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How does work with robots change human capital? I study a unique setting in
which professional baseball leagues provided – and subsequently removed – access to
robot assistance for umpires. Umpires demonstrated improved precision and accuracy
in ball-strike decisions while using robot assistance, but their performance declined
substantially below pre-assistance levels after it was removed. Both highly skilled and
inexperienced umpires exhibited large declines in performance after the removal of
robot assistance. Umpires who used robot assistance for longer periods of time faced
a steeper decline in accuracy than those who used it for shorter periods. Umpires who
worked a full season with robot assistance did not fully return to their initial skill level
by the end of the following season. In contrast, umpires who missed an entire canceled
season during the COVID-19 pandemic suffered much smaller skill depreciation effects,
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gag, Byung Soo Lee, Juliana Londoño-Vélez, Yotam Shem-Tov as well as seminar and conference participants
at the Albert Family Fund Proseminar in Applied Microeconomics at UCLA, Korea-America Economic As-
sociation, Southern Economic Association, Institut Mines-Télécom Business School, United States Military
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“If men learn this, it will implant forgetfulness in their souls; they will cease

to exercise memory because they rely on that which is written. . . ”

- Socrates on writing, from Plato’s Phaedrus

1 Introduction

As early as the time of Socrates, humans have harbored a fear that new technologies may

deteriorate human knowledge and skills. This fear has animated recent popular discussions

over the impacts of industrial robots and artificial intelligence (AI) technologies. Instead of

fully displacing humans, however, numerous robots and technologies may collaborate with

humans in practice, enhancing and complementing their work. Combining human expertise

with robot assistance has the potential to yield gains that cannot be fully achieved by exclu-

sively depending on either of them alone. However, heavy reliance on technology could lead

to decreases in workers’ skills and increases in workers’ technological dependence.1 The dete-

rioration of human capital caused by dependence on technology is especially important in the

labor market and can carry significant consequences. For example, while automated systems

improved safety records in the airline industry, pilots now experience difficulties manually

operating aircraft, contributing to some recent disasters (Nicas and Wichter, 2019).2 Simi-

larly, doctors’ physical diagnosis skills have declined with increasing reliance on technologies,

shifting focus away from patients (Aw, 2014).3

Across a variety of settings, expert ability is one of the key determinants of service

outcomes (e.g. Chan et al., 2022; Currie and MacLeod, 2020). Expert’s decision-making

skills are becoming increasingly important as technologies substitute for humans in routine

tasks (Deming, 2021). Yet, the effects of robot on decision-makers is ex-ante ambiguous.

Experts may shirk and not fully utilize technology (Agarwal et al., 2023), receive external

feedback and learn (Bhuller and Sigstad, 2024), or even unlearn by not performing the task.

1Cymek et al. (2023) find evidence of “social loafing” - decreased personal effort on a task completed by
a group - when working with a robot.

2Over 60% of recent accidents can be attributed to pilots who have lost their practical skills. For ex-
ample, an investigation by the National Transportation Safety Board identified pilot error as the primary
contributing factor to the Asiana Airlines Flight 214 crash that occurred on July 6, 2013. The pilots did not
properly monitor airspeed and altitude, and they allowed the aircraft to sink dangerously low and stall just
before landing. One contributing factor was the overreliance on automation in the cockpit.

3Gong et al. (2019) argue that medical students now avoid specializing in radiology due to fear of job
loss caused by AI assistance. However, Agarwal et al. (2023) find that radiologists-AI collaboration is still
suboptimal due to radiologists’ biases against AI.
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Understanding how experts’ decision-making evolves with technology is crucial for preparing

for future labor market dynamics. Therefore, I seek to identify the impact of robot on expert

decision-makers.

In this paper, I ask three questions: First, what is the impact of robot assistance on

individual workers’ skill and productivity? Second, how do robot exposure effects vary across

the skill distribution? Third, does longer work duration with robot assistance increase skill

depreciation, and do workers bounce back and regain skills upon removal of the robots?

