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Abstract

The falling labor share of income in the US has renewed interest in employer market
power. | examine an important case of such power: no-poach agreements through
which technology companies agreed not to compete for each other’s workers. Exploiting
the plausibly exogenous timing of a Department of Justice investigation, I estimate
the effects of these agreements using double- and triple-difference designs. Data from
Glassdoor.com permit the inclusion of rich employer- and job-level controls. Estimates
indicate each agreement cost affected workers 2.6 to 4.0 percent of annual salary. Stock
bonuses and worker mobility were also negatively affected. (JEL J42, J30, 1.40)
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The workmen desire to get as much, the masters to give as little as possible.
The former are disposed to combine in order to raise, the latter in order to
lower the wages of labor. ... We rarely hear...of the combinations of masters,
though frequently of those of workmen. But whoever imagines...that masters
rarely combine, is as ignorant of the world as of the subject. ...To violate this
combination is every where a most unpopular action, and a sort of reproach
to a master among his neighbours and equals. ...Masters too sometimes enter
into particular combinations to sink the wages of labour even below this rate.
These are always conducted with the utmost silence and secrecy. ..and when the
workmen yield. .. without resistance. ..they are never heard of by other people.

—Adam Smith, The Wealth of Nations (1776)

I would be very pleased if your recruiting department would stop doing this.
—Steve Jobs (Apple), in an email to Eric Schmidt (Google; 2005)

Steve, as a followup we investigated the recruiter’s actions and she violated our
policies. Apologies again on this... Should this ever happen again please let me
know immediately and we will handle. ...On this specific case, the sourcer who
contacted this Apple employee should not have and will be terminated within
the hour.

—Schmidt reply to Jobs

)

—Jobs reply to Schmidt



1 Introduction

From 1970 to 2014 the labor share of US GDP fell from 66 to 60 percent (University of
Groningen and UC Davis 2018) and other countries have seen similar declines (Karabarbou-
nis and Neiman 2013). Several competing explanations have attracted researcher interest.
One strand of work emphasizes neoclassical factors, including trade and technological change
(Autor et al. 2017a; Autor et al. 2017b; Grossman et al. 2017). A second emphasizes institu-
tional factors, including declining unionization (Blanchard and Giavazzi 2003) and employer
market power (US CEA 2016; Krueger and Posner 2018).! This paper examines an im-
portant example of such power: the 2005-2009 no-poach agreements among Silicon Valley
technology firms.

Because employer market power typically arises endogenously, it is difficult to separate
from other determinants of labor earnings. Moreover in the United States, explicit collusion
to depress labor compensation is illegal under the Sherman Act, and exercising market power
is illegal under the Clayton Act (US Department of Justice 2010b; Marinescu and Hovenkamp
2018). This gives firms engaged in such behavior powerful incentives to hide it from both
government officials and researchers. The recent “no-poach” agreements among technology
companies provide a rare opportunity to identify causal effects of employer market power.

The following large firms were party to at least one no-poach agreement: Adobe, Apple,
eBay, Google, Intel, Intuit, Lucasfilm and Pixar. Concluded at the highest levels of man-
agement, including boards and CEOs, the agreements prohibited participating firms from
recruiting or hiring each other’s employees. Managers informed recruiters which potential
hires were off limits and some recruiting departments maintained written lists. Implementa-
tion was straightforward. A potential new employee cannot avoid disclosing her recent and
current employers to a firm at which she seeks a job. Even if she were to do so, platforms
like LinkedIn make it all but impossible to withhold such information. Enforcement was
similarly easy. In cases where a firm violated an agreement, its counterparty often contacted
a senior manager at the violating firm, who would then put a stop to the violation (US De-
partment of Justice 2010b; US Department of Justice 2012). This exercise of market power
was remarkably simple and cheap, relying on well-defined commitments from a small num-
ber of individuals. It required no elaborate salary schedules. The empirical ease with which
these firms coordinated stands in some contrast to the difficulty of sustaining coordination
in many textbook theoretical models of firm behavior.

A US Department of Justice investigation began to unravel the no-poach agreements in

!Such market power is frequently termed monopsony (Robinson 1933) or oligopsony (Marinescu and
Hovenkamp 2018).



early 2009. National media revealed the antitrust investigation on June 3, 2009 and DOJ filed
its civil complaint in US v. Adobe Systems on Sept. 24, 2010 (Helft 2009; US Department
of Justice 2010b). This was followed by a civil class action in 2011, with settlements in
2015 and 2018. While the DOJ did not undertake a criminal prosecution in response to the
no-poach agreements, it had the authority to do so under the Sherman Act. Gallo et al.
(1994) observe that the DOJ usually brings criminal, rather than civil, cases in response
to “’hard-core’ per se violations of the antitrust laws such as price fixing, bid rigging, and
market allocation schemes.” The no-poach agreements plausibly constituted such a scheme.

Using difference-in-differences designs, I estimate the effect of these no-poach agreements
on salaries. The timing of entry into the agreements is potentially a function of unobserved
economic factors that also influence labor earnings. My identification relies instead on the
plausibly exogenous timing of the DOJ investigation, which forced defendant firms to end
the agreements and led to salary increases. I find each full-year no-poach agreement reduced
salaries by 2.6 to 4.0 percent. My data are a novel set of compensation surveys from the
website Glassdoor. They include both employer names and detailed job titles in addition to
salary and other compensation.

These results are important because the information technology sector is a large and
growing part of the US economy. From 1997 to 2017, value added in this sector rose from
$373.8 billion to $961.5 billion (real 2009 dollars; US Bureau of Economic Analysis 2018).
My estimates may assume more general significance because of broad trends in the US
economy. No-poach agreements were facilitated by interlocking corporate boards and high
market concentration, which reduced coordination costs (US Department of Justice 2012).
From 1997 to 2012, the revenue share of the top 50 firms increased in the majority of
US industries (US CEA 2016). Recent work has found that workers in a majority of US
occupations face labor markets that are “highly concentrated” under DOJ guidelines (Azar
et al. 2018). Growing use of arbitration and non-compete clauses may also be increasing
employer market power (US CEA 2016).

This paper contributes to the empirical literature on employer market power.?

Recent
descriptive evidence suggests growing scope for the exercise of such power. Using online job
vacancy data, Azar et al. (2018) document concentration in US labor markets and estimate
associations between concentration and wages. Using Census data, Benmelech, Bergman,
and Kim (2018) find a negative relationship between local labor market concentration and
wages that has grown stronger over time. Qiu and Sojourner (2019) conduct a similar exer-
cise, but importantly control for market power in output markets. My study complements the

growing body of evidence on non-compete agreements (e.g. Starr 2019). Balasubramanian

2For surveys see Manning (2003) and Manning (2011).



et al. (2018) examine a 2015 Hawaii ban on non-compete clauses in the technology sector,
while Lipsitz and Starr (2019) examine a 2008 Oregon ban on non-compete clauses for hourly
workers. Krueger and Ashenfelter (2017) study the prevalence of no-poach agreements in
the franchise sector. Other empirical work exploits policy changes to answer questions about
labor-market monopsony. Naidu, Nyarko, and Wang (2016) use a policy reform relaxing con-
straints on worker mobility in the United Arab Emirates to study the effect of monopsony
on earnings. In a similar vein, Staiger, Spetz, and Phibbs (2010) use a policy-mandated
wage change at a subset of VA hospitals to examine wage responses at other hospitals in the
same labor markets. Relative to the existing empirical literature, this paper differs along two
dimensions. First, to the best of my knowledge, it is the first empirical work on no-poach
agreements, which can be broader than non-compete clauses. The agreements I study may
affect workers even in jurisdictions where non-competes are banned or unenforceable. They
alter not only the matching of workers to firms, but also the bargaining process within a
worker-firm pair. Unlike non-compete clauses, no-poach agreements limit the diffusion of
information to workers through recruiting calls and competing offers. Second, because my
research design relies on the timing of a whistleblower call, it avoids potential confounding
from anticipatory responses to pre-announced policy changes.

More broadly, my results contribute to the economic literature on white-collar crime
descended from Sutherland (1940).> The prevalence of such crime is difficult to assess,
but prominent examples occur with regularity: in 2008 the Madoff Ponzi scheme came to
light; and in 2012 the US began to investigate the rigging of the LIBOR by investment
banks. Over the same period white-collar prosecutions have declined, falling more than 46
percent since 2011 and reaching a record low in 2019 (TRAC Reports 2019).* A rational
model of crime like Becker (1968) predicts increased lawbreaking in response to reduced
enforcement, and this argues for the importance of research on this topic. Mark Cohen has
investigated the total social costs of white-collar crime using contingent valuation methods
(Cohen 2016; Cohen 2015). Much of the economic research on white-collar crime studies
tax evasion. Notable examples include Slemrod (2004) and the work of Gabriel Zucman
(Zucman 2013; Alstadseeter, Johannesen, and Zucman 2019).> The remaining literature is
rather idiosyncratic, as criminals typically have strong incentives to conceal their crimes.
Levitt (2006) studies non-payment for donuts and bagels in office settings where individual

payments are unobserved.® Fisman and Miguel (2007) find that diplomats from more corrupt

3Edwin Sutherland coined the phrase “white-collar crime” in a 1939 address, published as Sutherland
(1940), and antitrust violations are one of the four types of such crime discussed in Sutherland (1945).

4TRAC data begin in 1986.

5See Slemrod (2007) for a review.

SContrary to the priors of many economists, Levitt finds average payment equal to 90 percent of the



countries incur more unenforceable parking tickets near the UN. My study adds to the small
branch of this literature on criminal violations of antitrust statutes (Gallo et al. 1994). It
also contributes by recovering a causal estimate of the impact on victims. Because victims of
white-collar crime are typically many and difficult to identify, such estimates are frequently
unavailable.”

The rest of the paper proceeds as follows. Section 2 presents a theoretical model. Section 3
describes my data and Section 4 presents estimating equations. Section 5 discusses empirical

results and Section 6 concludes.

2 Theory

[ extend the model of Shy and Stenbacka (2019) along two dimensions. First, I consider the
three-firm case. Second, in keeping with my empirical setting, I define no-poach agreements
as quantity restrictions rather than uniform wage restrictions. Consider three firms, a, b,
and c, indexed by ¢ and facing output prices p;. Each firm initially employs n workers, and
competes for workers by offering a loyalty wage w; and a poaching wage v;. Within each
firm workers have switching costs s ~ U [0, 1]. These switching costs scale by a factor o that
varies by firm pair. A worker’s productivity is ¢ at the originating firm and ¢ (potentially
different) at the destination firm.

A worker initially employed at firm ¢ maximizes the following utility function.

w; if stay
u; (5) = v; — 0555 if leave for j

vy — oS if leave for k

Let [;; denote the supply of firm 7 labor that moves to firm j, allowing for the case ¢ = j

(“stayers”). The firm’s optimization problem can then be written compactly.

maxp; |noly +no (L + i) | — [nwils + nv; (L + L))

Wi,V

posted price.

"Sutherland (1945) writes, “The effects of a white collar crime upon the public are diffused over a long
period of time and perhaps over millions of people, with no person suffering much at a particular time.” In
cases where white-collar crime has led to corporate bankruptcy, the effect on debt and equity holders is fairly
clear and typically has not prompted econometric investigation, at least in academic publications. Examples
include the Enron and Madoff bankruptcies. Impacts on victims of tax evasion, insider trading, fraud, and
other common forms of white-collar crime are much more difficult to estimate.



First-order conditions are as follows.

