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Abstract. The disclosure of compensation peer groups is argued to provide shareholders
with valuable information that can be used to scrutinize chief executive officer (CEO)
compensation. However, research suggests that there are substantial incentives for ex-
ecutives and directors to bias the compensation peer group upward such that the CEO can
extract additional rent. We leverage the idea that reciprocated peer nominations are unlikely
to be biased to construct counterfactual peer groups that allow us to measure the bias of
disclosed peer groups. Analyses of 11 years of comprehensive data on compensation peer
groups demonstrate that the average firm uses an upwardly biased peer group. The size
of the bias increases when incentives and opportunities to do so are more pronounced.
Specifically, results show that bias is larger when financial targets are not met and when
exercising discretion in the selection of peer firms is justifiable. More importantly, upward
bias in compensation peer groups is highly predictive of an increase in CEO compensation,
suggesting that there is a strong incentive for CEOs to strategically select peers. Finally,
although average peer group bias has gone down in recent years, the predictive effect of bias
on pay has gone up. These findings call into question the practical impact of recent efforts to
introduce greater transparency into the process for determining executive compensation.
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1. Introduction
It is well known that rising income inequality in the
United States has, in recent decades, been driven by
changes in the top of the income distribution and
particularly in the pay of “supermanagers” (Piketty
2014) who dominate the top 0.1% of this distribution
(Bakija et al. 2010, Keister 2014). Average chief ex-
ecutive officer (CEO) compensation increased from
$625,000 to $9,840,000 between 1980 and 2004—an
average growth rate of 12% per year. More recently,
although median market capitalization for the con-
stituents of the S&P 1500 grew by 22% between 2007
and 2014, median CEO compensation increased by
39% in that same period.

A potential explanation for this trend draws from the
way in which companies benchmark the compensation
of their CEOs (DiPrete et al. 2010, Albuquerque et al.
2013, Faulkender and Yang 2013, Pittinsky and DiPrete
2013). Compensation benchmarking involves the as-
sembly of a group of peer firms that serves as a lens
through which CEO compensation can be evaluated

(Barsalou 1983, Podolny 2001, Smith and Chae 2017).
The Securities and Exchange Commission (SEC) made
disclosure of these peer groups mandatory in 2006. Al-
though the rationale for using compensation peer groups
is that a comparison between the focal CEO and a set of
CEOs at similar firms should enable boards of directors
and shareholders to accurately evaluate compensa-
tion, DiPrete et al. (2010) note that the inclusion of well-
compensated CEOs may upwardly bias the peer group
and may allow the focal CEO to command more pay
because the peer group makes the pay seem appropriate
and defensible. The business media and some aca-
demic research (Faulkender and Yang 2010, Pittinsky
and DiPrete 2013) suggest that companies indeed have
a tendency to select larger firms and better paid CEOs
into their compensation peer groups.1 However, recent
scholarship has questioned the validity of these claims
(Bizjak et al. 2008, Albuquerque et al. 2013, Cadman and
Carter 2014, Kim et al. 2015). For example, Albuquerque
et al. (2013) compare reported peer groups to propensity
score–matched peer groups and conclude that, although
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CEOs in reported peer groups are more generously
compensated, the gap is accounted for by variation in
CEO talent. Cadman and Carter (2014) also reject the
claim that peer groups are upwardly biased, but they
argue that previous research on compensation bench-
marking draws from flawed samples of potential peers.
The implications of these studies are important. They
suggest that, if anything, the reporting of compensation
peer groups facilitates the efficient allocation of com-
pensation in the CEO labor market.

These conflicting conclusions suggest that compen-
sation benchmarking and its effects on pay remain
poorly understood. The aim of this study is to shed
light on the process by which peer firms are selected
and by scrutinizing its relationship with CEO pay. To
that end, we develop a novel approach that allows us to
construct counterfactual peer groups based on a pro-
cess that should be unbiased. Specifically, we leverage
the idea that reciprocated peer selections (i.e., when
firm i nominates firm j and firm j nominates firm i)
are unlikely to be biased. We estimate a model for
reciprocated nominations of compensation peers and
use the estimates from this model to simulate samples
of counterfactual peer groups based on an author-
constructed data set of more than 3,400 firms that
reported their compensation peer groups to the SEC
between 2006 and 2016.

Using those data and methods, we find substantial
evidence that companies benchmark their CEOs to
a biased sample of well-compensated CEOs. We then
examine the conditions under which peer group bias
should be most pronounced. We draw from research on
social comparisons (Audia et al. 2016, Smith and Chae
2017) and predict that peer group bias should increase
when the firm fails tomeet its financial targets andwhen
firms can exercise benchmarking discretion as a result of
ambiguity about the set of firms that are most similar to
the focal firm, that is, its “natural” or “counterfactual”
peers.2 Because CEO compensation is typically coupled
to several performance targets, including growth in
market capitalization and profits (Frydman and Jenter
2010), CEOs of firms that fail to meet their performance
targets should have a strong incentive to bias its peer
group upward. Doing so could allow the CEO to keep
receiving generous compensation packages without
drawing excessive scrutiny (Bertrand and Mullainathan
2001). Our results are consistent with this prediction. We
also demonstrate that the level of bias in a firm’s peer
group is positively associated with the amount of dis-
cretion that firms can exercise in the selection of com-
pensation peers. Specifically, when the compensation of
CEOs employed by the natural peers of a firm varies
widely, firms have the opportunity to cherry-pick peers
with well-compensated CEOs without compromising
the integrity of the peer-selection process in obvi-
ous ways.

Our fourth and perhaps most important result
demonstrates that bias in compensation peer groups
has important consequences: it is associated with in-
creased compensation for the focal CEO. These results
are robust to the inclusion of a variety of predictors
of executive compensation and the use of different
methods for constructing counterfactual peer groups.
Finally, we explorewhether the practice of peer-group

benchmarking has changed over time. We demonstrate
that the greater environmental pressure for market-
based—that is, unbiased—peer groups appears to in-
crease conformity with established norms for how
compensation peer groups should be selected: both the
variance of bias across firms andmean levels of bias are
decreasing over time. However, bias remains large and
positive even in the later years of our study period.
Furthermore, we find that the predictive effect of bias on
compensation is actually increasing over time, counter-
acting the decrease in overall bias levels almost com-
pletely. In sum, these findings strongly suggest that peer
groups are designed more to reduce environmental
opposition to high levels of executive compensation than
to provide a market signal to determine the market-
appropriate level of compensation. Ten years after the
disclosure requirements of the SEC came into effect, the
distorting influence of peer group bias in the labor
market for CEOs remains substantial.

2. The Principles of
Compensation Benchmarking

2.1. Bias in Compensation Peer Groups
Benchmarking CEO compensation has become com-
mon practice. Early scholarly debates addressed the
question of whether “internal” or “external” labor
markets should be used to determine and evaluate
compensation (Roberts 1956, Simon 1957, DiPrete et al.
2010). A key feature in this debate is the idea that a set
of executives employed by similar firms could serve as
a lens through which the focal executive’s compensa-
tion can be evaluated. Specifically, comparing the focal
CEO with a set of CEOs at similar organizations is
argued to allow for an accurate evaluation because
these CEOs are navigating similar market conditions.
Both the potential to increase evaluation accuracy and
the increased labor mobility of executives in the last
decades of the twentieth century have made bench-
marking against “a list of companies comparable to
[the focal] organization” a dominant practice for
setting and evaluating executive compensation (Cook
1981, p. 39).
Arguments in support of the introduction of man-

datory peer-group disclosure build on the assumption
that peer groups would be formed by selecting similar
firms into the peer group. An important incentive to
assemble an impartial compensation peer group is
the potential for pushback by agents of corporate
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governance (Faulkender and Yang 2010). For example,
if a proposed compensation peer group includes CEOs
who are compensated at much higher levels than the
CEOs of companies similar to the focal firm, the com-
pensation committee or shareholders—with support
from watchdog organizations—can take action to ad-
just the peer group and correct the bias (Zuckerman
2012, Institutional Shareholder Services 2015). As a
result, compensation peer groups should provide in-
formation to evaluate whether there is a gap between
the price (i.e., compensation) and the value (i.e., what
the CEO’s contribution is worth) of a CEO.

