected utility:

max
{xt }

∞∑
t=0

βtu(xt ), β ∈ (0,1) (1.1)

where:

x(t) =


w, accept job, receive wage w

b, reject job, receive unemployment

A worker chooses between (1) accepting the job and receiving wage w for the rest of time t, or (2) rejecting the job,

receiving b, and continuing the search next period.

Using value functions, an employed worker receives:

W(w) = u(w) + βW(w) =⇒ W(w) =
u(w)
1 − β

(1.2)

And an unemployed worker receives:

U(µi, σi) = u(b) + βλ
∫
w

max{Wt+1(w |µi, σi),Ut+1(µi, σi)}dF(w |µi, σi) + β(1 − λ)Ut+1(µi, σi) (1.3)

A worker is indifferent between accepting wage w and rejecting wage w at the reservation wage wR. Thus, at the

reservation wage wR,

W(wR |µi, σi) =
u(wR)

1 − β
= U(µi, σi) (1.4)

Then, we know:

u(wR)

1 − β
= u(b) + βλ

∫
w

max{Wt+1(w |µi, σi),Ut+1(µi, σi)}dF(w |µi, σi) + β(1 − λ)Ut+1(µi, σi) (1.5)

For wages w ≤ wR, Ut+1(µi, σi) ≥ Wt+1(w |µi, σi) and the worker rejects the job. For w ≥ wR, Ut+1(µi, σi) ≤
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Wt+1(w |µi, σi) and the worker accepts the job. Then, we can simplify equation (5):

u(wR)

1 − β
= u(b) + β

∫ wR

0
Ut+1(µi, σi)dF(w |µi, σi) + βλ

∫ ∞

wR

Wt+1(w |µi, σi)dF(w |µi, σi) (1.6)

Substituting (2) and (4) into (6), we get:

u(wR)

1 − β
= u(b) + β

∫ wR

0

u(wR)

1 − β
(µi, σi)dF(w |µi, σi) + βλ

∫ ∞

wR

u(w)
1 − β

dF(w |µi, σi) (1.7)

We can then rewrite the left-hand side and simplify:

u(wR)

1 − β

∫ wR

0
dF(w |µi, σi) +

u(wR)

1 − β

∫ ∞

wR

dF(w |µi, σi) =

u(b) + β
∫ wR

0

u(wR)

1 − β
dF(w |µi, σi) + βλ

∫ ∞

wR

u(w)
1 − β

dF(w |µi, σi)

u(wR)

∫ wR

0
dF(w |µi, σi) +

u(wR)

1 − β

∫ ∞

wR

dF(w |µi, σi) = u(b) + βλ
∫ ∞

wR

u(w)
1 − β

dF(w |µi, σi)

u(wR)

∫ wR

0
dF(w |µi, σi) − u(b) = u(b) +

∫ ∞

wR

βλu(w) − u(wR)

1 − β
dF(w |µi, σi)

u(wR)

∫ wR

0
dF(w |µi, σi) − u(b) + u(wR)

∫ ∞

wR

dF(w |µi, σi) = u(b) +
∫ ∞

wR

βλu(w) − u(wR) + (1 − β)u(wR)

1 − β
dF(w |µi, σi)

u(wR) − u(b) =
∫ ∞

wR

βλu(w) − βu(wR)

1 − β
dF(w |µi, σi)

u(wR) − u(b) =
β

1 − β

∫ ∞

wR

(
λu(w) − u(wR)

)
dF(w |µi, σi) (1.8)

From equation (8), we know that the reservation wage is the wage at which the expected cost of searching again

(rejecting wR, left hand side) equals the expected benefit of searching again (right hand side). We can define the right

hand side of the equation as g(wR) =
β

1−β

∫ ∞
wR

(
λu(w) −u(wR)

)
dF(w |µi, σi). Then, the general g(·) function would be:

g(s) =
β

1 − β

∫ ∞

s

(
λu(w) − u(s)

)
dF(w |µi, σi) (1.9)

Differentiating g(s), we get:

g′(s) = −
β

1 − β
(
1 − F(s)

)
u′(s) < 0 (1.10)

This tells us that equation (8) has a unique solution. Differentiating once more (assuming our wage distribution F(s)

has density f (s):

g′′(s) = −
β

1 − β
(
1 − F(s)

)
u′′(s) +

β

1 − β
f (s)u′(s) ≥ 0 (1.11)

So g(s) is convex.

From equation (8), we can also re-formulate the expression to more easily derive proofs of Proposition 1A, 1B,
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and 2. To do so, we add and subtract β
1−β

∫ wR

0
(
λu(w) − u(wR)

)
dF(w) to the right-hand side of (8):

u(wR) − u(b) =
β

1 − β

∫ ∞

0

(
λu(w) − u(wR)

)
dF(w |µi, σi) −

β

1 − β

∫ wR

0

(
λu(w) − u(wR)

)
dF(w |µi, σi)

u(wR) − u(b) =
βλu(E[w |µi, σi])

1 − β
−
βu(wR)

1 − β
−

β

1 − β

∫ wR

0

(
λu(w) − u(wR)

)
dF(w |µi, σi)

(1 − β)u(wR) − (1 − β)u(b) = βλu(E[w |µi, σi]) − βu(wR) − β

∫ wR

0

(
λu(w) − u(wR)

)
dF(w |µi, σi)

u(wR) − u(b) = β
(
λu(E[w |µi, σi]) − u(b)

)
− β

∫ wR

0

(
λu(w) − u(wR)

)
dF(w |µi, σi) (1.12)

Using integration by parts, we know
∫ wR

0 u(w)dF(w |µi, σi) = u(w)F(w)|wR

0 −
∫ wR

0 u′(w)F(w)dw, which simplifies to∫ wR

0 u(w)dF(w |µi, σi) = u(wR)F(wR) −
∫ wR

0 u′(w)F(w)dw. Then, equation (12) becomes:

u(wR) − u(b) = β
(
λu(E[w |µi, σi]) − u(b)

)
+ βλ

∫ wR

0
u′(w)F(w |µi, σi)dw + β(1 − λ)u(wR)F(wR) (1.13)

Rearranging, we have:

(
1 − β(1 − λ)

)
u(wR) − u(b) = β

(
λu(E[w |µi, σi]) − u(b)

)
+ βλ

∫ wR

0
u′(w)F(w |µi, σi)dw (1.14)

We can use equation 14 to prove our propositions.

1.9.2 Impact of Information

There are two ways in which information, defined as different expectations of the wage distribution, can impact

this model:

1. First order stochastic dominance (FOSD): Differences in beliefs that occur via a shift of the entire wage dis-

tribution, i.e. the wage distribution has the same shape, but one person believes it’s shifted to the right of

the true distribution (overestimation) and one person believes it’s shifted to the left of the true distribution

(underestimation).

2. Second order stochastic dominance (SOSD): A shift from F to F̃ that is a mean-preserving spread, where∫ wR

0
˜F(w)dw >

∫ wR

0 F(w)dw.

Our proofs characterize both.

1.9.3 Proofs of Propositions

Proposition (1A). Holding all else constant, reservation wages wR(µi, σi) are increasing in µε i , that is ∂wR

∂µε i
> 0.
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We can implicitly differentiate equation (14) to find ∂wR

∂µε i
.

(
1 − β(1 − λ)

) ∂u(wR)

∂wR

∂wR

∂µε i
= βλ

∂u(E[w |µi, σi])

∂E[w |µi, σi]

∂E[w |µi, σi]

∂µε i
+ βλF(wR)

∂u(wR)

∂wR

∂wR

∂µε i

Rearranging, we get:

(1 − β)
∂u(wR)

∂wR

∂wR

∂µε i
+ βλ[1 − F(wR)]

∂u(wR)

∂wR

∂wR

∂µε i
= βλ

∂u(E[w |µi, σi])

∂E[w |µi, σi]

∂E[w |µi, σi]

∂µε i

which simplifies to:

(
(1 − β) + βλ[1 − F(wR)]

) ∂u(wR)

∂wR

∂wR

∂µε i
= βλ

∂u(E[w |µi, σi])

∂E[w |µi, σi]

∂E[w |µi, σi]

∂µε i

On the left-hand side, we know (1 − β) > 0, β > 0, λ > 0, [1 − F(wR)] > 0, and ∂u(wR )

∂wR
> 0. Thus,

(
(1 − β) + βλ[1 −

F(wR)]

)
∂u(wR )

∂wR
> 0. On the right-hand side, we know β > 0, λ > 0, ∂u(E[w |µi ,σi ])

∂E[w |µi ,σi ]
> 0, and since under log normality

E[w |µi, σi] = exp[µw + µε i +
σ2

w+σ
2
εi

2 ], ∂E[w |µi ,σi ]

∂µε i
> 0. Thus, ∂wR

∂µε i
> 0. �

Proposition (1B). Holding all else constant, reservation wages wR(µ,σ) are increasing in σ2
ε i , that is ∂wR

∂σ2
ε i

> 0.

Similar to Proposition (1A), we can implicitly differentiate equation (14) to find ∂wR

∂σ2
ε i

.

(
1 − β(1 − λ)

) ∂u(wR)

∂wR

∂wR

∂σ2
ε i

= βλ
∂u(E[w |µi, σi])

∂E[w |µi, σi]

∂E[w |µi, σi]

∂σ2
ε i

+ βλF(wR)
∂u(wR)

∂wR

∂wR

∂σ2
ε i

Rearranging and simplifying, we get:

(
(1 − β) + βλ[1 − F(wR)]

) ∂u(wR)

∂wR

∂wR

∂σ2
ε i

= βλ
∂u(E[w |µi, σi])

∂E[w |µi, σi]

∂E[w |µi, σi]

∂σ2
ε i

On the left-hand side, we know (1 − β) > 0, β > 0, λ > 0, [1 − F(wR)] > 0, and ∂u(wR )

∂wR
> 0. Thus,

(
(1 − β) + βλ[1 −

F(wR)]

)
∂u(wR )

∂wR
> 0. On the right-hand side, we know β > 0, λ > 0, ∂u(E[w |µi ,σi ])

∂E[w |µi ,σi ]
> 0, and since under log normality

E[w |µi, σi] = exp[µw + µε i +
σ2

w+σ
2
εi

2 ], ∂E[w |µi ,σi ]

∂σ2
ε i

> 0. Thus, ∂wR

∂µε i
> 0. �

Proposition (2). The dispersion of reservation wages wR(µ,σ) across agents is higher in a model with subjective

beliefs than in a model where every worker has perfect information and derives a reservation wage wR(µ
∗, σ∗).

Proof. Recall w is drawn from a distribution with mean µw + µε i and variance σ2
w + σ

2
ε i . We can thus simplify

wR(µ,σ) = wR(ε). Under a compound probability distribution,

pH (wR) =

∫
pF (wR |ε)pg(ε)
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A compound distribution’s second moment is given by:

VarH (wR) = EG[VarF (wR |ε)] + VarG(EF [wR |ε])

VarH (wR) = VarF (wR |ε = 0)] + VarG(ε)

VarH (wR) = VarF (wR |µ
∗, σ∗) + σ2

This results in a wider variance. �
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1.10 Appendix B: Additional Figures and Tables

Figure 1.B1: Percent Deviation of Beliefs from True Salary (Within-Major).

Histogram of the error in students’ pre-treatment beliefs about the major-specific distribution. Students were asked
about the 25th percentile, average, and 75th percentile wage that students graduating within their major at UC Berkeley
received last year. Graph (a) shows error in beliefs about the 25th percentile. Graph (b) shows beliefs about the average
- the true median. Graph (c) shows error in beliefs about the 75th percentile. Graph (d) shows the range, calculated
using 75th percentile - 25th percentile. The red line at 0 indicates no error in beliefs, i.e. the situation where studets
have perfect information. Negative values in this histogram indicate underestimation, while positive values indicate
overestimation.

Questions asked took the following format: “What do you believe was the 25th percentile (bottom 25%) annual salary
for students graduating last year within your major at UC Berkeley? The 25th percentile is the salary of the bottom
25% of your major. Thus, if your major contains 100 people, and you rank them in order of salary from 1 (lowest) to
100 (highest), the 25th percentile salary would be that of the 25th person."
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Figure 1.B2: Personal Wage Expectations v. Beliefs about External Wage Distribution (In Levels)

Scatter plots comparing reservation wage (in light blue) versus log beliefs about the major-specific external wage
distribution, as well as average expected wage (in dark blue) versus log beliefs about the major-specific external wage
distribution. Scatters are binned at the discrete level. In order of top row to bottom row, the independent variable
is: (1) beliefs about the major-specific 25th percentile, (2) beliefs about the major-specific average, (3) beliefs about
the major-specific 75th percentile, and (4) the interquartile range, computed via (3) - (1). Relationships are positively
correlated, with slope m in the x-axis for each graph.
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Figure 1.B3: Post-Treatment Change in Reservation Wage (In Levels).

We take two measures of the reservation wage - one post-treatment and one pre-treatment (the control group is simply
asked twice for their reservation wages). Reservation wages are asked as “What is the minimum annual salary you
would require in order to accept a job?" The figure plots the change in reservation wage over the error in beliefs
(belief - actual, in levels). Red dots indicate the treatment group, while blue dots indicate the control group. A linear
relationship is graphed for both - as expected, the treatment group has a negative relationship, while the slope for the
control group is flat.
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Figure 1.B4: Post-Treatment Change in Average Expected Wage (In Levels).

We take two measures of the average expected wage - one post-treatment and one pre-treatment (the control group
is asked at the same survey page timing as the treatment group). Average expected wage is asked as “What is the
annual salary you expect to accept?" The figure plots the change in log reservation wage over the error in log beliefs
(log belief - log actual). Red dots indicate the treatment group, while blue dots indicate the control group. A linear
relationship is graphed for both - as expected, the treatment group has a negative relationship, while the slope for the
control group is flat.
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Figure 1.B5: Empirical Estimates of ∂ logwR

∂µ and ∂ logwR

∂σ .

Version of Figure 10, using the full data. Figure B5 solves for the slope of the reservation wage with respect to µ,
∂ logwR

∂µ , and the slope of the reservation wage with respect to σ, ∂ logwR

∂σ , using treatment students’ beliefs about
the 25th percentile and 75th percentile earnings compared to true 25th percentile and 75th percentile earnings in the
denominator, and the difference in post-treatment versus pre-treatment reservation wages in the numerator. We take
the assumption that to have a relevant slope, students must have responded the information in some way, so we drop
in this exercise any student who had a reservation wage change in 0. In the opposite direction, we trim the slopes at
the 1% level to avoid outliers of students who greatly changed their reservation wages.
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Table 1.B1: Regressions: Personal Wage Expectations on Treatment (First-Stage), Alternative
Specification

Log Change in Reservation Wage Log Change in Average Expected Wage
(1) (2) (3) (4)

Treatment 0.096∗∗∗ 0.086∗∗ 0.036 0.010
(0.031) (0.034) (0.025) (0.028)

Treatment x ∆ Log P25 -0.091∗ -0.163∗∗∗

(0.051) (0.044)

Treatment x ∆ Log P75 -0.250∗∗ -0.470∗∗∗

(0.111) (0.097)

Treatment x ∆ Log IQR -0.088∗∗∗ 0.012 -0.098∗∗∗ 0.091∗∗

(0.023) (0.046) (0.029) (0.043)

∆ Log P25 -0.046 0.012
(0.028) (0.017)

∆ Log P75 -0.108∗ 0.048
(0.058) (0.043)

∆ Log IQR 0.009 0.055 0.006 -0.012
(0.019) (0.038) (0.016) (0.030)

Constant 0.047 0.057 0.027 0.045
(0.036) (0.037) (0.038) (0.038)

Control Group Mean -0.024 -0.018
R-squared 0.086 0.100 0.107 0.144
Number of observations 717 717 717 717
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

This is a robustness version of Table 3. We regress change in reservation wage and change in average expected
wage on an indicator for treatment, treatment interacted with centrality measurement error (based on the 25th percentile
in columns (1) and (3) and the 75th percentile in columns (2) and (4)), treatment interacted with spread measurement
error (based on the interquartile range), centrality measurement error, spread measurement error, and controls. Cen-
trality measurement error is measured as log(Believed Percentile) - log(True Percentile). Spread measurement error,
labeled ∆ Log IQR, is measured as log(Believed Interquartile Range) - log(True Interquartile Range). Controls in-
clude indicators for strata variables (male, white, STEM), balance variables (parental education level and financial aid
status), and behavioral covariates (risk aversion and confidence). Standard errors are clustered at the major level.
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Chapter 2: Minority Turnout and Representation under Cumulative Voting.
An Experiment.

This paper is coauthored with Alessandra Casella and Jeffrey Guo. The experiment was ap-

proved under Columbia IRB Protocol AAAS8614.

2.1 Introduction

The fragility of American democracy, rooted historically in slavery, manifests itself in persis-

tent efforts to disenfranchise racial and linguistic minorities, Black Americans first and foremost.

Almost 60 years after the Voting Rights Act (VRA), the disputes we continue to witness are re-

minders of the heightened importance of voters’ participation. In 2012, the Pew Research Center

concluded: “The Growing Electoral Clout of Blacks Is Driven by Turnout”.1 The date is not co-

incidental: 2012 was the election year for President Obama’s second term, when for the first time,

Black turnout was higher than White turnout.2

Guaranteeing high electoral participation by minorities requires rules about fair and equal ac-

cess to voting. But that is not enough: as the surge in Black political engagement during the Obama

years shows, it also requires giving minorities the realistic chance of a desired outcome. America’s

majoritarian electoral system makes this difficult. Without resorting to proportional representation,

the courts have mandated modifications to electoral rules in jurisdictions where majoritarian sys-

tems effectively disenfranchise the minority. The traditional remedy has been the design of single

member districts in which the minority constitutes a majority of the electorate. In 1993, however,

the Supreme Court judged unconstitutional districting plans driven by considerations of race (Shaw

v. Reno), and such districts have since had a troubled legal history. Our focus is on a different alter-

1Taylor (2013).
2According to the Census, Black non-Hispanic turnout increased from from 60% to 65% and then to 67% from

2004 to 2008 to 2012, while, over the same period, the turnout of non-Hispanic Whites went from 67% to 66% and
then 64%.
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native proposed by the courts: Cumulative Voting (CV), a solution built not on controlling district

borders but on the voting rule itself.3

CV applies to elections in multi-member districts. The core idea is to allow voters to vary the

number of votes cast for each candidate. Under CV, each voter has as many votes as there are

open seats, and the candidates with more votes win, as under simple plurality. However, each voter

is allowed to distribute the votes freely among any number of candidates. CV treats every voter

equally; yet, a cohesive minority can ensure itself some victories by cumulating its vote. CV does

not rely on fixed patterns of geographical segregation and thus does not require adjustments as

social and political conditions change. As a result, it is not subject to the type of litigation that has

weakened the VRA. In addition, although CV can deliver semi-proportional outcomes, it does so

through a relatively minor modification of a majoritarian system. The US, the UK, and Scotland—

all countries with long-held skepticism of proportional representation—have a history of accepting

CV.4

This paper contributes to the debate on minority representation by analyzing, both theoretically

and experimentally, CV’s potential to increase both the relative voting participation of the minority

and its share of seats in elected bodies. Both effects have been observed in actual applications, but

evaluating historical evidence is complicated by the non-random adoption of CV. Thus, the exist-

ing evidence must be accompanied by experimental testing. Our main conclusion is that, in the

controlled environment of the lab, CV’s predicted outcomes are realized. Across all experimental

parametrizations, the relative participation in voting of the minority group increases and so does

its share of electoral victories. Part of the impact on minority victories stems immediately from

the allowed cumulation of votes: to prevent spreading votes too thinly, the majority must limit the

number of candidates it fields, leaving openings for minority candidates. But another important

3For a brief panoramic summary of voter suppression in the US and the historic role of the VRA, see Grofman et
al. (1992). For long-term effects of the VRA, see Ang (2019). For theory and evidence on the majority’s strategic
design of electoral rules and modern-day voter suppression, see Trebbi et al. (2008) and Ricca and Trebbi (2022). For
discussion of theories of representation and empowerment, see Banducci et al. (2004).

