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Abstract

Compensating wage differentials is Adam Smith’s idea that wage differ-

ences equalize differences in job and worker characteristics. Other than

risk of death, however, no job characteristics have consistently been

found to affect wages, likely because of problems with self-selection and

unobservable job characteristics. We run experiments in an online la-

bor market, randomizing offered pay and job characteristics, thereby

overcoming both problems. We find, as predicted by our model, that

increasing job disamenities significantly reduces both likelihood of work-

ing and amount of work supplied. Correspondingly, the wage increases

necessary to compensate workers for worse job disamenities are substan-

tial, supporting the theory.

JEL codes: J3, J2, C93



The five following are the principal circumstances which, so far as

I have been able to observe, make up for a small pecuniary gain in

some employments, and counter-balance a great one in others: first,

the agreeableness or disagreeableness of the employments them-

selves; secondly, the easiness and cheapness, or the difficulty and

expence of learning them; thirdly, the constancy or inconstancy of

employment in them; fourthly, the small or great trust which must

be reposed in those who exercise them; and, fifthly, the probability

or improbability of success in them.

Adam Smith (1776, Book I, Chapter X, Part I)

The theory of compensating wage differentials originates with Adam Smith’s

idea that observed wage differences equalize differences in the characteristics of

both work and workers. It is one of the central tenets of labor economics, the

value of statistical life (VSL) literature, and urban economics (Rosen, 1986;

Viscusi and Aldy, 2003; Roback, 1982). If correct, it allows us to draw infer-

ences about preferences and technology from wage data and helps us under-

stand wage structures in the economy. These, in turn, affect policy in areas as

diverse as highway speed limits and taxation.1

The main use of the compensating wage differentials idea has been as the

basis of a theory of labor supply to jobs differentiated by various job character-

istics (Rosen, 1986). Workers treat job characteristics as consumption goods

and trade off between wage and job amenities. A company offering favorable

working conditions can pay a lower wage than a company offering less favorable

working conditions, and the difference in pay is then a measure of how much

workers value the difference in working conditions.

However, attempts to estimate the “price” associated with different job

characteristics often fail; the only job characteristic consistently found to af-

fect wages is risk of death (Rosen, 1986).2 The basic econometric problem is

1 Ashenfelter (2006) discusses how speed limits are set. Powell and Shan (2012) analyze
the effect of taxation on distortions of the wage-job amenity trade-off.

2 The literature is too large to fully review here. See Kniesner and Leeth (2010) for a
recent review.
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that workers self-select into specific jobs based on unobservable worker or job

characteristics (Brown, 1980). Worker characteristics can broadly be divided

into productivity and preferences. A substantial portion of the literature ar-

gues that unobserved productivity differences are the main reason for the lack

of observed effects of job characteristics on wage in cross-sectional data, and

examines various ways of accounting for unobserved productivity, although

with varying success (see, for example, Brown 1980, Duncan and Holmlund

1983, Hwang, Reed, and Hubbard 1992, Kniesner, Viscusi, Woock, and Ziliak

2005, and Bonhomme and Jolivet 2009).

We take a different approach from the previous literature. Instead of trying

to infer trade-offs between job characteristics and wage using observed wages,

we run experiments that allow us to directly examine trade-offs using estimated

labor supply functions. We offer jobs, randomly allocating arriving workers

to different combinations of job characteristics and pay within each job, and

observe workers’ decision on whether to work or not and amount of work

supplied. We show that worker behavior supports the labor supply version of

the compensating wage differentials theory and that workers exhibit substantial

willingness to pay for job characteristics.

Normally, compensating wage differentials papers estimate the marginal

worker’s willingness to pay for job characteristics because that is what is cap-

tured by observed wages. We instead are interested in the differential between

marginal and average worker’s willingness to pay. Since public policy is cur-

rently based on marginal worker estimates, it is of interest to understand how

far away that worker’s willingness to pay is from the average. These values can

be far apart if there are substantial unobserved differences in productivity, or

there are groups of workers who have substantially different preferences from

the rest of the population and only a small number of jobs that have a set of

characteristics that match those preferences.

This work is made possible by the emergence of online labor markets for

micro-tasks. We use Amazon’s Mechanical Turk (www.mturk.com), which

allows us to control all aspects of the jobs offered, such as job type, job charac-

teristics, and pay. We offer two separate jobs at different points in time: One
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asks workers to tag images with keywords and the other asks them to write

letters. Each job requires different skills and appeals to workers with different

interests, thereby providing more general validity to our results. We vary four

job characteristics that broadly correspond to four of the “principal circum-

stances” set out by Adam Smith: agreeableness of the task, cost of learning,

availability, and probability of success.3 In each job/experiment, we randomize

the level of each job characteristic and the pay offered. For example, for agree-

ableness we randomly assign workers who look at our offered work to either an

“agreeable” version of the task or a more “disagreeable” version of the same

tasks.

Mechanical Turk has three major advantages when we want to understand

the trade-off between job characteristics and wage. First and foremost, condi-

tional on workers looking at our offered jobs, self-selection is not an issue. In

fact, the beauty is that we can follow the sorting process. We observe whether

a worker accepts or rejects a job offer, and the effort supplied if the job is

accepted. The randomization of pay and job characteristics ensures that both

are orthogonal to worker characteristics and preferences. This allows us to re-

cover workers’ willingness to pay for individual job characteristics, and thereby

understand whether workers behave as predicted by the theory.4

Second, there is substantially less scope for measurement error than in

prior studies. Part of the previous literature relied on self-reported job char-

acteristics, which are prone to reporting errors because workers with different

3 Adam Smith’s idea of the amount of trust required corresponds closely to the current
idea of efficiency wage in modern labor markets (Shapiro and Stiglitz, 1985). The analyses
required to test this differ substantially from the other four circumstances and we therefore
plan to do that as a separate paper.

Some examples of prior research or surveys that have examined job characteristics broadly
consistent with each “circumstance” are for agreeableness: Brown (1980), Duncan and Holm-
lund (1983), Goddeeris (1988), and Kostiuk (1990). For cost of learning: Rosen (1972),
Marder and Hough (1983), Weiss (1986), and Barron, Berger, and Black (1999). For avail-
ability: Adams (1985), Li (1986), Hamermesh and Wolfe (1990), Moretti (2000), and Averett,
Bodenhorn, and Staisiunas (2005). Finally, for probability of success: King (1974), Rosen
(1981), and Hartog and Vijverberg (2007)

4 We cannot, however, fully recover each individual worker’s willingness to pay because
we do not observe the reservation wages for specific combinations of job characteristics. We
are working on experiments that will allow us to do that.
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preferences likely report identical job characteristics differently (Brown, 1980;

Duncan and Holmlund, 1983; Elliott and Sandy, 1998). Even when job charac-

teristics are not self-reported, measurement errors occur because some industry

specific job characteristics may not be relevant for all workers in that indus-

try (Viscusi and Aldy, 2003; Kniesner, Viscusi, Woock, and Ziliak, 2012). We

know exactly what conditions workers were exposed to because we control all

aspects of the offered job.

Finally, we avoid the econometric problems associated with estimating he-

donic models (Rosen, 1974; Bartik, 1987a,b; Ekeland, Heckman, and Nesheim,

2002). In regular labor markets, observed wages may change—despite no

change in worker preferences or productivity—because firms’ cost of providing

a set of job characteristics change (Eberts and Stone, 1985; Viscusi and Aldy,

2003; Ashenfelter, 2006). We do not have to worry about the demand side of

the job market because we control it and all workers in each experiment see

the same basic job.

We expand the standard labor supply theory with disutility of working to

also allow for disutility of job disamenities. We show that the likelihood of

working and the amount of labor supplied, if working, are always decreasing

in worse job disamenities. Hence, if workers adjust hours worked, but this is

not captured in data, this is an additional reason why identifying the trade-off

between job characteristics and wage is difficult in regular wage data.

Our main finding is, as predicted by our model, that increasing job dis-

amenities significantly reduces the likelihood of working and the amount of

work supplied for agreeableness, cost of learning, and probability of success.5

Correspondingly, the wage increases necessary to compensate workers for worse

job disamenities are substantial. Depending on experiment and job disamenity,

the increases are in the order of 60 to 335% of the average offered wage for

the extensive margin and 30 to 190% for the intensive margin. These effects

only show up consistently when we control for selection. Using only workers

who self-select into the jobs we find mostly no effect of job disamenities, and

5 Higher wages lead to both significantly higher probability of working and higher number
of tasks performed in both experiments. We examine labor supply elasticity estimates in
detail in a separate paper (Pörtner and Hassairi, 2015).
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even when there is an effect, it is substantially lower than when controlling for

selection. We further illustrate the effects of selection using, first, information

on workers’ tenure on Mechanical Turk and, second, longitudinal data from

the image tagging experiment. Length of experience does little to change our

main results, and selection substantially lowers the estimated compensating

wage differentials in longitudinal data.

1 Theory

The standard theoretical framework for compensating wage differentials treats

job characteristics as a consumption good, and examines the trade-off between

market consumption and job characteristics (Rosen, 1986). Rosen’s model is

appropriate if hours are fixed and there are no unearned income or outside

options. On Mechanical Turk, however, workers decide both whether to work

on a given job and how much to work. The essence of these decisions can

be captured by expanding the standard labor supply theory with disutility of

work to also include disutility of job disamenities.

Assume that vector d captures job disamenities, where a higher d corre-

sponds to worse job characteristics. Each worker’s preferences are defined over

a market consumption good, c, disutility of work, h, or equivalently utility

of leisure, l, and disutility of job disamenities. To ease exposition we assume

that work and job disamenities do not affect the utility of consumption, so the

utility function is

U = u(c) + v(l; d), (1)

where uc > 0, ucc < 0, vl > 0, vll < 0. An increase in job disamenities makes

a job less attractive, vd < 0. We assume that vld > 0, so that worse job

amenities makes leisure more attractive and work less attractive (the marginal

utility of leisure—or equivalently the marginal disutility of work—goes up as

job amenities become worse).6

6 An open question is the sign of the double derivative with respect to disamenities. On
one hand, if vdd is negative then there potentially would be a level of disamenities that could
not be reached because the disutility would be infinitely high. We can think of this as a
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Workers maximize their utility subject to a budget and a time constraint.

c = hw + I (2)

T = l + h, (3)

where w is wage per hour, I is unearned income, T is total number of hours

available, and l is leisure. Substituting in the constraints, so that the max-

imization problem is expressed in terms of work, and solving leads to the

standard first order condition:
vl
uc

= w, (4)

the ratio of marginal utility of leisure to marginal utility of consumption is

equal to the wage. Total differentiating, assuming an interior solution, and

rearranging leads to

(uc + hwucc)dw + (w2ucc + vll)dh+ wuccdI − vlddd = 0. (5)

Normally the effects of unearned income and wage on hours are of interest:

dh

dI
= − wucc

w2ucc + vll
< 0 (6)

dh

dw
= −uc + hwucc

w2ucc + vll
≷ 0. (7)

Increasing unearned income always reduces hours worked. As usual, the effect

of increasing wage on hours depends on whether the substitution or the income

effect dominates. If substitution dominates, higher wage leads to more hours

worked, while if the income effect dominates higher wage leads to fewer hours

worked—what is known as the backward bending labor supply curve.

What we are interested in here is the effect of changing job disamenities.

dh

dd
=

vld
w2ucc + vll

< 0 (8)

“cumulative” effect of disamenities, where each additional disamenity seem worse and worse.
On the other hand, if vdd is positive we would have a “habituation” effect, where increasing
disamenities would be less and less “costly” as they increased.

6



Increasing job disamenities, holding wage and unearned income constant, un-

ambiguously reduces time spent working. A corollary is that higher job dis-

amenities means that a worker is less likely to work at all.

Our formulation of workers labor supply suggests that the most direct way

to understand how workers respond to differences in job characteristics is to

randomly allocate workers to combinations of job characteristics and offered

pay and observe whether there are statistically significant differences in the

probability that workers accept the job for the same pay and the amount of

work that they decide to do. The model predicts that, holding wage constant,

increasing job disamenities lowers the likelihood of a worker accepting a job and

reduce the amount of work done if working. From the estimated labor supply

we can then recover the value of job characteristics holding effort constant.

