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Abstract

In a survey experiment, respondents demonstrated substantial willingness-to-pay (WTP) for

institutions which would give them a voice in their workplace. On average, respondents were

willing to sacrifice 3% of wages for a workers’ union, 4% for a human resources department (HR)

that proactively solicits employee feedback, and 5% for an ‘employee resource group’ (ERG) in

which workers and managers solve workplace problems collaboratively. WTP for these ‘worker

voice institutions’ tended to be substantially higher among women, people of color, and under-

40-year-olds. Neither proactive HR nor ERGs acted as strong utility substitutes for unions.

WTP for worker voice remained high in the context of remote work and digital surveillance by

the employer. I find large WTP for a remote work option (13%), and large negative WTP for

digital surveillance (-16%). Surveillance significantly decreased the desirability of remote work

by about 1.9% of wages, but not enough for the desire to escape monitoring to explain the

desire for remote work. Supplementing these estimates using a Bayesian hierarchical model, I

find considerable heterogeneity between individuals, strong correlations between WTPs for all

voice institutions, and that WTP for each voice institution is correlated with WTP for freedom

from digital surveillance.

∗University of Massachusetts, Amherst. For the latest version and other inquiries, please contact the author at
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“Forming a shop committee was done in a sincere effort to counteract the baneful and

destructive effects both in morale and production of constant agitation from sources

outside the employees themselves, such agitation being almost wholly of imported union

inception”

— Unnamed official of the Virginia Bridge and Iron Co., 1922. (Miller 1922)

1 Introduction

When surveyed, most U.S. workers say that they want workplace institutions which allow them to

exercise voice: influence over the decisions of the firm, whether through verbal appeals or actions.1

(Freeman and Rogers 2006; Freeman 2007; Kochan and Kimball 2019) Workers’ unions, for instance,

may facilitate worker voice, among other functions. (Freeman and Medoff 1979, 1984) Human

Resources Departments (HRs), and the more recently invented Employee Resource Groups (ERGs)

may, at least in some forms, also facilitate worker voice. Yet for policymakers and economists,

the relevant question is what workers are willing to do, and in particular what they are willing

to sacrifice, to gain a voice. Using a novel survey experiment, I estimate workers’ willingness to

sacrifice wages for the above voice institutions, individually and in combination. This experiment

is the first to quantify how much workers value2 HR and ERGs, to compare workers’ valuations

of these employer-controlled institutions to workers’ valuations of unions, and to estimate whether

workers consider HR or ERGs to be utility substitutes for unions.

Worker voice must be studied in context, and increasingly this context includes remote work and

digital monitoring by employers.3 I estimate whether workers value voice institutions differently

in jobs with digital surveillance or remote work; whether, for example, the presence of surveillance

tends to increase the value that workers see in a union. I also estimate how much workers value
1This definition is due to Hirschman (1970, 30) in his landmark work on the subject. So defined, worker voice is

necessary but not sufficient for worker power, defined as the ability of the worker to compel the employer to act as
they would not otherwise act to further the interests of the worker (Bowles and Gintis 2008).

2Throughout, my interest is in respondents’ total expected valuations of the institutions I study, including any
instrumental values the institutions may have to the respondents, such as through expected future wages gains. I
do not try to separate from the total value any purely intrinsic values of unheeded voice, ineffectual unions, etc.
(perhaps valuable due to perceived procedural fairness, irrespective of outcome), although some have tried (see, e.g.
Adhvaryu, Molina, and Nyshadham 2019).

3I use the term surveillance and monitoring interchangeably to denote a range of activities that I describe in
greater detail below. I prefer the term surveillance because my experiment is particularly focused on activities that
the employer may undertake at their own discretion, without the knowledge of their employees, with the explicit
purpose of identifying or deterring unwanted behavior by the employee.
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remote work and digital monitoring, individually and in combination. This allows me to estimate

how much workers’ desire to avoid monitoring may explain their desire for remote work.

Finally, I move beyond estimates of average willingness-to-pay (WTP) to examine heterogeneity

— that is, I estimate how much different workers may disagree about the value of the above voice

institutions and work arrangements. I consider differences in WTP by race, gender, age, and

occupational class (whether they are a manager or an employee). Additionally, I estimate the entire

population distribution of WTP, particularly the variance and the correlations between individuals’

WTPs for each job characteristic, using a Bayesian hierarchical model.

My aim is to shed light on an evolving conflict over worker voice. For over a century, some U.S.

employers have sought to ensure that if workers do have a voice in their workplace, that voice will be

transmitted through employer-controlled institutions (ECIs) rather than through worker-controlled

institutions (WCIs) such as unions (O’Sullivan 2001; Bronfenbrenner 2022). In many cases, em-

ployers have succeeded, and have attributed their success to their workers’ putative preferences for

certain ECIs over WCIs.

For example, in the epigraph’s Virginia Bridge and Iron Co., managers asserted that once they

instated the works council, an ECI in which workers collaborated with managers to solve workplace

problems, workers simply preferred to negotiate pay and grievances through the works council

rather than through a union, plunging the firm’s unionization rate from 90% to 2% (Miller 1922,

164).4 Nationwide, works councils were so effective at drawing away union members, albeit during a

period of considerable legal suppression and outright violence against unions,5 (Taft 1966; Gitelman

1973; Lipold and Isaac 2022) that labor unions successfully pushed to have works councils banned

as “employer-dominated unions” under the National Labor Relations Act of 1935, (NLRB, n.d.)

which still largely governs U.S. labor relations (Miller 1922; O’Sullivan 2001; Patmore 2016).

Today, instead of works councils, one finds ERGs, in which workers and managers can meet and

brainstorm ways to improve quality of life in the workplace, although typically avoiding discussion of

pay or benefits. One also finds HR departments, now sometimes tasked not only with administering

hiring, firing and payroll (which I will call “standard HR”), but also with engaging employees’
4Meanwhile, average union membership rates in building and transportation trades in the U.S. (a reasonable

comparison group) were relatively stable, falling by no more than five percentage points throughout this period
(Wolman 1924).

5Including at firms overseen by the president and board of Virginia Bridge and Iron (Library 2010).

3



feedback through surveys and workshops (“proactive HR”). In effect, ERGs and proactive HR

follow the advice of management consultants to engage in “union-proofing” by “giving employees a

voice” through ECIs (see, e.g., Projections, Inc. 2022). With such ECIs in place, it is not unusual for

managers at major U.S. employers to make assertions that their non-unionized employees “do not

need a union because local management and the partners [employees] work shoulder–to–shoulder

and can have listening sessions to communicate.” (see, e.g. NLRB 2023, 12)

Taken at face value, these commonplace assertions suggest two related hypotheses about U.S. work-

ers: first, that workers tend to value certain ECIs at least as much they value WCIs (a hypothesis

I will call “ECI desirability”); and second, that ECIs act as strong utility substitutes for WCIs by

providing an alternative mechanism for worker voice (“ECI substitution”). Under ECI desirability

alone, workers with an ECI may still want a WCI. However, under the hypothesis of ECI substi-

tution, an employer can ensure that their workers will not want WCIs at all, merely by instating

certain ECIs. I aim to assess how plausible these hypotheses may be.

Conflicts between employers and WCIs notwithstanding, worker voice is one way to address a

fundamental problem faced by every firm: for a firm to run efficiently, information must flow from

those who have (or produce) it, who are often workers lower in the firm’s hierarchy, to those who

need it, who are often decision-makers higher in the firm’s hierarchy (Hirschman 1970; Simon 1991).

Worker voice institutions are ways to convey this information. The landmark book by Freeman

and Medoff (1984), and the vast literature that followed (for an overview, see Barrows 2017), gave

a wealth of empirical evidence that unions can in many cases improve the productivity of firms by

reducing turnover and ensuring the efficient flow of useful information about production processes

(such as time-saving innovations) to decision-makers within the firm. Indeed, some countries such

as Germany have profitable, technologically advanced manufacturing industries, but also influential

unions which are closely involved in the day-to-day cooperative management of the firm (Thelen

1991).

Concerning information flows within the firm, monitoring and remote work are counterpoints to

worker voice. Whereas worker voice is a way to transmit information while increasing workers’

influence in the firm, monitoring is a way to transmit information while increasing managers’ or

owners’ influence over workers.6 Whereas worker voice typically enhances the flow of information,
6It is a formal implication of most standard work-shirk models that profits grow, and wages shrink, when mon-
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remote work tends to impede flows of information, both among workers, which unions may find

disadvantageous (Ranganathan and Das 2022b); and between workers and employers, which em-

ployers may seek to mitigate through digital communication technology, but also through digital

surveillance. Consequently, to understand the present and future of worker voice in the U.S., I

consider the effects of remote work and monitoring by employers.7

In this study, I consider remote work and digital monitoring as contextual factors that may interact

with worker voice institutions in several ways. If a worker is averse to surveillance, then the presence

of surveillance may increase her desire for voice institutions such as a union, ERG, or HR with which

to oppose, constrain, or mitigate surveillance and its effects. On the other hand, surveillance might

deter some workers from unionized jobs, in the sense that workers might anticipate little personal

benefit from having a union, and possibly retaliation by their employer, if their employer can

monitor union activities; this has been a serious concern of the National Labor Relations Board

(NLRB) (Abruzzo 2022). Additionally, remote workers might be less inclined to form or join worker

voice institutions, owing to a lack of communication, trust, or solidarity; this appeared to occur in

a recent workplace experiment in India (Ranganathan and Das 2022a).

I design and implement a stated-preference survey experiment, following a robust and growing

literature in labor economics in which such experiments are used to quantify workers’ WTP for the

non-pecuniary “amenities” of jobs (Wiswall and Zafar 2018; Mas and Pallais 2017, 2019; Maestas,

Mullen, and Powell 2018; Maestas et al. 2023). Several studies have estimated WTP for job

attributes similar to those I study, including WTP for unions with collective bargaining (5-10% of

wages) (Hertel-Fernandez, Kimball, and Kochan 2022), WTP for general freedom of self-expression

in the workplace (Dube, Naidu, and Reich 2022), and WTP for a remote work option, (Mas and

Pallais 2017 (8% of wages); Maestas et al. 2023 (4% of wages)).