There is, however, a substantial body of research
showing that corporate governance varies between
firms and sometimes fails to provide adequate tools to
address rent-seeking behavior (Bebchuk and Weisbach
2010). Moreover, there are clear incentives for stake-
holders in the pay process to support upwardly biased
peer groups. CEOs themselves have a clear financial
incentive to select firms with well-compensated CEOs
into the peer group because upwardly biased peer
groups make overly generous pay to CEOs seem ap-
propriate and defensible. Moreover, even though
boards and compensation committees should push
back and correct biases initiated or supported by the
CEO (Shleifer and Vishny 1997, Dicks 2012, Iliev et al.
2015), there are various reasons why that may not be
the case. For example, board members have incentives
to maintain cordial social relations with the CEO
(Gulati and Westphal 1999, Stern and Westphal 2010,
Khurana 2011). Also, board members are often exec-
utives in their own right, and biased peer groups
provide an indirect justification for a rise in their own
compensation (Westphal and Zajac 1995). Finally,
board members are responsible and accountable for
hiring and employing a CEO who is above average,
and above-average CEO pay is arguably a validation
that they are doing so (Khurana 2011). Thus, both the
CEO and the principals of an organization may, there-
fore, actively push for or at least support the selection of
upwardly biased peer groups.

2.2. Peer Group Bias: Incentives and Opportunities
Research on social comparisons suggests that there
should be variation in the tendency to benchmark
against similar others (Festinger 1954, Audia et al.
2016, Smith and Chae 2017) because there are differ-
ences in incentives and opportunities to select dissimilar
comparison peers. Building on this research, we propose
that weak performance on the metrics that affect CEO
compensation creates an incentive to bias the peer
group upward, and ambiguity in the set of firms most
similar to the focal firm creates an opportunity to
do so.

First, prior studies have demonstrated that if there are
incentives to make a social actor look more favorable,

the selection of a set of biased3 comparison actors may
achieve that goal. For example, experimental research
has demonstrated that low performance motivates
study participants to select a benchmark group of other
low performers and that doing so dampens the per-
ception of failure (Audia et al. 2016). Likewise, Elsbach
and Kramer (1996) study howmembers of U.S. business
schools respond to disappointing Business Week rank-
ings. Their study suggests that disappointment with the
rankings motivated business school members to selec-
tively categorize their school inways that placed them in
more favorable interorganizational comparison groups.
These studies imply that comparison groups provide
a reference point that may shift the subjective interpre-
tation of the performance of a social actor. In the context
of CEO compensation, CEOs (and board members) of
firms that fail tomeet performance targets should have an
especially strong incentive to manipulate the peer group.
Assuming that CEOs aim to keep improving their
compensation, failure tomeet salient performance targets
prevents CEOs or board members from citing prior
achievements as an argument for an improved com-
pensation package. An upwardly biased peer groupmay
give them an alternative justification for a pay increase
without attracting unwanted scrutiny from watchdogs
or shareholders (Bertrand and Mullainathan 2001). Note
that such behavior would also be consistent with earlier
research that demonstrates CEOs are rewarded for good
luck but not penalized for bad luck (Garvey and
Milbourn 2006). We, therefore, predict that CEOs of
firms that have failed to impress financially are more
likely to be benchmarked against an upwardly biased
peer group.
Second, the ability to exercise discretion in the se-

lection of compensation peers should create an oppor-
tunity to bias the compensation peer group upward.
This argument builds on the idea that each firm varies in
the extent to which there are other firms that one could
plausibly argue to be similar. For example, Smith and
Chae (2017) demonstrate that evaluators of organiza-
tions can exercise more discretion in the selection of
comparison peers when the organization is atypical.
They argue that evaluators of atypical organizations
“have additional leeway to consider idiosyncratic at-
tributions of performance when that performance de-
viates from a middle point” (p. 1137). Their argument
builds on earlier work that demonstrates that ambiguity
about the right reference point allows actors to exploit
that ambiguity to be evaluated more positively (Audia
and Brion 2007). The idea of variation in ambiguity
about the right reference point extends to the context of
CEO compensation. Although all firms self-select their
compensation peers, some firms are able to exercise more
discretion than others because they lack an obvious and
homogeneous set of comparison peers. Variation in the
ability to exercise discretion comes from two main
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sources. One is the number of natural peers. As we de-
scribe later in this paper, themedian reported peer group
contains 17 firms. If the number of natural peers is larger
than the typical size of a named peer group, firms
have the opportunity to cherry-pick peers with better-
compensated CEOs without engaging in obviously
deviant behavior. A second source of discretion in the
selection of peers is variation in compensation within
the group of natural peers. Specifically, if the range in
pay of CEOs of natural peers is wide, firms can use
discretion to cherry-pick the better-compensated CEOs.
Jointly, the number of natural peers and the spread of
CEO compensation in this group influence the dis-
cretion firms can exercise when selecting their peer
group. And because the discretion can be exercised
within a group of firms that is easily justifiable, this
behavior is unlikely to receive substantial scrutiny.

In sum, we predict that failure to meet performance
targets that are tied to CEO compensation provides an
incentive, and benchmarking discretion provides an
opportunity for firms to introduce bias into their
compensation peer group. Before we turn to the ana-
lyses that test our predictions, we briefly review prior
research on compensation peer groups.

2.3. Prior Evidence of Peer Selection
Some empirical evidence suggests that compensation
peer groups are biased. An early study by Porac et al.
(1999) finds that, although selected peers are typically
active in the same industry as the focal firm, firms select
peers beyond industry boundaries when they perform
poorly compared with other firms in the industry,
when CEOs are highly paid, and when shareholders
are powerful and active. More recently, Faulkender
and Yang (2010, 2013) developed a method that builds
on propensity-score matching (PSM) to construct coun-
terfactual peer groups for each named peer group and
then compares the compensation levels of CEOs in the
named and counterfactual peer groups. They find that
compensation in the named peer group tends to be
larger than compensation in the counterfactual peer
group. Moreover, in a regression of pay on these com-
pensation differences, Faulkender and Yang (2010, 2013)
establish that there is a positive association between
peer compensation and compensation of the focal CEO.
Using an algorithmic approach to identify counterfac-
tual peer groups, Pittinsky and DiPrete (2013) also
find that named peers are better compensated than
natural peers.

Other evidence contrarily suggests that peer groups
are constructed based on impartial selection methods.
A recent study by Cadman and Carter (2014) suggests
that previous studies suffered from a misspecification
of the pool of potential peers, which, they argue, in-
cluded firms that are unsuitable for benchmarking.
For example, they criticize Faulkender and Yang (2010)

because Faulkender and Yang (2010) limit their ana-
lyses of disclosed and potential peers to firms in the
S&P 900. Cadman and Carter (2014) argue that many of
the firms selected as peers but not in the S&P 900 are
smaller and that the results, therefore, provide an in-
complete picture of peer-group selection. They also
warn against samples of potential peers that are too
broad. They claim that, if the set of potential peers for
the largest firm in the sample includes some of the
smallest firms in the sample, peer selection would
appear opportunistically biased toward larger firms.
To address these issues, Cadman and Carter (2014)
construct a sample of potential peers by taking the
union of a focal firm’s actual peers, the firms listed as
peers of the focal firm’s peers (i.e., peers of the peer
firms), and any firms in the full sample of firms that list
the focal firm as a peer. They use these data to predict
peer selection with differences in company financials
between the focal firm and potential peers, and they
find that evidence of bias is weaker in their sample than
in other samples that have been used to measure peer
group bias. In a second test, Cadman and Carter (2014)
regress compensation of the focal CEO on differences in
company financials between the median named peer
and the focal firm. The authors find a weak association
between pay and upward social comparison, and they
interpret this as evidence that bias in peer selection
does not affect pay.
Although we agree with the proposition that how

one operationalizes the pool of potential peers in-
fluences the estimate of peer group bias, the strategy
proposed by Cadman and Carter (2014) does not ad-
dress the issues they raise. Peer groups are generally
biased in observable characteristics, a phenomenon
that is well documented. Operationalizing the peer
group by relying on actual peer choices, as in their
strategy, necessarily oversamples larger and well-
compensating firms. Because Cadman and Carter’s
(2014) operationalization of potential peers is biased, it
is not surprising that Cadman and Carter (2013) report
lower levels of bias in named peer groups. Note that
this problem also plagues other papers cited here that
use the method developed by Faulkender and Yang
(2010, 2013). This method finds counterfactual peers
that match reported peers when the right approach is to
find counterfactual peers that match the focal firm. An
additional issue that makes interpreting the claims of
Cadman and Carter (2014) less than straightforward is
that even when they use their preferred set of coun-
terfactual peers they find that named peer groups are
generally biased.
The recent study by Albuquerque et al. (2013)