Oly; -
(pi¢ - wi) 8_7111 —1; =0 (1)

/ 0l], 8[]“ -
(pi¢ - Ui) (8% + 8712-) —(lji+ 1) =0

Empirically, unrestrained markets for technology workers typically feature flows among

all firms. Given the theoretical structure above, the only potential equilibrium featuring
switching across all three firm pairs is one in which v, > v, > v, and o4, = Opy > Oue =
Ocq > Ope = O, as illustrated in Figure 1. Within each firm, wage offers and switching costs
divide workers into three types. For example, consider firm a. Workers with values of s on
<0, U“;“bb> switch to firm b. Workers with values of s on <M M) switch to firm c.

ac—0gq Cac—0ab’ Oac
Workers with values of s on (%, 1) stay at firm a. Provided p, > p, > p. and differences
in switching costs are small relative to levels of switching costs, an equilibrium exists with
vl > f > vl > wk > wp > wk. Closed-form solutions (w], vf) are in Appendix E.

Given this initial equilibrium, the only potentially incentive-compatible no-poach agree-
ment is between firms b and c¢. (A deal between firm a and one of the lower-wage firms
would not reduce poaching from the lower-wage firm.) I set the corresponding supply func-
tions equal to zero (I, = I, = 0) and solve for new equilibrium wages (w;”,v;*). The
DOJ complaint and the class action both allege that the no-poach agreements reduced labor
earning at colluding firms, so I am interested in parameter values that yield this prediction.
If switching is strongly productivity-reducing (¢’ < ¢) or switching costs oy, + 04 are large
relative to productivity gains, then both loyalty wages w;” and poaching wages v.” fall at the
colluding firms b and ¢ (relative to the equilibrium without a no-poach agreement).® Under
these conditions, the no-poach agreement also reduces both loyalty wages w]” and poaching

wages v/P at firm a. Details are in Appendices E and F.

3 Data

3.1 Description

My data come from Glassdoor, an online aggregator of wage and salary self-reports. Reports
cover employer, work location, raw job title, salary, and years of experience. The chief

strengths of these data, relative to public data sets like the Current Population Survey, are

8If switching is productivity-increasing (¢’ > ¢) or switching costs o4, + 04c are small, the model predicts
increased loyalty wages at firms b and c¢. The effect on average wages at b and c is then potentially zero or
even positive.



the inclusion of employer names and detailed job titles. Glassdoor uses machine-learning
models to classify users’ raw job title input at three increasingly granular levels: general
occupation, specific occupation, and job title. As described by the company, the machine-
learning model groups user-provided raw job titles by looking at job search and clicking
behavior on their website. Importantly, salary information is not an input into the model.
The top ten categories under each classification are in Table A2. T use reports from the
following industries: "Computer Hardware & Software", "Internet", and "Motion Picture
Production & Distribution." My data include age, education, and gender for a subset of
users.

The salary variable is not censored at high values. For users that report monthly or
hourly earnings (10 percent of my sample), I impute an annual salary by assuming a 40-hour
work week and 50 work weeks per year. I convert all nominal salaries to 2009 U.S. dollars
using the chained personal consumption expenditures deflator from the Bureau of Economic
Analysis.

Self-reported data naturally raise the question of measurement error. Karabarbounis
and Pinto (2018) investigate by comparing Glassdoor data to the QCEW and the PSID.
Industry-level correlations for mean salary are .87 and .9, respectively. The authors conclude,
“...the wage distribution (conditional on industry or region) in Glassdoor represents the
respective distributions in other datasets, such as QCEW and PSID fairly well.” More
generally, previous research suggests survey respondents report annual pre-tax earnings with
good precision. Using the Displaced Worker Supplement to the Current Population Survey
(CPS), Oyer (2004) finds mean reporting error of +5.1% and median error of +1.3%. Both
mean and median error are smaller for respondents reporting annual earnings, as 90 percent
of respondents in my data do. Similarly, Bound and Krueger (1991) compare CPS reports to
Social Security earnings records and find a signal-to-noise ratio of .82 for men, .92 for women.
Abowd and Stinson (2013) relax the assumption that administrative data are accurate and
survey data are measured with error. They estimate similar reliability statistics for the
Survey of Income and Program Participation and Social Security earnings data. Using the
same two data sets, Kim and Tamborini (2014) find reporting error is smaller for workers
with undergraduate and graduate degrees, who comprise 93 percent of my sample (Appendix
Table Al).

While some reports are unincentivized, others are incentivized by a “give-to-get” model:
complete access to the website’s aggregate salary and job satisfaction data requires a survey
response that passes quality checks. Users may submit multiple reports for the same or
different jobs. Naturally the resulting sample is non-random, and I discuss sample selection

in Section 3.2 below. I use all complete reports from full-time regular employees, ages 16 to



70, from 2007 to 2017.° Descriptive statistics are in Appendix Table Al.

3.2 Sample selection

The plaintiffs’ expert report from the civil class action (Leamer 2012) contains some data
that are useful in evaluating selection into my Glassdoor sample. Leamer (2012) Fig. 5
gives firms, job titles, years, and nominal compensation for the named plaintiffs. While
these observations are not randomly selected, that does not necessarily imply that they are
not representative. Indeed all but one of the observations for the named plaintiffs is close
to the corresponding fitted value from Leamer’s econometric model, estimated using the
full data set. Barring the one exception, they are representative despite their non-random
selection. One named plaintiff earned $118,226 in salary and $3,445 in other compensation
as a Computer Scientist at Adobe in 2008. Matching on firm, job title, and year, the
corresponding Glassdoor means are $122,238 and $11,509. A second named plaintiff earned
an average of $109,363 in salary and $30,641 in other compensation as a Software Engineer
at Intel 2008-2011. The corresponding Glassdoor means are $106,548 and $14,844. A third
named plaintiff held multiple positions at Intuit. In 2008 he earned $91,300 in salary and
$83,877 in other compensation as a Software Engineer. (This observation is far from the
corresponding fitted value of roughly $110,000 from the Leamer model, perhaps because
of the large non-salary compensation.) The corresponding Glassdoor means are $91,212
and $9,021. In 2009 he earned $94,000 in salary and $38,553 in other compensation as a
Software Engineer II. The corresponding Glassdoor means are $95,662 and $9,310. The
absolute mean salary difference between the administrative and Glassdoor data is $693, and
the mean absolute difference is $2,144. These observations suggest that the Glassdoor data
are reasonably representative of salaries at colluding firms. The Glassdoor measures of non-
salary compensation are noisier, at minimum, and potentially less representative.!’ Leamer’s
Exhibit 2 permits a few comparisons of report frequencies by job for Pixar Animation.
The top five jobs by count of worker-years are “Technical Director,” “Animator,” “Software
Engineer,” “Artist—Story,” and “Artist—Sketch.” For Glassdoor the top five job titles by
worker-years are “Technical Director,” “Production Coordinator,” “Senior Software Engineer,”
“Software Engineer,” and “Animator.” While these lists do not match perfectly, they are
reasonably similar.

While the above comparisons are suggestive, they are limited in scope. Leamer’s Figure

4 permits comparison of mean total (nominal) compensation per person-year at Adobe and

YTemporary, part-time and contract workers are excluded.
19For non-salary compensation, the absolute mean difference between administrative and Glassdoor data
is $27,958 and the mean absolute difference is $31,990



Intuit during the collusive period. Two cautions are in order. First, for Adobe the comparison
is imperfect, as the Leamer figure includes compensation data from pre-2007 periods not
covered by Glassdoor data. Second, Glassdoor coverage of non-salary compensation is much
more limited than coverage of salary. Because non-salary compensation is highly right-skewed
(Leamer 2012, Figure 8), this could lead to large differences in mean total compensation.
Per Leamer Figure 4, mean total compensation during the collusive period was $123,385 for
Adobe, $169,576 for Intuit. The corresponding figures in my sample are $157,316 for Adobe,
$140,890 for Intuit. Because these means are in nominal dollars and the Glassdoor data do
not include pre-2007 observations, the difference in temporal coverage may explain why the
Adobe mean is substantially higher in Glassdoor data. For Intuit the temporal coverage is
identical in Leamer’s Figure 4 and my Glassdoor sample, and the means differ by 17%.
The Occupational Employment Statistics from the Bureau of Labor Statistics permit
a broader set of comparisons at the occupation-year level, including both treatment and
control firms. Figure 2 presents a scatter plot of occupation-years, where occupations are
defined by year-2000 SOC codes. Vertical coordinates are nominal mean salaries from BLS
OES data. Horizontal coordinates are nominal mean salaries from Glassdoor data. At
values below $100,000 the data cluster tightly around the 45-degree line, indicating a close
correspondence between OES and Glassdoor data. At higher values most observations lie
below the line, indicating the Glassdoor mean is greater than the OES mean. This is partly
due to censoring in the OES data, with thresholds from $145,600 to $208,000 depending on
year. While the Glassdoor sample is not randomly drawn, Figure 2 suggests it is nonetheless

reasonably representative.

4 Empirical strategy

I begin from the following difference-in-differences equation.
In (Salaryegsjin) = Qeg + Bot + 1 + INum.Agreementse, + €egsjire (2)

Indices are: e~ employer, ¢~ general occupation, s~ specific occupation, j~job title, i user,
["location (MSA), and ¢~ year. The parameters a., control for cross-sectional differences
across employer-general-occupation groups. In subsequent specifications I move to employer-
specific-occupation (a.s) and employer-job-title (a.;) groups. The parameters 3, control for
arbitrary general-occupation-year trends. In subsequent specifications I move to specific-
occupation-year () and job-title-year (/;;) trends. The parameters 7, capture regional

salary differences. The treatment variable Num.Agreements.; is a weighted count of no-

10



poach agreements in force. For example, if a firm had 1 agreement in force for 5 months
and 2 for 7 months, Num.Agreementse, = (%) 1+ (5) 2."" It follows that ¢ is the effect
of having one additional no-poach agreement in force for a full year. Standard errors are
clustered in two dimensions, general occupation and employer. This allows for arbitrary
covariances in the error term within occupation or employer, both cross-sectionally and over
time.

The event study in Figure 3 provides a preliminary view of the treatment effect and
allows for evaluation of identifying assumptions. This figure is constructed from a variant
of Equation 2. Controls are job-title-employer, job-title-year, and MSA fixed effects. Treat-
ment is a collusion dummy interacted with year indicators and the 2017 treatment-control
difference is normalized to zero. My data begin in 2007, at which time many of the no-
poach agreements had already entered into force. The effect of these agreements is visible
in the left-hand region of Figure 3, where treatment-group salaries are below control-group
salaries by 5 percent. The estimate for 2007 is not statistically significant at the five per-
cent level, but those for 2008 and 2009 are. The vertical line just after 2009 marks the end
of the treatment period. DOJ documents indicate that the no-poach agreements ended in
2009, but that at least some continued after the investigation was publicly revealed in June
(US Department of Justice 2012). Therefore I assume that all agreements in force at the
beginning of 2009 continued through the end of 2009. Treatment-group salaries begin to
converge to control-group salaries after this point, but estimates remain substantially neg-
ative in 2010 and 2011. Full convergence occurs in 2012. My identification strategy relies
not on the potentially endogenous introduction of no-poach agreements, but rather on the
plausibly exogenous DOJ investigation that ended them.

Figure 3 also allows indirect evaluation of the parallel trends assumption required for
a difference-in-differences design to identify the causal effect of the no-poach agreements.
In the 2007-2009 period covered by the agreements, treatment and control salaries move in
parallel. In the post-treatment period 2012-2017 there is more variance in point estimates,

1.12 There is no evidence of

but none are statistically significant at the five percent leve
different trends in the two groups. Broadly the event study results imply that the magni-
tudes of my estimates based on Equation 2 are likely biased downward. My specification
ignores the 2010-2011 transition, during which salaries at treatment-group firms may have
been reduced by lingering effects of the no-poach agreements. While this is undesirable, the

alternative is worse: defining treatment based on endogenous transition behavior could in-

" Details for each treated firm are in Appendix A.
12 Approximately 13% of observations come from treatment-group firms, which is one reason for the higher
variance in that time series.
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troduce endogeneity. The firms that were party to no-poach agreements are large and could
conceivably have reduced salaries at non-participating firms. If such was the case, then these
general-equilibrium effects also bias my estimates downward in magnitude.

