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Abstract

ABSTRACT: We develop theory and a tightly-linked field experiment to explore the supply
side implications of corporate social responsibility (CSR). Our natural field experiment,
in which we created our own firm and hired actual workers, generates a rich data set on
worker behavior and responses to both pecuniary and CSR incentives. Making use of a novel
identification framework, we use these data to estimate a structural principal-agent model.
This approach permits us to compare and contrast treatment and selection effects of both
CSR and financial incentives. Using data from more than 1100 job seekers, we find strong
evidence that when a firm advertises work as socially-oriented, it attracts employees who are
more productive, produce higher quality work, and have more highly valued leisure time. In
terms of enhancing the labor pool, for example, CSR increases the number of applicants by
25 percent, an impact comparable to the effect of a 36 percent increase in wages. We also find
an economically important complementarity between CSR and wage offers, highlighting the
import of using both to hire and motivate workers. Beyond lending insights into the supply
side of CSR, our research design serves as a framework for causal inference on other forms of
non-pecuniary incentives and amenities in the workplace, or any other domain more generally.
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1 Introduction

Historians commonly mark the Industrial Revolution as a major economic turning point: in-
comes and population began to grow more rapidly, and living standards began to consistently
climb for the first time in history. The Industrial Revolution also began a landmark change in
social responsibility of business organizations. Whereas many scholars argue that corporate so-
cial responsibility (CSR) has its roots in the 1950s, the framework began to emerge in the 19th
century. As Wren (2005) points out, with the new factory system in Great Britain came social
unrest due to concerns surrounding poverty, slums, and child labor. Businesses soon responded
with the industrial welfare movement, which included introduction of many worker perks (see
pp- 269-270, Wren (2005)). Whether such actions were profit motivated, socially motivated, or a
mixture remains debated in the literature.

Among scientists, the virtues of CSR have been debated at least since Friedman (1970) fa-
mously described CSR as a “fundamentally subversive doctrine,” and declared that the only
social responsibility of a firm is to maximize its profits while avoiding deception or fraud. Nev-
ertheless, today CSR is a common business practice, as most large firms have entire branches
dedicated to ensuring socially responsible practices and/or planning and executing charitable
activities. Indeed, hundreds of millions of dollars annually are budgeted on such programs. One
economic explanation for the prevalence of CSR is that making the world a better place is not
necessarily at odds with profit maximization. For instance, proponents have argued that CSR
investments actually increase profits. There is, however, no consensus in the empirical literature
on whether investments in CSR have a positive effect on the firm’s bottom line. While some
studies report a positive effect (Waddock and Graves (1997)), others find mixed, negative, or no
effects (Barnett and Salomon (2012); Godfrey et al. (2009); Servaes and Tamayo (2013)).

A possible reason for these mixed findings is that with few exceptions, empirical studies of
CSR tend to focus primarily on the demand side of the market (Du et al. (2011); Elfenbein et al.
(2012); McDonnell and King (2013); Servaes and Tamayo (2013)). The demand side explanation
posits that firms use CSR as a marketing tool to signal ethical standards to consumers who value
them. While plausible, such efforts ignore the effect of CSR on the supply side of the market,
or its impact on employee behavior. For example, one conjecture is that CSR provides non-
pecuniary incentives to (i) advantageously select workers to seek employment at the firm, and
once employed CSR can (ii) induce higher productivity, work quality, and/or job satisfaction
among employees. Some recent studies investigate supply side effects of CSR, but these tend to
focus on employee retention or wage requirements (see Carnahan et al. (2015); Burbano (2016)).

We take this literature in a new direction by using a natural field experiment that is tightly
linked to a structural model to identify how important features of a firm’s production process
interact with its CSR activities. The central premise is that workers potentially respond to vari-
ation in CSR, allowing us to estimate important behavioral parameters of the model. A firm’s
existing workers are willing to supply labor, produce high-quality output, in part, due to their
social preferences. We refer to this as the treatment effect of CSR. Yet, heterogeneous preferences
for CSR also cause workers to vary by their propensity to select into different jobs. A worker
who prefers to work for a CSR firm will be more likely to accept a given wage offer within this
tirm than with a non-CSR firm offering the same wage. Thus, CSR may shape the composition
of the firm’s worker pool, which we refer to as the selection effect. Our natural field experiment
allows us to separate such treatment and selection effects of CSR.

We begin the analysis by presenting a structural model that provides direction into the exoge-
nous variation necessary to quantify unobservable worker characteristics, such as productivity,



worker quality, and time preferences. Our model and experimental design draw upon a novel
identification framework proposed by D’'Haultfoeuille and Février (2015) and Torgovitsky (2015)
(henceforth, DFT15). The identification argument for time preferences consists of using exoge-
nous wage variation to derive an empirical mapping between observable hours worked and
underlying agent types. This mapping allows the researcher to reverse-engineer the worker cost
function and the distribution of labor supply costs.

We build upon this framework in several important ways. For instance, while DFT15 require
exclusion restrictions that imply no selective worker entry across exogenously varying wage
contracts, our experimental design allows us to relax this constraint by expansion of the ob-
servable set. Through use of a two-stage randomization during the hiring process, we are able
to allow for selection on worker unobservables across wage contracts, while using observed
variation in application rates to adjust for this selective entry, ex post. Importantly, allowing for
selection on wage contracts expands the empirical analysis in economically interesting ways. We
view this advance as a general methodological contribution, highlighting that field experimen-
tal variation can both relax identification assumptions and broaden empirical insights gained on
economically relevant questions.

To provide the necessary experimental control and variation to estimate the model, we started
our own consultancy firm, HHL Solutions, LLC and used it as a vehicle for conducting the field
experiment. The stated mission of the firm is to provide data collection services for various
clients. Every aspect of the firm’s origination and organization is authentic. By starting our own
firm, we are not only able to expose subjects to controlled variation in wages and information
about the firm’s investments in CSR, but we also control the hiring process and the work envi-
ronment. Since our subjects are recruited from an actual marketplace at wage rates common to
adult semi-skilled labor ($11/hr to $15/hr), we avoid sample selection problems that can occur
when subjects are recruited from a very specific population (Levitt and List 2007).!

Our field experiment consists of randomized treatments administered in two stages: (1) a
hiring stage and (2) a real effort work task stage. Both stages generate data on worker behavior
when faced with different wage contracts and non-pecuniary incentives in the form of informa-
tion about the firm’s investments in CSR. The field experiment is tightly linked to the theoret-
ical model to ensure that we are able to generate the appropriate instruments and variation in
observables to permit parameters of interest to be accurately estimated with minimal a priori
assumptions on the data-generating process.

In the hiring stage of the experiment, we recruit subjects via online advertisements placed on
marketplaces for jobs in 12 cities throughout the US. We randomly vary the offered wage rate
and how much information is revealed about our firm’s involvement in CSR. Application rates
in each treatment group are the first outcome variable. This allows us to investigate and com-
pare how pecuniary incentives (different wage rates) and non-pecuniary incentives (information
about CSR) affect the probability that a given individual signals acceptance of the firm’s offer by
applying for the job. Beyond that, the hiring stage serves an additional critical role: it provides
an instrument for structural identification of labor supply costs and selection effects.

In the second stage of the experiment, subjects who are hired proceed to conduct real data
entry work through a custom-designed, web-based task system. In order for employees to work
they must log into our website, which then continuously records data in the background about
clicks, timing, and pay in a non-invasive way. This provides us with detailed information about

!According to market research firm Payscale.com, at the time the field experiment was executed our wage
offers of $11/hr and $15/hr corresponded to the interquartile range for data entry operators in the US. See
http:www.payscale.comresearchUSJob=Data Entry_OperatorHourly Rate (accessed on April 14, 2017).
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the performance of each employee and allows us to construct measures of labor supply, produc-
tivity, and output quality. In turn, we are able to identify a worker’s productivity and work-
quality fixed effects using standard panel-data methods. The website also provides a means of
varying task framing—by including prompts concerning the firm’s CSR activities—across work
days so that we can pin down treatment effects. Importantly, both those who are recruited for a
CSR job and those who are recruited neutrally receive the same regime of task framing prompts
during the work stage. This aspect of our research design allows us to separate the influence of
treatment and selection effects on outcomes of interest.

Our research design yields several interesting insights. First, using data from more than 1,100
job seekers during our recruitment stage, our reduced-form analysis reveals that both wages and
CSR have important effects on application rates. An increase in the wage offer from $11/hour
to $15/hour increases application rates by about 33 percent, while advertising the firm as a CSR
firm increases application rates by nearly the same amount. What remains unclear, however, is
the extent to which we are merely observing increased response rates by the same (on average)
set of workers, or whether the reduced-form results signal composition effects that alter the
mixture of baseline characteristics across workers within the firm’s labor pool.

We therefore use the data generated by our field experiment to estimate a structural model of
unobserved worker heterogeneity. This approach allows for an in-depth analysis of a wide array
of questions. In particular, we study the relative impacts of worker selection on both wage offer
and non-pecuniary job perks. This is an important feature of our methodology, as our structural
methods use a theoretical model of worker behavior to quantify unobservable, idiosyncratic
characteristics, while controlling for phenomena that are common to all workers, such as learn-
ing effects and labor supply shocks. We also disentangle the impacts of work-stage treatments
from hiring-stage selection on idiosyncratic labor supply, productivity, and work quality. In this
manner, our field experiment is designed to establish an ideal data-generating process for esti-
mating the primitives of a rich model of worker production and labor supply. As a consequence,
our structural econometric model yields results that cannot be derived directly from raw data,
and is particularly useful for conducting counterfactual welfare analysis and for generalizing
the results beyond the experimental setting.

Several insights emerge from the structural estimates. First, we construct stochastic domi-
nance tests on the distributions of estimated worker characteristics across different subgroups
in our sample. This sheds light on worker selection in terms of both wage offers and CSR ad-
vertisement at the recruitment stage. We find evidence of significant worker pool composition
shifts on four dimensions of worker heterogeneity—two separate aspects of productivity, work
quality, and labor supply costs. The analysis highlights that using either high wage offers or CSR
(or both) as a recruitment tool induces non-trivial advantageous selection on workers’ baseline
productivity and accuracy. Consistent with labor search theory, higher wage offers induce work-
ers with a higher shadow value of time to apply. Interestingly, a CSR hiring strategy operates
similarly: CSR-recruited workers tend to have higher utility costs of supplying time to the firm.

Second, we find that a CSR advertisement campaign during the work stage induces a sep-
arate advantageous treatment effect on existing workers (i.e., holding their unobserved charac-
teristics fixed). Specifically, it induces workers to increase their “active productivity”—meaning
that a worker requires less time to produce output, conditional on being engaged in a produc-
tive task. In addition, it increases their “passive productivity”—meaning that they voluntarily
spend a smaller fraction of their work day on non-productive down time. Since treated work-
ers are producing output faster and taking fewer breaks, one might worry that these gains arise
at the expense of work quality, but we find no evidence to that effect. These results together



imply that an internal work-stage CSR advertisement campaign can have unambiguously ad-
vantageous impacts on the firm’s bottom line through altering existing workers’ behavior.

Finally, through a counterfactual simulation based on our structural estimates we find strong
evidence that selection effects via both CSR and wages can produce economically meaningful
improvements in the firm’s bottom line. For example, for various levels of quality control on
the firm’s output, we find that per-unit production costs among $15-wage recruits is nearly the
same as per-unit production costs among $11-wage recruits. This is because the former group
not only produce more units of output per hour, but also, with higher individual work quality
fewer redundancy measures are required to ensure a given level of quality control. High-wage
recruits on average also supply substantially more output to the firm each day through increased
labor supply and productivity. This would reduce the number of workers needed to maintain
a given output level, which may further improve the firm’s bottom line if there is a non-trivial
human resources cost of maintaining each worker. These results are of independent interest, and
may may have bearing on debates over minimum wage laws and efficiency wages. They relate
somewhat to the CSR question in that we find evidence that a profit-motivated firm may wish
to voluntarily adopt sustainable hiring/compensation practices that directly benefit its workers.

In addition, CSR selection implies not only that workers produce more output across various
levels of quality control, but their per-unit production costs are roughly 25% lower than their
neutral-recruited counterparts as well. We estimate that the scale of a firm needed to profitably
justify a $1,000,000 annual CSR budget at 411 workers or more. Holding this CSR budget fixed,
a firm which continuously employs more than 411 data entry workers would be able to strictly
profit from a $1,000,000 annual CSR investment through gains on selected worker productivity
and work quality alone. This result provides a possible explanation for why larger firms tend to
invest more resources in CSR activities: with a larger employee base over which to spread costs
and reap productivity benefits, the per-worker profitability of CSR may be higher as well.

The remainder of our paper proceeds as follows. Section 2.1 provides a brief literature sur-
vey and describes the field experimental design. Section 3 outlines the theoretical model and
discusses its identification, with emphasis on how the experimental variation enables us to gen-
erate the requisite set of observables to uniquely pin down structural primitives. The identifica-
tion argument provides a number of insights regarding how the experiment must be designed
to achieve the proper variation in the data. Section 4 breifly discusses a GMM-style estimator
based on our identification strategy and a stochastic dominance testing procedure, while rel-
egating most technical details to an appendix. Section 5.1 presents descriptive statistics and
preliminary results on worker application rates from the hiring stage. Sections 5.2-5.4 present
the results from the structural model, including an exploration of treatment effects and selection
effects. Section 6 presents a counterfactual simulation exercise to explore changes to the firm’s
distribution of costs and outputs from selection on wage offers and /or CSR. Section 7 concludes,
and an appendix contains additional technical details, graphs, and tables.

2 Literature Review and Experimental Design

Our study is related to several strands of literature. To the best of our knowledge, the only
previous studies using field experiments to investigate the impact of CSR on labor market fun-
damentals are due to Burbano (2015, 2016). Through field experiments conducted via mTurk
and Elance, Burbano (2016) estimates the reduced-form effects of CSR messages on labor output
and salary requirements. Received empirical results suggest that CSR adds value to the firm



both through increased output and by lowering employee salary requirements. A particularly
interesting set of results we discuss below relates to how the treatment and selection effects in
our experiment underpin how CSR and wages positively impact the bottom line. Furthermore,
linking a structural model with a field experiment allows us to generate the requisite set of ob-
servables needed to identify and estimate the link between unobservable worker characteristics
and CSR activities on the part of the firm.?

Our paper also contributes to the broader empirical literature on the effects of CSR on firm
performance (Greening and Turban (2000)). One recent paper by Bertrand et al. (2018) inves-
tigates the degree to which large firms are able to use corporate philanthropy as a tax-exempt
form of political lobbying by donating generously to charities connected to elected officials. To
complement this work, our study also explores how CSR affects the bottom line, but rather than
through lobbying channels, we examine the supply side effects of CSR through its impact on the
tirm’s labor force and its productivity.

We also contribute to the relatively new strand of literature within economics which uses
experiments to generate data to identify structural models. Previous work has employed field
experiments for structural analyses of, for example, charitable giving (DellaVigna et al. (2012)),
voting behavior (DellaVigna et al. (2017)), gift exchange (DellaVigna et al. (2019)), disappoint-
ment aversion (Gill and Prowse (2012)), and childhood education (Cotton et al. (2017)). We
contribute to this literature by providing an in-depth labor market application with sorting and
treatment effects in the workplace. Finally, we contribute to the literature on equalizing dif-
ferences (Roback (1982); Rosen (1986)). Our structural analysis of selection effects constitutes a
new way of estimating compensating differentials or equalizing differences across jobs that vary
non-pecuniary incentives.

In this manner, the methodology presented in this paper has large applicability in areas be-
yond the study of CSR. One could readily use an almost identical method to estimate the effect
of virtually any workplace characteristic—e.g., flexible hours or workplace competition—over
which there are heterogeneous worker preferences.

2.1 Experimental Design

We design our natural field experiment (see Harrison and List (2004)) in a manner that combines
market realism and expands on ideas from DFT15 to generate the data necessary to identify the
distribution of unobserved worker characteristics while allowing for worker selection effects and
treatment effects from variation in both wages and CSR. The experiment uses randomized treat-
ments administered in two stages: (1) a hiring stage and (2) a real effort work stage. While the
primary purpose of the hiring stage is to investigate the effect of CSR on the extensive margin—
i.e., whether workers select into the job—the focus of the work stage is the intensive margin—i.e.,
the impact of CSR on the behavior of existing workers. The two stages are linked in the sense
that any subject who participates in the work stage was also observed in the hiring stage. In
the first stage, we recruited and hired subjects while varying wage and non-pecuniary treatment
conditions. The second stage had subjects performing data-entry tasks through a web-based
worker portal that allows us to obtain detailed measures of output and labor input during each
day of the sample period. Working subjects are assigned to different treatments on a daily basis

ZBurbano (2015) uses a field experiment to explore the effect of CSR on virtual workers, and finds that CSR
increases virtual worker’s willingness to do extra, unrequired work. In related work, List and Momeni (2017)
explore the reduced-form effects of CSR on employing cheating. They find that CSR induces misbehaviors at work
for some employees.



which provides within-subject variation on non-pecuniary incentives.

The experiment was designed with several important conditions in mind. First, exogenous
variation is necessary in both stages. This is for identification purposes, as will become clear
in the next section when we formalize our model of worker behavior. Second, regardless of
whether subjects were recruited neutrally or with CSR prompts, all workers are given the same
treatment-control variation after the hiring stage. This aspect of our design is crucial for sep-
arately identifying selection effects and treatment effects. Third, we need to achieve a work
environment as natural as possible, as the subjects investigate the firm and earn money in a job
they chose to apply for themselves. Fourth, the work task must be uniform across treatments
to allow identification of labor supply costs, which include an idiosyncratic component and a
common, non-parametric, cost function.

In order to satisfy these conditions, we started an actual consultancy firm, HHL Solutions,
LLC. The firm specializes in data collection and data management services for various clients,
including for-profit firms (e.g., Uber Technologies, Inc.), and non-profit firms (e.g., The Univer-
sity of Chicago). A website for the firm was also designed and published online (see Online
Appendix C for a screenshot). The website did not play a direct part in the experiment, but was
set up in case potential subjects chose to search for additional information about the firm on the
web. Running our own firm rather than partnering with an existing firm or using a crowdsourc-
ing market (e.g., mTurk) gave us the flexibility and control to design the user experience and
workload to balance the needs of producing scientifically viable data and serving client needs.
For example, our empirical analysis requires detailed measurements of labor supply, output
quantity, and output quality, with a work task that is simple enough to provide a clean data-
generating process, but realistic enough to be meaningful as a case study that provides useful
output. Creating our own consultancy firm also provided complete control over the size of the
workforce, which would not have been possible in a partnership with an existing firm.

At least two further reasons dictated that we start our own firm rather than use an internet
crowdsourcing platform. First, the subject pool in a crowdsourcing market is likely to exhibit cer-
tain characteristics that would be undesirable for our purposes. For example, subjects recruited
via mTurk may have a tendency to pay less attention to experimental materials and may have a
different attitude towards money than the general worker pool in a developed country, which is
our population of interest (see Chandler et al. (2014); Goodman et al. (2013); Paolacci and Chan-
dler (2014)). This would be problematic in our case since the attitude towards pecuniary and
non-pecuniary incentives is central to our research question, and our statistical power depends
on subjects reading through the materials carefully. Second, the manner in which we assign sub-
jects to treatments in the second stage, and the degree of details in terms of output measures,
require a large degree of flexibility in the design of our online task system. This would make it
quite difficult to operationalize the experiment on a crowdsourcing market.

2.2 Hiring Stage

Employment advertisements were posted on www.Craigslist.com in 12 major cities throughout
the US. The particular cities were chosen based on size, geography, and the relative activity of the
associated Craigslist page. The initial ad was a terse announcement of a short-term employment
opportunity for data entry workers. It mentioned that wages were to be set somewhere in the
range of $11-$15. Interested individuals were instructed to request more information by replying
to the ad via email. The set of all individuals who responded to the initial ad comprise our pool
of potential applicants, and they were subsequently randomized into treatment groups.


www.Craigslist.com

The first stage treatments were administered via email. Importantly, all subjects, regardless
of treatment, were exposed to the same original job advertisement on Craigslist. This permits
us to randomize subjects to treatments in a controlled manner. In contrast, if we were to use
more than one version of the ad, there would be no way of controlling which ad each subject
was exposed to and whether or not a given subject was exposed to one ad.? * The timing of the
tirst stage of the experiment is summarized in figure 1.

Treatment emails sent out . .
Ads posted on Craigslist (ads removed) Subjects who respond hired

Second stage

Y Y Y work task
€mmmmmmmmmmmmm——mmaa > € mmmmmmmmmmmmmmmoaas > “ begins

Week one Week two

Figure 1: Hiring stage timing

We used two different classes of treatments in the first stage: for subject i there were (1) two
possible wage levels, W; € {$11,$15}, and (2) two slightly different texts containing differing
information about the firm’s involvement in CSR. The CSR information treatment for subject
i =1,2,..,1is represented by a dummy variable X, equalling 1 if the subject was informed of
CSR in the job description letter, and 0 otherwise. The wage and CSR treatments were crossed,
resulting in 4 treatment cells. Treatment cells are summarized in Table 1.

Xoi =0 Xoi =1
W; =$11 | 11 / Neutral | 11 / CSR
W; = $15 | 15 / Neutral | 15 / CSR

Table 1: Hiring stage treatments

We chose the wage levels of $11 and $15 in part because we wanted to be able to attract a rea-
sonably representative set of data entry workers. According to market research firm Payscale.com,
at the time we ran the experiment $11/hr and $15/hr corresponded to the 25 and 75" percentile
wages for data entry operators in the United States.” The pecuniary and non-pecuniary incen-
tive variation in our hiring stage was contained in the randomized email we sent in response
to initial queries. This email encapsulated the difference between our “Neutral” and “CSR”
recruitment-stage treatments in the following way. In the two treatment cells with Xy; = 0, the
letter contained information on the company, the task, the (randomized) offered wage, and di-
rections for how to formally apply for the job. In the two treatment cells with X,; = 1 it contained
all the same text with an addition to one paragraph that explained HHL Inc.’s CSR activity of
charging low prices to non-profit clients engaged in good causes (which, to avoid deception, was

3This element of the design is similar to Flory et al. (2014) and Leibbrandt and List (2014) to study gender
differences in attitudes towards competition and wage negotiations. A similar “two-step” randomization procedure
was used by Ashraf et al. (2010) to separate screening and sunk-cost effects in a field experiment on how to charge
for health care products in developing countries.

4 The separation between the initial response and the implementation of the treatment also permits us to balance
treatment cells based on observables like gender and location. While we are not allowed to ask explicitly about
gender, we are able to balance on gender for the purpose of randomization by predicting gender based on name,
using probabilities derived from the Social Security Administration database on name popularity.

5See http:www.payscale.comresearchUSJob=Data_Entry_OperatorHourly Rate (accessed on April 14, 2017).
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Figure 2: Hiring Stage Nonpecuniary Treatments (for a high-wage subject)

Dear applicant,

Thank you for your interest in the position! We are sending this general first response to interested
applicants.

First, a little more information about the job:

The position is focused on data entry tasks for a number of our clients. We provide services for a variety
of different firms and organizations.

The hourly wage rate is $15.

In the beginning of each day, you will be provided with a number of files with image-coded data. Your
responsibility is to manually enter the data into an online database using our web-based interface. You
will be paid by the hour and the system will automatically log the number of hours worked each day. You
may work as many or as few hours as you would like during the project period. The first project period
lasts for about 2 weeks, but there is a possibility of continued work after the initial period.

Detailed information about the actual task will be provided to the individual(s) we proceed to hire.

If you are interested, please formally apply for the position by sending your resume to
info@hhlsolutions.com. (We ask you to do this even if you have already sent us your resume in a
previous e-mail.) Please put "Data Entry Position Application" in the subject line.

Best regards,

Diana Cavazos

Dear applicant,

Thank you for your interest in the position! We are sending this general first response to interested
applicants

First, a little more information about the job:

The position is focused on data entry tasks for a number of our clients. We provide services for a variety
of different firms and organizations. Some of them work in the nonprofit sector with various charitable
causes. For example with projects aimed at improving access to education for underprivileged children.
We believe that these organizations are making the world a better place and we want to help them doing
so. Due to the charitable nature of their activity, we only charge these clients at cost.

The hourly wage rate is $15.

In the beginning of each day, you will be provided with a number of files with image-coded data. Your
responsibility is to manually enter the data into an online database using our web-based interface. You
will be paid by the hour and the system will automatically log the number of hours worked each day. You
may work as many or as few hours as you would like during the project period. The first project period
lasts for about 2 weeks, but there is a possibility of continued work after the initial period.

Detailed information about the actual task will be provided to the individual(s) we proceed to hire.
If you are interested, please formally apply for the position by sending your resume to
info@hhlsolutions.com. (We ask you to do this even if you have already sent us your resume in a
previous e-mail.) Please put "Data Entry Position Application" in the subject line.

Best regards,

HHL Solutions

Chicago, lllinois Diana Cavazos

HHL Solutions
Chicago, lllinois

(a) Neutral Recruitment Letter (b) CSR Recruitment Letter

in fact true, as discussed below). Figure 2 contains a side-by-side comparison of the hiring stage
recruitment letters for a worker who was randomly assigned a high wage offer. As shown in the
tigure, the only difference between a neutral recruitment letter and a CSR recruitment letter is
the addition of the following four sentences in the third paragraph:

“Some of [our clients] work in the nonprofit sector with various charitable causes. For exam-
ple, with projects aimed at improving access to education for underpriviledged children. We
believe that these organizations are making the world a better place and we want to help them
doing so. Due to the charitable nature of their activity, we only charge these clients at cost.”

The letters also contain variation in our pecuniary incentives. For a low-wage subject the fourth
block of text below the salutation would instead read “The hourly wage rate is $11.”

Note that none of our communication with test subjects involved deception, as our consul-
tancy had at least one of each actual type of for-profit/non-profit clients. For example, data entry
services were performed on behalf of Uber Technologies, Inc. and the Becker-Friedman Institute
at the University of Chicago (for research independent of this paper) which conducts ongoing
studies on childhood human capital investment, with emphasis on alleviating inequality of ed-
ucational opportunity. After viewing the additional information provided in either treatment
group, the subject makes the decision whether to apply for the job.

Subjects” subsequent behavior provides us with our first outcome variable: the application
decision. By computing the share of the initial pool of subjects (the ones that responded to the
original terse ad) who apply, we can estimate how the wage rate (pecuniary incentive) and the
information about CSR (non-pecuniary incentive) affect the probability of applying. The applica-
tion decision is an important outcome variable as it constitutes the extensive margin of our treat-
ments. Yet, the two treatment groups used in the first stage also provides two distinct groups of
individuals entering the second stage of the experiment: those who applied after having been
exposed to either treatment. In terms of the model, we obtain a vector Xy = (Xo1, Xo2,, ..., Xor)
where each element contains the Xyo; dummy for each agenti =1,...,I. In Section 3, we describe
our structural model of unobserved worker characteristics which includes four dimensions of
heterogeneity: two separate aspects of worker productivity, work quality, and preferences for
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leisure which dictate labor supply decisions. The hiring stage variation we have just described
is crucial for pinning down how the firm’s CSR activities create selection effects that shape the
composition of the joint distribution of these characteristics within the firm’s applicant pool.

2.3 Work Stage
2.3.1 The Task

In the hiring stage, to ensure that we generated a representative sample of workers across the
treatment cells to perform the tasks while staying within our budget, we randomly chose to hire
a subset of those who applied for the job. The chosen workers represented the participants in
the work stage. Subjects were informed that they would be working for 10 days, and that they
were free to work any number of hours during the project period. Concerning our model, one
day corresponds to a period ¢ so that t = 1,2,..., T = 10 in the experiment. Each subject worked
from home through our custom-designed online task system. They were each provided with a
username and a password for logging into the system at any time. This allowed us to track the
number of hours worked each day, the quantity of output produced, and the quality of output.