2 Experimental Design

Amazon’s Mechanical Turk is the largest of the emerging micro-task markets

with over 100,000 registered workers from over 100 countries (Buhrmester,

Kwang, and Gosling, 2011). Workers have to be 18 years or older, but otherwise

there are few restrictions on participation. Work is paid per task rather than

per hour—the corresponding hourly wage is lower than the average U.S. wage,

but is close to the U.S. minimum wage. Individual tasks in a job are called

HITs (Human Intelligence Tasks) and workers choose jobs from a list on the

website that can be sorted by criteria such as pay per HIT and posting date.7

Workers can preview a job before accepting, and abort it without penalty at

any time. Between 5,000 and 30,000 HITs are completed each day (Ipeirotis,

2010). The Mechanical Turk labor market is built to be low friction for workers,

allowing them to quickly move between jobs and work as much or as little as

they desire on a given job.

Anyone can register to post jobs on Mechanical Turk. Examples of jobs

7 The tagline for Amazon’s Mechanical Turk is “Artificial Artificial Intelligence” to em-
phasize that these are jobs that are done by people. Appendix Figure A.1 shows an example
of a job listing on Mechanical Turk.
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include transcribing audio recordings into text, reviewing products, rewriting

paragraphs, labeling images, searching for information, data entry, and an-

swering surveys. Mechanical Turk allows requestors to require skills and “cer-

tifications” of workers. Our only requirement is that the computer accessing

our jobs must be in the U.S. This allows us to estimate consistent labor sup-

ply functions, while achieving a sufficient sample size. U.S. Mechanical Turk

workers are similar to the U.S. Internet population, and the income distribu-

tion closely follows the distribution for the overall U.S. population (Ipeirotis,

2008). It is possible to circumvent our location restriction through the use of

proxy servers, but Amazon requires that workers provide a US tax ID number

if they use a computer that appears to be in the US, which significantly limits

the usefulness of using a proxy server to access Mechanical Turk. Employ-

ers can reject HITs for subpar work. Having HITs rejected negatively affect

workers because employers can exclude workers based on past rejection rates.

We offered the image tagging and letter writing jobs at different points in

time. We chose these jobs for two reasons. First, they allow us to change

job characteristics without altering the job itself. Second, we wanted a set of

jobs that were relatively familiar to workers on Mechanical Turk and simple

to explain.8 In each experiment/job we randomize the levels of the four job

characteristics and the pay offered. Both experiments use a full factorial design

(Fisher, 1935). Experimental conditions are created by systematically varying

the levels of each job characteristics and pay, so all possible combinations are

covered. The main benefit of this approach is efficiency; fewer workers are

required to achieve the same level of statistical power as other approaches

(see, for example, Wu and Hamada 2011 and Collins, Dziak, Kugler, and Trail

2014). With a factorial design, we can estimate main effects of the various job

characteristics by “recycling” observations, without having to run individual

8 A subset of other possible jobs that we considered were: reading and categorizing text,
searching keywords on Google, answering simple questions about images, such as whether a
computer was present, scoring articles, providing summaries of articles, and creating chap-
ter/time stamps for different videos. Most were rejected because they did not allow for
implementation of varying job characteristics without substantially changing the length of
time required to finish the task.
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experiments for each job characteristics.9

Data collection begins as soon as a worker clicks on our job in the job

listing. To ensure that workers who show up at different times of the day

are equally likely to be presented with all job characteristics, we listed all

possible combinations in random order. Each worker is automatically assigned

the next combination in the list. We observe whether the worker accepts the

job and, if so, how many HITs are performed. Workers are not informed that

the offered jobs are part of an experiment and are always presented with the

same set of circumstances based on their unique worker ID number assigned

by Mechanical Turk. We do not inform workers that they are part of an

experiment to rule out an observer effect, where workers change behavior in

response to being part of an experiment. Workers do, however, know that their

output is potentially being monitored, but this monitoring is identical across

the experiments and akin to what one would find in any job. The experiments

are conducted exclusively through computers ruling out any experimenter bias.

Employers can only contact workers they have paid in the past. We there-

fore paid all new workers a $0.25 “bonus”. The bonus allows us to contact work-

ers for a survey that we ran after the experiments independently of whether

they completed any real HITs or not. We do this only the first time a worker

looks at one of our jobs; otherwise the worker is taken straight to the regular

job. The bonus may make workers feel an obligation to work, which would

inflate the number who do at least one HIT and the number of HITs per-

formed. This is not a concern here since the new worker bonus does not vary

systematically across the different conditions and we are only interested in the

differences between conditions.

9 It is also, in principle, possible to estimate interaction effects between different job
characteristics, although our experiments were not powered to do that. We have little in
the way of theoretical prediction to suggest what characteristics these interactions should
have and even relatively larger interaction effects between job characteristics would require
sample sizes that we considered unlikely to achieve.
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2.1 Image Tagging Job

The image tagging job is similar to other tagging jobs on Mechanical Turk,

where employers have workers go through images before deciding which ones to

license. Once a worker clicks on the job, our program selects and displays five

pictures. For each image we ask the worker to provide five tags or keywords, in

addition to clicking a radio button indicating whether the image is appropriate

for a general audience.10

We change the job’s agreeableness by varying the number of disagreeable

images. There are six levels in the experiment, corresponding to 0, 1, 2, 3, 4,

or 5 disagreeable pictures per HIT. In our data disagreeableness is expressed

as a ratio between 0 and 1. The number of disagreeable pictures do not change

between HITs, but the ordering is random, so that a worker with, say, one

disagreeable image per HIT may see that as, for example, the first image on

one page and as the third on the next. The agreeable images cover a wide

variety of topics such as garden pictures, nature, travel photo, food, and ani-

mals. We have a collection of 5921 of these pictures. The disagreeable images

were identified using Google Image search terms and then we deleted false pos-

itives.11 This process is, of course, open to cultural biases in what is considered

disagreeable, but certain responses are more likely biological responses and we

aim at those. The stock of disagreeable images consists of 1131 pictures. Not

all of these images are equally disagreeable and we did not attempt to rank

them in any way. This does introduce some amount of measurement error in

that workers with the same observed level of disagreeableness may see slightly

different levels of disagreeableness. This variation is, however, completely ran-

dom and therefore only make the estimated standard errors larger.

We alter the cost of learning through a “training component” with or with-

out a “test.” All workers read a description of different categories of tags and

examples of each. Those in the “training” condition answer 15 questions, cat-

10 Appendix Figures A.2 through A.4 show the different parts of the page presented once
a worker accepts the HIT.

11 The Google Image search terms included topics such as amputations, autopsy, broken
limbs, gangrene, and larvas to name a few. All pictures are publicly available online.
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egorizing tags based on what they just read, and cannot work until all are

answered correctly. Workers not selected for “training” are asked to click a

button indicating that they had read and understood the content.

The probability of success is captured by our “approval” rate for tags, a

high of 93% and a low of 56%. Because experiment run over multiple days, the

actual number displayed is drawn from an uniform distribution with a mean

equal to either the low or high approval rate. This ensures that returning

worker do not see exactly the same number over multiple days. We pay every-

body for all work irrespectively of the assigned approval rate. Furthermore,

we never reject HITs.

We implement the effect of availability outside of the factorial experiment,

assigning 7% of all arriving workers to a special “low availability” condition

where workers at specific times are told to wait for more HITs to become

available. Workers in this condition are assigned only agreeable images, not

asked to take the test, shown a high approval rate, and paid $0.25 per HIT.

Because this setup is different from the other conditions, we present all results

both with and without workers assigned to the low availability condition.

The final part of the experiment is the pay offered. Workers are randomly

assigned to a pay per five images tagged—equal to 25 tags—of between $0.05

and $0.50 in $0.05 increments. Figure A.4 shows an example of pay and avail-

ability. All workers can complete up to 50 HITs per day. This limit ensures

that we do not run out of money.

The experiment ran over six days in 24-hour segments starting at 07.58

GMT. A worker would see one set of conditions during each 24-hour period,

and then after 07.58 GMT the job conditions and pay would be randomized

anew. The randomization did not take into account previous job characteristics

or pay. We choose 07.58 GMT because that is when fewest U.S. workers are

on Mechanical Turk. This set-up allows us to both look at initial choice about

labor supply, and what determines the decisions to return and amount of work

to provide on subsequent days.

11



2.2 Letter Writing Job

In the letter writing job the task is to write a positive and supportive letter

to a prison inmate. All names and profiles of the inmates are fictitious, but

based loosely on one or more real inmate profiles from prison pen pal sites.

We created 90 profiles and for each arriving worker our program creates a

randomized list of the profiles. If a worker left a letter undone the worker see

the same prison profile upon return.

We use different types of offenses to capture disagreeableness. One half of

the workers were shown sexual related offenses and the other half crimes that

could be perceived as less disagreeable. 12

As in the image tagging experiment, cost of learning is captured with a

training component with or without a “test.” Everybody is asked to read

the guidelines. Those selected for “training” condition got two questions to

answer. Workers could not go on until they had answered both correctly.

The probability of success is shown by our “acceptance” rate for letters,

although we pay everybody who submits acceptable letters. Either 94% or

51% are listed as accepted and the left-hand panel of Figure

Availability is modeled by varying the limit on the number of HITs available

to the worker. Either 90 or 9 HITs were available.

Pay varies in $0.1 increments from $0.1 to $1.0 per letter written. The

letter experiment ran only through one 24-hour segment.

3 Estimation Strategy

Our experimental setup allows us to examine how job characteristics affect

the amount of work, H, supplied. Job characteristics and pay are, however,

only truly random the first time a worker visits a job. This is not an issue

for the letter writing experiment, since it only ran for one day, but for the

image tagging experiment we initially focus only on the first day a worker was

12 Appendix Figures A.5 through A.7 show the different parts of the page presented once
a worker accepts the HIT.
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observed, and return to what can be learned from longitudinal data below.13

Because we observe all workers who reject our jobs and all who accept, we

can directly model the selection into work and amount of work supplied. We

first estimate the effect of offered wage and job characteristics on the decision

to work:

1[Hi > 0] = α + β1wi + ciβ2 + εi, (9)

where 1[Hi > 0] is an indicator variable that takes the value 1 if the worker

complete at least one HIT and 0 otherwise, wi is observed wage per HIT for

worker i, and c is a vector of job characteristics.

We next turn to the intensive margin. To show what the intensive margin

results would look like for regular labor market data with no control for self-

selection based on unobserved worker characteristics, we estimate the effects

of wage and job characteristics on the number of HITs completed, conditional

on workers completing at least one HITs:

Hi = α + β1wi + ciβ2 + εi ifHi > 0. (10)

We estimate this using a censored regression model that takes into account

upper bound censoring.

Finally, we use that we observe all workers, whether they reject or ac-

cept our offered job, and estimate a censored regression model that takes into

account both lower bound censoring at zero HITs and the upper bound cen-

soring built into the experiment.14 The censored regression model implicitly

requires two assumptions: that wages are observed for all workers independent

of whether they work or not, and that wages are exogenous to the workers’ la-

bor supply. Neither assumption would be acceptable in standard labor market

data, but are appropriate here. The experimental design provides an offered

wage for all workers, whether they work or not, and this wage is by design ex-

ogenous to the labor supply because of randomization. The censored regression

13 The first day observed is not necessarily the first day the experiment ran, but rather
the first day we observed the worker in the image tagging experiment.

14 In the cases where there are only one lower and one upper bound censoring point, the
results will be the same as that from a Tobit model.
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model also implies an assumption of no fixed costs associated with participa-

tion. In our case there are no fixed costs of work, or rather, the worker has

already incurred them by joining Mechanical Turk (buying computer and in-

ternet connection and signing up for Mechanical Turk) and there are no fixed

costs specific to our job.15

In addition to understanding the effects of job disamenities on labor supply,

we are interested in the additional pay required to compensate for increasing

job disamenities, holding labor supply constant. We calculate the average

compensating wage for the different job disamenities from the extensive and

intensive margin results, holding constant the probability of working and the

number of HITs performed.

3.1 Longitudinal Analyses

Any differences between the results using all workers and the results restricting

to only those who work illustrate the effects of self-selection. In the prior

literature, with no experimental data available, fixed effects estimations have

been suggested as a way of overcoming the selection problem (see, for example,

Brown, 1980; Duncan and Holmlund, 1983; Villanueva, 2007). The idea is that

observing the same worker in multiple jobs allows us to eliminate unobservable

worker traits that drive selection into jobs with different characteristics. There

are, however, three drawbacks to this approach. First, it requires workers

that move between jobs with different characteristics. Second, fixed effects

exacerbate any measurement errors in the data. Finally, if those who move

between jobs are a non-random sample of workers, selection effects can still

bias the results.