4Similarly to CV, Limited Vote (LV) also results in semi-proportional outcomes. Under LV, voters have fewer
votes than the number of candidates and cast one vote per chosen candidate. LV is considered simpler than CV
but less reliable in generating minority representation. See for example Arrington and Ingalls (1998). For a broad
discussion of alternative rules and proportional representation, see Lijphart and Grofman (1984).
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contributor to the minority’s success is that CV increases the differential turnout of the minority,

relative to the majority. Both theoretically and in the lab, the improved prospects brought by CV

work to increase the fraction of minority voters among those who turn out. As in the Obama elec-

tion or the Pew Research report summary title, the realistic promise of representation encourages

political participation.

CV was used for more than 100 years, from 1870 to 1980, to elect representatives to the Illinois

State House and is the rule now in the election of local commissions in tens of local jurisdictions.

Case studies have also been promising. In Alamogordo, New Mexico, Latinos amounted to 20% of

the electorate but had long been unrepresented in the City Commission. In 1987, after the adoption

of CV, the City Commission welcomed its first Latino representative in twenty years. In Amarillo,

Texas, minorities made up 24% of the electorate, but lacked representation on the school board. In

2000, after the adoption of CV, Amarillo welcomed its first Black and first Latina school board rep-

resentatives. In Chilton County, Alabama, the Black community (11% of the electorate) struggled

for years with unpaved roads. In 1988, after the adoption of CV, the first Black county commission

member was elected since Reconstruction. The roads were finally paved.5 Empirically, then, CV

correlates with an increase in the number of elected minority representatives (Brockington et al.,

1998; Bowler et al., 2003), and in the public goods provided to minority communities (Pildes and

Donoghue, 1995). In addition, its use appears to increase minority participation in the political sys-

tem; in a study analyzing the impact on local US jurisdictions, CV is associated with an increase

of approximately 5 percentage points in overall turnout (Bowler et al., 2001).

As inspiring as these results are, CV’s implementation has typically followed voting rights liti-

gation, indicating heightened sensitivity to minority representation and stronger minority involve-

ment. Understanding the specific role of the voting rule is helped by complementing the historical

experiences with the study of a move to CV under the controlled conditions of the lab. We run dif-

ferent experimental treatments, comparing standard bloc voting (one-vote-per-open-seat) and CV,

5See Bowler et al. (2003) for a short history of CV. Other useful sources are Bowler et al. (1999), Engstrom (2010),
Pildes and Donoghue (1995). For a strong defense of CV, see Guinier (1994). Updated information on the current use
of CV is reported in fairvote.org. Outside local politics, CV is used to elect corporate boards in approximately
10% of S&P 500 companies, again with the goal of protecting minority representation.
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and varying both the number of seats and the relative size of the minority. Because our main focus

and our more innovative contribution concern turnout, we focus on a voter’s incentive to overcome

obstacles to voting. We run a canonical costly voting experiment where payoffs depend on one’s

own group achieving electoral success but voting is individually costly (Palfrey and Rosenthal,

1985; Levine and Palfrey, 2007). Do participants on the minority side overcome those costs more

often than participants on the majority side when votes can be cumulated?

Empirically, unless complemented by sophisticated formulations of bounded rationality, costly

voting models fail to predict the level of turnout in large elections. However, in studies both of

historical and of experimental data, their comparative predictions have fared better: turnout is

predicted to increase when elections are closer, when the stakes are higher, when voting costs are

lower, when the electorate is smaller (for example, Bursztyn et al. 2017; Levine and Palfrey, 2007).

It is this type of comparative effect that interests us here: when the voting rule changes to CV, are

minority voters more represented among overall voters? Precise theoretical predictions depend

on complex calculations of pivotality, but the logic underlying the results is in fact much simpler.

When votes can be cumulated, and only when votes can be cumulated, the minority can win seats

even if realized turnout rates are similar between minority and majority voters. In equilibrium, the

higher chance of having one’s voice heard encourages minority participation: CV increases the

differential turnout of the minority, relative to the majority. The result, predicted by the theory, is

observed in the lab and is robust: we find it across all different parametrizations we test. Surpris-

ingly, however, we see it accompanied by higher turnout for both groups than theory predicts, a

regularity suggesting that subjects are responding to the increased competitiveness introduced by

CV with an emotional intensity only partly captured by the pivotality calculations.

To our knowledge, there is no existing theoretical or experimental study of turnout under CV.

Previous laboratory experiments on CV (Gerber et al., 1998 and Cooper and Zillante, 2012) focus

on the coordination problem the voting rule poses and neglect the impact of the voting rule on vot-

ers’ participation decision. We take the opposite approach. We focus on voters’ turnout decisions

and assume that the coordination problem is addressed by the parties’ leadership, and addressed

71



primarily through the leaders’ choice of the number of party candidates.

We make this assumption because it mirrors our reading of CV’s historical experiences. For

example, Bowler et al. (1999) is a very lively study of CV in Victorian England, an interesting

environment for its experimental spirit, the richness of cases, and the availability of historical doc-

uments. Focusing exactly on the strategic problems posed by CV, the authors find: “a willing

demand for party organization from voters, as much as a willing supply of it from the parties them-

selves.” Strategic mistakes were made, typically in the form of over-nominations by the majority

party, but their responsibility was attributed to party leaders and quickly corrected. Consider the

following exchange from 1884 Parliamentary hearings on an election run with CV (cited by Bowler

et al., p. 911):

Mr. Courtney: If a party ran too many candidates it might not gain its due proportion of power.

Mr. Sanford: Quite so. That is its own fault.6

Similar sentiments recur in other episodes, whether the majority and minority identities are

party-based, as in Victorian England, or correspond to racial or linguistic division, like in Pildes

and Donoghue (1995)’s detailed chronicle of the first adoption of CV in Chilton County, Alabama,

following VRA litigation. Because they are so costly, nomination mistakes are corrected rapidly,

and granting party leaders their optimal choice of candidates seems a good working assumption.7

Note also that a common finding in the literature is that nomination mistakes are more common

on the majority side, for whom the need to concentrate votes is less obvious. If our analysis

underestimates the parties’ difficulties in coordinating votes, it is likely to also underestimate the

extent to which the minority benefits from CV.

Because CV is an example of “semi-proportional” voting rules—rules whose results approach

proportional representation without imposing proportionality—parallel to our work are the exper-

6Report and Minutes of Evidence of the Select Committee on School Board Voting, P.P. (1884/85 p. 78). School
board elections attracted much attention because they decided religious education in schools, and in particular the
inclusion or exclusion of Catholicism.

7When CV becomes established, if anything the often voiced concern is the possibility of collusion between party
leaders, reducing voters’ choices, as was remarked for example during the long experience with CV in the Illinois
State House elections (Sawyer and MacRae, 1962).
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iments in Herrera et al. (2014) and Kartal (2015), which compare turnout under single-winner

majoritarian and proportional elections. However, although CV leads to quasi-proportional out-

comes, the turnout decision is quite different: under proportional representation, the value of a

marginal single vote is proportional to the change in the party’s vote share, and pivotality, in its

usual sense, is moot.8 With CV, instead, pivotality continues to drive turnout decisions. The dif-

ference, relative to majoritarian voting, is that the possibility of cumulating votes implies richer

pivotality calculations. This said, the conclusions are similar: both Herrera et al. and Kartal find

that proportional representation increases the turnout rate of the minority relative to the majority’s,

as well as the minority’s expected share of power. The same results hold under CV.

Currently, CV is limited to elections of local committees, and it is natural to ask whether there

are realistic chances of applications at a higher level. One possible reason for skepticism is that CV

applies to multi-member district elections and, outside municipal elections, multi-member districts

are relatively infrequent, not least because of their long history of legal challenges, exactly on the

grounds of discrimination against racial minorities. The problem, however, is the combination of

multi-member districts and bloc voting: in the absence of cumulation, a group that has a minority

position in all districts can potentially win no representation at all. CV, on the contrary, favors

minority victories, in line with the courts’ recommendation of its adoption following voting rights

litigation. At the moment, ten US states use multi-member district elections to elect at least one

of their state chambers.9 Such elections could, in principle, adopt CV; indeed, there have been

repeated calls to that effect.10 With broader stakes, the focus would presumably be less on the

representation of racial and linguistic minorities and more on parties’ dynamics. The need to

understand better the effects of the voting rule remains.

The paper proceeds as follows. The next section describes the basic model in the absence of

voting costs and compares equilibrium minority victories under one-vote-per-seat and CV. Section

8Indeed, Herrera et al. comment on the similarity in turnout decisions between proportional voting models and
non-instrumental models of voting.

9Arizona, Idaho, Maryland, New Hampshire, New Jersey, North Dakota, South Dakota, Vermont, Washington, and
West Virginia. Ten more states explicitly allow multi-member districts by law.

10See for example IGPA, Univ. of Illinois (2001), for a return to CV in Illinois state elections, or the advocacy of
fairvote.org.
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3 discusses theoretical predictions under voting costs. Section 4 describes the experiment, and

Section 5 discusses the experimental results. Section 6 concludes. Additional theoretical material

is left to the Appendix. An online Appendix reports supplementary empirical results, as well as a

copy of the experimental instructions.

2.2 Base Model

An electorate of N potential voters selects K > 1 representatives for a commission. All po-

sitions are identical, and all are simultaneously decided in the election. The N voters are divided

into two parties: M, the majority party with M members, and m, the minority party with m < M

members, where M + m = N . Parties are led by party leaders whose role is to propose the party’s

list of candidates.

Within each party, all potential candidates are identical, and party leaders and voters share the

same objective: to maximize the number of positions won by their party. The utility derived from

one’s party winning k positions is u(k), increasing in k. We denote by V the value of controlling

all positions and assume u(k) = (k/K)V . Linearity captures the focus on the number of positions

and simplifies both the lab implementation and the theoretical analysis. But we adopt it on sub-

stantive grounds as well: any “place at the table” has value. The assumption mirrors an exercise of

committee power that is proportional to the number of seats a party has won.

Each voter has K votes, and the K candidates with most votes are elected. If there are ties,

after the highest voted candidates are elected, the remaining open positions are filled by selecting

winners randomly among the tied candidates. We call xp the profiles of votes cast by members of

party p, where xk
ip is the number of votes cast by voter i ∈ p for candidate k, and xip the vector of

all votes cast by i.

We study two electoral systems, multi-seat plurality (MP) and cumulative voting (CV). MP cor-

responds to standard bloc voting in multi-member districts: under MP, each voter casts at most one

vote for each candidate: xk
ip ∈ {0,1} for all i, k, and p, and each party nominates K candidates.11

11MP is used by all but two of the US states electing their legislatures from multi-member districts.
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Under CV, each voter can distribute the K votes in any manner the voter desires, as long as the

overall budget of K votes is satisfied:
∑

k xk
ip ≤ K . The possibility of cumulating votes creates a

coordination problem that party leaders help address by selecting the number of candidates, G for

the majority party, and g for the minority party. In line with historical experience12, we allow for

fractional votes, but voters, candidates, and positions are constrained to be integers.

The game has two stages. In the first stage, party leaders announce the party list; in the second

stage, voters distribute their votes over the party candidates. We focus on equilibria in weakly

undominated strategies where voters cast all their votes and cast votes on their party’s candidates

only. Under MP, each voter casts one vote for each party candidate. Under CV, the equilibrium is a

pair of vote profiles {xM(G,g), xm(G,g)} and a pair of party lists {G(xM, xm),g(xM, xm)} such that

each party member’s votes maximize the number of seats won by the party, given the parties’ lists

and the other voters’ voting choices, and each party list maximizes the number of seats won by the

party, given the opposite party’s list and all voters’ voting strategies.

Although our main focus is on turnout, and thus the theory will require some positive costs of

voting, it is helpful to begin by understanding the functioning of the two voting rules without the

complication of voting costs.

2.2.1 Minority representation without voting costs

With no reasons to abstain and no leeway in distributing votes, under MP, party M wins all

seats: each M candidate receives M votes, and each m candidate receives m < M votes.

CV grants the minority the possibility of winning some seats. Suppose for example that all

voters in party m concentrate all their votes on a single candidate, who thus receives mK votes.

The minority wins one seat if its candidate beats the Kth weakest majority candidate, that is, the

majority party’s candidate who ranks Kth in terms of votes received. If the majority nominates

fewer than K candidates, the minority candidate is elected. If the majority targets all positions

and nominates K candidates, the weakest majority candidate will have most votes when the MK

12For example, half votes were allowed in the Illinois State House; half, third, and quarter votes are allowed in the
Peoria, IL elections.
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total majority votes are distributed equally among the K majority candidates, and each receives

MK/K = M votes. Hence the minority can guarantee itself a seat if mK > M , or m > M/K .

This ratio, known in the literature as the threshold of exclusion, is a fraction of M: for example, a

minority that is half the size of the majority can guarantee itself a seat if the number of open seats

is three or more.

Academics and lawyers have extended this logic to a handy formula that delivers a party’s

guaranteed number of seats for each {m,M,K}.13 On its face, the formula does not address what

we are really interested in: not how many seats can the minority make sure to win, but how many

seats will it win when both parties play their optimal strategies. Yet the answer the formula yields

can be grounded in a strategic analysis. In line with our focus on the coordinating role of the party

leaders, we call party-optimal those equilibria that for each party maximize the number of seats

won. We denote by z the number of seats won by party m. As we prove in the Appendix:

Proposition 1. In the absence of voting costs, in all party-optimal equilibria of the CV voting

game: (i) for all m < M/K, the minority never wins any seat; (ii) for all m ≥ M/K:

z =
⌊

Km + m
M + m

⌋
if

Km + m
M + m

< Z

z =


Km+m
M+m − 1 with prob m/(m + M)

Km+m
M+m with prob M/(m + M)

if
Km + m
M + m

∈ Z

Given M , m, and K,the proposition yields the equilibrium number of minority seats. Suppose,

for example, m = M/2. Then z = 1 if K = 4; z = 2 if K = 6; and z = 1 with probability 1/3 or

z = 2 with probability 2/3 if K = 5.

What makes the result powerful is the unique equilibrium prediction on the number of minority

13The formula is so widely known and used that CV-calculators can be found online. See, for example,
https://www.lawjock.com/tools/cumulative-voting-calculator/, or Wikipedia: https://
en.wikipedia.org/wiki/Cumulative_voting. Early influential references in political science are Cole
(1950), Glasser (1959), Sawyer and MacRae (1962), Brams (1975), and Glazer et al. (1984).
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seats. As we discuss in more detail in the Appendix, for given M , m, and K , the game admits a

large number of party-optimal equilibria. And yet the multiplicity is irrelevant to the outcome: all

party-optimal equilibria must yield the same number of minority victories.

The result follows from two main reasons. First, because voters and leaders share a com-

mon goal, party-optimal equilibria correspond to the equilibria of a two-player game where the

two party leaders directly control the distributions of the votes over the party candidates. Sec-

ond, the linearity of the objective function, u(k), renders the game constant-sum. As a result, all

party-optimal equilibria must result in maximin payoffs, the payoffs the two parties can guarantee

themselves. Extending the reasoning described earlier then yields the proposition.

Note an immediate corollary that will shape intuition for what follows. There always exists

an equilibrium where g = bKm+m
M+m c, G = K −

⌈Km+m
M+m − 1

⌉
, and xk

im = K/g, xk
iM = K/G: all

voters spread their votes equally over their party’s candidates, and the two parties nominate just

enough candidates to fill all open positions if Km+m
M+m < Z, or exceed the number of positions by 1 if

Km+m
M+m ∈ Z.

2.3 Voting costs

Suppose now that each voter i faces a cost of voting ci, drawn randomly and independently

across voters from a common distribution F(c) everywhere continuous and atomless over support

[c, c], with c ≥ 0. Realized costs are private information, but the distribution F(c) is common

knowledge and does not depend on party affiliation. The cost ci represents the cost of going to the

polls and is independent of the number of votes cast. A voter i whose party wins k positions has

utility Ui (k), given by:

Ui(k) =


u(k) − ci if voter i voted

u(k) if voter i abstained
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2.3.1 Multi-winner plurality (MP)

Under MP, voters who have turned out cast a single vote for each of the party’s K candidates.

Although multiple positions are in play, the analysis mirrors closely the standard approach to costly

voting in single winner elections.14 Following Palfrey and Rosenthal (1985), and the subsequent

literature, we focus on semi-symmetric Bayesian equilibria in threshold strategies: there exist cost

cutpoints cM and cm such that any voter i in party M (m) turns out to vote if ci < cM (ci < cm) and

abstains if ci > cM (ci > cm).

Call Sp the number of voters who turn out for party p. Each M candidate receives SM votes, and

each m candidate receives Sm votes. Thus only three outcomes are possible: either SM > Sm, and

all K positions are won by M candidates; or SM < Sm, and all K positions are won by m candidates;

or SM = Sm, and all K positions are tied, with K majority and K minority candidates all having the

same number of votes. Under a tie, the K winners are chosen randomly among all tied candidates.

We denote by EuMP
T the expected utility gain from winning seats under MP in case of a tie. Then:

EuMP
T =

K∑
k=0

(K
k

) ( K
K−k

)(2K
K

) u (k) = V/2

where the second equality follows from u(k) = (k/K)V .

As in single-winner elections, a voter from party p facing opposite party p′ must weigh her

cost of voting against the expected utility gain from influencing the outcome. Denoting by S−ip the

number of voters who turn out in party p ignoring i, voter i can influence the outcome either by

breaking ties (when S−ip = Sp′; an event whose probability we denote by πT
p ) or by making ties

(when S−ip = Sp′ − 1, with probability πT−1
p ). Thus if the cutpoints {cM, cm} are interior, they solve

14Arzumanyan and Polborn (2017) study costly voting with multiple candidates but a single winner. Our model is
closer to the traditional two-candidate, one-winner set-up, with each party list being the parallel to the party candidate.
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the system of equations:

cm = [u(K) − EuMP
T ]π

T
m(cM, cm) + [EuMP

T − u(0)]πT−1
m (cM, cm) (2.1)

cM = [u(K) − EuMP
T ]π

T
M(cM, cm) + [EuMP

T − u(0)]πT−1
M (cM, cm) (2.2)

or:

cm = (V/2)πm(cM, cm) (2.3)

cM = (V/2)πM(cM, cm) (2.4)

where πp ≡ π
T
p + π

T−1
p is the pivotal probability for a voter of party p.

The linearity of the utility function implies that the equilibrium equations (2.3) and (2.4) do

not depend on K . The problem is then formally identical to the classic costly voting problem

with a single winner and two alternatives. It is well-known, and we leave the expressions for the

pivot probabilities to the Appendix. Given equilibrium {cm, cM}, we can derive the probabilities of

winning different number of positions. The derivation is straightforward, and again is left to the

Appendix.