Upon logging in, subjects saw a dialog box explaining the task system itself and some in-
formation about the client associated with the work for the particular day. After reading this
information, subjects were taken to the main screen. Here, subjects were faced with a list of
tasks that could be completed in any order. A task was initiated by clicking on the associated
link, taking the subject to a data entry screen. On the data entry screen, the subject is presented
with a snapshot from Google Streetview depicting a street in a major city in the US. The snapshot
was sampled from a large database of over 3,200 images collected prior to the experiment. Below
the snapshot was a web form with a number of text boxes and drop-down menus for entering
data. The subject’s task was to visually process the image and correctly complete the form by
entering information for each variable listed.

There were 6 meta-data variables about the picture itself and 12 variables related to the street
visible in the picture. Some of the variables require the subject to make an assessment of the
quality of the street or the buildings visible in the picture and assign a rating on a Likert scale.
Training materials were distributed to each worker explaining how to map visual queues into
Likert-scale values. Other variables required the subject to count the number of occurrences of
certain objects in the picture (e.g. potholes and broken windows). Once all the information is
recorded, the subject submits the task by clicking on a button, taking him or her back to the main
screen. The completed tasks were then marked as “completed” in the middle of the main screen.
Time was automatically tracked provided the subject was logged into the system. The subject
could view a running total of paid working time (within the current day) on the main screen at
any time. The task was chosen so both our private and non-profit clients could gain valuable
information, while avoiding deception of our test-subject workers. Online Appendix C contains
various screenshot examples of the main page where employees selected tasks to work on, and
the task pages where they actually coded information about the Google Streetview images.

2.3.2 Work Stage Treatments

Work-stage CSR treatment is denoted by Xj;; = 1if CSR treatment is present on day t and X;;; = 0
otherwise. For all workers, regardless of their recruitment status, within-person variation in
treatments consisted of information about the client associated with the task of a particular day;,



and HHL'’s dealings with that client. This information was presented to subjects via the infor-
mation text displayed when logging into the online work system and in information boxes on
the main screen after tasks were completed.

The firm served two different types of clients—for-profit clients and non-profit clients—and
the employees within each day concentrated on data entry for exactly one of these. On days
when the CSR treatment was present, there was a short, color-coded prompt on the screen in-
dicating that today’s work was on behalf of a non-profit client organization that works with
improving access to education for underprivileged children. Moreover, the prompt indicated
that our firm wants to help these clients to make the world a better place, so we charge them
for our services only at a rate which will cover our production cost. On neutral days a similar,
short, color-coded prompt appeared in the same location on their screen, indicating that they
were working on behalf of a for-profit client, and thanking them for their efforts (see Online
Appendix C for screenshots of the work-stage prompts). In order to avoid confusion on the part
of the employee, the screen also indicated that their own wage rate is the same, regardless.

Each test subject employed by our firm was given the opportunity to work for a set of 10
contiguous days denoted by t = 1,...,10.° The variable X;; served as our instrument for CSR
during the work stage. There were two treatment schedules: one where CSR prompts occurred
on even-number days only (i.e., X3;; = 1 for t = 2,4, 6,8,10) and one where CSR prompts occurred
on odd-number days only (i.e., Xy = 1 for t = 1,3,5,7,9). Once employees were hired, half of
all subjects selected from each of the four bins in Table 1 were assigned to an odd-day treatment
schedule and the other half were assigned to an even-day schedule.

2.4 Observables

There are three basic outcome variables that we are able to observe during the work stage: (1)
worker time inputs, (2) quantity of output, and (3) quality of output. Before outlining our em-
pirical model of worker behavior, we pause here to describe in detail the observables from our
experiment that will allow us to achieve econometric identification. The model is partitioned
into two parts: labor supply and output quantity/quality, conditional on being at work. It is
important to note that subjects are allowed to decide for themselves how many hours to work
each day. Our time tracking system automatically logs a worker out (and halts paid time) if he or
she stays inactive for longer than two minutes. This prevents subjects from gaming the system
by logging in and earning money without actually working (or at least, without paying nominal
attention to the computer screen). At the same time, this setup provided latitude for substan-
tial heterogeneity across individuals, as well as within-person behavioral differences in terms of
concentration level (reflected in work quality) and “feet dragging” (reflected in productivity).
Daily labor supply, Hy;, is recorded as the total number of paid hours subject i spent logged
into the system during day ¢. In order to be paid, the worker must be logged into the website
using her assigned username and password, which allows us to link all data collected during her
web session back to her. After workers log in, our interactive web portal records and timestamps
each page view, and compiles user responses into a database. Each Google Streetview image also
had a unique identifier, so that we can count the total number of unique images Q; that worker i
processed, and compare responses by different workers on the same image. We are also able to
use timestamps on page views to assign a chronological index g; ordering each unit of worker

®All employment spells occurred during September and October of 2016 in 6 waves, with each wave of test
subjects having t = 1,...,10 occurring on the same days. Roughly half of all waves began on a Tuesday, and the
rest began on a Thursday.
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i’s output from 1 to Q;. Each worker processed a given image exactly once, though some were
processed over multiple sessions.” For each completed unit of worker i’s output, we have two
measures of time expenditure: 7, is the total amount of time that worker i spent on the data
entry page for the Streetview image corresponding to g;; and D,;, is the amount of non-productive
down-time (e.g., on the home page of the website, rather than on an image processing page) for
the %" unit of output.?

Since workers are paid by the firm for both types of time (as is the case for most other
naturally-occurring work settings), taking these two measures separately allows us to quan-
tify multiple dimensions of worker productivity: active productivity, or time inputs required to
produce output while a worker is on-task, and passive productivity, or the amount of a worker’s
day that is actually spent on-task. A possible analog of the passive productivity measure within
traditional work settings would be the amount of paid time an office worker spends surfing
the internet or socializing with co-workers on non-work-related topics, while active productiv-
ity would be the amount of time it takes the worker to complete a report, conditional on being
actively focused on producing the report.

Measuring work quality, or data entry accuracy rate, denoted A,,, is a little more involved.
For each image there were 19 variables for workers to code on the image processing page.” Ta-
ble 11 contains a brief summary of these. We prepared and distributed to each of our workers
a training handout containing explanations and graphic examples of what constitutes an ap-
propriate score—e.g., a “Street Quality” score of 3 as opposed to a 4 or 5—for each Likert-scale
variable. In order to determine whether each worker correctly coded each variable we used a
consensus criterion. Specifically, each unique image was coded by multiple workers, and for
each variable we specify the correct answer as the modal response across all workers for the
same variable-image pair. A given worker’s response to each variable is assigned a value of 1 if
it matches the modal response for that same image-variable pair, and 0 otherwise.!

This choice reflects common industry practice for data-entry workers in contexts marked by
an element of subjectivity. For example, Pearson, the College Board, and ACT, Inc. are leaders
of a large industry on standardized testing. Currently, Pearson is contracted by the U.S. State
Department to administer and score the foreign service exam, which includes an essay portion.
After training workers on the criteria for awarding a given integer score from a set scale to an
essay response, Pearson assigns 3 independent workers to score the same essay in double-blind
fashion. Whenever 2 or more workers agree on a common score (i.e., the mode) it is declared
as the test-taker’s official score. Pearson and ACT track their workers’ tendencies to select the
modal response when scoring subjective exam materials (similarly as we do) in order to gauge
and monitor the quality of their work.

Since HHL Solutions played the double role of (i) producing usable data entry output for ac-

7Tt was very rare for a worker to pause in the middle of data entry for one image and begin another before
finishing the first. In the few cases when this did occur—a few dozen out of over 60,000—the image that was
completed first was counted first in the sequence of worker i’s output.

8More specifically, D,, measures the amount of down-time logged by worker i after completion of the (g; — 1)t
unit and before completion of the qfh unit of output.

9In order for an image to be completed, all 19 fields in the data entry form must be filled with some response
by the worker. The website provided feedback to the user in cases where he/she left some fields empty. For this
reason, it was very rare for images in our data to remain only partially processed by workers (well under 1%), and
unfinished responses were dropped from the worker-output-level production data.

10Tn the case of the street name and city variables, correctness was determined by whether the user-input string

matched the modal string, including whitespace characters and punctuation, but on a non-case-sensitive basis. In
other words, correctness was judged on the basis of spelling but not capitalization.
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tual clientele and (ii) producing worker behavior data for the current study, we designed the
production process with a great deal more redundancy than if (i) were the only goal. A mini-
mum of 7 different workers coded data for each unique image, with the median and mean being
17 and 21.5 workers per image, respectively. This high degree of redundancy ensured we could
compute reliable measures of the modal responses for each image-variable pair, which was es-
sential for deriving a valid measure of work quality."!

Table 11 in Online Appendix C displays descriptive statistics on responses and accuracy rates
for each individual variable across a total of 62,138 worker-image observations. As the table
illustrates, a majority of the variables in the web form—road work visible, graffiti visible, trees/shrubs
visible, for-sale signs visible, broken street signs visible, people covering faces, shoes hanging from wires,
street number, month, year, city, state—had very high mean accuracy rates across workers and
images, ranging between 92% and 99%. The final seven variables—building quality, quality of
visible cars, litter, picture quality, street quality, number of visible potholes, street name—posed more
of a challenge for workers, with average correctness across all worker-image pairs ranging from
85% to 47%. Broadly, the difference between the two sets of variables appears tied to the nature
and difficulty of the task. For example, 5 of the 7 were Likert-scale variables where accuracy
required careful thought and concentration to digest our training materials and translate them
into judgment calls. Judging what constitutes a pothole, as opposed to a simple crack in the
pavement, also required a higher level of attention. Workers also generally appeared more adept
at trans-coding street numbers than text strings for street names without making mistakes.

For each worker i and each unit of output g;, the accuracy rate A, € {3,1,..., 7} was coded as
the mean across the variable-specific correctness outcomes for the final seven variables (below
the dashed line in the Table 11). Given that our primary research focus is on worker heterogene-
ity, we define our accuracy index to focus on more difficult tasks in order to illuminate apsects
of job performance that most set workers apart in a vertical sense. Table 11 also displays de-
scriptive statistics on worker-image accuracy observations, with mean and standard deviations
of 0.586 and 0.226, respectively.'?

3 The Model

Our model of workers includes four dimensions of heterogeneity: active productivity, passive
productivity, work quality, and leisure preferences. Productivity indexes the average amount of
time it takes a worker to complete one unit of output. Work quality in our context is measured as
“accuracy,” or the degree to which a worker’s output conforms to the employer’s specifications.

10One additional concern was over the possibility that male and female workers may systematically diverge
on fields requiring judgment calls, in a way that reflects underlying gender differences of mean opinion, rather
than effort or ability. The raw response data suggested this is the case: female workers on average saw lower
quality in the cars, buildings, picture, and streets, and on average saw higher quantities of litter and potholes
than did their male counterparts. These mean gender differences were between 20% and 39% of the respective
standard deviations. Other variables showed no sign of a divergence. In order to filter out systematic gender-based
differences in mean judgment, our final accuracy measure defines a given response for one of the above six variables
as correct if it matches the modal response within the worker’s own gender group for that image-variable pair.

12 As a robustness check, we also executed our analysis on an alternative form of the accuracy index which uses all
variables in the table except vg, v7, v11, and vy, (the correct values of these had little or no variance across the dataset
and were therefore of no use to the client). The qualitative patterns we uncover are very similar, and the empirical
magnitudes we estimate come close to what would result after a re-scaling of the above accuracy index, where the
number 8 is added to both the numerator and denominator: the mean accuracy rate under this alternative measure
is 78.6%, with a standard deviation that is about half as large, 0.116.
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Leisure preference is quantified as the worker’s monetized utility cost of supplying an hour of
time to the firm. We describe in detail the sources of variation in observables which lead to
identification of the structural primitives, while striving to impose as few a priori assumptions
as possible. Our identification argument combines a principal-agent framework with panel-data
methods and provides a guide for our experimental design. The purpose of the field experiment
is to generate the requisite set of observables needed to identify and estimate the link between
unobservable worker characteristics and CSR activities on the part of the firm.

3.1 The Baseline Model

Workers are recruited to produce outputs that the firm then sells on an open market each period
t = 1,2,... For simplicity, the firm produces only a single good, but not all units of output,
denoted g; for worker i, are created equal. In particular, the firm prescribes certain specifications
that outputs should ideally meet, and accurately producing the good requires cognitive exertion
and is to some extent at the discretion of the worker. The firm offers a fixed hourly wage contract,
w, for the worker to supply her available time to the firm in each period t.!* Holding work
quality fixed, maintaining peak productivity also requires exertion on the part of the worker, and
is partly under her control. The firm wishes to maximize the quantity of high-quality outputs
produced per unit of paid time. We assume that perfect monitoring of worker activities in real
time is prohibitively costly so that the firm is faced with an agency problem.
Each potential worker is characterized by a privately known 4-dimensional type,

(Opi, Oi, 041, Oy ,

which indexes their baseline productivity, (©,;,04), “work quality” (or accuracy rate in our
data entry context), ®,;, and shadow value of leisure time, ®;. The firm is characterized by
a vector of commonly known and fixed characteristics, Z—e.g., quality of work environment,
disutility intrinsically tied to its production process, etc.—but it may choose to incur a fixed cost
to engage in CSR activities, which are potentially valued by workers. Let X, € {0,1} denote
the firm’s decision of whether to include CSR activities in its regular operations, let X;; = 1 if
the firm actively participates in CSR in period ¢, X;; = 0 otherwise.!* Let (7, 74,72, 7/) denote
the treatment effects on productivity, accuracy, and labor supply, respectively, of laboring under
condition X;; = 1."° The idea here is that if the worker values the feeling of contributing to
the firm’s efforts to make the world a better place, it may partially offset the costs of cognitive
exertion and/or labor supply, thus motivating more and/or better outputs.

Upon receiving a job offer (w, Xy, Z) from the firm, each worker compares it with her out-
side options and then decides whether to apply for a job and select herself into the firm's la-
bor pool. Let Gp.(©,i, Oi, O,i,0;;) denote the joint CDF of worker characteristics present in

BBOur model assumes that workers have no set schedule, and are allowed to choose their own hours at their
discretion. This is to permit our research design to create an instrument to identify heterogeneity in labor supply
(i.e., leisure preferences). However, this aspect of the model is not entirely unnatural in the context of hourly wage
labor markets: short-run hiring frictions often drive employers to request a temporary increase in labor supply of
their fixed-schedule workers in the form of overtime hours.

4One can alternatively think of the time-varying Xj; as the firm engaging in an advertising campaign in period
t to remind or educate its workers of its CSR-oriented contributions to the greater good.

150ur framework and research design could also be applied to non-pecuniary investments in workplace qual-
ity, more generally. Although our applied research question focuses specifically on CSR, there is nothing in the
economic or econometric theory which specifically requires that interpretation. If investment in a non-pecuniary
workplace characteristic is one time and permanent thereafter, then Xy € {0,1}, and Xy; = Xy Vt.
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the firm’s selected applicant pool, with marginal distributions G,, G4, G,;, and G,, respectively.
Our experimental framework is designed to control for the fact that the distribution of worker
characteristicsG,4, depends on the workers’ self-selection choices as a function of w and Xj.

3.2 Active Productivity

Worker i’s production technology governs the amount of time required for each unit of output.
We assume it follows a standard experience curve form with permanent worker heterogeneity and
transitory noise, given by

Xig; _
T (qi;@pi,qui) = ®pi X ’7; 19 o T4, o x ng]., g=1...,Q;. (1)

Here, 7; is the baseline average time required for the first unit of output, ¢ represents the learning
effect or elasticity of mean production time with regard to cumulative output, Q; is total cumu-
lative output by i, and u}, is an exogenous, unit-specific shock with support on R, . In a slight
shift of notation, Xy, is the CSR treatment that existed during the period when i produced her
gt" unit of output.

Here, ®,; represents a permanent, idiosyncratic scaling of production time, with smaller val-
ues representing higher productivity workers. As ©,; or 7, decrease, the worker becomes more
productive, holding other factors fixed. Because workers can select themselves into the firm’s
applicant pool, a firm engaging in CSR may attract a set of applicants whose unobserved charac-
teristics are fundamentally different, before they even commence employment. In what follows
we refer to the possibility that G,(®,;|Xo = 1) # G,(0,;|Xo = 0) as the selection effect. The working
hypothesis in our empirical application is that profit-maximizing firms view costly CSR activi-
ties as an investment in their bottom line, and therefore, they expect the baseline productivity
distribution G,(0,;|Xp = 0) to dominate G,(0©,;|Xp = 1), leading to advantageous selection in the
worker pool. The sign and magnitude of this shift is a central focus of our empirical application.

3.3 Passive Productivity

Our formal model for a worker’s passive productivity is very similar to the model for active
productivity, except that we assume workers have no need of learning how to waste time, and
therefore the learning-by-doing component is omitted. Specifically, we model downtime on the
g!" unit of output as

D (4i; Ogi, X1g,) = Ouj X 7;X1qi x Dy x “31-- 2)

Here, Dy is the baseline average down-time and u{, is an exogenous, unit-specific shock with
support on R, ;. As before, ®,; represents a permanent, idiosyncratic scaling of one’s propensity
to log unproductive down-time, with smaller values representing higher productivity workers.
As ©y; or 7; decrease, the worker becomes more productive by wasting less paid time, holding
other factors fixed. Once again, we refer to the possibility that G;(©,|Xo = 1) # G4(04|Xo = 0)
as the selection effect.

3.4 Work Quality/Accuracy

Similar to productivity, work quality is measured at the worker-unit level. With an eye toward
our empirical application involving data entry workers, we use the terms “work quality” and
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“accuracy” interchangeably, and we will use the letter “A” to denote this dimension of worker
heterogeneity. To fix ideas, we define a continuous, latent accuracy index A}, € R as

A;i = ®ai —+ quﬂ; + S?]i’ (3)

where s‘,;l_ is an exogenous, iid, unit-specific shock that follows a symmetric distribution ®(-). The
latent accuracy index encapsulates both permanent worker characteristics, treatment effects, and
transitory output quality shocks. Conceptually, quality or accuracy of one’s work on a particular
data entry task becomes perfect as A7 — co and perfectly flawed as A7 — —co.

However, a limited dependent variable problem is present, and we cannot observe the latent

continuous accuracy index Ay, directly. Instead, we observe a binary measure A;; € {0,1} where!®

Cf1ifAn >0
’ 0 otherwise.
If we assume @ is the standard normal CDF, we get the familiar probit formulation for accuracy,
Pr[Ag = 11@] = Pr[Ay; > 1(04] = Prleg, > —0p — X1, 74]

(4)
= q)<®ai + qu,-ﬁ)-

Once again, the working hypothesis in our empirical application is that profit-maximizing
tirms expect a return from their CSR activities in the form of an advantageous shift in the type
distribution. Specifically, we wish to test whether a CSR-induced selection effect causes the
accuracy distribution G,(0,;|Xy = 1) to dominate G,(®,;| Xy = 0) within the pool of workers who
are willing to accept the firm’s employment.

3.5 Labor Supply

Having accepted the firm’s wage rate offer w, the worker now decides in each period t =1,2,...
how many hours of her leisure time to supply to the firm. This decision happens in two stages.
Conditional on showing up to work on a given day ¢, the worker incurs a utility cost (delineated
in dollar units) to supply H;; hours of would-be leisure time to the firm, given by

Cit (Hit; O, Xuit) = Oy x T, x ¢(Hy) x uly, (5)

where 1}, is an exogenous, iid shock with support on R, 4, and ¢(-) is a baseline cost function
common to all workers in all periods. Worker type ®; and treatment 7; govern the shadow value
of her time by scaling monetized utility costs. Lower values of either imply a worker’s time is
less valuable to her, or in other words, it signals a greater eagerness to supply leisure time to the
firm. We assume standard regularity conditions which ensure a well-behaved decision problem:

161n reality, our data contain a finer (but still discrete) accuracy measure as explained in Section 2.4. One could al-
ternatively specify a more complete model where for each coded variable, say vy, ..., vy, there is a variable-specific,

iid, normal shock e%k, so that A} . = O, + quiﬁ + e‘},k + s‘fh_, Agg = 1 (A* > 0), and Ay, = Ezzl Avq:/7.

OkAi Ui
One could potentially identify the relative variances of the &7, 's (variable-specific shocks) after imposing a scale

a
i
dependent variables models. Yet, knowing the relative variances of the variable-specific shocks is not central to the
main theme of this paper, so we opt for a simpler approach. The identification argument and estimator are based on
averaging accuracy measures within worker and across multiple units of output to estimate treatment effects and
worker fixed effects. Since these averages belong to an asymptotically dense set, the method applies to any scenario
where the values of A; are limited to a finite grid and shocks are uncorrelated across different g;’s.

normalization—say, Var (8 ) = 1 for example—which is always a necessary identifying assumption with limited
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Assumption 1. ¢/(h) > 0and ¢”(h) < 0Vh > 0; ¢(0) = 0; and ¢’(0) = 1.

In words, the cost function is strictly increasing, strictly convex, and it is costless to abstain
from working for the firm on a given day if one so chooses. The final assumption acts as a scale
normalization for the distribution of ®;;..17 The cost shock term u/, is meant to represent day-to-
day variation in a worker’s time constraint. For example, one day her car might unexpectedly
break down, necessitating a trip to a repair shop over an hour that could have otherwise been
devoted to work. Another day, a friend might cancel a lunch appointment, leaving her with an
extra, unanticipated hour of leisure to allocate.

On any day where worker i supplies positive time to the firm, she will choose H;; to opti-
mize her objective function: maxycr, {wh — C;;(h;©y;, 7)) }. The first-order condition implies the
following intensive margin calculation:

w = ®1i7;X1i’c’(Hit)uft. (6)

Since costs are strictly convex, equation (6) implies that labor supply is monotone decreasing in
@y, 71, and ul, (for u!, small enough), respectively, holding all else fixed.

Let Gy(h) denote the CDF of work times, conditional on H > 0. Since ¢’ is strictly bounded
away from zero, and since u' exists on an unbounded support, there is positive probability that
a corner solution of H; = 0 will result. Intuitively, on days where cost shocks are very large,
workers will find it optimal to simply not work. Accordingly, the worker’s initial, extensive
margin decision obeys the following rule:

Hy>0 <  w>0u0)ul. (7)

Note that we have implicitly assumed the worker has observed only the daily shock u!, when
she makes her extensive-margin decision. Since she must show up to work in order to observe
treatment status Xj;; on a given day, it does not enter her extensive-margin decision.

Once again, we say there is a selection effect present if the composition of worker types in a
firm’s labor force is not invariant to it’s choice Xy, or G;(0;;|Xo = 1) # G;(©;;|Xo = 0). However, in
the labor supply model the sign of the shift may be ex ante ambiguous. For example, if the CSR
firm is successful at attracting a more productive set of workers who produce higher quality
work, then their outside employment options may also be more valuable, leading to a mean
increase in ©;. Alternatively, if the CSR-selected worker pool derives utility from contributing
to the firm’s socially beneficial mission, then their costs of supplying time to the firm may fall.

3.6 Structural Identification

Having outlined the basic components of our model of worker heterogeneity, we now turn to
a discussion of structural identification. For reasons that will become clear below, certain func-
tional form restrictions must be imposed on some model errors as identifying assumptions in
order to cope with problems of limited dependent variable observations. Let ®(-, ) denote
the normal distribution with mean u and standard deviation ¢, and let ¢(-, 1, o) be its density.

Assumption 2. &} ~ ®(¢f,0,1) Vg;, and €}, = log(ul,) ~ ®(&},,0,07) Vi, t.

17Note that any cost model C() = @y;c(h) is equivalent to any other cost model C () = @;¢(/), where ©; = a®);

and ¢(h) = # for come constant 2 > 0. Since the units of ®; have no inherent meaning, the model can only be
identified up to a scale normalization. By constraining the boundary derivative to equal one, we are simply fixing

the units of total costs by re-scaling @;; = ®; x & (0) and c(h) = &(}) /¢’ (0), with the result being that ¢/(0) = 1.
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Let Gy, (h) and Gy, (7)) denote the work time distributions conditional on wage contracts
w1 and w,, respectively. For worker i = 1,...,I we have the following observables: recruiting
status, Xo;; wage offer W; € {wy, w,}; total cumulative production Q;; unit-specific production
times, accuracy ratings, and treatment values, {7, D,,, A;,, X1g,, },(12,-';1 ; and day-specific total work
hours, and treatments, {Hy, X1;;}_,. The complete model consists of the following structural
components to be recovered from the observables: {Gpdal(-, ) T Ta, Ta, T 6,1, 01, 0() }

3.6.1 IDENTIFICATION: Productivity

Given that our passive productivity model is essentially identical to our active productivity
model with the restriction that § = 0, it will suffice to discuss identification under the latter.
In order to establish identification of the productivity model, we require a standard exogeneity
condition on the log error terms. Letting ¢, e =In(u ql) we assume

Assumption 3. Ele}; In(®,;)] = 0, E[e},] =0, [ Z,, In(g;)] = 0, and E[e}, X15,] = 0,
Elef;In(©,;)] = 0, and E[e] | = 0 E[e] Xu,,] =

In other words, the unit-specific shocks to production times are uncorrelated with unobserved
worker types, treatments, or cumulative output. This condition follows from our randomization
scheme described above.

Now, taking the natural logarithm of both sides of equation (1) gives us

In(1y,) = In(1) — 61n(g;)A(g; > 1) +1In(O;) +In(Tp) X1g, + b i =1,2,...,Q; (8)

Provided Q; > 2 for all i, and Q; > 2 for at least one i, Assumption 3 and equation (8) establish
that the active productivity model is a standard linear regression with fixed effects, whose pa-
rameters are identified from the within-person panel structure of the data. It is straightforward
to see that identification obtains in the passive productivity case for the same reasoning when
the second term on the right-hand side above is absent.

3.6.2 IDENTIFICATION: Accuracy

When considering the accuracy component of the model, it is necessary to impose the following;:

Assumption 4.  E[¢},0,] =0, E[!]=0, E[elq]=0, E[e Xy,]=0.

With the mean and scale normalization of the error term & from Assumption 2, identification
of ®, and 7, follows a standard panel-data Probit argument: A, is a Bernoulli random variable
whose conditional probability mass function takes the form

Pr[Ag = j|@ui, Xig,] = P(Opi + X1, Ta) [1 — D(O + X1, T)] 7, j € {0,1}.

Therefore, the within-person panel structure of the observables are sufficient to identify treat-
ment effects and worker fixed effects. Of course, during estimation a bias correction will be
necessary due to the non-linearity in the normal CDF function ®, but this is something that can
be accomplished without difficulty (see Appendix B for further discussion).
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3.6.3 IDENTIFICATION: Labor Supply

Our identification strategy for labor supply builds upon the novel work of D'Haultfoeuille and
Février (2015) and Torgovitsky (2015). We begin by imposing some key identifying assumptions
on the log of the error term in the labor cost equation:

Assumption 5. ¢, 1l In(®y;), E[e,] =0, E[e Xi4]=0.

The reason we require independence of shocks and types is because of a sample selection prob-
lem that we will address in Section 3.6.5 below. Three further assumptions are necessary:

Assumption 6. GL(®l’w1) = GL(®1‘ZU2) = GL<®1)

Assumption 7. Letting c;(-) denote the cost function which applies to workers from wage group
wj, j = 1,2, we assume c1(h) = ca(h) = c(h), Vh € Ry.

Assumption 8. G, (©,) has full support, with g;(©;) >a >0, VO € (0,,0;) C Ry.

In words, Assumptions 6 and 7 provide crucial exclusion restrictions that there must be no
selective entry into the different contract groups in terms of labor supply costs. Under these
conditions, the variation in wage offers can essentially serve as an instrument to disentangle
the common component of costs ¢(-) from the idiosyncratic component ®;;. The reader may
have noticed that our recruitment-stage procedure induces self-selection on wage offer, but in
the following section we explain how our research design is crafted to ensure that the above
assumptions are met on a known subset of the data. For simplicity however, as we begin our
discussion on identification we simply take them as given. Assumption 8 is a technical condition
to avoid problems of partial identification, which will become clear below.!®

3.6.4 Case I: Noiseless Labor Supply

To develop intuition for how different sources of variation in the data pin down model parame-
ters, we first simplify the discussion along several dimensions. Specifically, assume Gy, (0) = 0,
©® = 0 (so that the support of work times is the positive real line for both labor contracts), and
consider the baseline case of degenerate labor supply shocks where E[U'] = 1 and Var[U'] = 0
with X;;; = 0in every period t. Before proceeding, it will be convenient to define #;(®) as the op-
timal choice profile consistent with equation (6) (under a degenerate supply shock distribution),
given wage contract w;, j = 1,2, and we also denote its inverse by ©;(h).