Examining the impact of technology assistance on human capital is empirically chal-

lenging. First, direct measures of individuals’ skill and productivity are often unavailable

and typical measures of human capital, such as wages, can be influenced by robot assistance

through various channels of complementarity. Even when data are available, it is difficult to

clearly identify the effect of robots on individual skills because individuals do not randomly

adopt or drop robot assistance. Firms and humans choose robot assistance if they believe

that it improves their performance and stop using it when they do not. In addition, the

durations of robot assistance are usually not random, making it difficult to study the effect

of not using a skill over a certain amount of time on skill depreciation as those with lower

skills may choose to be assisted for longer time.

I address these challenges by studying the implementation of the automated ball-strike

system (ABS, or “robot umpire”) in professional baseball leagues, designed to assist umpires

in their game decisions. Robots are not replacing the umpires but rather providing additional

data about the location of the ball, while the umpire continues to make the final decision.

Professional baseball leagues provide several advantages when studying the impact of robot

assistance. First, umpires are professional decision-makers who make frequent similar deci-

sions, allowing for precise individual measures of productivity.4 I observe the decisions solely

made by the umpire as well as whether the decision is correct or not as determined using

post-processed data. Second, there is substantial variation in the implementation of robots.

There are 11 different leagues in the Minor League Baseball (MiLB) system, with each league

providing a stage for experimental rule changes. The implementation of robot assistance only

occurred in the Single-A Florida State League starting in 2021 and the Triple-A Pacific Coast

League in 2022. With umpires moving across leagues, I can observe worker-specific usage of

4In baseball, umpires make decisions about whether a thrown pitch is a strike or a ball. A “strike” is a
pitch within the defined strike zone, and a “ball” is a pitch outside of this zone.
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technology and their behaviors before and after robot adoption, as well as with and without

robot assistance. The removal of robot assistance enables a unique opportunity to evaluate

human capital in isolation, disentangling it from the influence of human-robot collaboration.

Third, a change to intermittent robot utilization in 2023 provides an ideal setting to study

how skills depreciate as a function of how long individuals have been assisted by robots. In

2023, Triple-A leagues imposed a rotation system in which half of the season utilized robot

assistance, and the other half did not. Umpires are quasi-randomly assigned to games and

thus, the duration of robot assistance throughout a season is as-good-as random. Finally,

the skill sets and cognitive processes involved in umpires’ decisions extend beyond the realm

of baseball. As the skill sets are commonly shared by professionals in various domains of

expert deicsion-making, the findings can provide broader lessons that are applicable to a

wide range of contexts.

I examine over 62,000 professional baseball games played between 2017 and 2023

in Minor and Major League Baseball (MLB) and employ a difference-in-differences design

exploiting the staggered adoption of robots across leagues and the movement of umpires

across leagues. This approach compares the change in the performance of umpires before

and after being assisted by robots to the change in performance of umpires that are never

assisted by robots.

The majority of studies in the literature rely on industry and firm-level data, finding

uneven effects of robots (Acemoglu et al., 2023, 2020; Acemoglu and Restrepo, 2020; Aghion

et al., 2020; Barth et al., 2020; Bonfiglioli et al., 2020; Dauth et al., 2021; Hirvonen et al.,

2022; Humlum, 2022). Robots impact wages through multiple channels beyond just human

capital, complicating the use of wage changes as a measure of changes in human capital.