2.3.2 Cumulative voting (CV)

With voting costs, the interests of voters and party leaders need not coincide any longer. The

game now has M + m + 2 players and three stages: a nomination stage, when the two leaders

choose the number of candidates; a turnout stage, when, after observing privately the realization

of the voting cost, each of the M + m voters decides whether or not to vote; and finally a voting

stage, when voters at the polls choose how to cast their votes.15

We focus on pure strategy semi-symmetric perfect Bayesian equilibria such that within each

party, all voters follow the same strategy. We denote by x−ip the profile of votes cast by voters

15Because party leaders influence turnout through the number of candidates, note the connection to models of
leaders’ enforced social norms in voting (Levine and Mattozzi, 2020).

79



other than i who have turned out and belong to p. The equilibrium is a pair of party lists {g,G},

a pair of cost cutpoints {cM, cm}, and a pair of voting profiles {xM, xm} such that: (i) at the voting

stage, voter i in party p who has gone to the polls sets xip(G,g, cM, cm, x−ip, xp′) so as to maximize

the expected number of positions won by p, and in equilibrium xk
ip = xk

p for all i and k ∈ p; (ii) at

the turnout stage, all i ∈ p with ci < cp(G,g, cp′, xM, xm) strictly prefer to vote, and all i ∈ p with

ci > cp(G,g, cp′, xM, xm) strictly prefer to abstain; and (iii) at the nomination stage, the two party

leaders set g(G, xM, xm, cM, cm) and G(g, xM, xm, cM, cm) so as to maximize their party’s expected

number of positions. The term “equilibrium” in what follows, refers to such equilibria.

For any positive turnout, if g < K , party M is guaranteed min[G,K − g] seats, and similarly, if

G < K , party m is guaranteed min[g,K−G] seats. The positions contested are max[0, g+G−K].16

The voters’ turnout decision complicates greatly the characterization of the equilibrium. Intu-

itively, there are three main reasons. First, turnout is stochastic and in evaluating how to distribute

votes, each voter needs to account for the probability of different turnout rates, both among voters

of her own party and among opponents. Second, the number of candidates nominated by the party

leaders will affect not only the distribution of votes among voters at the poll, but the decision to

turnout itself—the cost cutpoints. And because such influence is mediated by the voting profiles,

the link in general is complex. Third, the multiplicity of equilibria noted in the absence of voting

costs continues to exist when voting is costly. And because the game cannot be assimilated to a

zero-sum two-player game any longer, the multiplicity of equilibria will in general translate into

multiplicity in outcomes.

This said, two limited results must hold and will help the experimental design. We summarize

them in one proposition. Recall that an equilibrium is strict when deviation implies a non-zero

loss.

Proposition 2. (i) There exists no strict equilibrium with g + G < K + 1. (ii) If there exists an

equilibrium with g + G = K + 1, then the equilibrium has equal spreading of votes: xk
i,m = K/g

and xk
i,M = K/G.

16We assume that non-contested positions are assigned to candidates nominated by the parties even in the absence
of voters’ turnout.
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Proof. (i) If g + G ≤ K , there are no contested seats. With no contested seats, no voter with

positive voting costs goes to the polls. Because non-contested positions are ensured, for given

opposite party list, increasing the number of party candidates cannot cost any seat. (ii) If g + G =

K+1, there is a single contested seat, and the competition between the two parties is over protecting

the least voted of their respective candidates. We are focusing on semi-symmetric equilibria, where

therefore xk
ip = xk

p for all i ∈ p: in equilibrium all voters in p cast the same number of votes on

party candidate k. Can there be an equilibrium where there exist two candidates from the same

party, k and k′, such that xk
p > xk ′

p ? All party candidates with the exception of the single least voted

candidate are guaranteed election. Thus, if there exist k and k′ such that
∑
−i∈p xk

−i,p >
∑
−i∈p xk ′

−i,p,

voter i in party p benefits from deviating. Rather than casting xk
ip > xk ′

ip and reinforcing the

difference in votes across the candidates, i should counter it, and cast her votes so as to maximize

the votes total of the least voted of the party’s candidates: Max{xip}(Mink(
∑

i∈p xk
ip)). Because by

construction such a deviation increases the votes of the least voted candidate, it cannot cost any

seat and is profitable if the voter is pivotal. Hence in any semi-symmetric equilibrium, if g + G =

K + 1, it must be that xk
p = xk ′

p for all k, k′, or xk
i,m = K/g and xk

i,M = K/G. �

In what follows, we identify and use as theoretical references equilibria with equal spreading

of votes. We do so when g + G = K + 1, but also when g + G > K + 1. Distributing votes equally

is an easy default for the voters, but we focus on such equilibria for two additional reasons. First,

observers have documented that equal spreading of votes over all party candidates was the norm in

the Illinois State House (Sawyer and MacRae, 1962; Goldburg, 1994). With more than a century of

experience, it seems plausible that such behavior condensed CV’s lessons when parties play their

coordinating roles. Second, the explicit constraint that votes must be spread equally is part of a

modified CV rule (“Equal and even CV”) applied in elections in Peoria, IL and at times proposed,

because of its simplicity, as a possible model for wider adoption.17

17See, for example, the discussion by fairvote.org at http://archive.fairvote.org/factshts/
comparis.htm
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To characterize equilibria for the experimental parametrizations, we begin by discussing the

derivation of the equilibrium cost cutpoints, and thus turnout, and showing how such derivation

differs from the usual approach. For given g and G, equilibrium cost cutpoints continue to trade

off costs of voting and expected utility gains from influencing the election. As before, a voter

may break an existing tie or cause a tie, but if the party’s candidates are fewer than the number

of seats, by casting more than a single vote on each, the voter may also move the outcome from

a loss to a win of all contested positions. Consider the problem for i ∈ M. By voting, i breaks a

tie if (K/G)SM−i = (K/g)Sm, or SM−i = Sm(G/g); i causes a tie if (K/G)(SM−i + 1) = (K/g)Sm, or

SM−i = Sm(G/g) − 1. In addition, voter i can shift M from losing to winning all contested positions

if both (K/G)SM−i < (K/g)Sm and (K/G)(SM−i+1) > (K/g)Sm, or SM−i ∈ (Sm(G/g)−1,Sm(G/g)).

Denoting by πW
p the probability that the votes of a member of party p move party p from losing to

winning all contested positions, if cM is interior, and G + g > K , cM must solve:

cM = [u(G) − EuCV
T,M(G,g)]π

T
M + [EuCV

T,M(G,g) − u(K − g)]πT−1
M + [u(G) − u(K − g)]πW

M

where:18

EuCV
T,M(G,g) =

G∑
x=0

u(x)
(
G
x

) (
g

K − x

)
/

(
G + g

K

)
=

G
g + G

V .

Or:

cM =
V(g + G − K)

K

[
G

g + G
πT

M +
g

g + G
πT−1

M + πW
M

]
(2.5)

The problem is analogous for minority voters. The equilibrium condition for an interior cut-

point cm is:

cm =
V(g + G − K)

K

[
g

g + G
πT

m +
G

g + G
πT−1

m + πW
m

]
(2.6)

The pivot probabilities and the probabilities of winning different numbers of position in case of

ties can be derived as under MP, taking into account that the number of candidates, in each party,

may differ from the number of seats. We leave them to the Appendix.

18Throughout the paper, we use the convention
(r
y

)
= 0 if y > r .
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Given (2.5) and (2.6), and positing xk
im = K/g, xk

iM = K/G, we can find party leaders’ optimal

choice of G and g. Given G, g, cM, cm, and the conjecture that all other voters spread votes equally,

we can verify that equal spreading is a best response for a voter at the polls. Hence the solution is

an equilibrium.

2.3.3 Equilibria for the experimental parametrizations

Figure 2.1 shows the equilibrium cost cutpoints in the two parties, {cm, cM}, and the expected

fraction of seats won by the minority under the two voting systems for a set of parameters that

include those used in the experiment. The distribution F(c) is Uniform over [0,1], and thus the

cost cutpoints are equal to the two parties’ turnout rates. The first column corresponds to MP, the

second and third to CV (for K = 2 and K = 4, respectively; recall that K does not affect outcomes

under MP). The number of candidates, G and g, equals K for MP and is set at equilibrium value

for CV. In each panel, the horizontal axis corresponds to different values of M , while upper and

lower panels refer to different relative sizes of the two parties.19

The figure highlights two main regularities. First, the differential between the minority’s and

the majority’s turnout rates, cm − cM, is consistently higher under CV than under MP: CV leads

to a higher expected presence of minority voters among those going to the polls. The results hold

whether the minority is half the size of the majority or barely smaller; whether the number of open

seats is just enough for CV to differentiate itself from MP (K = 2) or is higher (K = 4); whether the

electorate is small or large, unless the difference in size of the two parties becomes negligible.20

Second, the expected fraction of seats won by the minority is consistently higher under CV. The

effect is most striking when the minority is relatively small (M = 2m), and its expected share of

seats never rises above 14% under MP, less than half its share of the electorate, as opposed to being

consistently close to 40% under CV.

In all cases, the minority party sets g < K under CV, and thus exploits the possibility to

19We found a unique equilibrium in all cases. We discuss in the Appendix the surprising lack of a consistent
underdog effect (cm > cM) in the MP model. For both MP and CV, raising K to 6 does not change the qualitative
results.

20If M = m + 1 and M is large, turnout equalizes for the two parties under both MP and CV.

83



Figure 2.1: Expected turnout rates and share of minority seats, MP and CV. The thick lines corre-
spond to cM, the thin lines to cm; the bars correspond to the expected share of minority seats. F is
uniform over [0,1]; V = 4.

cumulate votes. When G = K , the minority’s cumulation of votes results in a higher probability of

affecting the outcome, incentivizing turnout; when G < K , the difference in turnout probabilities is

reduced, but the share of minority victories is boosted by the seats left uncontested by the majority.

The simulations focus on small size electorates because their purpose is to generate the hy-

potheses we test in the experiment. But how would the voting rules compare when the electorates

are large? For MP, given its correspondence to single winner plurality systems, the theoretical

predictions are known: turnout rates fall with the increase in population, but less so for the minor-

ity, whose probability of success increases with population size (for given population share) while

remaining below 50 percent (Levine and Palfrey, 2007; Herrera et al., 2014). There is no corre-

sponding theoretical analysis of turnout in large populations under CV. However, the regularities

we see in our simulations match the theoretical results found by Herrera et al. for proportional

representation: when the relative difference in size between the two groups persists in large elec-

torates, the difference in turnout between the minority and the majority is consistently larger under

proportional representation than under plurality. In our simulations, we observe the same results
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under CV when M = 2m, for larger values of M .21 As mentioned earlier, the logic behind the

turnout decision is different under proportional representation and CV, but in both cases the com-

parison to MP reflects the smaller impact of a large electorate on the minority decision, because

the marginal impact of an additional vote is larger in a smaller group in the case of proportional

representation, or because of the positive impact of cumulated votes on pivotality in the case of

CV.22

Finally, we can compare the results to minority victories in the absence of voting costs, and

thus of turnout effects. Under MP and costless voting, as we know, the minority never wins any

seat, as opposed to the small but positive share predicted with costly voting. Under CV and costless

voting, the expected share of minority victories is 1/2 if m = M − 1 > K/2, and either 1/3 (if

K = 2) or 1/4 (if K = 4) if m = M/2, as opposed to being close to 40% in all such cases if voting

is costly. Changing the voting system from MP to CV always helps the minority, but the dramatic

effect expected if voting is costless is mitigated when voting is costly and turnout is not universal.

When voting is costly, the minority achieves substantive representation under CV but is always

expected to maintain its minority status in the allocation of seats.

2.4 The Experiment

The experiment reproduces exactly the theoretical model. Our main focus is the impact of

the voting rule on turnout, and especially on differential minority-majority turnout, and on the

fraction of minority victories. To evaluate the robustness of the results and to test the power of

the theoretical framework we implemented four different parametrizations: while we kept M = 4

throughout the experiment, we varied m between 2 and 3; for each m, we set K = 2 and K =

4. In all treatments, voting costs were drawn independently across participants from a uniform

distribution with support [0,100], and V , the value of controlling all positions, was set at 400.

The number of candidates fielded by each party under CV was set at the theoretical equilibrium
21We have also run additional simulations with M = 30 and M = 40, confirming the qualitative results.
22Casella and Gelman (2008) study pivot probabilities in large electorates when voters can choose to cast more than

a single vote. The problem analyzed–simultaneous referenda over multiple binary decisions–is different, but the effect
of cumulation on pivot probabilities seems likely to generalize.
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Expected Share
M,m K Rule G,g τm τM (τm - τM) Minority Seats
4,2 2 MP 2,2 0.54 0.66 -0.12 0.11
4,2 2 CV 2,1 0.67 0.30 0.37 0.42

4,2 4 MP 4,4 0.54 0.66 -0.12 0.11
4,2 4 CV 3,2 0.42 0.30 0.12 0.38

4,3 2 MP 2,2 0.56 0.79 -0.23 0.12
4,3 2 CV 2,1 0.49 0.27 0.22 0.42

4,3 4 MP 4,4 0.56 0.79 -0.23 0.12
4,3 4 CV 3,3 0.53 0.54 -0.01 0.42

Table 2.1: Experimental Predictions. F uniform over [0,100]; V = 400.

value for each parameterization, and we constrained voters who turned out to spread their votes

equally over their party candidates. With our parameters, not only is equal spreading of votes

an equilibrium response, but in the absence of distinguishing features among candidates or seats,

a voter’s unequal distribution of votes among the party’s candidates could only reflect noise.23

Participants acted as eligible voters: in each round, each drew an independent voting cost and

decided whether or not to vote. The design thus mimics the numerical simulations, with M = 4.

Denoting by τp the turnout rate of voters from party p, we reproduce in Table 2.1 the theoretical

predictions for the experimental parametrizations.

The table replicates results from Figure 2.1, reporting precise numerical values. It dictates

the hypotheses to test. Our main focus is on comparative predictions on the effect of a change in

voting rule, from MP to CV, on the minority versus the majority. We will discuss three hypotheses

in particular. First, the differential of minority-majority turnout rates (τm − τM) is strictly higher

under CV than under MP. Second, a related but tighter hypothesis states that such differential is

strictly negative under MP in all parametrizations; it is strictly positive under CV in three of the

four parametrizations, and barely negative in the fourth. Third, in all parametrizations the expected

share of seats won by the minority is higher under CV than under MP. CV benefits the minority

through the difference in turnout and, when K = 4, because the majority should not, and in our

23Note that there is no communication among voters.
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experiment does not, contest all seats.

We conducted the experiment between August and October 2020, with participants recruited

using the Columbia Experimental Laboratory for the Social Sciences (CELSS)’ ORSEE web-

site24. Most subjects were undergraduate students at Columbia University or Barnard College.

All sessions were online due to the COVID-19 pandemic: participants received instructions and

communicated with experimenters using the Zoom videoconferencing software, and accessed the

experiment interface on their personal computer’s web browser. The experiment was programmed

in z-Tree (Fischbacher, 2007) and run virtually using z-Tree unleashed (Duch et al., 2020). Each

experimental session lasted about 90 minutes with average earnings of $23. With the exception

of a more visual style for the instructions, the experiment developed very similarly to in-person

experiments in the lab.25

During each session, party sizes were kept fixed, and participants played 15 consecutive rounds

of each of four treatments, CV and MP for each of K = 2 and K = 4. Having multiple treatments

within a session has two main purposes: it provides some control over idiosyncratic individual

behavior and, equally important in this type of experiment, keeps the subjects engaged in what is

otherwise a monotonous series of decisions. We controlled for the exact sequence of the treatments

by varying their order: for given m, either 2 or 3, we ran two experimental sessions for each of four

orders of treatments. Thus eight sessions were conducted with m = 2 (12 subjects per session),

and eight with m = 3 (14 subjects per session), for a total of 208 experimental subjects. Table 2.2

reproduces the experimental design.

Party affiliations were kept constant within each treatment to facilitate learning but were as-

signed randomly across treatments. In each round, two groups were formed randomly, each com-

posed of m minority and M majority members. At the end of the round, an outcome screen reported

the party affiliations of the K winning candidates and the number of members of each party who

had voted. Each participant’s final earnings corresponded to the sum of their earnings from one

randomly drawn round from each treatment (in addition to the $5 show-up fee).

24Greiner (2015).
25The online Appendix contains a reproduction of the instructions.
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Sessions m Subjs Rounds K Rule Order Sessions m Subjs
1,9 2 12 15 2 CV 1 5,13 3 14

15 2 MP
15 4 MP
15 4 CV

2,10 2 12 15 2 MP 2 6,14 3 14
15 2 CV
15 4 CV
15 4 MP

3,11 2 12 15 4 MP 3 7,15 3 14
15 4 CV
15 2 CV
15 2 MP

4,12 2 12 15 4 CV 4 8,16 3 14
15 4 MP
15 2 MP
15 2 CV

Table 2.2: Experimental Design.

2.5 Experimental Results

We begin by summarizing experimental results in Table 2.3, in the same format used for Table

2.1, for ease of comparison to the theoretical predictions.26 We then discuss in more detail the

experimental results on aggregate turnout rates–the most novel contribution of this study, and on

the share of seats won by the minority–the core outcome variable. We conclude by analyzing the

source of these outcomes, i.e. individual turnout decisions.

Comparing the results to Table 2.1, some observations are immediate. First, with the exception

of the minority when m = 2 and K = 2, aggregate turnout in the lab under MP is close to the theory

in all parametrizations and for both parties; under CV, on the other hand, turnout is consistently and

substantially higher than predicted in both parties, with larger disparity for the majority. Second,

in line with the theory, changing the voting rule from MP to CV leads to an increase in differential

minority-majority turnout: although the quantitative effect is smaller than predicted, (τm − τM) is

26The table is descriptive and standard errors reported here are not corrected for possible correlations.
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Average Share
M,m K Rule G,g τm τM (τm - τM) Minority Seats
4,2 2 MP 2,2 0.40 0.64 -0.23 0.11

(0.022) (0.015) (0.029) (0.018)

4,2 2 CV 2,1 0.64 0.64 0.00 0.26
(0.022) (0.015) (0.029) (0.016)

4,2 4 MP 4,4 0.59 0.62 -0.02 0.16
(0.022) (0.016) (0.027) (0.019)

4,2 4 CV 3,2 0.72 0.66 0.06 0.35
(0.020) (0.015) (0.027) (0.008)

4,3 2 MP 2,2 0.57 0.69 -0.12 0.21
(0.018) (0.015) (0.024) (0.023)

4,3 2 CV 2,1 0.65 0.57 0.07 0.40
(0.018) (0.016) (0.024) (0.013)

4,3 4 MP 4,4 0.56 0.75 -0.20 0.13
(0.018) (0.014) (0.022) (0.019)

4,3 4 CV 3,3 0.62 0.74 -0.12 0.35
(0.018) (0.014) (0.024) (0.012)

Table 2.3: Experimental Results: Summary Statistics. Standard errors are in parentheses.
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Figure 2.2: Turnout Frequencies. The darker blue columns correspond to the data, the lighter
grey ones to the theory. The 95% confidence intervals are calculated from 10,000 Monte Carlo
simulations that allow for correlation in turnout decisions at the individual level.

always higher under CV than under MP. In fact, as the theory predicts, the differential is negative

in all MP parametrizations and positive, if weakly so, in three of the four CV parametrizations.

Third, again as predicted, the share of seats captured by the minority is consistently higher under

CV. We examine these results in more detail in what follows, and find them robust. They are a

good summary of the experiment’s main lessons.