The mathematics behind the fully general identification results in DFT15 are fairly compli-
cated, but in the basic setting with noiseless labor supply, a simple geometric argument, pro-
posed by D’Haultfoeuille and Février (2011, henceforth, DF), illustrates the intuition behind
why the the model and the observables together uniquely pin down the structural primitives.
First, note that Assumption 6 combined with monotone ;(-) leads to the implication that a fixed
quantile of labor supply in either wage group (e.g., median hours worked under w; or w,) corre-
sponds to the unobserved type at that same quantile in the type distribution (i.e., median ©,):

GL(O1) =1 = Gpje, (M (O1)|w1) = 1 — Gpyjay, (h2(Oy) [w2)

= (@) = Gy, (Grs 12(©))])

18 Assumption 8 is testable, however: if the type distribution has full support and workers may choose any work
time h € Ry, it follows that the work time distributions must also have full support.

©)
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DF referred to this relationship as the horizontal transform operator: given knowledge of the la-
bor supply distributions and some (©;,/,(0®,)) pair under wage contract w,, one can infer the
counterfactual labor supply choice for the same worker type under contract w;. This is because
monotonicity and the exclusion restriction imply that corresponding quantiles of work hours
across different contract groups map into the same unobservable type ®;,. Assumption 7 pro-
duces an inverse to this operation which DF refer to as the vertical transform. If we recall that
Q;(h) = C,%) from the first-order conditions, then by dividing the inverse choice profiles across
the two contracts, we obtain the following relationship:

©1(h) = —=0s(h). (10)

Once again, given knowledge of some (i, ®,(h)) pair under wage contract w,, one can infer the
unobservable type ®; that would optimally choose the same labor supply under contract w;.
Finally, since ¢/(0) = 1 we can infer that ©;(0) = w; lay on the inverse choice profile under
contract w;.'” From this known (@, 1) = (w1, 0) pair that lay on the supply curve under contract 1,
we can perform a sequence of horizontal and vertical transform operations to infer other points
that lay on both inverse choice profiles. This process is graphically depicted in Figure 3. Since the
limiting behavior of the two CDFs is identical, it follows that both inverse choice mappings are
non-parametrically identified since there is one and only one ©, value that could rationalize each
observed (1, w;) pair under the model. This is because there is a (potentially infinite) sequence
of transform operations that can be constructed to connect any known point (i, ©;(h)) on some
choice function, to any other point (1',®;(h")) on another choice function. Once either of the
functions ©;(h) are known, the econometrician can also use the first-order conditions to recover

the cost function from the differential equation ¢’(h) = @7_‘?,1) ,c(0) =020
]

3.6.5 CASE II: Noisy Labor Supply

Now we return to the full model where within-person variation in work times across different
days arises from iid shocks to labor supply costs. The complication that arises in this case is
one of sample selection: on a day when a worker receives a cost shock large enough to trigger a
corner solution H;; = 0, it is not possible to make inference about the precise magnitude of her
shock on that day. In order to correct for this source of sample selection we require a parametric
assumption (Assumption 2) on the distribution of labor supply shocks: €., ~ ¢(¢;0,07).

Note that each worker receives two iid samples of labor supply shocks: there are T/2 shocks
that occur on days when Xj; = 1 and T/2 additional shocks occur on days when X;; = 0.
To simplify notation, we assume that the number of days over which a worker is observed is
T = 10. We denote the order statistics of log-shocks on CSR-treated days and Neutral days by
{el.(1:5) < el (2:5) < el y(3:5) < el (4:5) < el;(5:5)}, and {eh;(1:5) < el (2:5) < €\;(3:5) < el;(4:5) <
eh:(5:5)}, respectively. Since work times are monotone in shocks, we denote the corresponding
order statistics of work times for CSR and Neutral workdays {H¢;(1:5) > ... > Hc;(5:5)} and
{Hni(1:5) > ... > Hyi(5:5)}, respectively. Note in this case that the indexing is reversed because
higher shocks to labor supply costs lead to lower optimal work time choices.

19From this the reader can see that the scale normalization in Assumption 1 gives rise to an interpretation of c(-)
©1(0)
wy 7

as being the labor supply cost profile for the baseline type ®; =
as scaling costs up or down relative to the baseline cost profile.
20 An alternative way to view the basic identification argument is that there is one and only one value of G;(®;)

and an interpretation of idiosyncratic types

that could rationalize each observed (G Hlw, (1), GHlw, (h)) pair under the model.
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Figure 3: Geometry of Identification

We first show that if ¢; and c(-) are known, then all other labor supply parameters can be
treated as known. Recall that Assumption 2 implies the log-shock order statistics have the fol-
lowing densities:

eci(15),€n; (15) ~ 15 (x;01) = 5[1 — @(x;07)]*p(x; ),

eci(25), i (25) ~ ras) (x;01) = 200 (x; 07) [1 — D(x; 071) P (x; 1),

eci(35),€ni(35) ~ ¢as) (x;01) = 30D (x; 07)*[1 — D (x;07) P (x; 1), (11)
eci(45), €n; (45) ~ () (x;01) = 200 (x;07)3[1 — @ (x;07)]¢p(x; 07), and

eci(55),€ni(55) ~ ¢ss) (x;01) = 5P (x; 01) o (x; 7).

From these we can define IE;.5)(07) = Ele};(5); o1 = [*o, x¢yjs)(x;01)dx; k=C,N; i =1,...,I; as the
expectation of the jth log-shock order statistic, for j = 1,...,5. Moreover, equation (6) allows us to
construct a model-generated analog to the supply shock for any of worker i’s positive observed

work times, being Ec;(j:5) = In (MW) In (®y) —In(7;), if Hei(j:5) > 0 on CSR days, and

on Neutral days, Ey;(j:5) = In (c/[HLNW —In (®y;), if Hy;(j:5) > 0. For convenience, we simply
define Ey;(j:5) = 0 whenever Hy;(j:5) =0, for k = C,N.

Alternatively, equation (7) implies that whether or not Hc;(j:5) > 0 or Hy;(j:5) > 0 is true
depends solely on whether In (C,V(‘/—O’)) —In(®y) < €.(j:5) for k = C,N, respectively. Since ¢, (;:5)
and ¢\.(j:5) are independent of ®; (Assumption 5), this implies purely random data loss for
the order statistics of log-shocks across individuals. In other words, although the within-person
samples of supply shocks are systematically selected, the samples of order statistics for supply
shocks across people are random. Therefore, the treatment effects 7; and individual fixed effects
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©; are uniquely pinned down by the following set of up to 2 x 5 moment conditions for each i:

EwmeEPnaﬂgbm>—m@M—mmﬂ,W:L”qSw&kﬂ@>&

W; . . 12

]E(j:S)(al) =E {ln <C’[I‘INl(]5)]) —In (®ll):| , V] = 1,. . .,5 s.t. HNZ(]S) > 0.
This shows why all other labor supply parameters are known if 0; and ¢(-) are known, since
fixing these objects implies a unique solution to the system of moment conditions in (12).

In order to close the identification argument, we note that 0; and c(-) uniquely determine a
set of work hour distributions as well. To see why this is true, first recall that for a continuous
random variable U with CDF Gy (U), if we construct a second random variable H = f(U) using
a monotone decreasing function f, then the CDF of H can be derived from the CDF of U by
Gu(h) = 1— Gy (f'(h)). This proves quite useful for the current purpose, since equation (6)
indicates that hours supplied H; are monotone decreasing in labor-supply cost shocks u!, since
the common cost function is strictly convex. On any day when labor supply is positive, we can
express the cost shock on that day as u! W , or alternatively, we can express labor

i
, -
it 057, e/ (Hy)

supply as a function of the shock by inverting this equation to get Hy = (¢/)”" |:u1. @?‘%Xm} . But,
it

we also know that worker i will choose positive labor supply only on days when her cost shock

does not exceed the cutoff Hf = %. Moreover, the conditional shock CDEF, given Uft <u,is

In®(U!,,07)

In®(it),07)
We can use this to characterize the conditional distribution of positive work times implied by

a (07, ¢) pair for each individual i laboring under wage w;. On CSR and Neutral days, they are

, where In®(-, 0;) is the CDF of the log-normal distribution.

In® <®1i71’j)cl/ ]’ 07)

ll’lq)(ﬁg,(fl)

wy .
In® ( ®uc/l[hi} ; 01>
lnq)(ﬁﬁ , Ul)

H;(Ujy) |x,21 ~ G, 1 (ilwr, X1 = 1;03,¢) = 1— , and

(13)

Hi(uz'lt)|X1:0 ~ GHi|zul,X1:0 (hi‘wllxl =0;0, C) =1-

respectively. The right-hand sides above truncate the support of the distribution at the cutoff
u= % where the corner solution of H; = 0 obtains. Similarly, we can also characterize i’s
counterfactual conditional work time distributions, had she been offered wage w» instead, as

m®(@ﬁ%@?“>

Hi(ulllt>‘X1:1 ~ GH,’|ZUz,X1:1 (hi‘wZI Xl = 1/ Ul/ C) = 1 - 1 (D (71 ) 7 and
n u;0p
1 (14)
w: .
! In® (W'UO
Hi(Ui)[x,=0 ~ Gryjjuon, x,=0 (hilwa, X1 = 0;01,¢) =1 — e (—l ) ’
n ui; (%}

for CSR and neutral workdays, respectively. Once again, the right-hand sides of the expressions
above truncate the distributions at the appropriate cutoff where Hj; = 0 is optimal. Therefore, i’s
model-generated conditional work time CDF and counterfactual work time CDF follow

G s x; =1 (h1lw01.X1=101,6)+ Gy . x. =0 (il X1 =0i07.¢)
H;(U},)~Gp,ju, (hisor,c)= ilw1%) , jlwy Xy nd

(15)

CH; wy, X, =1 (il Xq =10y /C)+GHi |wp, Xq=0 (ilwp, X1 =00).¢)
5 .

H; (u}t)NGHi\wz (hi;UI/C):
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Finally, to derive the overall conditional work time distributions implied by the model, we sim-
ply average across all observed individuals, i:

i I
1 G, (B; 07, € 1 Gy, (H; 07, €
GHjw, (15 01,¢) = Lo H"?l( 1n¢) and Gy, (h;01,¢) = Lizi H’l?Z( : ). (16)

Note that by characterizing both actual work time distributions and counterfactual work
time distributions for every individual, equation (16) implicitly has the vertical and horizontal
transform operations built-in through equations (14) and (15). The role that the parametric as-
sumption has in our formulation is to pin down the appropriate truncation points in those same
expressions, so as to correct for the sample selection problem.

Finally, in the model with non-degenerate shocks, all within-person variation in labor sup-
ply decisions across days with the same treatment status is driven entirely by variation in the
shocks. Therefore, within-person variation in labor supply is a sufficient statistic for pinning
down ;. Thus, by combining the baseline identification results proven by DFT15 with our sam-
ple selection correction it follows that the model components {®;;}!_,, 7}, 0, and ¢ are identified
from the empirical distributions of positive work times Gy, and Gyy,,, given our assumption
of log-normal shocks.

3.6.6 Controlling for Sample Selection on Wage Offer

Recall from Section 3.6.3 that an exclusion restriction, G.(®);|w1) = GL(Oy;|w2) = GL(©y;), is nec-
essary to identify the labor supply model. However, since workers are allowed to respond
to their randomly assigned W; € {$11,$15} by applying for the position (or not), it is likely
that worker selection on wage offer is also present in the data-generating process. Indeed, Ta-
ble 2 confirms this is so: holding recruitment status fixed, a shift from wage offer w; = $11
to w, = $15 increased the number of applications by roughly 30%. Therefore, if we define
S; = {Hy|Hy >0 & W; = w;}, j = 1,2 as the set of strictly positive work times logged un-
der wage wj, then it follows that the distribution of cost types @, that gave rise to S; will not be
the same that gave rise to S,. This is because the latter set is influenced by an additional margin
of workers who were unwilling to supply labor to the firm at a price of w; but who supplied
labor at a price of w,. However, since we randomly assign wages, and since we have data on
differential application rates by wage groups during the hiring stage, a correction can be made
to restore validity of the identifying exclusion restriction.

Consider a broader model of labor search where our wage offer represents one draw from an
offer distribution from which each worker may take several draws over time by waiting longer,
rather than accepting a given offer at one point in time. Suppose each worker uses a cutoff rule,
say {(0y;) that is strictly increasing in the worker’s type ©j;, such that the worker accepts a job
with wage offer w if and only if w > {(®;).?! A cutoff rule implies simplistic composition effects:
shifts in w induce different truncation in the tails of the distribution of workers who accept.

More concretely, monotonicity in the cutoff rule implies that if ©;(Xp) is the maximal cost
type who applies under wage w; then, holding all else fixed (including CSR/neutral recruit-
ment status), the maximum cost type under w, > w; satisfies @,(Xp) > ©1(Xp). Moreover, the
additional applicants entering the pool under w; all have cost types above ®;(Xp), with the con-
ditional distribution of applicants, given ® < ©;(X) being the same as it was under w;. Within
the worker choice model, conditional on being hired, mean within-person labor supply, E[Hj] is
also monotone decreasing in ®;;. Combining these two ideas implies a sample trimming rule to

21Such phenomena commonly arise from standard labor search models; e.g., see Ljungqvist and Sargent (2004).
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derive a subset of high-wage workers for whom the exclusion restriction will be satisfied when
comparisons to the set of low-wage workers are made.

To better understand why, we first define S; = {Hy|H;;y > 0 & W; = w;} as the set of all
positive work times by hired workers assigned to the low-wage group. Next, let Hij, k=CN, j=
1,2, denote the fraction of all potential applicants who accepted wage offer (Z, Xo=1(k=0C), wj),
and let G_y(h) denote the CDF of (within-worker) mean work times. Note that these are both
known objects since they can be derived directly from the observables. With that, we can define
for each recruitment group k = C, N the trimmed positive work time samples

gNz = {Hﬁ H; >0,i€ {n:W,,:wz,XOn:O,E[Hm\XOn:O,W,,:w2]>G%}\,2(eN)} }, eN = M, and
UN1
(17)
S _ . . . _ Hc2 — M1
SCZ = Hit . Hit > 0, 1€ n:Wn:$15,X0n:1,E[Hnt|X0n:1/Wn:w2}>GHCZ (EC) , €Cc = T
C1

Note that these two sets exclude the additional influx of high-cost applicants who enter the
worker pool when the wage changes from w; to w,. This is because, for the neutrally recruited
group, ey = ”N;% represents the additional fraction of high-cost types who entered the worker

pool under the high wage offer (w, = $15), relative to the lower wage offer (w; = $11). Thus,

we find the cutoff at the e percentile of the distribution of H"? and trim high-wage, neutrally
recruited workers with mean labor supply below that cutoff. We then do the same thing within
the distribution of CSR-recruited workers.

With that completed, if we define S, = Scr U Snp, then the resulting type distributions that
underlay §; and S, will now satisfy the exclusion restriction, so that the common cost function
¢ and shock variance ¢; can be identified using the arguments from Section 3.6.5. Further, once
the common cost function ¢ is known, idiosyncratic types ©, for all test subjects can be identi-
fied, including those who were excluded by the trimming rule, through the system of moment
conditions in (12). In this way, we are able to both identify the underlying type distribution and
study the effects of worker selection on wage offer as well.

4 Estimation

Having established how the moments in the data pin down the structural components of the
model, it is not difficult to imagine how an estimator could be implemented by moment match-
ing. Since the ideas behind our estimator follow from the identification argument, but the math
needed to formally define the estimator is quite involved, we discuss estimation on an intuitive
level here, while relegating the technical details to Appendix B. Recall that the various model
components to estimate include basic common parameters, (6,11, Do, 07,¢(+)); treatment effects,
T = (75,74, Ta, Ti); and the distribution of worker fixed effects, G4, (©,, 04, @,, 0;).

The productivity and work quality models are estimated via a simple differencing estima-
tor. In order to obtain estimates of treatment effects, we difference mean production times and
accuracy rates across treatment states (X; = 0 vs X; = 1), and then average these differences
across individuals. We average initial production times across workers to obtain 7; (and Dy). To
estimate the learning effect § we difference production times across consecutive units of output
within individuals, and then average these differences both within and across workers. With
these common parameters in hand, estimating individual fixed effects is essentially computing
a within-worker mean of production times or accuracy rates, conditional on treatment and/or
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learning. One important caveat here is that for the accuracy model there is a necessary bias cor-
rection (described in Appendix B) due to the interaction of non-linearity in the function ®(-) and
finite-sampling variation in observed accuracy rates A,,.

The labor supply estimator is somewhat more involved, but still akin to a basic moment
matching scheme. We begin by adopting flexible parametric forms to represent the work time
distributions, Gy, and Gy, and the common cost function, c(k). In our implementation we
use B-splines and find that they provide an excellent mixture of flexibility and computational
convenience (see Appendix B for further discussion). In a first step we estimate the aggregate
empirical work time CDFs @H‘wj (h), j = 1,2 by matching the B-spline forms (subject to shape re-
strictions and boundary conditions) to the empirical quantiles after implementing the selection
correction in equation (17). In a second step, we use equations (11)—(17) to construct the model-
generated (selection-corrected) analogs of both @H‘wl(h) and @H‘wz(h). Recall that these depend
on the various model parameters including treatment effect, 7;, the common cost function, c(h),
the supply-cost shock variance term o7, and individual fixed effects ®; = {®};,0), ..., 0;;}. There-
fore, model parameter values are chosen to optimize a least-squares fit criterion between the
empirical aggregate work-time CDFs and their model-generated analogs.

Finally, with individual worker fixed effects (®,;, ©4;, ©,;, ©y;) estimated, we can straightfor-
wardly estimate the marginal distributions of these characteristics and their pairwise correla-
tions using between-worker and within-worker variation. The final caveat to estimation is that
for various model components (e.g., treatment effects 7 and type distributions G,4,), we obtain
more precise information (in a statistical sense) for inference from workers who work more hours
and produce more output. Essentially, this is because our data constitute an unbalanced panel.
Therefore, whenever appropriate, we construct between-person means using inverse variance
weighting; that is, by weighting according to total hours worked or total units produced. The
interested reader is directed to Appendix B for additional detail.

4.0.1 Bootstrap Inference

Due to the computational complexity of our estimator, we chose to compute standard errors
and confidence bounds by the bootstrap method, rather than computing the usual GMM stan-
dard errors (see Appendix B for a brief discussion of the applicable GMM sampling distribution
theory). We executed a double bootstrap routine (due to the panel structure of our data) that
mimicked our experimental sampling scheme and allowed for the possibility of accuracy and
productivity shocks being correlated. Specifically, to construct each bootstrap sample, we first
partitioned test subjects into recruitment-stage treatment bins. We then re-sampled subject iden-
tities from each bin, with replacement, to obtain a sub-sample of workers the same size as the
original bin. Then, for each sampled individual, we re-sampled five times, with replacement,
from that individual’s work time sample on CSR days; and again five times, with replacement,
from that individual’s work time distribution on neutral days to construct a panel of labor sup-
ply data. Then, for each sampled i we re-sampled, with replacement, Q; times from i’s empirical
distribution of (e}, A,,)-pairs to construct a sample of output data.

We executed this re-sampling scheme for S = 100,000 iterations, and for the s bootstrap

s
sample all model parameters were estimated {G;dal,s(" ), T e, 08,74 Dgs,qz,cﬁ(-)}szl. We then

computed standard errors and bias-corrected confidence intervals and p-values in the usual way
using our bootstrapped estimates.
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4.0.2 Inference on Stochastic Dominance of Worker Characteristics

There are several papers in the statistics and econometrics literature that focus on tests for
stochastic dominance relationships between two distributions. The earliest work in this vein is
Kolmogorov 1933 and Smirnov 1939, but more recent work has developed various alternatives
or improvements to the statistical properties of the original Kolmogorov-Smirnov (KS) method.
Examples include Davidson and Duclos 2000, Barrett and Donald 2003, and Linton et al. 2010
(see Heathcote et al. 2010 for a survey and comparison of the methods in this literature).

To develop some intuition for how these methods work, we suppose there are two random
variables X ~ F; and Y ~ F, defined on a common support [z,z], and two corresponding ran-

dom samples, {x,}", and {yn}nNil. When testing for first-order stochastic dominance one must
account for the fact that if the hypothesis of distributional equality F, = F, is rejected, then
there are three alternative possibilities: (i) F, < F, (ii) F, > F,, and (iii) 3 z € (z,Z) such that
Fi(z) < Fy(z) and 3 2z’ € (z2) such that F(z') > F, (). Therefoie, the KS test for dominance
proceeds by estimating the standard empirical CDFs F,(x) and F,(y), and then by simultane-
ously constructing two symmetrically defined test statistics based on the vertical differences
T = [¥% sup_.;,4[Fe(z) — Fy(2)] and T6) = [%% sup_ . [F,(z) — F(z)]. Finally, these are
then evaluated at their limiting distribution (due to Doob 1949) to get p-values [p), pl?)] =
exp (—Z(T(i),T (ii))2>. Finally, for some fixed significance level « € (0,1), if min(p®, p(?)) >

then we fail to reject the hypothesis of equality; if max(p?, p{")) < a we reject equality in favor of
alternative (iii); and if pl/) < a is true for exactly one j € {i,ii}, then we reject equality in favor of
alternative (j). Later variants of the stochastic dominance test (e.g., Davidson and Duclos 2000,
Barrett and Donald 2003, and Linton et al. 2010) generally follow a similar proceedure but vary
by how the test statistics and p-values are computed.

An important drawback to these existing methods in our context is that they all assume non-

stochastic observations; i.e., that the samples {x,}*, and {yn}fji , are direct observations from
F, and F,, respectively. In our case, an important complication is that our data are not direct
observations from the distributions of worker characteristics (©,,0,,®;) ~ Gpa(vr | Xo = 1)/
Gpal (-, -|Xo = 0), but rather, they are estimates of worker characteristics: {@pi, O, @li}{zl. Thus,
the testing procedures mentioned above produce test statistics and p-values that would tend to
under-reject the null hypothesis of equality. Intuitively, this is because the finite-sample variabil-
ity in worker type estimates can be thought of as a measurement error problem that attenuates
differences between the estimated distributions; e.g., G,(®,|X, = 0) versus G,(©,|Xo = 1). With
that caveat in mind, we use a bootstrapped adaptation of the KS test for stochastic dominance.
Our dominance testing procedure follows closely one developed by Marmer et al. (2017).

First, we compute weighted empirical CDFs as described above (and formally in Appendix
B) to mitigate partially the measurement error problem. Second, we define a grid of points in
quantile space by r = {ry,r,...,rx} = {0.010,0.011,...,0.990} and 6, = {61, ...,0ix} = @j_l(r), j=
p,a,1. We then evaluate the bootstrapped empirical CDFs Cfs(f)jk|Xo = 0) and @]?‘S(ij\Xo =0)
j =pal k=1,... K (conditional on recruitment status) at each of the points in these grids.
Similarly as in previous methods, for each j = p,a,1 we specify a null hypothesis of equality
Hp : Gi(-|Xo = 0) = Gj(-|Xo = 1) with three alternatives H; : G;(:|Xo = 0) > G;(:|Xo = 1); Hy :
Gi(-|Xo = 0) < Gj(:|Xo = 1); and H3 : Gj(-|Xo = 0) <> Gj(-|Xo = 1). Finally, we compute a

S ~Ax (0. _ _Af« . —
p-value for Hy by pj; = 1 — maxi—1,x L (G Ol 0; C 0o 1)>0), and symmetrically for H, by
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S 1 1(G (0] Xo=1)— G (05| X 0
p3j=1—maxe—,. K= (C(El¥o= ) BO%=0>0) 5 1 words, the p-value for a given alternative

is one minus the max1mal point- spec1f1c frequency with which the null hypothesis is violated in
favor of that alternative. As with other previous methods, for a fixed significance level « € (0,0.5)
we draw conclusions from the test by the following process:

1. If min(pj;, p3;) > « we fail to reject Hy

2. Else, if pi‘j <, péj > a we reject Hy in favor of H;
3. Else, if pi‘j > q, PZ' < a we reject Hy in favor of H
4. Else, if max(p}‘]., pzj) < a we reject Hy in favor of Hs.

In our empirical results section, we will also explore worker selection on the basis of wage offer,
using this same process.

5 Empirical Results

Our discussion of results begins with a summary of insights gained from the hiring stage. We
first look at how different wage rates and non-pecuniary incentives from CSR affect application
rates at the hiring stage. We then present insights from the work stage on how wages and infor-
mation about CSR affect labor supply and output. We then explore unobserved characteristics
and selection effects. We conclude the results summary with counterfactual model simulations
that capture the impacts of differing recruitment strategies on a firm'’s cost structure, through
their influence on the pool of worker characteristics.

5.1 Application Rates and Descriptive Statistics

The recruitment stage of the experiment was conducted during the fall of 2016. The cities in-
cluded in the experiment were Austin, TX; Baltimore, MD; Boston, MA; Dallas, TX; Houston,
TX; Indianapolis, IN; Jacksonville, FL; Los Angeles, CA; New York City, NY; Philadelphia, PA;
Phoenix, AZ; and San Diego, CA. A total of N=1,103 job description letters (containing ran-
domized wage offer and CSR/Neutral framing) were sent out via email to individuals who had
expressed preliminary interest in the job. These individuals were randomly assigned to the four
treatment cells: (1) $11 wage rate and no information about CSR (n=266), (2) $11 wage rate and
information about CSR (n=309), (3) $15 wage rate and no information about CSR (n=277), and
(4) $15 wage rate and information about CSR (n=251). The top panel of Table 2 presents mean
application rates, or the share of subjects proceeding to apply for the job, in each treatment cell.
The bottom panel explores differences in application rates across treatments.

Not surprisingly, the raw data show that an increase in wage offer from $11/hr to $15/hr
induced a substantial increase in application rates of 11 percentage points, or roughly a 32% in-
crease in total applications. Interestingly, the data also show that including information about
CSR in the job description increases the application rate by three quarters as much as a $4 wage
offer increase. CSR-recruited workers applied at a rate of 8.4 percentage points higher than their

22We also bias correct our bootstrap testing procedure for each 6 by re-centering the boostrapped sample of
~ ~ S ~ ~
differences { [G;*S(9|X0 =1)— G]’-‘S(9|Xo = 0)} } » at the point estimate difference {Gj(9|X0 =1) - Gj(8]|Xo = O)}

in the usual way for each 6 € supp(©;).
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APPLICATION RATES

Mean Estimate SD 90% CI
Neutral, w = $11: UN11 0.301 — 0.028  [0.245,0.356]
Neutral, w = $15: UN,15 0.408 — 0.030  [0.350,0.466]
CSR, w = $11: Hea 0.382 — 0.028  [0.327,0.436]
CSR, w = $15: Hcas 0.494 — 0.032  [0.432,0.556]

APPLICATION RATE DIFFERENCES

within wage offer group

Mean Difference  Estimate ~ P-value SD 90% CI
CSR-$11 vs. CSR-$15: Heas — pen 0112 <0001 0003 [0.107,0.117]
Nitr-$11 vs. Ntr-$15: HNAS — BN 0107 <0001 0.002 [0.102,0.112]
$11 vs. $15: 15 — 11 0.110 <0.001 0.002 [0.106,0.113]
within nonpecuniary recruitment group
Mean Difference  Estimate ~ P-value SD 90% CI

CSR-$11 vs Neutral $11:  jic11 — 11 0081 <0001 03425 [0.077,0.086]
CSR-§15 vs Neutral $15:  pc1s — Hnis 0.086 <0001 03425 [0.081,0.091]
CSR vs Neutral: e — Uy 0084 <0001 01171 [0.080,0.087]

Table 2: Recruitment Stage Results

neutral-recruited counterparts, an increase of roughly 24% in total applications received. Both
shifts are statistically significant, as are the effects broken down by the four stage 1 treatment
bins.?® In addition, it is worth noting that the observed application rates and wage elasticities
are roughly similar to those found in comparable studies (see for example Flory et al. (2014);
Leibbrandt and List (2014)). Thus we see that the volume of workers who self select into the
labor pool increases with CSR, but the question that remains is whether the composition of char-
acteristics within the worker pool changes as well. This represents the crux of our focus in the
structural model of worker fixed effects.