To study worker mobility I define a discrete variable C' taking the following values: C' =1
indicates staying at the current employer, C' = 2 indicates leaving for a treated employer,
and C' = 3 indicates leaving for a control employer. I then estimate multinomial logit models,

beginning from the following equation.

In [preit (C=¢

© i)] = oT'reated, + pCollusion; + éTreated, * Collusion; + Ve (3)
Preqt -

In this equation T'reated, is an indicator for originating in a treated firm and Collusion; is
an indicator for a transition occurring during the collusive period 2007-2009. In subsequent
specifications T add year dummies, a dummy for each treated employer, and metropolitan

area dummies.

5 Empirical results

5.1 Primary empirical results

Table 1 presents estimated effects of one additional no-poach agreement. Column one cor-
responds exactly to Equation 2. The estimated effect is -1.5 percent, statistically significant
at the ten percent level. Column two uses specific occupation and the estimate is modestly
larger: -1.9 percent, statistically significant at the five percent level. Column three uses
controls based on job title, the most specific classification scheme, and the estimate is larger
still: -2.6 percent, statistically significant at the one percent level. This is my preferred spec-
ification, because it employs rich controls for both cross-sectional and time-series differences
across job titles while maintaining a large, plausibly representative sample. Column four
adds user fixed effects, so identifying variation comes only from users who submit multiple
reports.'? The resulting estimate is -4.0 percent, statistically significant at the one percent
level. The increased magnitude springs from the change in sample, not the inclusion of user
fixed effects. Table A3 reports the same four specifications as Table 1, limited everywhere
to the sample under user fixed effects, and estimates are all in the -4 to -5 percent range.
These estimated reductions are consistent with the theoretical prediction that no-poach
agreements reduce salaries at participating firms (see Section 2). The model also predicts

reduced salaries at control-group firms. If such was the case, then my empirical estimates

I3Note that such users may constitute a selected subsample.
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are biased downward in magnitude.

The magnitude of these effects is striking because these employees are well educated and
highly paid. Thirty-one percent have an advanced degree and the mean salary in the larger
sample is $85,555 (2009 US$). From intuition one might expect these characteristics to make
them less vulnerable than other groups to employer market power. My estimates are in the
range of the firm- and year-specific effects on total compensation estimated by the plaintiffs’
expert report from the class action: from -1.6 to -20.1 percent, with most from -1.6 to -10
percent (Leamer 2012).!* The defendants’ expert report is, to the best of my knowledge,
not part of the public court record. However in certifying the plaintiff class Judge Lucy
Koh quoted its conclusions: ”’Defendants argue that, when Dr. Murphy disaggregated the
Conduct Regression, he received dramatically different results. See id. at 12-13; Murphy
Rep. € 117 (finding that Lucasfilm and Pixar “show|ed]| no ‘undercompensation’ but instead
‘overcompensation’. . . throughout the period,” Google, Adobe, and Intel showed overcompen-
sation in some years, and Apple showed “much smaller” undercompensation)”’ (IKoh 2013).
My estimates are inconsistent with the quoted results.

Previous research on employer market power has estimated effects of similar magnitude.
Azar et al. (2018) find that a 10 percent increase in concentration (HHI) is associated with
a .3 to 1.3 percent decrease in wages. Benmelech, Bergman, and Kim (2018) find that a one
standard deviation increase in HHI is associated with a 1 to 2 percent decrease in wages, and
that the relationship is stronger in more recent data. Naidu, Nyarko, and Wang (2016) find
that when migrant workers in the United Arab Emirates are allowed to change employers at
the end of their initial contract, their earnings increase by 10 percent.

The following back-of-the-envelope calculation estimates aggregate damages based on
salary alone. The plaintiffs’ expert report estimates 109,048 members of the class and $52
billion in affected earnings (Leamer 2012). In my data the average treated worker was affected
by roughly two no-poach agreements. Based on column three of Table 1, the marginal effect

is approximately 2x—.026 = —.052 percent. Earnings in the absence of the agreements would

$52bn
1—.052

per employee-year.'> This estimate should be viewed as a lower bound. Tt excludes not only

then have been = $54.85bn and employee losses were $2.85bn, or approximately $5,200

14The experts in this litigation had access to administrative compensation data from defendant firms,
but not from other firms. The research design employed in (Leamer 2012) is a single difference, comparing
agreement periods to pre- and post-agreement periods.

5These calculations can instead be performed in levels, using regression results from Table A4. For
the larger all-employee class, damages are then (109,048 employees)(-$2760/agreement-yr)(2 agreements)(5
years), approximately $3 billion in 2009 dollars. Alternatively one can assume that only technical and creative
salaries were affected (59,550 employees). From the triple-difference regressions of Table A6, the marginal
effect of the agreements is approximately 2% —.0309 ~ .062. Earnings in the absence of the agreements would

have been 22300 — $35 2hn and employee losses were $2.2bn.
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non-salary compensation, but also additional job search costs incurred by affected workers.
Even ignoring these costs, my damage estimate is substantially greater than the $435 million
the defendants paid to settle the case (Elder 2015; High-Tech Employee Antitrust Settlement

2018).16 This gap raises the question of whether the settlement will meaningfully deter
future exercise of employer market power.!”

Theory predicts that damages represent a transfer from labor to owners of other factors
(Shy and Stenbacka 2019). At macroeconomic scale, the declining labor share has been asso-
ciated not with an increased capital share, but rather increased profit (Barkai 2017), though
this need not be true in this particular setting. An estimate of the attendant deadweight loss
is beyond the scope of this paper.!® Given the high mean salary among affected workers, it
could be argued that the welfare consequences of earnings lost to the no-poach agreements
are relatively small. For workers in the San Francisco Bay Area this argument is unconvinc-
ing because high housing costs greatly reduce the real purchasing power of six-figure nominal
salaries. In June 2018 the US Department of Housing and Urban Development revised its
eligibility threshold for low-income housing assistance to $117,400 for Marin, San Mateo,
and San Francisco counties (Sciacca 2018).

Table 2 examines non-salary compensation, including cash bonuses, stock bonuses, and
profit sharing. Note that Glassdoor does not require responses for these variables, and
the sample is a potentially selected subset of the one from Table 1. T observe non-zero
supplemental compensation for 66 percent of reports, while according to Leamer (2012)
93 percent of employee-years included supplemental compensation. The following results
should therefore be interpreted with caution. For each compensation type I estimate a
linear probability model using a dummy for positive compensation, a linear model with log
compensation as the dependent variable, and a Poisson fixed-effects model that subsumes
extensive and intensive margins in one equation (Correia, Guimaraes, and Zylkin 2019)."?
Accordingly, estimates in column 3 are semi-elasticities. The probability of a positive stock
bonus declines by 5 percentage points per no-poach agreement. Conditional on a positive
stock bonus, the amount declines by 21 percent (23.9 log points). The combined effect is
an average decline in stock bonus of 22 percent (25.2 log points). All three estimates are
statistically significant at the one percent level. Estimates for cash bonuses and profit sharing

are close to zero in the linear probability models. In the log models they are substantially

16 Apple, Google, Intel and Adobe settled together for $415 million in 2015. The other defendants settled
for $20 million.

17This remains true even if one alls for uncertainty in my estimate and non-settlement losses.

8Sources of deadweight loss could include decreased worker-firm match quality, impaired labor- or product-
market function from lost trust, and additional monitoring by workers, firms, or governments.

9Observation counts in column 3 differ from those in column 1 because the PPML estimator does not
count observations perfectly predicted by the fixed effects.
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negative at -6 and -13.5 percent, respectively, but not statistically significant. In the Poisson
model they are positive, but standard errors are large and ¢ statistics are less than one.
The data allow me to observe job transitions for users who submit multiple salary reports.
For descriptive purposes, I first divide the sample into treatment (2007-2009) and post-
treatment (2012-2017) periods and report flows as shares in Appendix Table A5. To examine
worker mobility more rigorously, I estimate a multinomial logit model over three choices:
1) stay at the current employer; 2) leave for a treated (colluding) employer; or 3) leave
for a control (non-colluding) employer. Table 3 reports average marginal effects from an
interaction of two dummies: the first for originating from a treated employer and the second
for a transition occurring in the treated period. Estimates are stable across specifications.
Under the richest control set (column four), the probability of staying increases by 6.8
percentage points and the probability of leaving for a treated employer falls by 6.4 percentage
points. The latter estimate is statistically significant at the ten percent level. The probability
of leaving for a control employer is approximately unchanged. While these estimates are

imprecise, they are consistent with the no-poach agreements limiting worker mobility.

5.2 Empirical robustness

To test for selection into treatment on observables, Panel A of Table 4 presents estimates
for the subsample in which I observe demographic variables. Controls are as above, with
the addition of a female dummy, age, age squared, and a set of educational attainment
dummies in all columns. Estimates in columns one through three are strongly similar to
their counterparts in Table 1. The estimate under individual fixed effects is smaller at -
2.3 percent, but remains statistically significant at the one percent level. Together these
estimates suggest that selection into treatment on observables is not driving my primary
results.

In specifications with user fixed effects, selection into treatment on time-invariant unob-
servables is not a potential source of bias, but may matter for interpretation of the estimates.
Selection on time-invariant unobservables remains a potential threat to identification in other
specifications. As a first check of this concern, I estimate effects on the subsample of “give to
get” reports. Previous research has found that “give to get” mitigates selection of employees
with highly positive or negative views of their employers (Marinescu et al. 2018). Panel B of
Table 4 shows results, which are large in magnitude at -5 to -10 percent, but not statistically
significant. This is evidence that selection may bias my primary estimates toward zero. As a
second check, T am working on implementing the framework of Oster (2017) in this setting.

To test robustness to specification changes, I estimate regressions using an alternative
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exposure variable, a simple dummy for whether a firm has one or more no-poach agreements
in force. As before, I employ a duration-weighted average for years in which a firm was in
both states. Estimates in Panel C of Table 4 range from -1.6 to -7.5 percent. In columns
three and four they are statistically significant at the five and one percent levels, respectively.
These are not directly comparable to my primary results because the treatment definition
differs, however the similar pattern of signs and statistical significance demonstrates that my
results are robust to a different set of reasonable modeling choices.

I also consider alternative definitions of the treated group. Qualitative evidence from
the civil suit suggests the no-poach agreements may have been enforced only for technical
employees (Leamer 2012). This suggests a triple-difference specification, using non-technical
employees at colluding firms to help estimate counterfactual salaries. Appendix Table A6
presents estimates from such a specification, which range from -2.9 to -3.4 percent in columns
one through three; the estimate under user fixed effects becomes more negative but extremely
imprecise. Intuition suggests another group of employees at colluding firms who may not have
been in the treatment group: human resources (HR) employees, who had detailed knowledge
of the no-poach agreements. Appendix Table A7 presents variants of my primary double-
difference specification in which the number of agreements interacts with a HR indicator.
Estimated coefficients on this interaction are statistically significant and positive. This is
evidence that HR employees were less affected than others by the no-poach agreements.
Indeed the estimated marginal effect on HR employees is not statistically distinguishable
from zero in any column. There are multiple explanations consistent with this empirical
pattern. Colluding firms could have kept HR salaries high to discourage whistle-blowing, for
example, or HR employees could have increased search effort.