Using a direct measure of individual-level productivity, I find that umpires perform with

higher precision and accuracy when assisted by a robot. In the season with robot assistance,

umpires’ decision accuracy increases by 6.4 percentage points, on average. In particular, both

Type I errors (e.g., incorrectly calling a strike) and Type II errors (e.g., incorrectly calling a

ball) decrease significantly. Using an event-study specification, I confirm that there are no

pretrends suggesting that the timing of robot implementation is as-good-as random and that

umpire moves are not correlated with the adoption of robot assistance. While the umpires

of different prior skill levels all benefit from robot assistance, the skills distribution, with

robots, compresses by 36%, broadly consistent with patterns in other settings (Brynjolfsson
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et al., 2023; Kanazawa et al., 2022; Noy and Zhang, 2023; Tafti, 2022). When restricting

attention to more ambiguous decisions, robot assistance improves the umpire’s accuracy

by 12.3 percentage points. Further, umpires suffer less from decision biases with robot

assistance: negative autocorrelation in decisions, or the “gambler’s fallacy” (Chen et al.,

2016), is reduced by almost 100% and omission bias, a tendency to call more pitches strikes

when the next called ball would end an at-bat (i.e., to avoid issuing a walk), by 89%.

Next, I investigate the consequences when humans lose access to technology. My find-

ing that technology enhances the productivity of human workers is broadly consistent with

a growing literature focused on AI technology, yet much less is known about productivity of

these workers without technology (Almog et al., 2024; Brynjolfsson et al., 2023; Kanazawa

et al., 2022; Kreitmeir and Raschky, 2024; Noy and Zhang, 2023). When making calls with-

out robot assistance, umpires suffer a decline of 2.0 percentage points in accuracy relative

to preassistance levels. The size of the decline is roughly equal to the gap between the me-

dian and the bottom 5th percentile umpires. For pitches that are harder to judge, accuracy

declines by 3.7 percentage points. Umpires also suffer more from decision biases, showing

increasing signs of omission bias by about 33%. Further, I find that robot-induced deteriora-

tion in skills differs across umpires, with the largest skill decline occurring for highly skilled

umpires. When the robot assistance is removed, the lower-skilled umpires’ skills decline by a

statistically insignificant 0.9 percentage points, whereas the high-skilled umpires lose skill by

4.7 percentage points. The distribution of skills across the umpires is compressed by 64.6%

following the work with robot assistance at the expense of high-skilled umpires relative to

the preassistance period.

Further, umpires subject to a full season of work with the robot do not bounce back

quickly when recalled to the task without a robot. In the first game back, the umpires

sustained a large skill decline of 3.6 percentage points. The decline becomes smaller as

the season progresses: it is 1.7 by the middle of the season and 1.0, and still marginally

significant, by the end of the season. These results demonstrate that umpires require nearly

an entire season to approach their initial skill level after a loss following a season of robot

assistance and never fully recover.

Understanding how skill declines with the intensity and the length of the robot assis-

tance provides important insight into the trade-offs of assigning robot assistance to workers

and the transitions of individual workers after assistance stops. Using the 2023 Triple-A
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implementation of robot assistance, I find that umpires who used robot assistance for longer

periods experience more significant skill depreciation when making decisions without robot

assistance. Umpires assisted by robots for just one game suffer a marginally significant

skill decline of 0.3 percentage points while those assisted for two or three consecutive games

experience a larger magnitude decline of 1.1 and 1.0 percentage points, respectively. The

baseline results suggest that a full season of work with robot assistance induced a decline of

3.6 percentage points in skill in the first game back. This implies that as the duration of

robot assistance increases, the decline in skill becomes more pronounced.

Umpires could lose skills for various reasons, including reliance on technology, reduced

practice, and a shift in focus. To better understand the causes of skill loss, I compare to the

job loss experiment in my data. If the decline in skill was caused by a lack of practice alone,

one would expect at least some decline in skill based on results demonstrated in past literature

on job loss and human capital depreciation (Benhenda, 2022; Dinerstein et al., 2022; Edin

and Gustavsson, 2008; Jarosch, 2023). However, estimating human capital depreciation is

difficult due to the correlation between the duration of unemployment and the productivity

of workers (i.e., those with lower skills may take longer time to be reemployed).5 To examine

whether robot assistance has a distinct impact from time off work, I examine a different

treatment: some umpires abruptly experienced a year-long interruption in their careers due

to the COVID-19 pandemic. In 2020, the Minor League canceled the season whereas the

Major League had a delayed and shortened season. Minor League umpires experienced a

marginally significant skill decline of 0.8 percentage points in the first month of the return

relative to the Major League umpires. Taken together, these results imply that the effect

of time away from the task is smaller than the effect of robot assistance, perhaps due to

reduced incentives to practice skills from the introduction of advanced technology.