2.5.1 Turnout

Figure 2.2 reports aggregate turnout rates for minority and majority voters in the different

treatments. The darker blue columns refer to the experimental data; the lighter grey columns to the

theoretical predictions, calculated from the realized voting cost draws. To account for the presence

of multiple decisions by the same participant, the 95% confidence intervals are calculated from

10,000 Monte Carlo simulations that allow for correlation in turnout decisions at the individual

level.27

27We populate the simulations with a subject’s full set of 15 choices for the relevant treatment. Each simulation
corresponds to drawing, with replacement, the correct number of minority and majority subjects corresponding to the
treatment, with all their decisions, and generating one number for differential turnout (the difference in the frequency
of Vote decisions in each party). Over 10,000 simulations, we construct a distribution of differential turnout. The 95%
confidence intervals correspond to the boundaries of the 95% probability mass centered on the empirical ratio. Results
remain substantively unchanged if we use standard automated programs for clustering standard errors.
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For all experimental values of K and m, minority turnout is higher under CV than under MP.

The effect is particularly strong for m = 2, but remains positive, if more muted, for m = 3. In the

case of the majority, turnout is effectively unchanged under CV or MP, with the exception of m = 3

and K = 2, where we see a decline under CV. In this latter parametrization, the minority fields one

candidate, and the majority two; the majority is certain of one victory but, with a relatively large

minority concentrating all votes on a single candidate, the chances of a second majority victory are

low, discouraging turnout.

In fact, the observed decline in majority turnout when m = 3 and K = 2 is much smaller

than the theory predicts. The disparity is less pronounced in the other parametrizations, but, with

the exception of the minority when m = 2 and K = 2, turnout under CV is consistently higher

than theory predicts for both parties. In particular, the grey columns in the figure, which report

the theoretical predictions, show an expected decline in turnout for members of both parties in all

parametrizations (again with the only exception of the minority when m = 2 and K = 2). Such

generalized decline in turnout is absent from the data. The robustness of turnout under CV is the

most unexpected finding of the experiment, and we return to it in Section 5.3, when we look in

more detail at individual turnout decisions.

Given our focus on the potential role of CV in supporting the minority, the core theoretical

prediction on turnout is the increase CV is expected to induce in differential minority to majority

turnout rates (τm − τM): in all parametrizations, such differential turnout is expected to be higher

under CV than under MP. Figure 2.3 reports the experimental results (the darker blue diamonds)

and the theoretical predictions (the lighter grey diamonds). In all cases, the differential minority to

majority turnout is higher under CV than under MP.

The absolute magnitudes of the experimental effects are muted, relative to the theory, particu-

larly in the K = 2 treatments, reflecting the higher than expected majority turnout. Comparative

magnitudes, however, are roughly in line with predictions—more pronounced in K = 2 treatments,

and more muted when K = 4. The theory also predicts that the minority’s turnout rate should

be lower than the majority’s in all MP treatments, higher in three of the four CV treatments, and
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Figure 2.3: Differential Turnout: τm − τM. Dark blue diamonds correspond to τm − τM in the
experiment, light grey diamonds to τm − τM in the theoretical prediction. The 95% confidence
intervals are calculated from 10,000 Monte Carlo simulations that allow for correlation in turnout
decisions at the individual level.

barely lower in the fourth. This too is observed in the experimental results.

We construct a non-parametric test of the significance of these results by comparing them to the

corresponding simulations under the null hypothesis of no difference in behavior between minority

and majority voters. For each treatment t—i.e., for each parametrization and voting rule—we call

n1(t) the size of the minority sample, and n2(t) the size of the majority sample. We then combine

minority and majority subjects in a single sample and construct two random groups, 1 and 2,

labeled g1(t) and g2(t), by drawing subjects with replacement from the joint sample and assigning

n1(t) random draws to group 1 and n2(t) to group 2.28 We treat the samples in the two groups as if

they corresponded to the minority and to the majority, and calculate differential turnout (τ1 − τ2).

We repeat the procedure 10,000 times and obtain a distribution of differential turnout, under the

hypothesis of no systematic difference in turnout between minority and majority subjects. The

relevant p-value is the probability mass of the distribution at (τ1 − τ2) ≥ (τm − τM), where the latter

is the difference in turnout rates observed in the data. We find: p = 0.003 (m = 2,K = 2; and

m = 3,K = 2); p = 0.137 (m = 2,K = 4); p = 0.135 (m = 3,K = 4). The test confirms the visual

28To allow for correlation of individual decisions, each subject is drawn with all 15 rounds of turnout decisions and
voting costs.
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(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K=2 m=3, K=4

Minority -0.229∗∗∗ -0.042 -0.144∗∗∗ -0.202∗∗∗

(0.052) (0.052) (0.045) (0.052)

CV 0.008 0.029 -0.130∗∗∗ -0.027
(0.035) (0.035) (0.038) (0.030)

CV ×Minority 0.227∗∗∗ 0.118 0.218∗∗∗ 0.091
(0.078) (0.072) (0.069) (0.061)

Voting Cost -0.007∗∗∗ -0.008∗∗∗ -0.009∗∗∗ -0.008∗∗∗

(0.001) (0.001) (0.000) (0.001)

CVfirst -0.057 -0.029 0.029 -0.006
(0.047) (0.047) (0.040) (0.040)

Round -0.008∗∗∗ -0.003 -0.008∗∗∗ -0.005∗∗∗

(0.002) (0.002) (0.002) (0.002)

Constant 1.095∗∗∗ 1.048∗∗∗ 1.201∗∗∗ 1.189∗∗∗

(0.039) (0.047) (0.033) (0.037)
R2 0.239 0.228 0.296 0.268
Number of observations 2880 2880 3360 3360
Number of clusters 96 96 112 112
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.4: Individual turnout decisions. The default sample is majority subjects under MP. Stan-
dard errors are clustered at the individual level.

evidence of the figure: the impact of CV on differential minority-majority turnout is clear in the

K = 2 parametrizations; it is still present but smaller and thus less sharply identified when K = 4.

Further analysis supports these conclusions. In Table 2.4, for given parametrization, we report

the estimation of a linear probability model where the subjects’ turnout decisions are regressed

on a dummy variable for minority status, a dummy variable for CV, and the interaction of the

two dummies, controlling for voting costs, for the relative order of CV and MP, and for the round

number.

The table tells us that, in all parametrizations, belonging to the minority decreases turnout

under MP, relative to the majority voters, while shifting to CV has no impact on majority voters’
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turnout, with the exception of the case m = 3, K = 2, when the majority turnout declines. At the

center of our predictions, the positive parameter of the interaction term tells us that shifting to CV

has a larger positive effect (or a smaller negative effect) on the turnout of minority voters relative

to majority voters, The effect is precisely estimated when K = 2, although not in the more complex

treatments with K = 4. As expected, higher voting costs decrease turnout, but whether subjects

see CV before or after MP has no noticeable effect on the decision to vote, although as a session

proceeds, turnout slightly decreases.

These qualitative results are robust. As we report in the online Appendix, they remain un-

changed if we estimate the model using only data where the relevant treatment was the one the

subjects saw first—i.e., where we exploit the changing order of treatments across sessions to cre-

ate an in-between subjects design. Results also remain unchanged if we estimate a probit model,

rather than a linear probability model, with or without random effects.29

The regression results mirror closely what we see in the figures. Lower minority turnout under

MP is less precisely estimated when m = 2 and K = 4; the decline in majority turnout under CV is

only detectable for the case m = 3, K = 2, and the positive effect of CV on differential minority-

majority turnout is strongly significant for the K = 2 treatments, but not when K = 4. These are

the regularities we also see in the figures.

We use the simulations reported earlier, estimating differential turnout under the null hypothe-

sis of no difference in behavior across minority and majority subjects, to construct a placebo test.

The simulations yield turnout rates for group 1 and group 2, the two groups generated randomly

from our data, for each treatment, by drawing subjects without distinguishing by party. For each

simulation, we replicate the regression in Table 2.4; over 10,000 simulations, we generate a dis-

tribution of the parameter of the interaction term, CV × group 1, under the null of no difference

in the population. Figure 2.4 reports such distribution for each parametrization, as well as the

29Interacting the order of treatments with CV (i.e., adding a variable CV × CVfirst) has no effect. Changing the level
at which standard errors are clustered affects statistical significance but does not change the main message. Focusing
on the interaction term CV × Minority, and thus on the effect of CV on differential turnout, clustering at the group
level leads to a decline in all estimated standard errors, and thus an increase in significance; clustering at the session
level increases estimated standard errors for the m = 2 parametrizations and reduces them when m = 3. See the online
Appendix for all alternative results and more discussion.
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Figure 2.4: The effect of CV on differential minority-majority turnout rates. A placebo test. Results
of the original regressions (the thicker black lines) versus 10,000 replications with random group
formation. The dotted lines correspond to the 95% confidence interval around the distribution
mean.

95% confidence interval around the distribution mean, and, with a thicker black line, the parameter

estimated in the original regression.

Under the null of no systematic differences in turnout decisions between minority and majority

voters, the probability of estimating a differential effect of CV on the minority equal or larger to

the estimate in our original regression is effectively zero in both K = 2 treatments (p < 0.001);

such probability is slightly larger in the K = 4 treatments but still below conventional significance

levels (p = 0.031 when m = 2; p = 0.048 when m = 3). The placebo test suggests strongly that

minority and majority members do in fact respond differently to the shift in voting rule from MP to

CV. As a result, differential minority-majority turnout is higher under CV than under MP, an effect

we cannot attribute to randomness.
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Figure 2.5: Share of seats won by the minority. Darker blue columns correspond to the data, lighter
grey to the theory. The 95% confidence intervals are calculated from standard errors clustered at
the level of the voting group.

2.5.2 Minority victories

Did CV help the minority secure more seats? Figure 2.5 shows that the answer is positive.

For every parametrization, CV increases the share of seats won by the minority, and does so

very significantly. There are some disparities relative to the theory: the minority fares better than

expected under MP in the m = 3, K = 2 treatment, and less well than expected under CV in the

m = 2, K = 2 treatment. On the whole, however, the results are in line with predictions: not only

do minority victories increase under CV in all cases, but the magnitude of the change is large: in

all parametrizations, the share of seats won by the minority doubles or more than doubles when

shifting from MP to CV.30

The message of the figure is confirmed by the statistical analysis. Table 2.5 reports the results

of regressing, for each parametrization, the share of seats won by the minority on a dummy variable

for CV, controlling for the relative order of CV and MP, for an interaction term between the order

and CV (CV × CVfirst), and for the round number. In all parametrizations, CV consistently and

substantially increases the share of minority victories. The order of treatments per se is not signif-

icant. In the case of the m = 2 and K = 2 parametrization, the effect of CV on increasing minority

victories is stronger in sessions where CV was run after MP. However, a Wald test confirms that

30Although, as predicted, such share remains under 50% in all cases.
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(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K=2 m=3, K=4

CV 0.241∗∗∗ 0.202∗∗∗ 0.230∗∗∗ 0.224∗∗∗

(0.032) (0.031) (0.037) (0.028)

CVfirst 0.045 -0.003 0.069 0.059
(0.036) (0.037) (0.047) (0.038)

CV × CVfirst -0.164∗∗∗ -0.005 -0.068 -0.011
(0.050) (0.040) (0.054) (0.045)

Round -0.001 -0.000 -0.002 0.001
(0.003) (0.002) (0.003) (0.002)

Constant 0.094∗∗ 0.161∗∗∗ 0.188∗∗∗ 0.098∗∗∗

(0.036) (0.032) (0.039) (0.030)
R2 0.094 0.165 0.082 0.131
Number of observations 1649 1641 1870 1861
Number of clusters 387 414 448 448
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.5: Share of seats won by the minority. Standard errors are clustered at the level of the
voting group.

even when m = 2 and K = 2, the joint coefficient of (CV + CV × CVfirst) remains significantly

different from zero at conventional significance levels (p = 0.0412). More transparently still, re-

gressions run on data restricted to the first treatment in each session confirm that the positive and

significant effect of CV on minority victories is very robust: as we show in the online Appendix,

the finding is confirmed in such restricted data set for all treatments, including when m = 2 and

K = 2.31 Under CV, the possibility to cumulate votes combines with the increase in differential

minority-majority turnout to deliver larger influence to the minority.

2.5.3 Individual turnout decisions: monotonicity violations and cutpoints

Aggregate group outcomes—turnout rates and shares of seats won—are the main variables of

interest. But group outcomes are rooted in individual turnout decisions. In this subsection, we

31See the online Appendix, where we also document that results are unchanged when clustering standard errors at
the session level.
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briefly discuss the experimental evidence on individual behavior.

In costly voting experiments, and more broadly in experiments where the equilibrium is in

monotone cutpoint strategies, violations of monotonicity are informative not only about the accu-

racy of the theoretical predictions but also about the participants’ understanding of the rules of the

game. In our experiment, this is particularly important because a common objection to CV is that

its strategic complexity is a difficult obstacle for voters. Although experimental participants limit

themselves to the decision to turn out or not, the fact that turning out under CV implies casting

multiple votes for each candidate, and in one case fractional votes, could be confusing.

For each participant, we calculated the number of monotonicity violations, defined as the min-

imum number of decisions that would need to be modified for that participant’s turnout to be fully

monotonic in the voting cost realization: if i chooses to turn out for a cost realization ci = c′ then i

should turn out for all ci < c′, and if i chooses to abstain for a cost realization ci = c′′ then i should

abstain for all ci > c′′. In our data, monotonicity violations are not common: in all treatments

more than half of participants have at most a single violation. In fact, over the full data set, 75 per-

cent of participants have at most one violation. Most importantly, there is no systematic difference

between the frequency of violations under MP and under CV. As we show more formally in the

online Appendix, at least in the simplified structure of our experiment, the hypothesis that CV is

more confusing for voters is not supported by any evidence of more random behavior.32

We can use the minimization of monotonicity violations as a guide to estimating individual

cost cutpoints. Figure 2.6 reports, for each subject, the cutpoint that minimizes the frequency of

violations.33 Because the theory predicts different behavior depending on party affiliation, the

figure reports estimated cutpoints separately for each party. In all cases, the darker blue diamonds

correspond to the average of the individual cutpoints, and the lighter grey diamond to the theoretical

32We report in the online Appendix the fraction of individuals with different numbers of monotonicity violations,
represented as separate CDF’s for MP and CV. The two CDF’s are barely distinguishable, and Kolmogoroff-Smirnov
(K-S) two-sample tests, corrected for discreteness, cannot reject the hypothesis of a common population,

33See, for example, Casella et al. (2006) or Levine and Palfrey (2007) for a similar approach. When, for a given
subject, multiple cutpoints are consistent with minimizing monotonicity violations, the figure reports the mean cut-
point. In a few cases (15 subjects out of 208), the multiplicity concerns ranges of possible cutpoints; in these cases
reporting the mean would muddle behavior, and we have chosen the range that is closest to equilibrium. In all cases,
we have verified that alternative choices do not change the qualitative results.
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Figure 2.6: Estimated Cost Cutpoints. The darker blue diamonds correspond to the average of the
individual cutpoints, and the lighter grey diamonds to the theoretical prediction. The size of each
circle is proportional to the number of subjects it represents.

prediction.

The figure shows clearly the high heterogeneity in behavior: estimated cutpoints vary across

individuals, in both parties and for both voting rules. The theoretical semi-symmetric equilibrium

predicts a single cutpoint for each party, a prediction clearly violated by the data. The heterogeneity

we see, however, is in line with previous findings from similar experiments.34 Comparing the

dispersion of cutpoints across the two voting rules, we find very similar dispersion across voting

rules and treatments, both for the minority and for the majority. The visual impression is confirmed

by the standard deviations of the corresponding distributions of cutpoints.

When we aggregate individual behavior into average cutpoints, regularities emerge. Under MP,

the average of the estimated individual cutpoints is remarkably close to the equilibrium cutpoint in

all parametrizations, with the single exception of the minority when m = 2 and K = 2. With the

same single exception, under CV, the average cutpoint is above the equilibrium cutpoint in both

parties and in all parametrizations, indicating more frequent participation in voting than theory

predicts. When m = 2 and K = 2, the average minority cutpoint in the data is below the equilibrium

cutpoint for MP (suggesting less participation), and coincides with the equilibrium for CV.

34For example, Levine and Palfrey (2007). We checked whether restricting data to the last 10 rounds of each
treatment would result in a narrower range of estimates. We found no such effect: the range of estimated cutpoints is
virtually identical.
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Figure 2.7: CDF’s of Cost Cutpoints. The darker lines correspond to CV; the lighter lines to MP.

A different way of visualizing estimated individual cutpoints conveys clearer lessons on the

impact of the voting rule. Figure 2.7 reports the CDF’s of the individual cutpoints, comparing

the CDF’s under MP (the lighter line) and under CV (the darker line), for both parties and all

parametrizations.

The minority’s higher propensity to vote under CV operates throughout the distribution of

individual cutpoints. The move to CV causes a shift rightward of the whole distribution: the

minority cutpoints distribution under CV FOSD’s the distribution under MP. Formal tests strongly

reject the hypothesis of equal distributions for the minority when m = 2 and K = 2 (a two-sample

K-S test yields p < 0.001), with weaker evidence when m = 3 and K = 4 (p = 0.05) and when

m = 2 and K = 4 (p = 0.26).

As for the majority, with m = 2, majority members barely modify their propensity to vote.

With m = 3, the conclusion is similar when K = 4; when K = 2, however, we see a consistent

decline in voting under CV throughout the majority’s cutpoint distribution. When m = 3, K = 2,

as we discussed earlier, under CV the majority’s chances of winning both seats are very small

and that realization depresses turnout: the distribution of majority cutpoints under MP FOSD’s the
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distribution under CV, and the corresponding one-sided KS test yields p < 0.001.35

The analysis of individual behavior in the experiment thus delivers four main lessons. First,

we do not see more random behavior under CV than under MP, as captured by the frequency of

monotonicity violations. Such violations are few under both voting rules. Second, estimated indi-

vidual cutpoints are heterogeneous, with comparable dispersion across parametrizations, parties,

and voting rules. Third, but for a single exception (the minority, when m = 2 and K = 2), aver-

age cutpoints are close to the theoretical predictions for MP, but consistently higher than predicted

under CV, especially, but not exclusively, for the majority. Fourth, plotting CDF’s of cutpoints

highlights participants’ differential behavior under the two voting rules. The distribution of minor-

ity party subjects’ cutpoints shifts to the right (i.e., towards higher turnout) under CV, relative to

MP; it moves less, and when it does it is in the opposite direction, for majority party subjects.

2.6 Conclusions

Cumulative Voting (CV) is a voting system for multi-member districts that allows each voter

to cumulate votes freely on a single or a subset of candidates. It has been in use since the 19th

century in different countries, for example in the US, England, and Scotland, for the election of

both political bodies and corporate boards. Because it delivers semi-proportional outcomes without

imposing a proportional representation system, CV favors the representation of minorities while

remaining familiar and acceptable to majoritarian democratic systems. In the US, it is one of the

remedies imposed by the courts to resolve violations of the Voting Rights Act. Adoption of CV

correlates empirically with higher participation and success of minorities. However, because such

adoption typically follows litigation, and thus heightened engagement of minorities, it is important

to complement the historical experiences with experiments. This is the purpose of the present

study.

We use a traditional experimental design with costly voting to test predictions on turnout and

on the electoral success of the minority under two voting systems: Multi-seat Plurality (MP), or

35The test cannot reject the hypothesis of equal distributions of majority cutpoints in the other cases.
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bloc voting, where each voter can only cast one vote per candidate, and CV. Inspired by historical

episodes, we assume that the coordination problem posed by CV is solved by the party leaders.

The leaders choose the number of party candidates optimally, in an equilibrium in which votes

are spread evenly over all party candidates. Experimental subjects are voters who face a private,

individual cost of voting, and must decide whether or not to turn out.