presents another argument to counter the claim that
peer groups are biased in ways that allow CEOs to
extract rent. Their study argues that the compensation
distribution of the reported peer group is indeed often

de Vaan, Elbers, and DiPrete: Obscured Transparency?
4302 Management Science, 2019, vol. 65, no. 9, pp. 4299–4317, © 2019 INFORMS



shifted to the right when compared with a natural peer
group but that the reason for this shift is that the CEOs
in these named peer groups are more representative of
the talent of the focal CEO than the CEOs in the nat-
ural peer group. To test this hypothesis, the authors
construct counterfactual peer groups using the method
introduced by Faulkender and Yang (2010). They
then construct proxymeasures for CEO talent and CEO
self-serving behavior. The talent proxies include the
number of media mentions, past abnormal perfor-
mance of the firm(s) the CEO worked for in the past
three years, and the size of the firm(s) the CEO worked
for in the past three years, and the self-serving variables
include a dummy for busy boards, the percentage of
the board hired after the CEO, board size, the GIM
corporate governance index, small institutional own-
ership, and small insider ownership. The authors then
propose a decomposition of the pay gap between the
median CEOs in the named and counterfactual peer
groups into a self-serving component and a talent
component. They report that although the self-serving
component of peer group bias is positively associated
with CEO compensation, the talent component has
a much stronger association with CEO compensation,
and they, therefore, conclude that what appears to be
peer group bias is mostly an adjustment to take CEO
talent into account.4

There are issues, however, that the study by
Albuquerque et al. (2013) does not address.5 The first
issue is that Albuquerque et al. (2013) do not explain
why firms with especially talented CEOs do not sim-
ply select an unbiased peer group and transparently
compensate the CEO at a higher percentile. Given the
talent of the CEO, doing so is unlikely to draw scru-
tiny.6 A second problem is empirical. If the explanation
by Albuquerque et al. (2013) for bias as a reward for
talent is correct, then talent would be expected to have
a strong positive effect on bias. This, however, is not the
case in their data. The combined talent measures ac-
count for less than 5% of the variation in bias in their
data. Even if one accepted that a small component of
bias is explainable by CEO talent, it still leaves 95% of
variation in bias that their paper does not explain.
A final issue is methodological. Their “decomposition”
of bias into two components (which together explain
very little of their bias measure) obscures the negligible
effects of the main predictors and also obscures the
statistical association between their large unexplained
component of bias and CEO compensation. We esti-
mate a model that allows a direct test of their proposed
mechanism in Online Appendix D. This model fails to
support the “reward-for-talent” hypothesis proposed
in their paper.

Also note that our prediction that firms that meet
their financial targets are less likely to use upwardly
biased compensation peers contradicts the finding by

Albuquerque et al. (2013) that there is a positive associ-
ation betweenCEO talent and peer group bias. Assuming
that more talented CEOs are better able to generate value
for shareholders, the proposition of Albuquerque et al.
(2013) would imply a negative association between the
performance of the firm and peer-group bias.
In the next sections, we introduce a strategy that

should allow for the identification of an unbiased set of
counterfactual peers, and we then compare the out-
come of that strategy with alternative measures. We
then conduct analyses and provide tests of our central
predictions that the size of bias responds to incentives
and opportunities to increase it. We further establish
that peer group bias is strongly associated with CEO
compensation and (as demonstrated in Online Ap-
pendices B and D) that this result is robust to different
methods for constructing counterfactual peer groups.
Finally, we test for trends in the bias of named peer
groups in response to environmental pressure for more
transparent and normative compensation practices,
and we assess the implications of trends for the im-
portance of peer group bias as a strategic factor in the
compensation of CEOs.

3. Data and Sample Selection
The main data set used in this paper is constructed by
the authors and is directly based on information con-
tained in the DEF 14A or DEF 14C forms (also known as
a definitive proxy statement) that firms are required to
file annually with the SEC. These DEF 14 forms typi-
cally include a “compensation discussion and analysis”
section in which the reporting firm provides a rationale
for the compensation package of its CEOand inwhich the
various components of total executive compensation are
described in detail. This is also the section in which peer
firms that are used for benchmarking executive compen-
sation are listed (seeOnlineAppendixA).Wedownloaded
these forms for all firms in Morningstar’s Executive In-
sight database, an executive compensation database, for
the years 2006–2016.7 Although Executive Insight con-
tains more than 7,500 unique firms, only a subset of those
firms are publicly traded and file a DEF 14 form.8

After downloading the DEF 14 forms for the firms in
Executive Insight, we created a computer algorithm that
identifies and extracts the peers from these forms. Com-
pared with existing algorithms, our algorithm allowed us
to greatly reduce the level of missing information—both
missing firms that actually report peers but are treated as
if the information is not present and companies that are
actually named as peers but are overlooked by the
computer algorithm. The resulting data set contains the
named peers of 4,290 unique firms that reported having
used compensation peers in at least one year between
2006 to 2016. This sample containsmorefirms for a larger
number of years than prior studies that have used data
on named compensation peers.9
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Table 1 presents sample statistics by year. The first
column shows the number of cases for which the
algorithm was able to harvest peer-group information
with the second column showing how many of those
firms were in the S&P 1500. In the later years, when
peer-compensation discussions become increasingly
standardized, these numbers indicate that more than
two thirds of the firms in the S&P 1500 used peer-
group benchmarking. The next two columns show the
number of cases in the estimation sample (i.e., with cases
removed because of missing data and firm-identifier
mismatches). Comparing these numbers with the first
two columns shows that missing data becomes less of
a problem over time and that firms in the S&P 1500 are
well covered. All remaining statistics reported in this
paper always refer to the estimation sample. The table
also shows that the median number of peers in a peer
group has grown modestly, and the mean remains
rather stable between 2006 and 2016. Between 46% and
68% of all disclosing firms update their peer group
from year to year by adding or removing peers.

After collecting the data from the DEF 14 forms, we
merged each observation with financial data from Com-
pustat. Variables included in Compustat and used in
this study includemarket capitalization, revenue, return
on assets (ROA), total assets, net income, market-to-
book ratio, number of employees, and geographic lo-
cation (state). Apart from compensation data, we also
merged the collected data with board-member data
from Morningstar’s Executive Insight and data from
Thomson Reuters on institutional ownership. Indicators
of institutional ownership are typically used as proxies
for the quality of corporate governance in afirm. Finally,
we merge our data with Institutional Brokers’ Estimate
System (IBES) data, which provides uswith information
about which stocks are cocovered by which security
analysts (Zuckerman 2004).Weuse this cocoverage data

to capture similarity between firms that is not captured
by other variables, such as size and industry.

4. Determining the Peer Pay Gap
In line with prior research, we define the peer pay gap
(PPG) as the difference in total compensation between
the CEOs of the named peers and the CEOs in a set
of counterfactual peer firms. We first estimate a model
that should represent an impartial selection process.
We then use that selection process to generate multiple
counterfactual peer groups for each named peer group.
The goal of specifying the impartial selection processes
is to generate peer groups that firms would have
constructed had there not been any form of bias in the
selection process.
Specifying a counterfactual selection process is not

straightforward. Compensation consultants and corpo-
rate watchdog organizations agree that industry and
size similarity are two dimensions onwhich a focal firm
and its peers must match (Reda et al. 2008, Institutional
Shareholder Services 2015). Moreover, a recent report
on peer groups issued by Equilar, Inc., listed the top
10 dimensions that firms claim they use in the peer-
selection process. From most to least often used, the list
includes the following dimensions: industry, revenue,
market capitalization, competition for talent, business
model, direct competitor, geographic location, assets,
number of employees, and profitability. Although this
information is helpful to determine which dimensions to
include in a model, the question remains of how these
dimensions should be weighted andwhat the acceptable
boundaries are for labeling two firms as similar.
Prior work mostly relied on PSM to construct coun-

terfactual peer groups (Faulkender and Yang 2010, 2013;
Bizjak et al. 2011; Albuquerque et al. 2013). These studies
create a risk set of potential peers for each selecting firm,
leading toN (number of selecting firms) ×M (number of

Table 1. Observations by Year

Year Harvested Harvested: S&P 1500 Count Count: S&P 1500 Mean Median Peer group changed, %