While robots assisted in calling pitches, umpires remained responsible for a range of

other decisions as they rotate through different positions such as those of the first-base umpire

and home-plate umpire. The sharp decline in home-plate umpires’ ability to accurately call

pitches after working with robot assistance has raised concerns about its impact on their

other skills. Increased reliance on robots for pitch calling may lead umpires to depend less on

their own judgment and decision-making abilities, potentially diminishing their proficiency

in other areas. In contrast, with robots handling routine pitch calls, umpires may have more

5See for discussion Machin and Manning (1999).
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mental energy and focus to dedicate to other aspects of their role, such as making decisions

on base calls. I examine whether the skill as the first-base umpire in deciding whether a

baserunner is safe or out when attempting to reach first base was affected following the

work with the robots. Umpires who have previously worked alongside robots experience

an additional 0.098 replay review request per game (44.3%) when they officiate at first

base, which is entirely due to an increase in overturned challenges (an increase of 0.094).

Collectively, these findings strongly suggest that umpires with prior experience using robot

assistance exhibit higher rates of inaccuracies and a decline in their skills. This implies that

robot assistance impacts a broader range of abilities than it directly targets, resulting in a

general deterioration.

The rest of the paper is organized as follows. Section 2 describes the umpire’s decision

and explains the implementation of robots and Section 3 introduces the data. Section 4

presents the empirical strategy. Section 5 shows the main results and Section 6 discusses

the potential mechanisms of the findings. Section 7 shows additional results and discusses

external validity of the results. Section 8 concludes.

2 Background

2.1 Umpire Decisions

Baseball umpires are professional decision makers applying official rules to the game as it

is played.6 Becoming a professional baseball umpire requires knowledge of the intricacies of

the game rules, experience, and fitness. Formal training programs and umpire schools offer

instructions on every area of the game.7 Many umpires start at amateur levels and work

6Umpires’ decisions have been used to test for the gambler’s fallacy (Chen et al., 2016), racial discrim-
ination (Parsons et al., 2011), rational inattention (Bhattacharya and Howard, 2022), attention scarcity
(Archsmith et al., 2021) and status bias (Kim and King, 2014). These decisions have also been used to find
that increased monitoring improves productivity (Mills, 2017), and that hotter temperatures decrease skills
(Fesselmeyer, 2021). The availability of data and identification advantages sports settings offer contributes
to the production of credible evidence for addressing numerous challenging research questions (See Kahn,
2000). Umpires’ decisions are particularly useful tools as they provide key advantages over other settings,
namely, observing precise individual-level decisions and whether they are correct or not.

7Attending an umpire school is a necessary step for those aspiring to umpire in the Major League and
Minor League. It is extremely difficult for an umpire to reach the Major League. For example, out of about
150 students in a class, only about 20 will receive recommendations to advance to the umpire evaluation
course conducted by the Professional Baseball Umpires Corporation (PBUC). Additionally, about 45 other
students will be designated for placement in independent leagues. One umpire from each class will become
a Major League umpire, on average.
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their way up into professional baseball leagues and ultimately to Major League Baseball.

A baseball season starts in mid-February with spring training, and the regular season

starts around the last week of March. The regular season consists of 162 games for the Major

League and between 132 and 150 games for the Minor League. The season concludes with

the postseason of up to 22 games. On average, a Major League Baseball umpire works in

about 112 regular season games, of which 28 are behind the home plate, calling balls and

strikes. Umpires work as a crew of usually four umpires, each working behind home plate

and behind first, second, and third bases. The umpire crew rotates positions throughout the

series of games, resulting in a quasi-random assignment of umpires to games.