Table 3 presents summary statistics for the work stage of the experiment. Subjects were ran-
domly sampled from each of the four hiring stage treatment cells to achieve a balanced sample
of types and genders in the work stage. A total of 170 subjects participated in the work task stage
of the experiment. Each subject was observed during a period of 10 days, which implies 1700
individual-day observations. Some subjects did not supply a positive amount of hours every
day. The mean number of days worked during the experiment across all subjects was roughly
5 out of 10. The mean daily shift time was roughly 2 hours, for mean earnings of about $27 per
work day. On average, workers would process roughly 54 images on a given shift, implying a
per-unit average cost of $0.498.

A striking feature of the table is the considerable variation across workers. On a given day,
many workers could not find the time to work, while others occasionally logged shifts upwards
of 16 hours. There is considerable heterogeneity along the dimensions of productivity and work
quality as well. Mean per-unit production times varied across individuals from 17 seconds to 7.4
minutes. Similarly, mean per-unit paid down-time ranged from 8 seconds to 4 minutes across
workers. Taking both measures into account, slightly less than one quarter of all paid worker
time is down-time, on average. Most workers produced fairly high-quality output but there was
substantial heterogeneity in individuals’ mean accuracy as well, ranging between 30% and 86%.

As with application rates, we see substantial differences in the raw data by worker recruit-
ment bins. High-wage recruits logged substantially more hours per day, though this raw change

23 Robustness checks indicate no statistically significant difference in these results across cities.
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WITHIN-WORKER SUMMARY STATISTICS

Variable Median Mean SD Min Max #Obs
Days worked 5 5.118 3.075 1 10 170
Avg. Hours worked per day 0.517 1.359 1.914 0.014 12336 170
Avg. Hours worked per day |H;; > 0 1.323 1.987 1.992 0.092 13.707 170
Within-person work hour

standard deviation 0.796 1.195 1.076 0.042 6.042 170
Avg. Productive Seconds per Output 123.85 139.84 74.70 17.03 44552 170
Avg. Down-Time Seconds per Output 34.63 41.21 29.31 7.71 242.88 170
Mean Accuracy Rate 0.596 0.590 0.128 0.290 0.857 170

WAGE-OFFER GROUP DIFFERENCES: Group Outcome|$15 — Group Outcome\$1l
Median Mean P-Value for
Outcome Difference  Difference  Hy: Equal Means 90% CI DF
Hours worked per day 0.1636 0.4579 1.3 x 1074 [0.262,0.654] 1,698
Productive Seconds Per Output —15.89 —-7.97 <10°° [—9.20, —6.74] 62,136
Down-Time Seconds Per Output 0.0145 0.3607 0.3222 [—0.239,0.960] 62,136
Accuracy Rate Per Output 0.0789 0.0715 <107 [0.068,0.075] 62,136
NON-PECUNIARY GROUP DIFFERENCES: Group Outcome|CSR — Group Outcome|Ntr
Median Mean P-Value for

Outcome Difference  Difference  Hy: Equal Means 90% CI DF
Hours worked per day 0.0697 —0.3612 0.0023 [-0.556,—0.167] 1,698
Productive Seconds Per Output —9.59 —17.19 <107° [—18.34,—-16.03] 62,136
Down-Time Seconds Per Output —1.119 —1.738 <10°° [-2.304,-1.172] 62,136
Accuracy Rate Per Output 0.0263 0.0216 <107° [0.019,0.025] 62,136

Table 3: Summary statistics: Work Stage.

confounds several underlying factors that will be disentangled by the structural model. On one
hand there is a mechanical increase in their marginal incentives to supply time, but their under-
lying labor supply costs may also be different because of selection. The raw mean shifts also
do not account for the role of within-person, day-to-day variation in labor supply. For CSR-
recruited workers, we see a raw mean reduction in hours worked, which is more suggestive
of a shift in unobserved costs since monetary incentives to supply time are the same as neutral
counterparts. We also see non-trivial increases in productivity and accuracy among high-wage
recruits and CSR recruits, though once again these numbers do not account for within-person
variation or work-stage treatment effects as will be done in our fixed-effects estimator.

5.2 Model Estimates: General Parameters

By estimating unobserved worker characteristics we can gain a more complete understanding
into the workings of pecuniary and non-pecuniary job characteristics. We have seen that the
number of applicants willing to accept a given wage offer increases with the presence of CSR,
but are these new additions to the worker pool more or less productive? Do they produce better
output? Are they more or less willing to supply time to the firm? In a nutshell, how much of an
impact does CSR have on a firm’s supply costs and output quality, and to what extent does the
effect come through selection versus treatment effects? Given the popularity of CSR amongst
profit-driven firms, a viable hypothesis is that there are meaningful benefits.

A key concern in answering these questions is how the composition of the labor force changes
when CSR is used as a recruiting tool. That is why estimating a model of underlying worker
characteristics is necessary. In addition, we also seek to understand whether there is a quality-
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quantity tradeoff: are there correlations between productivity, work quality, and willingness to
supply time, and if so, what is their sign. Also, how is the relation between these characteristics
affected by selection on wage offer and /or CSR?

Std

Parameter Estimate Error P-value  90% CI

Learning: ) 0.1467 0.1347  0.2760 [—0.075,0.368]
(Ho:0=0)

Mean Initial
Production Time (minutes): T 3.7016 2.8851 — [1.022,13.411]
Active Productivity Model Fit: R? 0.7314 — — —

(N =62,138)
Baseline Mean
Down-Time (minutes): Dy 0.3587 0.0425 — [0.289,0.429]
Passive Productivity Model Fit: ~ R? 0.3342 — — —

(N =62,138)
Labor Supply Shock
Standard Deviation: 0 0.7658 04216 — [0.5135,2.0928]

Table 4: Basic Model Parameter Estimates

Before moving to a discussion of treatments and selection on worker characteristics, we
briefly discuss some basic model parameters and measures of model fit displayed in Table 4.
For active productivity, we find weak evidence of a learning-by-doing effect. Median produc-
tion time on the first unit is roughly 3.7 minutes, and the parameter estimate for ¢ is positive and
small. This suggests that workers learn to be more productive, with most learning happening in
the first 30 or so units of production. However, the 90% confidence interval for ¢ includes zero,
which implies that we cannot reject the null hypothesis of no learning effect. The productivity
model produces an R? of 0.73, which suggests that transitory productivity shocks play a minor,
though non-trivial, role in accounting for variation in log production times.?*

Figure 12 in Appendix A provides a graphical depiction of active productivity heterogeneity.
It displays estimated learning curves (with confidence bands) for the 10" percentile, median, and
90th percentile individuals. After learning has largely ceased, the mean difference between the
10" and 90t percentile workers is a difference in production times by a factor of over 2.5. Down-
time measures are smaller than production times, though transitory shocks play a larger role
since the R? for passive productivity is 0.33. Still, worker heterogeneity in passive productivity
remains significant: the 10" and 90" percentiles of ®; differ by a factor of 4.

For the accuracy model and the labor supply model, goodness of fit is graphically represented
in Figure 13 in Appendix A. Both models achieve a good fit in the sense that the accuracy model
is able to closely predict mean worker-level accuracy rates and the labor supply model estimates
are able to replicate the empirical distributions of daily work times quite closely. To provide
an idea of the relative importance of transitory shocks versus permanent, idiosyncratic varia-
tion, we present some additional numbers as well. We find that mean within-person standard
deviation in accuracy rates is roughly 14.13 percentage points, while the cross-person standard
deviation in baseline accuracy rates is 12.91 percentage points.””> In other words, within the esti-
mated model, permanent worker heterogeneity is quite important, but transitory, within-worker

24R? for the passive and active productivity models is measured by plugging model estimates into log-
transformed versions of equations (1) and (2), and taking the ratio of the variance in the left-hand side to the
variance in the predicted component of the right-hand side.

ZWithin-person standard deviation in accuracy rates is calculated from raw data by taking a weighted mean

29



quality shocks also play a substantial role.

For labor supply, this idea is summarized by 7;, which implies a standard deviation of 1.1974
in transitory labor supply cost shocks. Contrast this to the (weighted) standard deviation of
©;, which is 7.0736. Though at first glance this seems like a large difference, the two standard
deviations are much closer when expressed as fractions of their means. To illustrate, consider
a thought experiment where the average worker type E[©;] experiences a mean labor supply
cost shock E[U'] on a given day. If we reduce that shock by one standard deviation, her supply
costs drop by 58.47% on that day. Alternatively, if we maintain her shock at the mean value,
but reduce her permanent cost type E[®,] by one standard deviation, her supply costs fall by
58.58%. In other words, permanent cross-worker variation in labor supply costs play roughly
the same size role as day-to-day, within-worker variation of determining aggregate variation in
labor supply to the firm. Figure 14 in Appendix A displays the estimated common supply cost
curve and marginal cost curve for the median ©, in the sample.

5.3 Model Estimates: Work Stage Treatment Effects

Table 5 displays point estimates and standard errors on parameters which represent work-
stage treatment effects. The interpretation of these parameters is a measure of how an existing
worker’s behavior changes (holding unobserved characteristics fixed) when she is prompted
about how her work contributes to the firm’s efforts to make the world a better place.

Parameter Estimate P-value Std Error 90% CI

Active Productivity: Ty 0.7577 28 x1074 0.0618 [0,0.840]

(HO : 7; = 1) (one-sided)

Passive Productivity: T4 0.5752 0.0021 0.1158 [0,0.737]

(Ho : 7& = 1) (one-sided)

Accuracy/Work Quality: Ta —0.0154 0.0017 0.0049  [—0.024,0.007]
(H() . 7:1 = 0)
Labor Supply Costs: T 1.0204 0.5166 0.0314 [0.969,1.072]

(Ho: T/ =1)

Table 5: Parameter estimates: Treatment Effects

Our first result is that the firm saw substantial productivity gains from the internal CSR
advertisement. In particular, active production times reduced by 24.2% under treatment, while

Qi i 2 _(i—
g . . QoG +Qniok: i Ry (A ) 1(X15,=1(=0)) . _
across individuals of the following quantity 74; = ~—=aA57-4, where 0, = Qji—1 )=
P T A (X =1G=C)) i
C,N, and where p/);, = — op , j = C,N. In the above formula for ¢4;, 0; is excluded whenever
]

Qji < 2,and when taking the weighted mean of 04; we exclude the single test subject who only produced one unit of
output. The cross-person standard deviation in baseline accuracy rates is calculated as the square root of a weighted

mean of the following quantity (®(©,;) — u Az‘)zr where y ;. is a weighted mean of ®(0,;) (once again excluding
the single test subject who only produced one unit of output). For all weighted means, weights on individual i are
calculated as /Q;, and normalized so that they sum to one.
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non-productive downtime dropped by 42.5%. Both of these shifts are statistically significant.
Given the large speed-up in production of each unit of output, it may be less obvious a priori
what the expected sign of the treatment effects for work quality should be. On one hand, the
CSR treatment may inspire workers to exert themselves in producing accurate output. However,
since they are producing units of output more quickly and taking less rest time in between, it is
also possible, through burnout or mental fatigue, that work quality may fall. Indeed, in the third
row of Table 5 we see a negative point estimate. However, the effect is economically insignificant,
being only enough to reduce mean predicted accuracy for the average worker by about one half
of a percentage point. Taking this result in combination with the previous estimates, we find
that the work-stage CSR treatment substantially increases productivity and that this speed-up
of production is virtually all valuable to the firm.

5.4 Model Estimates: Unobserved Characteristics and Selection Effects

In this section we examine the effect of recruitment-stage variation on the composition of unob-
served characteristics within the firm’s labor force. In doing so, we present several comparisons
to explore the role of selection. We first compute the empirical CDFs of worker types separately
for the subsamples of CSR recruits and neutral recruits. We then run our bootstrap testing pro-
cedure for stochastic dominance, repeating the same process for the subsamples of high-wage
recruits and low-wage recruits. This facilitates a comparison of worker selection on both pecu-
niary and non-pecuniary job characteristics.

A summary of all stochastic dominance tests appear in Table 9 in Appendix A.?® Whenever
the null hypothesis of equality is rejected, we also report the estimated mean percent change
in the relevant characteristic both in levels and as a fraction of a standard deviation within the
subsamples involved in the test. Finally, to assess the magnitudes of combined effects, we sum-
marize two additional stochastic dominance tests in Table 9. First, we compare the baseline
sample of neutral recruits to the CSR sample, where the latter are also subject to our estimated
work-stage treatment effects. Second, we compare the subsample of workers who were neu-
trally recruited and offered a low wage to the subsample of workers who were offered a high
wage and CSR recruited. The first comparison informs us about the combined effects of CSR
selection during the hiring stage and CSR treatment at the work stage, and the latter comparison
explores the combined selection on pecuniary and non-pecuniary job characteristics. We also ex-
amine correlations between unobserved worker characteristics to show how productivity, work
quality, and the value of one’s time are related.

5.4.1 Productivity

Figure 4 displays the distributions of estimated active productivity types ®,. The step functions
are the empirical CDFs used in the stochastic dominance tests, and the continuous curves are
smoothed B-spline representations for display purposes. The first feature one notices is a sub-
stantial cross-worker heterogeneity. Since the unconditional median fixed effect is roughly one,
it follows that the 10" percentile worker averages production times at roughly half of the median
worker, while the 90" averages production times at roughly twice those of the median worker.

26While Table 9 in Appendix A reports the minimum point-specific p-values used to determine the outcomes of
the stochastic dominance tests, the interested reader is directed to Supplemental Online Appendix D for a more
complete picture, where Tables 12 - 19 display point-specific p-values over a fine grid of quantiles.
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Figure 5: Productivity: Combined Effects

Figure 4 also shows how selection occurs on both pecuniary and non-pecuniary variation
in job offers. In the top panel, the Neutral recruited subsample has a distribution of produc-
tivity types that dominate those of the CSR recruited workers. Table 9 contains the results of
our stochastic dominance tests and shows that model estimates indeed reject the null hypoth-
esis of distributional equality in favor of the alternative hypothesis of first-order dominance.
Since lower values of ©, imply more output per unit of time, this means that including a CSR
advertisement in the firm’s job announcement led to an advantageously selected worker pool.

We estimate that CSR-recruited workers have productivity types (i.e., mean production times)
that are 15.14% lower, on average, which amounts to a reduction of 0.261 standard deviations.
As for productivity selection on wage offers, the results (lower panel of Figure 4) are similar
though somewhat less decisive. There is a crossing of the two empirical CDFs at about the 80"
percentile, which results in the null of equality being strongly rejected, though weakly in favor
of the alternative of inequality, rather than a specific dominance ordering. On average, the mean
change in productivity under wage selection is positive, though smaller.

The top panel of Figure 5 shows the combined effects of CSR selection and CSR work-stage
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Figure 7: Productivity: Combined Effects

treatment, relative to the neutral-neutral baseline. Not surprisingly, given the large treatment
effects discussed in the previous section, the difference between these two distributions is even
more striking. The lower panel of the figure shows the combined selection effect of high-wage-
CSR recruits against the baseline of low-wage-neutral recruits. Interestingly, the joint selection
effect is stronger than the sum of the two individual selection margins: together they account for
a 0.548 standard deviation improvement. This suggests that pecuniary and non-pecuniary job
characteristics are complementary recruitment tools.

Estimated CDFs of passive productivity characteristics are shown in Figures 6 and 7. The
level of cross-worker heterogeneity remains substantial, but in this case, the expansive upper
tail of the distribution is particularly striking. Most workers’ types reside on a relatively narrow
band, while workers within the top quintile tend to waste large amounts of off-task time at work.
The selection effects for passive productivity types @, are far less conclusive: the estimated CDFs
have multiple crossing points and achieve enough separation in some small regions to reject the
null hypothesis of equality, but no clear ordering arises.
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5.4.2 Accuracy/Work Quality
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Figure 9: Accuracy Rates: Combined Effects

Figure 8 and the lower-left panel of Table 9 display results on individual work quality fixed
effects. The figure presents distributions of ®(®,), which represent a worker’s baseline average
accuracy rate in the absence of a treatment effect. The step functions represent the empirical
CDFs used in our stochastic dominance tests, and the continuous functions are smoothed B-
spline CDFs for display purposes. Once again, the estimates on worker fixed effects point to
a substantial degree of heterogeneity. Figure 8 indicates that recruiting with either high wage
offers or CSR advertisement leads to a first-order dominance shift toward workers who produce
superior output, which is significant at the 1% level. For CSR, the gains come largely from
the second and fourth quintiles of worker quality and result in roughly a 4% (0.165 standard
deviations) increase in mean accuracy. For high wage, the change is larger at about 13% (0.518
standard deviations) higher mean accuracy. Though these numbers seem somewhat small, we
shall see through our model simulations that they can have a big impact on the firm’s bottom
line through quality control costs.
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In Figure 9 (lower panel) we see once again evidence that CSR and money can be complemen-
tary tools for producing advantageous worker selection. The first-order stochastic dominance
shift for high-wage-CSR recruits, relative to low-wage-neutral recruits, is highly significant and
larger than the sum of the two individual selection effects. The estimated mean accuracy rate
improvement is about 21% (or 0.785 of standard deviations).
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Figure 11: Shadow Value of Time: Combined Effects

5.4.3 Worker Labor Supply Costs

Figure 10 and the lower-right section of Table 9 display summary results on type distributions
of ©;, the shadow value that workers place on their time when making labor-leisure decisions.
Once again, a striking feature of the estimates is a high level of cross-worker heterogeneity. Rel-
ative to the median worker, the 10" percentile worker’s cost of supplying time to the firm is 60%
lower, and the 90" percentile worker’s supply cost is 80% greater than the median. This would
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account for the long upper tail of observed positive work times in Figure 13 (see appendix)
where the 90" percentile (6.46 hours) is 4 times larger than the median (1.61 hours).

Figure 10 depicts selective entry into the worker pool based on pecuniary and non-pecuniary
characteristics. As we noted earlier, selection on CSR recruitment operates similarly as selection
on high-wage recruitment: in both cases the null hypothesis of distributional equality is rejected
in favor of a shift that is generally consistent with first-order dominance relative to the neutral
and low-wage baselines. The main difference is that CSR selection is concentrated among the
firm’s lowest-cost workers (i.e., those who work the most hours), with an overall 3% (0.042
standard deviations) increase in shadow value of time, while wage selection is concentrated
among the firm’s highest-cost workers (those who work the least) with an overall increase of
18% (0.334 standard deviations) in the shadow value of their time.

Figure 11 displays compound labor supply effects. Once again, we see evidence of a comple-
mentary relationship between CSR status and high wage offer in driving worker selection. The
lower pane of the figure shows an impact on workforce composition that is stronger than the
sum of the two individual selection effects. The combined result is that high-wage-CSR recruits
on average have time that is 29% (0.470 standard deviations) more valuable than the low-wage-
neutral baseline.

One might have expected that CSR recruitment would gather a set of workers to the firm
who are more eager to supply their time, but here we see that the opposite is true. When a
prospective worker is faced with a firm'’s offer (w, Xy, Z), if w is increased to some w’ > w, we see
an influx of new workers with more valuable time who are willing to accept the offer under «’
but not under w. In similar fashion, holding w fixed, if CSR recruitment status is increased from
Xo = 0 to Xp = 1 we once again see entry by an additional set of workers with more valuable
time that are willing to accept a fixed wage under X, = 1, but not under X, = 0. In that sense,
worker non-pecuniary CSR status seems to play a role similar to money in attracting workers to
the firm.

At the end of the day, it may not be surprising that CSR-selected and high-wage-selected
workers have more valuable time, given our observations above that these same workers are
also more productive and produce higher quality output. One might expect, therefore, that their
time is more valuable due to better outside options in the labor market, given these desirable
characteristics. This interpretation is supported by results in Appendix A.4.1 where we compute
various measures of correlations among our estimates of unobserved worker traits. There we
find that variation in @p, ©,, and ©, explains 34% of variation in ©,.2

6 Bottom-Line Model Simulations

To conclude our empirical analysis, we present model simulations that capture the impacts of
advantageous worker selection on a firm’s cost structure. For each worker in our sample re-
cruited under wage offer w, we have an estimate of their individual labor-supply cost curve.
This allows us to compute counterfactual outcomes under alternative wage raises w' > w which
are assessed after the hiring stage.?® In order to assess the final impact of selection on wage offer

?Residual variation in @ is partly sampling variability, so the 34% number is an estimated lower bound on the
strength of the relationship between the actual value of time ® and worker productivity (®,, ®;) and quality (©,).
28We only consider ex-post wage raises because labor laws constrain firms from reducing wages after offering a
contract at level w during the hiring stage. Moreover, since wage offer increases at the hiring stage induce compo-
sition effects through entry of extramarginal worker types, an ex-post wage decrease would likely induce attrition.
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and CSR on the firm’s level of profit, we simulated 400 blocks of 10 workdays for each worker
in our sample according to the following 3-step process:

1. We assume the worker is inexperienced before their first day of the ten, and that odd-
numbered days are under Neutral task framing while even-numbered days are under CSR
framing. For each worker, we simulate 10 iid draws from the (parametric) distribution of
labor-supply shocks u to obtain total work time within each day.

2. We then iteratively simulate iid draws from the (empirical) joint distribution of productiv-
ity shocks (u?, u) to obtain production times, until the simulated labor supply time for that
day is exhausted.??*° This determines daily supply of output and per-unit costs.

3. Finally, for each unit of output we simulate from the (parametric) distribution of accuracy
shocks u” and record the implied quality level for the worker in question, on a single field
of the web-form, on each unit of output.

Using this information we measured for subsample j how selection effects mold distribu-
tions of total daily output F,;;(q), per-unit costs, F.. ;(c), and output quality, F,j(a), in absence
of redundancy—that is, where one unit of output is considered to be one worker-image pair. In
many industry contexts, work quality is not simply a second dimension of the production pro-
cess, but rather, it feeds directly into production costs as well. This can occur through creating a
need for costly monitoring and evaluation, or through work redundancy—i.e., having multiple
workers redo the same task and aggregating their results to ensure quality of final output—as
is the case in our data-entry context.?! Therefore, we executed a second simulation to produce
a mapping between single-worker accuracy and the need for different levels of redundancy to
ensure a given level of final output quality.

Specifically, for a hypothetical set of K workers chosen at random from subsample j to eval-
uate a fixed field for the same image, we begin by assuming for simplicity that the objectively
correct response for the field-image pair is 3 out of 5 on the Likert scale. For various values of K
we then simulated 4 x 10° sets of k = 1,...,K random draws, {a;,...,ax}, from the single-worker
accuracy distribution F,.;(a). For each set of K, we then simulate K uniform random numbers
v and code worker k’s response as correct if vacck < g If the simulated response is incorrect,
then we randomly select the answer from among the remaining options according to the empir-
ical distribution of incorrect responses in our raw data.’> We then computed the mode within
each set of K responses and recorded a binary variable for whether the modal response was the
correct one (a value of 3), and averaged across all 4 x 10° observations to get a K-worker modal

2Within a simulated workday, we assume a worker will not exceed her planned worktime from step 1. Therefore,
at the end of her shift, if she finds that she has a few minutes remaining, but not enough to accomplish another unit
of output, we assume that she spends the remaining minutes in downtime, and we add them to the production time
of the last unit of that day. Dropping those final minutes instead made very little difference.

30We found that prolonged learning effects led to unusually low simulated production times for the highest
output workers, toward the end of their employment history. Therefore, after the 200" unit of simulated output we
hold the learning term g~ fixed at a value of 200~ for all subsequent units of output. This learning cutoff allowed
for a close match between the simulated distribution of per-unit production times and its analog in the raw data.

31 As mentioned previously, our field experimental application of data entry with an element of ambiguity is most
closely related to standardized exam scoring by testing firms such as Pearson, ACT, or the College Board.

32Empirically, when the correct response is 3 out of 5, conditional on responding incorrectly, workers tended to
select 1 or 5 roughly one third of the time, and 2 or 4 roughly two thirds of the time. This empirical distribution
was relatively stable across different Likert scale fields. We followed this convention when determining the values
of incorrect responses in our redundancy simulations.
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response accuracy rate. Since different subsamples of workers (e.g., CSR recruits versus neu-
tral recruits) have different distributions of single-worker accuracy rates, this exercise results in
differing levels of redundancy (i.e., K) needed to achieve a given level of accuracy in the modal
response. We present our results for both simulation exercises below.

6.1 Single-Worker Production Costs and Daily Supply (no redundancy)

Our model of labor supply focuses on an individual’s decision to supply her time to the firm, but
the measure most relevant to an employer is not employee time per se, but rather, supply of units
of output to the firm each day. For various reasons, cross-group comparisons on daily output
supply may be ambiguous: some workers are more productive than others, but they also tend to
have higher value of time and therefore supply less of it to the firm. Moreover, a worker’s wage
rate is also correlated with her productivity and labor supply since it induces selection effects.

Suppose a firm wished to solve a cost minimization problem, subject to producing a fixed
quantity of outputs. On one hand, the firm could recruit a set of more productive workers—i.e.,
who produce more output per hour—with high initial wage offers. On the other hand, it could
recruit a set of less productive workers with low initial wage offers, and adopt the strategy
of offering ex-post wage-raise incentives to increase output capacity. How would this choice
affect per-worker daily supply of output, and per-unit production costs? Moreover, how does
the recruitment-stage CSR advertisement affect this cost-minimization calculus compared to a
neutral recruitment strategy?

Recruitment Group: $15 $11 CSR NTR CSR15 NTR11
MEAN DAILY OUTPUT: 52.71 38.10 44.83 48.15 56.17 45.45
% Differences: %A ($15,$11): +38.35% %A(CSR,NTR): —6.89% %A(CSR15,NTR11): +23.60%
MEAN PER-PAGE COST: $0.5552 $0.4356 $0.4732 $0.5530 $0.5000 $0.4462
% Differences: %A ($15,$11): +27.46% %A(CSR,NTR): —14.44% %A(CSR15,NTR11): +12.04%
' CFOUTPUT-EQUIV.RAISE: | ——— R =$287 || R =$063  ——— | - R =$1.89
CF MEAN PER-PAGE COST: -——= $0.5384 $0.4945 -—— - == $0.5192
CF % Differences: | %A($15$11+R*): +3.12% %A(CSR+R*,NTR):  —10.58% %A(CSR15,NTR114+R*): —3.71%

Table 6: Cost and Volume Simulations: Baseline and Counterfactual (no redundancy)

To answer these questions, for each cross-group comparison in our study—i.e., $11 recruits
versus $15 recruits; neutral recruits (NTR) versus CSR recruits; and $11-neutral (NTR11) re-
cruits versus $15-CSR recruits (CSR15)—we compute the counterfactual output-equivalent raise,
denoted R*, needed for the lower-output group to match mean per-worker daily supply in the
other group under baseline wages. We then compare per-unit costs (for a single page processed
by one worker) between the two groups at baseline and under the counterfactual wage raise
scenario. Table 6 reports relevant means, and Figures 22-24 in the suplemental online appendix
display simulated CDFs of daily output, per-unit costs, and per-unit accuracy rates.* In Table 6,
percent changes %A (k, j) = 100 x (outcomey — outcome;) /outcome; are reported, with the convention
that group j (the second argument) is used as the baseline group.

