MANAGERIAL AND DECISION ECONOMICS
Manage. Decis. Econ. (2013)

Published online in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002/mde.2630

Social Pressure at the Plate: Inequality
Aversion, Status, and Mere Exposure
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This paper uses professional baseball data to evaluate the impact of social pressures on
subjective decisions made by ofﬁcials. Umpires show tendencies consistent with both
centrality bias and favoritism toward players with higher status in the league. Results also
indicate that the odds of a strike are lower for batters in close proximity to the ofﬁcial
throughout the game. Implications extend beyond sport to issues regarding closeness of
contact in employee–manager relationships and pay and promotions decisions in the
workplace. Given the persistent monitoring of ofﬁcials in professional baseball, this
phenomenon could be more prevalent in less scrutinized positions in other industries.
Copyright © 2013 John Wiley & Sons, Ltd.

“Umpiring is best described as the profession of
standing between two seven year olds with one
ice cream cone.”
-Ron Luciano (Luciano and Fisher, 1982, p. 55)

1. INTRODUCTION
1.1. Overview
Performance evaluation plays a pivotal role in the
workplace, ultimately inﬂuencing decisions made
regarding employees by the ﬁrm. Performance can
be evaluated both objectively and subjectively, with
the latter becoming more and more important in
developed countries where objective piecemeal
measurement of productivity—such as the number
of shirts produced by a clothing apparel factory
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worker—is less relevant in a world of technological
automation. However, subjective evaluation can be
subject to biases formed through social inﬂuences or
networks within an organization, which can have
negative consequences for incentive systems. These
social forces can include forms of discrimination, a
desire for status, centrality bias, or maintaining cordial
interaction and reciprocity (Sobel, 2005) and may
affect behavior either consciously or unconsciously.
Ultimately, this change in behavior does not only
affect those directly inﬂuenced by social situations
but also creates negative externalities for those out
of favor. Additionally, bias can present dispersion in
worker pay that may or may not be associated with
actual performance of the employees (“dispersion in
unexplained pay,” Trevor et al., 2012), which could
undermine collective performance of the work team
or organization. As Parsons et al. (2011) showed,
the occurrence of unexplained pay implicit in
subjective evaluation among baseball players could
also result in misleading conclusions regarding the
existence of discrimination in the economic study of
discrimination in pay.
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Social pressure is especially pertinent in employment
and rank-order promotion settings, where decisions are
made using subjective evaluation for a limited number
of positions (Prendergast and Topel, 1993, 1996). One
of these pressures may be differentiated affect of a
manager toward individual employees for reasons
unrelated to work productivity. For example—as predicted
by Zajonc’s (1968) “theory of mere exposure”—previous
literature has shown that the closeness and quality of
contact between individuals can act as a mechanism
behind increased affect toward that individual, ultimately
biasing decision making (Judge and Ferris, 1993; Brandts
and Solá, 2010; Bol, 2011; Breuer et al., 2011). Other
pressures include centrality bias (Prendergast, 1999)—
relating to an aversion to inequality between two
individuals in performance evaluation—and bias toward
individuals with higher status (Glaeser et al., 2000).
This paper extends the literature regarding social
pressure and subjective evaluation, leveraging the wealth
of performance data in professional baseball and the
exogenous assignment of game ofﬁcials. With few
exceptions, sporting contests—especially at the professional level where the payoff to large labor market
investments are affected by game outcomes—require neutral judgment for certain events to secure the legitimacy of
competition. In many instances, the decisions made by
supposedly neutral ofﬁcials must be carried out subjectively, leaving these decisions vulnerable to bias just as
those by managers in the workplace. Although ofﬁcials
are not supervisors, per se, they do provide subjective
evaluation for employees of the league.
Speciﬁcally, I address the inﬂuence of close physical
proximity, equality of welfare, and status on differential
preferences revealed through the calling of balls and
strikes. The social and economic implications of this
possibility make clear the importance of monitoring
manager–employee relationships in the workplace,
where subjective evaluations play an important role in
pay and promotions. If a less productive employee is
arbitrarily favored over a more productive one, there
could be negative impacts on ﬁrm performance, and it
could reduce the effectiveness of the incentive system
in place if the bias is known to employees. If there is a
subjective reduction of disparity between two individuals,
this could create inefﬁcient pay allocation or incentives
for a ﬁrm and its workers, respectively (Bol, 2011).
Although performance outcomes would be subjectively
equalized to some extent in this scenario, Trevor et al.
(2012) noted that there are sorting beneﬁts to
performance-related pay dispersion, and Simmons and
Berri (2011) noted that pay inequality can actually have
positive effects in the NBA.
Copyright © 2013 John Wiley & Sons, Ltd.

1.2. Background
The importance of accurately detecting biases for or
against individuals in the labor market has most recently
been highlighted by Parsons et al. (2011) in reference to
racial and ethnic discrimination. Parsons and colleagues
highlight that the existence of subjective biases in the
measurement of job performance that go unaccounted
for—such as bias in ofﬁciating—when considering wage
discrimination can have detrimental effects on the conclusions of the analysis. This also has critical implications for performance-based pay in organizations as a
whole. In baseball, the performance of a player implicitly
includes the bias of an umpire; however, the innate
ability or actual effort of a player, by deﬁnition, would
contain no bias. There are situations outside of sport in
which biases by supervisors could implicitly arise as
well. For example, if a supervisor assigns employees to
more favorable work environments, this could increase
otherwise objective performance evaluation. Subjective
performance measures are subject to a supervisor’s bias
that would not be attributed directly to the ability or
effort of an employee. Ultimately, in a tournament or
promotions setting, even a small bias resulting in differences in relative performance of two individuals may result
in a non-negligible difference in earnings if only a single or
a few positions are available. If this earnings difference
includes pay not related to true relative abilities, then
there could be counterproductive results for the ﬁrm
(Harder, 1992; Werner and Mero, 1999).
Speciﬁc to sports, Sutter and Kocher (2004) and
Garicano et al. (2005) found that soccer ofﬁcials have a
tendency to make injury-time decisions in favor of home
teams owing to home fan pressure. In most sports—for
example, Major League Baseball (MLB) with a schedule
balanced such that every team plays 81 home games and
81 away games—teams tend to win at their home ﬁeld
more often (in baseball, home teams tend to win about
54% of the time). It is unlikely that ofﬁcial behavior
accounts for this entire difference, but home ﬁeld advantage is a well-documented phenomenon throughout
many sports (Moskowitz and Wertheim, 2011; Price
et al., 2012). Perhaps unsurprisingly, some decisions
made by ofﬁcials may be inﬂuenced by a need to please
home fans even if they are not consciously attempting to
do so. In this vein, rather than making a conscious decision against a visiting team, the ofﬁcial could use the
crowd reaction as a cue to make the ofﬁciating decision
(Nevill et al., 2002). Given the bias of the majority of
home fans, using this cue is not a neutral way to make
a subjective ofﬁciating call. Although the league could
have incentives for home bias through home attendance
Manage. Decis. Econ. (2013)
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increases at the margin with additional home wins (Price
et al., 2012), the bias must be balanced with some preservation of neutrality of the ofﬁcials. Of course, there is
also the issue of overt and intentional bias by corrupt ofﬁcials or evaluations, with the most recent example being
a signiﬁcant referee scandal in the National Basketball
Association (see Bardhan, 1997, for an extensive review
on the literature pertaining to corruption).
1.3. Baseball Games and Close Social Contact
Empirical analysis of ofﬁcials and athletes can be used
to evaluate the relation between social pressure,
physical proximity, and affect and ensuing evaluation.
In athletic competition, ofﬁcials with closer physical
proximity to certain players are also likely to have more
social interaction with those players than others. In turn,
any biased evaluation could also have important labor
market outcomes for those individuals not in close
contact with the ofﬁcial, given that they make a number
of decisions in each game that affect performance on the
job for all parties. Of course, it is difﬁcult to directly
measure the propensity for more individualized social
interaction between ofﬁcials and players on the ﬁeld.
However, Zajonc (1968) described the theory of mere
exposure, in which the simple act of being near someone
or something can increase one’s affect toward that
person or object. Judge and Ferris (1993) found that
close contact can induce increased affect and, ultimately,
favoritism in the workplace. Using this ﬁnding as a
framework, I extend the inﬂuence of these factors on
sporting ofﬁcials’ subjective decision making. MLB
has again provided the arena for such a test, with pairing
of individuals that is not endogenous on previous social
connectedness arising in other workplace settings.
Regular social contact naturally occurs in baseball
games, where the catcher—who receives the pitches from
the pitcher—and the home plate umpire—who makes
judgments regarding the location of each pitch—are in
consistent proximity throughout the game.1 No other
players are in consistent contact with the home plate
ofﬁcial. There would seem to be strong incentives for
catchers to maintain a positive rapport with the plate
umpire, as negative social interactions could affect
subjective judgments by the umpire in an unfavorable
way for the team. Personal performance could be
affected in a negative (or positive) way by the umpire
when the catcher is at bat if interactions are noncordial
(cordial), or if the umpire values the well-being of the
catcher (Levine, 1998).2 Given this social incentive for
maintaining positive interaction, the umpire could feel
pressure to enhance the amount of social capital in his
Copyright © 2013 John Wiley & Sons, Ltd.