The primary task of the umpires is rule enforcement.8 Home-plate umpires are tasked

with determining whether thrown pitches are balls or strikes.9 These split-second decisions

could sometimes be subject to human error and subjective judgment, undermining accuracy,

fairness, and consistency in determining the outcome of each pitch.

In particular, when a pitch is thrown and the batter does not swing, the umpire must

determine if the ball crosses home plate through the strike zone, resulting in a strike, or if

it crosses home plate outside the zone, resulting in a ball being called (See Figure A1).10

The strike zone is defined as an imaginary rectangular region over the home plate that

extends roughly between the batter’s shoulders and kneecaps, of roughly 20 by 25 inches in

dimension. An umpire’s ball-strike decisions are critical aspects of the game, as they directly

affect the count of balls or strikes on the batter.11 The count influences the strategies of

both the pitcher and the batter, making it a pivotal element in the game’s dynamics.

With umpires’ decisions being such vital parts of the game, players, coaches, and fans

closely monitor and scrutinize them for consistency and accuracy. Often, disagreements

between players or coaches and umpires arise. Fans also criticize umpires for poor calls on

even a single pitch. The Major League employs umpire supervisors and observers, and also

uses the Supervisor Umpire Review and Evaluation (SURE) system to evaluate umpires.

Umpires receive “report cards” following the game and also receive mid-year and postseason

8See Section A2 for a short description of a baseball game.
9A pitcher throws a ball from the mound to the catcher, who sits 60 feet and 6 inches away. A fastball

thrown at 100 miles per hour takes about 0.4 seconds to reach the catcher.
10All pitches are subject to the umpire’s judgment. However, the umpire makes a call only when the batter

does not swing.
11The count refers to the number of balls and strikes on the batter. For example, if the umpire calls two

strikes on the batter, the count is “0-2,” meaning there are no balls and two strikes.
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evaluations.12 Therefore, umpires must maintain consistent and accurate strike zones within

and across games.

2.2 Robot Assistance

Despite their efforts to strive for consistency and high accuracy, umpires often make contro-

versial calls.13 Because umpires’ decisions are subject to human error and judgment, Major

League Baseball started an experiment with an automated ball-strike system (ABS, or robot

umpires) that could provide reliable assistance, ensuring accuracy, fairness, and consistency.

The robot utilizes sophisticated hardware and advanced software algorithms to track

pitches and determine whether a pitch passes through the strike zone. As part of the “Hawk-

Eye” tracking system, multiple cameras placed around the stadium capture the ball’s flight

path from different angles after a pitch is thrown. The system then identifies the pitch

location and uses a calibrated strike zone, personalized for each batter, to make a ball-strike

decision. The call is then communicated through an earpiece to an umpire who is standing

behind home plate to physically make the decision.14

In 2019, Major League partnered with the independent Atlantic League of Professional

Baseball (ALPB) to begin experimenting with robot assistance. Positive results in consis-

tency and reliability led to an expansion of the experiment to Minor League; the Single-A

Florida State League adopted it first in 2021, followed by the Triple-A Pacific Coast League

in 2022.15,16 In 2023, both of the Triple-A Leagues (i.e., the International and Pacific Coast

12See https://umpscorecards.com/home/ for examples regarding how umpire performance is measured by
fans.

13A controversial called third strike can directly change the result of the game. For example, a game
between the San Francisco Giants and the San Diego Padres on September 28th, 2020 had 27 incorrectly
called pitches that benefited the Padres by 1.85 expected runs in a game they won by 1.

14The home-plate umpire still stands behind the plate and makes decisions on other aspects of the game.
The home-plate umpire can overrule the decision communicated by the robot assistance for an obvious
mistake.