In my experiment, each participant repeatedly faces scenarios in which they must choose one of two
itoring becomes easier (Bowles and Gintis 2008). Tellingly, most employers who engage in digital monitoring or
surveillance report having used it to discipline workers (“6 in 10 Employers Require Monitoring Software for Remote
Workers” 2021) (“ExpressVPN Survey Shows Widespread Surveillance on Remote Workers” 2021).

7In a 2022 BLS survey, some 28% of U.S. private sector business establishments reported that their employees
worked remotely some or all of the time(Bureau of Labor Statistics 2023). Credible estimates of the prevalence
of digital surveillance are scarce (see Mast and Kresge 2022 for a recent, comprehensive review); perhaps the best
evidence so far (and this is far from ideal) is that the EU’s 2019 European Company Survey found that 27%
of surveyed establishments used “data analytics for employee monitoring” (Eurofound 2020). Digital monitoring of
workers’ use of apps, websites, or keystrokes appear to be particularly prevalent among businesses which allow remote
work, with estimates from online surveys ranging from 60% (“6 in 10 Employers Require Monitoring Software for
Remote Workers” 2021) to 75% (“ExpressVPN Survey Shows Widespread Surveillance on Remote Workers” 2021).
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hypothetical jobs, each presented with a descriptions of wages and various non-wage “amenities.”
8 I generate each hypothetical job with a randomized wage and five independently randomized

binary nonwage attributes. Briefly (see Section 2.1.1 for more detail), these binary attributes

are unionization (present or absent), HR (“standard,” or “proactive”), ERG (present or absent),

remote work (allowed every day, or none) and monitoring (basic weekly productivity monitoring,

or extensive digital surveillance of work and productivity).

The heuristic underlying such an experiment is that if a rational agent chooses the job with the

lower wage, then she must prefer her chosen job’s nonwage attributes over the alternative job’s

nonwage attributes, at least as much as the amount of money she has foregone. So the foregone

wages will identify (place bounds on) the agent’s willingness-to-pay (WTP) for the difference in

nonwage attributes. In Section 2.3, I build a preference model to formalize this heuristic, and show

how OLS regressions, and Bayesian hierarchical regressions, can be used to consistently estimate

average WTP in a heterogeneous population.

Identification of WTP would be extremely difficult to obtain reliably from observational (i.e. non-

experimental) data (see the discussion in Lavetti 2023; Maestas et al. 2023). In stated-preference

experiments like mine, the main threats to validity are that respondents’ choices in an experiment

may not reflect their actual preferences or real-world choices, and that survey respondents may

differ systematically from the population(s) of interest.

One cannot rule out such biases, but they are unlikely to be large enough to compromise my conclu-

sions. Responses in previous labor economic choice experiments have tended to track respondents’

real-world choices: for example, authors have typically found strong positive correlations between

the attributes of the jobs that respondents actually have and the attributes that respondents appear

to prefer on the survey, (Mas and Pallais 2017; Wiswall and Zafar 2018) including in a nationally

representative survey (Maestas et al. 2023). I also find such correlations, of considerable magnitude.

Like previous authors, I subject some participants to a simple “attention test,” albeit of an appar-

ently novel kind. As a byproduct of my randomization scheme, in some scenarios the respondent

faced two jobs with identical descriptions save for differing wages. I found that in these scenar-

ios, 85% of respondents picked the higher-wage (and presumably more desirable) job, passing this
8Related designs include asking respondents to rank more than two options, or to report their subjective probability

of choosing each option.
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attention test, which compares favorably to the 65% attention rate estimated in a previous labor

economic choice experiment (Maestas et al. 2023).9 My findings also hold up reasonably well in

the sub-sample consisting solely of respondents who face and pass the attention test. Modeling

and adjusting for inattention using a Bayesian method, my parameter estimates tend to be slightly

larger, and my conclusions still hold.

I find that my respondents value unions (vs. no unions) at approximately 3% of hourly wages,

proactive HR (vs. standard HR) at 4%, and ERGs (vs. no ERG) at 5%. These valuations are large

and statistically significant, but have the right order of magnitude; for comparison, union dues for

the United Auto Workers are currently around 1.44% of wages (UAW 2015). Among women and

people of color, WTP for each of the above voice institutions tends to be considerably greater.

My confidence intervals are sufficiently narrow to indicate that respondents do on average value both

proactive HR and ERGs more than they value unions, supporting the ECI desirability hypothesis.

However, I also estimate essentially zero substitution between unions and proactive HR, and between

unions and ERGs, with confidence intervals narrow enough to rule out substitution effects greater

than 1%; thus the evidence is firmly against the ECI substitution hypothesis.

I find that my respondents strongly value remote work, at about 13% of wages, and that they

even more strongly disvalue digital surveillance, considering it to be equivalent to a 16% pay cut.

My joint experimental design also allows me to assess the hypothesis that workers value remote

work primarily as a way to escape monitoring by their employers: if this were so, one would

expect that in jobs with high surveillance, adding a remote work option (while keeping surveillance

high) would not make the job much more valuable to the worker. That is, one would expect a

substitution effect between remote work and surveillance that roughly equals the positive effect of

remote work without surveillance. I do find a statistically significant substitution effect, but an

order of magnitude smaller than the positive effect of remote work. Thus digital surveillance does

decrease the desirability of remote work, but most of the desire for remote work is not explained

by the desire to escape surveillance (or, presumably, effort). Because I estimate this substitution

effect indirectly, respondents may be more truthful about their motivations for remote work than

they would be if asked directly.

I focus primarily on estimating population average WTP. However, one needs more than an average
9Their paper used a slightly different “trick question” test.
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to understand, let alone to make informed policy decisions about, a heterogeneous population

(Wiswall and Zafar 2018). My experimental design allows me to study more than just the population

average, since each participant in my experiment makes nine choices in total, identifying individual

preferences, albeit weakly. Using a Bayesian discrete choice model to corroborate and supplement

my OLS models, I estimate not only population mean WTP (producing estimates that closely

match my OLS estimates), but also the population standard deviation and quantiles of WTP for

each nonwage job attribute. If population standard deviations are as large as my estimates suggest,

then considerable differences exist in the population concerning the value of these job attributes,

and that we must be wary of considering only population average WTP in our conclusions.

Correlations in the population distribution of WTP are also of interest, because they tell us how

preferences for job attributes tend to be associated with each other in the population, which can

help corroborate (but by no means prove) my hypotheses about individuals’ underlying motivations.

For example, one would expect substantial, positive pairwise correlations between WTPs for unions,

proactive HR, and ERGs, under the hypothesis that the desire for each of these attributes is typically

motivated in part by an underlying desire for worker voice or power. People who prefer unions, and

possibly other forms of worker voice, may also tend to prefer freedom from surveillance. I find that

such correlations are substantial as expected, with a few exceptions that I discuss.

My sample is drawn from attendees of an employment center in Holyoke, Massachusetts, a post-

industrial city with a large immigrant population (Borges-Méndez 1995).10 My sample does differ

in some crucial respects from both the employment center attendee population, for which I have

administrative data, and the Massachusetts population, for which I use CPS ASEC data (Flood et al.

2023): namely, the sample has a greater representation of people who are older, women, non-white,

and who report having post-graduate degrees. The sample income distribution and unionization

rate, however, are quite similar to those of the Massachusetts population. My substantive findings

hold both with and without re-weighting the sample to resemble the Massachusetts population.

In Section 2.1, I discuss the survey design, structure, and participant recruitment. In Section 2.2,

I describe the sample: sample size, demographics; and labor market characteristics such as income,

employment status, and union presence. In Section 2.3, I describe the rational choice model which

underpins the econometric models I build in Section 2.4. I report my findings in Section 3, discussing
10U.S. Census Bureau, 2023. QuickFacts. https://www.census.gov/library/publications/2023/demo/p60-279.html
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the broader implications in Section 4.

2 Data and Methods

2.1 Survey Design and Structure

Testing of the survey instrument began with informal pilot interviews of visitors to the MassHire

Holyoke employment center, to ensure that the survey text and structure were appropriate to the

target population. Partners from the MassHire Holyoke employment center then sent recruitment

emails to a total of nearly 85,000 current and former MassHire clients. Emails were sent in multiple

rounds, beginning with three formal pilot rounds of 1,000 emails each.

Each email contained a link to the survey, which is hosted on the Qualtrics platform. As an incentive,

we offered participants the option to enter a raffle for a $50 Amazon gift card.

The survey begins by asking questions about participants’ current or most recent job; in particular,

about pay, remote work, and surveillance. The core of the survey consists of nine separate choice

scenarios. In each scenario, each participant is asked to choose one of two hypothetical jobs, labeled

Job A and Job B, that were described in a two-column table. The first row of the table listed each

job’s wage, and subsequent rows described each job’s non-wage attributes, with one row per job

attribute. Beneath each column was a button that the participant could click to indicate that they

would prefer to take that job.

The participants were asked to imagine that both hypothetical jobs were identical to their current

job, except in the ways that we described. All hypothetical jobs were described as being 40 hours

per week, from 8:30 AM to 5 PM.

For each pair of hypothetical jobs, I randomized wages in the following manner. First, a “base

wage” was selected: if in the previous section the participant had reported being paid at a rate

that translated to a full-time hourly rate between $12.50 and $200, then I used this reported wage

as their base (hourly) wage in all nine scenarios; otherwise, I independently drew a base log-wage

from a moment-matching Normal approximation of the Massachusetts log-wage distribution (mean

= 3.6, variance = 0.49). Next, given the base hourly log-wage, I independently drew log-wages for

Job A and Job B from a Gaussian distribution with mean equal to the base logwage, and variance
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0.0196, similar to Maestas et al. (2023). Participants were shown wages rounded to the nearest cent.

This process ensured that participants tended to see wages plausibly similar to their current one,

and that log-wage differences between Job A and Job B were a) independent of any confounders,

and b) usually not overwhelmingly large.

In the survey, each hypothetical job had five types of non-wage attribute: unionization, HR, ERG,

remoteness, and surveillance. Each type of attribute had two possible categories (which I will

describe below), from which I randomly (with probability 1/2 each) selected one per job. Random-

ization of non-wage attributes was independent across all attributes, jobs, scenarios, and individuals.

2.1.1 Overview of Nonwage attributes

I presented participants with the following non-wage characteristics:

1. Work location [ONE of the following, randomized]

a) Each weekday, you must commute to your workplace by car or bus, taking about 20

minutes.

b) You have the option to work remotely every weekday. You can also choose to go to your

organization’s workplace, which takes about 20 minutes by car or bus.