Although we see more individual heterogeneity in behavior than expected, aggregate data under

MP are well predicted by the theoretical model. We find, however, that the model significantly

underpredicts turnout under CV for both parties, with a larger quantitative discrepancy for the

majority. Given the good performance of the model under MP, the finding is puzzling. Why the

underprediction under CV only? Without claiming to have an answer, one possible conjecture is

that experimental subjects correctly perceive CV as a more competitive system, giving the minority

a higher chance of winning seats. The enhanced competition then leads to higher participation, in

the same spirit as overbidding in auction experiments.36 We leave the conjecture open for future

work.

The higher turnout under CV does not invalidate the model’s predictions about the relative

impact of the voting system on minority and majority voters. For the cases we bring to the lab, the

theory says that CV should be associated with an increase in the turnout of the minority, relative to

the majority, and with an increase in the share of seats won by the minority. Both predictions are

supported by our data in all the experimental parametrizations we study. In our experiment, CV

works as expected to magnify the voice of the minority.

As we write, debates over voting rights rage in Congress, in state legislatures, in the courts, in

the media. Initiatives aimed at limiting access to the polls and partisan redistricting following the

2020 census increase fears of disenfranchisement. Encouraging minority turnout is a high priority.

Voting rules like CV have the potential to help. Although much remains to be studied, in the lab

we find that such potential is fulfilled.

36A variation of the “spite” argument invoked to explain overbidding in second price auctions (Andreoni et al.
2007), could then justify the majority’s higher excess turnout.
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2.7 Appendix A: Proofs

2.7.1 CV when voting is costless

Proposition 1. In the absence of voting costs, in all party-optimal equilibria of the CV voting

game: (i) for all m < M/K, the minority never wins any seat; (ii) for all m ≥ M/K:

z =
⌊

Km + m
M + m

⌋
if

Km + m
M + m

< Z

z =


Km+m
M+m − 1 with prob m/(m + M)

Km+m
M+m with prob M/(m + M)

if
Km + m
M + m

∈ Z

Proof. We establish the proposition by proceeding in three steps.

1. First, we note that the identity of purpose between party leaders and voters implies that in

all party-optimal equilibria we can think of the party leaders as controlling not only the number of

party candidates but also the distribution of votes cast by their party voters.

2. Second, we show that the proposition identifies the number of seats won by the minority

when both parties follow maximin strategies.

(i) Suppose first that m < M/K . Then the M party can guarantee itself all K seats by dividing

its votes equally over K candidates, and the m party cannot win any seat.

(ii) Suppose then m > M/K . For any xM, party m maximizes the probability of winning

z seats by dividing its votes equally over z candidates, and guarantees itself z seats if mK/z >

MK/(K − z + 1), or z < (Km +m)/(M +m). At the same time, party M maximizes the probability

of winning (K − z) seats by dividing its votes equally over K − z candidates, and guarantees itself

K − z seats if MK/(K − z) > mK/(z+1), or z > (Km−M)/(M +m). We require z to be an integer.

Note that (Km − M)/(M + m) = (Km + m)/(M + m) − 1. Hence either both (Km + m)/(M + m)

and (Km − M)/(M + m) are integers, or neither one is an integer.

(ii.a) Suppose first that (Km+m)/(M+m) is not an integer. Party m guarantees itself
⌊Km+m

M+m

⌋
seats,
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and party M guarantees itself K −
⌊Km+m

M+m

⌋
seats.

(ii.b and iii) Finally, suppose that either m > M/K and (Km + m)/(M + m) is an integer, or

m = M/K (and thus (Km + m)/(M + m) = 1). Then the m party can guarantee itself (Km +

m)/(M +m)−1 ≡ z seats, but can do better by spreading votes equally over (Km+m)/(M +m) ≡ z

candidates. Similarly, the M party can guarantee itself K − z seats, but can do better by spreading

votes equally over K − z+ 1 = K − z candidates. In equilibrium then, party m (M) spreads its votes

equally over z (K − z) candidates; a total of K + 1 candidates receive votes, and all are tied with

[K/(K + 1)](M + m) votes each. The tie-break rule selects K winners randomly from the K + 1

candidates. It then follows that:

prob(z = z) =

(
K − z
K − z

)
(
K + 1

K

) = 1 −
z

K + 1
=

M
m + M

prob(z = z) = 1 − prob(z = z) =
m

m + M

3. Because u(k) is linear in k, the game is constant-sum. It follows that party-optimal equilibria

are equilibria of a constant sum, two-player game. Hence, if equilibria exist, they must all yield

maximin payoffs. It is not difficult to verify that the strategies described above are equilibria:

neither party has a profitable deviation. Thus equilibria exist and all yield z minority victories. �

We complement the proof with two observations. First, as noted in the text, for given K ,

m, and M , in general multiple party-optimal equilibria exist, with different numbers of candi-

dates and/or distributions of votes. For example, suppose K = 4, m = 3, M = 6, and describe

an equilibrium by a vector {g,G, {xk
m}, {x

k
M}}. Then {1,3, {12}, {8,8,8}} is an equilibrium. But

so are {1,4, {12}, {6,6,6,6}}; {1,3, {12}, {10,7,7}}; {1,3, {12}, {9,8,7}}; {2,3, {8,4}, {8,8,8}};

{2,3, {8,4}, {10,7,7}}; {1,3, {8,4}, {9,8,7}}, and there are many others. In all party-optimal equi-

libria, however, as the proposition states, z = 1 in this example.37

37Other equilibria exist that are not party-optimal, where the lack of coordination by the voters of one of the parties
prevents it from winning all the seats it could win. In the example above, {2,3, {6,6}, {12,12,0}} is an equilibrium:
majority voters fail to coordinate and because each only holds 4 votes, no profitable individual deviation exists. Each
party wins two seats.
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Second, to clarify the logic of the CV game, it is useful to differentiate it from a Colonel Blotto

game, adapted to the parameters used here. In the Blotto game, two players, with Km and K M

tokens respectively, simultaneously distribute them over K boxes; each player earns one point for

each box in which the player’s tokens are more numerous than the opponent’s. In the CV game,

each of the two players, again endowed with Km and K M tokens respectively, has a separate set

of K boxes over which to distribute the tokens; the K boxes with most tokens are chosen, out of

the total 2K boxes, and each player earns 1 point for each box chosen out of the player’s own

set of K . The two games are different. For example, in the Blotto game, the equilibrium typically

requires mixed strategies, and the player with fewer tokens cannot be guaranteed any points; neither

statement applies to the CV game.

2.7.2 Costly voting

Multi-winner plurality (MP). Pivot probabilities and probabilities of winning seats

We report here the binomial formulas for the pivot probabilities. Under MP, such formulas are

well-known (see for example Levine and Palfrey, 2007).

πT−1
m =

m−1∑
x=0

(
m − 1

x

) (
M

x + 1

)
F(cm)

x[1 − F(cm)]
m−1−xF(cM)

x+1[1 − F(cM)]
M−(x+1)

πT
m =

m−1∑
x=0

(
m − 1

x

) (
M
x

)
F(cm)

x[1 − F(cm)]
m−1−xF(cM)

x[1 − F(cM)]
M−x

and:

πT−1
M =

m∑
x=1

(
m
x

) (
M − 1
x − 1

)
F(cm)

x[1 − F(cm)]
m−xF(cM)

x−1[1 − F(cM)]
M−1−(x−1)

πT
M =

m∑
x=0

(
m
x

) (
M − 1

x

)
F(cm)

x[1 − F(cm)]
m−xF(cM)

x[1 − F(cM)]
M−1−x

The frequency of minority victories is sensitive to the relative turnout rates of the two parties,

captured by the two cutpoints cm and cM. Although the study of costly voting models has identified
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an “underdog effect”—the tendency for the minority’s turnout rate to be higher than the majority’s,

or cm > cM—the existence of such an effect is sensitive to the exact specification of the model. It

has been proven in a number of scenarios: when the voting cost is fixed and equal for all (Taylor

and Yildirim, 2010a); when voters’ direction of preferences is randomly drawn (Ledyard, 1984;

Taylor and Yildirim, 2010b); when the size of the electorate is uncertain (Herrera et al., 2014;

Krishna and Morgan, 2015). The specification used here differs from these models, and relative

turnout under MP depends on V , the value of winning all seats. Because the model is widely used

but this observation is missing from the literature, we make it explicit in the following remark.

Remark. For any finite M ≥ m, and F continuous and atomless over support [c, c],with c ≥ 0,

there exists a finite V̂(M,m) such that if V = V̂ , then there exists an equilibrium with cm = cM.

Proof. Call ĉ the median of F(c). Straightforward manipulations of the pivot probabilities

show that if cm = cM = ĉ, and thus F(cm) = 1 − F(cM) = 1/2, then (πT
m + π

T−1
m ) = (πT

M +

πT−1
M ) = (1/2)M+m−1

(
M + m

m

)
. Hence for any M and m, cm = cM = ĉ is an equilibrium as long as

ĉ = (V/2)(1/2)M+m−1
(
M + m

m

)
, or V = ĉ

(
2(M+m)/

(
M + m

m

))
= V̂ . �

The derivation of the probabilities of winning different numbers of seats is straightforward.

Consider the problem from the perspective of a minority voter. Begin with the probability of

losing all positions, Pr(Wm = 0). Such probability equals the probability that either all minority

candidates receive strictly fewer votes than the majority candidates, or that all candidates are tied

but minority candidates lose all tie-breaks. Or, Pr(Wm = 0) = Pr(Sm < SM) + Pr[(Sm = SM) ∩
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(m loses all tie-breaks)]. That is:

Pr(Wm = 0) =

=

M∑
SM=1

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM

SM−1∑
Sm=0

(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm+

+

M∑
SM=0

(
M
SM

) (
m
SM

)
F(cM)

SM[1 − F(cM)]
M−SM×

× F(cm)
SM[1 − F(cm)]

m−SM

(
1/

(
2K
K

))
Similarly, the probability that m wins all positions, Pr(Wm = K) equals the probability that

either all minority candidates receive strictly more votes than the majority candidates, or that all

candidates are tied but minority candidates win all tie-breaks. Or, Pr(Wm = K) = Pr(Sm > SM) +

Pr[(Sm = SM) ∩ (m wins all tie-breaks)]. That is:

Pr(Wm = K) =

=

m−1∑
SM=0

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM

m∑
Sm=SM+1

(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm+

+

M∑
SM=0

(
M
SM

) (
m
SM

)
F(cM)

SM[1 − F(cM)]
M−SM×

× F(cm)
SM[1 − F(cm)]

m−SM

(
1/

(
2K
K

))
The probabilities of other numbers of minority victories can be derived in the same fashion.

The probability of electing w minority candidates, with w ∈ (0,K) equals the probability that all
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candidates are tied and m wins w tie-breaks. Thus:

Pr(Wm = w) =

=

M∑
SM=0

(
m
SM

)
F(cm)

SM[1 − F(cm)]
m−SM×

×

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM

(
K
w

) (
K

K − w

)
/

(
2K
K

)
For given M , m, K , F(c), and {u(k)}, for k ∈ {0,1, ..,K}, the equilibrium yields expected

turnout rates for voters of the two parties, the probabilities of winning 0,1, ..,K positions for each

party, and ex ante expected utility for an M and an m voter.38

Cumulative Voting (CV). Pivot probabilities and probabilities of winning seats

Consider first the perspective of a majority voter. The pivot probabilities correspond to the

probabilities of the three events described in the text: breaking a tie (if (K/G)SM−i = (K/g)Sm),

making a tie (if (K/G)(SM−i + 1) = (K/g)Sm), or moving the outcome from a loss to a win on

all contested positions (if SM−i ∈ (Sm(G/g) − 1,Sm(G/g))). Note that since SM−i and Sm are non-

negative integers, the first event is only possible if either G/g is an integer, or SM−i = Sm = 0; the

second event is only possible if G/g is an integer, and the third event is only possible if G/g is not

an integer.

The equations corresponding to the pivot probabilities are logically straightforward:

π̃T
M = IQ[(G/g)Sm]

m∑
Sm=0

{(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm(

M − 1
(G/g)Sm

)
F(cM)

(G/g)Sm[1 − F(cM)]
M−1−(G/g)Sm

}
38Note in particular that if u(K) − EuMP

T = EuMP
T − u(0), or EuMP

T = [u(K) − u(0)]/2, the equilibrium cutpoints
{cm, cM} are identical to the cutpoints that solve the corresponding costly voting problem with a single winner.
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π̃T−1
M = IQ[(G/g)Sm]

m∑
Sm=1

{(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm(

M − 1
(G/g)Sm − 1

)
F(cM)

(G/g)Sm−1[1 − F(cM)]
M−1−[(G/g)Sm−1]

}
and

π̃W
M =

(
1 − IQ[(G/g)Sm]

) m∑
Sm=0

{(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm(

M − 1
b(G/g)Smc

)
F(cM)

b(G/g)Smc[1 − F(cM)]
M−1−b(G/g)Smc

}
where IQ[(G/g)Sm] = 1 if (G/g)Sm is an integer, and 0 otherwise, and bxc is the floor function,

denoting the greatest integer smaller or equal to x.39

The problem is analogous for a minority voter. The relevant equations are:

π̃T
m = IQ[(g/G)SM]

{
M∑

SM=0

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM(

m − 1
(g/G)SM

)
F(cm)

(g/G)SM[1 − F(cm)]
m−1−(g/G)SM

}

π̃T−1
m = IQ[(g/G)SM]

M∑
SM=1

{(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM(

m − 1
(g/G)SM − 1

)
F(cm)

(g/G)SM−1[1 − F(cm)]
m−1−[(g/G)SM−1]

}

π̃W
m =

(
1 − IQ[(g/G)SM]

) M∑
SM=0

{(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM(

m − 1
b(g/G)SMc

)
F(cm)

b(g/G)SMc[1 − F(cm)]
m−1−b(g/G)SMc

}
The probabilities of the minority winning different numbers of positions can be derived as

39Recall that
(r
y

)
= 0 if y > r .

109



under MP, but taking into account that the number of candidates, in each party, now may differ from

the number of seats. The probability of the minority losing all seats must be 0 if G < K; if instead

G ≥ K , then as before it equals the probability that either all minority candidates receive strictly

lower votes than the majority candidates, or that all candidates are tied but minority candidates

lose all tie-breaks. That is:

Pr(Wm = 0|G ≥ K) =

=

M∑
SM=1

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM

X(SM)∑
Sm=0

(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm+

+

M∑
SM=0

(
M
SM

) (
m

(g/G)SM

)
F(cM)

SM[1 − F(cM)]
M−SM×

× F(cm)
(g/G)SM[1 − F(cm)]

m−(g/G)SM IQ[(g/G)SM]

(
G
K

)
/

(
G + g

K

)
where:

X(SM) =


(g/G)SM − 1 if (g/G)SM is an integer

b(g/G)SMc otherwise

The probability of electing some but not all minority candidates can be derived analogously. For

any w ∈ (0,g), the probability of electing w minority candidates is 0 if K − G > w; it equals

the probability that all candidates are tied and m wins w tie-breaks if K − G < w, and equals the

probability either that all are tied and m loses all tie-breaks or that all m candidates receive fewer
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votes if K − G = w. Thus:

Pr(Wm = w |K − G ≤ w) =

=

M∑
SM=0

(
m

(g/G)SM

)
F(cm)

(g/G)SM[1 − F(cm)]
m−(g/G)SM×

×

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM IQ[(g/G)SM]

(
g

w

) (
G

K − w

)
/

(
G + g

K

)
+

+ IK−G=w

M∑
SM=1

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM×(X(SM)∑

Sm=0

(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm

)

where IQ[(g/G)SM] and X(SM) are defined as above, and IK−G=w is an indicator function taking

value 1 if K − G = w and 0 otherwise.

Finally, the probability of electing exactly g minority candidates equals 1 if K − G ≥ g; it

equals the probability that either all minority candidates receive more votes or that all candidates

are tied and the g minority candidates win all tie-breaks. That is:

Pr(Wm = g |K − G < g) =

=

M∑
SM=0

(
m

(g/G)SM

)
F(cm)

(g/G)SM[1 − F(cm)]
m−(g/G)SM×

×

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM IQ[(g/G)SM]

(
G

K − g

)
/

(
G + g

K

)
+

m∑
Sm=1

(
m
Sm

)
F(cm)

Sm[1 − F(cm)]
m−Sm×(Y (Sm)∑

SM=0

(
M
SM

)
F(cM)

SM[1 − F(cM)]
M−SM

)

where:

Y (Sm) =


(G/g)Sm − 1 if (G/g)Sm is an integer

b(G/g)Smc otherwise

111



2.8 Appendix B: Additional Experimental Results

2.8.1 Individual turnout decisions

We tested the robustness of our results by estimating the regression in Table 4 while varying

the exact specification or procedure. We report the results below.

Between-subjects design: first treatments only

Although we ran the experiment with a within-subjects design—i.e., with each subject playing

multiple treatments—varying the order of treatments across sessions allows us to check the robust-

ness of the results to a between-subjects design—i.e., if each subject only played one treatment.

We can study the data from the first treatment played in each session. Table 2.B1 reproduces the

regression in Table 4 in the text, restricting attention to such data. Some estimates lose precision,

but the results are fully consistent with those obtained with the full set of data. In particular, the

parameter of the interaction term remains positive in all treatments and statistically significant if

K = 2.

(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K,2 m=3, K=4

Minority -0.437∗∗∗ -0.072 -0.132∗ -0.119
(0.074) (0.099) (0.071) (0.088)

CV -0.062 0.077 -0.153∗∗ -0.141
(0.087) (0.083) (0.073) (0.091)

CV ×Minority 0.347∗∗ 0.048 0.235∗∗ 0.158
(0.141) (0.131) (0.108) (0.125)

Voting Cost -0.007∗∗∗ -0.009∗∗∗ -0.009∗∗∗ -0.007∗∗∗

(0.001) (0.001) (0.001) (0.001)

Round -0.006 -0.004 -0.004 -0.001
(0.004) (0.004) (0.003) (0.004)

Constant 1.116∗∗∗ 1.086∗∗∗ 1.204∗∗∗ 1.149∗∗∗

(0.055) (0.073) (0.052) (0.060)
R2 0.304 0.289 0.312 0.192
Number of observations 720 720 840 840
Number of clusters 48 48 56 56
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B1: Individual turnout decisions. Data restricted to treatments run first in each session.
Standard errors are clustered at the individual level.
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Probit model

The turnout regression reported in Table 4 in the text estimates a linear probability model.

Alternatively, we can estimate a probit model, and the comparison of the results constitutes a

second robustness check. As Table 2.B2 shows, here too the parameter of the interaction term

remains positive in all treatments and statistically significant if K = 2.40

(1) (2) (3) (4)
m2K2 m2K4 m3K2 m3K4

Minority -0.724∗∗∗ -0.146 -0.538∗∗∗ -0.722∗∗∗

(0.172) (0.168) (0.160) (0.183)

CV 0.027 0.099 -0.466∗∗∗ -0.089
(0.117) (0.118) (0.137) (0.117)

CV ×Minority 0.707∗∗∗ 0.401 0.799∗∗∗ 0.316
(0.255) (0.246) (0.243) (0.216)

Voting Cost -0.023∗∗∗ -0.024∗∗∗ -0.029∗∗∗ -0.027∗∗∗

(0.002) (0.002) (0.002) (0.002)

CVfirst -0.182 -0.088 0.095 -0.022
(0.153) (0.156) (0.140) (0.147)

Round -0.026∗∗∗ -0.009 -0.028∗∗∗ -0.020∗∗∗

(0.007) (0.006) (0.006) (0.007)

Constant 1.857∗∗∗ 1.741∗∗∗ 2.412∗∗∗ 2.424∗∗∗

(0.158) (0.193) (0.151) (0.176)
Number of observations 2880 2880 3360 3360
pseudo − R2 0.196 0.193 0.256 0.242
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B2: Individual turnout decisions. Estimated probit model.