2006 1,321 603 1,035 571 17.15 15.00
2007 1,869 867 1,587 838 18.99 16.00 46
2008 1,955 952 1,748 926 19.84 16.00 60
2009 1,993 992 1,810 974 19.86 16.00 62
2010 2,082 1,011 1,867 985 20.23 16.00 61
2011 2,106 1,052 1,943 1,038 19.62 16.00 62
2012 2,085 1,081 1,945 1,066 19.81 16.00 66
2013 2,091 1,084 1,936 1,061 19.70 17.00 66
2014 2,113 1,071 1,977 1,054 19.85 17.00 63
2015 2,020 1,041 1,914 1,022 20.18 17.00 64
2016 1,951 1,023 1,765 988 19.48 17.00 68
All 21,586 19,527 19.63 16.00 62
Unique firms 4,290 3,426

Notes. Column (1) (“Harvested”) shows the number of firms for which the algorithm identified a peer group, and column (2) (“Harvested: S&P
1500”) shows the number of firms from column (1) that are also in the S&P 1500. Columns (3) and (4) show the number of firms that remain once
cases with missing data are removed. The final three columns show the mean andmedian number of firms in the compensation peer groups and
the fraction of all firms that changes its peer group from one year to the next.
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firms in the pool of potential peers) observations. The
dependent variable is binary and captures whether the
dyad was realized (i.e., whether firm i actually selected
firm j as a peer). The independent variables are dummy
variables that capture similarity for categorical variables
andwhether the firms are in the 50%–200% range of each
other for continuous variables. To construct the coun-
terfactual peer group, the predicted probabilities from
this model are used. Each named peer is matched to an
unnamed peer that has the closest absolute distance to
the named peer in terms of their propensity scores and
that has not yet been matched to another named peer.
This generates a counterfactual peer group of the same
size as the named peer group and, by construction, does
not include any of the named peers. The PPG is then
measured as the ratio of the median pay of the named
and counterfactual peer groups.

Although this method dominates the research done
in this area, it has substantial shortcomings. First, the
method is set up to find counterfactual peers that are
similar to the named peers, not similar to the focal firm.
Obviously, if there is bias in the observed character-
istics of the named peers, the counterfactual peer group
would suffer from the same bias. Second, the method
forces named peers to be matched to firms not named
as peers. This ignores the fact that at least some firms,
such as airlines, are partially constrained in their peer
choice, thus indicating a set of natural peers that should
realistically always be included (and whose absence
will be noted by the firm’s shareholders). In those cases,
some or all of the alternative peers represent a much
worse fit than the named peers, leading to counter-
factual peer groups that are less likely to be regarded as
a natural peer group by the firm and its shareholders.
Third, the dummy variables in the model do not
capture the magnitude of the difference in observed
covariates because a potential peer is considered
a match if it is within a 50%–200% range of the focal
firm. The model does not distinguish, for instance,
a potential peer that is 10% larger than the focal firm
from a potential peer that is twice the size although,
arguably, the first represents a much better match. The
model may also find a much smaller counterfactual
peer for a much larger named peer and vice versa.10

To address these issues, we developed a method that
builds on the idea that reciprocated peer nomina-
tions—that is, firm i chooses firm j and firm j chooses
firm i—are unlikely to suffer from a biased selection
process. The unit of analysis in this method is a tie
between two firms, which can be either reciprocated or
not. Because a nomination can only be reciprocated if
both firm i and firm j report peer groups, we limit this
analysis to firms that report peer groups. The number
of possible ties between these firms is the total number of
combinations, N

2

( ) � N!
2(N−2)!, where N is the number of

peer-reporting firms. Naturally, only a very small frac-
tion of the total number of possible ties is reciprocated (in
our sample, around 2% of about 19.2 million possible
ties). We then estimate a logit model predicting
reciprocity, using a set of variables including industry,
revenue, geography, market capitalization, assets, and
number of employees.We capture differences in size by
including more fine-grained dummy variables, and we
include a graded measurement of industry similarity.
Because there is not a single existing database that
provides information on a firm’s business model or di-
rect competitors, we proxy these variables by including
ameasure of security analyst cocoverage. This is a dyadic
version of the firm-level measure introduced by
Zuckerman (2004). Using IBES data on the coverage of
stocks by security analysts, we calculate the cosine
similarity of analyst coverage for each pair of firms.11

Higher cosine similarity means that the pair of firms is
covered by similar analysts. Because these data are not
available for all firms in our sample, we include two
“missing” indicators: the first equals one if one of the
firms in the pair attracts coverage from one or zero
analysts, and the second equals one if each of the two
firms is covered by one or zero analysts. The reference
group includes pairs of firms that are both covered by
two or more analysts.
Table 2 shows the coefficient estimates of this model.

The model indicates that industry similarity, being
covered by similar analysts, and not being head-
quartered in the same state make firms much more
likely to nominate each other as peers. It also shows
that firms are more likely to select other firms that are
similar in size. Net of the other-size criteria, revenues are
most strongly predictive and assets are least predictive
of choosing a peer that reciprocates the choice. A pair
of firms that matches perfectly on every dimension is
predicted to have a probability of reciprocation of 99%.
We then use the estimates from this model to es-

tablish a probability of reciprocal peer nomination
using the universe of Compustat firms. Given that peer
groups are typically upwardly biased, we include all
Compustat firms for which we have financial data.
Restricting the sample only to firms that select peers or
are selected as peers may result in a shortage of smaller
firms that are necessary to produce balanced peer
groups. The intuition is that the model assigns high
probabilities to firms that could have been or were
reciprocated peer nominations for a focal firm and that,
thus, should represent unbiased choices.
The distribution of predicted probabilities for each

focal firm is often skewed with a small number of
potential peers that are predicted to be very good
matches and a long tail of firms with substantially
lower predicted probabilities. We argue that each firm
is at least partially aware of this distribution: some peer
choices are obvious to the firm and its shareholders,
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and if those are not included, this will likely draw
attention to the firm’s peer group. The number of
“obvious” peer choices naturally varies among firms,
indicating that some firms have more discretion in
constructing their peer group than others. To capture the
uncertainty in this process, that is, the number of peer
choices that are obvious, we implement a simulation

approach to the construction of counterfactual peers. In
each iteration of the simulation, we sample Nit firms
from this population of potential peers (where Nit is the
number of peers selected by firm i in year t), using their
predicted probabilities from the reciprocity model as
weights. Because the weights alone do not ensure that
a balanced peer group is drawn, we implement the
following procedure: For each iteration and firm, one out
of four covariates (market cap, assets, revenue, number
of employees) is randomly chosen. Based on the value of
this covariate for the focalfirm,we split the population of
potential peers into two subpopulations; one that has
covariate values larger than the focal firm and the other
that has smaller covariate values than the focal firm. We
then draw Nit/2 peers from each of the two sub-
populations. In the limit, this process generates peer
groups that are both balanced on the four covariates
and represent the most natural peer choices. We repeat
this process 500 times for each named peer group,
generating 500 counterfactual peer groups.12

This strategy corrects for at least two problems with
methods used in prior studies. First, we correct for the
problem that Cadman and Carter (2014) identified,
namely that a large pool of potential peers—which
often includes relatively smaller firms—increases the
chance to find positive bias in peer-group selections.
We correct for this problem by forcing reciprocated
peer selections to guide the identification of counter-
factual peers. Second, by finding counterfactual peers
that are similar to reciprocating peers rather than the
full set of actually selected peers, we address the
concern that bias on observables mechanically affects
the counterfactual peer group. Our method should sub-
stantially limit the potential of bias entering the process
whereby counterfactual peers are identified. Moreover,
the uncertainty in the process of finding counterfactual
peers is quantified by our simulation approach.
In addition to the theoretical arguments presented,

we find that the reciprocity method produces coun-
terfactual median peer pay that, in combination with
the PPG, does a better job of predicting actual CEO
compensation than does the method of Faulkender
and Yang (2010) method, which was also used in
Albuquerque et al. (2013) (reported in Online Ap-
pendix Table B1). Furthermore, Figure 1 shows a vi-
sual comparison of the two methods (plots for other
covariates are in Online Appendix B). The solid line
demonstrates that peer groups are biased in observed
covariates by plotting the logged ratio of the market
cap of the focal firm and the median market cap in the
observed peer group. This distribution is shifted to the
right of the balanced reference point of zero. The dotted
and dashed lines then compare our simulation method
to the method developed by Faulkender and Yang, com-
paring the median market cap of the counterfactual peer
group to the market cap of the focal firm. We replicated

Table 2. Prediction Equation for Peers from the Simulation
Model

Dependent variable:
Reciprocated tie (1/0)