2. Oversight [ONE of the following, randomized]

a) Your employer tracks the quality of your work and your overall weekly productivity. Your

employer does NOT closely monitor exactly when or how you work, and they do NOT

monitor your conversations with co-workers.

b) Your employer tracks the quality of your work and your overall weekly productivity.

They also use audio, video, GPS, and software surveillance technology to closely monitor

when, where, and how you are working during work hours, including your conversations

with co-workers.

3. Human Resources [ONE of the following, randomized]

a) Your employer has a standard Human Resources Department (HR). HR administrates

hiring, firing, and payroll.

b) Your employer has a proactive Human Resources Department (HR). In addition to admin-

istrating hiring, firing, and payroll, HR runs surveys and workshops to hear employees’

thoughts and suggestions about working conditions. If there is something you would like
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to change about your job, you can talk to HR.

4. Union Status. [ONE of the following, randomized]

a) This workplace has no workers’ union.

b) In this job, you would be a member of a workers’ union. The union is a democratic

organization that legally bargains with your employer to seek fair pay and good working

conditions for all workers. If there is something you would like to change about your job,

you can ask your union to negotiate with management to seek the change. This job’s

wage already has union dues deducted from it.

5. Employee Resource Group (ERG). [ONE of the following, randomized]

a) This workplace has no specific program to employee engage employees about job satis-

faction or productivity.

b) In this job, you could choose to join an Employee Resource Group (ERG). The ERG is a

management-led group where employees and managers with common interests meet and

share ideas for new company policies that would improve job satisfaction and productiv-

ity. If there is something you would like to change about your job, you can talk to the

ERG. Joining the ERG doesn’t come with extra pay or costs.

2.2 Sample Characteristics

The number of participants who answered at least one job hypothetical is 2,614; these participants

made a total of 22,222 choices.

There are several important differences between our sample and the MassHire administrative

dataset, as well as the Current Population Survey (CPS) sample, as shown in Table 1. Compared

to both of these reference populations, the sample has greater representation of people who are

women, older, non-white, and who report having post-graduate degrees. These differences will not

bias our estimates of WTP among participants in the sample, but will mean that our un-adjusted

estimates do not exactly reflect the reference populations. In the appendix, we consider estimates

which have been re-weighted to represent the population, showing that our general conclusions still

hold, although point estimates do shift to some extent, often becoming larger in magnitude.

I asked respondents to select all worker voice institutions that were present in their workplace,

from a list of common institutions. In Table 2 we see that Human Resources departments and
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Town Hall meetings are fairly common, in 53% and 37% of workplaces. The rate of union coverage,

at 13%, is just above the Massachusetts rate, at 10.1% (U. S. Bureau of Labor Statistics 2022).

Employee Committees (such as the Employee Resource Group) are nearly as common as unions, at

10%, but “Alt Labor” organizations, which support and represent workers without formal collective

bargaining, are rare. However, owing the heterogeneous nature of Alt Labor, it is possible that

more such organizations exist which do not exactly match the descriptions I gave. I asked in

particular about non-union worker organizations which “negotiate regularly with management,”

because I was interested in those which facilitate worker voice specifically and directly; but many

Alt Labor organizations do not negotiate directly with management, instead supporting workers in

areas ranging from healthcare and childcare to job training (Fisk 2020). Thus the above figures

may underestimate the prevalence of Alt Labor organizations.

I also asked respondents to select which forms of monitoring were, to their knowledge, present in

their workplaces. Table 3 shows that only 9% of respondents believe that they face software tracking

of digital devices, and 7% believe that their location or movements are tracked. This estimate is

much lower than the rates estimated in the surveys of emoployers and employees aggregated by

Mast and Kresge (2022), where rates of digital surveillance are usually over 30% or so, and often

as high as 60%. This raises the possibility that many of my respondents are unaware that they

are being monitored (only 7% even suspect surveillance of an unknown form), in which case digital

surveillance would not be “priced in” to respondents’ current wages.
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Table 1: Sample Demographics

Survey Sample MHH Admin1 ASEC 20222

Characteristic N = 2,614
Age

(0,22] 2.1% 12% 26%
(22,40] 29% 45% 25%
(40,65] 59% 40% 32%
(65,100] 10% 3.4% 17%

Race
Asian 4.4% 2.4% 9.6%
Black 8.5% 15% 12%
White 72% 83% 79%
Other 15% 0%

Ethnicity
Hispanic 47% 12%
Non-Hispanic 53% 88%

Gender
Female 59% 50% 52%
Male 39% 50% 48%
Non-binary / third gender 1.0%
Prefer not to say 1.4%

Children under 18
No 68% 79%
Yes 32% 21%

Schooling
Less than High School 2.8% 18% 12%
High School 12% 43% 23%
Some College 22% 25% 20%
Vocational Degree 6.4% 2.8%
Four-Year College Degree 27% 10% 27%
Post-Graduate 30% 0.7% 19%

Employed
No 38% 38%
Yes 62% 62%

Hourly Wage Equivalent
25% Quartile 18 15
Median 26 29
75% Quartile 47 48

Position
Employee 77% 85%
Manager 23% 15%

Note: Here I compare the survey sample demographics to two reference populations.
1 MassHire administrative data: year 2019 attendees.
2 ASEC 2022, Massachusetts.
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Table 2: Voice Institutions in Respondent’s Current
or Most Recent Job

Voice mechanism N Percent
Alt Labor1

No 2,342 90%
Yes 57 2%
NA 215 8%

Employee Committee2

No 2,136 82%
Yes 263 10%
NA 215 8%

HR
No 1,011 39%
Yes 1,388 53%
NA 215 8%

Town Hall Meetings
No 1,444 55%
Yes 955 37%
NA 215 8%

Union
No 2,071 79%
Yes 328 13%
NA 215 8%

1 Alt Labor: an organization that is not a formal union,
but is worker-led and independent from company man-
agement, and negotiates with management on a regular
basis.

2 Employee Committee: a committee of employees that
may be sponsored by management, which meets regu-
larly with management to discuss workplace issues.
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Table 3: Monitoring in Respondents’ Current or Most Recent Job

Monitoring mechanism N Percent
Location or movements tracked
No 2,253 86%
Yes 188 7%
NA 173 7%

Manager visits workplace
No 1,559 60%
Yes 882 34%
NA 173 7%

No tracking of work, only output
No 1,377 53%
Yes 1,064 41%
NA 173 7%

Prompt response to communications required
No 1,912 73%
Yes 529 20%
NA 173 7%

Software tracks digital devices
No 2,193 84%
Yes 248 9%
NA 173 7%

Worker suspects surveillance of unknown form
No 2,264 87%
Yes 177 7%
NA 173 7%

2.3 Preference Model

In this section I build a standard model of how a participant might choose between Job A and Job

B in each choice scenario. I use the parameters of this model to define an individual’s Willingness-

to-Pay (WTP) starting wages for nonwage characteristics. In later sections, I will estimate the

parameters of this model using my survey data, and construct estimates of WTP for individuals

and populations from these parameter estimates.

In my study, each participant 𝑖 sequentially experiences scenarios 𝑗 = 1, … , 9. In each scenario 𝑗 the

participant 𝑖 must choose between two options: a) hypothetical Job A, which has starting wage 𝑤𝐴
𝑖,𝑗
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and five binary nonwage characteristics which we will represent with vector 𝑥𝐴
𝑖,𝑗 = (𝑥𝐴

𝑖,𝑗,1, … , 𝑥𝐴
𝑖,𝑗,5);

and b) hypothetical job B with 𝑤𝐵
𝑖,𝑗 and 𝑥𝐵

𝑖,𝑗 similarly defined. For example, 𝑥𝐴
𝑖,𝑗,1 = 1 could indicate

that for individual 𝑖 in scenario 𝑗, job 𝐴 does have a union, while 𝑥𝐴
𝑖,𝑗,1 = 0 would indicate that it

does not have a union.

When faced with Job A and Job B in scenario 𝑗, a rational individual 𝑖 compares the jobs’ respective

utilities 𝑢𝐴
𝑖,𝑗 = 𝑢𝑖(𝑥𝐴

𝑖,𝑗, 𝑤𝐴
𝑖,𝑗) and 𝑢𝐵

𝑖,𝑗 = 𝑢𝑖(𝑥𝐵
𝑖,𝑗, 𝑤𝐵

𝑖,𝑗) 11 and chooses the job with strictly greater utility,

unless the jobs have equal utility, in which case the individual may choose either option with equal

probability. To model this process, let us define the variable 𝑦𝑖,𝑗 as an indicator that individual 𝑖
chooses Job A instead of Job B in scenario 𝑗.

Then a fully rational and attentive agent with well-defined preferences would choose job 𝐴 according

to:

Pr(𝑦𝑖,𝑗 = 1|𝑢𝐴
𝑖,𝑗, 𝑢𝐵

𝑖,𝑗) =

⎧{{{
⎨{{{⎩

1 ∶ 𝑢𝐴
𝑖,𝑗 > 𝑢𝐵

𝑖,𝑗

0.5 ∶ 𝑢𝐴
𝑖,𝑗 = 𝑢𝐵

𝑖,𝑗

0 ∶ 𝑢𝐴
𝑖,𝑗 < 𝑢𝐵

𝑖,𝑗

(1)

A participant may exhibit some degree of variation 𝛿 > 0 in his choices, one that is not attributable

to utility or rational beliefs, such as due to irrationality or inattention, particularly when he is nearly

indifferent between the available options. When modeling such variation in a Bayesian framework,

I will replace Equation 1 with Equation 2:

Pr(𝑦𝑖,𝑗 = 1|𝑢𝐴
𝑖,𝑗, 𝑢𝐵

𝑖,𝑗) = Φ (𝑢𝐴
𝑖,𝑗 − 𝑢𝐵

𝑖,𝑗
𝛿 ) (2)

where Φ is a cumulative distribution function that is continuous and symmetric about zero. I use

the standard Normal CDF. As the “irrationality parameter” 𝛿 approaches zero, Φ approaches the

function in Equation 1. In the Bayesian model, 𝛿 is estimated from the data.
11I will suppress the individual’s expectation function in this paper as it is not needed for our problem; if the reader

wishes, they may substitute “expected utility” for “utility” throughout this paper.
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2.3.1 Willingness-to-pay

Suppose the utility of a job is linearly separable in its non-wage characteristics 𝑥 and its log-wages

ln(𝑤), (Lewbel 2014) so that individual 𝑖’s utility function can be written as follows:

𝑢𝑖(𝑥, 𝑤) = 𝑣𝑖(𝑥) + ln(𝑤) (3)

Here, 𝑣𝑖(𝑥) is called the value function or the valuation of 𝑥.