The use of annual salaries in my primary regressions restricts my ability to carefully study
dynamics. To test the importance of this limitation, Appendix Figure Al provides event-
study estimates using report quarter (rather than year of salary) as the time variable. This
requires additional sample restrictions.?? As in Figure 3, the parallel trends assumption
appears plausible. Estimate magnitudes under collusion are similar at roughly negative
five percent. Following the revelation of the DOJ investigation in 2009, full convergence is
achieved more rapidly, in 2011 rather than 2012. In the corresponding pooled regression, the
marginal effect of a full-year agreement is -3.4 percent. Note this is not directly comparable
to the estimates in Table 1 due to the difference in sample.

Movement of workers across treatment and control firms raises the potential for bias

20To create this figure, the primary estimation sample was subset to observations meeting the following
criteria: 1) report year equal to salary year; 2) report month from July 2008 through December 2017. The
first criterion limits the possible mis-measurement in the horizontal coordinate. The second criterion excludes
the first two quarters of Glassdoor reports, in which treated sample sizes are small.
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from spillovers (violation of the SUTVA assumption). Intuitively, observed wage changes
could come from changes in the composition of a firm’s workforce, rather than changes in
pay conditional on a given workforce. To evaluate this concern, I exclude users observed
at both a treatment and a control firm over the full timespan of the Glassdoor data. This
eliminates approximately 2400 observations. I then re-estimate the models of Table 1 on
this reduced sample. Results are reported in Appendix Table A8. Coefficient estimates and
standard errors are strongly similar to my primary results in columns 1 through 3. With
user fixed effects the estimate is -.0735, larger than the corresponding -.0398 from Table 1.
Such a change is perhaps unsurprising, as eliminating switchers reduces sample size by 22
percent and may substantially change the sample of workers providing identifying variation.
This is an imperfect test for the influence of spillovers, because I do not observe multiple
salary reports for all users. Nonetheless the lack of any meaningful change in columns 1
through 3 of Appendix Table A8, and the increased magnitude in column 4, suggest that
worker movement is not producing first-order upward bias in the magnitude of my primary

estimates.

6 Conclusion

Economists have long been interested in employer market power (Robinson 1933), but such
monopsony has attracted renewed interest of late. Using novel compensation data from
Glassdoor, this paper estimates the effects of no-poach agreements among Silicon Valley
technology companies. Difference-in-differences regressions return negative, statistically sig-
nificant estimates for both base salaries and stock bonuses. They suggest the increasing
market concentration in many US industries could lead to increasing use of employer market
power, with negative impacts on workers and overall social welfare. My analysis lends addi-
tional weight to calls for greater policy scrutiny of employer market power and its sources,

including mergers, mobility constraints, information asymmetries, and non-compete clauses
(US CEA 2016; Krueger and Posner 2018; Marinescu 2018).
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7 Figures

Figure 1: Three-firm equilibrium, no agreement
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Figure depicts an equilibrium in which poaching occurs in both directions across all three firm pairs. There is
no no-poach agreement. Poaching wages are v;, loyalty wages are w;, and s ~ U (0, 1) is worker switching cost.
The figure assumes v, > v, > v, and symmetric switching costs that vary by firm pair, with o, > 04c > Ope.
Within each firm, wage offers and switching costs divide workers into three types. For example, consider firm
A. Workers with values of s on (O M) switch to firm B. Workers with values of s on (M M)

? Cac—0ab Cac—0ab’ Oac

switch to firm C. Workers with values of s on (“;7“’“, 1) stay at firm A.
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igure 2: Average salary in Glassdoor and BLS OES data, 2007-2017
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Each observation is an occupation-year, where occupations are defined by year-2000 SOC codes. Vertical
coordinates are nominal mean salaries from BLS OES data. Horizontal coordinates are nominal mean salaries
from Glassdoor data. The red line has slope equal to one (y = x). OES data are censored at high values,
with thresholds from $145,600 to $208,000 depending on year. The horizontal dashed gray line represents

the minimum censoring threshold in OES data.
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Figure 3: Event study, dummy treatment
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Coefficient estimates are from a regression of log real annual salary (2009 US dollars) on job-title-employer,
job-title-year, and MSA fixed effects. Treatment is a collusion dummy interacted with year indicators and the
2017 treatment-control difference is normalized to zero. Whiskers represent 95 percent confidence intervals.
National media revealed the antitrust investigation on June 3, 2009 and DOJ filed its complaint in US
v. Adobe Systems on Sept. 24, 2010. The magnitude of the estimates 2007-2009 is roughly twice that
of the estimate in Table 1, column three, because the average number of agreements at a treated firm is

approximately two.
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8 Tables

Table 1: Effect of no-poach agreements on salary

In(Salary) In(Salary) In(Salary) In(Salary)
Num. agreements -0.0146*  -0.0190**  -0.0262*** -0.0398"**
(0.00790)  (0.00931)  (0.00861)  (0.00315)

General occupation FE Yes No No No
Specific occupation FE No Yes No No
Job title FE No No Yes Yes
User FE No No No Yes
Observations 198682 198682 198682 5091

Estimates in column 1 correspond to Equation 2. Column 2 employs specific-occupation-employer and
specific-occupation-year FE. Column 3 employs job-title-employer and job-title-year FE. Column 4 employs
user, job-title-employer, and job-title-year FE. Dependent variable is log real annual salary (2009 USS$).

Standard errors are two-way clustered on general occupation and employer in all columns.
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Table 2: Effect of no-poach agreements on other compensation

Cash bonus - LPM  In(Cash bonus) Cash bonus - PPML

Num. agreements 0.00614 -0.0579 0.0714
(0.00921) (0.0560) (0.0842)
Observations 198682 71705 153835
Stock bonus - LPM  In(Stock bonus)  Stock bonus - PPML
Num. agreements -0.0511* -0.239*** -0.2527
(0.00502) (0.0266) (0.0599)
Observations 198682 36927 102114
Profit sharing - LPM  In(Profit sharing) Profit sharing - PPML
Num. agreements 0.00484 -0.135 0.118
(0.00721) (0.156) (0.351)
Observations 198682 3906 53262

Estimates from variants of Equation 2 with job-title-employer and job-title-year FE. Dependent variable is an
indicator for positive compensation of a given type in column 1, log real compensation of a given type (2009
US$) in column 2, and real compensation of a given type (2009 US$) in column 3. Column 3 employs the
Poisson pseudo-maximum-likelihood estimator of Correia, Guimaraes, and Zylkin (2019), and estimates are
semi-elasticities. Observation counts differ from column 1 because the estimator does not count observations
perfectly predicted by the fixed effects. Standard errors are two-way clustered on general occupation and

employer in all columns.
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Table 3: Effect of no-poach agreements on worker mobility

pr(Stay) 0.0654 0.0759 0.0878 0.0624
(0.0706) (0.0671) (0.0677) (0.0650)
pr(Leave for treated employer) -0.0613  -0.0603 -0.0633 -0.0635*
(0.0408)  (0.0407) (0.0408) (0.0383)
pr(Leave for control employer) -0.00409 -0.0156 -0.0245 0.00110
(0.0714)  (0.0684) (0.0689) (0.0663)
Observations 14492 14492 14492 14492

The dependent variable takes on three values: 1=stay at the current employer; 2=leave for treated
employer; 3=leave for control employer. Estimates are average marginal effects of treatment,
which is an interaction of two dummies: the first for originating from a treated employer and the
second for a transition occurring in the treated period 2007-2009. Column 1 corresponds exactly
to Equation 3. Column 2 adds year dummies. Column 3 adds a dummy for each treated employer.

Column 4 adds metropolitan area dummies.
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Table 4: Effect of no-poach agreements on salary, robustness checks

Panel A: Demographic controls

In(Salary) In(Salary) In(Salary) In(Salary)

Num. agreements -0.0125 -0.0185  -0.0274™*  -0.0231***

(0.0101) (0.0122)  (0.00759)  (0.00641)
Observations 57766 57766 57766 1335
Panel B: Give to get only
Num. agreements -0.0878 -0.103 -0.0479

(0.0585) (0.0702) (0.0508)
Observations 27427 27427 27427
Panel C: Alternative treatment definition
Agreement in force -0.0158 -0.0244 -0.0464*  -0.0754***

(0.0160) (0.0208) (0.0206) (0.0208)
Observations 198682 198682 198682 5091
General occupation FE Yes No No No
Specific occupation FE No Yes No No
Job title FE No No Yes Yes
User FE No No No Yes

* p < 0.10, ** p < 0.05, *** p < 0.01

All panels: Estimates in column 1 correspond to Equation 2, with the addition of a female dummy, age, age
squared, and a set of educational attainment dummies. Column 2 employs specific-occupation-employer and
specific-occupation-year FE. Column 3 employs job-title-employer and job-title-year FE. Column 4 employs
user, job-title-employer, and job-title-year FE. Dependent variable is log real annual salary (2009 USS$).
Standard errors are two-way clustered on general occupation and employer in all columns.
Panel A: Samples are smaller than in Table 1 because most reports do not contain user demographics.

Panel B: “Give to get” reports are offered by users in exchange for access to aggregate salary reports. The
sample in this panel is a subset of the one employed in Table 2. A specification with user FE cannot be
estimated because, by design, each user can contribute only one “give to get” salary report.
Panel C: Estimates in column 1 correspond to Equation 2, but with a different exposure variable: a dummy
for having one or more no-poach agreements in force.

28



Appendix A Details of no-poach agreements

According to the complaint in the civil class action, “Defendants’ conspiracy consisted of an
interconnected web of express 14 agreements, each with the active involvement and participa-
tion of a company under the control of Steven P. Jobs (“Steve Jobs”) and/or a company that
shared at least one member of Apple’s board 16 of directors” (Saveri 2011). All agreements
prohibited parties from “cold calling” (recruiting) each other’s employees. Many required
that if an employee of one party applied to another, the prospective new employer would
inform the current one. Many also prohibited the prospective new employer from hiring such
an applicant without permission of the current employer. In the event of an offer, bidding
wars were generally prohibited (US Department of Justice 2010b; Saveri 2011; US Depart-
ment of Justice 2012). Agreements were not limited by geography or employee role (Leamer
2012), but there is some evidence that they were enforced more rigorously in cases of highly
educated, highly paid employees (Leamer 2012; Koh 2013).

e Apple-Google. The agreement began no later than 2006 (US Department of Justice
2010b). The class action alleged that this agreement began in February 2005 (Leamer
2012). As my data begin in 2007, the difference is irrelevant to my analysis.

e Apple-Adobe. The agreement began no later than May 2005 (US Department of Justice
2010b).

e Apple-Pixar. The agreement began no later than April 2007 (US Department of Justice
2010a).

e e¢Bay-Intuit. The agreement began no later than August 2006 and lasted until at least
June 2009 (US Department of Justice 2012).

e Google-Intel. The agreement began no later than September 2007 (US Department
of Justice 2010b). The class action alleged that this agreement began in March 2005
(Leamer 2012). As the class action plaintiffs had financial incentives to allege longer

agreements, I conservatively adopt the DOJ start date of September 2007.

e Google-Intuit. The agreement began no later than June 2007 (US Department of
Justice 2010a).

e Lucasfilm-Pixar. The agreement began no later than January 2005 (US Department of
Justice 2010c). The class action alleged that this agreement began before the year 2000
(Leamer 2012). As my data begin in 2007, the difference is irrelevant to my analysis.
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Appendix B Litigation timeline

March 2009. DOJ sends civil investigative demands to technology firms.

June 3, 2009. DOJ antitrust investigation becomes public (Helft 2009).

Sept. 24, 2010. Complaint filed in US v. Adobe (US Department of Justice 2010b).
Dec. 21, 2010. Complaint filed in US v. Lucasfilm (US Department of Justice 2010c¢).
March 18, 2011. Final judgment in US v. Adobe.

May 4, 2011. Civil class action In re: High-Tech Employee Antitrust Litigation filed.
Nov. 6, 2012. Complaint filed in US v. eBay (US Department of Justice 2012).