immediate proximity through favorable calls for
catchers during an at bat.
Baseball is best known for its many individual contests between a batter attempting to hit the ball and the
pitcher who throws (pitches) the ball to the batter in an
attempt to make him miss or hit the ball weakly. Each
of these bilateral contests within a game is considered
an “at bat” or “plate appearance.” In each at bat, the
batter is allowed three strikes before being called out,
whereas the pitcher is allowed four balls before the
batter is safely awarded ﬁrst base (known as a walk).
Balls and strikes are deﬁned by the MLB ofﬁcial rule
book.3 Umpires make the ultimate judgment of ball
and strike calls if the batter does not swing, subject
to the ofﬁcial rules. However, there is human error
involved in evaluating the actual location of the pitch
and whether or not it crosses through the imaginary plane
of the strike zone. Strike calls tend to negatively impact
batter performance, while positively impacting pitcher
performance. Ball calls tend to inﬂuence performance
of the two parties in the reverse pattern. Given this,
ball–strike calls may leave each player’s performance
in an at bat subject to bias by these ofﬁcials.
Most importantly, the process by which umpires and
catchers are paired reduces extraneous factors that
inﬂuence the amount of social interaction between two
individuals. For example, two coworkers in a manager–
employee relationship may work in closer contact than a
third employee because of their preexisting similarities
and interests or other prerequisites for social connectedness. If there is a bias toward the employee in closer
social contact, there could be other confounding reasons
for the favoritism, rather than just the physical closeness
itself. However, a catcher and an umpire are exogenously
paired in each game by the managers of the teams and the
coordinators of umpire assignment for the league. Therefore, there is little worry of these confounding inﬂuences
of increased contact between the evaluator (umpire) and
those being evaluated (players).
1.4. Umpires and Inequality Aversion
A secondary motivation of this analysis is that of umpire
behavior changes in the face of welfare inequality
between the batter and the pitcher. From this perspective,
the number of balls and strikes against the batter serves
as a proxy for relative well-being of the batter and
pitcher. Here, the more balls in the current count, the
better off the batter. Conversely, the more strikes in the
current count, the better off the pitcher (holding constant
batter and pitcher quality). As noted by Trevor et al.,
inequality in pay does not necessarily imply inequity in
Manage. Decis. Econ. (2013)
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pay. This distinction is important in that pay variability
explained by differences in true performance levels was
found to have positive effects on team performance. In
the case of subjective evaluations, managers could be
compelled to reduce the inequality in evaluation whether
as a result of compassion or some other mechanism.
While this could increase pay equality, it would reduce
pay equity. Reductions in pay equity due to factors not
related to job performance may reduce team performance levels, as noted in much of the literature on pay
dispersion. To be clear, the goal of this empirical analysis
is not to evaluate the effects of pay dispersion, although
the consequences of this attributed to factors other than
performance could of course be critical in the sports or
work environment. Rather, this paper looks to evaluate
the possible contributors to dispersion in unexplained
performance—namely, social inﬂuences—implicit in
pay dispersion in the competitive sports labor market.
2. DATA AND METHODOLOGY
2.1. Data
The data used in this analysis consist of MLB’s indepth Pitch F/X data from a portion of the 2007 and
all of the 2008, 2009, and 2010 MLB regular seasons
(MLB.com, 2010). Each MLB regular season consists
of 162 games for each of the 30 teams, for a total of
2430 games per season and 8464 games total in the
data set (with 1174 games from 2007). In whole, the
data consisted of over two million individual pitches
thrown within regulation (innings 1–9) and more than
5000 players. However, the data were reﬁned to
include only pitches that were subject to judgment
by the umpire,4 reducing the sample size to about
Table 1.

1.3 million observations. These data were again ﬁltered
to include only pitches meeting the following criteria:
(i) within 2 ft on either side of the plate; (ii) a projected
landing point behind the plate rather than in front of it;
and (iii) no higher than 5 ft off the ground when crossing
the plate. Finally, I removed all pitches classiﬁed as an
unknown pitch type, intentional ball, or a pitch-out. These
ﬁnal steps removed all pitches that were certain balls
from the sample, as these required almost no subjective
decision making on the part of the umpire. The ﬁnal
data set consisted of approximately 1.2 million called
pitches.
The data included information on the projected vertical
and horizontal locations when crossing the plate, the speed
of the pitch, the type of pitch thrown, the current ball–
strike count, and whether or not there are runners on base
(and which bases). Also included were season-level player
and team performance data gleaned from Fangraphs
(2011) and Baseball Reference (2011). Along with
Retrosheet (2011), these latter sites provided the
identiﬁcation of each player’s primary position. Batter
height was recorded to ensure that any systematic difference in the height of catchers would not inﬂuence the
analysis. Catchers tend to be slightly shorter than the rest
of the population of MLB players, and the rule book
strike zone is indirectly related to the height of the batter.
Table 1 presents the descriptive statistics regarding height
and other variables included in this analysis.
It is important to note that a simple cross-tabulation
of the proportion of strikes called on catchers versus
the rest of the MLB player pool—or comparing strike
rates across counts—is not sufﬁcient in testing the main
hypotheses. First, there is reason to believe that pitch
location to catchers may not be comparable with that
of the rest of the player pool. On average, catchers are

Descriptive Statistics

Noncatchers
Linear distance from center (in.)
Starting speed (mph)
a
Batter wins abovea replacement
Batter age (years) a
Batter height (in.)a
Hit-by-pitch rate
Primary catchers
Linear distance from center (in.)
Starting speed (MPH)
a
Batter wins abovea replacement
Batter age (years) a
Batter height (in.)a
Hit-by-pitch rate