For simplicity, in this subsection I will discuss a single (univariate) nonwage attribute 𝑥 which takes

binary values 0 and 1. Since 𝑥 is binary, I need only consider the two valuations 𝑣1
𝑖 = 𝑣𝑖(1) and

𝑣0
𝑖 = 𝑣𝑖(0).

I define individual 𝑖’s logwage willingness-to-pay for 𝑥 = 1 (instead of 𝑥 = 0) as

Δ𝑖 = 𝑣1
𝑖 − 𝑣0

𝑖

This means that if fully rational, the individual 𝑖 chooses Job 𝐴 according to whether the nonwage

value-gain from Job A is greater than the logwage sacrifice:

Δ𝑖(𝑥𝐴 − 𝑥𝐵) > ln(𝑤𝐵) − ln(𝑤𝐴)

2.3.2 Substitution in non-wage parameters

For simplicity, suppose each job has just two binary nonwage attributes 𝑥, 𝑧, so I write 𝑢𝑖(𝑥, 𝑧, 𝑤) =
𝑣𝑖(𝑥, 𝑧) + ln(𝑤), where pairs of attributes (𝑥, 𝑧) have arbitrary values 𝑣1,1

𝑖 = 𝑣𝑖(1, 1); 𝑣1,0
𝑖 =

𝑣𝑖(1, 0); 𝑣0,1
𝑖 = 𝑣𝑖(0, 1); 𝑣0,0

𝑖 = 𝑣𝑖(0, 0).

I can parametrize the difference in nonwage values between Job A and Job B as follows:

𝑣𝑖(𝑥𝐴, 𝑧𝐴) − 𝑣𝑖(𝑥𝐵, 𝑧𝐵) = Δ𝑥
𝑖 (𝑥𝐴 − 𝑥𝐵) + Δ𝑧

𝑖 (𝑧𝐴 − 𝑧𝐵) + Δ𝑥,𝑧
𝑖 (𝑥𝐴𝑧𝐴 − 𝑥𝐵𝑧𝐵) (4)

In this case the “marginal” coefficients are defined as Δ𝑥
𝑖 = 𝑣1,0 − 𝑣0,0 and Δ𝑧

𝑖 = 𝑣0,1 − 𝑣0,0, and

the interaction term has a difference-in-differences form:
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Δ𝑥,𝑧
𝑖 = (𝑣1,1 − 𝑣0,1) − (𝑣1,0 − 𝑣0,0)

This interaction term quantifies how the individual’s marginal valuation of an option with attribute

𝑥 = 1 (rather than 𝑥 = 0) increases, when that option switches from having attribute 𝑧 = 0 to

𝑧 = 1; or equivalently, how the individual’s marginal valuation of an option with attribute 𝑧 = 1
(rather than 𝑧 = 0) increases when that option switches from 𝑥 = 0 to 𝑥 = 1. In other words,

Δ𝑥,𝑧
𝑖 quantifies the complementarity (if it is positive) or substitutability (if it is negative) in utility

between 𝑥 = 1 and 𝑧 = 1.

2.3.3 Discussion of the preference model

It is an important feature of my experimental design and model that each individual 𝑖’s rational

beliefs and preferences, if these are well-defined, would not change in any relevant way between

that individual’s nine repeated hypothetical choice scenarios. This is because the experimental

scenarios occur in rapid succession, with little chance for the participant’s needs, information,

cognitive abilities, background circumstances, or other life experiences to change, and with no

chance for participants to actually experience (and thereby gain information or satiation from)

the consequences of their choices in my experiment. Moreover, participants are given no reason

whatsoever to believe that two identically described jobs in different scenarios might have different

“unobservable attributes” (attributes other than those I explicitly describe); indeed, participants

are asked to imagine that any attributes I do not describe are equal to those of their current job.

So, if two of our scenarios were identical; that is, both Job As had identical descriptions and both

Job Bs had identical descriptions; then a rational and attentive participant must in principle have

the same beliefs and utilities concerning the same options in both scenarios, and must therefore make

the same choice both times — save only if the participant were perfectly indifferent between Job A

and Job B. An actual participant might do otherwise, perhaps due to irrationality or inattention;

and indeed my econometric methods accommodate this possibility; but one could not plausibly

ascribe such variation in an individual’s behavior to random changes in utility or rational beliefs.

In this respect my framework differs from that of standard Random Utility Models, which are

perhaps more appropriate for empirical analysis of observational data, where virtually any of the
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factors I have mentioned might plausibly differ between seemingly identical (to the economist) sce-

narios, including factors such as: unobservable (to the economist) features of the available options,

the individual’s information or beliefs, individuals’ degrees of satiation for different goods or ser-

vices, the individual’s preference themselves, etc. In the more controlled environment and short

time-span of our choice experiment, these sources of “random utility” are simply not plausible.

2.4 Empirical Methods

2.4.1 Benchmark Models: Linear Probability Models

Following Dube, Naidu, and Reich (2022), my baseline econometric model is a linear probability

model (LPM) analogous to our linear utility model:

𝑦𝑖,𝑗 = 𝛼 +
5

∑
𝑘=1

(𝑥𝐴
𝑖,𝑗,𝑘 − 𝑥𝐵

𝑖,𝑗,𝑘)𝛽𝑘 + 𝛾(ln(𝑤𝐴
𝑖,𝑗) − ln(𝑤𝐵

𝑖,𝑗)) + 𝜖𝑖,𝑗 (5)

where as before, 𝑦𝑖,𝑗 is the indicator for individual 𝑖 in scenario 𝑗 choosing option 𝐴 instead of option

𝐵, and option A and option B have 𝑘 = 1, … , 5 binary nonwage attributes denoted 𝑥𝐴
𝑖,𝑗,𝑘, 𝑥𝐵

𝑖,𝑗,𝑘,

respectively. Throughout, we can assume that the logwage effect 𝛾 > 0.

If Equation 5 is a well-specified model, meaning that the true conditional expectation of the outcome

𝔼[𝑦𝑖,𝑗|𝑋] is equal to the right-hand-side without the error term 𝜖𝑖,𝑗, then the error term is mean-zero

𝔼[𝜖𝑖,𝑗|𝑋] = 0, and an Ordinary Least Squares (OLS) regression is unbiased.

Fixed effects (e.g. per individual) are not necessary here. By design, individual-specific phenomena,

including individual heterogeneity in utility-parameters, cannot be correlated with the non-wage

regressors, which I randomized completely exogenously. Wages themselves in our experiment are

not fully exogenous, since I drew the hypothetical jobs’ wages for each individual from a distribu-

tion whose mean was that individual’s current (log) wage; but by this construction, differences in

logwages (and any function of these) are completely independent of individual characteristics.

To estimate substitution effects, I add interaction terms to Equation 5, much as in Equation 4. For

example, to estimate substitution effects between attributes 1 and 2 (e.g. the unionization status

indicator and the remote work indicator), I would use the following specification:
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𝑦𝑖,𝑗 = 𝛼 +
5

∑
𝑘=1

(𝑥𝐴
𝑖,𝑗,𝑘 − 𝑥𝐵

𝑖,𝑗,𝑘)𝛽𝑘 + (𝑥𝐴
𝑖,𝑗,1𝑥𝐴

𝑖,𝑗,2 − 𝑥𝐵
𝑖,𝑗,1𝑥𝐵

𝑖,𝑗,2)𝛽1,2

+𝛾(ln(𝑤𝐴
𝑖,𝑗) − ln(𝑤𝐵

𝑖,𝑗)) + 𝜖𝑖,𝑗

(6)

Here, 𝛽1,2 describes the degree of complementarity (if it is positive) or substitutability (if it is

negative) between attribute-category 𝑥𝑖,𝑗,1 = 1 (e.g. “has a union”) and attribute-category 𝑥𝑖,𝑗,2 = 1
(e.g. “has a remote work option”).

Owing to my experimental design, the interaction terms are uncorrelated with their corresponding

“main” terms, so if a specification with interactions (e.g. Equation 6) is in fact well-specified, then

OLS estimates based on a model without these interactions (e.g. Equation 5) will still be unbiased

for the average “marginal” effects — averaging over the interaction effects.

To understand what this econometric model says about WTP, we can consider Equation 5 using a

heuristic. For a given individual 𝑖 in a scenario 𝑗, suppose initially all attributes are identical at

𝑥𝐴
𝑖,𝑗,𝑘 = 𝑥𝐴

𝑖,𝑗,𝑘 = 0. Next, suppose we shift one Job A attribute 𝑥𝐴
𝑖,𝑗,𝑘 to 𝑥𝐴

𝑖,𝑗,𝑘 = 1, but meanwhile

we change ln(𝑤𝐴
𝑖,𝑗,𝑘) − ln(𝑤𝐵

𝑖,𝑗,𝑘) by 𝛽𝑘
𝛾 units. Then the net change in the right-hand-side is zero;

that is, the chooser would be indifferent to the change. This seems to indicate that the chooser is

willing to sacrifice up to 𝛽𝑘
𝛾 in log-wages (or must receive at least that amount, if 𝛽𝑘 is negative) to

have 𝑥𝑖,𝑗,𝑘 = 1 rather than in 𝑥𝑖,𝑗,𝑘 = 0. Put more simply, 𝛽𝑘
𝛾 is that individual’s willingness-to-pay

for 𝑥𝑖,𝑗,𝑘 = 1.

As we shall see in the next section, the above heuristic is essentially correct for the average WTP

in a heterogeneous population, if the LPM is well-specified. However, to move beyond heuristics,

and to critically evaluate the LPM, we must more precisely connect our model in Equation 5 to the

preference models of the previous section.