We ran the image tagging experiment over six days, where workers were

presented with a randomly allocated set of conditions and pay each day they

visited the job. Our setup means that workers are automatically presented

with a variety of job characteristics and pay levels and that we have minimal

measurement errors, eliminating two of the problems with fixed effects. Any

15 For a more detailed discussion of the three assumptions see Blundell, MaCurdy, and
Meghir (2007).

14



differences between our experimental first visit results and fixed effects results

will therefore be due to selection of worker over time. The selection happens

because, although the conditions and wage that a worker face are randomized

anew each day, prior conditions may affect a worker’s likelihood of looking at

our offered job again, and this likelihood depends on the worker’s characteris-

tics. Take two workers, one who intently dislikes the disagreeable images and

one who does not mind them as much, but otherwise they are identical. It

is much more likely that we will see the worker who does not mind the dis-

agreeable images again on a subsequent day than that we will see the worker

who intently dislike those images. In regular labor markets the selection over

time can come about, for example, when workers learn over time about the

job they work in or where there is sorting into different jobs over time based

on unobserved productivity differences.

We first estimate how a given visit’s job characteristics affect the probability

that a worker will return:

Vi = α + β1wi + ciβ2 + εi, (11)

where Vt is an indicator variable that takes the value 1 if a worker visits our

offered job on a subsequent day and 0 otherwise. Days here are defined on

the basis of the worker, not the experiment. A worker who, for example, looks

at our offered job on the second day of the experiment will have that visit

counted as the first visit and V then takes the value 1 if we observe the worker

again and 0 otherwise. Observations from the last day of the experiment are

dropped because we cannot observe whether the workers would have returned

or not. We estimate equation (11) for second through sixth visit.

Second, to compare with the first visit results, we repeat the estimations

of how job characteristics affect amount of work done using fixed effects. We

estimate the extensive margin:

1[Hit > 0] = α + β1wit + citβ2 + µi + εit, (12)

where i is the individual worker, t is visit number, and µi is a time invariant
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worker fixed effect, using information from all days where a worker looked at

our job. We then estimate the intensive margin model using only those days

where a worker complete at least one HIT:

Hit = α + β1wit + citβ2 + µi + εit ifHit > 0. (13)

Finally, we estimate the intensive margin model using all worker-visit obser-

vations, including those where a worker completed no HITs. Neither of these

two intensive margin models take into account the censoring at zero HITs or

the upper level censoring in the experiment.16

4 Results

During the image tagging experiment’s six 24-hour segments, 4,311 workers

visited the job.17 The letter writing experiment ran for one 24-hour segment

and 2,111 workers visited. As mentioned, we initially use only the first day a

worker shows up for each experiment and cover longitudinal analyses below.18

Many workers looked at our offered jobs but decided not to work. For the image

tagging experiment 63% did not work, leaving 1,605 workers who completed

one or more HITs on the first day they visited the job. For the letter writing

experiment 73% did not work, leaving 578 workers who completed one or more

HITs. In total, 4,366 letters were written and 60,695 images tagged—equal to

303,475 keywords on the first day. The payouts to workers were $3,055 and

$3,808.

16 There are methods that allow for fixed effects in censored regression models, but the
purpose of this paper is to evaluate the standard models used to examine the compensating
wage differentials theory, rather than evaluate the different methods available. See Dustmann
and Rochina-Barrachina (2007) for a comparison of different selection correction models for
panel models.

17 We tried to run the image tagging experiment about seven months prior, but aborted
it within hours because of server load issues. Removing workers who showed up for both has
no effect on our results. The long period between the aborted attempt and the final run was
partly because of the time required to design and run load testing programs for the servers
and partly to minimize contamination between the aborted run and the final experiment.

18 Appendix Figure A.8 shows the distribution of work done in each experiment.
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In the letter writing experiment, workers in the low availability condition

were not allowed to work more than 9 HITs, whereas all others had an upper

limit of 90 HITs. In the image tagging experiment, the low availability was

not implemented as a fixed cut-off, so the only visible limit is the maximum of

50 HITs. Almost 100 workers reached the maximum on their first day working

on the image tagging experiment.

Table 1 shows estimated effects of wage and job characteristics on extensive

and intensive margins for the two experiments. For each experiment, the first

column show extensive margin results, the second column intensive margin

result for workers who completed at least one HIT, and the final column shows

intensive margin results using all workers. The extensive margin estimations

use a linear probability model with the dependent variable equal to 1 if a

worker completed 1 or more HITs, and 0 otherwise. The intensive margin

estimations use a censored regression model; for the “worked” sample there

is only right-censoring, whereas for the “full” sample model there is censoring

both at zero and at the maximum number of HITs a worker can perform.19

Both experiments show the importance of job characteristics on the deci-

sion to work, the extensive margin. Disagreeableness, learning cost, and low

probability of success all have statistically significant negative effects on the

probability of working and the reductions associated with less attractive char-

acteristics are substantial. Increasing disagreeableness reduces the probability

of working by more than 10 percentage points for the image tagging experiment

and 7 percentage points for the letter writing experiment. This is equivalent to

a reduction of one third of the average probability of working for both exper-

iments. Having to take the test before working has an even larger impact on

the likelihood of working: for the image tagging experiment the reduction is

16 percentage points and for the letter writing experiment it is 11 percentage

points. Being told that there is a low probability of success reduces the like-

19 Alternative specifications are shown in Appendix Tables B.1 and B.2. These include,
for each experiment, a Logit model of participation (extensive margin) and an OLS model
of the intensive margin for the “worked” sample. Each table shows results using wage and
log wage separately. Finally, Appendix Table B.3 shows the results for the image tagging
experiment when excluding workers assigned to the low availability condition. In all cases
the results are close to identical across specifications.
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Table 1: Effects of Job Characteristics on Extensive and Intensive Margins

Image Tagging Experiment Letter Writing Experiment

Extensive Intensive Extensive Intensive
Worked = 1 HITs Performed Worked = 1 HITs Performed

LPM Censored LPM Censored
Sample Fulla Workedb Fullc Fulla Workedd Fulle

Log wage 0.048∗∗∗ 2.820∗∗∗ 3.277∗∗∗ 0.073∗∗∗ 4.962∗∗∗ 6.175∗∗∗

(0.011) (0.514) (0.484) (0.014) (1.074) (0.934)
Disagreeableness −0.115∗∗∗ −4.058∗∗∗ −6.215∗∗∗ −0.074∗∗∗ 0.673 −3.717∗∗∗

(0.022) (1.028) (0.961) (0.019) (1.384) (1.232)
Learning cost −0.161∗∗∗ −0.649 −6.133∗∗∗ −0.110∗∗∗ 0.502 −5.789∗∗∗

(0.015) (0.702) (0.660) (0.019) (1.393) (1.237)
Low probability of success −0.077∗∗∗ −1.090 −3.413∗∗∗ −0.054∗∗∗ 1.628 −2.127∗

(0.015) (0.693) (0.653) (0.019) (1.380) (1.228)
Low availability −0.027 −3.162∗ −2.421 −0.014 −5.406∗∗∗ −3.415∗∗∗

(0.036) (1.701) (1.593) (0.019) (1.386) (1.228)
Intercept 0.623∗∗∗ 14.523∗∗∗ 4.651∗∗∗ 0.462∗∗∗ 13.466∗∗∗ −3.012∗

(0.023) (1.036) (1.010) (0.025) (1.623) (1.547)

Observations 4,311 1,605 4,311 2,111 578 2,111
Dependent variable mean 0.372 7.6 2.8 0.274 7.6 2.1

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of all workers on the first day they are observed during the experiment, whether they worked or not.
b Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed during the
experiment. Of the 1,605 workers who worked on the first day they were observed, 92 were right-censored observations.
c Of the 4,311 observations, 2,706 were left-censored observations, 1,513 uncensored observations, and 92 right-censored observations.
d Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed during the
experiment. Of the 578 workers, 68 were right-censored.
e Of the 2,111 observations, 1,533 were left-censored observations, 510 uncensored observations, and 68 right-censored observations.

lihood by 8 percentage points and 5 percentage points for the image tagging

experiment and letter writing experiment.

For the intensive margin, the samples that correspond to normal labor

market data—where you only observe those who work—provide a way to ex-

amine how self-selection can affect the estimated effects of job characteristics.

Conditional on working, job characteristics have only small and statistically

insignificant effects on completed number of HITs in both experiments; for

the letter writing experiment, the estimates are even the wrong sign.20 The

exception is disagreeableness in the image tagging experiment, where going

from 0 to 5 disagreeable images reduces the number of completed HITs by 4

on average.21

20 The large, negative, and statistically significant effect for availability in the letter writing
experiment is mechanical. Workers exposed to this condition had the number of available
HITs limited to 9, whereas everybody else could complete 90 HITs before running out of
available HITs.

21 We believe there are two reasons behind the statistically significant, negative effect of
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If we instead use the full sample, which allows us to correct for selection,

job characteristics in both experiments have strong, statistically significant,

negative effects on number of HITs.22 The effects of job disamenities on number

of HITs are large. Going from 0 to 5 disagreeable images reduces the completed

number of HITs by more than 6 for the image tagging experiment and close

to 4 for the letter writing experiment. Given that the average number of HITs

supplied across all workers are only at 2.8 and 2.1 these effects are substantial.

Learning cost lead to a reduction of around 6 HITs for both experiments,

whereas the lower probability of success lead to a reduction of 3.4 and 2.1.

Comparing the intensive margin results between the “full” and “worked”

samples, the smallest difference in estimated effect of job disamenities is for

image tagging disagreeableness, and even here the “full” sample estimate is

more than 50% higher than the “worked” sample estimate. Hence, there is

strong evidence that people do respond as predicted by our model. Hold-

ing wage constant, worse job disamenities lead to less labor supplied, which

supports the labor supply part of the compensating wage differentials theory.

Importantly, this effect either disappears or is substantially muted if we do

not control for self-selection into working. This confirms that prior research’s

failure to consistently find effects of job characteristics on wage comes from

inadequate control for selection on unobservables.

The statistically significant, but nonetheless underestimated, effect of dis-

agreeableness among those who work, may parallel the effect of risk of death

on wage in the literature.23 Obviously, there is a big difference between dis-

disagreeableness on number of HITs. First, the image tagging HITs were designed to be
completed quicker than the letter writing HITs. Shorter duration lowers the cost of trying a
HIT and workers uncertain about their reaction to the disagreeable condition are therefore
more likely to try a HIT in the image tagging than the letter writing experiment. Second,
not all of the disagreeable images had exactly the same level of disagreeableness and the
ordering of the disagreeable images were randomized for each worker. Hence, some workers
saw less disagreeable images on the first HIT(s), making them more likely to work and when
they encountered more disagreeable images they stopped working.

22 The one exception is the low availability condition in the image tagging experiment,
which is negative but not statistically significant.

23 See, for example, Thaler and Rosen (1976), Biddle and Zarkin (1988), Hamermesh and
Wolfe (1990), Viscusi (1993), Viscusi and Aldy (2003), Ashenfelter (2006), and Kniesner,
Viscusi, Woock, and Ziliak (2012).
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agreeable images and risk of death, but we have here a case where it looks

like there is a substantial, statistically significant effect when not controlling

for selection, but that effect is still far from the “true” value. If the relation

between risk of death and observed wages is used to estimate value of life, but

selection is not completely accounted for, then those estimates are probably

substantially too low. As Ashenfelter (2006, p. C12) argues: “In reality, the

vast majority of studies settle for providing estimates of V [value of life] among

those people who accept risks.” Hence, just because a job characteristic shows

a statistically significant effect on wage that does not imply that this point

estimate is unbiased. In fact, based on our results, it may be substantially

underestimated.

4.1 Compensating Wages for Job Disamenities

We have shown that increasing levels of job disamenities have statistically sig-

nificant and large effects on labor supplied, but what are the increases in wages

necessary to compensate for worse job disamenities? These cost estimates de-

pend, of course, on the exact job and job characteristic, but Table 1 allows us

to calculate the increase in pay required to keep the average worker’s proba-

bility of working constant—the extensive margin results—and the increase in

pay necessary to keep the number of HITs supplied constant—the intensive

margin results. Table 2 shows the results as both absolute changes in wages

and percent changes in wages; both evaluated at the mean offered wage.24 We

focus here on the job disamenities that showed statistically significant effects

on labor supply.

We begin with the extensive margin compensating wage differentials. Going

from least to most disagreeable is worth between 56 and 66 cent per HIT, if

the probability of working has to remain constant.25 These costs are large

24 Appendix Table B.4 show the compensating wage differentials for other specifications of
the labor supply function. In addition, Appendix Section C shows an alternative approach
where we treat observed wages as outcomes and directly estimate the association between
job characteristics and wage.