Logit

Industry similarity, one digit 1.618*** (0.026)
Industry similarity, two digit 2.914*** (0.022)
Industry similarity, three digit 3.575*** (0.024)
Industry similarity, four digit 4.553*** (0.019)
Analyst coverage coherence (IBES) 5.286*** (0.036)
Missing: Either firm –0.300*** (0.014)
Missing: Both firms –0.698*** (0.028)
Same state 0.619*** (0.015)
Revenue within 10%–20% 0.216*** (0.047)
Revenue within 20%–30% 0.571*** (0.043)
Revenue within 30%–40% 0.950*** (0.041)
Revenue within 40%–50% 1.286*** (0.040)
Revenue within 50%–60% 1.553*** (0.040)
Revenue within 60%–70% 1.724*** (0.040)
Revenue within 70%–80% 1.779*** (0.040)
Revenue within 80%–90% 1.833*** (0.040)
Revenue within 90%–100% 1.879*** (0.041)
Market cap within 10%–20% 0.357*** (0.039)
Market cap within 20%–30% 0.668*** (0.038)
Market cap within 30%–40% 0.867*** (0.037)
Market cap within 40%–50% 1.004*** (0.037)
Market cap within 50%–60% 1.114*** (0.038)
Market cap within 60%–70% 1.227*** (0.038)
Market cap within 70%–80% 1.220*** (0.038)
Market cap within 80%–90% 1.262*** (0.039)
Market cap within 90%–100% 1.246*** (0.039)
Employees within 10%–20% 0.778*** (0.043)
Employees within 20%–30% 1.098*** (0.042)
Employees within 30%–40% 1.324*** (0.041)
Employees within 40%–50% 1.464*** (0.041)
Employees within 50%–60% 1.527*** (0.041)
Employees within 60%–70% 1.634*** (0.041)
Employees within 70%–80% 1.632*** (0.041)
Employees within 80%–90% 1.631*** (0.042)
Employees within 90%–100% 1.614*** (0.042)
Assets within 10%–20% 0.937*** (0.060)
Assets within 20%–30% 1.334*** (0.058)
Assets within 30%–40% 1.527*** (0.057)
Assets within 40%–50% 1.663*** (0.057)
Assets within 50%–60% 1.734*** (0.057)
Assets within 60%–70% 1.810*** (0.058)
Assets within 70%–80% 1.836*** (0.058)
Assets within 80%–90% 1.882*** (0.058)
Assets within 90%–100% 1.919*** (0.058)
Constant –12.515*** (0.067)
Observations 19,274,475
Log-likelihood –137,350.800

Note. Standard errors are in parentheses.
*p< 0.1; **p< 0.05; ***p< 0.01.
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Faulkender and Yang’s method using our own data to
make sure that these comparisons are meaningful. Al-
though both methods produce balanced peer groups, the
simulation method does so more precisely. Given these
two empirical comparisons, we proceed by adopting the
results from the reciprocitymethod in the rest of the paper.

By drawing 500 natural peer groups for each firm, we
capture uncertainty about the PPG. Specifically, the
simulations generate a distribution of possible com-
pensation benchmarks (i.e., the distribution of median
pay of each of the 500 simulated peer groups), and any of
the 500 counterfactual peer groups could plausibly be
argued to represent a natural peer group. The median
compensation of any of these peer groups could then be
justified as an appropriate benchmark. As a result, firms
with a wider range of median compensation in its 500
natural peer groups are expected to be able to exercise
more discretion in selecting its peer group.

The range of median compensation in these peer
groups is a function of two factors. The first is the
overlap or intersections of all 500 peer groups. In other
words, if the 500 peer groups look very similar in
composition, the rate of overlap is high. The rate of
overlap can be captured by the distribution of predicted
probabilities of the potential peers of the focal firm. If
there is a limited number of potential peers with high
predicted probabilities, the firm is constrained in its peer
choice by its environment. We call this peer-group con-
straint andmeasure it as themedian predicted probability
of the 20 potential peers with the highest predicted
probabilities.13 The second factor is the distribution of
pay in the set of natural peers. We call this benchmarking
discretion, which reflects the variation in median pay in
the 500 natural groups. For eachfirm,we take themedian
pay in each of the 500 peer groups. For this distribution of
500 values, we then calculate the difference between the

75th and the 25th percentile and divide it bymedian peer
compensation (i.e., q75−q25

q50
). Our prediction is that firms

with more discretion in choosing firms with well-
compensated CEOs within their set of natural peers are
more likely to select an upwardly biased peer group.
To effectively account for the simulation uncertainty

in our regression models, all models reported herein
are averages over 500 separate estimations. We adopt
the procedure of Little and Rubin (1989) in averaging
over the outcomes of 500 different regressions. The
value of any regression coefficient µ̂ is given by

µ̂ � 1
M

∑M
l�1

µl,

where M represents the total number of simulations,
and l � 1. . .M. The associated standard error ŜE equals

ŜE �
(
Ū +M + 1

M
B
)
1/2

,

which involves averagewithin-simulation variability Ū
and between-simulation variability B:

Ū � ∑M
l�1

SE2
l

M
and B � ∑M

l�1

(µl − µ̂)2
M − 1

.

Whenever we report sample statistics that concern
values derived from the simulated peer groups (such as
Figure 1), we first take the median over the distribution
of values for each firm-year and then report the ap-
propriate statistic using the averaged distribution.

5. Determinants of Bias
Figure 2 positions the compensation of the focal CEO
with respect to the named and counterfactual peer
groups. The difference between using the named and

Figure 1. Logged Balance Ratios Comparing Observed Peer Groups to Counterfactual Methods
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the counterfactual peer group is obvious; although
CEOs generally appear to be paid below the median
named peer (at about the 45th percentile), they are paid
above the median (at around the 55th percentile) coun-
terfactual peer.14

Next, we assess firm characteristics that are asso-
ciated with a larger or smaller PPG. Descriptive sta-
tistics of the variables are presented in Table 3.15 Recall
that our two main predictions are that the PPG should
be higher when discretion in the selection of peers can
be exercised and when the company fails to meet
important financial targets to which CEO compensa-
tion is tied. To test this second prediction, we include
performance metrics at the firm level that are most
likely to affect CEO compensation through the pay-for-
performance contract. If firms perform well on these
metrics, the CEO is unlikely to need a biased peer
group to improve pay because recent achievements
should justify generous pay. Research on how CEO
compensation is tied to performance metrics at the firm
level suggests that there is substantial variation in the
metrics used to incentivize CEOs (Jensen and Murphy
2010, De Angelis and Grinstein 2015). Most firms use
stock and option packages that respond directly to
growth in market capitalization. Some firms also use
bonuses for accounting performance. We, therefore,
include two variables that should capture perfor-
mance and that should affect compensation of the
CEO, namely market capitalization and ROA.16

Table 4 shows the results of regressions in which the
PPG is the dependent variable. We estimate the PPG as
a function of measures of institutional ownership, the
mean PPG of other firms for which board compensa-
tion committee members are directors, market capi-
talization and ROA, the log of the benchmarking
discretion, and peer-group constraint measures. We
also include year fixed effects and dummy variables for

the various compensation consultants.We, thus, estimate
a model in the form

log (PPGit) � Xitβ + αt + uit,

where X denotes a matrix of covariates, β is a vector of
coefficients for these covariates, αt estimates year-specific
intercepts, and u denotes the error term. Fixed effects for
firms are added in some models. The standard errors
reported in Table 4 and all following models are robust
and adjusted for correlation within firms.
Model 1 is a pooled OLS regression, and Model 2

includes firm fixed effects. In these models, we find
that bias is generally greater when board members are
directors at other firms that themselves have higher bias
in their named peer groups and that there is no re-
lationship between institutional ownership and the
PPG.
Models 3 and 4 include our two measures of firm

performance. Both the pooled regression in Model 3
and the estimates in the fixed-effects model show
that both variables are negatively associated with PPG.
ROA has a meaningful association with the PPG: a one
standard deviation decrease in ROA is associated with
an almost 3% increase in the PPG according to the
estimates fromModel 3. In the model that includes firm
fixed effects, the coefficient reduces to –0.055 (which
implies a 1% PPG increase with each standard de-
viation decrease in ROA) and is marginally significant.
The market capitalization variable is significantly dif-
ferent from zero in each of the two models, and the
coefficient is in the predicted direction. Model 4 sug-
gests that a 10% drop in market capitalization is as-
sociated with an increase of the peer pay gap of almost
1%. These results demonstrate that CEOs who create
value for shareholders are benchmarked against peer
groups that are less biased, and they are consistent

Figure 2. (Color online) Percentile in Counterfactual Peer Group at Which the CEO is Compensated

Notes. The graph shows the mean of the percentiles in the counterfactual peer groups at which the CEOs in our sample are compensated. The
error bars show the 95% confidence intervals around the mean.
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with the idea that biased peer groups may serve as
an alternative justification of generous compensation
packages.