2.4.1.1 Deriving Population WTP from the Linear Probability Model

In this subsection, I derive the implications of the LPM concerning the population distribution of

WTP, and in particular the population average WTP. This allows me to convert LPM parameter

estimates into population average WTP estimates. For simple exposition I will consider 𝑥 as a

single binary attribute, and I will consider only a single choice-scenario per individual, suppressing

the subscripts that are not needed. This derivation generalizes straightforwardly.
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If Equation 5 is a well-specified model of the choices of individuals randomly sampled from a

population and maximizing utilities as in Equation 3, then the expected outcome is 𝔼[𝑦𝑖,𝑗|𝑋] =
Pr(𝑢𝐴

𝑖,𝑗 − 𝑢𝐵
𝑖,𝑗 > 0) (we can ignore the measure-zero case of perfect equality). So the LPM asserts

the following about the population distribution of logwage WTP, Δ:

Pr(Δ(𝑥𝐴 − 𝑥𝐵) + ln(𝑤𝐴) − ln(𝑤𝐵) > 0|𝑥𝐴, 𝑥𝐵, 𝑤𝐴, 𝑤𝐵)

= 𝛼 + 𝛽(𝑥𝐴 − 𝑥𝐵) + 𝛾(ln(𝑤𝐴) − ln(𝑤𝐵))

Consider the simple case where 𝑥𝐴 − 𝑥𝐵 = 1 and let 𝑠 = −(ln(𝑤𝐴) − ln(𝑤𝐵)) denote the logwage

sacrifice. Here, the linear model says

Pr(Δ > 𝑠) = 1 − 𝐹(𝑠) = 𝛼 + 𝛽 − 𝛾𝑠

where 𝐹 is the population cumulative distribution function of WTPs Δ. Probabilities are bounded

between 0 and 1, so we must consider 𝑠 bounded between 𝑎 = 𝛼+𝛽−1
𝛾 and 𝑏 = 𝛼+𝛽

𝛾 defined such

that the probability bounds are met: 𝛼 + 𝛽 − 𝛾𝑏 = 0 and 𝛼 + 𝛽 − 𝛾𝑎 = 1. Therefore the support of

Δ is bounded between 𝑎 and 𝑏.

If we take the derivative of 𝐹 with respect to 𝑠, then the resulting probability density is constant.

In other words, the LPM says that the distribution of logwage WTP is uniform between the bounds

that we have just derived:

Δ ∼ Unif(𝛼 + 𝛽 − 1
𝛾 , 𝛼 + 𝛽

𝛾 ) (7)

This implies that the population average (and median) logwage WTP is the following:

𝔼Δ = 𝛼 − 1/2
𝛾 + 𝛽

𝛾 (8)

Notice that the deviation of 𝛼 from 1/2, which would quantify a (problematic) preference for the

arbitrary label “Job A” over the arbitrary label “Job B,” contributes an extra term; in our data,

reassuringly, 𝛼 ≈ 1/2 with high precision (i.e. participants do not care about such labels), so this
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extra term vanishes. Hence Equation 8 matches our heuristic from the previous section.

If the LPM is well-specified, then substituting one’s OLS estimates into Equation 8 produces a

biased but consistent plug-in estimator of population mean wage-share WTP. A block bootstrap

(grouped by the individual) will produce valid CIs.

2.4.1.2 Limitations of the LPM

The LPM has a limitation worth noting. As we have seen in the previous section, a careful derivation

of population mean WTP and its estimator requires that we have a well-specified model of the entire

conditional expectation function 𝐸[𝑦𝑖,𝑗|𝑥𝑖,𝑗, 𝑤𝑖,𝑗]. It is an elementary fact that 𝐸[𝑦𝑖,𝑗|𝑥𝑖,𝑗, 𝑤𝑖,𝑗] ∈
[0, 1] everywhere, since 𝑦𝑖,𝑗 ∈ [0, 1]. However, notoriously, fitting the LPM with OLS often produces

“predicted probabilities” — which are not only predictions, but also estimates of the function

𝐸[𝑦𝑖,𝑗|𝑥𝑖,𝑗, 𝑤𝑖,𝑗] evaluated at the observed covariate-values — that fall outside [0, 1]; indeed, this
violation of the probability bounds occurs in roughly 4% of our sample. In such cases, the OLS

estimates do not produce a well-specified model of the entire conditional expectation function,

strictly speaking.

Still, I find that in practice, because OLS estimates a “best linear approximation” (White 1980) of

the cumulative distribution function of WTP, OLS can provide a surprisingly good approximation

of the population mean WTP, if not of other features of the distribution. Rather than discarding

the LPM altogether, I conclude that it must be corroborated and supplemented with other, more

flexible models that also deliver estimates of other quantities that the LPM does not credibly

estimate: population quantiles, and population variance and covariance of WTP. As we shall see, a

Bayesian model which assumes that population WTP is Normally distributed rather than uniformly

distributed produces estimates of population mean WTP that agree with the results of our LPM,

lending credence to both approaches.

2.4.2 Bayesian Hierarchical Probit Model

A Bayesian framework allows us to straightforwardly derive principled estimates and uncertainty

quantification about not only the population mean WTP, but also the population covariance of

WTP, and even each individual participant’s WTP (albeit usually with considerable uncertainty).

This more complete picture of population preferences beyond the average WTP allows us to shed
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light on heterogeneity in preferences and associations between preferences for different job attributes

(I reserve a more complete discussion for the relevant section), which is not possible with our baseline

OLS models.

In order to supplement the LPM, I use a Bayesian hierarchical Probit model.

The first stage of the Bayesian model is a sampling model that corresponds to Equation 2: for each

individual 𝑖 in scenario 𝑗 = 1, … , 9, the probability of choosing Job A (𝑦𝑖,𝑗 = 1) is

Pr(𝑦𝑖,𝑗 = 1|𝑥𝑖,𝑗, 𝑤𝑖,𝑗, 𝛽𝑖) = Φ (𝑢𝑖,𝑗(𝑥𝐴
𝑖,𝑗, 𝑤𝐴

𝑖,𝑗) − 𝑢𝑖,𝑗(𝑥𝐵
𝑖,𝑗, 𝑤𝐵

𝑖,𝑗)
𝛿 )

independently across 𝑗, where 𝛿 > 0 is an irrationality term to be estimated from the data, Φ is a

continuous, symmetric CDF; I use the Normal CDF.

I assume each individual 𝑖 has a utility function 𝑢𝑖 that is linear, with a 𝐾-vector of coefficients 𝛽𝑖:

𝑢𝑖(𝑥𝑖,𝑗, 𝑤𝑖,𝑗) = 𝑥𝑖,𝑗𝛽𝑖 + 𝛾 ln(𝑤𝑖,𝑗)

It follows from this definition that the WTP on the wage share scale is Δ𝑖 = 𝛽𝑖/𝛾 and the irra-

tionality term is 𝛿 = 1/𝛾.

In the second stage of the sampling model, I suppose that the utility parameters 𝛽𝑖 vary between

individuals, and are drawn independently from a common population distribution with an unknown

mean 𝜇 and unknown covariance matrix Σ that will be estimated from the data. For simplicity, I

begin by assuming Normality, but this is not essential to the method:

𝛽𝑖 ∼ 𝒩𝐾(𝜇, Σ)

So we may write the sampling model of the data given the unknown parameters in a factored form:

𝑓2(𝛽1, … , 𝛽𝑛|𝜇, Σ)𝑓1(y|𝛽1, … , 𝛽𝑛, 𝛾) = ∏
𝑖

𝒩𝐾(𝛽𝑖|𝜇, Σ) ∏
𝑗
Pr(𝑦𝑖,𝑗|𝑥𝑖,𝑗, 𝑤𝑖,𝑗, 𝛽𝑖, 𝛾)
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To close the model, we must specify a prior probability distribution 𝜋0(𝛾, 𝜇, Σ) for the remaining

unknown parameters:

𝜇 ∼ 𝒩𝑝(𝜇0, 𝑉0)

Σ ∼ ℒ𝒦𝒥

I use standard weakly informative priors, centered on zero WTP. By ℒ𝒦𝒥, I mean the distribution

induced by an LKJ prior on the correlation matrix and independent Gamma distributions on the

scales. (see Section 5.4).

Together, the prior 𝜋0 and the sampling model (likelihood) 𝑓1, 𝑓2 imply a posterior probability

distribution 𝜋𝑛 of the unknown parameters given the data, via Bayes’ Theorem:

𝜋𝑛(𝜇, Σ, 𝛽1, … , 𝛽𝑛, 𝛾|y) ∝ 𝑓2(𝛽1, … , 𝛽𝑛|𝜇, Σ)𝑓1(y|𝛽1, … , 𝛽𝑛, 𝛾)𝜋0(𝜇, Σ, 𝛾) (9)

The posterior distribution quantifies our inferences about the unknown parameters, and functions

of the parameters such as Δ𝑖 = 𝛽𝑖/𝛾, given the data. From the posterior distribution, we can derive

point estimates for each parameter in the form of the posterior mean, such as 𝔼[Δ𝑖|y, X]. From

quantiles of the posterior distribution for each parameter, we can also derive confidence intervals

(credible intervals) 𝐶 such that, for example, Pr(Δ𝑖 ∈ 𝐶|y, X) = 0.95.

2.5 A Note on Interpreting the Estimates

Most of my primary estimates are of the expected value to each worker of various combinations of

job attributes, averaged across workers. This expected value is based on the job offer text that the

survey respondent considers ex ante, before they would (if the hypothetical were real) experience

whatever job they choose. In a real career, unionization campaign, or job search process, a worker

gains information and experience along the way; and her enthusiasm for, say, a union or an ERG,

may wax or wane accordingly in a way which she does not anticipate. So, for example, a survey

respondent who genuinely prefers an ERG to a union in our survey ex ante may not continue to

hold that preference, if experiencing an ERG without a union fails to live up to that worker’s

expectations. It may be that the without direct experience, a respondent cannot entirely anticipate
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how it would feel to work remotely for a long period of time without ever meeting their co-workers

in person, or how that might affect their attitudes toward a union. With this caveat in mind, let

us turn to the results of the survey.

3 Results

3.1 Main Results

In Table 4, under the OLS Baseline model, we see that workers value unions (vs. no unions) at a

wage share of approximately 2%, proactive HR (vs. standard HR) at 4%, and ERGs (vs. no ERG)

at 5%, amounts that are statistically and practically significant, and of a plausible magnitude: for

comparison, union dues for the United Auto Workers are currently around 1.44% (UAW 2015).