25 If the probability of working has to remain constant, dividing the point estimate for
the job characteristic by the point estimate for the wage, or − βc

βw
× w∆c, will approximate
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Table 2: Compensating Wage Differentials for
Job Disamenities Based on Estimated
Labor Supply Functions

Image Tagging Letter Writing

$a % $b %

Extensive — LPM
Disagreeableness 0.66 240 0.56 101
Learning cost 0.92 335 0.83 151
Low probability of success 0.44 160 0.41 74
Low availability 0.15 56 0.11 19

Intensive — “Worked”
Disagreeableness 0.40 144 −0.04 −14
Learning cost 0.06 23 −0.03 −10
Low probability of success 0.11 39 −0.09 −32
Low availability 0.31 112 0.30 109

Intensive — “Full”
Disagreeableness 0.52 190 0.33 60
Learning cost 0.51 187 0.52 94
Low probability of success 0.29 104 0.19 34
Low availability 0.20 74 0.30 55

Note. All results are based on Table 1. See that table for significance levels.
The necessary increase in wage to compensate for a worse job disamenity,

c, is − βc
βw

× w∆c, where wage is evaluated at the mean offered wage.
a Evaluated at the mean offered wage, $0.275.
b Evaluated at the mean offered wage, $0.55.

relative to the offered wage; the average offered wage is 27.5 cents for the

image tagging experiment and 55 cents for the letter writing experiment. The

needed increases in wages are equivalent to a 240% premium for the image

tagging experiment and a 101% premium for the letter writing experiment.

The wage increase needed to compensate for learning cost are even larger

than for disagreeableness at between 83 cents (151%) for the letter writing

experiment and 92 cents (335%) for the image tagging experiment. Why are

the costs of the test so high? First there the time involved; in our testing

the time required is equivalent to completing between one or two HITs (after

having read the instructions, which everybody were required to do). Second,

workers may be uncertain about whether taking the test is worth it. Workers

get to see the HIT, but will not be able to enter any information until they

have been through the learning section. As Figure A.8 show, many workers

the required change in pay. For the image tagging experiment this is 0.115
0.048 × 0.275 = $0.66,

whereas it is 0.074
0.073 × 0.55 = $0.56 for the letter writing experiment.
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do relatively few HITs, which increases the cost of taking the test, especially

if there is uncertainty about whether they will find the task worthwhile.

A lower probability of success requires just over 40 cents extra for both

experiments. As expected this number is larger than the differences in expected

payout. There is at most a 50 percentage points differences in the probability

of success, but only for the letter writing experiment is the premium close

to that at 74%. For the image tagging experiment it is substantially larger

at 160%. There are two possible explanations for the larger compensation.

First, workers are risk adverse and need to be compensated sufficiently for

the extra risk associated with the lower probability of success. This extra

risk includes both the payment for the job itself and the indirect cost that

comes from potentially worse access to jobs if their HIT approval rate falls.

Second, workers estimate how many HITs they are going to do and need to

be compensated sufficiently. Since the average number of completed HITs are

larger than one, that would suggest that the compensating wage from risk in

the intensive margin should be lower than for the extensive margin.

The intensive margin results do, indeed, show lower increases needed to

compensate for job disamenities than the extensive margin results. Based on

the “full” sample, the extra pay required to have workers supply the same

number of HITs when faced with the disagreeable condition instead of the not

disagreeable condition is between 33 cent (60%) for the letter writing experi-

ment and 52 cents (190%) for the image tagging experiment. Having to take

the test requires just over 50 cents more for both experiments, equivalent to

187% increase for image tagging and 94% for letter writing. For lower proba-

bility of success the increases are 20 cents (34%) for letter writing and 30 cents

(104%) for image tagging. The increase necessary to compensate for the low

probability of success in the letter writing experiment is especially of interest

since the difference is only 34%, which is less than the expected difference in

pay. It is possible that workers were sufficiently confident that they would be

able to do the job satisfactorily that this particular job disamenity was less

important.26

26 Another possible explanation is that workers considered the job to be worthwhile in
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When we compare the “worked” and the “full” samples, the main result

that stands out is the confirmation of the large effect of selection: disagree-

ableness, learning cost, and low probability of success all have the wrong sign

for the letter writing experiment. For the image tagging experiment, learning

cost and low probability of success have substantially lower estimated compen-

sation in for the “worked” sample than for the “full” sample. The only job

disamenities that is close between the two are disagreeableness, which is still

about 1/4 less when not controlling for selection than when controlling.

In sum, the estimated effects of job characteristics are consistent across the

two experiment, despite little overlap in the two sets of workers that looked at

our experiments. Enticing workers to tolerate worse job disamenities requires

substantial increases in pay. The required increases in pay may seem very

large, but keep in mind that we are not estimating the marginal workers will-

ingness to pay for avoiding job disamenities, but rather the average worker’s.

Our results are all the more strikning in that we here observe between 27 and

37% of potential workers completing at least one HIT. Even observing as high

proportion of people working as we do here, we still get compensated wages

that are very low if we do not control for self-selection. In standard labor

market, it is difficult to estimate how many potential workers there would be

for a given job (workers who could possible do the job, but decided not to

because the offered combinations of pay and job characteristics were not at-

tractive), but it is likely that we would observe a substantially lower proportion

of people working to potential workers than what do here, further aggravating

self-selection problems.

5 The Role of Selection

The most obvious level at which selection takes place is the job offer. We ad-

dress this type of selection above by randomization of wage and job characteris-

tics together with observing all workers. The differences in results between the

itself and therefore cared less about the pay. This, however, runs counter to the higher re-
sponsiveness to wages in the letter writing experiment than in the image tagging experiment.
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“worked” and the “full” samples show clearly the importance of self-selection

into jobs with different characteristics. In this section, we further assess how

selection plays out at different levels and its effect on our main results.27

At the labor market level, workers may, over time, change behavior or

decide leave the labor market altogether. Both may change how workers re-

spond to changing job characteristics. We therefore first estimate whether

worker experience on Mechanical Turk impact the response to job character-

istics. Second, at the job level, initial offered characteristics might change

the likelihood not just of whether a worker accepts a job, but also whether a

worker even considers that job again. We therefore follow workers over time

using the multi-day part of the image tagging experiment and examine how of-

fered job characteristics affect whether a worker returns to visit our job again.

This directly affect how useful fixed effects estimations of compensating wage

differentials can be, so we also estimate how close to our experimental results

we get using fixed effects estimations.

5.1 Does Tenure on Mechanical Turk Matter?

Length of tenure on Mechanical Turk can impact our results in two opposing

manners. First, there may be labor market wide sorting over time. New

workers arrive on Mechanical Turk on a regular basis, but some decide that

the pay is too low and/or that they do not like the offered jobs and leave the

labor market. Just as workers who work on our jobs are less sensitive to job

characteristics than the overall sample of workers, the sorting over time could

lead workers who have been on Mechanical Turk longer to be less responsive to

job characteristics than more recently arrivals. Second, workers may learn how

to behave in an optimal manner through work experience or leave the labor

market if they do not. This would be equivalent to taxi drivers in New York

who do not show optimizing behavior either exiting the profession or learning

how to optimize over time (Farber, 2014). If workers learn over time, we would

expect new workers to try most available jobs on Mechanical Turk and be less

27 Appendix Section D discusses how selection through survey response can also bias the
estimated effects of job characteristics and wage.
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responsive to wage. The effect would be that more experienced workers would

be more responsive to job characteristics than less experienced workers.

Table 3: Effects of Job Characteristics on Extensive and Intensive Margins for
Letter Writing Experiment Controlling for Experience on Mechanical Turk

Without Interactions With Interactions

Extensive Intensive Extensive Intensive
Worked = 1 HITs Performed Worked = 1 HITs Performed

LPM Censored LPM Censored
Sample Fulla Workedb Fullc Fulla Workedb Fullc

First observed June −0.007 2.409 0.175 0.044 −1.448 1.629
2013 or before (0.032) (2.339) (2.058) (0.080) (5.881) (5.020)

Log wage 0.073∗∗∗ 4.960∗∗∗ 6.173∗∗∗ 0.075∗∗∗ 5.364∗∗∗ 6.462∗∗∗

(0.014) (1.073) (0.935) (0.014) (1.122) (0.979)
Log wage −0.006 −4.801 −2.497

× observed 2013 (0.049) (3.716) (3.257)
Disagreeableness −0.074∗∗∗ 0.720 −3.715∗∗∗ −0.074∗∗∗ 0.249 −3.857∗∗∗

(0.019) (1.383) (1.232) (0.020) (1.444) (1.295)
Disagreeableness −0.007 3.876 0.853

× observed 2013 (0.065) (4.805) (4.205)
Learning cost −0.110∗∗∗ 0.594 −5.784∗∗∗ −0.105∗∗∗ −0.120 −5.811∗∗∗

(0.019) (1.394) (1.238) (0.020) (1.452) (1.298)
Learning cost −0.033 7.901 0.731

× observed 2013 (0.065) (5.113) (4.270)
Low probability of success −0.054∗∗∗ 1.716 −2.126∗ −0.039∗ 2.108 −1.132

(0.019) (1.382) (1.228) (0.020) (1.441) (1.288)
Low probability of success −0.147∗∗ −2.587 −9.862∗∗

× observed 2013 (0.065) (4.887) (4.176)
Low availability −0.014 −5.515∗∗∗ −3.419∗∗∗ −0.022 −5.013∗∗∗ −3.630∗∗∗

(0.019) (1.388) (1.229) (0.020) (1.452) (1.294)
Low availability 0.078 −4.363 1.560

× observed 2013 (0.066) (4.807) (4.205)
Intercept 0.463∗∗∗ 13.179∗∗∗ −3.032∗ 0.459∗∗∗ 13.550∗∗∗ −3.103∗

(0.025) (1.645) (1.565) (0.026) (1.688) (1.628)
Observations 2,111 578 2,111 2,111 578 2,111
Dependent variable mean 0.274 7.6 2.1 0.274 7.6 2.1

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of all workers on the first day they are observed during the experiment, whether they worked or not.
b Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed during the
experiment. Of the 578 workers, 68 were right-censored.
c Of the 2,111 observations, 1,533 were left-censored observations, 510 uncensored observations, and 68 right-censored observations.

A downside of Mechanical Turk is the lack of background information on

workers, including how long their tenure on Mechanical Turk is. We can, how-

ever, create measures for how long workers have been on Mechanical Turk,

based on prior experiments and the experiments here. Tables 3 and 4 show ex-

tensive and intensive margins results, controlling for whether we have observed

a worker before and when. Our earliest experiments on Mechanical Turk ran in

September 2010 and January 2011 (Toomim, Kriplean, Pörtner, and Landay,
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Table 4: Effects of Job Characteristics on Extensive and Intensive Margins for
Image Tagging Experiment Controlling for Experience on Mechanical Turk

Without Interactions With Interactions

Extensive Intensive Extensive Intensive
Worked = 1 HITs Performed Worked = 1 HITs Performed

LPM Censored LPM Censored
Sample Fulla Workedb Fullc Fulla Workedb Fullc

First observed June −0.204∗∗∗ −1.322 −9.166∗∗∗ −0.185∗ −8.887 −5.355
2013 or before (0.031) (1.992) (1.628) (0.102) (6.894) (5.454)

First observed −0.226∗∗∗ 2.390 −8.822∗∗∗ −0.250∗∗∗ −1.872 −6.107
March/April 2014 (0.024) (1.535) (1.220) (0.075) (4.594) (3.822)

Log wage 0.046∗∗∗ 2.807∗∗∗ 3.247∗∗∗ 0.042∗∗∗ 2.858∗∗∗ 3.039∗∗∗

(0.011) (0.515) (0.485) (0.011) (0.532) (0.511)
Log wage 0.038 −1.123 3.209

× observed 2013 (0.047) (3.415) (2.707)
Log wage 0.024 −2.146 1.736

× observed 2014 (0.036) (2.655) (1.986)
Disagreeableness −0.114∗∗∗ −3.468∗∗∗ −5.989∗∗∗ −0.114∗∗∗ −3.503∗∗∗ −5.758∗∗∗

(0.020) (0.987) (0.920) (0.022) (1.024) (0.976)
Disagreeableness −0.011 9.058 0.254

× observed 2013 (0.090) (6.293) (4.773)
Disagreeableness −0.007 −2.670 −4.557

× observed 2014 (0.069) (4.796) (3.645)
Learning cost −0.164∗∗∗ −0.943 −6.416∗∗∗ −0.167∗∗∗ −1.231∗ −6.246∗∗∗

(0.014) (0.681) (0.646) (0.016) (0.706) (0.683)
Learning cost 0.025 0.018 −2.173

× observed 2013 (0.064) (4.385) (3.363)
Learning cost 0.013 5.995∗ −1.750

× observed 2014 (0.048) (3.316) (2.520)
Low probability of success −0.077∗∗∗ −0.894 −3.258∗∗∗ −0.093∗∗∗ −1.078 −3.799∗∗∗

(0.014) (0.683) (0.642) (0.016) (0.710) (0.681)
Low probability of success 0.060 4.869 3.098

× observed 2013 (0.065) (4.178) (3.371)
Low probability of success 0.128∗∗∗ 0.361 5.790∗∗

× observed 2014 (0.048) (3.246) (2.487)
Intercept 0.653∗∗∗ 14.046∗∗∗ 5.625∗∗∗ 0.656∗∗∗ 14.336∗∗∗ 5.382∗∗∗

(0.022) (1.027) (0.996) (0.024) (1.057) (1.046)
Observations 4,311 1,605 4,311 4,311 1,605 4,311
Dependent variable mean 0.372 7.6 2.8 0.372 7.6 2.8

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of all workers on the first day they are observed during the experiment, whether they worked or not.
b Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed during the
experiment. Of the 1,605 workers who worked on the first day they were observed, 92 were right-censored observations.
c Of the 4,311 observations, 2,706 were left-censored observations, 1,513 uncensored observations, and 92 right-censored observations.