In Models 5 and 6 in Table 4, we examine the re-
lationship between benchmarking discretion and peer-
group constraint on the one hand and PPG on the other.
Recall that our prediction is that greater benchmarking
discretion makes firms upwardly bias the peer group
and that having higher peer-group constraint should
reduce the PPG. The model results in Table 4 align
with those predictions and demonstrate that discre-
tion and constraint affect the PPG net of other struc-
tural characteristics of firms. The effects are substantively
meaningful. Imagine a firm with average benchmarking
discretion and a PPG of 1.10; that is, the median com-
pensation of the named peer is 10% higher than the
average of the counterfactual simulations. If an otherwise
comparable firm had a benchmarking discretion that is
one standard deviation higher than the mean, its PPG is
predicted from Table 4, Model 5, to be 1.14 (1.1 + 0.119 ×
(log(0.36) – log(0.25))), which is slightly less than a 50%
increase in peer-group bias. The within-firm changes of
discretion are, of course, smaller than the between-firm
differences, but the effect of benchmarking discretion on
bias remains statistically significant; the coefficient esti-
mates in Table 4 imply that a one standard deviation
increase in discretion for the same firmwould raise a 1.10
PPG to a 1.12 PPG. The descriptive relationship between
benchmarking discretion and the PPG can also be seen in
Figure 3. The upper panel of this figure shows firms with
little discretion, and the bottom panel shows firms with

high discretion. This figure demonstrates that the PPG
varies systematically across the distribution of bench-
marking discretion.
The relationship between the PPG and peer-group

constraint is also in the predicted direction. Firms with
more ambiguity (i.e., lower peer-group constraint) select
peer groups with more upward bias in pay. The size of
the association is substantial: in the model that includes
firm fixed effects, a one standard deviation decrease in
peer-group constraint increases the PPG by about 6%.
The results in Table 4 raise an important question: is

the use of biased peer groups limited to firms that fail
to meet their performance targets and have a lot of
benchmarking discretion? Or do these conditions
merely increase the expected bias beyond an expected
positive bias even for the firms that are performingwell
and have little benchmarking discretion? Our models
suggest that even high-performing firms in unambig-
uous structural positions assemble biased peer groups.
This is seen by examining the combined impact of a
one standard deviation reduction in benchmarking
discretion and a 10% increase in market capitalization
(and assuming average peer-group constraint and ROA).
The combined impact of these predictors of bias (from
Table 4, Model 6) is –0.036 ((0.049 × (log(0.14) – log
(0.25))) + (–0.076 × (log(7,008) – log(6,371)))); in other
words, the mean bias of about 1.34 from Figure 2 would
be reduced to 1.30, which means that the expected
named peer group still has an expected 30% higher
median pay than does the normative peer group from
the simulation model.

Table 4. Models for the PPG

Dependent variable: log(PPG)

(1) (2) (3) (4) (5) (6)

Institutional ownership –0.051** –0.044 0.038 0.012 0.036 0.021
(0.023) (0.031) (0.023) (0.031) (0.022) (0.031)

Board mean PPG 0.147*** 0.111* 0.312*** 0.118** 0.265*** 0.105*
(0.057) (0.058) (0.058) (0.057) (0.056) (0.057)

ROA –0.147*** –0.055* −0.152*** –0.054*
(0.024) (0.030) (0.023) (0.030)

log(Market cap) −0.032*** −0.081*** −0.023*** −0.076***
(0.003) (0.008) (0.003) (0.008)

log(Benchmarking discretion) 0.119*** 0.049***
(0.010) (0.009)

log(Peer group constraint) –0.039*** –0.034***
(0.006) (0.009)

Firm fixed effects No Yes No Yes No Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Compensation consultant dummies Yes Yes Yes Yes Yes Yes
Number of simulations 500 500 500 500 500 500
R2 0.016 0.017 0.044 0.038 0.074 0.043
Adjusted R2 0.015 –0.194 0.042 –0.169 0.073 –0.163
Observations 19,527 19,527 19,527 19,527 19,527 19,527

Note. Standard errors are in parentheses.
*p< 0.1; **p< 0.05; ***p< 0.01.
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In sum, the variation in the PPG across firms is
largely unexplained by firm characteristics, but part of
the variation is systematic.We find that more discretion
and weak firm performance are associated with the
tendency to assemble biased peer groups.

6. The Relationship Between Bias and
CEO Compensation

Although the models presented in Table 4 suggest that
the PPG is real, the practical implications of our findings
would be limited if the PPG and the actual pay of the
CEO were not positively associated. As a first test of the
prediction that bias in the benchmarking process is as-
sociated with compensation levels of CEOs, we compare
the observed compensation that CEOs received and the
compensation that the CEO would have received under
two alternative scenarios. In the first scenario, which we
call the “50th percentile” scenario, we compute what
the compensation of the CEO would have been had
the CEO been compensated at the 50th percentile
of the counterfactual peer group using the simulation
method. In the second scenario, the “nth percentile”
scenario, we compute the percentile in the named peer
group at which the CEO was compensated and look up
the compensation level that corresponds to that per-
centile in the counterfactual peer group.

The results of these analyses are shown in Figure 4.
All three scenarios show a similar trend: CEO com-
pensation went down during the first years of the fi-
nancial crisis, but it increased again starting in 2010.

The differences between the three scenarios are pro-
nounced and consistent. The compensation that CEOs
actually received is substantially higher than the
compensation that CEOs would have received under
the two alternative scenarios. The difference averages
around $1 million when compared with compensation
under the nth percentile scenario and about $1.75million
under the 50th percentile scenario. Although this evi-
dence does not show that bias in benchmarking caused
compensation to increase, it is certainly consistent with
our prediction that bias in the benchmarking process is
potentially used to justify high levels of compensation.
Next, we estimate a model for CEO compensation to

assess whether compensation is higher when bias in the
named peer group increases, net of other factors. We
model compensation as a function of the pay of the
median peer in the counterfactual peer group along
with structural characteristics of the firm, firm per-
formance, and bias in the named peer group. We, thus,
estimate a model of the form

log(Compensationit)
� γ1log(Counterfactual peer compensationit)
+ γ2log (PPGit) + Xitβ + αt + uit,

where X denotes a matrix of control variables, αt esti-
mates year-specific intercepts, and uit denotes the error
term. Of special interest is the parameter for the
PPG, γ2. Fixed effects for firms are added in some
models. Table 5 shows the results of these regressions.
Model 1 shows that every percentage change in the pay

Figure 3. (Color online) The Distribution of PPG Across Benchmarking Discretion
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of the median counterfactual peer produces an equal
percentage change in the expected pay of the focal CEO
if the peer group is unbiased. This result gives addi-
tional confidence that the reciprocity method is pro-
ducing a reasonable set of counterfactual peers. Net of
the counterfactual pay, CEO compensation also rises
with the bias in the named peer group; each 1% in-
crease in the PPG produces a 0.54% increase in the
compensation of the CEO. Because the PPG is the ratio
of the median pay of the named peers and the median
pay of the counterfactual peers, this specification is
algebraically equivalent to a model that is linear in the
logs of the median counterfactual and median named
peer groups. In other words, Model 1 implies that, net
of the median pay of the named peer group, each 1%
increase in the pay of the median counterfactual peer
implies a 0.5% increase (1.03–0.54) in the focal CEO
compensation.17 In short, firms act as if they are paying
attention to the pay in their natural peer group as well
as in their named peer group. However, because bias is
typically positive, they are paying higher compensa-
tion than would be the case if they only paid attention
to the pay distribution in the natural peer group.