Workers strongly value the remote work option, at about 13% of wages, which is comparable to

estimates in Mas and Pallais (2017). Workers even more strongly disvalue digital surveillance,

considering this to be equivalent to a 16% pay cut.

No estimates of union substitution effects are statistically distinguishable from zero in any of the

interacted specifications in Table 4. Moreover, the standard errors are small enough to rule out

most interaction effects of any practical importance. This rules out perfect substitution, and a

great deal of imperfect substitution, between unions and the following: HR, ERGs, remote work,

and surveillance.

In the interaction between surveillance and remote work, I estimate a statistically significant substi-

tution effect of -1.9%, but this is an order of magnitude less than the value of remote work (13%), so

I can rule out perfect substitution with near certainty. Thus, we can conclude that high surveillance

does appear to decrease the desirability of remote work, but the desire for remote work cannot be

primarily explained by a desire to escape monitoring.

Proactive HR and high surveillance appear to be complementary to a statistically significant degree

in the OLS model, at 1.4% of wages; this may indicate that workers expect that a proactive

HR will protect them from some negative effects of surveillance. However, the magnitude of the

complementarity is not nearly large enough for a proactive HR to fully alleviate the negative effects

of surveillance. Furthermore, it must be noted that for this coefficient, the Bayesian model’s 95%
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credible interval contains zero, although in the Bayesian formalism this does not imply that we fail

to reject a null hypothesis.

I find no such interaction effect, either positive or negative, between unions and surveillance, so it

appears that at least on average, participants neither expect unions to alleviate the negative effects

of surveillance, nor that surveillance would negate the benefits of a union.

Although the statistical assumptions underlying the OLS model and the hierarchical Bayesian model

are quite different, their estimates are close enough and their confidence (or credible) intervals are

of similar enough width that their conclusions are similar, and mutually corroborating.
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Table 4: Willingness-to-Pay for Job Attributes

OLS Model Bayesian Model
Baseline Interactions Baseline Interactions

Union 0.026 0.024 0.033 0.033
[0.019, 0.033] [0.011, 0.036] [0.022, 0.043] [0.014, 0.052]

Proactive HR 0.042 0.040 0.046 0.046
[0.036, 0.048] [0.030, 0.051] [0.038, 0.055] [0.030, 0.063]

ERG 0.050 0.056 0.056 0.064
[0.044, 0.056] [0.045, 0.067] [0.047, 0.064] [0.047, 0.080]

Surveillance −0.163 −0.163 −0.186 −0.181
[−0.172, −0.154] [−0.178, −0.148] [−0.196, −0.175] [−0.196, −0.166]

Remote 0.126 0.136 0.143 0.157
[0.118, 0.134] [0.125, 0.147] [0.133, 0.153] [0.137, 0.176]

Union × Proactive HR −0.001 −0.001
[−0.011, 0.010] [−0.018, 0.015]

Union × ERG 0.000 −0.003
[−0.011, 0.011] [−0.019, 0.014]

Union × Surveillance 0.007 0.006
[−0.004, 0.017] [−0.011, 0.023]

Union × Remote −0.002 −0.001
[−0.013, 0.009] [−0.018, 0.015]

Proactive HR × Surveillance 0.014 0.012
[0.004, 0.024] [−0.004, 0.028]

Proactive HR × ERG −0.010 −0.011
[−0.020, 0.001] [−0.028, 0.005]

ERG × Surveillance −0.002 −0.002
[−0.013, 0.008] [−0.019, 0.014]

Remote × Surveillance −0.019 −0.025
[−0.029, −0.008] [−0.042, −0.009]

Note: Estimates and 95% confidence intervals derived from OLS linear probability models (clustered by
participant), compared with estimates and 95% credible intervals derived from Bayesian hierarchical models
(also clustered by participant).
N = 22,222 choices, by 2,614 participants.
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3.2 Heterogeneity

Above, I estimate the population average WTP for certain non-wage job characteristics. Here, I

examine population variation in WTP for the same. I consider variation by observable characteris-

tics such as race and gender, but also the unconditional population variance of willingness-to-pay,

and correlations between individuals’ WTP for each job characteristic, which I estimate using the

Bayesian model discussed in Section 2.4.2. Overall, heterogenity is considerable, across virtually

every dimension, but the core conclusions of the previous section also tend to hold across most

sub-populations I study.

3.2.1 Gender

Figure 1: Willingness-to-Pay by Gender
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Note: Above are OLS estimates and 95% confidence intervals, clustered by participant, calculated separately among
male and female respondents, for the average willingness to sacrifice a share of wages (WTP) to have the following
job attributes (instead of their alternatives): union (vs. no union), digital surveillance (vs. basic productivity
monitoring), remote work option (vs. in-person only), proactive HR (vs. standard HR), ERG (vs. no ERG).

In Figure 1, we see that compared to male respondents, female respondents value all job attributes

substantially more (and disvalue surveillance more), except ERGs.
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On average, WTP for remote work is estimated to be 14% among women and 10% among men;

this large difference has a precedent in Mas and Pallais (2017), who find that women’s WTP for

work-from-home is nearly twice that of men, although their estimated difference is not statistically

significant in their relatively small sample. There is a more distant precedent in Wiswall and Zafar

(2018), who estimate a six percentage-point difference in WTP for part-time work, a different but

related flexible work arrangement.

In the U.S., women tend to spend approximately 1.6 times as many hours on housework, and 1.9

times as many hours on childcare, as men (Bianchi et al. 2012). This may be a proximate cause for

the gender differences in WTP for remote work that I estimate here, and the gender differences in

remote work nationally; rates of remote work were 22.5% among women compared to only 17.8%

among men.(U.S. Bureau of Labor Statistics 2023)

Some authors have argued that flexible work arrangements (although primarily large gaps in em-

ployment, not remote work) contribute substantially to the gender pay gap (Goldin and Katz 2011).

While the four percentage-point difference in WTP that I estimate is large, this difference is not

sufficiently large to explain the average gender pay gap, which is on the order of fifteen to twenty

percent depending on how it is measured (Blau and Kahn 2016).

In my sample, women value proactive HR at 5% of wages, men at 3%, a statistically significant

difference. This may be because one of the primary stated functions of HR is to prevent harassment

and discrimination in the workplace, and women are significantly more likely to undergo harassment;

a recent study found that women were 47% more likely than men to report being harassed in the

workplace, and that such harassment was associated with severe health outcomes related to stress

(Khubchandani and Price 2015).

It is somewhat surprising that women in my sample value unions at 3% of wages, substantially

more than men who value them at 1% (but still with statistical significance). Nationally, the

pattern of unionization is reversed: the union membership rate among men is 10.5%, compared to

9.6% among women (U. S. Bureau of Labor Statistics 2023). This illustrates why the compensating

differentials approach, which uses correlations in observational data (between, say, gender and labor

market outcomes such as wage or unionization), is not necessarily an accurate guide to workers’

preferences. It may be that similar to proactive HR, women respondents see unions as additionally

valuable for preventing harassment; or for tending to secure desirable benefits; or they simply have a
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stronger desire for a formal mechanism which will ensure that workers’ voices are heard irrespective

of gender.

It is also unexpected that the gender difference in WTP for unions and proactive HR is not matched

by a commensurate difference in WTP for ERGs, since as we shall see, these desires are all correlated

in the sample overall (Table 5).

3.2.2 Race

Figure 2: Willingness-to-Pay by Race
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Note: Above are OLS estimates and 95% confidence intervals, clustered by participant, calculated separately among
white and non-white respondents, for the average willingness to sacrifice a share of wages (WTP) to have the following
job attributes (instead of their alternatives): union (vs. no union), digital surveillance (vs. basic productivity
monitoring), remote work option (vs. in-person only), proactive HR (vs. standard HR), ERG (vs. no ERG).

In Figure 2, we see that WTP varies substantially by race. Compared to white respondents, non-

white respondents show greater WTP for every kind of worker voice studied except perhaps proac-

tive HR, but show less WTP for remote work and less aversion to digital surveillance.

This pattern of responses indicates that people of color tend to expect substantially greater gains

from worker voice institutions than do whites. This bears on a long-standing puzzle. Historically,
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unionization rates have long been higher among people of color than among whites (Defreitas 1993),

which is still true today, but to a lesser extent; the unionization rate among Black workers (11.6%)

is only slightly higher than that for white workers (10.0%) (U. S. Bureau of Labor Statistics 2023).

The racial gap in unionization could be explained in at least two ways: first, the industries in which

people of color tend to work, such as manufacturing, may happen to be easier to unionize; second,

people of color may tend to take unionized positions specifically because of the protections that

unions may offer from discrimination.

Rosenfeld and Kleykamp (2012), analyzing CPS data, argued forcefully and convincingly for the

latter theory, showing that unionization remains higher among people of color than among whites

when one looks within occupations and industries. These authors also cite a wealth of sociological

evidence that even though U.S. unions have a well-documented history of racial discrimination,

unions have on the balance tended to push for racial equality since they began diversifying their

membership in the late 1960s. My estimates corroborate this theory, indicating, to the extent that

we can generalize beyond my sample, that people of color do indeed tend to prefer unions more than

whites. Conversely, the theory that Rosenfeld advocates provides a plausible mechanism for my

estimates: that people of color value unions and other forms of worker voice more than white people

at least partly because of the protections that these institutions may afford against discrimination.

3.2.3 Age

Comparing willingness-to-pay by age groups, we see a pattern which confirms some common theories

of generational affinities, but confutes others. Participants under 40 years of age are still quite averse

to digital surveillance, valuing it at -12% of wages on average, but much less averse than those over

40, who value it at -18% of wages on average. Participants under 40 see much greater value in

unions (6.3%) than do participants over 40 (1%, with a 95% CI barely excluding zero). Unlike the

sample average as a whole, participants under 40 may see more value in unions than in proactive

HR (4.5%) or ERGs (5.2%), although the latter difference in point estimates is not statistically

significant. Perhaps contrary to common expectations, remote work is substantially more desirable

to participants over 40 (13%) than under 40 (10%) in my sample.
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Figure 3: Willingness-to-Pay by Age
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Note: Above are OLS estimates and 95% confidence intervals, clustered by participant, calculated separately among
participants younger and older than forty, for the average willingness to sacrifice a share of wages to have the following
job attributes (instead of their alternatives): union (vs. no union), digital surveillance (vs. basic productivity
monitoring), remote work option (vs. in-person only), proactive HR (vs. standard HR), ERG (vs. no ERG).