Minimum

Median

Mean

Maximum

0.0010
49.3000
1.7430
20.0000
66.0000
0.0000

1.2610
88.6000
0.0000
27.5000
74.0000
0.0000

1.2740
87.1200
0.4440
28.5700
73.6000
0.0052

3.2740
105.1000
8.3860
49.0000
82.0000
0.2000

0.0030
51.8000
0.8000
22.0000
69.0000
0.0000

1.2500
88.5000
0.1800
28.1600
73.0000
0.0065

1.2650
87.0100
0.5800
29.3400
72.7900
0.0136

3.2380
103.9000
6.0400
41.0000
77.0000
0.0556

a
Indicates that descriptive statistics for current variable are created from aggregating by batter, rather than individual pitches. “Linear
distance from center” and “starting speed” are aggregated by pitch, as they are not unique to each batter.
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a

Catcher advantage is calculated as the difference in strike rate between catchers and noncatchers. A negative number indicates that strikes are called less often for catchers in the given count.
Catcher rate difference is calculated as the difference in the occurrence of pitches in the given count between catchers and noncatchers. Negative results indicate that catchers see a lower percentage
of their pitches in the given count.
Bold italic font indicates percentage for each group, while bold font highlights the difference in strike percentage for Catchers and Non-catchers.
b

a

1.23
0.06
4.24
0.21
0.98
0.13
0.02
0.09
0.95
0.09
1.94
0.30
1.06
0.10
0.21
0.02
0.92
0.16
0.54
0.02
0.46
0.44
0.61
0.00
Catcher advantage
b
Catcher rate difference

0.16
0.31

24,797
4,371
17.63
2.25
22,595
8,707
38.54
2.05
23,287
14,791
63.52
2.12
51,305
7,784
15.17
4.66
47,032
13,554
28.82
4.28
46,922
22,540
48.04
4.27
69,657
8,376
12.02
6.33
98,437
25,086
25.48
8.95
132,425
56,214
42.45
12.04
52,048
4,797
9.22
4.73
398,411
180,230
45.24
36.21
1,100,133
376,536
34.23
100.00

133,217
30,086
22.58
12.11

2,963
486
16.40
2.20
2,487
853
34.30
1.85
2,682
1,730
64.50
1.99
6,410
971
15.15
4.76
5,644
1,680
29.77
4.19
5,347
2,465
46.10
3.97
8,670
950
10.96
6.43
12,029
3,090
25.69
8.92
16,006
6,648
41.53
11.88
6,397
555
8.68
4.75
16,745
3,754
22.42
12.42
134,785
45,307
33.61
100.00

49,405
22,125
44.78
36.65

Catchers
Total calls
Called strikes
Strike rate (%)
Count rate (%)
Noncatchers
Total calls
Called strikes
Strike rate (%)
Count rate (%)

3-1
3-0
2-2
2-1
2-0
1-2
1-1
1-0
0-2
0-1
0-0
All

To ensure robustness of the analysis, multiple empirical
models were estimated. The dependent variable in the
models was an indicator of whether the umpire called a
strike on a pitch at which the batter did not swing. All
players for whom the primary position was listed as
catcher for the 2007–2010 seasons were identiﬁed using
a dummy variable, as was whether or not the player
started at the position for the game in which each pitch
was thrown. Included in the regression model were pitch
type, ball–strike count, batter height, the pitch velocity,
each batter’s hit-by-pitch rate, the inning that each
pitch is thrown, whether or not runners were on base
and which bases, the wins of each team as a proxy
for team quality, each game’s attendance, the handedness of the batter, and batter and pitcher wins above
replacement (WAR) and age.6,7

Strike Rates for Primary Catchers and Noncatchers by Count

2.2. Modeling Approach

Table 2.

not as high of quality batters as other players, with a
0.751 on-base plus slugging (a measure of hitting
performance)5 for primary catchers with at least 350 plate
appearances and 0.767 for noncatchers in 2010. This may
affect the location and pitch-type choices by the pitcher in
a given count. If umpires systematically change the
propensity to call strikes on the basis of count or pitch
type—and less adept hitters are in certain counts more
often—this could also bias the comparison.
Nevertheless, Table 2 presents aggregate strike call
rates across ball–strike counts, with some evidence for
favorable calls to the player (pitcher or batter) at a
disadvantage in the count, although location is not
yet controlled for in this table. Evidence from
nonacademic work suggests that umpire calls are in
fact inﬂuenced by the current ball–strike count
(Matthewson, 2010; Walsh, 2010; Moskowitz and
Wertheim, 2011). I ﬁnd similar results here and revisit
this issue in more detail later. Therefore, the model
presented here predicts the probability of a strike
call conditional on count, location, type of the pitch,
and other factors that could differ systematically
across batters across defensive positions, across the
distribution of talent in MLB, and across ball–strike
counts. For reference, Tables 2 and 3 also exhibit the
persistence of apparent advantages for catchers across
pitch type and count. These tables show that although
the likelihood of strike calls varies signiﬁcantly by
count, catchers tend to have an advantage in nearly
every count individually (Table 2), with about 1.78%
(or about 0.61 percentage points overall) fewer strikes
called against them than noncatchers. The same can be
seen for the majority of pitch types (Table 3).
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a
Note that this total includes pitch types not in the table. There were very few of certain pitch types thrown, and there is little interest in the breakdown of these pitch types (for example, all pitch outs
were called balls by the umpires in the data set, and these are deleted for analysis). Individual counts for splitters, knuckleballs, knuckle curves, forkballs, screwballs, and eaphus pitches. These pitch
types are included within the ﬁnal model, however. It is also important to note that Sportvision’s neural network pitch classiﬁcation system—as with any classiﬁcation method—is not perfect, and
therefore, this presents additional noise in the data.
Bold italic font indicates percentage for each group, while bold font highlights the difference in strike percentage for Catchers and Non-catchers.

0.03
0.32
0.34
0.34
0.57
0.90
0.94
0.07
0.47
0.11
1.90
0.29
0.88
0.86
Catcher strike advantage
Catcher pitch rate difference

0.61
0.00

0.59
0.19

120,669
31,104
25.78
10.97
113,436
39,316
34.66
10.31
156,125
49,248
31.54
14.19
36,670
13,095
35.71
3.33
44,061
15,288
34.70
4.01
291,646
108,852
37.32
26.51
296,776
106,413
35.86
26.98
1,100,133
376,536
34.23
100.00

30,039
10,079
33.55
2.73

14,349
3,695
25.75
10.65
14,351
5,023
35.00
10.65
20,335
6,529
32.11
15.09
4,404
1,614
36.65
3.27
5,542
1,897
34.23
4.11
35,344
12,519
35.42
26.22
3,935
1,297
32.96
2.92
35,197
12,312
34.98
26.11

Four-seam
Cutter
Fastball
a

All

134,785
45,307
33.61
100.00

Catchers
Total thrown
Total called strikes
Strike rate (%)
Percent of all pitches (%)
Noncatchers
Total thrown
Total called strikes
Strike rate (%)
Percent of all pitches (%)

Table 3.