Separating the effect of treatment order on CV

The regression reported in Table 2.B3 adds as an explanatory variable the interaction term CV

× CVfirst, allowing the effect of treatment order to affect CV and MP differently. As the table

shows, we find no effect.

40The numbers reported in the table are raw coefficients from the probit regression.
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(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K=2 m=3, K=4

Minority -0.229∗∗∗ -0.042 -0.144∗∗∗ -0.202∗∗∗

(0.052) (0.052) (0.045) (0.051)

CV 0.042 0.046 -0.096∗∗ 0.009
(0.049) (0.043) (0.046) (0.039)

CV ×Minority 0.227∗∗∗ 0.118 0.218∗∗∗ 0.091
(0.078) (0.072) (0.069) (0.061)

Voting Cost -0.007∗∗∗ -0.008∗∗∗ -0.009∗∗∗ -0.008∗∗∗

(0.001) (0.001) (0.000) (0.001)

CVfirst -0.023 -0.012 0.063 0.029
(0.051) (0.053) (0.045) (0.050)

CV × CVfirst -0.067 -0.034 -0.069 -0.071
(0.053) (0.049) (0.049) (0.045)

Round -0.007∗∗∗ -0.003 -0.007∗∗∗ -0.005∗∗

(0.002) (0.002) (0.002) (0.002)

Constant 1.075∗∗∗ 1.038∗∗∗ 1.180∗∗∗ 1.167∗∗∗

(0.041) (0.051) (0.035) (0.042)
R2 0.240 0.228 0.297 0.270
Number of observations 2880 2880 3360 3360
Number of clusters 96 96 112 112
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B3: Individual turnout decisions. The CV × CVfirst term is added to the regression speci-
fication. Standard errors are clustered at the individual level.

Clustering

Our data consist of multiple observations for each subject. To allow for possible correlation

among the subject’s decisions, the standard errors reported in Table 4 in the text are clustered at

the individual level. As mentioned in footnote 29, different levels of clustering can be defended.

Because turnout is a strategic decision that depends on the other voters’ expected turnout, standard

errors could be clustered at the group level (i.e., at the level of each group of size N = m + M

disputing the same K seats). Results are reported in Table 2.B4.

Clustering at the group level strengthens our results by reducing standard errors, relative to

Table 4 in the text, thus suggesting higher precision in the estimates of the parameters. This applies
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(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K=2 m=3, K=4

Minority -0.229∗∗∗ -0.042∗ -0.144∗∗∗ -0.202∗∗∗

(0.026) (0.025) (0.021) (0.020)

CV 0.008 0.029 -0.130∗∗∗ -0.027
(0.021) (0.018) (0.019) (0.018)

CV ×Minority 0.227∗∗∗ 0.118∗∗∗ 0.218∗∗∗ 0.091∗∗∗

(0.040) (0.035) (0.029) (0.028)

Voting Cost -0.007∗∗∗ -0.008∗∗∗ -0.009∗∗∗ -0.008∗∗∗

(0.000) (0.000) (0.000) (0.000)

CVfirst -0.057∗∗∗ -0.029∗ 0.029∗ -0.006
(0.017) (0.015) (0.015) (0.015)

Round -0.008∗∗∗ -0.003∗ -0.008∗∗∗ -0.005∗∗∗

(0.002) (0.002) (0.002) (0.002)

Constant 1.095∗∗∗ 1.048∗∗∗ 1.201∗∗∗ 1.189∗∗∗

(0.023) (0.023) (0.020) (0.019)
R2 0.239 0.228 0.296 0.268
Number of observations 2880 2880 3360 3360
Number of clusters 387 414 448 448
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B4: Individual turnout decisions. Standard errors are clustered at the group level.

particularly to the parameters of the interaction term, capturing the difference-in-difference effect

of CV on relative turnout. These results, however, should be evaluated with some caution. In

our experimental design, groups are rematched randomly after every round. The implication is

that, from a substantive point of view, it is de facto impossible to form precise beliefs about other

group members’ choices, while, from a statistical point of view, the same group rarely repeats.

When clustering at the group level, the number of clusters approaches 400 in all parametrizations.

Clustering at the individual level, as in Table 4, is more conservative.

At the other extreme, it is possible to argue for clustering at the session level, allowing for

correlation among the choices of all subjects sharing the same session. Table 2.B5 reports the

results. The main effect is on the standard error of the parameter of the interaction term, increasing

it for m = 2 treatments, and decreasing it if m = 3, thus suggesting positive correlation among

errors in m = 2 sessions, but negative correlation in m = 3 sessions. Although possible, the
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(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K=2 m=3, K=4

Minority -0.229∗∗ -0.042 -0.144∗∗ -0.202∗∗

(0.066) (0.044) (0.060) (0.059)

CV 0.008 0.029 -0.130∗∗∗ -0.027
(0.037) (0.030) (0.031) (0.028)

CV ×Minority 0.227 0.118 0.218∗∗ 0.091∗

(0.151) (0.098) (0.065) (0.041)

Voting Cost -0.007∗∗∗ -0.008∗∗∗ -0.009∗∗∗ -0.008∗∗∗

(0.001) (0.001) (0.001) (0.001)

CVfirst -0.057 -0.029 0.029 -0.006
(0.061) (0.028) (0.051) (0.061)

Round -0.008∗∗ -0.003 -0.008∗∗∗ -0.005
(0.003) (0.003) (0.002) (0.003)

Constant 1.095∗∗∗ 1.048∗∗∗ 1.201∗∗∗ 1.189∗∗∗

(0.044) (0.049) (0.047) (0.051)
R2 0.239 0.228 0.296 0.268
Number of observations 2880 2880 3360 3360
Number of clusters 8 8 8 8
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B5: Individual turnout decisions. Standard errors are clustered at the session level.

divergence is not easy to rationalize. In committee voting experiments, the choice of a single

voter can strongly affect the result, contrary, for example, to market experiments. As a result,

individual experiences can differ strongly among participants to the same experimental session.

For this reason, and because results across different estimation methods are more consistent under

individual level clustering than under session-level clustering, the turnout regression reported in

the text clusters standard errors at the individual level.

Random effects

The estimation of individual cost cutpoints in Section 5.3 shows large dispersion, suggesting

that controlling for individual fixed effects could be desirable. However, in our experimental de-

sign, individuals’ assignment to either the minority or the majority party is random and changes
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(1) (2) (3) (4)
m2K2 m2K4 m3K2 m3K4

Minority -0.886∗∗∗ -0.219 -0.519∗∗ -0.831∗∗∗

(0.258) (0.220) (0.224) (0.225)

CV 0.159 -0.011 -0.361∗ 0.018
(0.147) (0.149) (0.187) (0.160)

CV ×Minority 0.675∗∗ 0.931∗∗∗ 0.394 0.296
(0.281) (0.280) (0.353) (0.313)

Voting Cost -0.033∗∗∗ -0.034∗∗∗ -0.040∗∗∗ -0.039∗∗∗

(0.003) (0.003) (0.003) (0.003)

CVfirst -0.283 -0.143 0.140 -0.002
(0.244) (0.245) (0.218) (0.234)

Round -0.040∗∗∗ -0.012 -0.037∗∗∗ -0.041∗∗∗

(0.009) (0.009) (0.008) (0.009)

Constant 2.702∗∗∗ 2.522∗∗∗ 3.246∗∗∗ 3.502∗∗∗

(0.255) (0.278) (0.226) (0.259)
ln(σ2) 0.253 0.256 0.175 0.317

(0.231) (0.215) (0.214) (0.207)
Number of observations 2880 2880 3360 3360
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B6: Individual turnout decisions. Estimated probit model with random effects.

across treatments.41 Thus not all subjects experience both roles, and controlling for individual

fixed effects would effectively drop from the estimation of the parameters of interest those subjects

who happen to be assigned to the same party under both MP and CV. A better procedure then

is to exploit the panel nature of the data set by using a random effects model, where unobserved

heterogeneity is estimated, as opposed to being imputed by assumption to each individual. Table

2.B6 reports the results of estimating our turnout regression via a probit model with random ef-

fects. Once again all signs remain unchanged, but in two cases the modeling procedure affects

the statistical significance of the parameter of the interaction term, increasing it if m = 2,K = 4,

decreasing it if m = 3,K = 2.42

41Individuals maintain their affiliation as either minority or majority member throughout a treatment.
42The numbers reported in the table are raw coefficients from the probit regression.
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(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K=2 m=3, K=4

CV 0.190∗∗∗ 0.163∗∗∗ 0.218∗∗∗ 0.307∗∗∗

(0.037) (0.044) (0.054) (0.050)

Round -0.005 0.003 -0.002 -0.005
(0.006) (0.003) (0.005) (0.006)

Constant 0.088 0.139∗∗∗ 0.200∗∗∗ 0.196∗∗∗

(0.064) (0.052) (0.069) (0.069)
R2 0.083 0.120 0.097 0.168
Number of observations 411 413 467 466
Number of clusters 109 110 112 118
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B7: Share of seats won by the minority. Data restricted to treatments run first in each
session.

2.8.2 Minority victories

Between-subjects design: first treatments only

Table 2.B7 replicates the regression in Table 5 using only data from treatments run first in a

session. The positive impact of CV on the share of seats won by the minority is confirmed in all

parametrizations.

Clustering

Table 2.B8 replicates the regression in Table 5, with standard errors clustered at the session

level.
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(1) (2) (3) (4)
m=2, K=2 m=2, K=4 m=3, K=2 m=3, K=4

CV 0.241∗∗ 0.202∗∗∗ 0.230∗∗∗ 0.224∗∗∗

(0.088) (0.057) (0.057) (0.020)

CVfirst 0.045 -0.003 0.069 0.059
(0.049) (0.061) (0.082) (0.070)

CV × CVfirst -0.164 -0.005 -0.068 -0.011
(0.136) (0.072) (0.088) (0.054)

Round -0.001 -0.000 -0.002 0.001
(0.003) (0.002) (0.002) (0.002)

Constant 0.094∗ 0.161∗∗∗ 0.188∗∗ 0.098∗

(0.048) (0.043) (0.056) (0.051)
R2 0.094 0.165 0.082 0.131
Number of observations 1649 1641 1870 1861
Number of clusters 8 8 8 8
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.B8: Share of seats won by the minority. Standard errors are clustered at the session level.

2.8.3 Individual turnout decisions: monotonicity violations

As reported in the text, we calculated for each participant the number of monotonicity viola-

tions: the minimum number of decisions that need to be modified for that participant’s turnout to

be fully monotonic in the voting cost realization. Because each participant plays 15 rounds of each

treatment, the maximum possible number of violations to monotonicity is 7. Figure 2.B1 reports

the CDF’s of the number of violations for each parametrization, for both CV (the darker line) and

MP (the lighter line). As comparison, we also report in the dashed line the CDF obtained from

10,000 simulations where the turnout decision is random and independent of the realized voting

cost.

Under either voting rule, the CDF of monotonicity violations is strongly to the left of the CDF

corresponding to random behavior. As stated in the text and most important for our purposes, the

CDF’s for MP and CV are very close and show no dominance relation. Kolmogoroff-Smirnov

(K-S) two-sample tests, corrected for discreteness, cannot reject the hypothesis of a common pop-

ulation for MP and CV, with p-values equal to 0.65 (m = 2,K = 2), 0.33 (m = 2,K = 4), 0.94
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Figure 2.B1: CDF’s of monotonicity violations. The darker line corresponds to CV; the lighter line
to MP, and the dashed line to a simulation with random behavior.

(m = 3,K = 2), and 0.58 (m = 3,K = 4). The figure reports monotonicity violations aggregating

over the two parties. The conclusion is unchanged if the data are organized by party.
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2.9 Appendix C: Experimental Instructions (m=2; Order 1)

As discussed in the text, experimental sessions were held via the Zoom videoconferencing

software and run virtually using z-Tree unleashed (Duch et al., 2020). As a result, instructions

were conveyed in more visual style than usual. We report first the text of the instructions for

a representative experimental session, followed by the full instructions, including the graphical

elements.

Thank you for participating in this experiment. In this experiment, you are an eligible voter in

an election called to fill several seats. You will be assigned to one of two parties, either the Purple

party or the Orange party. If your party wins positions, you win points. However, voting is costly,

so if you vote, you lose points. Your decision in each round will be whether to vote or not vote.

The experiment will have four parts, each with 15 rounds. At the end of each Part, one round will

be randomly drawn, and the points you earned in those rounds will be converted into monetary

earnings. The conversion rate from points to dollars is: 100 points = $1.50. Your final earnings

will also include the show-up fee of $5.

PART 1

Part 1 consists of 15 rounds. Each round is a new election and will develop as follows:

At the beginning of Part 1, you will be randomly assigned to a party: either Orange or Purple.

You will be part of a group of 6 voters: 2 Purple voters and 4 Orange voters. Your group will

vote to elect a commission with 2 seats. The 2 candidates with most votes win. If there is a tie, it

is broken randomly by the computer. You win 400 points if your party wins both positions, 200

points if it wins 1 position, and 0 if it wins none. To fill these seats, the Orange party has nominated

2 candidates. The Purple party has nominated 1 single candidate. The computer screen will remind

you of this information, and will look as follows. [SHOW SCREENSHOT]

Whether you are Orange or Purple, your decision is whether to vote or not vote. You are given

an endowment of 100 points. But if you vote you suffer a voting cost. The cost is random and can

be any integer between 0 and 100 with equal probability. Your cost is independent of everyone
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else’s cost. Thus, your cost gives you no information about their costs. You will be shown your

cost before you choose to vote or not vote.

Because 2 positions are open, each voter has 2 votes. When you vote, all your votes are shared

equally by all candidates of your party. If your party is Orange and you vote, you cast 1 vote for

each of the 2 Orange candidates. If your party is Purple and you vote, you cast both of your votes

for the single Purple candidate.

After the practice rounds, Part 1 will consist of 15 rounds. Each round is a new election. You

will maintain the same party affiliation (Orange or Purple) for all of Part 1. At each round, you

will be rematched randomly into a group of 6 voters: 4 Orange and 2 Purple. Because groups are

rematched, you will not be with the same five other subjects. The groups are independent. What

happens in one group does not affect the others. The election will proceed as before (2 open seats,

2 votes per voter, 2 Orange candidates, 1 Purple candidate). All random voting costs will be drawn

again. Each voter will receive a new endowment of 100 points. You and everyone else will decide

again whether to vote or not.

SUMMARY

Your group votes to fill 2 open seats and each voter has 2 votes. You win 400 points if your

party wins both seats, 200 if 1, 0 if none.

There are 2 Orange candidates and 1 Purple candidate. Because each voter has 2 votes, an

Orange voter who votes casts 1 vote for each Orange candidate; a Purple voter who votes casts 2

votes for the single Purple candidate. The group consists of 4 Orange voters and 2 Purple voters.

Voting is costly. If you vote, you pay your voting cost whether or not your party wins any position.

If your party wins any position, you will receive points whether you voted or not. Your party is

more likely to win positions if you vote. Your decision will be whether to vote or not.

[SHOW SUMMARY SLIDE FOR PART 1]

PART 2

Part 2 is very similar to Part 1. The difference is in the number of candidates: In part 2, both

parties have nominated 2 candidates each.
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If you vote, you cast 1 vote for each of your party’s candidates. The two winning candidates

will be the two candidates with most votes, as before. You will be randomly reassigned a party

affiliation, either Purple or Orange, which may differ from Part 1 and that you will keep for the

whole of Part 2. Everything else remains identical. Part 2 will last 15 rounds.

Remember that: Groups are reshuffled at each round. Voting costs are redrawn at each round.

[SHOW SUMMARY SLIDE FOR PART 2]

PART 3

Part 3 is very similar to Part 2. There are three differences: (1) In Part 3, your group will elect

a 4-person commission: the election is for 4 open seats. (2) Each voter has 4 votes. (3) Each party

has nominated 4 candidates.

If you vote, you cast 1 vote for each of your party’s candidates. The 4 winning candidates will

be the 4 candidates with most votes. In addition to the 100 points round endowment, you win 400

points if your party wins 4 positions, 300 if it wins 3, 200 if 2, 100 if 1, and 0 if it wins none. You

will be randomly reassigned a party affiliation, either Purple or Orange, which may differ from

Part 2 and that you will keep for the whole of Part 3. Everything else remains identical. Part 3 will

last 15 rounds.

Remember that: Groups are reshuffled at each round. Voting costs are redrawn at each round.

[SHOW SUMMARY SLIDE FOR PART 3]

PART 4

Part 4 is very similar to Part 3. The difference is in the number of candidates: The Orange party

has nominated 3 candidates. The Purple party has nominated 2 candidates. Because every voter

has 4 votes: If you vote and are Orange, you cast 4/3 votes for each Orange candidate. If you vote

and are Purple, you cast 2 votes for each Purple candidate. The 4 winning candidates will be the 4

candidates with most votes, as before.

You will be randomly reassigned a party affiliation, either Purple or Orange, which may differ

from Part 3 and that you will keep for the whole of Part 4. Everything else remains identical. Part

4 will last 15 rounds.
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Remember that: Groups are reshuffled at each round. Voting costs are redrawn at each round.

[SHOW SUMMARY SLIDE FOR PART 4]

Figure 2.B2: Example of summary slide in the experimental instructions.
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In this experiment, you are an eligible voter in an election called to fill several seats.

You will be assigned to one of two parties, either the Purple party or the Orange party. 

If your party wins positions, you win points. However, voting is costly, so if you vote, 
you lose points. 

Your decision in each round will be whether to vote or not vote. 

The experiment will have 4 Parts, each with 15 rounds.

At the end of each Part, 1 round will be randomly drawn, and the points you earned 
in those rounds will be converted into monetary earnings. 

The conversion rate from points to dollars is: 100 points = $1.50 dollar. 

Your final earnings will also include the show-up fee of $5.
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Part 1

Part 1 consists of 15 rounds.
Each round is a new election and will develop as follows:

At the beginning of Part 1, you will be randomly assigned to a party: either 
Orange or Purple. 

or

You will be part of a group of 6 voters: 2 Purple voters and 4 Orange voters. 
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Your group will vote to elect a commission with 2 seats.  

2 seats

The 2 candidates with most votes win. If there is a tie, it is broken randomly by the 
computer. 

You win 400 points if your party wins both positions, 200 points if it wins 1
position, and 0 if it wins none. 

CANDIDATES

To fill these seats, the Orange party has nominated 2 candidates. 

The Purple party has nominated 1 single candidate.
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The computer screen will remind you of this information, and will look as follows.

Insert computer screens
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Whether you are Orange or Purple, your decision is whether to vote or not vote.

You are given an endowment of 100 points. But if you vote you suffer a voting cost.

The cost is random and can be any integer between 0 and 100 with equal 
probability. 

Your cost is independent of everyone else’s cost. Thus, your cost gives you no 
information about their costs. 

You will be shown your cost before you choose to vote or not vote. 
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Because 2 positions are open, each voter has 2 votes.  

When you vote, all your votes are shared equally by all candidates of your party.

If your party is Orange and you vote, you cast 1 vote for each of the 2 Orange
candidates. 

If your party is Purple and you vote, you cast both of your votes for the single Purple
candidate. 

1 vote

1 vote

2 votes
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After the practice rounds, Part 1 will consist of 15 rounds.