3.2.4 Occupational class

Of all the sub-populations I examine, respondents who are (or were) managers in their current (or

most recent) job comprise the only sub-population whose average willingness-to-pay for a union is

negative (-3%). However, it is worth noting that the text that described the union to managers

said, as it said for all participants, that they too would be members of the union; but managers

are not covered under the National Labor Relations Act (Board 23AD), making unionization for

managers a slightly fanciful hypothetical. Still, in this hypothetical, it appears that managers on

average have a distaste for even unions which would have them as members.

Among non-managerial employees, WTP for unions is 4.1% of wages, only slightly lower than WTP

for HR (4.8%) and ERGs (5.0%), from which it is statistically nearly indistinguishable. That is,

non-managers see similar value in all the voice institutions that I examine.
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Compared to non-managerial employees, managers show significantly greater desire to work re-

motely (16% versus 12%), significantly less desire for a proactive HR (2.9% versus 4.8%), and

significantly more aversion to being subject to digital surveillance (19% versus 16%).

Figure 4: Willingness-to-Pay by Occupational Class
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Note: Above are OLS estimates and 95% confidence intervals, clustered by participant, calculated separately among
managers and non-managerial employees, for the average willingness to sacrifice a share of wages (WTP) to have
the following job attributes (instead of their alternatives): union (vs. no union), digital surveillance (vs. basic
productivity monitoring), remote work option (vs. in-person only), proactive HR (vs. standard HR), ERG (vs. no
ERG).

3.2.5 Bayesian hierarchical model

Here, I consider the results of the Bayesian hierarchical model, which allows me to quantify both the

variance of WTP for each characteristic, and the correlations between WTP for each characteristic.

Concerning population average WTP, Table 4 showed that Bayesian estimates of population average

WTP are quite similar those derived from the OLS linear probability model (each model’s 95%

confidence intervals contain the other model’s estimates). This gives us some reassurance about the

conclusions of both the LPM and the Bayesian model.
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Interestingly, Table 5 indicates that there is a fairly large population standard deviation of WTP for

all attributes; that is, WTP varies considerably in the population. For reference, if the population

distribution of WTP were Gaussian, so that 32% of the population had WTP at least one standard

deviation from the mean, then a 0.155 standard deviation of WTP for unions would imply that

32% of the population had WTP either greater than 19% or less than -13%.

Variance is particularly high for unions, surveillance, and remote work, which might be considered

more controversial job attributes than proactive HR and ERGs. Overall, the variation I estimate

strongly indicates that population mean WTP, even when estimated precisely, is not sufficient for

substantive policy-making, particularly for controversial matters such as unions, surveillance, and

remote work.

Table 5: Population WTP: Standard Deviations and Correlations

Attribute Union Proactive HR ERG Surveillance Remote
Union 0.155 0.130 0.283* -0.096* -0.038
Proactive HR 0.130 0.061 0.692* -0.104 0.059
ERG 0.283* 0.692* 0.066 -0.273* 0.097
Surveillance -0.096* -0.104 -0.273* 0.189 -0.290*
Remote -0.038 0.059 0.097 -0.290* 0.162

Note: The diagonal terms are the estimated population standard deviation of
WTP for each job attribute. The off-diagonal terms are the estimated population
correlations between WTP for each characteristic. On off-diagonal terms, the
asterisk (*) indicates that the 95% CI for this correlation excludes zero.

WTP for unions, HR, and ERGs are all significantly positively correlated with each other (albeit

less strongly between unions and HR); that is, people who prefer unions also tend to prefer ERGs

and HR. People who prefer unions, ERGs, and to a lesser extent HR, also tend to dislike surveillance.

All of the above lends credence to the hypothesis that workers perceive unions, proactive HR, and

ERGs as related forms of worker voice; and that workers who prefer worker voice institutions also

tend to disprefer surveillance.

WTP for surveillance is strongly negatively correlated with WTP for remote work. That is, workers

who desire remote work would also tend to desire less surveillance, even if they do not tend to view

surveillance as entirely negating the benefits of remote work (see Table 4). It is tempting to

attribute the desire for remote work to a desire for autonomy in some general sense, because WTP
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for remote work and WTP for non-surveillance (which presumably constitutes a form of autonomy)

are correlated. However, the desire for remote work is not strongly correlated with the desire for

unions or the other voice institutions, weighing against this interpretation.

3.3 Correlations with Current Job Attributes
Figure 5: Greater WTP for each job attribute among participants whose job has that attribute
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Note: Above are OLS-based estimates and 95% confidence intervals, clustered by participant. For each job attribute,
I estimate a difference in average WTP, between respondents whose job (current or most recent) has that attribute,
and respondents whose job does not. Results indicate that having a job with a given attribute is strongly correlated
with demonstrating WTP for that attribute, for all attributes save Proactive HR.

It is reasonable to ask whether my experimental estimates have any connection to actual labor

market outcomes. As shown in Figure 5, the answer is yes: for each job attribute that I study, WTP

for that attribute is higher among those whose jobs have that attribute, than among those whose

job does not have that attribute, to a degree that is statistically and practically significant (except

for “Proactive HR”). In other words, there are strong correlations between the job preferences that

respondents express in my survey and the jobs that they actually have.

The relatively small and insignificant correlation for “Proactive HR” may be explained by the
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fact that my survey asked only whether someone’s current or most job had an HR or personnel

department, not whether that department was “proactive” in soliciting feedback from employees,

and so for this attribute, the WTP estimate and the current job attribute that I asked about do

not correspond closely to each other.

These correlations cannot be considered directly causal estimates; for one thing, we do not know the

direction of causation. For example, we see that those in unionized jobs tend to have substantially

higher WTP for unionized jobs. But we do not know to what extent respondents have a pre-

existing belief that unions yield utility, which is causing them to take unionized jobs; or to what

extent having a unionized job is causing respondents to believe (i.e. informing them) that unions

yield utility.

Still, regardless of the direction of causation, if exit from un-desirable jobs is possible for enough

workers, then it is reasonable to suppose that the more a person prefers a job attribute, the more

likely they are to have a job with that attribute, all else equal. Under this supposition, the strong

correlation that we observe, between the job attributes that survey respondents say they prefer and

the job attributes that they actually have, provides evidence that respondents are responding to

my hypothetical job offers in a way which often reflects their actual preferences.

4 Discussion

Some caution is warranted when extrapolating from the hypothetical to the real, and from the

sample to a population. However, participants’ responses to my hypothetical job offers do pass

attention checks at relatively high rate rates, and when I restrict the sample to respondents who

face and pass these checks, the estimates stay reasonably similar Section 5.2. Results are also similar

from the hierarchical Bayesian model, which explicitly compensates for inattention. Re-weighting

the sample to more closely resemble the Massachusetts population indeed changes my estimates, but

still largely preserves the same direction, the same magnitude to within several percent, the same

pattern of statistical significance, and the same relative ordering of WTP estimates — although

WTP for unions does increase. Finally, for most job attributes, I observe a strong correlation

between one’s WTP for each job attribute and actually having that attribute in one’s current or

most recent job. In all, there is good reason to believe that responses to my survey tend to be
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informative about actual preferences in a wider population.

Workers in my sample tend to value institutions which give them a voice, and this is particularly true

of workers in demographic groups which have historically lacked a voice. On average, workers are

willing to sacrifice a substantial fraction of their wage to have each of the worker voice institutions

studied: 3% for unions, 4% for proactive HR that actively solicits feedback from employees, and

5% for ERGs in which workers collaborate with management to solve workplace problem. Among

women, among people of color, and among under-40s, WTP for unions and for proactive HR are

more than twice the WTP of men, whites, and over-40s, respectively — although for all of these sub-

populations, WTP for all voice institutions is positive, to a statistically and practically significant

degree.

While workers’ average WTP for HR and ERGs may be greater than their average WTP for

unions, these employer-controlled institutions do not substitute for unions: workers still tend to

want unions, even if they already have a proactive HR or an ERG. Indeed, my Bayesian hierarchical

model indicates that individuals who value HR and ERGs also tend to value unions. Taken together,

these estimates suggest that merely instituting HR or ERGs would not be a winning strategy for

employers seeking to oppose or prevent unionization.

Workers value voice institutions no less (but also no more) in the context of digital surveillance,

which workers dislike intensely, considering the presence of surveillance to be roughly equivalent to

a 16% pay cut. However, individuals who value worker voice institutions also tend to dislike digital

surveillance, and this correlation is substantial. Thus, there appears to be a strong conflict between

voice and surveillance, two ways that employers may gain information from their employees. If an

employer subjects his workers to surveillance in order to gain information about their behavior, then

not only does he impose a utility penalty on his workers, giving them greater incentive to exit the

firm (taking whatever information they may have with them), but this penalty is greater specifically

among those workers who are more desirous of worker voice institutions through which information

can be shared. This utility penalty may be greater still if workers view information-sharing and

other non-contractual features of work as part of a workplace norm akin to a gift-exchange, as

some authors have argued, adducing considerable evidence (Akerlof 1986; Bowles and Polanı́a-Reyes

2012). If digital surveillance is perceived to violate such norms, as is plausible given workers’ evident

distaste for surveillance, then it may drastically reduce workers’ willingness to share information
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with their employers. Surveillance may therefore be a counterproductive way to try to ensure the

efficient flow of information within the firm.

Respondents’ desire for remote work does not appear to be explained by a desire for autonomy per

se, to the extent that the presence of worker voice institutions or freedom from digital surveillance

can be considered forms or indicators of autonomy. If workers’ desire for remote work were usually

motivated by a more general desire for autonomy, one might expect WTP for remote work to

be strongly correlated with WTP for a union or other voice institutions (which also might foster

workers’ autonomy), but I find no such correlation. Digital surveillance does decrease respondents’

WTP for remote work by about two percentage points, but this still leaves the value of remote work

at 11% of wages when the worker is under extensive digital surveillance, supporting the conclusion

that the desire for remote work is partly, but not primarily, explained by the desire for freedom

from monitoring by the employer. It may be that workers value remote work primarily because it

gives them the ability, during normal break-times, to do housework, care work, or small errands; or

to simply enjoy the comforts of home.