Model 2 in Table 5 adds firm fixed effects. The co-
efficients for counterfactual compensation and bias are
reduced in size but remain positive. In other words,
firms respond to changes over time in the median pay
of the natural peer group, but they are also responding
to the changing amount of bias in the named peer
group. Of course, we are not making an assertion about
the direction of causality here. These models do not say
that firms exogenously receive named peer groups,
look at the pay in these groups along with the pay in
the natural peer group, and then set the pay of their
executive. Rather, we conjecture that the named peer
group is determined partly in response to what the
compensation committee of the board of directors is
willing to pay their CEO, thus creating a justification
for the CEO’s compensation package. If firms were

unable to adjust the named peer group for several years
once chosen, then the coefficient for the PPG inModel 2
(with fixed effects for the firm) would more plausi-
bly reflect a causal effect; that is, changes in compen-
sation for the peer group would drive changes in focal
CEO compensation. However, firms do change their
named peer groups on a regular basis as we have
shown in Table 1, and even if they do not change their
peer group, they choose not to do so. It is, therefore,
difficult to argue that pay changes in the peer groups
are exogenous.
Models 3–6 include additional predictors for reve-

nue, market cap, employees, assets, financial attributes
of the firm, and the percentage of the firm’s shares held
by institutional shareholders. Models 3 and 4 include
predictors that should be largely uncorrelated with
counterfactual compensation, and Models 5 and 6 in-
clude the four financial variables that have been used in
the counterfactual benchmarking process. These are,
thus, by construction, related to counterfactual com-
pensation. The fact that the R2 of the models increases
only slightly when including the four firm financials
attests to the fact that our measure of counterfactual
peer compensation captures much of the relevant in-
formation about the CEO’s compensation.
Having a large ownership stake of institutional share-

holders is associated with higher executive compensa-
tion, net of other factors. The CEOs of larger firms in
terms of market capitalization, employees, and assets
are paid more even net of the benchmark of the median
counterfactual peer and the median named peer. Im-
portantly, however, CEO pay is tied to the amount of
bias in their named peer group even after size, other
structural characteristics, firm performance, and the
natural benchmark are taken into account. A change in
peer group bias from 10% to 20% for the same firm
over time implies an increase of 1.45% in compensa-
tion ($72,500 against a $5M compensation baseline),
net of any changes in the counterfactual median peer

Figure 4. Compensation Under Two Alternative Scenarios

Notes. The graph shows the yearly trends of observed CEO compensation and CEO compensation under two alternative scenarios. The error
bars show the 95% confidence intervals around the mean.
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pay and net of any changes in the structural charac-
teristics of a firm.

Also note that in the full model (Model 6), market
capitalization is positively associated with compensa-
tion, and the effect of ROA on pay is positive but not
significantly different from zero. Recall that our ar-
gument about how weak performance should be as-
sociated with more bias in the peer group builds on the
idea that CEOs are affected financially by failure to
meet performance targets and should, therefore, find
an alternative strategy to justify an improvement in
pay. Model 6 suggests that market capitalization is
a salient performance metric for CEOs.

In summary, our results support the conclusion that
CEOs benefit financially from a positive PPG. Firms
that have more bias in their named peer group have
CEOs with higher compensation. For the same firm,
fluctuations over time in the size of the PPG are as-
sociated with changes in the same direction of CEO
pay. We do not know whether the PPG produces
higher pay through the mechanism of (1) convincing
the compensation committee to recommend higher
CEO compensation to the full board, (2) convincing
board members who are not on the compensation
committee that a higher level of compensation is

warranted, (3) reducing resistance from stakeholders
who otherwise might conclude that the proposed
compensation for the firm’s CEO is excessive, or some
combination of these mechanisms. However, regard-
less of the specific channels by which the PPG has
become associated with higher executive compensa-
tion, the results in Table 5 are consistent with the in-
terpretation that CEOs and/or compensation commit-
tees establish bias in a peer group to legitimize a level
of executive compensation that exceeds the level that
is predicted by economic determinants.

7. Trends in Bias and Their Implications
for Compensation

Firms have been under pressure to bemore transparent
and normative in their procedures for paying their
executives. Because the use of biased peer groups
is considered to be wrong by compensation consul-
tants and corporate watchdog organizations alike (Reda
et al. 2008, Institutional Shareholder Services 2015), one
might expect the PPG to be decreasing over the period
of time when the watchdog organizations began con-
sidering bias in forming their recommendations on
“say on pay” votes. Our data cover the period during

Table 5. Models for Executive Compensation

Dependent variable: log(Compensation)

(1) (2) (3) (4) (5) (6)

log(Counterfactual
compensation)

1.034*** 0.473*** 0.960*** 0.415*** 0.614*** 0.213***
(0.009) (0.023) (0.011) (0.024) (0.020) (0.026)

log(PPG) 0.536*** 0.257*** 0.513*** 0.230*** 0.427*** 0.145***
(0.019) (0.019) (0.019) (0.018) (0.019) (0.018)

Book value per share 0.003*** 0.007*** –0.001* 0.0004
(0.001) (0.001) (0.001) (0.001)

Market-to-book ratio 0.027*** 0.005 –0.008 –0.004
(0.006) (0.003) (0.005) (0.003)

Return on assets 0.022 0.239*** −0.219*** 0.009
(0.033) (0.039) (0.036) (0.039)

Institutional ownership 0.349*** 0.315*** 0.384*** 0.189***
(0.038) (0.050) (0.039) (0.049)

log(Revenue) –0.002 0.013
(0.007) (0.013)

log(Market cap) 0.180*** 0.175***
(0.009) (0.011)

log(Employees) 0.009 0.066***
(0.006) (0.022)

log(Assets) 0.030*** 0.084***
(0.008) (0.023)

Firm fixed effects No Yes No Yes No Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Number of simulations 500 500 500 500 500 500
R2 0.664 0.167 0.67 0.18 0.693 0.215
Adjusted R2 0.664 –0.012 0.67 0.004 0.693 0.046
Observations 19,527 19,527 19,527 19,527 19,527 19,527

Note. Standard errors are in parentheses.
*p< 0.1; **p< 0.05; ***p< 0.01.
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which this pressure was being felt, and so we next ex-
aminewhether there is evidence for a decline in the PPG.

Figure 5, panel (a), shows that the median bias has
indeed decreased between 2006 and 2016. Moreover,
panel (b) shows that the distribution of bias across
firms has tightened, for both the entire population in
our data (solid lines) and the subset of firms for which
we have data on named peers in all years (dashed).
These results suggest that the pattern of peer selec-
tion of firms is converging toward an ideal type. This is
also indicated by a slow increase in reciprocated ties
(panel (c)), which we take as another piece of evi-
dence in this regard. A reciprocation rate of 100%would
completely remove bias from the system of peer nomi-
nations, but this, of course, is not a necessary condition
for unbiasedness. Similarly, an increase in reciprocated
ties does not necessarily suggest a connection to de-
clining bias if the nonreciprocated were chosen spe-
cifically to maintain bias. Nonetheless, it is worthy of
note that peer-group assembly is slowly trending to-
ward an ideal type process.

The patterns in panels (a)–(c) of Figure 5 raise the
question of whether the potential impact of biased peer
groups on CEO compensation is also diminishing. The
answer to this question is negative because, although
the average size of the PPG has diminished, the

coefficient of bias in the compensation model has been
rising over time, and the rise in the coefficient of bias is
offsetting the decline in the magnitude of bias. We
estimated a model that includes interaction effects be-
tween the PPG and dummy variables for each year. The
model coefficients are in Table C2 in the online appendix
and are plotted in panel (d) of Figure 5.
The net effect of this change can be seen in Figure 6,

which plots compensation under different scenarios.
We restricted this analysis to the firms included in the
S&P 1500 to make the numbers comparable over time.
Figure 6 shows that mean CEO compensation fell in the
early years of the Great Recession but then resumed
its climb, rising from about $4 million to more than
$6 million. The solid line shows how the mean CEO
compensation has changed over the years covered by
our data. The dashed line marked by triangles shows
the prediction from our compensation model that in-
cludes interaction terms between the PPG and dummy
variables for years. The predicted values track the
observed values closely, indicating a good model fit.
In addition, we show two counterfactual scenarios. The
dashed line marked by plus signs shows predicted
compensation from our model if bias is set to zero for
all firms. It is evident that an important component of
CEO compensation is associated with the PPG across

Figure 5. The Evolution of Bias Norms

Notes. Error bars in panels (a) and (c) report the 25th and 75th percentiles. Solid lines report results for all firms. Dashed lines report results for
those 327 firms for which we have data for all 11 years (without error bars).
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all the years. The dashed line marked by squares shows
the impact of fixing the coefficient for bias at its 2006
value, when its estimated effect is the smallest. The
graph shows that the gap between the predicted line
and the “no interaction” scenario gradually increases as
themedian PPG across the firms declines. This growing
gap is the countervailing effect of the increasing co-
efficient on the PPG.