Strike Rates for Primary Catchers and Noncatchers by Pitch Type

Two-seam

Sinker

Slider

Curveball

Changeup
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Given that the spatial features of the strike zone
result in a (two-dimensional) nonmonotonic relationship
between pitch location coordinates and the probability
of a strike call, a ﬂexible generalized additive model
was estimated to create a dynamic strike zone surface.
Although parametric regression coefﬁcients were
not estimated for the locational variables, these are
of little interest to this study. This nonparametric
estimation simply provided a substantial control for
pitch location to evaluate inﬂuences of other factors
on umpire behavior throughout the game. The impact
of locational variables can then be visualized, as shown
in Figure 1. The advantages of the semiparametric
methodology are that it is extremely ﬂexible with
respect to the relationship between location and strike
probability and that it allows for estimation of changes
in the size of the strike zone across conditions, rather
than simply changes in the probability of a strike.
The importance of sufﬁcient controls for pitch location
cannot be understated. Whereas polynomial regression
would allow for some ﬂexibility in the relationship
between the strike zone and pitch location, a
semiparametric model allows further ﬂexibility in the
structure of the nonlinear relationship. Additionally,
although there is sufﬁcient overlap across the
distribution of pitch locations, the location of pitches
in different situations—particularly across ball–strike
counts—is not identical. The semiparametric model
provides a critical control for comparison of umpire
behavior across many different situations, ensuring
that any changes in location across those variables
being evaluated parametrically are not falsely
attributed to the variables of interest with respect to
changes in the probability of a strike call.
Although parameter estimates for most variables
are rather straightforward, nonparametric estimation
of the inﬂuence of the location parameters calls for
further explanation. Rather than in a purely parametric
regression, the locational variables were ﬁtted
nonparametrically and linearly combined with a
parametrically estimated regression using a generalized
additive binomial logistic model as follows:
gðμi Þ ¼ X i β þ f k ðZ 1i ; Z 2i Þ þ ϵi :
In this representation, the response variable is
represented by yi with mean μi, where g(·) is the logit
link function for the binomial response (ball = 0 or
strike = 1). Xi and β are vectors of the predictor
variables and their unknown coefﬁcients, respectively,
which are estimated parametrically. The vertical
and horizontal pitch location variables are represented
by Zji. The inﬂuence of location was evaluated
Manage. Decis. Econ. (2013)
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Figure 1. Visualization of pooled batter strike zones by handedness (umpire’s view). LHB, left-handed batter; RHB, right-handed batter.

nonparametrically and two-dimensionally by the
smooth function fk(·)—subscripted with k to represent
separate surfaces for right-handed and left-handed
batters—which in this case are estimated using
penalized thin-plate regression splines (Gu and
Wahba, 1993; Wood, 2000, 2003, 2004, 2011). To
avoid overﬁtting, the smoothing parameters were estimated from the data using a generalized cross-validation procedure, and the model was ﬁtted using
penalized iteratively reweighted least squares, as described by Wood (2006).
Because of changes in the shape and location of the
strike zone by batter handedness, separate surfaces
were evaluated across the two batter types (Figure 1).
I assume here that the probability of a strike increases
linearly with height. For categorical controls other than
batter handedness, dummy variables were used within
the parametric estimation as there was little reason to
believe the strike zone surface shape or coordinate location—rather than simple mean shifts in strike probability at the given locations—meaningfully changed
across these additional variables. Coefﬁcients for all
nonlocational variables were estimated parametrically.
Because of computational limitations, an ancillary
model using a semiparametric linear probability model
(LPM) was also estimated to evaluate pitcher ﬁxed
effects in addition to umpire ﬁxed effects. Individual
batter ﬁxed effects were not considered in any model,
as these are nearly perfectly collinear with the primary
catcher indicator variable. There were only small
changes to the statistical and practical signiﬁcance
of the coefﬁcient estimates because of these
Copyright © 2013 John Wiley & Sons, Ltd.

considerations. The speciﬁcation of this model is
nearly identical to the one mentioned previously, but
in the form of an LPM:
yi ¼ X i β þ f k ðZ 1i ; Z 2i Þ þ ϵi ;
with yi again an indicator of a strike call, with demeaned
umpire and pitcher strike rate ﬁxed effects.
2.3. Primary Position versus Starting Position
Although Tables 1–4 used an indicator of the primary
catcher position, this does not necessarily mean that
the player is at the catcher position on the given day.
This is important in that teams sometimes rest
catchers’ knees by giving them playing days at ﬁrst
base (1B) or designated hitter (DH). Of course, these
players sometimes come up to bat when playing these
other positions. Therefore, I estimate the regression
model with two indicator variables: one that identiﬁes
the player as the starting catcher and a mutually
exclusive indicator that the player was a primary
catcher for the given season but did not start behind
the plate for the game that the given pitch was thrown.
If the bias is enhanced when a player is catching on the
given day, this may provide additional evidence for an
enhanced impact of immediate or recent proximity.
2.4. Plate-Crowding Effects and the Strike Zone
It is possible that catchers (or certain other players)
have a better understanding of the strike zone called
by umpires than other players and that they use this
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Table 4.

Summary of Calls in Favor of Batters and Pitchers (Primary Catchers and Noncatchers)
Fitted zone

Noncatchers
Called pitch count
Percent of total called
Primary catchers
Called pitch count
Percent of total called
a

Difference

Fixed zone

Pitcher’s favor

Neutral call

Batter’s favor

Pitcher’s favor

Neutral call

Batter’s favor

54,724
4.97

991,035
90.08

54,374
4.94

94,732
8.61

954,518
86.76

50,883
4.63

6,171
4.58

121,524
90.16

7,090
5.26

10,316
7.65

117,748
87.36

6,721
4.99

0.40

0.08

0.32

0.96

0.60

0.36

a

Negative number indicates favor toward primary catchers for the pitcher’s favor column, whereas positive numbers indicate favor toward
primary catchers for the batter’s favor column.

to their advantage when batting. One way that altering
behavior could affect umpire calls may be systematic
plate crowding by catchers.8 There is some evidence
that catchers crowd the plate more than the general
player population. For example, primary catchers as
a whole are hit by pitches slightly more often than
other players. However, whereas right-handed
catchers are hit more often than other right-handed
batters, the opposite is true for left-handed catchers.
Those catchers that bat left-handed expose their
throwing arm to an errant pitch.9 Therefore, this
discrepancy could be due to these left-handed catchers
being less willing to be struck by a pitch than his righthanded batting counterparts. To account for possible
systematic crowding of home plate by catchers, I use
the rate that each player is struck by an incoming pitch
as a proxy for crowding the plate to control for this

manipulative behavior. This control variable is deﬁned
as the number of hits by pitch for each player divided
by his respective number of plate appearances over the
sample period (2007–2010).
Finally, even if plate crowding results in a change in
the strike zone, this change could simply be a shift
outward, rather than a reduction of the zone size due to
perceptive changes by the umpire adjusting to the batter’s
position. Although it would be nearly impossible to
evaluate the distance from the plate that every player in
the league stands, there are players that are known to
crowd the plate more than others. For example, Kevin
Youkilis, a noncatcher, is known for both leaning close
to the plate and getting hit by a large number of pitches.
Figure 2 exhibits the crowding approach for an at bat,
with the batter leaning over the top of home plate when
swinging. Looking further, the right-hand side of Figure 2

Figure 2. Kevin Youkilis and other right-handed batters. RHB, right-handed batter.