15Minor League is a professional league below the Major League that is divided into four classes: Single-
A, High-A, Double-A and Triple-A. Each class includes multiple leagues. Major League Baseball teams
utilize the minor leagues to develop young players; players move through the ranks to eventually play in the
Major League. Umpires also can be promoted and demoted through the major-minor league system. There
are about 230 professional umpires working in both major and minor leagues. Compensation also varies
significantly across levels: an average umpire in the lowest league earns about $3,000 per month, while a
Major League umpire receives over $10,000 on average.

16On July 20, 2021, the league adjusted the size of the strike zone following inputs from players and
umpires. The adjusted strike zone is only applied to the games utilizing robot assistance and not to other
games. During those games, the strike zone is wider and shorter than the original strike zone. See Figure A2.
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Leagues) implemented robot assistance in games held between Tuesday and Thursday of the

week.17,18

3 Data

This study uses the universe of Major League and Minor League pitch-level data from the

2017 season to the 2023 season. The data are web-scraped from the MLB Stats API which

provides a wide range of statistics and data related to all games and individuals involved in

the league.19

First, I collected data from about 73,000 games, including the dates, weather condi-

tions, time durations, attendances, teams and leagues, venues, and importantly, the umpires

overseeing the games. I also collated information on personnel associated with each game

that includes the names, ages, experiences, height, and handedness of the umpires and indi-

vidual players.

I then gathered play-by-play data for over 22.5 million pitches that include detailed

pitch characteristics.20 Specifically, X and Y pitch coordinates of every pitch as it crosses

the plate and the top and bottom of the strike zone are available.21 Further, detailed

descriptions of a pitch outcome (e.g., called strike, called ball, pitch resulted in hit or out,

etc.) are collected. The main outcome is whether an umpire correctly called a pitch or not.

To determine this, I utilize the exact pitch location, the dimension of the strike zone, and the

umpire’s call decision to generate the decision accuracy measure.22 Various game-situational

characteristics like ball counts and out counts, and whether there are runners on base at the

moments of these counts, are also collected.

To generate the estimation sample, I drop non-regular season games that include spring

17Games held between Tuesday and Thursday of the week used robot assistance, while games between
Friday and Sunday were called by umpires without assistance. The system was adopted to compare two
formats and to prepare Triple-A umpires for when they appear in Major League games as replacement
umpires.

18Robot implementation is described in more detail in Section A3. Also, see Figure A3 for chronology of
these events.

19The data are provided by the Statcast system.
20In a typical 9-inning game, about 300 total pitches are thrown, of which about 150 are called.
21In stadiums with advanced cameras equipped, the Statcast system tracks the pitches with an accuracy

of better than one inch. See Section A4 for details on how pitches are tracked in other stadiums.
22The X-and Y-coordinates utilized to generate the decision accuracy measure come from the MLB Stats

API and are different from the coordinates plotted by the robot. These are also post-processed to correct
for potential errors.

9



training, All-Star Games, other exhibition games, and postseason games. I also drop games

with missing personnel information, games in which I cannot identify whether a robot is used,

and games with too few pitches.23 Finally, I also drop outlier pitches that are inaccurately

recorded due to calibration issues. The final dataset has over 62,000 games and 18.5 million

total pitches, of which 8.8 million are called with about 680 umpires and 7,500 pitchers and

batters.

3.1 Summary Statistics and Preliminary Evidence

Table 1 summarizes the pitch characteristics of the sample, separately by whether a game

used robot assistance or not. Out of 62,678 games in the sample, 2,611 games are called

with robot assistance. In these games, umpires are harsher relative to when the assistance is

not used and call fewer strikes (31.2% vs. 33.6%). These differences in the calls may be due

to the differential responses of pitchers: when pitchers know the robot is assisting to make a

call, they tend to pitch further away from the strike zone (0.78 vs. 0.75 feet horizontally and