September 2, 2015. Remaining defendants Apple, Google, Intel and Adobe settle class

action.
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Appendix C Additional figures

Figure Al: Event study, dummy treatment, by report quarter
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To create this figure, the primary estimation sample was subset to observations meeting the following criteria:
1) report year equal to salary year; 2) report month from July 2008 through December 2017. The first
criterion limits the possible mis-measurement in the horizontal coordinate. The second criterion excludes
the first two quarters of Glassdoor reports, in which treated sample sizes are small. Together these criteria
reduce the length of the pre-treatment period, but facilitate investigation of salary changes within year.
Coefficient estimates are from a regression of log real annual salary (2009 US dollars) on job-title-employer,
job-title-year-week, and MSA fixed effects. Treatment is a collusion dummy interacted with year-quarter
indicators and the 2017q4 treatment-control difference is normalized to zero. Whiskers represent 95 percent
confidence intervals. National media revealed the antitrust investigation on June 3, 2009 and DOJ filed its
complaint in US v. Adobe Systems on Sept. 24, 2010. The magnitude of the estimates 2007-2009 is roughly
twice that of the estimate in Table 1, column three, because the average number of agreements at a treated
firm is approximately two.
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Figure A2: Event study, dummy treatment, triple-difference specification

S

Coefficient estimate

-.15

2007 2008 2009 2010 2011 2012 2013 2015 2016 2017
Year

Coefficient estimates are from a regression of log real annual salary (2009 US dollars) on job-title-employer,
job-title-year, and MSA-technical worker fixed effects. Treatment is a collusion dummy interacted a tech-
nical class indicator and with year indicators. The 2017 treatment-control difference is normalized to zero.
Whiskers represent 95 percent confidence intervals. National media revealed the antitrust investigation on
June 3, 2009 and DOJ filed its complaint in US v. Adobe Systems on Sept. 24, 2010. The magnitude of the
estimates 2007-2009 is roughly twice that of the estimate in Table A6, column three, because the average

number of agreements at a treated firm is approximately two.

32



Appendix D Additional tables

Table Al: Descriptive statistics

mean sd min max
Base pay 85555.87  41504.32  12870.93  863106.81
Cash bonus 19990.55  269382.60 0.00 32167392.00
Stock bonus 16062.15  336794.66 0.00 41817608.00
Profit sharing 52149.13 23777921.67 0.00 1.10e+-10
Female 0.27 0.44 0.00 1.00
Age 33.11 8.52 16.00 70.00
High school 0.05 0.22 0.00 1.00
Some college 0.02 0.13 0.00 1.00
College 0.62 0.49 0.00 1.00
Graduate degree 0.31 0.46 0.00 1.00

All forms of compensation in 2009 USS.

Table A2: Top 10 occupations, by classification scheme

‘ General occupation

Specific occupation

Job title

software engineer

software engineer

software engineer

branch manager

manager

senior software engineer

engineer

software development engineer

account executive

account executive

account executive

account manager

product manager

program manager

project manager

program manager

product manager

director

sales representative

account manager

software development engineer

project manager

project manager

product manager

marketing manager

engineer

software developer

corporate account manager

software developer

program manager
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Table A3: Effect of no-poach agreements on salary, user FE sample

In(Salary) In(Salary) In(Salary) In(Salary)

Num. agreements -0.0453 -0.0493 -0.0461***  -0.0398***
(.) () (0.00568)  (0.00315)
General oce. controls Yes No No No
Specific occ. controls No Yes No No
Job title controls No No Yes Yes
User FE No No No Yes
Observations 5091 5091 5091 5091

In all columns the sample is restricted to reports from users who submit multiple reports. Estimates in column
1 correspond to Equation 2. Column 2 employs specific-occupation-employer and specific-occupation-year
FE. Column 3 employs job-title-employer and job-title-year FE. Column 4 employs user, job-title-employer,
and job-title-year FE and is identical to column 4 of Table 1. Dependent variable is log real annual salary

(2009 USS). Standard errors are two-way clustered on general occupation and employer in all columns.

Table A4: Effect of no-poach agreements on salary, levels

Annual salary Annual salary Annual salary Annual salary

Num. agreements -1540.4* -2008.0* -2759.8"* -4413.4
(906.6) (1123.8) (999.2) ()
General occupation FE Yes No No No
Specific occupation FE No Yes No No
Job title FE No No Yes Yes
User FE No No No Yes
Observations 198682 198682 198682 5091

Estimates in column 1 correspond to Equation 2. Column 2 employs specific-occupation-employer and
specific-occupation-year FE. Column 3 employs job-title-employer and job-title-year FE. Column 4 employs
user, job-title-employer, and job-title-year FE. Dependent variable is real annual salary (2009 US$), rather
than log real annual salary. Standard errors are two-way clustered on general occupation and employer in
all columns.
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Table Ab: Worker flows

2007-2009 2012-2017
To To
Stay Leave Stay Leave
Control | Treated Control | Treated
From | Control | 2% | 23% 5% From | Control | 51% | 44% 4%
Treated | 83% 16% 1% Treated | 59% | 36% 4%

Flows are calculated from users who submitted multiple reports within the 2007-2009 or 2012-2017 period.

Rows sum to 100%.

The fraction of stayers falls at both treated and control firms from the treatment to the

post-treatment period, but the fall is greater (both absolutely and proportionally) at treated

firms. This is consistent with the no-poach agreements limiting worker mobility. The share

leaving treated firms for other treated firms rises from 1% to 4%. Among those leaving
treated firms, the share going to other treated firms rises from 1/17 = 5.9% to 4/40 = 10%.

This is the expected pattern if the no-poach agreements differentially suppressed transitions

to other treated firms. Among those leaving control firms, the share going to treated firms
falls from 5/28 = 18% to 4/48 = 8%. This is consistent with treated firms redirecting

recruiting effort from control firms to treated firms in the post-agreement period.
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Table A6: Effect of no-poach agreements, triple-difference specification

In(Salary) In(Salary) In(Salary) In(Salary)
Num. agreements 0.00675 0.00698 -0.00252 0.280**
(0.00992)  (0.0119)  (0.00727)  (0.133)

Num. agreements*technical class -0.0286*** -0.0343*** -0.0309™*  -0.320**
(0.0104) (0.0109)  (0.00748) (0.127)

General occupation FE Yes No No No
Specific occupation FE No Yes No No
Job title FE No No Yes Yes
User FE No No No Yes
Observations 198585 198585 198585 5058

This table is similar to Table 1, but regressions add a third dimension of difference: technical vs. non-technical
employees. Estimates in column 1 correspond to Equation 2, with the addition of interactions with a technical
class dummy for all variables. Column 2 employs specific-occupation-employer and specific-occupation-year
FE and interactions with technical class. Column 3 employs job-title-employer and job-title-year FE and
interactions with technical class. Column 4 employs user, job-title-employer, and job-title-year FE and
interactions with technical class. Dependent variable is log real annual salary (2009 US$). Standard errors
are two-way clustered on general occupation and employer in all columns. Sample sizes are smaller than the
corresponding figures in 1 because the triple-difference regression leads to more singletons.
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Table A7: Effect of no-poach agreements, interacted with HR indicator

In(Salary) In(Salary) In(Salary)
Num. agreements -0.0150*  -0.0192**  -0.0264***
(0.00781)  (0.00933)  (0.00866)

HR—1*Num. agreements 0.0561*  0.0393*  0.0378"
(0.0151)  (0.0211)  (0.0173)

General occupation FE Yes No No
Specific occupation FE No Yes No
Job title FE No No Yes
Observations 198682 198682 198682

Estimates in column 1 correspond to Equation 2, with the addition of an interaction between the number
of agreements and a HR indicator. Column 2 employs specific-occupation-employer and specific-occupation-
year FE. Column 3 employs job-title-employer and job-title-year FE. Dependent variable is log real annual

salary (2009 US$). Standard errors are two-way clustered on general occupation and employer in all columns.

Table A8: Effect of no-poach agreements on salary, no treatment-control switchers

In(Salary) In(Salary) In(Salary) In(Salary)
Num. agreements -0.0132* -0.0175*  -0.0257**  -0.0735***
(0.00751)  (0.00926)  (0.00880)  (0.00188)

General occupation FE Yes No No No
Specific occupation FE No Yes No No
Job title FE No No Yes Yes
User FE No No No Yes
Observations 196245 196245 196245 3961

Sample excludes users observed at both a treatment and a control firm (“switchers”) over the full timespan of
the data. Estimates in column 1 correspond to Equation 2. Column 2 employs specific-occupation-employer
and specific-occupation-year FE. Column 3 employs job-title-employer and job-title-year FE. Column 4
employs user, job-title-employer, and job-title-year FE. Dependent variable is log real annual salary (2009

US$). Standard errors are two-way clustered on general occupation and employer in all columns.
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Appendix E Poaching equilibrium

E.1 Firm A

Firm A’s labor shares are as follows.

Relevant derivatives are as follows.

Olg 1
Ow,  0Oqc
lpa 1
dv, 20

lca

1
ov, 0

These can then be plugged into the general FOCs given in Equations 1.

1 Ve — Wq
O-O,C O-O,C
/ 1 1 Vg — Ve | Vg —Up\
(po ) (5*5) —< % s ) =0
The first FOC can be solved for w,.

(pa¢_wa> 01 - (1_ <UC;U}a)> —0

pa¢_wa+vc_wa -1

O_(IC

pa(b - 2wa + Ve = Ogc

2wa - pa¢ + Ve — Oge

1 1 1

Wy = §pa¢ + 5’00 - éaac

The second FOC can be solved for v,.

38



(pa¢/ - va> (% + %) - (U“Q_évc + 28 < w’) =0
<pa¢l25— Uq 1 pa¢/5_ Ua> _ (%2—5% X Uq ; Ub) -0
Pat — Ua2_5 (va = e) | Pad = va - (va =) _
Patp —225% e Pad = ?va o _

Pa® — 204 + Ve + 2 <pa¢' — 20, + vb) =0
pa¢, - 2va + Ve + 2pa¢l - 4va + 2Ub == O
3pa¢, —6v, + 0.+ 20, =0

6v, = Spagb/ + v, + 2vp
1 1 1

Vg = §Pa<l5 + gl + 3V

E.2 Firm B

Firm B’s labor shares are as follows.

lp=1— <Uc — wb)
Obe

Vp — Ve Vy — Ve

lab -

Oab — Oqc o
- Uy — We Va — Up o Vp — We Vag — Up
lcb - - - - 5
Obe Oac — Obe Obe

Relevant derivatives are as follows.

O _ 1.

awb_ch

lo 1
81}1,_(5

l, 1 1
b _ 4

31){, Ope )
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These can then be plugged into the general FOCs given in Equations 1.

1 Ve — W
oo (1= (252))
Obc Obc
/ 1 1 1 Vp — Vg Up — W, Vg — Up _
(w6 =) (o 5) - [+ () - (5 =0
The first FOC can be solved for wy.

(prb—wb)% - (1 - (Uca_bwb)> =0

PyP — wp + Ve — Wy 1
Obe

pb¢ - 2wb + Ve = Ope

wa :pb¢+vc — Obe

1 1 1

wy = §pb¢ + EUC - §O-bc

The second FOC can be solved for v,.