Copyright © 2013 John Wiley & Sons, Ltd.
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exhibits the result of Youkilis’s plate-crowding efforts on
his pooled called strike zone. As you can see, the inside
of the zone is taken away from a pitcher throwing against
Youkilis. However, those pitching against Youkilis are
also awarded an area further outside the zone compared
with the average right-handed batters’ zone across the
league, as would be predicted by this strike zone shift
hypothesis. Ultimately, plate crowding can have some
effect on the size of the strike zone; but as we will see
later, these effects account for very little of the apparent
differences in umpire strike-calling behavior toward
those exposed to the umpire more often.
2.5. Preliminary Evidence of Proximity-Based
Favoritism
As a preview, Table 4 presents the differences in strike
rates given to batters and pitchers on pitches within and
outside the strike zone. The variable of interest in this
table was created by ﬁrst identifying whether or not a
pitch is located within an approximation of the MLB rule
book strike zone as deﬁned earlier. If a pitch was located
outside of the strike zone and called a ball or located
within the strike zone and called a strike, then it was considered a neutral or correct call. If the ball was located
outside the strike zone and called a strike, then it was
considered to be in favor of the pitcher. Finally, if the
ball was located within the strike zone and called a ball,
then it was considered to be a call in favor of the batter.
Although basing the vertical zone limits on the
height of the batter is likely most accurate, there was
no one-to-one correlation between height and strike
zone. The rule book identiﬁes the strike zone on the
basis of the stance of the batter, which varies greatly
even for batters of the same height. The zone height
is therefore difﬁcult to gauge without ﬁrst-hand
observation of all batters in the data set. To account
for this issue, I measured the strike zone in two
different ways. In the ﬁrst method, I used a ﬁxed upper
boundary (3.45 ft) and lower boundary (1.70 ft) of the
strike zone, along with the MLB rule book width.10
This is referred to as the “ﬁxed zone.” In the second
method of identifying a pitch located within the strike
zone (“ﬁtted zone”), an estimate of the top–bottom
and inside–outside edges of the zone was gleaned
from a purely nonparametric model. In estimating the
top and bottom of the strike zone, I used the entire data
set and a binomial generalized additive model as
exhibited earlier. However, in this case, the strike zone
was modeled using only the vertical and horizontal
locations, the height of the batter, and the handedness
of the batter. All players, umpires, and game situations
Copyright © 2013 John Wiley & Sons, Ltd.

(count, base runners, etc.) were pooled for this
estimation. Those pitches with a predicted probability
of being called a strike above 50% were coded as
“within the strike zone” (more likely to be a strike than
a ball), whereas those with a less than a 50% predicted
probability were coded as “outside the strike zone”
(more likely to be a ball than a strike). These
indicators were used to create the same variable of
interest as with the earlier “ﬁxed zone” speciﬁcation
but allowed a more ﬂexible interpretation of the zone,
including a width that actually extends beyond the edges
of home plate (Figure 1).
As the reader can see in this preliminary evaluation
(Table 4), primary catchers had an advantage over other
batters on pitches both within and outside of each of the
pooled ﬁxed and ﬁtted zones. For those pitches outside
the rule book strike zone, strikes were called against
catchers between 8% and 11% less often than
noncatchers (or between 0.40 and 0.96 percentage points
for the ﬁtted and ﬁxed zones, respectively). Similarly, on
pitches within the rule book strike zone, batting catchers
saw between a 6.4% and 7.8% higher ball call rate than
noncatchers (between 0.32 and 0.36 percentage points).
However, it is important to note that not all of the calls
in each of these categories are created equal. If for some
reason the majority of pitches that catchers see are
well out of the strike zone—or if those within the strike
zone tended to be near the edge of the plate
—we would expect to see a difference in calls.
This highlights the advantage of the nonparametric
estimation of the locational parameters on umpire strike
zones.
3. RESULTS
3.1. Physical Proximity and Exposure
The results of both regression models are provided in
Table 5 (subjective variables of interest) and Table 6
(perceptive variables of interest). To begin, when the
player up to bat is a catcher, he has a signiﬁcantly
lower likelihood of a strike call than a noncatcher in
both model estimations (Table 5). On average, the
probability of a strike call is about 0.74 percentage
points lower against catchers than noncatchers in the
ﬁxed-effects LPM model.11 Figure 3 presents a pooled
nonparametric comparison of the strike zone area for
those listed as primary catchers and noncatchers (ﬁtted
as separate surfaces). In the full ﬁxed-effects LPM, there
was also a marginally signiﬁcantly larger effect for
catchers who were playing catcher on the given day
(z = 1.884, p < 0.05 for one-tailed test based on H1).12
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Table 5.

Subjective Inﬂuences of Strike Calling (Generalized Additive Model)
Logistic (umpire FE)
a

Variable name

b

Estimate

Standard error

(0.00014)
(0.00052)
(0.00003)
(0.00005)

(0.02310)
(0.01400)
(0.02144)
(0.00926)
(0.01342)
(0.02306)
(0.02750)

0.00211
0.00077
0.00663
0.00723
0.00831
0.00829
0.00646

0.00151
0.00459***
0.01284***
0.00906***
0.01358***
0.01243***
0.01123***

(0.00171)
(0.00104)
(0.00157)
(0.00069)
(0.00099)
(0.00166)
(0.00198)

0.67136***
1.00266***
0.18239***
0.37087***
0.70613***
0.39505***
0.19883***
0.46702***
0.62306***
0.02238
0.44445***

(0.01174)
(0.02327)
(0.01084)
(0.01292)
(0.01858)
(0.01661)
(0.01699)
(0.01949)
(0.02387)
(0.02312)
(0.02580)

0.04565
0.06820
0.01241
0.02523
0.04802
0.02688
0.01352
0.03176
0.04239
0.00152
0.03024

0.05947***
0.06727***
0.00997***
0.04069***
0.05851***
0.02978***
0.02723***
0.04887***
0.05982***
0.00915***
0.04745***

(0.00087)
(0.00130)
(0.00086)
(0.00097)
(0.00114)
(0.00133)
(0.00132)
(0.00129)
(0.00184)
(0.00186)
(0.00178)

Batting team wins
Pitching team wins
Batter WAR
Pitcher WAR
Pitcher age (years)
Batter age (years)

0.00062*
0.00135***
0.01871***
0.02957***
0.01985***
0.01063***

(0.00035)
(0.00034)
(0.00178)
(0.00200)
(0.00083)
(0.00084)

0.00004
0.00009
0.00127
0.00201
0.00135
0.00072

0.00005*
0.00002
0.00164***
0.00181***
0.00119*
0.00073***

(0.00003)
(0.00003)
(0.00013)
(0.00029)
(0.00066)
(0.00006)

Starting catcher
Primary, not starting

0.11189***
0.07646**

(0.01173)
(0.03255)

0.00760
0.00521

0.00737***
0.00250

(0.00088)
(0.00243)

0-1
0-2
1-0
1-1
1-2
2-0
2-1
2-2
3-0
3-1
3-2

e

count
count
count
count
count
count
count
count
count
count
count

0.03090
0.01134
0.09765***
0.10624***
0.12227***
0.12177***
0.09505***

Standard error

0.00046
0.00583***
0.00003
0.00008

d

(0.00144)
(0.02111)
(0.00045)
(0.00064)

Estimate

0.00039
0.00490
0.00016
0.00005

Bases loaded
Runners on ﬁrst and second
Runners on ﬁrst and third
Runner on ﬁrst
Runner on second
Runner on third
Runners on second and third

0.00572
0.07204***
0.00235***
0.00069

AME

***

Inning
c
Bottom of inning
Game attendance (thousands)
Attendance × bottom of the inning

***

LPM (umpire/pitcher FE)