0.87 vs. 0.85 feet vertically). In other words, pitchers are more confident about receiving a

strike call at the edge of the strike zone with robot assistance. On average, umpires with

assistance are no better than without in accuracy (93.0% vs. 93.0%), but after accounting

for the pitch location and the stadium, they perform better (0.015 vs. -0.0007).24

Figure 1 plots the average accuracy of umpires with and without assistance as a

function of the pitch’s distance from the nearest border of the strike zone. Both with and

without robot assistance, umpires perform extremely well when the pitches are obviously

inside or obviously outside the strike zone. However, accuracy declines as the pitch gets

closer to the border. Umpires with assistance are more accurate on these pitches; while

not perfect, for outside pitches that are 0.2 inches away from the nearest border, they

have an average accuracy of 77.4% relative to accuracy of 64.5% without robot assistance.

Figure 2 reveals distinctive discrepancies between umpires with and without assistance. The

“enforced” strike zone without a robot is oval-shaped despite the actual strike zone being

23In 2022, the Major League announced that the “select” games in Single-A Florida State League will use
the “challenge” system detailed in Section A3. However, these games are not specified in the data.

24Robot assistance is not perfect for several reasons. Any technology has a margin of error. The system
relies on a radar system that tracks the pitches, and it sometimes performs suboptimally in a crowded
environment. Errors could also be due to calibration issues in these environments in locating pitches, and
measuring the size of the strike zone depends on the batter’s height and stance.These errors likely happen
at the stadium-level, so I employ a team-by-year fixed effect to address this issue.
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rectangular. Umpires without assistance incorrectly call pitches that fall within the corners.

Robot assistance, on the other hand, helps the umpires match the rule-defined strike zone

well.25

This difference in the “enforced” strike zone leads the players to strategically adjust

their behaviors. In games assisted by robots, pitchers pitch further away from the center of

the strike zone (1.07 vs. 0.99 feet) on average, and pitches are also more likely to fall on

the “edge” of the strike zone (61.8% vs. 59.5%) (Table A1). The adjustment also increased

“base on balls” in the games in these games, as shown by pitcher’s walks allowed (2.20 vs.

1.94 per game) and batter walks (0.54 vs. 0.42 per game).26

The estimation focuses on umpires. Figure A4 plots the raw accuracy for umpires who

are assisted by robots and those who are not in the year with robot assistance and years prior

and after by pitch location. Panel A shows that the Major League umpires improve their

accuracy slightly over the years. In contrast, Panel B displays a large increase in accuracy

across pitch location when robot assists calling the game, and a drop in the year following

relative to pre-robot year. This provides suggestive evidence that umpires’ skills deteriorated

following the implementation of the robot below preassistance levels.

4 Empirical Strategy

Main Model I exploit the staggered adoption of robot assistance over time and umpires

moving across leagues in a difference-in-differences framework.27 I observe umpires before

and after the implementation of robots and compare them to those who were not assisted

by the robot. Figure A5 describes the potential umpire moves across leagues and robot

implementation.28 A total of 17 umpires called games in the Single-A Florida State League

in 2021, 11 with more than 10 games with a robot, and 66 umpires called games in the

25The robot-assisted umpire fails the “Turing test,” which is a test to assess a machine’s ability to exhibit
human-like intelligence or behavior.

26A batter’s at-bat ends in a walk (or “base on balls”) when the count reaches 4 balls. The batter is
awarded first base by the umpire.

27Table A2 shows the summary statistics separately for the Minor League umpires who are never-assisted
and assisted by the robots. I also show the outcomes for those who are assisted and subsequently move to
leagues without . In the year prior to robot implementation, these umpires are not observably different, on
average (residualized accuracy, 0.0 vs. 0.0 and 0.0001).

28For example, Dane Poncsak called games in the Double-A Northeast in 2021 prior to the implementation.
He moved to the Triple-A Pacific Coast League in 2022, a league that implemented, and called games with
the robot. In 2023, I observe him in Triple-A in games without a robot.
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Triple-A Pacific Coast League in 2022, 41 with more than 10 games with a robot. I compare

these umpires to those who have never worked in these two leagues.