33 Note that all daily output means reported here are unconditional. That is, each worker has positive probability
of logging zero units of output on a given day, and these zeros are included as part of the worker’s estimated supply
curve under a given wage contract. See figure 22 in the appendix.
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For $15 recruits relative to $11 recruits, the former are getting paid more per hour and are on
average more productive. These two effects dominate the fact that they have higher opportunity
costs of time, so that %15 recruits average about 53 processed pages per day, or just over a third
more than their $11 recruit counterparts. However, per-unit costs at baseline are roughly 56
cents, or 27% higher for $15 recruits. An ex-post wage-raise of R* = $2.87 per hour assessed to the
$11 recruits would be enough to equalize mean daily output supply in absence of redundancy.
Since these individuals have (on average) lower value of time, this counterfactual raise is strictly
less than the $4 gap between their initial wage offers. However, it is interesting to note that
R* would nearly equalize per-page costs to the firm, relative to high-wage workers under the
baseline contract, due to cross-group productivity differences.

The comparison between CSR recruits and NTR recruits is somewhat different. CSR recruits
are more productive, but also have more valuable time. The latter fact dominates so that they
produce about 45 units per day on average, or 7% less than their NTR counterparts. An hourly
wage increase of R* = $0.63 per hour for CSR recruits would be sufficient to close this output
gap. The productivity difference results in a more favorable per-page cost among CSR recruits
under both the baseline and counterfactual scenarios. The relevant comparisons for the CSR15
group versus the NTR11 group are naturally between the other two in absence of redundancy.

The per-page cost savings among CSR recruits provide an incomplete picture though, since
they do not factor in the cost of the firm’s CSR operations. Knowing this extra piece of infor-
mation would allow for a more natural comparison to the $11 versus $15 case where the cost of
inducing advantageous selection is explicit. The numbers in the middle section of Table 6 im-
ply that a firm could profitably execute a CSR program, based solely on advantageous worker
selection, given a budget at or below $3.58 ($2.62) per worker, per day, under the baseline wage
contracts (counterfactual wage raise). To put these numbers into context, a constant-returns-to-
scale CSR firm like ours could profitably sustain an annual CSR budget of $1,000,000, if it had
enough business volume to continuously occupy the labor of 766 (1,046) workers or more un-
der the status quo contract (counterfactual wage raise), which we refer to as minimum effective
scale.* This result provides a possible explanation for why larger firms tend to invest more re-
sources in CSR activities: with a larger employee base over which to spread CSR costs and reap
productivity benefits, the per-worker profitability of CSR may be higher as well.

6.1.1 Redundancy Simulations

Our discussion in the previous section implicitly assumed that one unit of output is a single
worker-task pair. This idea is appropriate in many contexts (e.g., retail sales), but in many other
applications, including janitorial work, data entry, and various service professions, the quality
of an individual worker’s output may directly impact the firm’s cost structure. For example, if

34This simple calculation proceeds as follows:

. . _ [/ $1,000,000\]
minimum ef fective scale = [($358x365>—‘ = 766.

We refer to this measure as “minimum effective scale” rather than the more common “minimum efficient scale”
since it ignores the role of human resources costs. If there are non-trivial human resources costs involved in hiring
and maintaining one worker (e.g., payroll, management, etc.), then minimum effective scale serves as a lower
bound on minimum efficient scale under no redundancy, since CSR workers process fewer unique pages per day,
requiring a larger workforce to meet production goals. When redundancy measures are required for quality control
(discussed in the following section), the reverse is true: CSR workers produce more effective output per day, so
minimum effective scale is an upper bound on minimum efficient scale.
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a janitorial worker fails to adequately clean an area of a building, the firm may need to dispatch
a second employee to redo the job. Or, if an exam evaluator does not maintain adequate con-
centration while scoring an essay, the firm may need to increase the number of her co-workers
who re-score the same essay, in order to produce a reliable score. In our data-entry application,
this concept is naturally represented: our Likert scale variables contain some element of ambigu-
ity, requiring nontrivial cognitive effort to process training materials and thoughtfully evaluate
each field for each Google Street View image. Following industry standard practice, we have
adopted the modal response across K independent evaluations as our criterion for determining
tinal output.

Recruitment Group: || $15 $11 | CSR NTR | CSR15 NTR11
REQUIRED REDUNDANCY: K*=5 K*=6 K*=5 K*=6 K*=5 K*=7
“‘”"’ ADJ. MEAN DAILY OUTPUT: 10.54 6.35 8.97 8.03 11.23 6.49
g % Differences: %A($15,$11): +66.03% %A(CSR,NTR): +11.73% %A(CSR15,NTR11): +73.04%
§ ADJ. MEAN PER-UNIT COST: $2.7762 $2.6138 $2.3659 $3.3180 $2.4998 $3.1237
§ % Differences: %A($15,$11): +6.22% %A(CSR,NTR): —28.70% %A(CSR15,NTR11): —19.97%
g ~ CFOUTPUT-EQUIV.RAISE: | —--—-  R*=$503| ——-—  R'=$093 |  ———  R'=$65
§ CF MEAN PER-UNIT COST: - —— $3.7020 - — = $3.5208 - $4.8905
CF % Differences: %A ($15,$11+R*): —25.01% %A(CSR,NTR+R*): —32.80% %A(CSR15,NTR11+R*): —48.88%
REQUIRED REDUNDANCY: K*=8 K* =10 K*=8 K*=9 K*=9 K*=13
*“l““ ADJ. MEAN DAILY OUTPUT: 6.59 3.81 5.60 5.35 6.24 3.50
g % Differences: %A ($15,$11): +72.94% %A(CSR,NTR): +4.75% %A(CSR15,NTR11): +78.54%
§ AD]J. MEAN PER-UNIT COST: $4.4420 $4.3563 $3.7854 $4.9770 $4.4996 $5.8012
§ % Differences: %A($15,$11): +1.97% %A(CSR,NTR): —23.94% %A(CSR15,NTR11): —22.44%
§ ' CFOUTPUT-EQUIV.RAISE: | —-—-  R*=$533| ———  R'=$014|  ——— R =$689
§ CF MEAN PER-UNIT COST: - —— $6.2766 - —— $5.0143 - —— $9.2791
CF % Differences: %A($15,$11+R*): —29.23% %A(CSR,NTR+R*): —24.51% %A(CSR15,NTR11+R*): —51.51%
REQUIRED REDUNDANCY: K*=13 K* =16 K*=13 K* =15 K*=14 K* =22
@l= ADJ. MEAN DAILY OUTPUT: 4.06 2.38 3.45 3.21 4.01 2.07
..lé % Differences: %A ($15,$11): +70.28% %A(CSR,NTR): +7.43% %A(CSR15,NTR11): +94.23%
ﬁm ADJ. MEAN PER-UNIT COST: $7.2182 $6.9700 $6.1513 $8.2951 $6.9994 $9.8174
§ % Differences: %A($15,$11): +3.56% %A(CSR,NTR): —25.84% %A(CSR15,NTR11): —28.70%
‘3 '~ CFOUTPUT-EQUIV.RAISE: | ——-—-  R*=$523| ———  R'=$062|  ———  R*=9847
E" CF MEAN PER-UNIT COST: -—— $9.9963 -—— $8.6129 -— - $17.0441
CF % Differences: %A($15,$11+R*): —27.79% %A(CSR,NTR+R*): —28.58% %A(CSR15,NTR11+R*): —58.93%

Table 7: Redundancy Simulations

Table 7 summarizes the results of our redundancy simulations. We began by defining mode
accuracy rate, denoted A4k, as the probability that the modal response among K independent
evaluations corresponds to the true value (being 3 in our simulations). We then assumed the
tirm wishes to maintain accuracy rates at various levels in the set A* € {%, %, 19—0} and then com-
puted required redundancy as the minimum number K* of independent evaluations which result
in Apyogex- > A*. Given a value of K*, we then compute adjusted daily output by dividing the

output measure from the previous section by K*, and adjusted per-unit cost by multiplying the
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per-unit cost from the previous section by K*. Finally, we repeat our counterfactual exercise by
computing adjusted output-equivalent raises and percent differences for subgroup comparisons.

Table 7 shows that the accuracy differences across subgroups are enough to induce non-trivial
differences in redundancy requirements. For $11 recruits, the firm needs between one and three
extra independent evaluations to ensure a fixed mode accuracy, relative to $15 recruits. For
NTR recruits, the requirement is one or two extra evaluations relative to CSR recruits. This
comparison is even more striking for the combined selection effect: among NTR11 recruits, the
firm requires between two and seven extra independent evaluations to maintain the same mode
accuracy as CSR15 recruits.

Naturally, these extra redundancy requirements shift the cost structure substantially in favor
of high-wage and CSR recruits. Under the status quo contract, per-unit costs across the two
wage groups are nearly equalized, while $15 recruits produce 66%—-73% more output, on aver-
age, each day. Since one employee hired at a $15 wage offer can on average accomplish what
1.66 employees (or more) hired at an $11 wage offer can, with nearly the same per-unit costs, if
fixed costs involved in hiring workers are moderate or high, then it would follow that attract-
ing workers by offering to pay them more per hour may actually be better for the firm’s bottom
line, all things considered. We also note that from the baseline wage contract of $11/hour, the
adjusted output-equivalent counterfactual raises for these recruits actually require pay rates at
or above the hourly rate for their $15-recruited counterparts, with the latter producing counter-
factual per-unit cost savings of 25%-29%. The broad lesson from these numbers is that, if work
quality has a direct influence on the firm’s cost structure, it may be more advantageous to recruit
a higher-productivity, higher-quality workforce with high initial wage contracts, than to accept
lower-productivity, lower-quality workers in exchange for promising lower wages.

As for the individual impact of selection on CSR, the redundancy requirement is enough
to reverse the output ordering between the CSR and NTR groups, with the former now being
5%-12% ahead in terms of adjusted daily output. This change then further magnifies the cost
difference, with CSR workers” output now being 24%—-29% less expensive under the status quo
wage contracts. Redundancy also expands the scope for CSR expenses to be profitable: under the
status quo contracts (counterfactual wage raises) a firm can profitably operate a CSR program
on a budget of between $6.67-$8.54 ($6.88-$10.36) per worker, per day. This brings the viable
firm size for a profitable $1,000,000 annual CSR budget down considerably (see Table 8), with a
conservative estimate being 411 workers or more.

Group Comparison — CSR vs NTR CSR vs NTR CSR15 vs NTR11 CSR15 vs NTR11
(status quo)  (output-equivalent) (status quo) (output-equivalent)
Case | (raise CF) (raise CF)

Minimum Effective Scale (# workers),
NO REDUNDANCY: 766 973 0 2,541

Minimum Effective Scale (# workers),
MODE ACCURACY= : 321 265 392 103

Minimum Effective Scale (# workers),
MODE ACCURACY= %: 411 399 338 92

Minimum Effective Scale (# workers),
MODE ACCURACY= 1%: 371 323 243 69

Table 8: Minimum Effective Scale for Annual CSR Budget of $1,000,000
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7 Concluding Remarks

The “business of business is business” has been a mantra associated with Milton Friedman for
nearly half a century. Having articulated his view in a 1970 New York Times article, that the only
responsibility of business was to increase its profits, he described contrarians as “puppets of the
intellectual forces that have been undermining the basis of a free society.” Today, over 90% of
major businesses have specific programs dedicated to corporate social responsibility, and many
CEOs trumpet their organization’s commitment to social engagement. Critics view such facts as
strong evidence that Friedman was wrong. But was he? A narrow interpretation of Friedman
certainly has proven incorrect, as the business world has evolved in a much more social manner
than Friedman likely anticipated. This does not, however, mean that CSR is necessarily at odds
with maximizing profits.

This study takes a systematic approach to exploring the supply-side effects of CSR. A great
deal of previous empirical scholarly exercises have focused on the demand side with mixed
results. This has led to hotly-contested debates in corporate law, business ethics, economics, and
the social sciences more broadly. Our study combines theory with a natural field experiment
to explore how a firm can use CSR to impact its labor supply and subsequent effort levels and
productivities of workers. In this way, our study is unique in that we begin with a well specified
model of CSR and estimate its behavioral parameters using a field experiment.

Our results are generally positive for CSR, in that practical, market-based approaches can be
used to affect the supply side of business. For instance, advertising the firm’s CSR endeavors
during recruiting increases the application probability by nearly the same amount as an increase
of hourly wages from $11 to $15. In addition, CSR selection works to improve productivity,
quality-adjusted supply of output to the firm, and per-unit production costs. Conditional on
being employed by the firm, a work-stage internal CSR advertisement campaign increases pro-
ductivity of all workers by speeding up production outside of break time, and reducing workers’
propensity to take elective breaks between productive tasks. Importantly, there is no meaningful
concomitant decrease in product quality.

We conclude that CSR should not be viewed as a necessary distraction from a profit motive,
but rather as an important part of profit maximization similar to other non-pecuniary incentives
offered to the firm’s labor force. Our results highlight that the real challenge for CEOs is not
whether CSR should be used, but what are the best social innovations to put in place. We view
our work as only a start on how to leverage economic theory and field experiments to lend
insights into CSR and non-pecuniary worker compensation generally. Future work will refine
our approach and utilize different forms and incentives of CSR to provide a more complete
understanding of both the demand and supply sides of the market.

Finally, of independent interest is our finding that, taking quality control and productivity
into account, a firm'’s cost structure may actually improve with higher wage offers to its poten-
tial work force during the recruitment process. In particular, the resulting set of employees may
compensate the firm for their more expensive time by consistently producing more and better
output. Of course, this is also not entirely unrelated to the CSR theme: as Wren (2005) points
out, the earliest known instances of CSR date back to the 19"-century industrial welfare move-
ment which aimed to improve labor conditions for workers. A core finding of this study is that
more sustainable and/or socially conscious business practices may not be at odds with profit
maximization after all. Indeed, sprinkled throughout nearly every aspect of our results is the
notion that important complementarities exist between CSR and wage offers, both in selection
and motivation of workers.
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A Appendix: Additional Figures and Tables

A.1 Estimated Learning Curves
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A.2 Model Fit
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A.3 Common Labor Supply Cost Function
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A.4 Stochastic Dominance Tests: Summary Table
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A.4.1 Correlations Among Worker Characteristics

We conclude our discussion on unobserved worker characteristics with an examination of the
correlation between productivity, work quality, and the value of one’s leisure time. Table 10
contains a summary of the estimated pairwise linear correlations between log(©,), log(®,), ©,,
and log(®;). In order to aid interpretation of the magnitudes in the table, we also report two
additional measures of the relationships between worker characteristics. Since Pearson’s corre-
lation measures linear co-movement between two random variables, we also computed Spear-
man’s rank correlation coefficient, which is essentially Pearson’s correlation measure applied
to the quantile ranks, or Corr [Gj(©;), G¢(©)].*> This alternative measure allows for non-linear
co-movement between ©; and ©y.

We also compute several measures relating to the predictive power of productivity and work
quality on the value of one’s time. Specifically, we first report the combined R? of a weighted
regression of the following form:

log (@) =79 + 1108 (@) + malog (©i)° + malog (O) + slog (O4;)” + 75Oy + 76O (18)
+ 117108 (©yi) log (O;) + 1slog (Opi) Opi + 19l0g (Oy;) Oy + ;.

In addition, we report individual partial—R%j measures, j = p, d, a, using only the linear, quadratic,
and intercept terms in the j* control, one at a time. Finally, we report partial-R? pao Which is the

goodness of fit measure from a regression of log (©;;) on only the interaction terms from (18) and

an intercept. When interpreting the numbers in the table, it is important to keep in mind that,

due to first-stage sample variation—that is, due to the fact that we must estimate correlations

and predictive power using estimated worker types @ji, j = p,d,a,1, rather than a sample of direct

observations of worker types @ji, j = p,d,a,l—we must confront a measurement error problem

which attenuates correlations and R?> measures toward zero. Thus, one can think of the figures in

the table as providing an approximate lower bound on the strengths of the various relationships

they represent.

PEARSON’S SPEARMAN’S PREDICTIVE
LINEAR CORRELATIONS RANK CORRELATIONS POWER

log(®,) log(®,) O log(©;) 0, 0, O (O] Measure Value
log(®)) 1 05818  -0.1571 -043% | ©, | 1 05357 -0.1966 -0.2153 || R? (combined) | 0.3407
log(®;) — 1 0.0683  0.0223 || ©4 | — 1 0.0767  0.1214 R} (partial) | 0.1494
ch — — 1 00727 || @, | — — 1 0.0469 R?, (partial) | 0.0202
log(©®;) — — — 1 o | — — — 1 R}, (partial) | 0.0093
R} 4, (partial) | 01220

Table 10: Correlations and Predictive Power

The table shows that active productivity is strongly correlated with the other three charac-
teristics, both in levels and in ranks. Recall that one’s productivity in the active (passive) sense
is decreasing in ®, (®,), whereas accuracy and the value of time are increasing in ®, and @, re-
spectively. Therefore, the signs of the estimated correlations suggest that workers who are more
productive in the active sense also tend to be more productive in the passive sense. They also
tend to produce higher quality work, and have more highly valued time. The remaining pair-
wise correlations are smaller and weaker. In terms of predictive power, a quadratic polynomial

35 Appendix B.4 contains explicit formulae for our correlation measures.
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in the productivity and accuracy variables is able to explain 34% of the variation in the value of
one’s time.* The partial R numbers indicate that active productivity is the most important sin-
gle variable for predicting the value of worker time, but that interactions among the productivity
and work quality characteristics play an important role as well.

B Estimation Technical Details

Here we present the full technical details of our structural model estimator. In doing so we lay
out an extended methodology which allows for estimation of treatment effects that are hetero-
geneous by worker observables. This is to demonstrate the level of generality our framework
can accommodate for researchers studying non-pecuniary job traits in broad settings where het-
erogeneous treatments are more central than in our empirical application. To fix ideas, suppose
workers differ by a binary observable characteristic, such as gender.?” We chose gender as an
illustrative example partly because it was one of few demographic variables that were easily
verifiable, and partly because several existing studies on valuations for non-pecuniary job char-
acteristics focus on schedule flexibility, for which it is reasonable to assume that preferences may
vary by gender (e.g., single mothers may place a relatively high value on flexibility). However,
there is nothing particularly crucial about gender in a methodological sense. A similar approach
could be applied straightforwardly to any categorical worker observables.

Let F; denote a dummy variable equalling 1 if worker i is female, and 0 otherwise. For active
productivity, passive productivity, and leisure preference—the components of the model where
treatment effects enter multiplicatively—we re-define gender-dependent treatment effects as

Tji =B x Bp j=p.d,l.

Under this setup, for each j = p,d,l, B; represents the baseline treatment effect on males for
whom F; = 0. For females, the treatment effect is g; x B, where the latter term in the product
is a female treatment differential. For accuracy, we analogously re-define gender-dependent
treatment effects as

Tai = Ba + FiBay-

Similarly as above, B, represents the baseline treatment effect on males, while for females it is
Ba + Bas, with the latter term being interpreted as a female treatment differential.

B.1 Productivity Estimator

If we consider two subsequent units of output g; > 2 and g; — 1, we can use equation (8) to form
the log difference in time required to produce each of them:

In <T:‘71) = I <q‘71> + (In(By) +In(Byp)F) (Xig, — Xaggo) + (), —€b ). (19)

36 Adding cubic terms only increases R? by about 2%.

%The interested reader is directed to a supplemental online appendix D where we present model treatment effects
allowing for heterogeneity by gender. There our overall results are similar, but we find that the productivity gains
(in both the active and passive senses) from work-stage treatments are higher for male workers, who are on average
substantially less productive than their female counterparts at baseline. One possible explanation for this is that
male workers are further from their production possibility frontier at baseline. Productivity treatment effects are
advantageous to the firm and statistically significant for both genders, but under treatment the gender productivity
gap (with males lagging behind) is no longer statistically significant.

5



Recall that treatment status is held constant within each period ¢, so for the majority of outputs
produced by worker i we will have Xj;, = X;(,,_1) and the second term on the right-hand side
will drop out. With that in mind, equation (19) leads to a straightforward estimator for 4:

b [in () /10 ()] 2 (X = X & 0> 3)
Vi Z,%.":l 1 (qu,- = X151 & gi = 3) .

[SON
Il

(20)

For treatment effects, our approach is also intuitive, though notationally intense: with our
estimate § in hand, if we take an average of the quantity In(t;,) + dIn(g;) within CSR-treated
days and neutral days separately for each i, then equation (8) and Assumption 3 imply that the
difference between the control mean and the treatment mean will reflect the treatment effect. To
implement this idea, we first define Q¢; = Zq L 1(Xy, = 1) and Qn; = Zq ", 1(Xy,, = 0) as the
number of units of output produced on CSR-treated days and Neutral days, respectively. We
also define mean shocks to production time as

Q; Q;
Zq 1 gq,ﬂ(xlq, =1) . qu 1 sq,ﬂ(xlq, =0) .

e, = Qci ifQci >0  ,ng ey = Qni if Qi > 0

otherwise, otherwise.

Whenever Qy; > 0 and Q¢; > 0 for the same individual i, we have Y%, — Y&, = In(8 )+
In(Bpf)F + (eF; — &%), where

Q5 lfQ]'l'>0 jZC,N

o sz’_f: L[In(zg,)+8n(g:)]1[X10,=1(j=0)]
Y]l = .
0 otherwise,

represents mean log production times (net of learning) for i under treatment condition j = C, N.
This sets up a straightforward least squares estimator for treatment effects:

B 2
[ ﬁﬁp] —exp | argmin {Za} (ya ~In(B,) — 1n(f5pf)pi) } , 1)
Pf n(By)In(Bp)]" Li=1
where we use the standard inverse variance sampling weights given by
S S— if i >0& >0
N e B
0 otherwise.

Next we estimate the baseline initial production time 7; and fixed effects {©,,;}!_,. If we let
Zh =In(1y,) + 6In(q:)1(g; > 2) — Xy, [In (By) +1In (B,f) F;], then since E[e}] = 0 we have

. i ro, zh
= exp |:lezcgllq (22)
and o
" (Z) —In(%
@pi:exp |:qu ( 0; <T1)):| ,1=1,...,L (23)

I

38Here we use the standard pooled variance formula to calculate var (?& - ??H) in the sampling weights.
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B.2 Accuracy Estimator

As in the case of productivity, we will construct a differencing estimator for accuracy. In this
case, however, we need to make some adjustments to cope with non-linearity in parameters
introduced by the CDF @(-). We begin with a difference equation for the treatment effects g, and
Bas. We then back out individual fixed effects ®,;, given known values for treatments.

Note that for all of i’s units produced under the same task framing, the treatment effect is
constant. Let i’s within-treatment empirical accuracy rate be defined as

YO 1A =1 & Xy, =1(j=C)] . , _
gi=1 114 > g if Zg;lﬂ[xl% =1(j=C)] >

0 otherwise.

Oi—cnN,

>~<
Il

Whenever both Qy; > 0and Qc; > 0 for the same individual i we have @' (Pr[A,, = 1|X1,, = 1]) =
Oy + Ba + BagF and @1 (Pr[A,, = 1|Xyq,, = 0]) = ©,;. If we substitute the empirical analogs of the
left-hand sides of these equations and difference them we obtain

E [qu (Y‘éi) 4 BCoi — @71 (??W) - BCNl} — Ba + BasF

where the expectation is taken across individuals i and the BCj;, j = C, N are known bias cor-
rection terms (discussed below) to adjust for finite-sample variability of the empirical accuracy
scores Y;Z-. Thus, accuracy treatment effects are estimable via a simple least squares routine:

[Bo,Bos]” = argmin { Yt (071 [7] 4+ B — 1 [Tag] — BOwi— o — BurF)’
[,Ba,ﬁ,,f]T i=1 (24)

<1[(Qc: > 0) & (Qui > 0)] }

where the w?’s are inverse variance sampling weights given by®

u/l\ ifQCi>O&QNi>O

i“ = { var [<1>*1 (?C,) —®-1 (7;\,,)]
0 otherwise.

w

As for fixed effects and selections, let ﬁf]kl denote the empirical mean accuracy score for a
person of gender k = f,m, hiring treatment group r = C, N, on days where task framing treatment
j = C, N is in effect. Specifically, this is defined as

. 2221 1 [(Aql:l) & (F=1[k=f]) & (Xoi=1[r=C]) & (X1, =1U=C])}

_ if Ok..>0 .
Qi = o Q>0 k=f,m; r=C,N; j=CN,

0 otherwise

%Here we use the standard pooled variance formula to calculate var [CID*l (?éi) — -1 (Y?\h)} in the sam-

pling weights. Moreover, we calculate the variance of ®~! (Y'J

ﬁ) using the delta method, the inverse func-

tion theorem, and standard properties of the sample mean for Bernoulli random samples: var [Cb_l (Y;I)} ~

1 Yi(1-Yi)\ .
<¢<Yz->2> (Bt )i =




where Q’r‘]l = Z [(Fi =1k = f]) & (Xoi = 1[r = C]) & (X3, = 1[j = C])} is the total number of
units produced by person i, given his/her gender k and hiring treatment r, under task framing
treatment j. By similar logic as above, it follows that we can estimate individual fixed effects ©,;
for individual i with gender k and hiring treatment r using a simple weighted average for each

i=1,...,I

k k k k
QrCi+QrNi Q7C1+QrN1

O, = [Q’r‘a (@71 [0 + BClei — o — Basllk = 1) + 5% (7! [QerthrN,)]. (25)

B.2.1 Bias Correction

A problem that remains for the above estimator is the fact that the empirical accuracy rates (the
Y’s and Q’s) above are subject to finite-sample variability, and E [®~1(Z)] # ®~! (E[Z]) for any
random variable Z, due to the non-linearity in ®. However, one can use the known functional
form of ® and the statistical properties of sample means to correct for the bias. The empirical
accuracy rates are sample means from Bernoulli random variables, so the central limit theorem
provides us with a sampling distribution theory. Specifically, if {an} ", is a random sample of
Bernoulli observations with mean p, then the sample mean A = Y\ ;a,/N is (approximately)
normal with mean p and standard deviation p(1 — p)/+/N. Using this information, one can com-

pute the expectation
p(d—p)
/CD (t0,1) (tp, ~ )dt

This expression allows for the researcher to implement a finite-sample bias correction through
substitutions such as ®~! [A] + BC ~ E [®~! (A)] in equations (24) and (25) above.

B.3 A Two-Stage Labor Supply Estimator

As a dimension-reduction measure, we begin by adopting flexible but finite-dimensional para-
metric forms for several objects in the model. We specify the functional form of the cost function
c(+) and the conditional work time distributions Gy, Gy, @s B-spline functions. B-splines are
convenient tools for parametric curve fitting that combine the most attractive properties of both
orthogonal polynomials and piecewise splines. Like polynomials they are computationally con-
venient, being linear combinations of globally defined basis functions which can be constructed
to fit any continuous curve to arbitrary precision. Similar to piecewise splines, they are much
better behaved than global polynomials, being locally low-dimensional and facilitating shape
restrictions easily through parsimonious linear constraints on their parameters (see Hickman
et al. (2016) a brief primer on B-splines and their application to empirical microeconomics).

In order to define a set of B-spline basis functions, one must first specify a fixed partition of
the relevant (compact) empirical domain [k, k] = [min;;(h;;), max;(hi)]. The set of points which
establish cutoffs for the subintervals in the partition is referred to as a knot vector. For the cost
function, we choose a knot vector to partition the support of work times into K. subintervals,
denoted k. = {kq = h < ko < --+ < kex.11 = h} and for the conditional work time CDFs we
choose a partition of K, subintervals, denoted k;, = {ky = h < kjp < --+ < kpx,+1 = h}. These
in combination with the Cox-de Boor recursion formula (see de Boor (2001)) uniquely pin down
a set of globally-defined basis functions Bj : [k, h — R, k = 1,...,K;+3, j = ¢,h, which are



twice continuously differentiable and are mathematically equivalent to cubic piecewise splines
with continuity and differentiability conditions imposed at the knots.** The parameterized B-
spline functions themselves exist as linear combinations of their respective bases: CA§H|w1 (h; ) =
th;rs o Bl (h); éH\wz(h? y) = 2}1{@1?3 70 By (h); €(h; 7€) = Ly e By ().