AME, average marginal effects estimate; FE, ﬁxed effects; LPM, linear probability model.
Year dummy ﬁxed effects are included within the regression.
b
Coefﬁcients are in log-odds form from a logistic model.
c
Indicates that home team is batting.
d
Baseline level of bases empty.
e
Baseline level of 0-0 count.
***Signiﬁcance at the 99% level.
**Signiﬁcance at the 95% level.
*Signiﬁcance at the 90% level.
a

With such large sample sizes and what at ﬁrst glance
look to be relatively small effects, it is imperative to
consider the impact of these probability changes in the
context of the data and environment in which the bias
takes place.13 To begin, Figure 3 exhibits that the area
is slightly smaller for those who play catcher on a
regular basis. Whereas the bias toward catchers is not as
high in magnitude as the count differences in the
following section, the strike zone—deﬁned as the 50%
contour for strike call probability—is estimated at about
9.8–12.6 in.2 larger for noncatchers. Further practical impacts on the performance of those in favor are expanded
upon in Section 4.1. Additionally, the umpire tends to
take away the inside portion of the strike zone from the
Copyright © 2013 John Wiley & Sons, Ltd.

pitcher when a catcher is at bat. This portion of the zone
is the most physically dangerous area, as the catcher is
more likely to be struck by a pitch intended for the inside
corner. Inside pitches tend to be rather inﬂammatory, and
an umpire’s reluctance to call strikes in this area against
batting catchers would seem to be the most effective
way of maintaining goodwill with catchers in terms of
biased calls.
3.2. Aversion to Inequality, Centrality Bias, and
Player Status
Both models indicate that the ball–strike count in the
current at bat tends to inﬂuence the likelihood of a
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Table 6.

Perceptive Inﬂuences on Strike Calling (Generalized Additive Model)
Logistic (umpire FE)
a

Variable name

Constant
Batter height (in.)
HBP rate
Velocity (mph)
c
Changeup
Curveball
Eaphus pitch
Fastball
Cut fastball
Four-seam fastball
Forkball
Splitter
Two-seam fastball
Knuckle Curve
Knuckleball
Screwball
Sinker
Slider
2

(Adjusted) R
Deviance explained (%)
N

b

Estimate

0.01298
0.01072***
0.90571*
0.02146***
—
0.08946***
0.02653
0.27693***
0.20681***
0.29527***
0.89236**
0.13512**
0.30545***
0.07332
0.49037***
0.10773
0.29251***
0.07067***

LPM (umpire/pitcher FE)

Standard error

AME

Estimate

Standard error

(2.19176)
(0.00164)
(0.52421)
(0.00114)
—
(0.01772)
(0.44674)
(0.01706)
(0.02477)
(0.01725)
(0.40632)
(0.06281)
(0.02261)
(0.18872)
(0.05250)
(0.45257)
(0.02372)
(0.01501)

0.08941
0.00073
0.06199
0.00146
—
0.00609
0.00159
0.01884
0.01405
0.02009
0.06051
0.00918
0.02079
0.00510
0.03331
0.00747
0.01991
0.00482

0.01013
0.00023*
0.11740**
0.00094***
0.01291***
0.00873***
0.02043
—
0.00346*
0.00331***
0.01216
0.01822***
0.00405**
0.00103
0.04189***
0.07287**
0.0045**
0.00630***

(0.00027)
(0.00012)
(0.03928)
(0.00011)
(0.00136)
(0.00190)
(0.03231)
—
(0.00185)
(0.00104)
(0.02761)
(0.00434)
(0.00164)
(0.01262)
(0.00827)
(0.03630)
(0.00177)
(0.00130)

0.696
65.5
1,235,589

***

0.635
63.5
1,235,589

Note: Results of smoothing parameter estimation are available upon request.
AME, average marginal effects estimate; FE, ﬁxed effects; LPM, linear probability model.
a
Year dummy ﬁxed effects are included within the regression.
b
Coefﬁcients are in log-odds form for the logistic model.
c
Baseline level of changeup for logistic model, baseline level of fastball for LPM.
***Signiﬁcance at the 99% level.
**Signiﬁcance at the 95% level.
*Signiﬁcance at the 90% level.

Figure 3. Comparison of 50% strike call probability contour for primary catchers and noncatchers. LHB, left-handed batter;
RHB, right-handed batter.

pitch being called a strike. This ﬁnding supplements
the previous nonacademic ﬁndings of Matthewson
(2010), Moskowitz and Wertheim (2011), and Walsh
Copyright © 2013 John Wiley & Sons, Ltd.

(2010); however, the analysis here allows for more
precise estimates of changes in the size of the strike
zone called by the umpire. In a three-ball, zero-strike
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Figure 4. Strike zone area changes across welfare conditions. LHB, left-handed batter; RHB, right-handed batter.

count, the likelihood of a strike call is approximately 6
percentage points higher than those in a neutral zeroball, zero-strike count. The difference is particularly apparent when contrasting a zero-ball, two-strike pitch
to a three-ball, zero-strike pitch, with a difference
of about 12.5 percentage points in the two scenarios.
Figure 4 exhibits changes in the size of the strike
zone called by umpires across counts. The results here
are rather striking, with the size of the strike zone
decreasing by as much as 26% from the most extreme
batter’s count (three balls and zero strikes) to the most
extreme pitcher’s count (zero balls and two strikes).
This difference in total surface area of the strike
zone equates to 117 and 129 in.2, or the size of about
15 baseballs.
The large changes in the size of the strike zone are
particularly interesting considering the close monitoring
of umpires in MLB. Umpires are evaluated on the basis
of their ability to make the correct calls, most of which
occur behind the plate for ball–strike judgments. If there
is selectivity by ofﬁcials in making correct calls under
close scrutiny, this could have negative effects on their
own career path. This provides evidence for one of a
number of possibilities: (1) umpires value welfare
equality between batters and pitchers to the point that
they are willing to risk their own material gain through
attenuating this inequality; (2) umpires would prefer to
let the players decide the outcome of the game; or (3)
umpires again recognize that inﬂuences of fan demand
may include competitive balance and game uncertainty
or suspense (Rottenberg, 1956) and have the ability to
enhance this by evening the count throughout the game.
Copyright © 2013 John Wiley & Sons, Ltd.