Even if my findings hold only approximately in the U.S. population, they have several important

implications. A policymaker who aims to advance the interests of working people would do well to

ensure that workers can have a voice in their own workplaces, including through a union. Such a

voice is particularly valued by women, people of color, and younger people, but also by men, whites,

and older people. Allowing workers to have a voice only through employer-controlled institutions

is unlikely to assuage workers’ desires for a union. Workers on average, and women in particular,

would be likely to perceive considerable benefit in policies which enable remote work, and which

safeguard workers from surveillance by their employers.
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5 Appendices

5.1 Appendix: Intermediate results

In Table 6 I display the parameter estimates and standard errors from linear probability models as

described in Equation 5 and Equation 6. The outcome-variable is the indicator of choosing Job A,

and the regressors are the differences in job attributes 𝑥𝐴 − 𝑥𝐵. The coefficients therefore describe

the effect of each attribute on the probability of choosing a job.
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Table 6: Binary OLS Models of Choices

Baseline Union Interactions Voice Interactions
(Intercept) 0.500 0.500 0.500

(0.003) (0.003) (0.003)
Log-Wage 1.195 1.194 1.195

(0.027) (0.027) (0.027)
Union 0.031 0.028 0.028

(0.005) (0.010) (0.010)
Proactive HR 0.050 0.051 0.048

(0.004) (0.006) (0.008)
ERG 0.060 0.060 0.067

(0.004) (0.006) (0.009)
Surveillance −0.195 −0.199 −0.195

(0.005) (0.007) (0.010)
Remote 0.151 0.152 0.163

(0.005) (0.007) (0.008)
Union × Proactive HR −0.001 −0.001

(0.008) (0.008)
Union × ERG 0.000 0.000

(0.009) (0.009)
Union × Remote −0.002 −0.002

(0.009) (0.009)
Union × Surveillance 0.008 0.008

(0.008) (0.008)
Proactive HR × Surveillance 0.017

(0.008)
ERG × Surveillance −0.003

(0.008)
Remote × Surveillance −0.022

(0.008)
Proactive HR × ERG −0.012

(0.008)
Note: OLS estimates and standard errors, clustered by individual. Outcome:
1(Chose Job A). Regressors: Differences in attributes, Job A - Job B. Coefficients
therefore quantify the effect of each job attribute on the mean chance of a choos-
ing a job with that attribute. N = 22,222 choices from 2,614 participants.

Judging by the OLS coefficients in Table 6, all job characteristics are of some importance to partic-

ipants, to a degree that is both statistically and practically significant. Several interaction effects

are both statistically and practically significant. These estimates pass two basic validity checks.

By design, wages are independent of the other attributes of the hypothetical jobs, so higher wages
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must (if money yields utility) make these hypothetical jobs more desirable on average. Respondents

indeed respond positively and strongly to higher wages on average, indicating that they tend to

read the hypotheticals and respond in a way which reflects their preferences, at least concerning

wages. Second, the intercept is essentially 0.5 in all specifications, indicating that respondents have

no average preference for the arbitrary label “Job A” over the arbitrary label “Job B”.
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5.2 Appendix: Attention checks

My survey was constructed such that in 1382 randomly-chosen scenarios that participants faced,

both job descriptions were identical save for their wages, which generally differed. A basic test of

rationality and attention asks whether in such a scenario, the participant chose the higher-wage

job. I found that participants passed this test of rationality and attention 81% of the time. This

is substantially higher than the approximately 65% attention estimated (albeit using a slightly

different test) in a recent high-quality study (Maestas et al. 2023, 2028).

My Bayesian model also accounts for some degree of irrationality or inattention. A basic assumption

of this model is that participants are more likely to respond inattentively or irrationally when

faced with smaller differences in utility between jobs. We can test this assumption here by simply

regressing the indicator of whether the choice was rational on the absolute difference in log-wages

in otherwise identical jobs. I find that this difference is statistically and practically significant,

indicating that respondents do respond more rationally when the incentives to do so are greater.

This suggests that apparent irrationality in my dataset is often likely to be “rational inattention”

of the sort captured by my Bayesian model.

Table 7: Tendency to choose rationally as a function of the wage gap

(1)
Wage gap 0.317**

(0.121)
Intercept 0.775***

(0.018)
+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
Note:
I regress the indicator of whether the agent chose
the higher-wage job, on the wage gap between the
two jobs, which were otherwise identical.

Restricting my analysis to only the 844 participants who faced and passed the attention check

produces results fairly similar to results from the full sample in terms of sign and magnitude, albeit

with larger standard errors owing to the severely reduced sample size of 7,479 choices (Table 8).

47



Table 8: Comparing full sample OLS estimates to attentive subsample OLS estimates

Full Sample Attentive Subsample
(1) (2)

(Intercept) 0.500*** 0.501***
(0.003) (0.005)

Log-Wage 1.195*** 1.488***
(0.027) (0.042)

Union 0.028** 0.021
(0.010) (0.017)

Proactive HR 0.048*** 0.060***
(0.008) (0.016)

ERG 0.067*** 0.053***
(0.009) (0.015)

Remote 0.163*** 0.163***
(0.008) (0.013)

Surveillance −0.195*** −0.199***
(0.010) (0.016)

Union × Proactive HR −0.001 −0.007
(0.008) (0.014)

Union × ERG 0.000 0.022
(0.009) (0.015)

Union × Remote −0.002 −0.002
(0.009) (0.015)

Union × Surveillance 0.008 0.009
(0.008) (0.014)

Proactive HR × Surveillance 0.017* 0.013
(0.008) (0.016)

ERG × Surveillance −0.003 0.004
(0.008) (0.015)

Remote × Surveillance −0.022** −0.009
(0.008) (0.015)

Proactive HR × ERG −0.012 −0.021
(0.008) (0.016)

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
Note: Here I compare a regression on the full sample to a sub-
sample containing only participants who faced and passed the at-
tention check. Results are reasonably similar.
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5.3 Appendix: Adjusting for Response Patterns

Here I present results in which observations have been re-weighted using three variables: race

(white or non-white), gender (male or female), and age (0-40, 40-100), all interacted to form 8

strata. Weights were computed by taking the ratio between the sample proportion and the MassHire

population proportion in each stratum.
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Table 9: Re-weighted estimates

Unweighted Weighted
(Intercept) 0.500 0.501

(0.003) (0.004)
Log-Wage 1.195 1.268

(0.027) (0.036)
Union 0.028 0.045

(0.010) (0.013)
Proactive HR 0.048 0.047

(0.008) (0.011)
ERG 0.067 0.070

(0.009) (0.012)
Remote 0.163 0.151

(0.008) (0.011)
Surveillance −0.195 −0.166

(0.010) (0.014)
Union × Proactive HR −0.001 0.005

(0.008) (0.011)
Union × ERG 0.000 0.008

(0.009) (0.011)
Union × Remote −0.002 −0.001

(0.009) (0.011)
Union × Surveillance 0.008 0.005

(0.008) (0.011)
Proactive HR × Surveillance 0.017 0.023

(0.008) (0.011)
ERG × Surveillance −0.003 −0.002

(0.008) (0.012)
Remote × Surveillance −0.022 −0.029

(0.008) (0.012)
Proactive HR × ERG −0.012 −0.013

(0.008) (0.011)
Note:
The re-weighted estimates are similar enough to the un-
weighted estimates that our original conclusions largely
hold. Coefficients for each of the voice characteristics
remain positive, significant, and similar orders of mag-
nitude, except that the Union coefficient increases to be
nearer the HR coefficient. The surveillance coefficient
increases towards zero slightly, but remains very signif-
icantly negative.
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5.4 Appendix: Bayesian Modeling

5.4.1 Computational Details

The posterior distribution of our Bayesian model, like most posterior distributions in applied set-

tings, cannot be integrated analytically. So I code my model in the R package brms (Buerkner 2017),

a high-level interface for Stan Stan (2022), a state-of-the-art Markov Chain Monte Carlo (MCMC)

sampler that uses a Hamiltonian Monte Carlo algorithm to draw samples from an arbitrarily close

approximation of the posterior distribution of our model’s parameters given the data. With these

samples from the posterior distribution, one can compute parameter estimates by taking the mean,

and confidence intervals by computing quantiles.

5.4.1.1 Sampler Diagnostics

In MCMC, it is essential to verify (or at least fail to disprove) that the Markov chain has indeed

converged sufficiently closely to posterior distribution. All Bayesian estimates presented in this

paper come from MCMC runs which pass all standard diagnostics, including no divergences, large

effective sample size, and R-hat at unity.

5.5 Differences in logwages are wage shares (even when large or high-
variance)

It is well-known that small differences in logs Δ = log(𝑤𝐵) − log(𝑤𝐴) can be interpreted as percent

differences, using a Taylor approximation of the log function near one. It is also well-known that

one can convert from a difference in logs to an exact percent scale using either of two formulas,

depending on which term the researcher (often arbitrarily) chooses for the denominator of the

percent:

Δ̃𝐴 = exp(Δ) − 1

Δ̃𝐵 = 1 − exp(−Δ)

Since both transformations of Δ diverge from the identity as Δ gets farther from zero, with error
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magnitudes larger than 0.01 when Δ has magnitude larger than 0.15 or so, it would seem that

for such Δ, differences in logs can no longer be interpreted as percent shares for many economic

purposes. Furthermore, if Δ varies considerably in a population, then Jensen’s inequality will

certainly drive the means of Δ̃𝐴 and Δ̃𝐵 away from that of Δ, in opposite directions, and to a

substantial degree, seeming to forbid interpreting an average Δ as an average wage share.

However, it is perhaps less well-known that if we consider the average of the two percent scales,

Δ̃ = 1
2(exp(Δ) − exp(−Δ)) = sinh(Δ)

it so happens that the resulting hyperbolic sine transformation is very nearly the identity in a rather

wider range around zero, with an absolute error less than 0.01 for inputs with magnitude less than

0.4, and absolute error less than 0.001 for inputs less than 0.2.

In our application, there is no particular reason to pick either percent scale (the labels Job A and

Job B are interchangeable. The large majority of the population distribution of logwage WTP

is less than about 0.3 (and all estimated population means are much smaller than this), so it is

therefore legitimate to interpret a difference in log-wages directly as a wage share, using the average

of the two possible wage share scales.
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