In order for the first two to constitute valid CDFs we need to impose a number of requisite
shape restrictions such as monotonicity, boundary conditions, and stochastic dominance, and for
the last one to be a valid cost function we need to impose monotonicity, convexity, and a bound-
ary condition. One of the virtues of B-splines as a parametric form is the ease with which such
information can be readily incorporated into a remarkably flexible functional form. By construc-
tion, a B-spline function is monotone if and only if its parameters are ordered monotonically.
Thus, the monotonicity conditions are equivalent to imposing the following linear constraints on
the parameters: 7, < 7, ,,), Vk=12.,K+2, j=12and mf < 7., Vk=12,.. K +2.
Similarly, for B-spline functions with a common knot vector (and therefore common basis func-
tions as well), ordering of the functions themselves is equivalent to a simple ordering of their
parameters; that is, stochastic dominance is equivalent to 7%, < nf\, Vk=1,2,..., K, + 3. Bound-
ary conditions are also a simple matter, involving equality constraints on the first and last pa-
rameter values: 7}, = 7}, = 0, 7}y .3 = 75, 5 = 1, and 7if = 0. The remaining boundary
derivative and convexity conditions are also imposed on the functional form via an additional
set of parsimonious linear constraints.

With that, our estimator follows a two-stage process which closely tracks the logic of the
identification argument. In the first stage, we smooth the empirical conditional work time CDFs
with our B-spline forms. In the second stage, we choose the parameters of the cost function
and shock variance to minimize the distance between our empirical CDFs with their model-
generated analogs, and then we use these to recover the remaining labor supply parameters
which are all nonlinear functions of ¢; and ¢(-).

B.3.1 Stage I Estimation

we begin Stage I by collecting all positive work time observations for contract w; and w, into
subsamples S; = {H; : Hi >0, W; = w;} and, shifting notation from the previous subsection

somewhat, re-define S, = Syo U Sy, where

Sno = {Hﬁ ‘Hy > 0,i€ {n Wy = w), Xow = 0, Ho" > G (P‘Nzy_}”“)} } and
N1

(26)

Ser = {Hit :Hy >0,i € {n Wi = wa, Xon = 1’H’Sz - é\%%z (ﬂczﬁ_VCl)} }’
C1

are the empirical selection-corrected samples of positive work times under wage w,. In the
above expression, for subjects assigned to recruitment group j = C,N, and wage offer group

A

k = 1,2 (henceforth, “group jk”, fljx is the empirical fraction of all potential applicants who chose
to formally apply for the position, Hﬂk = Y[, Hy/T is the within-person sample mean of work
times for hired workers from group jk ( for completeness, H{k = 0 if i was not assigned to group

#0Each cubic basis function is nonzero on at most 4 subintervals of the partition, though some basis functions are
nonzero on fewer than four. Conversely, for each subinterval in the partition there are exactly 4 out of K; + 3 basis
functions that are nonzero and therefore wield a direct influence over functional fit on that subinterval.



jk), and ‘
R I 1 (Hﬁk < x)
G (x) = .
i 1:21 L1 (X =1(j = C) & W; = wy)

is the empirical CDF of mean work times for group jk. For notational simplicity, let S; and S,
denote the sample sizes of the sets S1 = {h11, 1o, ..., g, } and Sy = {hy1, oo, . . ., hps, }, respectively.

Intuitively, from the perspective of stage one estimation, we view each positive work time
as if it were an independent observation of a single workday for a distinct individual with type
®;s = 0,7, ""ul, for some i, t and contract j. We then choose the B-spline parameters to provide a

constrained, least squares, best fit to the empirical CDFs of S; and S, @gj(x) = ZSS]: A (hjs < x) /
S;.*! This idea implies the following estimator for the B-spline CDF parameters:

o T T REPUBNE
7%121 = argmin Z [GH\wl(hls;nl)_G51(h15)] + Z [GH\wz(hZS;nz)_Gsz(hzs)}

hlsesl h25682
subject to :
7'(;7,( < n;?(kﬂ), Vk=1,2,..,Ky,+2, j=1,2 (monotonicity) (27)

mh <, Vk=1,2,..,K,+3 (first—order dominance)
mh = 7l =0, (initial conditions) and

h _ h _ . oy
T k,+3 = Tok,+3 = 1 (terminal conditions).

B.3.2 Stage II Estimation

With the work time CDF parameters in hand, the second stage estimator uses this information
to recover the cost function parameters 7¢, the labor-supply shock variance o;, the treatment
parameters B, = [B;, B, and the worker-specific supply cost types ©;, = [©y,...,0;]". To do
so, we construct what we refer to as a “counterfactual estimator” which derives directly from
equations (11) — (16) above.

To begin, let 0 = On,...,0 I,q]T denote the subset of test subjects whose work-time data
survived the trimming rule in equation (26), and assume without loss of generality that the final
n test subjects in the full list did not. We denote the model-generated analogs to the empirical
work time CDFs by CH‘wj(h; o, %, B, ©;), j = 1,2, and we construct them through the following
process:

For each individual i = 1,...,I — n we can characterize the distribution of her positive work
times under wage j = 1,2 implied by a (¢;, ¢, B;, ®;;) quadruple on CSR days and Neutral days
as

ZU]' .
In® (@;ﬂ;@’(hi;n‘c)"’l)

In® <%llz ;0 1>
In® <W ;0’l>

In® <g—111 ; (7,) '
41In stage 2 of estimation, it will be necessary to evaluate the CDF of positive work times at arbitrary domain

points, which is why we cannot directly carry the empirical CDFs through without smoothing them using the
B-spline forms.

G, x,—1 (i X1 = 101, 70, B, ©p) = 1 — , and

(28)

Gy x,=0 (hil X1 = 001, 7T, By, 1) = 1 —

10



respectively. As before, In®(-;0;) denotes the CDF of the lognormal distribution of labor-supply
shocks (with location parameter y = 0), and note that the right-hand sides of the equations above
characterize the distribution of shocks after truncating the support at the cutoff (i% above which
the corner solution of H;; = 0 obtains. Note also that the above expressions imply four equations
for each worker i: two which were in effect under the actual wage W; = w; she was offered,
and two counterfactual equations which would apply if she had been offered w; # wy instead.
However, since the difference in her work times depends only on the prevailing wage, both her
actual work distribution and the counterfactual distribution can be characterized.

Because of the fact that half of her work days are under treatment condition X;;; = 1 and the
other half are under X;; = 0 (by design), we can further characterize i’s model-generated work
time CDFs conditioning only on wage j = 1,2 by

. G, x, =1 (hil X1 =101, 7 B0y )+ Gy 1y, —0 (i1 X1 =007, 70,81.0y; )
GH,-\w]-(hi;(Tz,ﬂc,ﬁz,@zi): i — ! , j=1,2. (29)

Once again, note here that we get two equations for each i; one to cover her actual wage treat-
ment, and another to cover the counterfactual scenario where she was offered the other wage
instead. Finally, for a given guess of the parameter values (0;, 7°) we can compute from these
equations for each Hj; > 0 the aggregate model-generated work time distributions:

I—
Zi:lq GHi|zvl (h/ a1, n:cl ﬁl/ ®li)
! (30)
I—q . c
Zi:] GHi|w2 (h/ Ul/ T 7 ﬁl/ ®li)
I

Wit that definition, the last thing we must do is define a grid of L domain points, {h«, he, ..., her },
spanning the work time support, at which convexity of the cost function will be enforced. This
sets up the second-stage empirical objective function where we select the relevant parameter val-
ues to satisfy the empirical analogs of the moment conditions in equation (12) and to optimize
tit between the empirical and model-generated work-time CDFs:

Grijw, (h; 01, 72, By, ©1) =

GH|ZL)2 (h/ o1, T[C/ ﬁll él) =

o
7t ) ~ R .. . ~ 12
~ | = argmin ) {Gmwl(hs;rrﬁ’)—GH‘wl(hs;Ul,n,ﬂl,G)l)}
ﬁl ]R3+L+Kc+3 hs 651 uS,
@l ++
~ . _ 12
¥ |G (15 73) = Gy (hsi o1, 7, By, ©1)|
hseS51USy
1 5 W, 2
+ E. U—h’l( & >+ln®i +lnT>]1HZ-':5 >0
L. 1 (B ) 10 (i ey ) @)+ D)) A Ha59) >0
I 5 W, 2
+ E. 0'—11’1( ; )—Hn@i)]lHi':S >0
;;( (%) (1) o (H (75); 779 (@) ) 1(Hyi(j5) > 0)
subject to :

T < nfkﬂ), Vk=1,2,..,K.+2, (monotonicity)
' (hj; ) >0, Vj=1,2,..] (convexity)
c'(0; %) =1 (boundary condition)
Q;>0,i=1,...,I; B>0; Bif>0; o >0 (positivity).
(31)
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In the objective function above, note that only test subjects who survived the trimming rule (26)
enter into the CDF fitting criterion (first two lines), whereas all test subjects” data contribute to
the moment conditions of shock order statistics (third and fourth lines). Intuitively, this is be-
cause matching the shape of the positive work time CDFs for the trimmed sample of individuals
primarily pins down ¢; and the common cost function ¢(-; ), but if these objects are known,
then all workers’ cost types ©); are identified and estimable by matching the moments of the
shock order statistics in equation (12).

Note that implementing the estimator in equation (31) is computationally difficult, as it re-
quires a solver to search through a (3 + L + K. + 3)-dimensional space for the optimal parameter
values. However, a mathematically equivalent approach would involve sequentially choosing
values for the shock variance 0; and cost function 7¢ during runtime, and then for each guess
at these values, solving for the treatment parameters g, and fixed effects ©, as functions of the
tirst two using equations (12). This sequential approach involves a small increase in computing
time per iteration, but comes at the benefit of greater numerical stability, fewer iterations, and
less tendency to become stuck at local optima. These benefits are due to the fact that the solver
need only search through a (1 + K. + 3)-dimensional space, and the shape constraints on the cost
function now only indirectly interact with optimal choice of the treatment and fixed effect pa-
rameters. Econometrically, the simultaneous and sequential approaches are the same, as they
both optimize an identical set of empirical moment conditions.

B.3.3 Practical Concerns

In order to complete the definition of the labor supply estimator, some discussion of knot choice
is in order. There are three B-spline functions to be estimated: the work hour distributions
Grifw, (15 7T), Gjw, (; 774), and the cost function, ¢ (i; 7). The former two depend on B-spline
basis functions defined by a common knot vector k;, and the latter depends on another knot
vector k.. Choice of number and locations of knots is crucial for the statistical performance of
the estimator.

We chose to locate the knots uniformly in quantile rank space, so as to evenly spread the
influence of the data points across all parameters to be estimated. That is, if the number of
sub-intervals of the domain spanned by the knot vector is K, then we spaced the knots at the

100 x K%rlth empirical quantiles, for each j = 0,1,2,...,K + 1. For the distributions of work hours,
there are long upper tails, so we modify this basic rule by inserting an additional knot at the
midpoint between the upper two knots chosen by the above rule.

Once this convention is established, the only remaining choice is how many knots. For the
work time CDFs, we chose K, = 5—that is, knots chosen at the empirical quartiles, with an
extra knot at the midpoint of the upper quartile—and for the cost function we chose K. = 7
(with locations chosen similarly). This resulted in six free parameters each in the vectors
and 7% (eight parameters total, with two boundary conditions), and nine free parameters in the
vector 7¢ (ten parameters total, with one boundary condition). We settled on these numbers
for our empirical implementation because adding further knots did not make any appreciable

difference in the model estimates.

B.4 Type Distributions

The final step in our empirical implementation is to obtain estimates of the distributions of
worker characteristics G,, G,, G;. The main difficulty here is that the sample of observations

12



to be used for this part {(:)p,', O, (:)li} {:1 are estimates themselves. In particular, due to the unbal-
anced nature of our panel data, some fixed effect estimates are more precisely known than oth-
ers. For that reason, we construct weighted empirical CDF estimators G, (x) = Y/, 7/ 1(8,; < x),
Ga(x) = X1 71(®, < x),and Gi(x) = Y, 7/1(®; < x), using sample weights given by

) ) T )
;7117 — ﬂla = IQCZ + QNZ , and 171[ = Izt:lT]l(Hlt > 0) ) (32)
Yi—1Qcj + Qn;j Y- i1 1(H;t > 0)

We also wish to learn about the correlation structure in the joint distribution of worker char-
acteristics, G,,. Using the weights defined above we can also define weighted Pearson’s linear
correlation coefficient estimators as follows:

Covllog(® p), O

©y)
\/Varllog(©,)]Var(©,]
Coullog(©,), log(©))]
]
(

/4

(io?r[log(G)p), 0, =

Corr[log(®y), log(®))] = , and (33)

|/ Varllog(®,)]Var[log(®))]
Cov[@a,log 0))]
\/Var [Var[log(©,)] ’

Corr [©,,10g(0))]

where

n! + 1! <log(@ ) — E[log((@p)]) <@a — f[@a]> ,

P

'M~

N
Il
—_

Covllog(®)), O] =

Nl

i

I
™1~

‘|‘N

Covlog(®,), log(®))] (108(8,) - Ellog(©,)]) (log(®y) — Ellog(©y)]),  (34)

N
Il
—_

7!

M~

Cov[@a, log(©))] =

7 (10g(®)) ~ Ellog(®1)]) (@, — El@4]),

N
Il
—_

and where the E[]’s and Var|[-]’s are the familiar weighted expectation and variance estimators.*2
Alternatively, we may wish to examine rank correlations among the various worker character-
istics, using Spearman’s rank correlation coefficient. This we do in the same way as above, ex-
cept that in equations (33) —(34) we compute weighted correlations of (weighted) quantile ranks
(ép (@m) ’ éd (@di> ’ Gu (@m’) ,é\l <@ll)> instead.

Before moving on, one caveat of the type distribution estimators is worth mentioning. Be-
cause they are based on a sample of stochastic observations—that is, the available data for esti-
mating the type distributions are estimates of worker characteristics, rather than the actual values
of the workers’ characteristics—we effectively have a measurement error problem that will in-
duce attenuation bias in some estimates above. The sample weights used above help to mitigate
the problem by relying most on the more precisely estimated datapoints, but it cannot solve the
problem entirely. In particular, the estimated CDFs will tend toward over-estimating variance,
and mean differences (across subsamples), covariances, and correlations will be biased toward
zero in finite samples. Thus, the point estimates we derive on mean differences and correlations
from the above method can be thought of as conservative lower bounds.

42Because the correlation coefficient seeks to measure the strength of a linear relationship between two random
variables, we take the logs of productivity and leisure preferences in order to put them into a linear scale first.
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B.5 Asymptotic Theory and Inference

One nice feature of our estimator is that it falls within the class of GMM estimators, since each
parameter is essentially chosen to match specific empirical moments from the data. Therefore,
established GMM asymptotic theory applies. For the productivity and accuracy models, stan-
dard econometric theory establishes asymptotic normality of un-balanced panel data estimators
(see Wooldridge 2001). For the labor supply model, two alternative views are possible. One
can consider the B-spline CDFs and cost function to be fixed parametric forms that will not be
altered—i.e., the knot vectors (and therefore the basis functions as well) will be held fixed—as the
sample size grows. Under this view, the same panel-data asymptotic theory once again applies.
Alternatively, one could think of them as sieve type estimators, meaning that as the sample size
grows, the researcher will gradually add additional knots until in the limit as the sample size be-
comes infinite the knot vectors will become a dense set on the relevant domains and the B-spline
functions will therefore become arbitrarily flexible everywhere. This view complicates matters
somewhat, but a recent econometric literature on sieve estimators has established asymptotic
normality of the model parameters and pointwise asymptotic normality of the sieve functionals
(see Chen (2007) and Huang (2003)).

The main caveat to recognize, given the unbalanced panel structure of the data, is which
dimension governs the asymptotics of a given parameter estimate. In particular, parameter es-
timates that are common to all subjects—e.g., treatment effects, J, 71, work-time CDFs, and the

common cost function—will be consistent at a rate of either /Y.!_; Q; or /T x T, being the length
times the width of the panel. Thus, the researcher may obtain higher precision in the corre-
sponding estimates simply by increasing the number of test subjects I, while holding fixed other
aspects of the research design. On the other hand, worker fixed effect estimates—e.g., ®,;, ©,;,
and @j—are consistent at a rate of either /Q; or v/T. Thus, although increasing the width of
the panel (I) will aid finite-sample precision of the type distribution estimates, the only way to
make them arbitrarily precise is to increase the length of the panel or number of worker days (T)
without bound.
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ONLINE SUPPLEMENTAL APPENDIX TO ACCOMPANY:
Toward an Understanding of Corporate Social Responsibility: Theory and Field Experimental
Evidence,
by Daniel Hedblom, Brent R. Hickman, and John A. List

C Hiring and Work Stage Additional Experimental Details

In this section we provide additional details of the experimental design to illustrate various
aspects of the test subject experience during our study.

u About Us Mission Statement Qur Clients Contact

HHL

solutions

About Us

HHL Solutions is a relatively young consultancy firm based
in Chicago, IL. We specialize in integrated solutions for
organizations in the private and nonprofit sectors. Our
primary field of specialization is consultancy serivecs
focused on data management and analysis.

Figure 15: Screenshot of firm website
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WORK SUMMARY

This project is for one of our for-profit clients.

Your task is to collect data from Google Streetview snapshots and enter them into a web-
form. By now, you should have already been provided with detailed information about the
task. If you need to review this information, you can click on “Instructions”in the top menu.

Please keep in mind that we will only be recording billable hours while you are actually
working on assignments. You will also be automatically logged out if you inactive for more
than 2 minutes.

Your wage rate is $. per hour

Close

Figure 16: Example login information: for-profit client

WORK SUMMARY

This project is for one of our non-profit clients.

The particular client is working with improving access to education for
underprivileged children. Since we want to help our non-profit clients in

making the world a better place, we only charge them at cost for our
SErvices.

Your task is to collect data from Google Streetview snapshots and enter them into a web-
form. By now, you should have already been provided with detailed information about the
task. If you need to review this information, you can click on “Instructions”in the top menu.

Please keep in mind that we will only be recording billable hours while you are actually

working on assignments. You will also be automatically logged out if you inactive for more
than 2 minutes.

Your wage rate is $. per hour

Close

Figure 17: Example login-information: CSR client
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Tasks

This project is for one of our for-profit clients.

If you need to review this information, you can click on "Instructions” in the Tﬂp menu.
Incomplete Complete

1398_W_Chicago_Ave_2016_1.PNG

1237_n_california_ave_2015_2.png
street_1.png
street_2.png
street_3.png
street_4.png

street_5.png

E=l EEES

logged in as brent| logout

Your wage rate is $@ per
hour
0:08:15

hr:min:sec

Thank you for your efforts to help us
provide services to our for-profit
clients.

Figure 18: Example main screen: for-profit client

H L Tasks

solutions

Tasks

This project is for one of our non-profit clients working with improving access to education for
underprivileged children. Since we want to help our non-profit clients in making the world a
better place, we only charge them at cost for our services.

If you need to review this information, you can click on "Instructions” in the top menu.
Incomplete Complete

street_2.png 44 22001 [ Compiete ]
street_3.png
street_4.png
street_5.png
street_6.png
street_7.png
street_8.png

street_9.png

== =)

logged in as daniel  logout

Your wage rate is $. per hour
0:42:40

hr:min:sec

Thank you for your efforts to help us provide
services to our non-profit clients as they
make the world a better place.

Figure 19: Example main screen: CSR client
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HHL ...
solutions

3198 W Warren Bivd
Chicago, lllinois

Street #: Street name: City:

State: -------—- Month/Year: | --------- [ | -----co--

Figure 20: Example data entry screen (top half)

Street #: Street name: City:

State: --------- B Month/Year: | --------- B --------- B

The quality of the actual picture is high: | ----—--- B
The quality of the streets visible in the picture is =~ - How many potholes are visible in the picture: | oo
high:
The quality of buildings visible in the pictureis ~ -----—--- The quality of the vehicles visible in the picture is high: | ---------
high:
The amount of litter visible in the picture is high:  —-----—--- Are there signs of road work visible in the picture: | -
Is there graffiti visible in the picture: ~ —eeeeeee There are one or more house for sale signs visible inthe | ---------

picture:

Are there shoes on a wire visible in the picture: | - Are there trees and/or large bushes visible in the picture: ~ ----—----
Are there any broken street signs visible in the | - Are there people actively covering their faces visiblein -
picture: the picture:

Figure 21: Example data entry screen (bottom half)
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Variable Response Mean Mean #Obs
Name Type Response  StDev  Correct 62,138
v1 : Road Work Visible Binary (0,1,N/A) 0.07 0.29 0.96 62,138
vy : Graffiti Visible Binary (0,1,N/A) 0.05 0.25 0.96 62,138
v3 : Trees/Shrubs Visible Binary (0,1, N/A) 0.91 0.29 0.93 62,138
vy : For-Sale Signs Visible Binary (0,1,N/A) 0.08 0.37 0.96 62,138
vs : Broken Street Signs Visible Binary (0,1,N/A) 0.03 0.23 0.98 62,138
v : People Covering Faces Binary (0,1,N/A) 0.16 0.53 0.92 62,138
vy : Shoes hanging from wires Binary (0,1, N/A) 0.04 0.26 0.98 62,138
vg: Street Number Integer (open) 1,663 2,188 0.95 62,138
vg : Month Categorical (drop-down) 7.31 2.26 0.99 62,138
v1g : Year Categorical (drop-down) 2,012 3.02 0.99 62,138
vy1 : City String (open) - - 0.99 62,138
vy @ State Categorical (drop-down) - - 0.99 62,138
" vy3: Building Quality ~ Likertscale (1-5) 364 115 048 62138
v14 : Quality of Visible Cars Likert scale (1-5) 3.73 1.15 0.50 62,138
v1s : Litter Likert scale (1-5) 2.37 1.57 047 62,138
v16 : Picture Quality Likert scale (1-5) 3.83 1.10 0.55 62,138
vyy : Street Quality Likert scale (1-5) 3.60 1.15 0.48 62,138
v18 Number of Visible Potholes Integer (drop-down) 0.52 1.19 0.76 62,138
U19 : Street Name String (open) - - 0.85 62,138
Accuracy Index: Derived 0.586 0.226 - 62,138

(across worker-image pairs)

(min Ag; ,max Ag; )=(0,1)

Table 11: Summary of Data Entry Variables
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D Supplemental Tables and Figures

D.1 Model Simulations and Counterfactual Results:
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Figure 22: Simulated Per-Worker Daily Output Supply
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SIMULATED CDFs SIMULATED CDFs

SIMULATED CDFs

—$15 Wage Offer Recruits

---$11 Wage Offer Recruits

----- $11 Wage Offer Recruits + $2.87-Raise| |
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0.4 0.6 0.8 1
PER-UNIT COSTS
(DOLLARS, NO REDUNDANCY)

- - -Neutral Recruits
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----- CSR Recruits + $0.63-Raise /|
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Figure 23: Simulated Per-Unit Production Costs
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Figure 24: Simulated Per-Unit, Single-Worker Accuracy Rates
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Figure 25: Redundancy Simulations

D.2 Point-Specific P-Values for Stochastic Dominance Tests
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D.3 Heterogeneous Treatment Effects By Gender

Recall that for productivity measures, the treatment parameters are directly interpretable as a
scaling factor for mean production time. For active productivity, our estimates show that in re-
sponse to our CSR treatment, male workers reduce on-task production times by roughly 51.1%,
while females reduce on-task production times by about 11.4%. In terms of passive productivity,
the estimated effects are large as well: male workers reduce their consumption of paid, off-task
time by 71.3%, while females reduce it by 28.7%. One possible reason for the treatment effects be-
ing larger for males than for females is the fact that our male workers were less productive than
their female counterparts at baseline. In particular, mean on-task production times for males
(in absence of work-stage treatment) were 44.7% higher than for their female counterparts, and
mean off-task times per unit of output were 89.7% higher. A two-sided bootstrap test reveals that
these productivity differences by gender are statistically significant at the 10% level at baseline.
However, a similar test in the presence of CSR work-stage treatment results in no statistically
significant productivity difference (active or passive) between male and female workers.*3

Std
Parameter  Estimate P-value Error 90% CI
ACTIVE PRODUCTIVITY:
Treatment, Male:  §, 0.4894 1.16 x 1075 0.0842  [0,0.608]
(Ho:Bp=1) (one-sided)
Female Treatment Differential: ¢ 1.8102 0.0019 0.3440  [1.321,2.480]
(Ho : ,Bpf =1)
Treatment, Female: 8, x B¢ 0.8860 0.0799 0.0771  [0,0.989]
(Ho : Bp X Bps = 1) (one-sided)
PASSIVE PRODUCTIVITY:
Treatment, Male: B, 0.2875 0.0026 0.1340  [0,0.510]
(Ho:pa=1) (one-sided)
Female Treatment Differential: B¢ 2.4787 0.0679 12093  [1.109,5.616]
(Ho : Bar = 1)
Treatment, Female: B, X Bf 0.7127 0.0571 0.1565  [0,0.938]
(Ho: BaxBar=1) (one-sided)
ACCURACY/WORK QUALITY:
Treatment, Male: j, —0.0124 0.1742 0.0091  [—0.027,0.003]
(Ho : Ba =0)
Female Treatment Differential: B¢ —0.0045 0.6774 0.0108  [—0.022,0.013]
(Ho : lgaf = 0)
Treatment, Female: 8, + B¢ —0.0168 0.0031 0.0057  [—0.026, —0.008]
(Ho : Ba + Bay = 0)
LABOR SUPPLY COSTS:
Treatment, Male:  f; 0.9438 0.1582 0.0398  [0.878,1.009]
(Ho: pr=1)
Female Treatment Differential:  f;f 1.1199 0.1807 0.0896  [0.9726,1.2673]
(Ho: Bir=1)
Treatment, Female:  f8; x B¢ 1.0570 0.3578 0.062  [0.955,1.159]

(Ho: By x Big =1)

Table 20: Parameter estimates: Treatment Effects By Gender.

#3These productivity differences are measured in terms of workers’ estimated fixed effects, which we discus in
the body of the paper. The baseline test compares weighted means of ®;; within gender group for j = p,d, and the

second test compares weighted means of @jﬂA; within gender group for j = p,d.
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Given the large speed-up in production of each unit of output, it may be less obvious a priori
what the expected sign of the treatment effects for work quality should be. On the one hand,
the CSR treatment may inspire workers to exert themselves in producing accurate output. On
the other hand, since they are producing units of output more quickly and taking less rest time
in between, it is also possible, through burnout or mental fatigue, that work quality may fall.
In the third section of Table 5 we see that the point estimates are all negative. Estimated effects
for male and female workers are of roughly the same magnitude, but both are economically in-
significant. To place the units in context, note that the accuracy treatment effect for females—the
one which is statistically different from zero—is only enough to reduce mean predicted accuracy
for the average female worker by two thirds of one percentage point. Taking this result in com-
bination with the previous estimates, we find that the work-stage CSR treatment substantially
increases productivity in both the active and passive senses, and that this speed-up of produc-
tion is virtually all valuable to the firm, coming at little or no cost in terms of diminished work
quality.