2011). Of the workers in those experiments, only 45 show up among work-

ers who looked at our letter writing experiment in March 2014, and only 55

show up at our image tagging experiment in November 2014. We therefore

combine these workers with workers we first observed at another experiment

that ran in June 2013 to form the dummy variable “First observed June 2013

or before”, which has a total of 205 workers in the letter writing experiment
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and 235 workers in the image tagging experiment. Finally, the letter writing

experiment ran in March 2014 and in April 2014 we had an initial run of the

image tagging experiment that was aborted within hours of starting because

of server load issues. A total of 439 workers in the image tagging experiment

where first observed in one of these two experiments. Hence, only about 10%

of the workers in the letter writing experiment and 15% of the workers in the

image tagging experiment were workers we had seen before.

In the letter writing experiment there is mostly little to no effect of ex-

perience. Without interactions there are no statistically significant effects of

experience on either of the outcomes. With interactions, only the effect of low

probability of success is statistically significant. More experienced workers re-

spond more strongly negatively to being told that there is a lower probability

of success than newer workers.

In the image tagging experiment, there are substantial and statistically sig-

nificant negative effects both on the likelihood of working and the number of

HITs completed using the “full” sample in the models without interactions.

Having visited one of our previous experiments is associated with a reduction

of more than 20 percentage points in the likelihood of working and a reduc-

tion of around 8 HITs for the intensive margin. Despite these effects there

is little change in the point estimates for the effect of wage or any of the job

disamenities. Including interactions between prior experience and job charac-

teristics and wage does little to change the overall picture. Most of the effects

of job disamenities are similar to the original effects. The one exception is

again probability of success, but here the more experienced workers are more

likely than newer workers if offered a low probability of success. A possible

explanation for the reversal of the effect of low probability of success could be

that workers who have previously seen a similar set-up learn that they are able

to successfully complete the job despite the posted probability.

In sum, there is little in these results to strongly support and reject either

of the two possible effects of experience. Part of the problem is lack of power,

especially in the letter writing experiment. There are few workers who we

observe across experiments, and the low number of returning workers makes it
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difficult to identify any effects of individual job characteristics. Probably the

strongest results are for the image tagging experiment without interactions,

which shows strong negative effects on labor supply of having more experience,

but even here there is little change compared to the results in Table 1. Hence,

selection at the labor market level over time does not appear to have a strong

effect on our main result that workers exhibit a strong willingness to pay for

job characteristics.

5.2 Selection Between Days

We next turn to the decision to revisit our job by following workers over time

using the multi-day part of the image tagging experiment. Over the six days the

image tagging experiment ran, we observed 7,954 worker-days, meaning that,

on average, we observed each worker slightly less than two times. Over the

entire image tagging experiment, a total of 218,030 images were tagged—equal

to 1,090,150 keywords—and the total amount paid to workers was $14,346.45.

Table 5: Previous Observed Job Characteristics’ Effects on Return Visits

Visit job posting given previous visit’s characteristicsa

2nd Visit 3rd Visit 4th Visit 5th Visit 6th Visit

Log wage 0.024∗∗ 0.033∗ 0.047∗ −0.037 0.073
(0.012) (0.019) (0.024) (0.030) (0.047)

Disagreeableness −0.047∗ −0.095∗∗ −0.062 −0.074 −0.004
(0.024) (0.038) (0.050) (0.064) (0.097)

Learning cost −0.030∗ −0.018 0.008 0.040 0.082
(0.016) (0.026) (0.035) (0.044) (0.069)

Low probability of success −0.031∗ −0.014 −0.000 0.010 −0.039
(0.016) (0.026) (0.034) (0.044) (0.068)

Low availability 0.004 −0.036 0.113 −0.012 0.017
(0.040) (0.056) (0.071) (0.094) (0.138)

Intercept 0.574∗∗∗ 0.731∗∗∗ 0.851∗∗∗ 0.784∗∗∗ 1.002∗∗∗

(0.026) (0.040) (0.052) (0.068) (0.105)

Observations 3,863 1,505 656 308 81
Mean of dependent variable 0.486 0.620 0.765 0.834 0.914

Notes. Linear probability model estimates. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; ***
sign. at 1%.
a Dependent variable takes the value 1 if we observe the worker looking at our offered job and 0 otherwise,
conditional on there being at least one day left in the experiment and independently of whether the worker worked
on either day. Example: If we first observe a worker looking at our job on Tuesday and that worker returns on
Thursday that would count as 1 for second day and the job characteristics exposed to would be those observed
Tuesday. If we do not observe the worker again the 3rd visit outcome would be zero and the job characteristics
would be Thursday’s. The worker would not show up in any of the subsequent visit variables (4th through 6th).

Table 5 shows the effects of last seen job characteristics on workers’ prob-
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ability of returning to look at the job again. We examine whether a worker

returns at all, instead of on a specific day, for two reasons. First, workers may

not return to Mechanical Turk on specific days because of factors other than

the job characteristics. Second, not everybody enter the experiment on the

same day. The dependent variable takes the value 1 if we observe the worker

looking at our job again and 0 otherwise, independently of whether any work

was done, but conditional on at least one day left in the experiment.28

Job characteristics strongly affect selection across days. Higher wage sig-

nificantly increases the likelihood of a worker visiting the job again for the 2nd

through 4th visits. Being exposed to less attractive conditions on the first visit

significantly reduces the likelihood of a worker returning a second day. The

negative effects of unattractive job characteristics remains for the third visit,

although only disagreeableness is statistically significant. The exception is,

again, the low availability condition. It may seem surprising that the effect of

learning cost is negative, which means that workers asked to do the test were

less likely to return. A possible reason is that the sample here is everybody

who looked at the job, rather than only those that worked. These effects of

job characteristics show up despite our preview page specifically stating “The

task and pay change each day, as we find and tune new tasks.”

With selection, job characteristics should have less and less of an impact

on the decision to revisit the higher the visit number. Sample sizes, however,

also become smaller and smaller, making it difficult to draw strong conclu-

sions. Disagreeableness, for example, show a negative effect on probability

of returning for all days—except for the 6th day visit—but the effects are

not statistically significant different from each other. Learning costs show the

clearest trend with the effect negative and statistically significant on returning

for a second day, and then a consistent positive trend. It is, however, never

statistically significant for any of the subsequent visits.

28 For example, if we observe a worker looking at our job for the first time on Tuesday
and that worker returns on Thursday that would count as 1 for second day and the last
seen job characteristics would be Tuesday’s. If we do not observe the worker again after the
Thursday visit, the 3rd visit outcome would be zero with Thursday’s job characteristics, and
the worker would not show up in any of the subsequent visits (4th through 6th).
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What is consistent with selection driving a diminishing effect of job char-

acteristics over visits is the increased probability of returning over time, as

shown by the mean of the dependent variable. Of the 3,863 workers who could

possibly return for a second visit less than half did. For the third visit the

return rate increases to over 60% and continues to increase for later visits.

For workers who showed up on the first day of the experiment and looked at

the experiment the first five days, more than 90% return to look at it on the

experiment’s last day.

5.3 Worker Fixed Effects Results

Table 6 shows fixed effects estimates for both extensive and intensive mar-

gin.29 These results provide us with an indication of how strongly fixed effects

estimates are affected by the selection over days. In the absence of substan-

tial selection we should find similar estimates for both labor supply and wage

differentials across the analyses using the first visit data and the longitudi-

nal data. Corresponding to our analysis of whether workers return to our

job, the selection over time shows up in the higher percentages of people who

work compared to the first day analysis. In the panel data, 42% of workers

work—up from 37% for the first day analysis—and the average number of HITs

performed per worker per day is almost twice as large as in the first day data.

For the extensive margin, three results stand out. First, the effects of wage

and the low availability condition are substantially stronger in the fixed effects

data than in the first day data. Second, there is a slight increase in the effect of

disagreeableness on labor supply, although the differences are not statistically

significant. Third, both learning costs and low probability of success matters

less in the fixed effects results than the first day results.

For the intensive margin, the “worked” sample results show a substantially

larger effect of wage for the fixed effects results than for the first day results.30

Similarly, the effects of disagreeableness, low probability of success, and low

29 Appendix Tables B.5 and B.6 show additional specifications.
30 Neither of the intensive margin estimates take into account censoring from below or

above.
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Table 6: Effects of Job Characteristics on Extensive and
Intensive Margins—Worker Fixed Effects

Extensive Intensive

Worked = 1 Number of HITs Performed
Linear Linear linear

Sample Full Workeda Full

Log wage 0.113∗∗∗ 7.365∗∗∗ 4.562∗∗∗

(0.009) (0.552) (0.259)
Disagreeableness −0.130∗∗∗ −6.487∗∗∗ −3.867∗∗∗

(0.018) (1.014) (0.529)
Learning cost −0.095∗∗∗ −0.192 −0.854∗∗

(0.012) (0.689) (0.359)
Low probability of success −0.056∗∗∗ −1.758∗∗ −1.099∗∗∗

(0.012) (0.704) (0.362)
Low availability −0.135∗∗∗ −13.025∗∗∗ −7.021∗∗∗

(0.027) (1.538) (0.789)

Observations 7,954 3,330 7,954
Number of workers 4,311 1,830 4,311
Mean of dependent variable 0.419 13.095 5.482

Note. Standard errors in parentheses; * significant at 10%; ** significant at 5%; ***
significant at 1%.
a This sample has a higher number of people than than the first day results because there
are 125 workers that did not work on the first day they visited the job, but did work on
a subsequent day. Hence, the first day number of observations for the intensive margin is
1,605, whereas it is 1,830 for the fixed effects estimations on intensive margin.

availability all have statistically significant negative effect. Although the point

estimates are larger in the fixed effects results than first day results, the effects

are smaller when considered as a ratio of the mean number of HITs performed.

For the “full” sample fixed effects model the results are consistent with the

extensive margin results. Wage and low availability both have substantially

stronger effects in the fixed effects estimation than the first day analysis, and

there are weaker, but still statistically significant effects of learning costs and

low probability of success. The main difference is the lower effect of disagree-

ableness, which the fixed effects estimate around 40% of the first day estimate.

The effects on labor supply are, however, only one part of the picture.

Table 7 shows the calculated wage differentials for the four job disamenities.

Two things stand out. First, the three job disamenities that had substantial

wage differentials using the randomized assignment of job disamenities and

pay, disagreeableness, learning costs, and low probability of success, all have

substantially smaller differentials based on the fixed effects results. Disagree-

ableness have the smallest difference and even then the wage differential based
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Table 7: Compensating Wage Differentials for Job Disamenities
Based on Estimated Fixed Effects Labor Supply Functions for the
Image Tagging Experiment

Extensive—LPM Intensive—“Worked” Intensive—“Full”

$ % $ % $ %

Disagreeableness 0.32 115 0.24 88 0.23 85
Learning cost 0.23 84 0.01 3 0.05 19
Low probability of success 0.14 50 0.07 24 0.07 24
Low availability 0.33 119 0.49 177 0.42 154

Note. All results are based on Table 6 for the image tagging experiment. See those tables for significance

levels. The necessary increase in wage to compensate for worse job disamenities, c, is − βc
βw

× w∆c, where

wage is evaluated at the mean offered wage, $0.275.

on panel data is less than half of what we found using randomization. Second,

low availability is the only factor that shows an increase over the first day

results.