/ 1 1 1 Vp — Ve Vp — We Vg — Up
<pb¢‘”b><5+o_bc+5)_{ 5 *( O )‘( 5 )}
) 2 1 Up — Vo — Vg + U Vp — We
(pb¢—“b)(5+g)—(b R )

2 l_2 - 2 — Ye 7 Va - We
(Wb Ub+pb¢ Ub)_(vb v U+Ub w>:0

I
o

0

(5 Obpe 5 Obe
2pb¢' — 2up — 20, + V. + v, pbgb' — Uy — Up + W
=+ =0
0 Obe
2pbgz5' —dvy 4+ v, + v, pbqﬁ' — 2up + W,
+ =0
(5 Ope
’ 5 /
2pb¢ - 4Ub + Ve + Vaq + 0__ <pb¢ - 2Ub + wc) =0
be
, ) / 1) 1)
2pp0 — dvp + Ve + Vg + —pp@ —2—vp + —w. =0
Obe Ope Ope
) / 20 1)
<2+—>pb¢ - <4+—> Oy + Ve + Vg + —w, =0
Ope Obe Ope
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20 ) / o
<4+—>vb= 2+—)pb¢ + e+ Vet ——we
be

! SR P
vp = — Ve + Vg + — W,
’ 4+26. Obe P Ope
1 1 ) / )
) 2 - c a - We
2<2+5){( +0bc>pbq§+v + v +chw}
¢/+ 1 n 1 n 1 1)
-~ 5 Ve Vg — W
o 242 2+ L 2+ 2 | oy

1 , )
Uy = 5 {Pb(b + Blvc + ﬁlva + Bl_wc:|
Obe
)

1 | 1 1
- = = c = a M1 We 7
Up 2pb¢ + 2511) + 2510 + 2ﬁ10bcw (7)

E.3 Firm C

Firm C’s labor shares are as follows.

lcc =1- (Ub — wc>
Obe
- Ve — Wq Up — Uc [ Ve — Wq Up — Ve
“o Oac Oab — Oac B Oac d
Ve — Wy Vg — U Ve — Wy Vg — Ve
lbc - - = -
( Obe ) (U ba — ch) ( Obe ) < 20 )

Relevant derivatives are as follows.

O 1

8ch B Obe

le 1 1

O, O + )
lpe 1 1
b - 4=

a’UC Obe 20
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These can then be plugged into the general FOCs given in Equations 1.

1 - We
o= (1-(252) -
Obc Ope
/ 1 1 1 1 Ve — Wy Vp — Vg Ve — Wy Vg — Vg
c - Ue < - ac - - - =0
(6 =) (ot 5ot 5) (o) - (5 + () - (),
The first FOC can be solved for w,.

v o= (%)) -

pc¢—wc+vb—wc_1
Obe

pcgb - 2wc + Vp = Ope

2wc = chb + Uy — Ope
1 1 1

W, = §pc¢ + Evb - Eo-bc (8)
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The second FOC can be solved for v,.

, 1 1 1 1 Ve — W Up — Ve Ve — Wy |

(o =0 (G5 a) - () - (5« (5) - ().
, 1 1 1 Ve — Wy 2up — 20, Ve — Wp — v\ ]
(et =) (o + 35+ o +25) () - () + () - (M)
(pc¢/_vc) i+i+i _ Ve — Wq n Ve —Wy\ va—i—2vb—3vc

Ogc Ope 26 Oac Obe |

( cd)/ _ Uc) < Obe + Oac + 3) _ |:<0bCUc - chwa) + (Uacvc - Jacwb) _ <Ua + 2'Ub - 31}@)_
OacObe OacObc 20 OacObc OacObc ]

¢ Ope + Tac 3 ObcVe — ObeWq + OqcVe — TacWh Vg T 24Uy — IVc + 2”1) — 3
() (2t 3 ]

OacObc 20 OacObc

(ch + UaC) (p0¢ - vc) N 3 (pc¢ - ’UC> B {(chvc — OpeWq + OgcVe — Uacwb> . <Ua + 2vp — v

OacObc 20 OacObc

(ch + Jac) pcqb/ - (ch + Uac) Ve — (chvc — OpcWq + OqcVUc — Uacwb) + 3pc¢/ - 3Uc + (Ua + 2’Ub - 3”0)
OacObc 20

(ch + Uac) pcd)/ - (ch + Uac) Ve — OpeVc + OpcWq — TgcVe + TqcWp + 3pc¢/ - 3'Uc + Va + 2Ub - 3Uc
OacObc 26

(ch + Uac)pc¢l - (ch + Oac + Ope + Uac) Ve + OpeWq + OacWp + 3pc¢, - 61}0 + vg + 2'Ub
OacObe 20

20 / /
< ) [(ch + Jac) pcqS - (2ch + 2aac) Ve + OpcWq + Jacwb:| + (3pc¢ - 6vc + Vq + 2”1))

TacObc
26 / 20 20 /
|:( > (ch + Uac)pc¢ - < ) (20bc + 20ac) Ve + < ) OpeWq + ( > Uacwb:| 3pc¢ - GUC + Vg + 21)1;)
OacObc OacObc OacObc OacObc
20 / 46 (ope 26 /
((Gbc . Uac)) PP — <(Ub' hi Uac)) Ve + <ch ) ( > wy + 3pc® — 6ve + vg + 2up
OacObc OacObc OacObc OacObe

20 (0pe + Tge / 46 (Ope + Oqc 20
(3+(b )>pc¢—< 7(17 )>Uc+< )wa+< )wb+va+2vb

OacObc OacObc Oac Obc

45 C ac 26 C ac ! 26 2(5
<6+wb+0)> ve = (3+W)pc¢ + (U) wa + (g) wy + vq + 20
be

TacObc OacObc ac
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ey (2)
TacObc 4 Tac
Ve = (6—|— 45(Uhc+0'ac))pc¢ + (6—|— 45(0bc+aac))

TacObe OacObe

29
(ch> ]. 2

(6+M)wb+ (6+M)va+ (64—%)

TacObe TacObe TacObe

Wq + UVp

20(0be+0ac) 5 5

bedomed) o) (@) .,

Ve = Pe Wq Wp Vq
26(0be+0ac) 20(0be+Tac) 20(0be+Tac) 20(0be+0ac) 26(0bctac) )
2(34 Beed )T g (34 Migeond) g (34 Mtand) g (3 Betond) T g (3 BiGton)
o) )

R G I ¢ N S
Ve = S Pec Wq Wy Vq Up

2 26(0pct0ac) 28(0bet0ac) 28(0bet0ac) 28(0be+0ac)

(34 2Getoes) (3 Bz} g (34 Blpdewd) (34 BT
6 5

N R (O B o
Ve = =Pe Wy Wy Va

2 30acTbe 25(‘7 c+‘7ac) 30acTbe 25(‘7 c+‘7ac) 30acTbe 25(‘7 c+0'a6) 304cThe 26(0' c+UaC)

(Spmge - Bt} (e g Mo ) g (S g Mol ) - (Srnee - 200
) )

(&) (&)
Ve = — w v v
¢ 2pC <3Uaco'bc+260'bc+260'ac) @ (3aacgbc+260bc+25aac) b 2(3chobc+250bc+250ac) “ (30'aco'bc+260'bc+260'uc> b

TacObe OTacObe TacObe TacObe

1 / é TacObe 3 TacOpe 1 TacOpe CacOpe
Ve = ~pcd + wa+ wp+— Va+ Vb
2 Tac 30acOpe + 200 + 2804c The 30acOpe + 200 + 2604c 2 \ 30acOpe + 200 + 2004c 30acOpe + 200 + 2004c

— OacObc
Let 62 - (30acabc+25abc+25aac)'

1

' ) 0 1
Ve = _pc¢ + _/82wa + _ﬂ2wb + _62'0(1 + BQUb (9)
2 Oac Obe 2

E.4 Solving for wages

Equations 4 through 9 comprise a system in six variables {w,, vq, W, vy, We, V. }.

Lok, 1
Wq =% Pa “VUe — Z0qc
Pa® Tl ™50
[ S
Vg ==Da A )
2P 63
1 1 1
W :pr(b + 5Ve ™ 50
1 P | 1 1 )
Up _prqﬁ + 551% + Eﬁlva + Eﬁla—bcwc
B 1 b6+ 1 1
We —2pc 2Ub Qabc
1 ) ) 1
Ve =P + —ow, + —Lowy + = Bav, + Bovy
2 Cac Ope 2
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To begin, substitute the equations for w; into those for v; to obtain a 3x3 system.

1 ¢/ n 1 n 1
Vg =—="Pa —Ve + =V
9P 63
1 | 1 1 1) 1 1 1
Vp —§pb¢ + 551% + 551% + iﬁlU_bc (‘pc¢ + —Ub - 5%)
1 , 1) 1 1 1 1 1 1
Ve :§pc¢ + Uacﬁ2 (gpaﬁb + évc — 5%(:) 52 ( Pp + Uc - §ch> + 552% + Bavsp

This can be simplified.

1 n 1
—v. + =0
6° 3"
1 1)
2ﬁlvc + 51% 51—pc¢ + 51—% — —51 U—ch
Obe

1 /
Vg, _§pa¢ +

1 /
Up =§pb¢ +

1 ) 1 146 1 194 16 1
Ve —Epcﬁb + (2 oo ~ 3 0%52%(;) + (§zﬂ2pb¢ + 5;62% - 5;52019(;) + Eﬁwa +

be

This can be simplified.

1 n 1

—V.+ =V

6 37"

1
251%‘1‘ 51% ( 51—pc¢+ ﬁl—vb——ﬁl >

1 '
Vq :épagb +
1

vy = Qpbﬁb/ +

w0+(3—&m¢+5i@m 3952 + gava +

1, (1
”C__pc¢+(za 20 2

2

ac

This can be simplified.

1 ¢, n 1 n 1
Vq _2pa 3Ub GUC
1, 1 6 1 1 1 4 1
= (§pb¢ + _Bl_pc¢ - —515) + —51% + —51—% + —51%
be Ope
1 16
( 25 ) + 52% 55 5;52%
This can be simplified.
1 ¢ N 1 N 1
Vaq 2pa Ub 6vc
1 1 1 | ) 1
2pb¢ + 51 P — —515) + —Blva + _Bla_vb + 551%
be be

(Qy’ )+%&%+&%+%&<5—%i)%

Oac Obe
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Substituting the first equation into the second and third yields a 2x2 system.

1 1 1 ) 1 1 1 1) 1
vy = ( “ppd + 51 pc¢ - —B1 ) + —51 (—pa¢ + 3V + —Uc> + Zﬁl_vb + 551%

6 Ope
1 1 / 1 1 1 ) )
( Ped 55 ) + 552 (§Pa¢ + 3V + gvc) + Bavy, + 5/32 (Uac + U_bc) Ve

This can be simplified.

T ., 1 4 1 1 o1 1 1 0 1
vp = (—pb¢ + —51—pc¢ - —515> + —51pa¢ + éﬁlvb + Eﬁwc + Zﬁl_vb + 551%

Obe

= (p + limpaqs gt = 352 ) + 1Papad + G+ v+ o+ 300 (2 2,

20 ac 20 Oac Obe

This can be simplified.

1 1 16 1 1
vp = ( Bripad + pbcb + 61 pccb —515) + —ﬁlvb + Zﬁl_vb + éﬁlvc + Eﬁlvc

Obe
) ) 1
+ _) Ve + Eﬂ?vc

Oac Obe

o= (§a0a6 + 5 Papr+ %—ﬁgpm 3ot = 600 ) + g+ B+ 350

This can be simplified.

1 A ) 1 1 196 1 1
Uy = (Zﬁlpa¢ + —pb¢ + —ﬁl—pcﬁﬁ - —515) + (6 + ZlU_bc> B + <§ + E) Brve

o= (§a0s6 + 52 Papir+ 1—62pb¢ #gned =5 )+ (G +1) ot g8 (2 St L)

2 Oac 20 Oac Obe 6

This can be simplified.

1 ;1 ;1 ) 1 1/1 196
vp = (Zﬁlpa(b + §pb¢ + Zﬁlo'_ch?C(b — 1515) + B (5 + - 5 bc) B1vs + 51%
1 ;19 16 1 , 1) 1) 1
Ve = (Zﬁﬂ)aéﬁ 2o 5oy B} - 552) + 652% + 552 <0ac + o + 6) Ve

This can be simplified.