For labor supply, we do not find strong evidence of a work-stage treatment effect. For males
we find weak evidence that receiving a CSR treatment at the work stage causes them to increase
their within-day labor supply as if their supply costs had dropped by 5.6%. However, for fe-
males, the point estimate for work-stage treatment is in the opposite direction but less precisely
estimated.
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P-val P-val P-val P-val
Percentile ~ ©p  Hy:Gyny <Gpicsr ~ H3:Gpjnir > Gpcsr || Percentile  ©p  Hy:Gpgi1 < Gplw—sis 13 Gplu—si1 > Gplu—sis

0.01 0.330 0.000 1.000 0.01 0.330 0.000 1.000
0.02 0.399 0.000 1.000 0.02 0.399 0.000 1.000
0.03 0.433 0.822 0.178 0.03 0.433 0.158 0.842
0.04 0449 0.790 0.210 0.04 0.449 0218 0.781
0.05 0.462 0.760 0.240 0.05 0.462 0.249 0.751
0.07 0474 0.712 0.288 0.07 0.474 0.264 0.736
0.08 0.485 0.189 0.811 0.08 0.485 0.028 0.972
0.09 0.495 0.205 0.795 0.09 0.495 0.045 0.955
0.10 0.505 0.220 0.780 0.10 0.505 0.074 0.926
0.11 0.515 0.239 0.761 0.11 0.515 0.114 0.886
0.12 0.524 0.258 0.742 0.12 0.524 0.165 0.835
0.13 0.534 0.630 0.370 0.13 0.534 0.026 0.974
0.14 0543 0.625 0.375 0.14 0.543 0.045 0.955
0.15 0553 0.358 0.642 0.15 0.553 0.009 0.991
0.16 0563 0.399 0.601 0.16 0.563 0.025 0.975
0.18 0.574 0.304 0.696 0.18 0.574 0.020 0.980
0.19 0.585 0.310 0.690 0.19 0.585 0.029 0.971
0.20 0.596 0.314 0.686 0.20 0.596 0.039 0.961
0.21 0.608 0.155 0.845 0.21 0.608 0.017 0.983
0.22 0.621 0.152 0.848 0.22 0.621 0.026 0.974
0.23 0.634 0.158 0.842 0.23 0.634 0.033 0.967
0.24 0.647 0.175 0.825 0.24 0.647 0.035 0.965
0.25 0.661 0.158 0.842 0.25 0.661 0.041 0.959
0.26 0.675 0.163 0.837 0.26 0.675 0.042 0.958
0.27 0.690 0.167 0.833 0.27 0.690 0.041 0.959
0.29 0.705 0.289 0.711 0.29 0.705 0.039 0.961
0.30 0.720 0.306 0.694 0.30 0.720 0.149 0.851
0.31 0.735 0.300 0.700 0.31 0.735 0.149 0.851
0.32 0.750 0.259 0.741 0.32 0.750 0.171 0.829
033 0.764 0.233 0.767 0.33 0.764 0197 0.803
0.34 0.779 0.152 0.848 0.34 0.779 0.130 0.870
035 0793 0.115 0.885 0.35 0.793 0.101 0.899
0.36 0.806 0.116 0.884 0.36 0.806 0.099 0.901
037 0.820 0.194 0.806 0.37 0.820 0.075 0.925
0.38 0.833 0.184 0.816 0.38 0.833 0.084 0.916
0.40 0.846 0.167 0.833 0.40 0.846 0.075 0.925
0.41 0.859 0.246 0.754 0.41 0.859 0.101 0.899
0.42 0.872 0.235 0.765 0.42 0.872 0.096 0.904
0.43 0.885 0.234 0.766 0.43 0.885 0.097 0.903
0.44 0.898 0.224 0.776 0.44 0.898 0.095 0.905
0.45 0911 0.258 0.742 0.45 0.911 0.102 0.898
0.46 0.924 0.257 0.743 0.46 0.924 0.103 0.897
0.47 0.936 0.305 0.695 0.47 0.936 0.087 0.913
0.48 0.949 0.304 0.696 0.48 0.949 0.089 0.911
0.49 0.962 0.341 0.659 0.49 0.962 0.080 0.920
0.51 0.976 0.417 0.583 0.51 0.976 0.146 0.854
0.52 0.989 0.295 0.705 0.52 0.989 0125 0.875
0.53 1.002 0.336 0.664 0.53 1.002 0112 0.888
0.54 1.016 0.337 0.663 0.54 1.016 0.105 0.895
0.55 1.030 0.371 0.629 0.55 1.030 0.09 0.904
0.56 1.044 0.342 0.658 0.56 1.044 0117 0.883
0.57 1.059 0.250 0.750 0.57 1.059 0.124 0.876
0.58 1.073 0.182 0.818 0.58 1.073 0.201 0.799
0.59 1.089 0.178 0.822 0.59 1.089 0.208 0.792
0.60 1.105 0.136 0.864 0.60 1.105 0.256 0.744
0.61 1.121 0.135 0.865 0.61 1121 0253 0.747
0.63 1.138 0.068 0.932 0.63 1.138 0.262 0.738
0.64 1.155 0.048 0.952 0.64 1.155 0.232 0.768
0.65 1.173 0.043 0.957 0.65 1.173 0.223 0.777
0.66 1.191 0.065 0.935 0.66 1.191 0.323 0.677
0.67 1.211 0.064 0.936 0.67 1.211 0.328 0.672
0.68 1.231 0.058 0.942 0.68 1.231 0.328 0.672
0.69 1.252 0.110 0.890 0.69 1.252 0.256 0.744
0.70 1.275 0.132 0.868 0.70 1.275 0.309 0.691
0.71 1.298 0.140 0.860 0.71 1.298 0.350 0.650
0.72 1.323 0.138 0.862 0.72 1.323 0.350 0.650
0.74 1.350 0.206 0.794 0.74 1.350 0483 0.517
0.75 1.378 0.199 0.801 0.75 1.378 0482 0.518
0.76 1.408 0.180 0.820 0.76 1.408 0.482 0.518
0.77 1.439 0.182 0.818 0.77 1.439 0.489 0.511
0.78 1473 0.380 0.620 0.78 1473 0.762 0.238
0.79 1.508 0.530 0.470 0.79 1.508 0.884 0.116
0.80 1.546 0.531 0.469 0.80 1.546 0.897 0.103
0.81 1.585 0.253 0.747 0.81 1.585 0.835 0.165
0.82 1.626 0.323 0.677 0.82 1.626 0.863 0.137
0.83 1.669 0.355 0.645 0.83 1.669 0.873 0.127
0.85 1.714 0.514 0.486 0.85 1.714 0.843 0.157
0.86 1.761 0.515 0.485 0.86 1.761 0.865 0.135
0.87 1.812 0.515 0.485 0.87 1.812 0.883 0.117
0.88 1.865 0.301 0.699 0.88 1.865 0.797 0.203
0.89 1.923 0.320 0.680 0.89 1.923 0.766 0.234
0.90 1.985 0.342 0.658 0.90 1.985 0812 0.188
091 2053 0.338 0.662 091 2,053 0819 0.181
092 2128 0.333 0.667 0.92 2128 0.824 0.176
0.93 2211 0.285 0.715 0.93 2211 0.802 0.198
0.94 2306 0.137 0.863 0.94 2.306 0.744 0.256
0.96 2415 0122 0.878 0.96 2415 0.747 0.253
097 2545 0.100 0.900 0.97 2545 0.757 0.243
0.98 2.704 0.073 0.927 0.98 2.704 0772 0.228
0.99 2.899 0.369 0.631 0.99 2.899 0.483 0.517

Table 12: Point-Specific P-Values for ®, (First-Order Dominance Test)
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P-val

P-val

‘ ‘ Percentile (]

P-val

P-val

Percentile  ©p  Hy: Gy iy < Gpcsratrimt H3 : GpNir > GpjcsreTrimt Hy : Gy|Nirw=s11 < GplcsRw=s15  H3 : GpNirw=s11 > Gp|csRw=515
001 0.330 0.099 0.901 001 0.330 0.000 1.000
0.02 0.399 0.078 0922 0.02 0.399 0.000 1.000
0.03 0.433 0.204 0.796 0.03 0.433 0.000 1.000
0.04 0.449 0.165 0.835 0.04 0.449 0.000 1.000
0.05 0.462 0.176 0.824 0.05 0.462 0.000 1.000
0.07 0474 0.180 0.820 0.07 0.474 0.000 1.000
0.08 0.485 0.039 0.961 0.08 0.485 0.000 1.000
0.09 0.495 0.045 0.955 0.09 0.495 0.000 1.000
0.10 0.505 0.032 0.968 0.10 0.505 0.000 1.000
011 0.515 0.037 0.963 011 0.515 0.000 1.000
012 0.524 0.042 0.958 012 0.524 0.000 1.000
013 0.534 0.065 0.935 013 0.534 0.000 1.000
014 0.543 0.070 0.930 014 0.543 0.000 1.000
015 0.553 0.057 0.943 015 0.553 0.000 1.000
016 0.563 0.042 0.958 016 0.563 0.041 0959
018 0.574 0.041 0.959 018 0.574 0.020 0980
0.19 0.585 0.037 0.963 019 0.585 0.034 0.966
0.20 0.596 0.039 0961 0.20 0.596 0.050 0.950
021 0.608 0.040 0.960 021 0.608 0.008 0992
022 0.621 0.040 0.960 022 0.621 0.013 0987
023 0.634 0.023 0977 023 0.634 0.018 0982
0.24 0.647 0.026 0974 0.24 0.647 0.023 0977
025 0.661 0.025 0975 025 0.661 0.025 0975
026 0.675 0.024 0976 026 0.675 0.029 0971
027 0.690 0.008 0992 027 0.690 0.032 0968
029 0.705 0.013 0.987 029 0.705 0.059 0941
030 0.720 0.026 0.974 030 0.720 0.147 0853
031 0.735 0.025 0975 031 0.735 0.147 0853
032 0.750 0.021 0979 032 0.750 0.140 0.860
033 0.764 0.018 0.982 033 0.764 0138 0.862
034 0.779 0.016 0.984 034 0.779 0.076 0924
035 0.793 0.016 0.984 035 0.793 0.054 0946
036 0.806 0.015 0.985 036 0.806 0.055 0945
037 0.820 0.032 0.968 037 0.820 0.065 0935
038 0.833 0.032 0.968 038 0.833 0.067 0933
040 0.846 0.033 0.967 040 0.846 0.060 0940
041 0.859 0.065 0.935 041 0.859 0.104 0.89
0.42 0.872 0.044 0.956 042 0.872 0.099 0901
043 0.885 0.044 0.956 043 0.885 0.099 0901
0.4 0.898 0.022 0.978 044 0.898 0.09 0904
045 0911 0.037 0.963 045 0911 0.100 0900
046 0.924 0.030 0.970 046 0.924 0.100 0900
047 0.936 0.023 0977 047 0.936 0.101 0.899
048 0.949 0.013 0.987 048 0.949 0.100 0.900
049 0.962 0.016 0.984 049 0.962 0.101 0.899
051 0.976 0.019 0.981 051 0.976 0.189 0811
052 0.989 0.018 0.982 052 0.989 0128 0.872
053 1.002 0.023 0977 053 1.002 0128 0872
054 1.016 0.017 0.983 054 1.016 0.120 0.880
055 1.030 0.021 0979 055 1.030 0121 0.879
056 1.044 0.019 0.981 056 1.044 0121 0.879
057 1.059 0.019 0.981 057 1.059 0.093 0907
058 1.073 0.017 0.983 058 1.073 0.097 0903
059 1.089 0.015 0.985 059 1.089 0.100 0900
0.60 1.105 0.014 0.986 0.60 1.105 0.099 0901
0.61 1.121 0.008 0992 0.61 1.121 0.104 0.89
0.63 1.138 0.007 0.993 0.63 1.138 0.079 0921
0.64 1.155 0.007 0.993 0.64 1.155 0.069 0931
0.65 1.173 0.006 0.994 0.65 1.173 0.070 0930
0.66 1.191 0.010 0.990 0.66 1.191 0.127 0873
0.67 1.211 0.009 0.991 0.67 1.211 0.136 0.864
0.68 1.231 0.009 0.991 0.68 1.231 0137 0.863
0.69 1.252 0.020 0.980 0.69 1.252 0.141 0.859
070 1.275 0.024 0976 070 1.275 0.186 0.814
071 1.298 0.027 0973 071 1.298 0213 0.787
072 1.323 0.026 0.974 072 1.323 0.209 0.791
074 1.350 0.048 0.952 074 1.350 0.339 0.661
075 1.378 0.018 0.982 075 1.378 0.328 0672
076 1.408 0.009 0.991 076 1.408 0.296 0.704
0.77 1.439 0.005 0.995 0.77 1.439 0.265 0735
078 1473 0011 0.989 078 1473 0.643 0357
079 1.508 0.023 0977 0.79 1.508 0.814 0.186
0.80 1.546 0.017 0.983 0.80 1.546 0.841 0.159
081 1.585 0.012 0.988 081 1.585 0.758 0242
0.82 1.626 0.027 0973 0.82 1.626 0.798 0202
083 1.669 0.024 0976 083 1.669 0.833 0.167
0.85 1714 0.053 0.947 0.85 1714 0.871 0.129
086 1.761 0.037 0.963 086 1.761 0.902 0.098
0.87 1.812 0.023 0977 0.87 1.812 0.926 0.074
088 1.865 0.016 0.984 088 1.865 0.753 0247
0.89 1.923 0.015 0.985 0.89 1.923 0.734 0.266
090 1.985 0.012 0.988 090 1.985 0.898 0.102
091 2.053 0.000 1.000 091 2.053 0.927 0073
092 2128 0.000 1.000 092 2128 0.958 0.042
093 2211 0.000 1.000 093 2211 0.956 0.044
094 2.306 0.000 1.000 094 2306 0.000 1.000
096 2415 0.000 1.000 096 2415 0.000 1.000
0.97 2545 0.000 1.000 097 2545 0.000 1.000
0.98 2704 0.000 1.000 098 2.704 0.000 1.000
099 2.899 0.000 1.000 099 2.899 0.000 1.000

Table 13: Point-Specific P-Values for @, (First-Order Dominance Test): Combined Effects
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P-val P-val P-val P-val
Percentile (O] Ha : Gginir < Gajcsr H3 : Ganer > Gajcsr Percentile 9y Hz : Ggjp=g11 < Gajw=s15 H3 : Gajuw=g11 > Gajw=s15

0.01 0.403 0.000 1.000 0.01 0.403 0.000 1.000
0.02 0.430 0.000 1.000 0.02 0.430 0.708 0.292
0.03 0.450 0.370 0.630 0.03 0.450 0.499 0.501
0.04 0.464 0.705 0.295 0.04 0.464 0.276 0.724
0.05 0477 0.679 0.321 0.05 0477 0.304 0.696
0.07 0.489 0.647 0.353 0.07 0.489 0.334 0.666
0.08 0.503 0.522 0.478 0.08 0.503 0.682 0.318
0.09 0.516 0.513 0.487 0.09 0.516 0.649 0.351
0.10 0.530 0.656 0.344 0.10 0.530 0.486 0.514
0.11 0.544 0.176 0.824 0.11 0.544 0.173 0.827
0.12 0.558 0.045 0.955 0.12 0.558 0.080 0.920
0.13 0.571 0.063 0.937 0.13 0.571 0.162 0.838
0.14 0.584 0.096 0.904 0.14 0.584 0.178 0.822
0.15 0.596 0.119 0.881 0.15 0.596 0.195 0.805
0.16 0.607 0.108 0.892 0.16 0.607 0.272 0.728
0.18 0.618 0.123 0.877 0.18 0.618 0.281 0.720
0.19 0.627 0.136 0.864 0.19 0.627 0.286 0.714
0.20 0.636 0.111 0.889 0.20 0.636 0.248 0.752
0.21 0.644 0.187 0.813 0.21 0.644 0.437 0.563
0.22 0.652 0.283 0.717 0.22 0.652 0.586 0.414
0.23 0.659 0.539 0.461 0.23 0.659 0.370 0.630
0.24 0.666 0.538 0.462 0.24 0.666 0.373 0.627
0.25 0.673 0.455 0.545 0.25 0.673 0.318 0.682
0.26 0.680 0.448 0.552 0.26 0.680 0.332 0.668
0.27 0.687 0.449 0.551 0.27 0.687 0.334 0.666
0.29 0.693 0.634 0.366 0.29 0.693 0.648 0.352
0.30 0.700 0.633 0.367 0.30 0.700 0.644 0.356
031 0.707 0.633 0.367 0.31 0.707 0.643 0.357
0.32 0.714 0.631 0.369 0.32 0.714 0.639 0.361
0.33 0.720 0.496 0.504 0.33 0.720 0.537 0.463
0.34 0.727 0.478 0.522 0.34 0.727 0.564 0.436
0.35 0.734 0.434 0.566 0.35 0.734 0.536 0.464
0.36 0.741 0.434 0.566 0.36 0.741 0.536 0.464
0.37 0.749 0.254 0.746 0.37 0.749 0.395 0.605
0.38 0.757 0.291 0.709 0.38 0.757 0.463 0.537
0.40 0.765 0.221 0.779 0.40 0.765 0.656 0.344
0.41 0.773 0.219 0.781 0.41 0.773 0.657 0.343
0.42 0.782 0.276 0.724 0.42 0.782 0.750 0.250
0.43 0.792 0.345 0.655 0.43 0.792 0.720 0.280
0.44 0.802 0.397 0.603 0.44 0.802 0.685 0.315
0.45 0.813 0.395 0.605 0.45 0.813 0.686 0.314
0.46 0.825 0.392 0.608 0.46 0.825 0.693 0.307
047 0.838 0.390 0.610 0.47 0.838 0.694 0.306
048 0.852 0.339 0.661 0.48 0.852 0.815 0.185
0.49 0.867 0.429 0.571 0.49 0.867 0.771 0.229
051 0.884 0.422 0.578 0.51 0.884 0.766 0.234
0.52 0.903 0.412 0.588 0.52 0.903 0.740 0.260
0.53 0.923 0.324 0.676 0.53 0.923 0.687 0.313
0.54 0.945 0.475 0.525 0.54 0.945 0.573 0.427
0.55 0.968 0.520 0.480 0.55 0.968 0.539 0.461
0.56 0.991 0.520 0.480 0.56 0.991 0.538 0.462
0.57 1.013 0.547 0.453 0.57 1.013 0.500 0.500
0.58 1.034 0.500 0.500 0.58 1.034 0.506 0.494
0.59 1.053 0.500 0.500 0.59 1.053 0.507 0.493
0.60 1.071 0.512 0.488 0.60 1.071 0.419 0.581
0.61 1.089 0.514 0.486 0.61 1.089 0.416 0.584
0.63 1.106 0.608 0.392 0.63 1.106 0.564 0.436
0.64 1.123 0.417 0.583 0.64 1.123 0.329 0.671
0.65 1.140 0.334 0.666 0.65 1.140 0.267 0.733
0.66 1.157 0.387 0.613 0.66 1.157 0.231 0.769
0.67 1.174 0.386 0.614 0.67 1.174 0.231 0.769
0.68 1.192 0.348 0.652 0.68 1.192 0.273 0.727
0.69 1.210 0.348 0.652 0.69 1.210 0.273 0.727
0.70 1.229 0.344 0.656 0.70 1.229 0.277 0.723
071 1.249 0.345 0.655 0.71 1.249 0.281 0.719
0.72 1.269 0.350 0.650 0.72 1.269 0.286 0.714
0.74 1.291 0.356 0.644 0.74 1.291 0.268 0.732
0.75 1.314 0.484 0.516 0.75 1.314 0.198 0.802
0.76 1.340 0.491 0.509 0.76 1.340 0.192 0.808
0.77 1.369 0.407 0.593 0.77 1.369 0.418 0.582
0.78 1.400 0.400 0.600 0.78 1.400 0.428 0.572
0.79 1.437 0.514 0.486 0.79 1.437 0.610 0.390
0.80 1.479 0.567 0.433 0.80 1.479 0.639 0.361
0.81 1.527 0.565 0.435 0.81 1.527 0.643 0.357
0.82 1.582 0.728 0.272 0.82 1.582 0.846 0.154
0.83 1.644 0.742 0.258 0.83 1.644 0.870 0.130
0.85 1.714 0.697 0.303 0.85 1.714 0.871 0.129
0.86 1.797 0.626 0.374 0.86 1.797 0.884 0.116
0.87 1.895 0.646 0.354 0.87 1.895 0.893 0.107
0.88 2.014 0.834 0.166 0.88 2.014 0.808 0.192
0.89 2.155 0.899 0.101 0.89 2.155 0.807 0.193
0.90 2.310 0.874 0.126 0.90 2.310 0.742 0.258
091 2481 0.853 0.147 091 2481 0.523 0477
0.92 2672 0.904 0.096 0.92 2.672 0.500 0.500
0.93 2.892 0.786 0.214 0.93 2.892 0.810 0.190
0.94 3.151 0.316 0.684 0.94 3.151 0.681 0.319
0.96 3.473 0.545 0.455 0.96 3.473 0.450 0.550
0.97 3.909 0.579 0.421 0.97 3.909 0.269 0.731
0.98 4.610 0.462 0.538 0.98 4.610 0.318 0.682
0.99 5.840 0.401 0.599 0.99 5.840 0.205 0.795

Table 14: Point-Specific P-Values for ®, (First-Order Dominance Test)
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P-val P-val P-val P-val
Percentile Oy Hy : Ganer < Gajesrytrimt H3 * Gajner > GajcsR+Trimt Percentile 94 Ha : Gyinirw=s11 < GajcsRw=315 3 GajNir,w=s11 > Ga|cSR w=$15

0.01 0.403 0.000 1.000 0.01 0.403 0.000 1.000
0.02 0.430 0.000 1.000 0.02 0.430 0.000 1.000
0.03 0.450 0.000 1.000 0.03 0.450 0.000 1.000
0.04 0.464 0.004 0.996 0.04 0.464 0.000 1.000
0.05 0477 0.013 0.987 0.05 0.477 0.000 1.000
0.07 0.489 0.007 0.993 0.07 0.489 0.000 1.000
0.08 0.503 0.021 0.979 0.08 0.503 0.000 1.000
0.09 0.516 0.003 0.997 0.09 0.516 0.000 1.000
0.10 0.530 0.004 0.996 0.10 0.530 0.000 1.000
0.11 0.544 0.000 1.000 0.11 0.544 0.000 1.000
0.12 0.558 0.001 0.999 0.12 0.558 0.000 1.000
0.13 0.571 0.002 0.998 0.13 0.571 0.034 0.966
0.14 0.584 0.003 0.997 0.14 0.584 0.051 0.949
0.15 0.596 0.004 0.996 0.15 0.596 0.072 0.928
0.16 0.607 0.003 0.997 0.16 0.607 0.094 0.906
0.18 0.618 0.003 0.997 0.18 0.618 0.114 0.886
0.19 0.627 0.003 0.997 0.19 0.627 0.131 0.869
0.20 0.636 0.003 0.997 0.20 0.636 0.118 0.882
0.21 0.644 0.005 0.995 0.21 0.644 0.262 0.738
0.22 0.652 0.006 0.994 0.22 0.652 0.424 0.576
0.23 0.659 0.016 0.984 0.23 0.659 0.433 0.567
0.24 0.666 0.015 0.985 0.24 0.666 0.438 0.562
0.25 0.673 0.015 0.985 0.25 0.673 0.368 0.632
0.26 0.680 0.015 0.985 0.26 0.680 0.371 0.629
0.27 0.687 0.014 0.986 0.27 0.687 0.372 0.628
0.29 0.693 0.020 0.980 0.29 0.693 0.714 0.286
0.30 0.700 0.019 0.981 0.30 0.700 0.710 0.290
0.31 0.707 0.018 0.982 0.31 0.707 0.707 0.293
0.32 0.714 0.017 0.983 0.32 0.714 0.706 0.294
0.33 0.720 0.016 0.984 0.33 0.720 0.585 0.415
0.34 0.727 0.015 0.985 0.34 0.727 0.585 0415
0.35 0.734 0.013 0.987 0.35 0.734 0.546 0.454
0.36 0.741 0.013 0.987 0.36 0.741 0.547 0.453
0.37 0.749 0.013 0.987 0.37 0.749 0.364 0.636
0.38 0.757 0.014 0.986 0.38 0.757 0.443 0.557
0.40 0.765 0.014 0.986 0.40 0.765 0.489 0.511
0.41 0.773 0.014 0.986 0.41 0.773 0.489 0.511
0.42 0.782 0.016 0.984 0.42 0.782 0.621 0.379
043 0.792 0.021 0.979 043 0.792 0.622 0.378
0.44 0.802 0.019 0.981 0.44 0.802 0.623 0.377
0.45 0.813 0.017 0.983 0.45 0.813 0.623 0.377
0.46 0.825 0.016 0.984 0.46 0.825 0.623 0.377
0.47 0.838 0.014 0.986 0.47 0.838 0.624 0.376
0.48 0.852 0.012 0.988 0.48 0.852 0.672 0.328
0.49 0.867 0.010 0.990 0.49 0.867 0.672 0.328
0.51 0.884 0.009 0.991 0.51 0.884 0.664 0.336
0.52 0.903 0.008 0.992 0.52 0.903 0.637 0.363
0.53 0.923 0.006 0.994 0.53 0.923 0.553 0.447
0.54 0.945 0.009 0.991 0.54 0.945 0.553 0.447
0.55 0.968 0.008 0.992 0.55 0.968 0.552 0.448
0.56 0.991 0.006 0.994 0.56 0.991 0.552 0.448
0.57 1.013 0.005 0.995 0.57 1.013 0.540 0.460
0.58 1.034 0.004 0.996 0.58 1.034 0.511 0.489
0.59 1.053 0.003 0.997 0.59 1.053 0.512 0.488
0.60 1.071 0.004 0.996 0.60 1.071 0.468 0.532
0.61 1.089 0.004 0.996 0.61 1.089 0.468 0.532
0.63 1.106 0.005 0.995 0.63 1.106 0.640 0.360
0.64 1.123 0.007 0.993 0.64 1.123 0.400 0.600
0.65 1.140 0.007 0.993 0.65 1.140 0.318 0.682
0.66 1.157 0.008 0.992 0.66 1.157 0.318 0.682
0.67 1.174 0.007 0.993 0.67 1.174 0.317 0.683
0.68 1.192 0.005 0.995 0.68 1.192 0.315 0.685
0.69 1.210 0.004 0.996 0.69 1.210 0.315 0.685
0.70 1.229 0.004 0.996 0.70 1.229 0.314 0.686
0.71 1.249 0.003 0.997 0.71 1.249 0.319 0.681
0.72 1.269 0.003 0.997 0.72 1.269 0.326 0.674
0.74 1.291 0.003 0.997 0.74 1.291 0.315 0.685
0.75 1.314 0.006 0.994 0.75 1.314 0.322 0.678
0.76 1.340 0.006 0.994 0.76 1.340 0.317 0.683
0.77 1.369 0.007 0.993 0.77 1.369 0.407 0.593
0.78 1.400 0.006 0.994 0.78 1.400 0.404 0.596
0.79 1.437 0.012 0.988 0.79 1.437 0.631 0.369
0.80 1.479 0.030 0.970 0.80 1.479 0.646 0.354
0.81 1.527 0.025 0.975 0.81 1.527 0.658 0.342
0.82 1.582 0.077 0.923 0.82 1.582 0.893 0.107
0.83 1.644 0.059 0.941 0.83 1.644 0.921 0.079
0.85 1.714 0.051 0.949 0.85 1.714 0.930 0.070
0.86 1.797 0.040 0.960 0.86 1.797 0.941 0.059
0.87 1.895 0.031 0.969 0.87 1.895 0.960 0.040
0.88 2.014 0.151 0.849 0.88 2.014 0.972 0.028
0.89 2.155 0.069 0.931 0.89 2.155 0.986 0.014
0.90 2.310 0.051 0.949 0.90 2310 0.988 0.012
091 2.481 0.092 0.908 091 2481 0.924 0.076
0.92 2.672 0.070 0.930 0.92 2.672 0.994 0.006
0.93 2.892 0.037 0.963 0.93 2.892 0.999 0.001
0.94 3.151 0.019 0.981 0.94 3.151 0.575 0.425
0.96 3.473 0.090 0.910 0.96 3.473 0.605 0.395
0.97 3.909 0.074 0.926 0.97 3.909 0.335 0.665
0.98 4.610 0.052 0.948 0.98 4.610 0.274 0.726
0.99 5.840 0.000 1.000 0.99 5.840 0.183 0.817

Table 15: Point-Specific P-Values for ®, (First-Order Dominance Test): Combined Effects
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P-val P-val P-val P-val
Percentile 9, Ha : Gainir < Gajcsr Ha : Gainir > Gajcsr Percentile 0, Hz 2 Gajuw=g11 < Gajw=$15 H3 2 Gajw=s11 > Gajuw=s15