Each round is a new election:

1. You will maintain the same party affiliation (Orange or Purple) for all of Part 1.  

2. At each round, you will be rematched randomly into a group of 6 voters: 4 Orange 
and 2 Purple. Because groups are rematched, you will not be with the same five 
other subjects. 

3. The groups are independent. What happens in one group does not affect the others.

4. The election will proceed as before (2 open seats, 2 votes per voter, 2 Orange 
candidates, 1 Purple candidate)

5. All random voting costs will be drawn again. Each voter will receive a new endowment 
of 100 points.

6. You and everyone else will decide again whether to vote or not. 
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SUMMARY

Your group votes to fill 2 open seats and each voter has 2 votes.

You win 400 points if your party wins both seats, 200 if 1, 0 if none.

SEATS

CANDIDATES

VOTERS

1 vote

1 vote

2 votes

There are 2 Orange candidates and 1 Purple candidate. 

Because each voter has 2 votes, an Orange voter who votes 
casts 1 vote for each Orange candidate; a Purple voter who 
votes casts 2 votes for the single Purple candidate.

The group consists of 4 Orange voters and 2 Purple voters.

Voting is costly.

If you vote, you pay your voting cost whether or not your party wins any position. 

If your party wins any position, you will receive points whether you voted or not. 

Your decision will be whether to vote or not.

Your party is more likely to win positions if you vote.
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SUMMARY: PART 1

CANDIDATES
VOTERS

1 vote

1 vote

2 votes

VOTES

SEATS

Part 2
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Part 2 is very similar to Part 1.

The difference is in the number of candidates: 

In part 2, both parties have nominated 2 candidates each.

If you vote, you cast 1 vote for each of your party’s candidates.

The two winning candidates will be the two candidates with most votes, as before.

You will be randomly reassigned a party affiliation, either Purple or Orange, which may differ 
from Part 1 and that you will keep for the whole of Part 2. 

Everything else remains identical.

CANDIDATES

POSITIONS

VOTERS
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1 vote

1 vote

1 vote

1 vote

VOTES

Part 2 will last 15 rounds.

Remember that:

- groups are reshuffled at each round.

- voting costs are redrawn at each round. 
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SUMMARY: PART 2

VOTERS

SEATS

CANDIDATES

1 vote

1 vote

1 vote

1 vote

VOTES

Part 3
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Part 3 is very similar to Part 2.

There are three differences:

1. In Part 3, your group will elect a 4-person commission: the election is for 4 open seats.

2. Each voter has 4 votes. 

3. Each party has nominated 4 candidates.

If you vote, you cast 1 vote for each of your party’s candidates.

The 4 winning candidates will be the 4 candidates with most votes.

In addition to the 100 points round endowment, you win 400 points if your party wins 4 
positions, 300 if it wins 3, 200 if 2, 100 if 1, and 0 if it wins none.
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POSITIONS

CANDIDATES

VOTERS

1 vote

1 vote

1 vote

1 vote

1 vote

1 vote

1 vote

1 vote

VOTES
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You will be randomly reassigned a party affiliation, either Purple or Orange, which may 
differ from Part 2 and that you will keep for the whole of Part 3. 

Everything else remains identical.

Part 3 will last 15 rounds.

SUMMARY: PART 3

VOTERS

SEATS

CANDIDATES
1 vote

1 vote

1 vote

1 vote

1 vote

1 vote

1 vote

1 vote

VOTES
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Part 4

Part 4 is very similar to Part 3.

The difference is in the number of candidates:

The Orange party has nominated 3 candidates.

The Purple party has nominated 2 candidates.

Because every voter has 4 votes: 

If you vote and are Orange, you cast 4/3 votes for each Orange candidate.

If you vote and are Purple, you cast 2 votes for each Purple candidate. 

The 4 winning candidates will be the 4 candidates with most votes, as before.
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CANDIDATES

POSITIONS

VOTERS

4/3 votes

4/3 votes

4/3 votes

2 votes

2 votes

VOTES
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You will be randomly reassigned a party affiliation, either Purple or Orange, which may 
differ from Part 3 and that you will keep for the whole of Part 4. 

Everything else remains identical.

Part 4 will last 15 rounds.

VOTERS

SEATS

CANDIDATES
VOTES

4/3 votes

4/3 
votes

4/3 votes

2 votes

2 votes

SUMMARY: PART 4

143



Chapter 3: Networks and Labor Mobility: A Study of LinkedIn Profiles in

the Biotechnology Sector

3.1 Introduction and Motivation

Traditional labor search models study worker productivity and wages, but do not account for

how connections affect hiring. Recent literature suggests that networks play a larger role than

previously expected; in particular, networks may be key in finding employment (Cullen and Perez-

Truglia 2019). Having a larger network expands an individual worker’s information set about

outside options, leading to higher bargaining power and subsequent job mobility (Caldwell and

Harmon 2019).

Using LinkedIn profiles data in the biotechnology sector, it is possible to construct a measure

of individuals’ networks based on coworkers within the same firm and location. LinkedIn profiles

provide a history of each LinkedIn profile’s education and employment from high school to their

current site of employment. Histories are accompanied by locations and time frames, measured

in months. This allows for the construction of professional networks: notably, by tracing which

individuals worked together in the same firm and location. The LinkedIn profiles additionally

include names, estimated demographic information via names, and endorsed skills in standardized

categories (e.g. coding or customer service), which supplement the main network measure.

In this chapter, I begin to ask the following question: do larger or higher-quality professional

networks cushion against unemployment? A growing body of literature suggests that in addition

to human capital, social networks capital may matter for economic outcomes (Chetty et al. 2022).

However, much of the literature has centered around family-based or friendship-based networks,

as opposed to professional networks. Professional networks, however, may in fact be more utile.

Using LinkedIn, a social networking site that primarily serves professional and employment-based
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networks, as a data source fills an important gap in the literature on how professional networks

compare to social networks in their impact for employment.

Due to frequent employment turnover, the biotechnology sector provides a promising setting

for testing the impact of networks. 90% of clinical trials fail, and failures lead to layoffs (Sun

2022, Masson and Bayer 2024). From an economics perspective, these layoffs occur “on the

margin" - which allows for a stronger degree of internal validity. Projects are only funded to be

tested if they are expected to pass, and clinical trials are seen in the biotechnology field as an

unexpected event rather than an event created by low-ability workers (Masson and Bayer 2024). In

addition, such frequent employment turnover leads to larger variation across the sector in general,

allowing for enough variation across our dataset. Focusing on the one sector also removes several

confounding factors: such as potential differences across both networks and employment by sector

and differences in education.

In preliminary analysis, I find promising results that more connections help workers find jobs

more quickly. I use a 1000-person random sample of biotechnology scientists in San Francisco

and examine their networks and employment between January 2013 and December 2019.1 I mea-

sure unemployment as the length of time an individual is not at any position listed on LinkedIn.

Then, I regress unemployment on professional connections, education variables, and individual

demographics. I find that the length of unemployment is negatively associated with the number

of first-degree connections an individual has: for each additional connection, the length of unem-

ployment between jobs lasts approximately 10 less days. With a 1 standard deviation change, this

is equivalent to 4.8 less months. The results persist across a wide variety of robustness measures,

including changing the time frame of a connection, removing outliers, and using education and

demographic controls. My preliminary evidence suggests that networks help individuals find jobs

faster.

However, the current results are limited: the network measure is imperfect, the data set on

which the preliminary results are based is small, and the assumptions underlying the statistical

1San Francisco is the world’s largest biotechnology hub.
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analysis can be questioned. These limitations can all be overcome. With respect to the first limi-

tation, the current network measure is affected by firm size: workers at large firms by construction

have larger networks. To separate out network effects from firm size effects, I propose an alternate

networks measure, utilizing the availability of position title in LinkedIn data. With respect to the

second limitation, the data set on which the preliminary results are based is small. I detail mea-

sures to be taken to re-run the analysis with a larger set of the LinkedIn data. The third limitation

is that the assumptions underlying the statistical analysis can be questioned. I identify two po-

tential sources of endogeneity between individuals’ networks and labor market outcomes, which

would prevent a causal interpretation of the current statistical analysis. First, since high-skilled

individuals could potentially be more talented at creating networks, individual skill is potentially

endogenous with network quality or size. To circumvent this endogeneity issue, I propose using

second-degree networks, i.e. individuals’ indirect links, as an instrument for direct networks - a

method used in the networks literature (de Paula 2017). When using second-degree connections

as an instrument for first-degree connections, I find that the preliminary results persist. For the

second source of endogeneity, I argue that individuals with more connections may tend to leave

jobs when they actually have concrete prospects. To solve this issue, I can restrict the analysis to

only unemployment events from (a) mass layoffs data from the Worker Adjustment and Retrain-

ing Notification Act, which requires large employers in the US to provide notice of a mass layoff

affecting 50 or more employees, or from (b) clinical trial failure data from the National Institute of

Health, which requires employers to register all clinical trials. Mass layoffs, because they affect a

large pool of workers, are plausibly independent from both a worker’s ability and a worker’s choice

to leave. Clinical trial failures occur on the margin (since projects are only funded and tested if

expected to pass) and result in an unexpected mass unemployment shock that is unrelated to the

ability of workers. I plan to merge in this data to alleviate the endogeneity concern from voluntary

separations.

The chapter proceeds as follows. In Section 2, I detail the previous literature. In Section 3, I

explore the data used. In Section 4, I detail the current methodology on how I construct a networks
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measure and on the empirical estimation. In Section 5, I provide preliminary results. Section 5

explores limitations and a proposal for future work. In Section 6, I conclude.

3.2 Literature Review

This chapter contributes to a growing body of literature that suggests that social networks

matter for economic mobility. Using Facebook data, Chetty et al. (2022) finds that “economic

connectedness," the share of high socioeconomic status friends among low socioeconomic sta-

tus individuals, is more strongly predictive of an area’s income mobility than school quality, job

availability, or measures of family structure. Using aggregated data on Facebook entry to college

campuses, Armona (2021) finds that an additional access to Facebook by one year led to almost

a $1000 increase in average cohort earnings. Cullen and Perez-Truglia (2019) show that social

interactions matter; they find that workers who took more smoking breaks with managers were

promoted at a faster rate. These papers and more suggest that social capital, in addition to human

capital, matters for employment and earnings.

There are two primary mechanisms through which networks can matter for employment and

earnings. From a supply-side perspective, networks provide information. In the Calvo-Armengol

and Jackson (2004) model, workers obtain information about outside job opportunities from their

network, which implies that a larger network leads to more knowledge about outside options and

thus higher bargaining power (and hence higher wages and quicker re-employment). Caldwell

and Harmon (2019) provide empirical evidence for this; using Danish employer-employee data,

they find that increases in demand at former coworkers’ current firms leads to higher job-to-job

mobility and wage growth, suggesting that former coworkers act as a fount of information about

job availability. Bayer et al. (2008) also provides empirical evidence: using Census data on

residency and employment, they find that individuals on the same city block are more likely to work

together, suggesting some effect of social interactions on employment sorting. From a demand-side

perspective, networks may induce hiring via homophily. Rivera (2012) explores hiring as cultural

matching, where firms tend to have patterns in recruitment. As an example, firm X may prefer
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lacrosse players from Dartmouth College, while firm Y may tend to hire workers from a certain

fraternity. Bourles et al. (2017) explore this via a model of altruism via networks: belonging in

the same network may matter for hiring in a way independent of knowledge and information about

outside opportunities.

There are also two types of social capital: (1) “strong ties," or capital from close friends and

connections and (2) “weak ties," or capital from professional networks. Granovetter (1995)2, the

original study establishing that networks matter for employment, distinguishes between the two.

Granovetter notes that there is a tradeoff: while strong tie connections have more of an incentive

to advocate for an individual, weak tie connections tend to know of different job opportunities,

leading to a larger breadth of knowledge than that of one’s immediate circle. Granovetter thus

concludes that professional networks may in fact be more important for finding a job. Thus, us-

ing LinkedIn, a social networking site that primarily serves professional and employment-based

networks, as a data source fills an important gap in the literature on how professional networks

compare to social networks in their impact for employment. As Granovetter notes, focusing on

professional networks may actually be more utile.

Because LinkedIn data is difficult to access, only a few papers have made use of it. Rajku-

mar et al. (2022) is the closest paper to this one: using large-scale randomized experiments on

LinkedIn’s “People You May Know" algorithm, the authors find evidence that weak ties increased

job mobility, with weaker ties (measured by less interactions) mattering more. In contrast, my

paper is is empirical: using the LinkedIn data itself, I test the impact of networks on length of

unemployment. Other papers which use LinkedIn data include Altenburger et al. (2017), which

studies gender differences in how female versus male users promote themselves on LinkedIn, Jef-

fers (2019), which aggregates user data to find how noncompete agreements led to less employee

departures from firms, and Gortmaker et al. (2022), which finds that weekly networking activity

on LinkedIn increases after negative credit events at workers’ firms. In contrast to these papers,

I plan to primarily focus on how workers’ prior connections reduce unemployment, which is dif-

2Originally written 1974.
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ferent from both analyzing policy (e.g. noncompete agreements) and analyzing direct activity on

LinkedIn (e.g. self-promotion or networking activity).

3.3 Data

3.3.1 LinkedIn Data

The LinkedIn data, collected by Revelio Labs, includes the universe of public LinkedIn profiles.

Each LinkedIn profile includes a full history of an individual’s education and employment from

high school onwards, denoting both location and time frames, measured in months. As an example:

Sam attended Bayside High school in Fremont, California from September 2009 -

June 2012, before attending UC Berkeley and receiving a computer science Bachelor

of Arts degree from September 2012 - June 2016. Post-graduation, they took up a job

at Theravance Biopharma in San Francisco, CA, where they held the position “Junior

Data Analyst" from July 2016 - July 2018. From July 2018 to the present, they held

the position “Senior Data Analyst."

LinkedIn standardizes locations, school and company names, and position titles, thus compiling

standardized individual histories from high schools onwards. Profile data also includes names -

which allows estimation of demographic information. To continue our example,

Sam’s name is Sam Lin. Their profile suggests there is a 89% chance Sam is Asian

American, and a 52% chance Sam is a woman.

Profile data also includes endorsed skills in standardized categories: such as customer service,

coding, or public speaking. In our example,

Sam has 3 endorsed skills: coding (endorsed by 20 connections), public speaking

(endorsed by 3 connections), and leadership (endorsed by 10 connections).
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One major limitation of the data is that user profile data, however, does not include who is con-

nected with who. This will instead be constructed via counting individuals who worked together

in the same firm and location. To account for network decay over time, we only count individuals

who worked together within the past 3 years, excluding the current time period.

We are examining networks in January 2019. If Lily is works at Theravance in San

Francisco in any of the months that Sam was at Theravance in San Francisco within

the three-year time frame of January 2016 - December 2018, then Lily is one of Sam’s

connections.

A unique strength of this data, especially compared with administrative data, is that administra-

tive data doesn’t link professional records with educational ones. Additionally, prior administrative

data is typically anonymized, and doesn’t have a link with individual demographics.

3.3.2 Biotechnology Sector

I focus on the biotechnology sector for a few reasons. First, the biotechnology sector is sub-

ject to frequent employment turnover, mostly due to clinical trial failure. This means biotech-

nology workers have more frequent unemployment events, allowing for enough variation across

our dataset. Second, biotechnology restricts the data to a more focused set of majors (such as

biology, chemistry, computer science, mathematics, and physics) and locations (such as Boston,

Durham, Philadelphia, and San Francisco). Third, because LinkedIn is likely to skew towards

white-collar over blue-collar representation, focusing on biotechnology hedges against selection

within the dataset itself.

3.4 Empirical Methodology

3.4.1 Networks Construction

Data occur at the individual level, with time frequency in months. Networks are constructed as

follows:
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Let At be an adjacency matrix across individuals (for each moment in time), where each ele-

ment {i, j}t = 1 when individual i and individual j worked together in the same firm and location

within the past 3 years excluding the current time period, and 0 otherwise.3 This creates a 1000 by

1000 unit matrix for each time period t.

A first-degree network measure can then be constructed for each individual at time t:

Ωt = At × 1 j×1

Then, Ωt is a i × 1 vector where each element is the fraction of people in the biotechnology field

that person i knows (bound by [0,1]). Each Ωit is then the first-degree network measure for an

individual i at time t.

3.4.2 Estimating Equation

The primary estimating equation (OLS) is as follows:

Yit = β0 + β1Ωit + β2Xi + εit

where each i indicates an individual worker, and t indicates a layoff. Yit indicates the post-layoff

length of unemployment, measured in months and is my outcome of interest. Ωit is the first-degree

network measured at the start of the layoff, and Xi indicates individual-level demographic (gender

and race) and education (level of degree) characteristics. β1 is our parameter of interest.

3.5 Preliminary Results

For preliminary results, I focus on a 1000-observation smaller subsample of the full data. To

construct this subsample, I keep any individual with the word “scientist" in their job title, in any

firm with “Biotech" or “Pharma" in the title, located in San Francisco in the Bay Area between

3This follows Caldwell and Harmon (2019), which previously used a similar measure for Danish administrative
data.
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January 2013 and December 2019.4 Some example firms include BioMarin Pharmaceutical, No-

vartis Pharmaceutical, and Theravance Bioparhama, Inc. This draws approximately 11,000 unique

individuals across 84 months. I then use a 1000-person random sample of these individuals to

conduct the analysis.

3.5.1 Summary Statistics

Table 1 provides summary statistics for the preliminary dataset. On average, the unemploy-

ment length of a worker post-layoff in the sample is 39 months, with a standard deviation of 30

months. The sample skews slightly female, with an average probability rating of 63% female.

Racially, the sample is 46% white, 5% Black, 33% AAPI, 11% Hispanic, and 0.5% native. This

suggests that Asian American workers are overly represented, while Black and Hispanic workers

are underrepresented. The average worker has a first-degree connection measure of approximately

0.0078, which indicates that an average worker knows 0.78% of their industry in biotechnology,

non-inclusive of coworkers they currently work with. Because the preliminary sample is sized

1000, this indicates that each worker on average knows 7.8 people that they’ve met within the last

3 years, non-inclusive of current coworkers. At maximum, each worker in the sample knows 94

people.

3.5.2 Regression Results

For interpretability, all preliminary regressions are run with first-degree connections normal-

ized to per-person. Thus, the interpretation of coefficients is with regards to how an additional

connection leads to β1 less or more unemployment.

I find that length of unemployment is negatively correlated with the number of first-degree con-

nections a worker has prior to unemployment - i.e. that connections do help individuals find jobs

faster. Table 2 presents the regression estimates for the OLS estimation, with column 1 without

4We first focus on San Francisco. While cities such as Boston, Durham, and Philadelphia also have large con-
centrations of biotechnology workers, San Francisco has the largest concentration of biotechnology workers in the
world.
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controls, column 2 with demographic controls, column 3 with education controls, and column 4

with all controls. I find that each additional first-degree connection leads to approximately 0.33

less months of unemployment - or approximately 10 less days. Thus, each additional person known

means that an individual finds gainful employment 10 days quicker. With a 1 standard deviation

change in connections, this would be equivalent to 4.8 less months of unemployment. The results

are robust to inclusion and exclusion of controls: β1 remains -00.33 for every specification ex-

cept column 3 (with only education controls), where it is -0.31. Additionally, every estimate is

significant at the 1% level.

Table 3 explores the robustness of the estimation results to outliers in the outcome variable. In

column 2, I only use layoff observations where the resultant unemployment lasts < 5 years, and I

find that the coefficient is -0.20 (compared to -0.33 before), but is still significant at the 1% level.