1/1 19 1 1, 19 1 7
g (§ 3 bc) Brup = (Zﬁlpaﬁﬁ +opd + Zﬂ1g—bcpc¢ - 1515) + 5 hve

1 P ) 10 1 , 7 1 1) 1
Ve = (Zﬁzpaﬁb 3 - 552) + 652271) + 552 ( + —

2 Oac 2 Obe Oac Oy
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This can be simplified.

wft=5 (54 5 ) 0] = (Goms + 4o + 1m0 - 1008) +
o 4" ope 4 12

Ve ( Bopad + ! 0 Bopa® + liﬁz]’bﬁb + %pc¢, - 552) + gﬂﬂ)b + %52 ( 0 +

2 Oac 2 Obe ac

This can be simplified.

( ~2hi - Z—bﬁl) _ (1ﬁ1pa¢’ b+ 1ﬁlipc¢ - 1515) ¥ B

19 7 1 ) )
ﬁ2pa¢ + 5 —B2pa® + ——ﬁ2pb¢ + —pc¢ — 0B | + =favp+ P2 | — + —

2 04e 6 2 Oac O

This can be simplified.

(481pa6’ + e + 161 2t — 1319 5,

(1- 16 - i;ﬁl) (1- 18- i;ﬁl)
1 19 1 1 1 ) ) 1
Ve (4 2 0o 2% 2 52) Jr(sﬁm”Eﬂ2 (aac+abc+6)v

Finally one can substitute for v, and solve for v, in terms of parameters.

Vp = —|—

" ( Bopa + 3B + 5 Bap + 5ped 652)

2Uac 20 Obc
7, (461pa0 + 3006’ + 161 2-ped — 110) 6,
+ = P2 + Ve
6 (1 — 61— igﬁl) (1 1 }L%ﬁl)

—i—lﬁ 0 —i—i—l—l v
92 Oge  Ope 6) ©

This can be simplified.

( 52pa¢ ; - 552)
7
5

(451pa¢ Fing + Lo - 461 )

(1 — B - %g@)
N
+gﬁ2 121 Ve + 52(5 +i+é)vc
<1 — 5B — 4Ub 51) Tac  Obe
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This can be simplified.

mz(%mﬁ+1 ﬁm@+3—&mw%%¢—wg

4 204 2
7 [ (iﬂlp(ﬁb + §pb¢ + Zﬁlgpcﬁb - :151 )
+ 652 ) )
i <1 — b — zg@)
7 = 5 5 1
e ey +(g +a_+6> v
I <1 _ Eﬁ _ Zo__bcﬁ > ac be
This can be simplified.
1 7 0 0 1
ve= 5P |3 i, LR
( 51 - Z;ﬂl) Tac  Obe
1 16 1
(452]%?15 20 B - 552)
T, @5mwb+ m¢+¢ﬂ%$m¢ L610)
S I T
This can be simplified.
1|7 5 s 5 1
Ve 1 552 g 1261 ‘|‘_+_+6
<1 - -51 - %g@) Tac The
1 o1 1 1
(Zﬂ?pagb 2 0 2 b 5 - (5ﬁ2>

7 (151a® + iped + 151 ped — 1510
+ =02 T T
6 — P — zgﬁl

This can be simplified.

1 |77 1 s 5 1
Ve Pl 31QE<L_1_;5)+0—M+0_Z,C 6
b1 6 4 ope
:<ﬁ2pa¢ 95 —552)
Zﬁ 614pa¢ +251pb¢ +4gbpc¢
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This can be simplified.
1 49 1 ) ) 1
| 1-58 | 5 —
! 262 36<L 1 15>+aac+abc+6

g (wg)

o
~ (3800 S
7 <4pa¢ + Qﬁlprb + 1 0pe pc¢ )
+ g

Dividing yields a solution for v. in terms of parameters.
(482008 + 32 Bopat + S 2o + Lped — 0 )
Ve =
1 5 51
< — 3P {%WﬂLaﬂ-—bﬁéD

This can be simplified.

(10)




Using previously derived expressions gives solutions for the other endogenous variables.

v§:4pa¢ +2ip_b¢l4_’4§b pc¢—‘5+L_1112_ i - (11)
B~ 6 dop, B~ 6 dop.

vi= 2ped + ol + 30 (12)

w, = ;pc¢+ 1vb ; Tbe (13)

wy, —% b + lv: ; e (14)

Wi = dpo+ bt o (15)

I first consider poaching wages. By equations 11 and 12, v; > v} and v} > vy provided
P is sufficiently large. Trrespective of how switching affects productivity, one can guarantee
this with sufficiently large p,. From the above solutions, w; < v} provided o3, and o, are
sufficiently large.

I next consider loyalty wages. The inequality w} > w; requires the following.

1 o4 Ly 1 L Ly
2pa V. 20ac 2Pb V. g

2 be
pa¢ — Ogc > pb¢ — Opc

From the beginning the model assumed o,. > 0y, so this condition amounts to p, > p.
That is, the price of firm A’s output must exceed that of firm B’s output sufficient to offset the
greater switching costs that allow firm A to lower its loyalty wages. The inequalityw; > w
requires

1

111 1.
SPed + SV = 50k > P+ U — S0

2 2
P + vz > ped + vy

Under the restriction(s) given above vy > v¥, so this condition amounts to p, > p.. That

c?
is, the price of firm B’s output must exceed that of firm C’s output sufficient to offset B’s
advantage in facing the weakest marginal poaching threat (firm C; firm C faces a stronger

marginal poaching threat in firm B).
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Appendix F No-poach agreement between B & C

Given the initial equilibrium, only a no-poach agreement between firms B and C can possibly
be incentive-compatible. (If B were to make a deal with A, it would lose the same number
of workers, but all to C rather than the combination of A and C. The case of a deal between
C and A is similar.) Let superscripts np denote variables under the no-poach agreement. I
represent the agreement within the model as a quantity restriction: [J' = [} = 0. This is in

keeping with my empirical setting.

F.1 Firm A, no-poach agreement between B & C

Firm A’s optimization problem does change because it faces different labor supply functions

maand [, Firm A’s labor shares are as follows.

np __ ,,np
lna -1 — U, W
aa
Oac

na __ /ng B wl?p
ba Tub
o = T =0
O-(ZC
Relevant derivatives are as follows.
oy _ 1
ow,  Oge
ha _ 1
g O
lci 1
ava B aac

FOCs are as follows.

0

1 np P
(Pad — W) _ (1 _ (M))
O-QC O-(IC
, 1 1 P — P P — P
(pa¢—v2p)(—+ )—( by Lo )
Oab Oac Oab Oac

0

ol



The first condition can be solved for w]?

1 np _ ,np
(path — W) —— — (1 _ (M)) —0
O-(ZC O-QC

1
(Pa® — w,”) + = =1
o

The second condition can be solved for v}”.

, 1 1 P — P TP — P
b
(pacb—v;‘p)(—Jr )—( + - <) =0
Oab Oac Oab Oac
’ np ’
Pa® — VJP — v 4w, i Da® — VP — vJP +wiP

Oab Oac
’ g, ’
Pap — 2057 + w,” + ab (pad) — 20" 4 wf}p) =0

ac

b ’ Oab Oab
P =220 + —Cwi =0
o, o

=0

’ n n Oq
Pa® — 207 + w,? +

a n 4 O-G n
2vgP +2— ’ vg? = pad + w,” + pa¢+0b ’
a a 4 n Oq n
(1458 = (1) B
Oac ac ac
1, 1 . 1 Oy
0P = Zp.d + —————w f —————— bwcp
2 2 (1+22) 2 (1+22) %
1, 1 . 1 o,
VP = pedp + w7
2 (22:(16 + 20ab> (25&6 _I_ 20'ab> Oac
n 1 / 1 n 1 Oab
Uap = §pa¢ + 200c+2041 wbp + 2crac+20ab U_wcp
1 Oac Oac Oab
P = — ¥ = w”p np
“ 2p ¢ * 200 + 204 ° 2040 + 204p Oue
1 Oac Oab
P — u wnp + np
= gped 200 + 200y ¥ 2000 + 20w €
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F.2 Firm B, no-poach agreement between B & C

Firm B’s labor shares are as follows.

np __ np
lnp =1— Yy Wy
bb T
Oba

np __ ,np np __ ,np
Yp Ue — Up Ve

Loy =
Oab — Oqc 5
Iy =0
Relevant derivatives are as follows.

E)lgbp 1
owy, Oba
lgf 1
8vb N )
"P
e
(%b

FOCs are as follows.

The first condition can be solved for w;”.

1 np __ ,,"P
o L (1- (V)
Oba Oba

1 np __ ,,,P
(P — wy¥) — + (—Ua ad) ) =1

Oba,
np np __
prb - 2wb + Uap = Opqg
np __ n,
2wb - pb(b + Uap — Oba

. 1.1
w,” = §pb¢ + SUq — 50ba
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The second condition can be solved for v,”.

<pb¢/ — v;fp> (%) - (—ng g ng) =0
<pb¢/ - v;}P> — P+l =0

pb¢/ — 20" + P =

20,7 = pyd + P

T

F.3 Firm C, no-poach agreement between B & C

Firm C’s labor shares are as follows.

np __ ,np
lnp —1— Vg W,
cc
Oac

np __ ,,np np . np np __ ,,np np _ ,np
i _ (w) _ (u) _ (&) _ (u)
ac
Oac Oab — Oqc Oac 6

=0

Relevant derivatives are as follows.

oy 1
we  om
11
B, 0w B
he' _
dv.

FOCs are as follows.

np _ ,,np
o —ur) - = (1= () ) o
O-CLC O-ac
, 1 1 v — P v, P — P
P . - o c a - b c —
<pc¢ e > <‘7ac " 5) (( Oac ) < 0 )) 0

o4



The first condition can be solved for w”.

1 np 4P
(pep — w™) — — (1 _ (M)) —0
O-(ZC O-QC
1 np 4P
(et — wi?) — + (M) -

ac UGC

(ped — W) + 0P — Wi = 04
pcgb - 2w?p + U;Lp = Oqc

n n
chp = pc¢ + Uap — Oqc

1 n;
wfp = §p0¢ + _Uap - éo-ac

The second condition can be solved for v]”.

, 1 1 P — P v P — ™
__np - o c a o b c —
<pc¢ e ) (Uac - 5) (( Oac ) < 4 )) !

! n, ¢ n, n, n; np np
P — v pep —v? v —wg? vt —w

CR—
Uac 6 Uac 5
Ped — 2027 +wp?  peg — 2077 + vy
+ =0
Oac )
. ’_2 np np . ’_2 np np
pr Ve +wa +p¢ Ve +Ub =0
Oac )
0

(pes' = 207 + ) +peg’ — 207 + v} = 0

ac

1) , 1) 1) ,
( pep —2—lP + wgp)+pc¢—2vgp+v;”‘p:0

ac UGC O-G,C
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) ) ) ) n
20,7 42— = pd + —pep + —wi? +v,”
O-(ZC O-(ZC O-G,C
) ) ) )
2<1+ )v;‘p: <1+ )pcgzﬁ + —wp? 4+ v, *
Ogc Oqac Oac
5
1 / 1
T W U S
2 2(1+(;fw) 2(1+U‘fw)
5
1 / 1
0P = —pep + ——w)? + ———u”
2 p(met) " g (et
1, 16 o 1 o
np — = - ac np - ac np
Ve 2pc¢ * 20 e Oge + 5wa 20, + 5Ub
1 0 o
" — _p, — " 4 P 21
Ve =GPl s e Ty (21)

F.4 Solving for wages, no-poach agreement between B & C
Equations 16 through 21 comprise a system in six variables {w? v w,?, v,” Wi v},

1

np _ )
wa 2pa¢ + /Uc 20-(10
1 / Cac Tab
P WO+ w'™® + np
o TP o e
1
w"p = = —uP — — a
b 2pb¢ + Ua, 20[;
T |
v, = §pb¢ + sus?
1 1 1
np _ — s
wc 2p6¢ + Ua 20-(16

1 )
U?p = _pc¢ + wy? +

Oac Unp
2 200 +20 ¢ 204+ 20 °

To begin, substitute the equations for w;” into those for v;* to obtain a 3x3 system.