The last explanation could have implications for delays
in the replacement of plate umpires by more advanced
pitch-tracking systems by MLB and the possibility that
MLB provides incentives such that umpires are
rewarded for avoiding blowouts during games. Price
et al. (2012) took the literature in this direction for the
National Basketball Association.
Further empirical estimation regarding the likelihood
of a “makeup call” after a call favoring one team or
the other would be a welcome addition to the analysis
presented here. In fact, Moskowitz and Wertheim
(2011) brieﬂy address this issue, ﬁnding that umpires
do tend to participate in “makeup calls.” Gift (2012)
followed with a similar exposition for the National
Basketball Association. However, closer inspection in
the academic literature should provide further insight
into this phenomenon as evidence for umpire behavior
consistent with “compassion” toward the players in
less favorable situations.
Finally, it is important to also note that the
centrality effect is attenuated to some extent by the
umpires’ apparent bias in favor of players with higher
status in the league, represented here by both age and
ability. The estimates in Table 5 indicate that even
after controlling for location and pitch type, batters
and pitcher receive signiﬁcant favor from ofﬁcials with
age. A 35-year-old batter would see approximately the
same additional proportion of favorable calls relative
to a 25-year-old batter. Interestingly, this effect is even
more pronounced for pitchers, with an effect twice as
large. A similar relationship also exists with respect to
the WAR of these players.
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3.3. Home Field Advantage and Umpire Bias
As found by Price et al. (2012), this analysis ﬁnds
some evidence that umpires give more favorable calls
to the home team, calling more balls in the bottom of
an inning (when the home team is at bat). Given that
many home fans attend games to see their favorite
team win, social pressures could again be at play as
suggested by previous research. However, contrary
to the ﬁndings in soccer by Garicano et al. (2005)
and Pettersson-Lidbom and Priks (2010), the extent
of home bias is not affected by attendance levels.14
If current home attendance is not a signiﬁcant
immediate factor in home bias, there could be alternative
explanations of home bias by umpires, including
the possibility of increasing home attendance (Price
et al., 2012). By favoring the home team, the result
would—holding constant team quality—be more wins
at home for any team in the league. This could result in
marginal improvements in attendance levels around the
league if fans prefer wins when they are in attendance
to those in games they cannot. As a whole, the
zero-sum nature of the competition in MLB (there are
an equal number of home and away games for every
team) should result in little to no net effect of this bias
on the seasonal outcomes, despite the possible implications for marginal changes in total revenue. But if
home-away schedule strengths are unbalanced in a given
season, this could skew the zero-sum outcome. Finally,
this effect does not take into account the full context of
the game when biased calls are made. It could be that
umpires make the majority of these calls in blowouts or

Table 7.
Count
0-0
0-1
0-2
1-0
1-1
1-2
2-0
2-1
2-2
3-0
3-1
3-2
Average

other nonpivotal situations, which would ultimately
reduce any real impact of their bias on home game or
season outcomes. However, Moskowitz and Wertheim
(2011) provided some evidence that the opposite is
true: umpires are more biased in important situations.
4. DISCUSSION
4.1. Baseball-Speciﬁc Labor Market Outcomes
Because any call made by an umpire in favor of a
catcher is zero sum—both teams must ﬁeld catchers,
after all—the ultimate outcome within a given game or
across a season should not hinge on any bias toward
catchers. Additionally, if teams are participants in the
free-agent labor market for catchers, an evaluation of
catcher performance in comparison with other catchers
should not cause signiﬁcant bias. However, issues with
favoritism by umpires toward catchers could arise
within the free-agent labor market for other positions
if some catchers are switching positions mid-career.
For this evaluation, Table 7 modiﬁes the work of
Albert (2010) and run expectation changes on the
basis of changes in the ball–strike count. On average,
changing a ball to a strike call impacts the expected
runs scored by 0.15 runs per pitch across the entire
sample. Of course, this estimate assumes that all
players see pitches in counts at the same proportion
as the average, which may not be the case. However,
it provides us with an overall estimate of the impact
of favoritism toward catchers. Table 8 presents these

Run Values for Ball–Strike Calls
a

Run value

Δ with strike call

Δ with ball call

Difference

0.038
0.081
0.133
0.000
0.056
0.120
0.060
0.002
0.079
0.167
0.102
0.018
—

0.043
0.052
0.300
0.056
0.064
0.300
0.058
0.081
0.300
0.065
0.084
0.300
—

0.038
0.025
0.013
0.060
0.058
0.041
0.107
0.100
0.097
0.330
0.330
0.330
—

0.081
0.077
0.313
0.004
0.122
0.341
0.049
0.181
0.397
0.265
0.414
0.630
—

b

c

d

Percent of pitches

Weighted

35.19
12.19
5.39
11.83
8.86
6.84
4.30
4.15
4.81
2.25
1.96
2.22
—

0.02851
0.00939
0.01688
0.00047
0.01080
0.02333
0.00211
0.00752
0.01908
0.00596
0.00813
0.01399
0.14617

Modiﬁed from Albert (2010).
a
This—as well as the difference after a ball call—is calculated as, for example, the difference between the run value of a 0-1 count and a 00 count: (0.081)  (0.038) = (0.043).
b
Take the difference between a successive strike call and successive ball call to evaluate the net change from changing a strike to a ball or
vice versa.
c
Proportion of pitches thrown in the given count within the sample used here.
d
The sample proportion multiplied by the difference column.
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Table 8.

Umpire Bias Impacts on 2010 Player Performance

Player
Geovanny Soto
Joe Mauer
Buster Posey
Brian McCann
Jorge Posada
John Buck
Ramon Hernandez
Miguel Olivo
John Jaso
AJ Pierzynski
Yadier Molina d
League average

a

2010 PA

2010 wRC

wRC/PA

Called pitches (2010)

Runs bias

387
584
443
566
451
437
352
427
404
503
521
432

64
91
68
83
65
59
49
51
53
49
51
54.4

0.165
0.156
0.153
0.147
0.144
0.135
0.139
0.119
0.131
0.097
0.098
0.126

981
1377
918
1262
1085
715
667
721
1114
688
961
1080

1.09
1.53
1.02
1.40
1.20
0.79
0.74
0.80
1.24
0.76
1.07
1.20

b

% wRC inﬂation

c

1.70
1.68
1.50
1.69
1.85
1.35
1.51
1.57
2.33
1.56
2.09
2.26

Players included in average have more than 300 plate appearances and accumulated at least 0.08 weighted runs created (wRC) per plate appearance (PA) for the 2010 season.
a
Runs created, gleaned from Fangraphs.com.
b
Assumes homogeneous effect across catchers using a linear probability model coefﬁcient of +0.74 percentage point bias in favor of catchers
and 0.15 runs added for each called pitch switched from a strike to ball call (assumption of all called pitches occurring when player is behind
the plate on the given day). As a more conservative estimate, one could instead use the difference between the catcher coefﬁcients (approximately two thirds the size of the effect used for the calculations in this table).
c
wRCbias/(wRCplayer  wRCbias).
d
Includes players not listed here, with at least 300 plate appearances in 2010.

numbers in the context of an adjusted version of Bill
James’s runs created metric for selected catchers in the
2010 season. On average, the bias accounts for an inﬂation in the number of runs attributed to the player by
about 2%. This increase would only surface in the event
that a team looks to sign a free-agent catcher at another
position. In this case, if the bias were to disappear once
the player was no longer in persistent contact with
umpires, the team may be giving an unwarranted advantage to signing this player over another player who did
not beneﬁt from favoritism at the catcher position in the
past. On the other hand, if it were known to continue,
then former catchers may be unfairly advantaged relative
to those competing for the same noncatcher positions.
Additionally, status-based biases could also impact
those in free agency. Any favoritism toward more experienced or higher-caliber players could exacerbate
inequality between those under team control and those
who have reached free agency. In this case, those
players with higher skill levels are getting paid for
both their innate skill and production, in addition to
any additional production created by favored calls
from an umpire. This could have adverse effects regarding arbitration, as described by Fizel et al. (2002).
4.2. Extensions Beyond Sport: Subjective
Evaluation in the Workplace
Although the baseball implications are rather speciﬁc, the tendency for ofﬁcials to reveal bias even
under monitoring has important implications for the
Copyright © 2013 John Wiley & Sons, Ltd.