These results are consistent with selection over time, where those workers

who return often, and who care less about job characteristics, show up more

frequently in the data and therefore drive the results. This reinforces the con-

clusion that what is important for self-selected workers may not be important

for the average worker. Finally, to the extent that the results here apply to

other labor markets, using panel data and worker fixed effects will only help

to some extent with establishing whether the compensating wage differentials

theory hold.

6 Conclusion

We ran two experiments on Mechanical Turk, randomly allocating different

wage and job characteristics to workers as they looked at our jobs. These

experiments allowed us to estimate labor supply functions, while avoiding the

self-selection problems that have plagued the prior literature. Our experi-

mental results show clearly that workers do trade off between wage and job

amenities. In line with our theoretical model, workers presented with less

attractive job characteristics, holding wage constant, supply significantly less

labor. This holds for the job’s disagreeableness, cost of learning, and probabil-
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ity of success. What is more, we find similar effects across both experiments

even though different groups of workers saw them.

The implied and estimated compensating wage differentials are substantial.

Getting the average worker to maintain the same probability of working from

the least disagreeable to the most disagreeable condition requires an increase

in wage of between 100 and 240% of the average offered wage. Having to take

a test before working (learning cost) requires an even larger increase—150 to

330%—while being made to accept a lower probability of success requires an

increase of between 75 and 160%. The intensive margin results are smaller,

but still very substantial.

These wage differentials are much larger than anything found in the prior

literature. There are two reasons for this. First, we estimate wage differentials

for the average worker instead of the marginal worker. Second, we do not have

the same selection problems as the prior literature. We observe all workers

that look at our job, whether or not they decide to work. Indeed, if we only

use information from those workers who work, we find mostly no effect of job

disamenities on labor supply or wages. The one case where a job disamenity

significantly affects labor supply for the self-selected sample, the estimated

wage differential is still about 1/3 less than when we control for self-selection

into working. We also show that, although using panel data to overcome the

self-selection problem is a theoretically appealing approach, the results are still

liable to bias from self-selection. In our case, we observe selection over days,

resulting in compensating wage differentials based on panel data that are half

or less of what we find using the first day experimental data.

An important question is the internal and external validity of our results.

Internal validity comes from our randomization of combinations of job dis-

amenities and pay across arriving workers and that we observe all arriving

workers to our jobs. This allows us to assign a causal interpretation to the

effects of pay and job disamenities on labor supply. All of our results are con-

ditional on workers looking at our jobs, and we, unfortunately, have no way

of knowing the proportion of workers who were on Mechanical Turk when we

offered the jobs but decided to not look at our job. We do, however, find
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little change in our results when we control for worker experience on Mechan-

ical Turk despite that the experience variable is based on substantial different

types of experiments. Our results are also consistent across our two experi-

ments. This consistency, even though there was little overlap in the workers,

provides additional evidence of internal validity of our results.

When it comes to external validity, Mechanical Turk is clearly not like “off-

line” labor markets. There are no explicit contracts, no set working hours, no

commuting, and clothing is entirely optional. We believe that our results have

external validity for three reasons, despite these differences. First, workers on

Mechanical Turk are people actively looking for work. The pay may not be

high, but according to emails that we received and comments on Mechanical

Turk workers’ discussion forums a large number of people rely on Mechanical

Turk as a substantial source of income. Second, surveys show a distribution

of worker characteristics that is similar to the general labor market. Finally,

advances in computational and communication technology are rapidly pushing

labor markets from the traditional form into a more flexible form, where there

are fewer permanent jobs and more people working as independent contractors.

A sign of the growing importance of freelancing, independent contracting, and

consulting work in the U.S. economy is a recent estimate that there are 17.7

million independent workers, making close to $1.2 trillion in total income in

2013, and these numbers are been increasing over time (MBO Partners, 2013).31

The main caveat to external validity is that Mechanical Turk has both many

workers and many employers. In other words, what we show is that workers

behave as predicted in a situation that is close to the standard neoclassical

model. What we cannot establish is the extent to which the results would be

different if there were only a limited number of employers.

Our results have important implications for policy. First and foremost,

standard estimates of compensating wage differentials substantially underes-

timate the value that workers assign to job characteristics. Even attempts to

overcome selection issues, such as using panel data, produce results that have

31 There is, however, substantial uncertainty about these numbers since the Bureau of
Labor Statistics does not directly count these types of employment.
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a substantial downward bias. Since estimated wage differentials are used to de-

sign policy, we risk assigning a too low value to changing an outcome, thereby

making it less likely that the policy will be implemented. One example is speed

limits. Presumably we care about the average person’s statistical value of life

rather than the marginal worker who self-select into a more risky job. To the

extent that our results are transferable to the statistical value of life literature,

the implication would be that we are placing a too low value on preventing

deaths from speeding.

Second, although there is substantial pessimism about the future of workers’

rights and ability to secure “fair” wages, our results indicate that with sufficient

number of workers and employers, workers are able to exercise choices on labor

supply. Even in a situation like Mechanical Turk, which may seem like the

quintessential “race to the bottom” labor market, we still observe workers

rejecting jobs because the pay is too low for the offered job disamenities. This

means that employers are still forced to trade off how fast they want their

job done versus any savings that might come from paying a lower salary, even

without policy intervention.

An interesting question for future research that arise from the policy dis-

cussion is whether workers from states with more restrictive labor laws and

higher minimum wages are more likely to be on Mechanical Turk and how

those policies affect their behavior. Another potential area of future research

is determinants of quality of work. We have, in the interest of space, ig-

nored potential differences in the quality of work, but an important question

is whether factors such as wage, likelihood of success, and testing employees

improve the quality of work provided. In other words, does the efficiency wage

theory hold? Finally, we have shown that workers trade off between wage and

job characteristics. This, however, only addresses the labor supply side. To

fully understand wage setting in labor markets we now need to better under-

stand employers’ decisions making process. Mechanical Turk lends itself well

to tackle questions like these and is a promising platform for doing research on

a whole host of important questions in labor economics, and, more generally,

in applied micro-economics.
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Toomim, M., T. Kriplean, C. C. Pörtner, and J. A. Landay (2011):

“Utility of Human-Computer Interactions: Toward a Science of Preference

Measurement,” in Proceedings of the 2011 annual conference on Human fac-

tors in computing systems, pp. 2275–2284. ACM.

Villanueva, E. (2007): “Estimating Compensating Wage Differentials Using

Voluntary Job Changes: Evidence from Germany,” Industrial and Labor

Relations Review, 60(4), 544–561.

Viscusi, W., and J. Aldy (2003): “The Value of a Statistical Life: A Critical

Review of Market Estimates Throughout the World,” Journal of Risk and

Uncertainty, 27(1), 5–76.

Viscusi, W. K. (1993): “The Value of Risks to Life and Health,” Journal of

Economic Literature, 31(4), 1912–1946.

Weiss, Y. (1986): “The determination of life cycle earnings: A survey,” vol. 1

of Handbook of Labor Economics, chap. 11, pp. 603 – 640. Elsevier.

Wu, C., and M. Hamada (2011): Experiments: Planning, Analysis, and

Optimization, Wiley Series in Probability and Statistics. Wiley.

40



Appendices for Online Publication

A Additional Figures

Figure A.1: Listing of jobs on Mechanical Turk
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Figure A.2: Image Tagging Experiment Page View

Figure A.3: Image Tagging Experiment—Training and Test
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Figure A.4: Image Tagging Experiment—Approval rate, pay, and availability

Figure A.5: Letter Writing Experiment—Agreeable vs Disagreeable

Figure A.6: Letter Writing Experiment—Cost of Learning
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Figure A.7: Letter Writing Experiment—Probability of Success and Constancy
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Figure A.8: Distribution of work done by experiment
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B Alternative Specifications

Table B.1: Effects of Job Characteristics on Extensive and Intensive
Margins for Image Tagging Experiment

Extensive Intensive

Worked = 1, not = 0 Number of HITs Performed
LPM Logit OLS Censored

Sample Fulla Fulla Workedb Workedc Fulld

Wage 0.233∗∗∗ 1.044∗∗∗ 11.936∗∗∗ 12.633∗∗∗ 15.117∗∗∗

(0.052) (0.232) (2.326) (2.458) (2.297)
Disagreeableness −0.115∗∗∗ −0.512∗∗∗ −3.914∗∗∗ −4.020∗∗∗ −6.179∗∗∗

(0.022) (0.097) (0.974) (1.029) (0.962)
Learning cost −0.162∗∗∗ −0.713∗∗∗ −0.578 −0.633 −6.155∗∗∗

(0.015) (0.066) (0.665) (0.703) (0.660)
Low probability of success −0.077∗∗∗ −0.343∗∗∗ −1.059 −1.101 −3.405∗∗∗

(0.015) (0.066) (0.656) (0.693) (0.654)
Low availability −0.016 −0.050 −2.525 −2.587 −1.705

(0.036) (0.160) (1.614) (1.705) (1.595)
Intercept 0.487∗∗∗ −0.041 6.740∗∗∗ 6.864∗∗∗ −4.376∗∗∗

(0.022) (0.098) (0.951) (1.004) (0.977)

Log wage 0.048∗∗∗ 0.220∗∗∗ 2.669∗∗∗ 2.820∗∗∗ 3.277∗∗∗

(0.011) (0.049) (0.487) (0.514) (0.484)
Disagreeableness −0.115∗∗∗ −0.514∗∗∗ −3.952∗∗∗ −4.058∗∗∗ −6.215∗∗∗

(0.022) (0.097) (0.973) (1.028) (0.961)
Learning cost −0.161∗∗∗ −0.711∗∗∗ −0.593 −0.649 −6.133∗∗∗

(0.015) (0.066) (0.664) (0.702) (0.660)
Low probability of success −0.077∗∗∗ −0.344∗∗∗ −1.050 −1.090 −3.413∗∗∗

(0.015) (0.066) (0.655) (0.693) (0.653)
Low availability −0.027 −0.100 −3.070∗ −3.162∗ −2.421

(0.036) (0.160) (1.610) (1.701) (1.593)
Intercept 0.623∗∗∗ 0.573∗∗∗ 13.983∗∗∗ 14.523∗∗∗ 4.651∗∗∗

(0.023) (0.104) (0.980) (1.036) (1.010)

Observations 4,311 4,311 1,605 1,605 4,311
Mean of dependent variable 0.372 0.372 7.6 7.6 2.8

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of all workers on the first day they are observed during the experiment, whether they worked or
not.
b Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed
during the experiment.
c Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed
during the experiment. Of the 1,605 workers who worked on the first day they were observed, 92 were right-censored
observations.
d Of the 4,311 observations, 2,706 were left-censored observations, 1,513 uncensored observations, and 92 right-
censored observations.
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Table B.2: Effects of Job Characteristics on Extensive and Intensive
Margins for Letter Writing Experiment

Extensive Intensive

Worked = 1, not = 0 Number of HITs Performed
LPM Logit OLS Censored

Sample Fulla Fulla Workedb Workedc Fulld

Wage 0.171∗∗∗ 0.889∗∗∗ 11.260∗∗∗ 13.390∗∗∗ 14.854∗∗∗

(0.033) (0.175) (2.292) (2.524) (2.186)
Disagreeableness −0.075∗∗∗ −0.388∗∗∗ 0.820 0.666 −3.751∗∗∗

(0.019) (0.100) (1.251) (1.376) (1.229)
Learning cost −0.110∗∗∗ −0.570∗∗∗ 0.046 0.428 −5.831∗∗∗

(0.019) (0.100) (1.257) (1.385) (1.234)
Low probability of success −0.054∗∗∗ −0.279∗∗∗ 1.451 1.637 −2.139∗

(0.019) (0.100) (1.246) (1.373) (1.224)
Low availability −0.014 −0.073 −7.749∗∗∗ −5.421∗∗∗ −3.416∗∗∗

(0.019) (0.100) (1.247) (1.378) (1.225)
Intercept 0.311∗∗∗ −0.830∗∗∗ 3.450∗ 2.177 −15.973∗∗∗

(0.029) (0.148) (1.907) (2.093) (1.942)

Log wage 0.073∗∗∗ 0.400∗∗∗ 4.186∗∗∗ 4.962∗∗∗ 6.175∗∗∗

(0.014) (0.076) (0.981) (1.074) (0.934)
Disagreeableness −0.074∗∗∗ −0.385∗∗∗ 0.827 0.673 −3.717∗∗∗