0.01 —0.506 0.709 0.291 0.01 —0.506 0.390 0.610
0.02 —0.468 0.694 0.306 0.02 —0.468 0.401 0.599
0.03 —0.431 0.811 0.189 0.03 —0.431 0.169 0.831
0.04 —0.398 0.759 0.241 0.04 —0.398 0.235 0.765
0.05 —0.368 0.498 0.502 0.05 —0.368 0.053 0.947
0.07 —0.341 0.414 0.586 0.07 —0.341 0.082 0.918
0.08 —0.316 0.509 0.491 0.08 —0.316 0.130 0.870
0.09 —0.294 0.220 0.780 0.09 —0.294 0.063 0.937
0.10 —0.272 0.237 0.763 0.10 —0.272 0.085 0915
0.11 —0.252 0.113 0.887 0.1 —0.252 0.022 0.978
0.12 —0.232 0.116 0.884 0.12 —0.232 0.023 0.977
0.13 —-0.213 0.126 0.874 0.13 —-0.213 0.021 0.979
0.14 —-0.194 0.130 0.870 0.14 —0.194 0.022 0.978
0.15 —0.175 0.148 0.852 0.15 -0.175 0.030 0.970
0.16 —0.156 0.058 0.942 0.16 —0.156 0.149 0.851
0.18 —0.137 0.011 0.989 0.18 —0.137 0.025 0.975
0.19 —0.118 0.023 0.977 0.19 —0.118 0.013 0.987
0.20 —0.099 0.028 0.972 0.20 —0.099 0.014 0.986
0.21 —0.081 0.058 0.942 0.21 —0.081 0.006 0.994
0.22 —0.064 0.099 0.901 0.22 —0.064 0.009 0.991
0.23 —0.047 0.107 0.893 0.23 —0.047 0.011 0.990
0.24 —0.031 0.220 0.780 0.24 —0.031 0.021 0.979
0.25 —0.016 0.219 0.781 0.25 —0.016 0.022 0.978
0.26 —0.001 0.222 0.778 0.26 —0.001 0.023 0.977
0.27 0.014 0.207 0.793 0.27 0.014 0.021 0.979
0.29 0.028 0.239 0.761 0.29 0.028 0.026 0.974
0.30 0.041 0.426 0.574 0.30 0.041 0.054 0.946
0.31 0.055 0.424 0.576 0.31 0.055 0.054 0.946
0.32 0.068 0.421 0.579 0.32 0.068 0.056 0.944
0.33 0.081 0.520 0.480 0.33 0.081 0.075 0.925
0.34 0.095 0.519 0.481 0.34 0.095 0.076 0.924
0.35 0.108 0.503 0.497 0.35 0.108 0.080 0.920
0.36 0.121 0.462 0.538 0.36 0.121 0.054 0.946
0.37 0.134 0.536 0.464 0.37 0.134 0.068 0.932
0.38 0.147 0.544 0.456 0.38 0.147 0.070 0.930
0.40 0.161 0.538 0.462 0.40 0.161 0.068 0.932
0.41 0.175 0.621 0.379 0.41 0.175 0.087 0.913
042 0.188 0.617 0.383 0.42 0.188 0.088 0.912
043 0.202 0.567 0.433 0.43 0.202 0.070 0.930
0.44 0.216 0.404 0.596 0.44 0.216 0.119 0.881
045 0.230 0.405 0.595 0.45 0.230 0.118 0.882
0.46 0.244 0.436 0.564 0.46 0.244 0.094 0.906
0.47 0.257 0.509 0.491 0.47 0.257 0.027 0.973
0.48 0.270 0.525 0.475 0.48 0.270 0.027 0.973
0.49 0.283 0.535 0.465 0.49 0.283 0.029 0971
0.51 0.296 0.568 0.432 0.51 0.296 0.030 0.970
0.52 0.308 0.632 0.368 0.52 0.308 0.039 0.961
0.53 0.320 0.615 0.385 0.53 0.320 0.040 0.960
0.54 0.331 0.706 0.294 0.54 0.331 0.017 0.983
0.55 0.342 0.702 0.298 0.55 0.342 0.017 0.983
0.56 0.353 0.702 0.298 0.56 0.353 0.015 0.985
0.57 0.364 0.474 0.526 0.57 0.364 0.006 0.994
0.58 0.374 0.381 0.619 0.58 0.374 0.009 0.991
0.59 0.384 0.401 0.599 0.59 0.384 0.010 0.990
0.60 0.394 0.356 0.644 0.60 0.394 0.012 0.988
0.61 0.403 0.292 0.708 0.61 0.403 0.016 0.984
0.63 0.412 0.304 0.696 0.63 0412 0.016 0.984
0.64 0.421 0.182 0.818 0.64 0.421 0.008 0.992
0.65 0.430 0.071 0.929 0.65 0.430 0.022 0.978
0.66 0.438 0.064 0.936 0.66 0.438 0.017 0.983
0.67 0.446 0.065 0.935 0.67 0.446 0.014 0.986
0.68 0.454 0.064 0.936 0.68 0.454 0.013 0.987
0.69 0.462 0.073 0.927 0.69 0.462 0.007 0.993
0.70 0.470 0.201 0.799 0.70 0.470 0.023 0977
0.71 0.478 0.195 0.805 0.71 0.478 0.020 0.980
0.72 0.485 0.186 0.814 0.72 0.485 0.017 0.983
0.74 0.493 0.163 0.837 0.74 0.493 0.016 0.984
0.75 0.500 0.028 0972 0.75 0.500 0.079 0.921
0.76 0.508 0.023 0.977 0.76 0.508 0.076 0.924
0.77 0.515 0.022 0.978 0.77 0.515 0.075 0.925
0.78 0.523 0.021 0.979 0.78 0.523 0.075 0.925
0.79 0.531 0.023 0.977 0.79 0.531 0.060 0.940
0.80 0.539 0.019 0.981 0.80 0.539 0.055 0.945
0.81 0.547 0.043 0.957 0.81 0.547 0.098 0.902
0.82 0.556 0.218 0.782 0.82 0.556 0.312 0.688
0.83 0.565 0.223 0.777 0.83 0.565 0.321 0.679
0.85 0.574 0.214 0.786 0.85 0.574 0.316 0.684
0.86 0.584 0.207 0.793 0.86 0.584 0.253 0.747
0.87 0.594 0.495 0.505 0.87 0.594 0.342 0.658
0.88 0.605 0.406 0.5%4 0.88 0.605 0.405 0.595
0.89 0.617 0.402 0.598 0.89 0.617 0.402 0.598
0.90 0.629 0.412 0.588 0.90 0.629 0.409 0.591
091 0.643 0.674 0.326 091 0.643 0.583 0.417
0.92 0.657 0.772 0.228 0.92 0.657 0.435 0.565
0.93 0.673 0.800 0.200 0.93 0.673 0.429 0.571
0.94 0.691 0.483 0.517 0.94 0.691 0.699 0.301
0.96 0.712 0.482 0.518 0.96 0.712 0.704 0.296
0.97 0.737 0.507 0.493 0.97 0.737 0.692 0.308
0.98 0.768 0.693 0.307 0.98 0.768 0.407 0.593
0.99 0.814 0.194 0.806 0.99 0.814 0.711 0.289

Table 16: Point-Specific P-Values for ®, (First-Order Dominance Test)
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P-val P-val P-val P-val
Percentile Oq Hy : GoiNtr < Gajcsritrtmt H3 = GaiNtr > GacsR+-Trtme Percentile g Hy = GoiNirw=s11 < Gajcsrw=$15  H3 : GaiNirw=s11 > GalCSR,w=515

0.01 —0.506 0.639 0361 0.01 —0.506 0410 0.590
0.02 —0.468 0.694 0.306 0.02 —0.468 0.360 0.640
0.03 —0.431 0.811 0.189 0.03 —0.431 0.348 0.652
0.04 —0.398 0.758 0242 0.04 —0.398 0457 0543
0.05 —0.368 0.498 0.502 0.05 —0.368 0.142 0.858
0.07 —0.341 0487 0513 0.07 —0.341 0.149 0.851
0.08 —0316 0.550 0.450 0.08 —~0.316 0225 0.775
0.09 —0.294 0221 0.779 0.09 —0.294 0.081 0919
0.10 —0.272 0.254 0.746 0.10 —0.272 0.102 0.898
0.11 —0.252 0.113 0.887 0.11 —0.252 0.028 0972
0.12 —0.232 0.116 0.884 0.12 —0.232 0.029 0971
0.13 -0.213 0.126 0.874 0.13 -0.213 0.029 0971
0.14 —0.194 0.130 0.870 0.14 —0.194 0.030 0.970
0.15 —0.175 0.205 0.795 0.15 -0.175 0.034 0.966
0.16 —0.156 0.059 0.941 0.16 —0.156 0.069 0931
0.18 —0.137 0.020 0.980 0.18 —0.137 0.007 0.993
0.19 —0.118 0.023 0977 0.19 —0.118 0.007 0.993
0.20 —0.099 0.053 0.947 0.20 —0.099 0.007 0.993
021 —0.081 0.096 0.904 021 —0.081 0.007 0.993
022 —0.064 0.100 0.900 022 —0.064 0.012 0.988
023 —0.047 0.230 0.770 023 —0.047 0.014 0.986
0.24 —0.031 0221 0.779 024 —0.031 0.033 0.967
0.25 —0.016 0.221 0.779 025 —0.016 0.034 0.966
026 —0.001 0.292 0.708 026 —0.001 0.034 0.966
027 0.014 0.230 0.770 027 0.014 0.035 0.965
0.29 0.028 0429 0571 029 0.028 0.043 0957
0.30 0.041 0426 0.574 030 0.041 0.096 0.904
031 0.055 0.424 0.576 031 0.055 0.096 0.904
0.32 0.068 0525 0475 032 0.068 0.096 0.904
033 0.081 0.520 0.480 033 0.081 0.132 0.868
0.34 0.095 0.520 0.480 034 0.095 0.131 0.869
035 0.108 0.553 0.447 035 0.108 0.129 0.871
036 0.121 0.536 0.464 036 0.121 0.083 0917
037 0.134 0.543 0457 037 0.134 0.110 0.890
0.38 0.147 0.546 0.454 038 0.147 0.112 0.888
0.40 0.161 0.621 0379 040 0.161 0.109 0.891
041 0.175 0.621 0379 041 0.175 0.146 0.854
042 0.188 0.655 0345 042 0.188 0.144 0.856
043 0202 0.575 0425 043 0202 0.117 0.883
0.44 0216 0.404 0.596 0.44 0216 0.115 0.885
045 0230 0.562 0438 045 0230 0.114 0.886
0.46 0244 0.600 0.400 046 0244 0.112 0.888
047 0257 0.530 0470 047 0257 0.078 0922
048 0270 0.570 0430 048 0270 0.081 0919
049 0283 0.638 0.362 049 0283 0.086 0914
051 0.296 0.631 0.369 051 0.296 0.095 0.905
052 0308 0.632 0.368 052 0308 0.123 0.877
053 0320 0.708 0.292 053 0320 0.124 0.876
0.54 0.331 0.707 0.293 054 0331 0.123 0.877
055 0342 0.703 0297 055 0342 0.119 0.881
056 0353 0.709 0.291 056 0353 0.111 0.889
057 0364 0.483 0517 057 0364 0.028 0972
058 0374 0.402 0.598 058 0374 0.026 0974
059 0384 0.401 0599 059 0384 0.027 0973
0.60 0.39%4 0.356 0.644 0.60 0394 0.026 0974
0.61 0403 0318 0.682 0.61 0403 0.023 0977
0.63 0412 0321 0.679 0.63 0412 0.021 0.979
0.64 0.421 0.184 0.816 0.64 0.421 0.004 0.996
0.65 0430 0.071 0.929 0.65 0.430 0.003 0.997
0.66 0438 0.066 0.934 0.66 0438 0.001 0.999
0.67 0446 0.086 0914 0.67 0446 0.001 0.999
0.68 0454 0223 0.777 0.68 0454 0.001 0.999
0.69 0.462 0.205 0.795 0.69 0462 0.000 1.000
0.70 0470 0.201 0.799 0.70 0470 0.006 0.994
071 0478 0.196 0.804 071 0478 0.005 0.995
0.72 0485 0.186 0.814 0.72 0.485 0.004 0.996
0.74 0493 0.163 0.837 074 0493 0.004 0.996
075 0500 0.028 0972 075 0500 0.004 0.996
076 0508 0.023 0977 076 0508 0.004 0.996
077 0515 0.022 0978 077 0515 0.004 0.996
0.78 0523 0.024 0976 078 0523 0.003 0.997
0.79 0531 0.022 0978 0.79 0531 0.003 0.997
0.80 0539 0.246 0.754 0.80 0539 0.001 0.999
0.81 0547 0233 0.767 0.81 0547 0.004 0.996
0.82 0556 0.234 0.766 0.82 0.556 0.092 0.908
0.83 0.565 0.236 0.764 0.83 0.565 0.083 0917
0.85 0574 0.463 0537 0.85 0574 0.061 0.939
0.86 0584 0.496 0.504 0.86 0584 0.029 0971
0.87 0594 0.501 0.499 0.87 0.594 0.195 0.805
0.88 0.605 0.406 0.594 0.88 0.605 0.166 0.834
0.89 0.617 0.416 0.584 0.89 0.617 0.136 0.864
0.90 0.629 0.668 0332 0.90 0.629 0.120 0.880
091 0.643 0.757 0243 091 0.643 0543 0457
0.92 0.657 0.772 0.228 092 0.657 0.562 0438
0.93 0673 0.800 0.200 093 0.673 0571 0429
0.94 0.691 0.483 0517 0.94 0.691 0577 0423
0.96 0712 0.508 0492 0.96 0712 0.584 0416
097 0737 0.507 0493 097 0.737 0.602 0398
0.98 0768 0.690 0310 0.98 0768 0.509 0.491
0.99 0.814 0.601 0399 0.99 0.814 0.503 0497

Table 17: Point-Specific P-Values for ©®, (First-Order Dominance Test):Combined Effects
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P-val P-val P-val P-val
Percentile Q) Ha : Gynir < Gjjcsr Hs : Gynir > Gijcsr Percentile 9 Ha : Gry=s11 < Gjjw=s15 Hs : Gjjw=s11 > Grjw=s15

0.01 1.515 0.000 1.000 0.01 1.515 0.000 1.000
0.02 1.828 0.000 1.000 0.02 1.828 0.141 0.859
0.03 2.503 0.000 1.000 0.03 2.503 0.623 0.377
0.04 2.892 0.020 0.980 0.04 2.892 0.023 0.977
0.05 3.135 0.056 0.944 0.05 3.135 0.156 0.844
0.07 3.416 0.035 0.965 0.07 3.416 0.464 0.536
0.08 3.691 0.037 0.963 0.08 3.691 0.443 0.557
0.09 3.935 0.025 0.975 0.09 3.935 0.162 0.838
0.10 4.148 0.054 0.946 0.10 4.148 0.379 0.621
0.11 4.338 0.020 0.980 0.11 4.338 0.037 0.963
0.12 4514 0.023 0.977 0.12 4514 0.066 0.934
0.13 4.681 0.042 0.958 0.13 4.681 0.014 0.986
0.14 4.842 0.014 0.986 0.14 4.842 0.010 0.990
0.15 4.998 0.017 0.983 0.15 4.998 0.006 0.994
0.16 5.152 0.033 0.967 0.16 5.152 0.025 0.975
0.18 5.304 0.037 0.963 0.18 5.304 0.029 0.971
0.19 5.455 0.042 0.958 0.19 5.455 0.032 0.968
0.20 5.606 0.045 0.955 0.20 5.606 0.030 0.970
0.21 5.758 0.076 0.924 0.21 5.758 0.073 0.927
0.22 5912 0.166 0.834 0.22 5912 0.191 0.809
0.23 6.067 0.247 0.753 0.23 6.067 0.091 0.909
0.24 6.224 0.235 0.765 0.24 6.224 0.233 0.767
0.25 6.384 0.242 0.758 0.25 6.384 0.231 0.769
0.26 6.546 0.177 0.823 0.26 6.546 0.131 0.869
0.27 6.710 0.131 0.869 0.27 6.710 0.197 0.803
0.29 6.878 0.178 0.822 0.29 6.878 0.237 0.763
0.30 7.048 0.119 0.881 0.30 7.048 0.292 0.708
0.31 7222 0.123 0.877 0.31 7222 0.292 0.708
0.32 7.398 0.169 0.831 0.32 7.398 0.181 0.819
0.33 7.579 0.227 0.773 0.33 7.579 0.261 0.739
0.34 7.762 0.291 0.709 0.34 7.762 0.322 0.678
0.35 7.950 0.178 0.822 0.35 7.950 0.139 0.861
0.36 8.142 0.217 0.783 0.36 8.142 0.097 0.903
0.37 8.338 0.220 0.780 0.37 8.338 0.105 0.895
0.38 8.537 0.279 0.721 0.38 8.537 0.068 0.932
0.40 8.740 0.272 0.728 0.40 8.740 0.068 0.932
0.41 8.946 0.253 0.747 0.41 8.946 0.073 0.927
0.42 9.155 0.200 0.800 0.42 9.155 0.103 0.897
043 9.365 0.138 0.862 0.43 9.365 0.130 0.870
0.44 9.578 0.128 0.872 0.44 9.578 0.129 0.871
045 9.792 0.100 0.900 0.45 9.792 0.163 0.837
0.46 10.007 0.136 0.864 0.46 10.007 0.211 0.789
0.47 10.223 0.136 0.864 0.47 10.223 0.210 0.790
048 10.439 0.135 0.865 0.48 10.439 0.209 0.791
0.49 10.656 0.288 0.712 0.49 10.656 0.153 0.847
0.51 10.872 0.346 0.654 0.51 10.872 0.132 0.868
0.52 11.088 0.411 0.589 0.52 11.088 0.167 0.833
0.53 11.304 0.336 0.664 0.53 11.304 0.213 0.787
0.54 11.519 0.395 0.605 0.54 11.519 0.249 0.751
0.55 11.734 0.410 0.590 0.55 11.734 0.210 0.790
0.56 11.947 0.585 0.415 0.56 11.947 0.221 0.779
0.57 12.160 0.654 0.346 0.57 12.160 0.264 0.736
0.58 12.372 0.564 0.436 0.58 12.372 0.280 0.720
0.59 12.582 0.602 0.398 0.59 12.582 0.326 0.674
0.60 12.792 0.528 0.472 0.60 12.792 0.374 0.626
0.61 13.002 0.528 0.472 0.61 13.002 0.381 0.619
0.63 13.212 0.531 0.469 0.63 13.212 0.379 0.621
0.64 13.424 0.444 0.556 0.64 13.424 0.425 0.575
0.65 13.637 0.521 0.479 0.65 13.637 0.462 0.538
0.66 13.852 0.595 0.405 0.66 13.852 0.494 0.506
0.67 14.070 0.658 0.342 0.67 14.070 0.451 0.549
0.68 14.292 0.567 0.433 0.68 14.292 0.442 0.558
0.69 14.517 0.537 0.463 0.69 14.517 0.441 0.559
0.70 14.747 0.474 0.526 0.70 14.747 0.403 0.597
0.71 14.983 0.584 0.416 0.71 14.983 0.300 0.700
0.72 15.225 0.636 0.364 0.72 15.225 0.187 0.813
0.74 15.474 0.717 0.283 0.74 15.474 0.244 0.756
0.75 15.731 0.661 0.339 0.75 15.731 0.255 0.745
0.76 15.999 0.404 0.596 0.76 15.999 0.282 0.718
0.77 16.277 0.534 0.466 0.77 16.277 0.273 0.727
0.78 16.569 0.590 0.410 0.78 16.569 0.235 0.765
0.79 16.876 0.548 0.452 0.79 16.876 0.229 0.771
0.80 17.203 0.508 0.492 0.80 17.203 0.205 0.795
0.81 17.551 0.406 0.594 0.81 17.551 0.167 0.833
0.82 17.925 0.436 0.564 0.82 17.925 0.140 0.860
0.83 18.328 0.530 0.470 0.83 18.328 0.133 0.867
0.85 18.764 0.763 0.237 0.85 18.764 0.135 0.865
0.86 19.238 0.783 0.217 0.86 19.238 0.124 0.876
0.87 19.757 0.839 0.161 0.87 19.757 0.099 0.901
0.88 20.330 0.904 0.096 0.88 20.330 0.075 0.925
0.89 20.966 0.941 0.059 0.89 20.966 0.053 0.947
0.90 21.679 0.922 0.078 0.90 21.679 0.049 0.951
091 22.488 0.963 0.037 091 22.488 0.037 0.963
0.92 23.412 0913 0.087 0.92 23.412 0.039 0.961
0.93 24.481 0.863 0.137 0.93 24.481 0.027 0973
0.94 25.727 0.922 0.078 0.94 25.727 0.020 0.980
0.96 27.182 0.930 0.070 0.96 27.182 0.000 1.000
0.97 28.861 0.824 0.176 0.97 28.861 0.000 1.000
0.98 30.744 0.853 0.147 0.98 30.744 0.000 1.000
0.99 32.760 0.894 0.106 0.99 32.760 0.000 1.000

Table 18: Point-Specific P-Values for ©, (First-Order Dominance Test)
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P-val P-val P-val P-val
Percentile O Hy s Gnir < Gicsr+Trtmt H3 2 Giner > GijcsR+ Trime Percentile 9 Ha : Giinirw=s11 < Gljcsrw=s15  H3 : GNirw=s11 > GI|csR w=$15

0.01 1.515 0.000 1.000 0.01 1.515 0.000 1.000
0.02 1.828 0.000 1.000 0.02 1.828 0.000 1.000
0.03 2.503 0.000 1.000 0.03 2.503 0.000 1.000
0.04 2.892 0.000 1.000 0.04 2.892 0.000 1.000
0.05 3.135 0.030 0.970 0.05 3.135 0.020 0.980
0.07 3416 0.054 0.946 0.07 3416 0.022 0.978
0.08 3.691 0.035 0.965 0.08 3.691 0.025 0.975
0.09 3.935 0.043 0.957 0.09 3.935 0.011 0.989
0.10 4.148 0.055 0.945 0.10 4.148 0.234 0.766
0.11 4.338 0.018 0.982 0.11 4.338 0.001 0.999
0.12 4514 0.021 0.980 0.12 4.514 0.002 0.998
0.13 4.681 0.023 0.977 0.13 4.681 0.003 0.997
0.14 4.842 0.013 0.987 0.14 4.842 0.000 1.000
0.15 4.998 0.009 0.991 0.15 4.998 0.001 0.999
0.16 5.152 0.011 0.989 0.16 5.152 0.003 0.997
0.18 5.304 0.021 0.979 0.18 5.304 0.004 0.996
0.19 5.455 0.040 0.960 0.19 5.455 0.005 0.995
0.20 5.606 0.065 0.935 0.20 5.606 0.004 0.996
0.21 5.758 0.119 0.881 0.21 5.758 0.011 0.989
0.22 5.912 0.119 0.881 0.22 5.912 0.087 0.913
0.23 6.067 0.188 0.812 0.23 6.067 0.085 0.915
0.24 6.224 0.171 0.829 0.24 6.224 0.142 0.858
0.25 6.384 0.179 0.821 0.25 6.384 0.150 0.850
0.26 6.546 0.241 0.759 0.26 6.546 0.061 0.939
0.27 6.710 0.180 0.820 0.27 6.710 0.060 0.940
0.29 6.878 0.127 0.873 0.29 6.878 0.098 0.902
0.30 7.048 0.056 0.944 0.30 7.048 0.067 0.933
0.31 7.222 0.087 0.913 0.31 7222 0.067 0.933
0.32 7.398 0.125 0.875 0.32 7.398 0.067 0.933
0.33 7.579 0.128 0.872 0.33 7.579 0.113 0.887
0.34 7.762 0.129 0.871 0.34 7.762 0.177 0.823
0.35 7.950 0.069 0.931 0.35 7.950 0.045 0.955
0.36 8.142 0.177 0.823 0.36 8.142 0.046 0.954
0.37 8.338 0.238 0.762 0.37 8.338 0.048 0.952
0.38 8.537 0.332 0.668 0.38 8.537 0.050 0.950
0.40 8.740 0.330 0.670 0.40 8.740 0.038 0.962
0.41 8.946 0.263 0.737 0.41 8.946 0.041 0.959
0.42 9.155 0.258 0.742 0.42 9.155 0.044 0.956
043 9.365 0.182 0.818 043 9.365 0.033 0.967
0.44 9.578 0.134 0.866 0.44 9.578 0.036 0.964
0.45 9.792 0.106 0.894 045 9.792 0.039 0.961
0.46 10.007 0.141 0.859 0.46 10.007 0.063 0.937
047 10.223 0.142 0.858 047 10.223 0.063 0.937
0.48 10.439 0.185 0.815 0.48 10.439 0.062 0.938
0.49 10.656 0.235 0.765 0.49 10.656 0.093 0.907
0.51 10.872 0.236 0.764 0.51 10.872 0.092 0.908
0.52 11.088 0.292 0.708 0.52 11.088 0.136 0.864
0.53 11.304 0.331 0.669 0.53 11.304 0.135 0.865
0.54 11.519 0.391 0.609 0.54 11.519 0.180 0.820
0.55 11.734 0.380 0.620 0.55 11.734 0.182 0.818
0.56 11.947 0.351 0.649 0.56 11.947 0.281 0.719
0.57 12.160 0.411 0.589 0.57 12.160 0.363 0.637
0.58 12.372 0.420 0.580 0.58 12.372 0.321 0.679
0.59 12.582 0.352 0.648 0.59 12.582 0.389 0.611
0.60 12.792 0.421 0.579 0.60 12.792 0.389 0.611
0.61 13.002 0.482 0.518 0.61 13.002 0.391 0.609
0.63 13.212 0.454 0.546 0.63 13.212 0.353 0.647
0.64 13.424 0.439 0.561 0.64 13.424 0.354 0.646
0.65 13.637 0.439 0.561 0.65 13.637 0.424 0.576
0.66 13.852 0.514 0.486 0.66 13.852 0.489 0.511
0.67 14.070 0.552 0.448 0.67 14.070 0.488 0.512
0.68 14.292 0.540 0.460 0.68 14.292 0.421 0.579
0.69 14.517 0.581 0.419 0.69 14.517 0.420 0.580
0.70 14.747 0.527 0.473 0.70 14.747 0.338 0.662
0.71 14.983 0.527 0473 0.71 14.983 0.277 0.723
0.72 15.225 0.455 0.545 0.72 15.225 0.191 0.809
0.74 15.474 0.483 0.517 0.74 15.474 0.285 0.715
0.75 15.731 0413 0.587 0.75 15.731 0.276 0.724
0.76 15.999 0.423 0.577 0.76 15.999 0.204 0.796
0.77 16.277 0.495 0.505 0.77 16.277 0.235 0.765
0.78 16.569 0.524 0.476 0.78 16.569 0.203 0.797
0.79 16.876 0.437 0.563 0.79 16.876 0.191 0.809
0.80 17.203 0.458 0.542 0.80 17.203 0.146 0.854
0.81 17.551 0.406 0.594 0.81 17.551 0.092 0.908
0.82 17.925 0.377 0.623 0.82 17.925 0.071 0.929
0.83 18.328 0.323 0.677 0.83 18.328 0.077 0.923
0.85 18.764 0.388 0.612 0.85 18.764 0.124 0.876
0.86 19.238 0.597 0.403 0.86 19.238 0.108 0.892
0.87 19.757 0.762 0.238 0.87 19.757 0.096 0.904
0.88 20.330 0.850 0.150 0.88 20.330 0.082 0.918
0.89 20.966 0.890 0.110 0.89 20.966 0.071 0.929
0.90 21.679 0.908 0.092 0.90 21.679 0.059 0.941
091 22.488 0.906 0.094 091 22.488 0.061 0.939
0.92 23.412 0.737 0.263 0.92 23.412 0.047 0.953
0.93 24.481 0.867 0.133 0.93 24.481 0.025 0.975
0.94 25.727 0.866 0.134 0.94 25.727 0.000 1.000
0.96 27.182 0.916 0.084 0.96 27.182 0.000 1.000
0.97 28.861 0.801 0.199 0.97 28.861 0.000 1.000
0.98 30.744 0.133 0.867 0.98 30.744 0.000 1.000
0.99 32.760 0.855 0.145 0.99 32.760 0.000 1.000

Table 19: Point-Specific P-Values for ©, (First-Order Dominance Test): Combined Effects
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