workplace in general. Outside of the sport, the importance of the apparent social inﬂuence found here
may arise in situations where, for example, only a
single position exists and multiple employees are
competing in a relative performance setting. In this
scenario, the employee with closer social contact to
the supervisor could be given higher marks for the
same level of job performance. Although the bias
in ball–strike calling can be relatively small, it could
result in large differences in income for the favored
employee over the other. However, this bias occurs
under consistent monitoring with public access to
Pitch F/X data. Under less stringent monitoring of
subjective decisions—likely the case in nearly any
other setting where subjectivity is heavily relied
upon—it seems reasonable to believe that this effect
would be signiﬁcantly larger. In this scenario, there
are also consequences for the ﬁrm. Speciﬁcally, even
small bias could result in an inferior employee
receiving a promotion over one more qualiﬁed or
result in shirking by an employee who knows he
or she is favored. Ultimately, this could cause a
decrease in performance for the ﬁrm, making these
interactions a real concern for both employees and
management alike.
Policies and supervision to mitigate these situations
should be an important consideration in an organization’s hierarchy to avoid pitfalls in treating subjective
evaluation outcomes as objective performance data.
Although not evaluated here, the agent (player/employee) response to this favoritism is just as important
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as the bias itself. Known bias may cause distortions in
behavior, as highlighted by Prendergast and Topel
(1993). Additionally, the mediating effects of status in
the workplace should also be of concern in monitoring,
as exhibited here through more favorable evaluation by
umpires toward players of higher quality.
Finally, the aversion to inequality between employees by managers—or in this context, between
the batter and pitcher—may also have undesired consequences for productivity in the workplace. Pay dispersion research has been rather abundant in
management and economics and, as noted earlier,
has leveraged sports data in empirical evaluations of
the subject (Depken, 2000; Frick et al., 2003; Jewell
and Molina, 2004; Trevor et al., 2012). In the case that
evaluators subjectively regress performance evaluations toward one another, the sorting advantages to
dispersion in pay on the basis of true performance
could be lost. Therefore, it is important to enlist monitors in which both favoritism and aversion to inequality in evaluation are avoided in the workplace.

2.

3.

4.
5.

4.3. Summary and Conclusions
Sportvision’s Pitch F/X data were employed to test the
hypothesis that close physical proximity can result in
more favorable subjective evaluation. I ﬁnd that MLB
umpires tend to give more favorable calls to catchers
when they are up to bat, lending support to the presence
of social inﬂuence on subjective decision making. These
ﬁndings imply that closer contact of individuals may be
associated with favorable bias in subjective evaluation,
with implications for pay and promotions in the
workplace both within and outside of sport. Additionally,
umpires show tendencies to favor more experienced and
higher-status players, while simultaneously presenting
behavior consistent with centrality bias. It is important
to note that the ﬁndings here could be limited with respect
to their generalization to nonsports settings. But if heavily
scrutinized umpires are still vulnerable to the bias found
here, then it seems reasonable to believe that for those
with evaluations subject to less scrutiny and monitoring,
this bias could exist and be much more pervasive. Under
this scenario, organizations should be cognizant of social
relationships and other biases in the workplace to ensure
optimal organizational performance.

ENDNOTES
1. In an online interview, for example, MLB catcher Tony
Maccani stated that, “usually I like to keep it as a
running conversation [with the umpire] throughout the
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6.

7.

day,” indicating that social contact is rather prevalent
between umpires and catchers during the game
(Clubhouse Gas, 2008).
In fact, former Umpire Association President, Ron
Luciano, explicitly states in his autobiography that
“The ﬁrst lesson I learned in baseball was to be nice to
catchers, for my own safety” (Luciano and Fisher,
1982, pp. 159).
“The STRIKE ZONE is that area over home plate the
upper limit of which is a horizontal line at the midpoint
between the top of the shoulders and the top of the
uniform pants, and the lower level is a line at the hollow
beneath the knee cap. The Strike Zone shall be determined from the batter’s stance as the batter is prepared
to swing at a pitched ball,” (MLB.com, 2011). Because
the baseball is approximately 2.9 inches in diameter,
with the tracking system measuring from the center of
the ball, I extend the edge of the plate 1.45 inches on
each side. The plate is 17 inches wide, making the strike
zone approximately 19.9 inches across. By this
deﬁnition, if any portion of the ball crosses the plate,
it considered to be within the rule book strike zone. This
puts the strike zone plane at approximately 418 square
inches in area.
These are pitches at which the batter does not swing.
On-base plus slugging is deﬁned as the sum of slugging
percentage (SLG = TB/AB) and on-base percentage
[OBP = (H + BB + HBP)/(AB + BB + SF + HBP)], where
TB is total bases, H is hits, BB is the number of walks,
HBP is the number of hits by pitch, AB is at bats, and
SF represents sacriﬁce ﬂies.
WAR and age are used as proxies for experience, player
quality, and overall notoriety of the player to the umpire,
which could inﬂuence calls—for example, giving the beneﬁt of the doubt or having more trust in judgments made
by more experienced or higher-quality players (Glaeser
et al., 2000). WAR is a metric developed by a group of
independent analysts known as sabermetricians—a group
that has made signiﬁcant contributions to productivity
estimates, as noted even by its strong critics (Berri and
Bradbury, 2010)—that looks to encompass all player
talent into a single metric. Although there is no fully
standardized calculation of the metric, it is sufﬁciently
consistent across calculations in a relative sense. The data
used here were gleaned from Fangraphs.com (2011), and
the reader is referred to this resource for details regarding
its calculation.
An ancillary model was estimated using weighted
on-base average (wOBA) instead of WAR, as WAR is
position adjusted and player experience rather than
age. However, this did not impact coefﬁcient estimates
of other variables in any meaningful way. The model
using WAR was chosen for presentation, as WAR
provides further information about the likely status of
a player, given that players’ position, which is of
interest in the current paper. For example, although
Ozzie Smith was not the top hitter in the game, his
status relied much on his role as a great ﬁelding
shortstop and solid hitter for those playing the position.
WAR includes ﬁelding ability and baserunning and
therefore contains status in all parts of the game. The
models including wOBA are available upon request.
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8. Another tactic could simply be better recognition of
pitches to swing at. However, this should not introduce
bias into the models unless catchers are better at recognizing strikes than the model here or know a speciﬁc
area where pitches will almost always be called a ball
that other players are unaware of. However, even in
these rather extreme circumstances, the model should
not contain any bias, as there is support across the two
conditions—catcher and noncatcher—for all covariates.
Therefore, swing choice should have little, if any, impact on the outcome of the models used here.
9. Catchers at the MLB level almost exclusively throw
right-handed. Since 1905, there have only been three
left-handed throwing catchers that have played in
MLB, catching a total of seven games. The last was
Benny Distefano in 1989 (Tripod, 2013).
10. These values have been suggested by pitch location and
baseball physics expert Mike Fast formerly of Baseball
Prospectus and Complete Game Consulting (now an
analyst with the Houston Astros) in personal discussions
regarding the optimal representation of Sportvision’s
Pitch F/X data measurements in the spring of 2011. Those
upper and lower bounds that are used by Sportvision tend
to be heavily biased and in some cases bimodal. This is
discussed by Tainsky et al. (2013) in more detail.
11. From here on, the LPM model is referred to because of
its inclusion of pitcher ﬁxed effects.
12. In the umpire-only ﬁxed-effect model, the difference
between the coefﬁcients was not statistically signiﬁcant.
However, this model did not include the additional
pitcher ﬁxed-effect controls that were contained in
the LPM.
13. The author thanks the anonymous reviewer for noting
that, with large sample sizes, smaller standard errors tend
to make apparently small effects statistically signiﬁcant.
However, these small effects can have nontrivial impacts
on the game in the context of baseball, a game of inches.
14. Higher attendance does tend to result in more strike
calls in general.
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