(0.019) (0.100) (1.257) (1.384) (1.232)
Learning cost −0.110∗∗∗ −0.567∗∗∗ 0.116 0.502 −5.789∗∗∗

(0.019) (0.100) (1.263) (1.393) (1.237)
Low probability of success −0.054∗∗∗ −0.277∗∗∗ 1.440 1.628 −2.127∗

(0.019) (0.100) (1.253) (1.380) (1.228)
Low availability −0.014 −0.072 −7.728∗∗∗ −5.406∗∗∗ −3.415∗∗∗

(0.019) (0.100) (1.253) (1.386) (1.228)
Intercept 0.462∗∗∗ −0.030 12.949∗∗∗ 13.466∗∗∗ −3.012∗

(0.025) (0.124) (1.478) (1.623) (1.547)

Observations 2,111 2,111 578 578 2,111
Mean of dependent variable 0.274 0.274 7.6 7.6 2.1

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of all workers on the first day they are observed during the experiment, whether they worked or
not.
b Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed
during the experiment.
c Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed
during the experiment. Of the 578 workers, 68 were right-censored.
d Of the 2,111 observations, 1,533 were left-censored observations, 510 uncensored observations, and 68 right-
censored observations.
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Table B.3: Effects of Job Characteristics on Extensive and Intensive
Margins for Image Tagging Experiment Excluding All Workers Assigned
to Low Availability Condition

Extensive Intensive

Worked = 1, not = 0 Number of HITs Performed
LPM Logit OLS Censored

Sample Fulla Fulla Workedb Workedc Fulld

Wage 0.233∗∗∗ 1.044∗∗∗ 11.936∗∗∗ 12.637∗∗∗ 15.143∗∗∗

(0.052) (0.232) (2.332) (2.466) (2.304)
Disagreeableness −0.115∗∗∗ −0.512∗∗∗ −3.914∗∗∗ −4.021∗∗∗ −6.190∗∗∗

(0.022) (0.097) (0.976) (1.032) (0.965)
Learning cost −0.162∗∗∗ −0.713∗∗∗ −0.578 −0.634 −6.170∗∗∗

(0.015) (0.066) (0.667) (0.705) (0.663)
Low probability of success −0.077∗∗∗ −0.343∗∗∗ −1.059 −1.101 −3.412∗∗∗

(0.015) (0.066) (0.658) (0.695) (0.656)
Intercept 0.487∗∗∗ −0.041 6.740∗∗∗ 6.865∗∗∗ −4.404∗∗∗

(0.022) (0.098) (0.953) (1.007) (0.981)

Log wage 0.048∗∗∗ 0.220∗∗∗ 2.669∗∗∗ 2.821∗∗∗ 3.283∗∗∗

(0.011) (0.049) (0.488) (0.516) (0.485)
Disagreeableness −0.115∗∗∗ −0.514∗∗∗ −3.952∗∗∗ −4.059∗∗∗ −6.227∗∗∗

(0.022) (0.097) (0.975) (1.031) (0.964)
Learning cost −0.161∗∗∗ −0.711∗∗∗ −0.593 −0.649 −6.149∗∗∗

(0.015) (0.066) (0.666) (0.704) (0.662)
Low probability of success −0.077∗∗∗ −0.344∗∗∗ −1.050 −1.091 −3.420∗∗∗

(0.015) (0.066) (0.657) (0.695) (0.655)
Intercept 0.623∗∗∗ 0.573∗∗∗ 13.983∗∗∗ 14.525∗∗∗ 4.638∗∗∗

(0.023) (0.104) (0.982) (1.039) (1.013)

Observations 4,096 4,096 1,526 1,526 4,096
Mean of dependent variable 0.373 0.373 7.61 7.61 2.84

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of all workers on the first day they are observed during the experiment, whether they worked or
not.
b Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed
during the experiment.
c Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed
during the experiment. Of the 1,526 workers who worked on the first day they were observed, 88 were right-censored
observations.
d Of the 4,096 observations, 2,570 were left-censored observations, 1,438 uncensored observations, and 88 right-
censored observations.
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Table B.4: Compensating Wage Differentials for Job Disamenities
Based on Estimated Labor Supply Functions

Image Tagginga Letter Writingb

Wage Log(Wage) Wage Log(Wage)

$ % $ % $ % $ %

Extensive — LPM
Disagreeableness 0.49 179 0.66 240 0.44 78 0.56 101
Learning cost 0.70 258 0.92 335 0.64 117 0.83 151
Low probability of success 0.33 120 0.44 160 0.32 57 0.41 74
Low availability 0.07 25 0.15 56 0.08 15 0.11 19

Extensive — Logit
Disagreeableness 0.49 178 0.64 234 0.44 79 0.53 96
Learning cost 0.68 248 0.88 323 0.65 117 0.78 142
Low probability of success 0.33 119 0.43 156 0.31 57 0.38 69
Low availability 0.05 17 0.13 45 0.08 15 0.10 18

Intensive — “Worked”
Disagreeableness 0.33 119 0.41 148 −0.07 −13 −0.11 −20
Learning cost 0.05 18 0.06 22 −0.00 −1 −0.02 −3
Low probability of success 0.09 32 0.11 39 −0.13 −23 −0.19 −34
Low availability 0.21 77 0.32 115 0.69 125 1.02 185

Intensive — “Full”
Disagreeableness 0.41 149 0.52 190 0.25 46 0.33 60
Learning cost 0.41 148 0.51 187 0.39 71 0.52 94
Low probability of success 0.23 82 0.29 104 0.14 26 0.19 34
Low availability 0.11 41 0.20 74 0.23 42 0.30 55

Note. All results are based on Table B.1 for the image tagging experiment and Table B.2 for the letter
writing experiment. See those tables for significance levels. For specifications with linear wage the necessary

increase in wage to compensate for worse job disamenities is − βc
βw

×∆c, whereas for specifications with log

wage it is − βc
βw

× w∆c, where wage is evaluated at the mean offered wage.
a Evaluated at the mean offered wage, $0.275, if required.
b Evaluated at the mean offered wage, $0.55, if required.
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Table B.5: Effects of Job Characteristics on Extensive and Inten-
sive
Margins—Worker Fixed Effects

Extensive Intensive

Worked = 1, not = 0 Number of HITs Performed
Linear Logit Linear linear

Sample Fulla Fullb Workedc Full

Wage 0.567∗∗∗ 4.620∗∗∗ 33.828∗∗∗ 23.115∗∗∗

(0.043) (0.379) (2.506) (1.252)
Disagreeableness −0.131∗∗∗ −1.023∗∗∗ −6.486∗∗∗ −3.894∗∗∗

(0.018) (0.151) (1.012) (0.527)
Learning cost −0.095∗∗∗ −0.750∗∗∗ −0.196 −0.846∗∗

(0.012) (0.102) (0.688) (0.357)
Low probability of success −0.056∗∗∗ −0.441∗∗∗ −1.747∗∗ −1.096∗∗∗

(0.012) (0.102) (0.703) (0.360)
Low availability −0.109∗∗∗ −0.880∗∗∗ −11.586∗∗∗ −5.934∗∗∗

(0.027) (0.209) (1.543) (0.787)

Log wage 0.113∗∗∗ 0.885∗∗∗ 7.365∗∗∗ 4.562∗∗∗

(0.009) (0.076) (0.552) (0.259)
Disagreeableness −0.130∗∗∗ −1.002∗∗∗ −6.487∗∗∗ −3.867∗∗∗

(0.018) (0.150) (1.014) (0.529)
Learning cost −0.095∗∗∗ −0.758∗∗∗ −0.192 −0.854∗∗

(0.012) (0.102) (0.689) (0.359)
Low probability of success −0.056∗∗∗ −0.433∗∗∗ −1.758∗∗ −1.099∗∗∗

(0.012) (0.102) (0.704) (0.362)
Low availability −0.135∗∗∗ −1.062∗∗∗ −13.025∗∗∗ −7.021∗∗∗

(0.027) (0.209) (1.538) (0.789)

Observations 7,954 2,357 3,330 7,954
Number of workers 4,311 719 1,830 4,311
Mean of dependent variable 0.419 0.542 13.095 5.482

Note. Standard errors in parentheses; * significant at 10%; ** significant at 5%; *** significant at 1%.
c This sample has a higher number of people than than the first day results because there are 125 workers
that did not work on the first day they visited the job, but did work on a subsequent day. Hence, the
first day number of observations for the intensive margin is 1,605, whereas it is 1,830 for the fixed effects
estimations on intensive margin.
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Table B.6: Compensating Wage Differentials
for Job Disamenities Based on Estimated
Fixed Effects Labor Supply Functions

Image Tagginga

Wage Log(Wage)

$ % $ %

Extensive — LPM
Disagreeableness 0.23 84 0.32 115
Learning cost 0.17 60 0.23 84
Low probability of success 0.10 36 0.14 50
Low availability 0.19 70 0.33 119

Extensive — Logit
Disagreeableness 0.22 81 0.31 113
Learning cost 0.16 59 0.24 86
Low probability of success 0.10 35 0.13 49
Low availability 0.19 69 0.33 120

Intensive — “Worked”
Disagreeableness 0.19 70 0.24 88
Learning cost 0.01 2 0.01 3
Low probability of success 0.05 19 0.07 24
Low availability 0.34 125 0.49 177

Intensive — “Full”
Disagreeableness 0.17 61 0.23 85
Learning cost 0.04 13 0.05 19
Low probability of success 0.05 17 0.07 24
Low availability 0.26 94 0.42 154

Note. All results are based on Table 6 for the image tagging experi-
ment. See those tables for significance levels. For specifications with
linear wage the necessary increase in wage to compensate for worse job

disamenities is − βc
βw

× ∆c, whereas for specifications with log wage it

is − βc
βw

× w∆c, where wage is evaluated at the mean offered wage.
a Evaluated at the mean offered wage, $0.275, if required.
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C Direct Estimation of Compensating Wages

An alternative method to infer compensating wages is regressing job character-

istics against observed wages. Although this appears similar to the standard

approach to estimating compensating wage differentials, there are important

differences. First, we assign wages randomly to workers, so in that sense the

wages are exogenous. From the worker’s perspective, however, it is a choice

whether to accept the wage or not and that makes observed wages for those

who work endogenous. For all workers who decided not to work we treat their

observed wage as missing, just like it would be in a regular labor market data.

Second, in “normal” labor market data we should observe only one wage

per job disamenities combination: that of the marginal worker and firm.32

Our setup is clearly different. The workers were unaware that other wages

were available for their specific combination of job disamenities, and we offered

the same wage distribution across all combinations of job disamenities. The

wages that we observe are therefore not market clearing wages in the standard

sense. We can, however, still use the observed wages to calculate how much

the average workers value avoiding job disamenities and show how selection

affects this estimate.

Using workers who completed at least one HIT on their first visit to an

experiment, we first estimate

wi = α + ciβ1 + εi. (14)

In the presence of self-selection, using only workers who work should yield

estimates of job characteristics’ effects on wage that are smaller and less sta-

tistically significant than the true effects for the entire population of workers.

The self-selection problem arises because we do not know workers’ reser-

32 If a higher wage was available somewhere else for the same combination of job dis-
amenities all workers would move to that company instead. Similarly, if workers could be
hired at a cheaper wage, companies would offer a lower wage. These pressures lead to only
one observed wage per job disamenities combination.
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vation wages. We know only that workers who work have reservation wages

below or equal to their observed wages and that workers who choose not to

work have reservation wages that are higher than the offered wage. To model

the self-selection we estimate the effects of job characteristics on wage using a

Heckman two-step selection model.33 We present two versions. The first relies

solely on functional form to identify the effects of job characteristics on wage,

which is equivalent to prior research that had either no or weak exclusion

restrictions. The second relies on the experiments’ randomization of wages.

The randomization ensures that the wage offered to a worker is orthogonal to

worker characteristics and preferences. Hence, the offered wage can serve as

an exclusion restriction when estimating the first step in the Heckman model.