1, o 1 1 1 Ot 1 1 1
np _ = _ Y (= Lonp - _ Yab [ 2 S
Vo' = QPaf + o <2p”¢+ 9V 20”“) T T o0n (2pc¢+ Ya 2‘7‘“)
w11
v’ = SPed + §Ucp
1 5 1 1 1 o
np _ _ I T T __ ‘e  mp
Vel = P + o s (2p“CH Ve 2"“) HET TR
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The first of the previous equations determines v, by itself.

7”L

Oac 1 1 n 1 Oab 1 1 n 1
i+t (s b 1) 12 (Lo b 1)

Yoo = 2040 + 204 \ 2 2040 + 20
Cac 1 Cac 1 Cac 1 Tab 1 Tab

. T%e % ,np . - T8%e o ey

390 4202 220 12020 T 395 490, T 220 120,70 200 120"

n
a

1
2
v L 1
a 2pa¢ +_
1
T2

1 Oac 1 Oab 1 Oac Oab np
gPad 3200+ 30, PP 0w 55— oo (Ped — o) + 2(20ac+2aab+zaac+20ab)”“

1 Oac Oab 1 1 Oac 1 Tab
np _ = np _ _ - cab
Ua 2 (20ac + 20ab - 20ac + 2Uab> a 2pa¢ 3 2 2 Oac + 20ab (pb¢ Uba) * 2 2 Oqc + 20ab (pc¢ Uac)
1 o Cab 1 1 o 1 Cab
np |1 _ 2 ac a 2 Tac _ I Oab _
Ya { 2 (2% 90 200+ 2%)} P T35 o 20, PO Ohe) T o5 (Ped — Ou)

___Oac 1 _ Oab
)P — 3Pad + S55ntom (Pod — 0a) + 55228 (Ped — 0ac)
¢ 1— 1 Oac + Tab
2 \ 20qc+204p 204c+204p

The remaining equations are a 2x2 system in v,and v.. Substituting for v, gives the an

(22)

equation solely in terms of v..
v"p—l o+ 4] 1 (b—i—lv 1 Cac 1 (b—i—lv
o T ol T os a5 \ 2 27% ) T 3.+ 25 \ 2"

np 1 ¢/ + 1 ¢ (S np 1 6 + ]_ Oac ¢/ + 1 Oac np
v — < Pec a U, — = 0qc P P ——— O
9P 290, + 20772 2% 12 220, + 26 220, +20"% T 995, 1+ 26

1 ) 1 o 1 ) 1 COac
np __ o™ — ac Py —

Ve T 995 1250 220, +25° 2pc¢ 290, + 20 (Patb = 0uc) + 55 e + 25pb¢

1 1) 1 o 1 1 ) 1 Oac

np 1 _ - _ - ac -
Ve ( 220, + 20 220—ac+25> 2pc¢ t 555 o5 Paf ~ Tac) + 55 ac+25p"¢
ip ¢,+l#(]9 ¢ — Oge) + 1520 2%
U’n,p — 2 c 2 2Uac+26 a ac 2 2o'ac+26 (23)
C 1 1 ) 1 Oac

T 22040425 22040425

Using previously derived expressions gives solutions for the other endogenous variables.
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I T |
e e (24)

2
1 1 1
w?p = Epcgb + _U;Lp - égac (25)
" 1 1, 1
wy” = 5Pb¢ + - P — 50%a (26)
1 1 1
WP = Spd+ SO — o (27)

Appendix G Comparing equilibria

. — . — — ; = OacObc
Recall that oy, — 0ue = Ope — Ope = 0, 1 = (2+5), and [y = (3aacabc+2dabc+25%c>. To

Tbe

simplify comparisons, assume differences in cost parameters are small relative to the levels

)

5. are then
Tac

of cost parameters, so that 5; ~ % and [y ~ % Additionally, expressions like

approximately equal to zero.

G.1 Poaching wages

To begin I substitute approximations into previously derived solutions.

o8



1Pa® + 37-Pad + 3 Db + gped — 0

T_o® 1 5~ & 1 "I _® 1 4§ 3§ 1
B2 72 ( 1 _1__é > 20qc 20, 12 B2 72 <L717 ) ) 20qc 20 12
B1 6 dope B 6 4oy
7 ipa(l5 +%Bll pb¢/+i%pc¢ Z‘s
—~ Lllpa(ﬂ =+ %pc(b/ -0 6 2_%
ST R R 5 T T
(-1 12 2(2-1) 12
—~ Lllpa(ﬁ, =+ %pc(b/ -0 1_71 (%pa¢l + %2pb¢l - ié)
N w1 " 1 1
1211 12 12 11 12
~ ipad) + %pc¢ -9 (%ipagb + 1_71pb - 1_71%5)
S TR %1 49 L
132 132 132 132 132 132
_ 3Pa® +3Dep = O+ fpad + {10 — 0
~ 204
o)
(Gt ) P+ et + Bped — (14 ) 0
~ 501
132
11 7 / 7 / 3 / 44 7
(@) pad + A + 30t — (5 +43) 0
R 01
132
~ %pQQb + %pbgb + %pcgb - %5
R 01
132
132 9 , 1327 ., 1323 , 13251
~\ 755 a and 11, ong ol — ———0
(20422)p O o T 022" T s0am
69\ ., 127 ., 663 ., 351
~ oo a PY YL ang q e — ———90
(2041)p O T 5001 T 500170 T 3011
54, 84 ., 198 ., 153
LI ol LIPS
2047 T 5017 + 5047? ~ 301
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One can apply the same approximations under the no-poach agreements.

15 e C
o = 2200c+26 (Pad — Tac) + 2T Pe® + P

c 1 _ l é _ l Tac
2 204c+20 2 204c+20

%%pbgb/ + %pcqb,

S
s
Q

c 11
22
np ipb(b + %pc¢
UC ~N s
1
41 ., 41
np ~ [E—
Uc 34pb¢ + 32p0¢

12,
v~ gpzﬂb + gpdﬁ

Conditional on simplifying assumptions, now one can compare firm C’s poaching wage with

84 1 198 2 . o
501 > 3 and 51 > 3 A sufficient condition for

v¥ > 0™ is then 22p,¢ — 1535 > 0. This will be satisfied provided p,¢'is sufficiently large.
c c 204 204

and without the no-poach agreement. Notice

I now adopt this assumption and maintain it hereafter. The poaching wage for firm C falls
under the agreement.

Now one can compare poaching wages for firm B.

1, 1 "1 1 7
. 1Pa® + 550 + 55D — 70 = .
Up = T 15 +tT i
51 6 40bc ﬂl 6 4ch
1 / 1 / 1
o 1Pa® + 35 ed — 40 N = .
6 6
1 / 1 / 1 7
“Da _|__2 __5 e
UZ% 4p¢ Qgpbgb 1 +%’U:
6 6
6 (1 , 1 6 7
0 2 . — 5 I
AT (4p O T mo — g >+ 1112
31 , 6 ., 31. 17
oy 2 . e N | e
Up N qgPed + P — 30+ ygve
3, 6 ., 3. 7
*%— a - ——5 —F
Up N 5oPad + 0 — 550+ oo

One can compare to firm B’s poaching wage under the no-poach agreements.

1,1
v, = §Pb¢ + 5o’

Notice 1% > % By the results above v} > v, but % < %, so the effect of the terms involving

v.is ambiguous. As before there is a sufficient condition for v; > v,*: Pa¢ must be large
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relative to ¢ so that = (pagb —0) > v — Zv%. Under this condition v; > v;?; the poaching

wage for firm B falls under the agreement.

Lastly one can compare poaching wages for firm A. The poaching wage v} in the ordinary

equilibrium requires no simplification. To facilitate comparison I substitute for v; and v}.

1,1, 1
= 5Pa® + v + U,

2 3° 76
U, A %paqb/ 41 ( Dt + —pbcb — % + % ) +(15 (204pa¢ %pwﬁ - pc¢ ;gi
%paqﬁ + ;23219@ + %%Wb - %%54‘ :1))272 ve + %%pw + %%pz@ é;iiwﬁ - é%é
Vg & %pad . SgPa® + TTP0 — 2—12 + 676 ve + 29 Pad + 21_(;44pb¢ + 23034pc¢ - %5

. 1+1+9 P ¢+33 Su Lo (153, 1Y,
Ya™ 1\ T 59 Tggq)Pe 11 204 ) Pe 66C 1224 22

7 (54 84 153
a 2 1 c A a N c¥ —.1
R 59pad + 25p0 + 16p.0 t 56 (204p¢+204pb¢+ pfb 204 ) 70

VE A 5pad -+ .25pd + 16ped + <.028pa¢ + 0440 + 1ped — .085) _ 176
VE R 62000 4+ 290 + 26ped — 250

The poaching wage under the agreement can be simplified as before.

. 2])@‘;5 +3 QU,IZ—T-CQU@ (Pe¢ — 0va) + 3 za:ibzaab (Pt — Oac)

¢ 1— 1 Tac + Tab
2 \ 20qc+204p 204c+204p
__Oac ll Tab —
O™ A Qpa¢ + 2 2 Gactoap (pb¢ Uba) + 22 Gactoas (pc¢ Uac)
a ~~
= Oac Jab
1 2 <0'u.c+0'ab + o'ac+0'g,b)

I previously assumed oy, — 0ge = T4e — 0pe = 0 is small relative to both o,. and o4. Then
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Oac + Oap = Ogc + (5 + Uac) R 204 and Oac + Oap = (0ab - 5) + Oap R 204

np ~_ %pagbl + %% (pb¢ - Uba) + % (pcgb - Uac)

)

v, = :
1-3(3+3
ML %pagb + % (pb¢ - Uba) % (pCCb Oac)
a 1

2

1 1
ng ~ 2 ( pa¢ + 3 (pb¢ Uba) + g (pc¢ - 0ac)>

0P~ pd 7 (36— 000) 5 (02— o)

1
VP R pad pb¢ + pc¢ (Uba + Oac)

One can see the effect on firm A’s poaching wage is ambiguous. If switching is strongly
productivity-reducing (¢' < ¢) or switching costs oy, + 04 are large relative to productivity
gains, then v)? < v:. I adopt and maintain this assumption. While equilibria with v? > v}
are possible, they feature increased loyalty wages at firms B and C (see below), inconsistent

with the empirical setting under study.

G.2 Loyalty wages

The loyalty wages at firm C are w} = %pcqb—l— %"UZ — %ch and w]? = %pcqu— %v"p — —O’ac Under
the assumption that differences in switching costs are small, the comparison hinges on the
terms 1v7 and 1077, From above, v; &~ 2p.,¢ + Spd — 26 + Sul & %pad + Lppg —
204+ % (204pa¢ + B + 2pg’ — 136) ~ and 0P & pad + ipyd+ 1ped — 1 (00 + Tac).
Under the previous assumptions on productivity and switching costs, wl? < w}

Analysis of loyalty wages at firm B, w; = %pbqb—l— %v: — %ch and w,” 2pb¢+ Lymp — 1aba,
is similar. The comparison hinges on v} and fv7?. Under the previous assumptions on
productivity and switching costs, w,” < w;.

For firm A the comparison of loyalty wages (w! = %pad) + l — %aaa and w]’? = %pagb +

%v?p — %Uac) is straightforward. From v} > v, it follows that w, > w,P.
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