In column 3, I only use layoff observations where the resultant unemployment lasts < 3 years, and

I find that the coefficient is -0.16, but is still significant at the 1% level. Since the estimate for the

sample including long-term unemployment is higher, this would suggest the potential interpretation

that first-degree connections are more salient for decreasing long-term unemployment, but that

first-degree connections still matter for shorter-term unemployment spells as well.

Table 4 explores the robustness of regression results using different time frames to account for

first-degree connections, with column 3 using the original estimate of connections within the past 3

years, column 2 using connections within the past 2 years, and column 1 using connections within

the past year. The results are robust to each specification, with significant at the 1% level. The

estimate for column 1 and 2 are both -0.29, which is very close to the original estimate of -0.33.

To summarize the preliminary results, the length of unemployment is negatively correlated with

the number of first-degree connections someone has. For each additional connection (out of 1000),

the length of unemployment between jobs lasts approximately 10 less days. With a 1 standard

deviation change in connections, a 10 day change would be equivalent to 4.8 less months. The

results persist across a wide variety of robustness measures: from changing the time frame of a

connection, to removing outliers, to using various controls. There is also suggestive evidence that

153



connections matter more for longer-term unemployment spells than shorter-term unemployment

spells.

3.6 Limitations and Proposed Solutions

The preliminary results are limited: the network measure is imperfect, the data set on which

the preliminary results are based is small, and the assumptions underlying the statistical analysis

can be questioned. I discuss in this section how to overcome these three limitations.

3.6.1 Limitation 1: Networks Measure

The first limitation is that the current network measure is correlated with firm size. Because

networks are constructed as individuals in the same firm-and-location at the same time, individuals

from large firms would then have a large networks measure. However, that would mean my prelim-

inary results may actually be driven by firm size, where working at a larger firm helps individuals

become re-employed more quickly. This could presumably be driven by the larger availability of

resources at larger firms, rather than an individual’s network from their firm. It is thus important

to separate out network effects from firm size. I propose a few solutions.

A direct solution is to control for firm size, for which data may come from the Bureau of

Labor’s Quarterly Census of Employment and Wages (QCEW) or from the Census’s Statistics of

US Businesses (SUSB). However, both sources of data are restricted-access use. Although these

sources of data are potentially difficult to acquire, both sources of data allow for researchers to

request use. I will do so.

A second and more realistic solution is to use the availability of job title in the LinkedIn data.

Instead of constructing networks using firm and location, I can construct networks as the intersec-

tion of firm, job title, and location. Thus, only workers with the same job title within the same

firm and location would be counted as within each other’s network. This balances against the size

of the firm driving the size of the network, as individuals’ networks would only include those that

work on the same jobs as they do, rather than the whole firm. As an example:
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We are examining networks in January 2019. If Lily is works as a junior data analyst

at Theravance in San Francisco in any of the months that Sam was working as a junior

data analyst at Theravance in San Francisco within a three-year time frame, then Lily

is one of Sam’s connections.

And a counterexample:

We are examining networks in January 2019. Sam has worked as a junior data analyst

at Theravance Biopharma in San Francisco from July 2016 - July 2018 and then a

senior data analyst at Theravance in San Francisco from July 2018 onwards. Tom has

worked as a lab scientist at Theravance in San Francisco within the same time frame

(July 2016 - January 2019). However, because Sam and Tom do not work in the same

position, Tom is not one of Sam’s connections.

This would restrict networks to only be individuals working with the same job title, which

would be a more conservative measure of networks.

One immediate concern is that there may be a wide variation in job title names. However,

LinkedIn standardizes job titles - so only those individuals who choose to specifically skip the

drop-down menu of suggested titles and explicitly write their own would create an issue. This is

unlikely - it would not be incentive compatible because recruiters rely on the standardized titles to

find potential workers. Even if it were to occur, natural language processing tools such as fuzzy

string matching in Python would allow me to group together similar job titles, and allow for a more

consolidated group of job titles.

A second concern is that certain job titles are more common than others, and those common

job titles could have better rates of employment, leading to spurious correlation. For example, we

might imagine that lab technicians are both easier to hire and generally take up larger proportions of

a company. Then, lab technicians would have larger networks by construction than other job titles

and also would spend less time in unemployment. If this were true, the result of our regressions -
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which compare the length of unemployment spells to network size - would be driven by spurious

correlation as opposed to the actual result of having a larger network.

However, we can empirically test for and control against this spurious correlation. By com-

paring general unemployment rates against the relative frequency of positions across firms (via a

simple OLS regression), I can test whether or not position frequency and position unemployment

rates are uncorrelated. If they are not, then firm-and-position as a networks measure could pro-

vide a bulwark against the impact of firm size. If they are correlated, then controlling for general

position size (across the field) would pose a secondary solution.

3.6.2 Limitation 2: Dataset Size

The second limitation is that the current results are calculated from a 1000-observation smaller

subsample of the full data. However, this is circumventable. Even within the current restrictions of

biotechnology workers in San Francisco between 2013 and 2019, there are 11,000 unique individ-

uals - which provides a starting increase from the current dataset. Long-run, I plan to increase the

dataset to any individual who worked within the biotechnology sector in the United States between

1980 through the present day.

The biggest barrier to this increase is computing power, which I plan to solve by transferring the

data into Amazon Web Services. Amazon Web Services includes data storage up to 5 terabytes;

the full LinkedIn profiles dataset is less than 2 terabytes. In addition, Amazon Web Services

hosts Amazon Elastic Compute Cloud, which can perform computationally-heavy tasks on large

datasets.

3.6.3 Limitation 3: Endogeneity

Within our analysis, there are two potential issues limiting a causal interpretation of our pri-

mary estimating equation. First, higher ability individuals may both have more connections and a

stronger ability to rebound from unemployment, potentially biasing our results upwards. Second,

leaving a job is often a choice - it is possible that higher ability individuals would only choose to
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leave a job when they have a new job opportunity available, creating an issue in estimating the

causal ability of networks.

Endogeneity in choice of networks

First, an individual’s number of connections could be potentially related to ability - higher

ability individuals could have more connections. To combat this, I plan to use second-degree

networks as an instrument for first-degree networks (de Paula 2017).

Second-degree networks use individuals’ indirect links, rather than direct links, as the network.

Under a second-degree network, if individual j knows individual i, and individual k knows indi-

vidual i, but individual j and k do not know each other, then individual j and individual k are

considered second-degree connections. From Cruz et al. (2020) , an adjacency matrix mapping

individuals’ second degree connections can be constructed as follows: if At with dimensions i × j

is the adjacency matrix for a set of individuals, then the second-degree matrix can be found using:

A′t At \ diag(A′t At)

To take a simple example, suppose there are 3 individuals, where individuals 1 and 3 are con-

nected, individuals 2 and 3 are connected, and individuals 1 and 2 are not connected. Then, the

example’s first-degree adjacency matrix is as follows:

At =


0 0 1

0 0 1

1 1 0


And the second-degree matrix is:

A′t At \ diag(A′t At) =


0 0 1

0 0 1

1 1 0



0 0 1

0 0 1

1 1 0


\ diag(A′t At) =


1 1 0

1 1 0

0 0 0


\ diag(A′t At)
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=


0 1 0

1 0 0

0 0 0


which would show individuals 1 and 2 as second-degree connections, due to both knowing indi-

vidual 3.

From our second-degree matrix, I can then define a second-degree network measure St as fol-

lows:

St = [A′t At \ diag(A′t At)] × 1 j×1

Thus, St is a i × 1 vector where each element is a measure of the people in the field that person

i has a second-degree connection to. Each Sit is then the second-degree network measure for an

individual i at time t.

I can then use the second-degree network as an instrument for the first-degree network, leading

to the following 2SLS equation:

First stage: Ωit = α0 + α1Sit + α2Xi + εit

Second stage: Yit = β0 + β1Ω̂it + β2Xi + εit

whereΩit is the first-degree network measured at the start of the layoff, and Sit is the second-degree

network measured at the start of the layoff. S is thus an instrument for Ω. This measure is both

exogenous and relevant. Since individuals presumably cannot select who their connections are

connected to (since the second-degree measure explicitly excludes connections with the original

individual), this measure is exogenous. In addition, second-degree networks are constructed out of

first-degree networks, and are thus correlated with first-degree networks and relevant.

In Table 5, I examine the results from using this 2SLS specification on the preliminary dataset.

The results are remarkably close to the preliminary OLS results, with one additional first-degree

connection (instrumented via the second-degree measure) leading to -0.31 less months of unem-

158



ployment post-layoff (in column 4, which includes all controls). Thus, each additional connections

helps an individual find a job 9.3 days faster than before. The inclusion and exclusion of controls

does not change significance, and also does not particularly change the coefficient estimate. The

2SLS results are very close to the OLS results, suggesting that this endogeneity concern does not

play a strong role in influencing the coefficient estimates.

Endogeneity in leaving employment

Second, there is potential endogeneity via selection: individuals with more connections also

more likely to leave jobs when they have concrete prospects, leading our OLS measure to become

biased. I propose a solution: rather than using data from every case of unemployment, I can

limit the dataset to specifically exogenous employment shocks. Then, the specific comparison

would be between two workers both experiencing an exogenous employment shock, one with a

larger network and one with a smaller network. In this section, I describe two data sources of

unemployment shocks, and argue for their exogeneity.

6.3.2.1 Worker Adjustment and Retraining Notification Act

Mass layoffs, because they affect a large pool of workers, can be considered plausibly exoge-

nous to both worker ability and a worker’s choice to leave. I could then restrict the analysis to

only mass layoffs in order to examine the impact of networks in the case of involuntary, mass

employment.

The Worker Adjustment and Retraining Notification Act (WARN), passed in 1988, requires

employers with 100 or more employees to provide at least 60 calendar days advance written notice

of a location closing or mass layoff affecting 50 or more employees at a single employment site.

Data from WARN is collected by time, firm, and location from 1989-2022, and can be used to

measure “negative shocks" affecting all employees at an establishment. WARN layoffs can provide

clear exogenous variation: given two workers laid off simultaneously, does the one with a larger

network become re-employed more quickly?
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Figure 1 provides a visual of the number of mass layoff events by year within the biotechnology

and pharmaceutical sector in the United States. Within each year, there are on average 10 mass

layoffs, with a high of 33 in 2014. Figure 2 provides a visual of the number of employees affected.

On average, 103 employees are laid off in a mass layoff. Then, we can count employees in the

LinkedIn data whose month of leaving the company corresponds with the WARN layoff start date

as having left due to a mass layoff. The comparison point then, is within a company post-mass-

layoff, how do two workers with differently-sized networks fare?

An immediate limitation arises: only approximately 9% of the full sample has unemployment

events which correspond to mass layoffs registered with the Worker Adjustment Retraining Notifi-

cation Act. This is because WARN data only consists of employers with 100 or more employees, a

requirement which many biotechnology startups do not meet. This leads me to consider a second

solution.

6.3.2.2 Clinical Trial Failure

My concentration on the biotechnology sector allows for a potential second solution: clinical

trial failures. Since projects are only funded to be tested by biotechnology employees if they are

expected to pass, clinical trial failures (and the subsequent layoffs) occur on the margin, as an

unexpected event rather than due to the low ability of workers. In addition, clinical trials often

result in whole departments being laid off, as drug failure means companies lose investors and

funding for further experiments (Masson and Bayer).

The National Institutes of Health (NIH) keeps a complete record of all clinical trials via the US

Department of Health and Human Services’ Clinical Trial Registry, available at clinicaltrials.

gov. The NIH registry does not have a company size requirement, and so the data would not be

restricted to only large firms. The registry contains a complete Application Programming Interface

(API), with variable documentation and description. I plan to use the API, combined with Python,

to pull the full set of failed clinical trial data, which includes date of failure. This can then be

matched to unemployment events in the LinkedIn data.
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I plan to restrict the analysis to unemployment events which coincide with clinical trial fail-

ures in order to examine the impact of networks after an exogenous shock. Clinical trial failure is

potentially even more exogenous than a WARN mass layoff. While a general mass layoff could

potentially be correlated to a firm’s employees’ ability, a clinical trial failure is more due gener-

ally to the testing drug itself. Then, even when comparing the networks of two workers across

companies, we can be more certain of the causal effect on re-employment.

3.7 Conclusion

This chapter provides an exploration of the impact of network size on employment. Using

LinkedIn profiles data on the biotechnology sector, it is possible to construct a measure of individ-

uals’ networks based on coworkers within the same firm and location. Exploiting such a measure,

I provide preliminary results that the length of unemployment is negatively correlated with the

number of first-degree connections someone has. For each additional connection (out of 1000), the

length of unemployment between jobs lasts approximately 10 less days.

However, there are limitations to the current analysis: the network measure is correlated with

firm size, the current dataset is small, and the exogeneity assumptions can be questioned. I out-

line steps to handle these issues. First, to separate out network effects from firm size effects, I

propose an alternate networks measure incorporating job title. Second, I detail planned computing

measures to re-run the analysis with the full dataset. Third, I address two potential sources of

endogeneity: (1) networks can be correlated with ability, and (2) individuals choose when to leave

their jobs. To address the first, I propose a second-degree networks measure as an instrument for

first-degree connections, which I test with the preliminary dataset. To address the second, I detail

steps taken to acquire mass layoffs data from the Worker Adjustment and Retraining Notification

Act and clinical trial failure data from the National Institute of Health registry on clinical trial

failures. I plan to subset the data to exogenous unemployment events to alleviate the endogeneity

concern from voluntary separations.

Examining the impacts of networks on labor outcomes have several implications. First, the im-
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portance of social networks capital urges a reexamination of how economists think about human

capital and human capital investment. If social capital is important for improving employment

outcomes, investments into human capital such as attending college or gaining experience in par-

ticular jobs should have an eye towards improving social capital in addition to one’s own personal

capabilities. Second, the importance of networks can affect inequality. Individuals traditionally ex-

cluded from social groups (e.g. women from boys’ clubs, queer workers, non-white workers) may

lack networks capital, which could provide a new explanation for persistent differences observed

in the labor market. Finally, the important of networks should influence how policymakers think

about labor policy and human resources guidelines - and whether or not it is optimal for networks

to matter in employment.
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3.8 Tables and Figures

Table 3.1: Summary Statistics

Obs Mean Std. Dev. Min Max
Unemployment Length 659 39.4 29.8 1 108
Mass Layoff Event 659 0.094 0.292 0 1
First-degree connections (1 years) 655 0.00781 0.01673 0 0.094
First-degree connections (2 years) 652 0.00785 0.01676 0 0.094
First-degree connections (3 years) 640 0.00784 0.01682 0 0.094
Second-degree connections (1 years) 655 0.350 1.04 0 5.9
Second-degree connections (2 years) 652 0.352 1.04 0 5.9
Second-degree connections (3 years) 640 0.354 1.05 0 5.9
Pr(female) 361 0.63 0.47 0 1
Pr(White) 410 0.46 0.40 0 1
Pr(Black) 410 0.05 0.13 0 1
Pr(AAPI) 410 0.33 0.39 0 0.91
Pr(Hispanic) 410 0.11 0.23 0 0.99
Pr(Native) 410 0.005 0.03 0 0.61
Pr(Multiple) 410 0.04 0.07 0 0.62
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Table 3.2: Impact of Network on Length of Unemployment (OLS, Base Regression)

(1) (2) (3) (4)
First-degree connections -0.334∗∗∗ -0.334∗∗∗ -0.313∗∗∗ -0.334∗∗∗

(0.040) (0.049) (0.053) (0.049)

Female -1.621 -1.692
(3.324) (3.326)

White -22.156 -22.259
(21.840) (21.810)

Black -21.738 -21.635
(25.275) (25.270)

AAPI -31.496 -31.596
(21.827) (21.811)

Hispanic -42.145∗ -42.284∗

(21.984) (21.961)

Native -50.924 -50.382
(31.182) (31.334)

Num. Degrees 0.088 -0.178
(0.910) (0.949)

Constant 45.044∗∗∗ 72.482∗∗∗ 45.703∗∗∗ 72.896∗∗∗

(1.239) (21.353) (2.232) (21.434)
Controls None Demographics Education Both
Observations 640 354 403 354
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.3: Impact of Network on Length of Unemployment (OLS, Restrict Outliers)

(1) (2) (3)
All < 5 Years Unemp. < 3 Years Unemp.

First-degree connections -0.334∗∗∗ -0.202∗∗∗ -0.160∗∗∗

(0.049) (0.064) (0.052)

Female -1.692 -5.211∗∗ -4.176∗∗

(3.326) (2.426) (1.991)

White -22.259 -23.294 -22.659∗∗

(21.810) (14.223) (10.551)

Black -21.635 -8.696 -11.247
(25.270) (16.544) (12.214)

AAPI -31.596 -26.727∗ -24.471∗∗

(21.811) (14.311) (10.420)

Hispanic -42.284∗ -33.694∗∗ -28.730∗∗∗

(21.961) (14.437) (10.855)

Native -50.382 -34.477∗∗ -22.837∗∗

(31.334) (14.357) (10.781)

Num. Degrees -0.158 -0.152 -0.178
(0.948) (0.949) (0.949)

Constant 72.896∗∗∗ 57.662∗∗∗ 43.763∗∗∗

(21.434) (13.967) (10.321)
Controls Both Both Both
Observations 354 257 183
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.4: Impact of Network on Length of Unemployment (OLS, Vary connection length)

(1) (2) (3)
First-degree connections (1 year) -0.288∗∗∗

(0.061)

First-degree connections (2 years) -0.286∗∗∗

(0.061)

First-degree connections (3 years) -0.334∗∗∗

(0.049)

Female -1.776 -1.759 -1.692
(3.325) (3.327) (3.326)

White -21.978 -22.008 -22.259
(21.771) (21.775) (21.810)

Black -21.117 -21.176 -21.635
(25.239) (25.246) (25.270)

AAPI -31.196 -31.224 -31.596
(21.767) (21.771) (21.811)

Hispanic -41.632∗ -41.673∗ -42.284∗

(21.916) (21.922) (21.961)

Native -49.328 -49.325 -50.382
(31.364) (31.379) (31.334)

Num. Degrees -0.158 -0.152 -0.178
(0.948) (0.949) (0.949)

Constant 72.166∗∗∗ 72.152∗∗∗ 72.896∗∗∗

(21.398) (21.401) (21.434)
Controls Both Both Both
Observations 360 359 354
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.5: Impact of Network on Length of Unemployment (2SLS)

(1) (2) (3) (4)
First-degree connections -0.279∗∗∗ -0.306∗∗∗ -0.287∗∗∗ -0.306∗∗∗

(0.044) (0.052) (0.061) (0.052)

Female -1.685 -1.756
(3.328) (3.329)

White -22.076 -22.178
(21.818) (21.794)

Black -21.561 -21.464
(25.269) (25.268)

AAPI -31.320 -31.418
(21.804) (21.793)

Hispanic -41.860∗ -42.001∗

(21.963) (21.946)

Native -50.312 -49.799
(31.205) (31.350)

Num. Degrees 0.096 -0.168
(0.910) (0.949)

Constant 44.653∗∗∗ 72.144∗∗∗ 45.476∗∗∗ 72.539∗∗∗

(1.242) (21.333) (2.243) (21.422)
Controls None Demographics Education Both
Observations 640 354 403 354
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure 3.1: Number companies with layoffs, by year

Note: Number of companies by year in biotechnology or pharmaceutical layoffs, WARN data.
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Figure 3.2: Number employees laid off, by year

Note: Number of employees laid off in a biotechnology or pharmaceutical mass layoff by year,
WARN data.
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