In summary, bias retains a significant associationwith
compensation throughout the period of time under
analysis here and is substantively important despite the
downward trend. Moreover, the impact of reductions
in the size of the PPG are being offset by increases in
the size of the coefficient of the PPG over time.

8. Discussion and Conclusion
In this paper, we have scrutinized the assembly of
compensation peer groups and its effect on CEO com-
pensation. We leveraged the idea that reciprocated peer
nominations are unlikely to result from opportunistic
behavior. Specifically, we used the estimates from a
model that predicts reciprocated peer nominations to
construct counterfactual peer groups.

Using this strategy, we found that, although there is
a clear tendency toward the selection of similar firms as
peers, firms also tend to include in the peer group CEOs
who are better compensated than the CEOs of firms
that would have been selected had the process been
impartial. This produces bias in the named peer group.
We also found that benchmarking discretion is gen-
erally associated with an increase in bias in the named
peer group: firms that can choose a higher benchmark-
ing value to which to compare themselves because of
ambiguity about the composition of their natural peer
group often do so. Third, we found that the size of the
bias is larger when the CEO is unable to cite recent
financial achievement as a justification for higher pay.

We then found that the size of peer group bias is con-
sequential: greater bias is strongly associated with better
compensation for the CEO. Finally, we find evidence
that the growing normative pressure on firms to use
similar firms as peers may be having an effect on the
composition of the named peers because both the mean
and the variance in peer group bias has been diminishing
in recent years. But this tendency is offset by the in-
creasing effect of peer group bias on CEO compensation.
The evidence presented in this paper challenges

the argument that peer-group benchmarking enables
evaluators to accurately assess whether CEOs are com-
pensated appropriately. Instead, we find pervasive bias
in peer-group benchmarks, and we find that this bias
is associated with higher pay for CEOs. The practical
impact of our findings is substantial if one considers the
arguments put forward in DiPrete et al. (2010). They
found that biased compensation practices in a small
number of firms will diffuse throughout the corporate
comparison network and have substantial downstream
effects (i.e., higher compensation across the entire sam-
ple). Thus, peer group bias has both local effects in the
focal firm and global effects through the benchmarking
process.
Better market governance has the potential to align

pay-setting practices more closely with market mech-
anisms, and indeed, we find that peer-group bias has
declined as a presumed consequence of the greater
attention to this issue by watchdog agencies. However,
the fact that the predictive power of bias on pay has
been growing to offset the impact of reduced bias re-
inforces the message that the process of compensating
CEOs is complex and subtle, and strategic behavior is
not easily controlled.
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Endnotes
1 See Morgenson (2013) and Whoriskey (2011) for examples.
2We use the terms “natural peer group” and “counterfactual peer
group” interchangeably to refer to impartially selected peer groups.
3The bias may be upward or downward depending on which makes
the actor look more favorable.
4Two other studies suggest that peer benchmarking is not affected by
bias. The results of these studies, however, are difficult to interpret.
Bizjak et al. (2008) do not use data on reported peer groups, but put
firms into two size bins (i.e., large versus small firms) per industry
and use other firms in the same bin as the focal firm as peers. Kim
et al. (2015) do use data on named peers, but they report that the
software they used to extract peers from SEC filings harvests an
average of 5.4 peers per peer group for the period 2006–2010. As we
show, our algorithm extracted an average of 19.6 peers per firm and
a median of 16 peers per firm. Moreover, Cadman and Carter (2014)
manually collected their data and report a median of 16 peers.
5We briefly discuss these issues here and discuss them in greater
detail in Online Appendix D.
6Related to this issue are the problemswith reliablymeasuring talent.
Existing measures show very low correlations, questioning the val-
idity of the concept (see Online Appendix D, Section A).
7DEF 14s are submitted and made publicly available at the end of the
fiscal year. Many fiscal years end during the spring—a period typically
referred to as proxy season—so our data covers fiscal years 2006–2016.
8Not every firm selected into a peer group reports using peers itself. It
is important to include these non-peer-reportingfirms in the analysis to
avoid error in the calculation of the extent to which peer groups are
biased. Other studies that have analyzed the structure of peer groups
have relied on the smaller Execucomp compensation data, but this is
problematic because it often does not cover the whole peer group. The
use of the largerMorningstar database addresses this problem. Because
coverage of Executive Insight is a bit spotty in early years (2007, 2008),
we use Execucomp data when possible to fill in minor gaps.
9 For example, Bizjak et al. (2011) collected data on 707 firms reporting
in 2007. Faulkender and Yang (2010) analyzed a sample of 657 firms,
and Faulkender and Yang (2013) employed a sample of 763 firms that
have reported in at least one of four years resulting in a data set of 2,066
firm-years (the average firm is represented in 2.7 years). Finally,
Albuquerque et al. (2013) collected data from three years (2007–2009)
for 1,273 unique firms that select peers and 3,221 firm-year observa-
tions, but that number drops to 2,158 because of missing data issues.
10 For example, BJ’s Restaurants, Inc., a named peer of Famous
Dave’s of America, Inc., with a revenue of $316 million, can be
matched to potential peer MGM Resorts International, which has
24 times as much revenue—$7.7 billion. Because BJ’s Restaurants,
Inc., was less than half the size of FamousDave’s of America, Inc., and
MGM Resorts International was more than twice as large, the value
of the dummy variable for size was the same for the potential peer
MGMResorts International and the named peer BJ’s Restaurants, Inc.
11That is, similarity(A,B) �∑nAiBi/(

��������∑nA2
i

√ ��������∑nB2
i

√ ), where A and B
are vectors of length n reflecting the number of unique analysts. In
addition,Ai is one if the security analyst i coversfirmA, zero otherwise
(and the same for Bi).
12Constructing peer groups for very large or very small firms raises the
issue of ceiling effects and, to a lesser extent, floor effects. Floor effects
are less likely because we include the whole universe of Compustat
firms, which include manymuch smaller firms than are represented in

our sample of peer-nominating firms. To ensure that ceiling or floor
effects do not drive our results, the very few firms that are so large or so
small that they do not have sufficient potential peer groups to choose
from are dropped fromour analysis. Specifically,we only includefirms
forwhichwe foundmore than 250 valid peer groups (out of 500). Using
this criterion, only 23 firm-years are dropped from the analysis. Be-
cause it is logically impossible to produce any balanced peer group for
these firms, any peer benchmarking process is inherently inefficient for
these cases. In a set of sensitivity analyses (Online Appendix Table C1),
we also trimmed both the largest and smallest 5% and 10% firms on
each of our four size criteria. The results from the sensitivity analyses
are very similar to those for the entire sample.
13We chose 20 because it is the mean peer-group size, but the exact
number does not drive any of the results.
14 If all firms reciprocated their peer choices, the percentile position
would be constrained to be at the 50th percentile. The simulation
method builds on reciprocated ties, but then counterfactual peers
are chosen from the universe of potential peers based on their
probability of reciprocating. This frees the simulation from being
constrained to select counterfactual peer groups with a mean
percentile of 50.
15Because of a change in reporting requirements issued by the SEC that
applies to proxy statements for fiscal years ending on or after December
20, 2009, the total compensation variable is not consistently measured
before and after 2009. The sources for this variable are Morningstar’s
Executive Insight and Compustat’s Execucomp databases, which, in
turn, record the compensation value that the companies report as “total
compensation” in their annual proxy statement. The reporting change
affected the calculation of stock and option awards. It is unclear how and
if this reporting change systematically affects our models. To ensure that
our results are not driven by the effects of this reporting change, we split
our sample into two periods: 2007–2008 and 2010–2016. (We leave out
2009 because companies may be slow to comply.) We then estimate our
models on the two samples separately (see Online Appendix Table C2)
and find that the results are similar to the models containing all years.
We, thus, proceed by presenting these models in the paper. We thank an
anonymous reviewer for pointing us to this issue.
16Because there is an important link between the talent argument
proposed by Albuquerque et al. (2013) and our argument about bias
and how it relates to companies meeting their financial targets, we
also evaluated talent measures, including those proposed by
Albuquerque et al. (2013), and found that the correlations between
them are generally very low (see Online Appendix D). We conclude
that there is no reliable method to measure CEO talent and that
measurement issues may be the reason for our predictions and their
findings to be irreconcilable.
17Because of the mathematical equivalence of the log-ratio and log-
linear forms of our compensation model, Model 1 also implies that,
net of the median pay of the counterfactual peer group, each 1%
increase in the pay of the median named peer produces a 0.54%
increase in the compensation of the focal CEO.
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