Table C.7: Effects of Job Characteristics on Wage for Image Tagging Experiment

Pay per HIT ($) Log of Pay per HIT ($)

OLS Heckman OLS Heckman

Sample Workeda Fullb Workeda Fullb

Disagreeableness 0.006 −0.031 0.480∗∗ 0.042 0.028 2.195∗∗

(0.010) (0.122) (0.201) (0.050) (0.582) (0.916)
Learning cost −0.000 −0.053 0.680∗∗∗ 0.005 −0.014 3.102∗∗∗

(0.007) (0.171) (0.234) (0.034) (0.821) (1.064)
Low probability of success −0.002 −0.027 0.323∗∗ −0.014 −0.023 1.465∗∗

(0.007) (0.081) (0.136) (0.034) (0.388) (0.620)
Low availability −0.034∗∗ −0.039 0.031 0.051 0.049 0.350

(0.017) (0.025) (0.220) (0.083) (0.108) (1.000)
Intercept 0.284∗∗∗ 0.164 1.833∗∗∗ −1.442∗∗∗ −1.486 5.604∗∗

(0.007) (0.390) (0.501) (0.035) (1.872) (2.280)
Identification Modelc Waged Modelc Waged

Inverse Mill’s ratio 0.173 −2.239∗∗∗ 0.063 −10.185∗∗∗

(0.562) (0.709) (2.694) (3.226)
Observations 1,605 4,311 4,311 1,605 4,311 4,311

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed during the
experiment.
b Sample consists of all workers on the first day they are observed during the experiment, whether they worked or not.
c Two-step Heckman model where identification comes from non-linearity of first stage, which predicts whether a worker performs
at least one HIT.
d Two-step Heckman model where identification comes from offered wage, i.e. offered wage is included as additional regression in
the first stage that predicts whether a worker performs at least one HIT.

An alternative way to establish the cost of job disamenities is to regress job

characteristics on wages. Tables C.7 and C.8 show estimated effects of job char-

acteristics on wage and log wage for the image tagging and the letter writing

33 For examples of Heckman model estimate of compensating wage differentials, see
Kostiuk (1990) and Moretti (2000).
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Table C.8: Effects of Job Characteristics on Wage for Letter Writing Experiment

Pay per HIT ($) Log of Pay per HIT ($)

OLS Heckman OLS Heckman

Sample Workeda Fullb Workeda Fullb

Disagreeableness 0.002 0.180 0.427∗∗ 0.003 0.585 0.959∗∗

(0.023) (0.969) (0.195) (0.054) (3.157) (0.438)
Learning cost −0.009 0.263 0.634∗∗∗ −0.040 0.846 1.404∗∗∗

(0.023) (1.473) (0.237) (0.054) (4.802) (0.533)
Low probability of success −0.019 0.111 0.306∗ −0.049 0.375 0.680∗

(0.023) (0.709) (0.179) (0.053) (2.312) (0.402)
Low availability 0.021 0.054 0.084 0.051 0.159 0.194

(0.023) (0.192) (0.157) (0.053) (0.625) (0.352)
Intercept 0.599∗∗∗ 1.596 2.938∗∗∗ −0.657∗∗∗ 2.593 4.596∗∗∗

(0.024) (5.385) (0.677) (0.057) (17.554) (1.521)
Identification Modelc Waged Modelc Waged

Inverse Mill’s ratio −1.068 −2.540∗∗∗ −3.481 −5.704∗∗∗

(5.769) (0.706) (18.806) (1.586)
Observations 578 2,111 2,111 578 2,111 2,111

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at 1%.
a Sample consists of workers who worked, i.e. completed at least one HIT, on the first day the worker was observed during the
experiment.
b Sample consists of all workers on the first day they are observed during the experiment, whether they worked or not.
c Two-step Heckman model where identification comes from non-linearity of first stage, which predicts whether a worker performs
at least one HIT.
d Two-step Heckman model where identification comes from offered wage, i.e. offered wage is included as additional regression in
the first stage that predicts whether a worker performs at least one HIT.

experiments. We first estimate effects of job characteristics on observed wage

per HIT for workers who completed one or more HITs. Consistent with the

prior literature and our labor supply results, the effects of job characteristics

on observed pay are small and not statistically significant for both experiment.

The one statistically significant effect is low availability for the image tagging

experiment and that effect is negative rather than the expected positive.

Second, we show results for Heckman selection models where there is no

identifying variables, i.e. identification is solely through the non-linearity of

the first stage. For the image tagging experiment the estimated effects of job

characteristics on wage generally become more negative, while the estimates for

the letter writing experiment all become positive. For neither experiment do

any of the job characteristics have a statistically significant effect on observed

wage. Furthermore, identifying off the non-linearity in the model works poorly.

The inverse Mill’s ratio is small and far from being statistically significant for

both experiments.

The final results in Tables C.7 and C.8 are for Heckman selection mod-
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els, where the model is identified through the randomly offered wage. With

the exception of low availability, all characteristics now have substantial and

statistically significant positive effects on wage. In the image tagging experi-

ment, going from zero to five disagreeable pictures per HIT increases the wage

per HIT by almost 50 cents, or a 220% increase if using log of wage as the

dependent variable, which at the average offered wage is equal to 90 cents.

Similarly, disagreeableness in the letter writing experiment increases the wage

by just over 40 cents, or 96% from the log specification, which at the average

offered wage is equal to 1.1 dollars. The additional pay required if we asked

the workers to take a test before they could work is 68 cent for the image tag-

ging experiment and 63 cent for the letter writing experiment or 310 and 140%

higher using log of wage as the outcome. Finally, having a lower probability

of success requires 32 cent for the image tagging experiment and 31 cent for

the letter writing experiment. In percent the corresponding numbers are 150%

and 70%. Lowering availability does not have a statistically significant impact

on wages.

Comparing the compensated differentials between the labor supply results

and the wage estimations show that the wage estimations are closest to the ex-

tensive margin results. All wage estimations results are only a few cents below

the extensive margin results and the percentage changes are close as well. Fur-

thermore, disagreeableness is not statistically significant in the standard wage

results for image tagging experiment, although it had a statistically significant

effect on intensive margin labor supply even without controlling for selection.

This suggests that what we capture using the “standard” way of estimating

compensating wage differentials tell us more about the extensive margin than

what happens at the intensive margin.

Finally, we estimate the effects of job characteristics on observed wages and

the effects of job characteristics and wage on effort supplied using fixed effects

models. For workers who perform at least one HIT we estimate

wit = α + citβ1 + µi + εit ifHit > 0.

54



Table C.9: Effects of Job Characteristics on
Observed Wage Worker Fixed Effects Re-
sults

Observed Wage if Working
Wage Log wage

Disagreeableness 0.000 0.001
(0.010) (0.047)

Learning cost 0.000 0.001
(0.007) (0.032)

Low probability of success −0.006 −0.026
(0.007) (0.033)

Low availability −0.063∗∗∗ −0.096
(0.016) (0.072)

Observations 3,330 3,330
Number of workers 1,830 1,830

Note. Standard errors in parentheses; * significant at 10%; ** sig-
nificant at 5%; *** significant at 1%. Sample consists of all workers
on the days that they have worked, i.e. done one or more HITs, on
the image tagging experiment.

Table C.9 shows the results and the main conclusion is that, if we use only

observed wages over time, the fixed effects results show very small effects of job

characteristics on wage. The results are in line with what we found using the

first day of the experiment, confirming that selection is difficult to overcome,

even with fixed effects.
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D Selection through Survey Response

After the conclusion of the image experiment, we sent a survey to all work-

ers who came in contact with that experiment, whether they worked or not.

The main purpose was to obtain workers’ feedback on the job. In addition,

the survey asked basic demographic information, employment status, annual

household income, and where the worker was when looking at our job. For

most questions we allowed a “Prefer not to answer” option. We solicited sur-

vey participation through emails sent using Mechanical Turk’s system. We

paid between $0.50 and $2.00 per survey, with $2.00 the maximum offered

payment if a worker did not respond to the initial email. A downside of using

Mechanical Turk’s system is that some emails probably ended up in workers’

spam folders. Despite this we achieved a 47% response rate (2,021 workers

responded). The problem with a survey like this is that response is clearly not

random. For example, workers who worked were slightly more likely to fill out

the survey. Of the workers who never did any HITs 45.7% responded (1,133

workers), while 48.5% of workers who completed one of more HITs over the

six days responded (888 workers).

Tables D.10 and D.11 reproduce the main tables using only first day data

from survey participants. In each table the top panel shows results with only

the experimental conditions as explanatory variables, while the bottom panel

includes worker characteristics as additional variables.34 Two patterns stand

out. First, workers who responded to the survey care more about pay and less

about job characteristics. The effects of wage on the probability of working are

larger than in the main results and the effects of disagreeableness, learning cost,

and low probability of success are all smaller for the survey sample than the

full sample. Lower statistically significance could be explained by the smaller

sample size, but the differences in point estimates must come from differences

in the workers. Second, there is very little difference in results whether or

not we control for worker characteristics. These results may not be surprising

given that we are paying workers to fill out the survey, and those workers

34 In the interest of space we do not present the effects of worker characteristics. The
results are available upon request.
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Table D.10: Effects of Job Characteristics and Log of
Wage on Extensive and Intensive Margins for Image
Tagging Experiment using Survey Respondents

Extensive Intensive
Worked = 1 Number of HITs Performed

LPM Censored
Sample Fulla Workedc Fulld

Log wage 0.066∗∗∗ 3.402∗∗∗ 4.506∗∗∗

(0.016) (0.836) (0.796)
Disagreeableness −0.092∗∗∗ −4.137∗∗ −5.788∗∗∗

(0.032) (1.620) (1.547)
Learning cost −0.140∗∗∗ −0.623 −5.871∗∗∗

(0.022) (1.110) (1.061)
Low probability of success −0.055∗∗ −0.850 −2.642∗∗

(0.022) (1.096) (1.054)
Low availability 0.044 −2.625 0.357

(0.056) (2.656) (2.610)
Intercept 0.624∗∗∗ 16.357∗∗∗ 5.309∗∗∗

(0.035) (1.670) (1.648)
Worker characteristics No No No

Log wage 0.065∗∗∗ 3.267∗∗∗ 4.632∗∗∗

(0.016) (0.829) (0.792)
Disagreeableness −0.096∗∗∗ −3.542∗∗ −5.608∗∗∗

(0.032) (1.611) (1.527)
Learning cost −0.136∗∗∗ −0.881 −5.861∗∗∗

(0.022) (1.082) (1.047)
Low probability of success −0.062∗∗∗ −0.544 −2.948∗∗∗

(0.022) (1.087) (1.044)
Low availability 0.025 −2.468 −0.696

(0.057) (2.632) (2.603)
Intercept 1.000∗∗∗ 30.316∗∗ 22.375∗

(0.298) (12.035) (12.956)
Worker Characteristics Yes Yes Yes

Observations 2,007 769 2,007

Notes. Standard errors in parentheses; * sign. at 10%; ** sign. at 5%; *** sign. at
1%. Other variables not shown include dummies for sex, age groups, state of residence,
income groups, education groups, employment status, and where the worker normally
is when working on Mechanical Turk. All samples are conditional on responding to
the survey.
a Sample consists of all workers on the first day they are observed during the experi-
ment, whether they worked or not.
b Sample consists of workers who worked, i.e. completed at least one HIT, on the first
day the worker was observed during the experiment.
c Sample consists of workers who worked, i.e. completed at least one HIT, on the first
day the worker was observed during the experiment. Of the 769 workers who worked
on the first day they were observed, 54 were right-censored observations.
d Of the 2,007 observations, 1,238 were left-censored observations, 715 uncensored
observations, and 54 right-censored observations.
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who respond to that incentives are almost by definition likely to care more

about money. It does, however, underscore that we should treat survey using

Mechanical Turk or other experimental platforms with a substantial amount

of skepticism, unless adequate controls for selection are incorporated.

Table D.11: Compensating Wage
Differentials for Job Disamenities
Based on Estimated Labor Sup-
ply Functions for Survey Partic-
ipants Only on Image Tagging
Experiment

$ %

Extensive — LPM
Disagreeableness 0.41 148
Learning cost 0.58 209
Low probability of success 0.26 95
Low availability −0.11 −38

Intensive — “Worked”
Disagreeableness 0.30 109
Learning cost 0.08 28
Low probability of success 0.05 20
Low availability 0.21 77

Intensive — “Full”
Disagreeableness 0.33 121
Learning cost 0.35 127
Low probability of success 0.18 64
Low availability 0.04 15

Note. All results are based on Table D.10 using re-
sults controlling for worker characteristics. See those
tables for significance levels. The necessary increase
in wage to compensate for worse job disamenities, c,

is − βc
βw

×w∆c, where wage is evaluated at the mean

offered wage, $0.275.

Table D.11 show the calculated wage differentials for the four job disameni-

ties. For those job disamenities that have statistically significant effects on la-

bor supply workers in the survey sample require 40 to 50% less increase in pay

to accept the worse job disamenities than what we found in the full sample.

This reinforces that self-selection, whether from choosing to work or a given

job or not or from answering surveys, can substantially affect the estimates

for how much compensation is required to entice people to accept worse job

disamenities.
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