My primary specification estimates the effects for periods with a robot and without a

robot after the implementation:

Yit = δ0D
Robot
it + δ1D

PostRobot
it + βXi,p + πj,y(t) + θt + γi + εit (1)

The main outcome Yit is the decision accuracy of the umpire measured as whether

a pitch is correctly called by umpire i in time t.29 The indicator variables DRobot
it specifies

that a robot is helping to call the game and DPostRobot
it corresponds to the cases where

umpires are calling the games without assistance and after having been assisted by a robot.

The coefficient δ0, therefore, measures the relative performance with a robot compared to

without a robot. The coefficient δ1 is the main object of interest and it captures the effect

of robot assistance on individual skill after having worked with a robot. I include the year-

by-month fixed effects, θt, and umpire fixed effects, γi, which account for variations in the

outcome over time and over umpires. Standard errors are clustered at the umpire level.

The identification assumption of the empirical design is that the the adoption was

not anticipated and that the decision to move or to stay in a given league was uncorrelated

with the adoption of the robot. In particular, to identify δ0, the umpires who are assisted

by a robot are not on a differential trend compared to the umpires who are not assisted by

a robot, conditional on controls and fixed effects. To identify δ1, conditional on controls,

fixed effects, and the indicator DRobot
it , the performance of umpires who are no longer assisted

by a robot, after having been assisted, is parallel to that of umpires who are not assisted.

In other words, the decision to move or stay for the assisted umpires does not depend on

robot assistance. To test for these assumptions, I estimate an event-study model to test for

pretrends:

Yit =
∑

k∈{−T,T}
k 6=−1

δkD
k
it + βXi,p + πj,y(t) + θt + γi + εit (2)

where the indicator variables Dk
it specify that the umpire is k months away from

robot implementation. I check that the coefficients, δk, prior to the implementation are not

29See Footnote 22 for how the decision accuracy is measured. I use the post-processed data to determine
the accuracy.
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statistically significant.

Addressing Threats to Identification A potential threat to identification is that the

composition of pitches changed at the time of the implementation of robot assistance. For

instance, players, especially the pitchers, might strategically respond to the implementation

of the system changing the nature of the game. These changes in strategies can persist further

into the future when players move across leagues. Pitchers could aim at different areas of

the strike zone and batters can also be more or less aggressive in the game. These further

affect situational characteristics of the game: for example, if the batters are more likely to

swing, then the scores of the games can increase. Changes in accuracy of umpires as a result

of robot implementation could then be partially due to the changes in the compositions of

pitches and game situations.

To partially address these concerns, I include a rich set of control variables and fixed

effects (Xi,p) to flexibly account for pitch location and potential umpire and situational biases.

Most importantly, I control for the exact pitch location, which is the only decision guideline

that governs whether a pitch should be called a strike or not. Since umpires may want to

avoid calling strikes in certain situations (Moskowitz and Wertheim, 2011), I also control for

pitch counts and other situational characteristics, including game score, outs, and runners

on base.30 Additionally, I control for the top-of-the-inning indicator to account for potential

home-team bias. I employ pitcher and batter fixed effects to consider any player-specific

effects and league level-by-year fixed effects to account for differences in league quality.31

Further, I conduct a robustness check, reweighing the data to match the distribution of

pitches across the leagues and years to address the concern of potential endogenous player

responses.

Another potential threat to identification is that the umpires who move across leagues

can be systematically different from umpires who do not.32 For example, if the best umpires

30For example, in the most extreme counts (3-0 and 0-2), umpires are known to adjust the size of the
strike zone. Umpires are more likely to call a pitch a strike on a 3-0 count, because the next called ball ends
an at-bat. In a lopsided game where the score difference is large, umpires become more lenient in calling
pitches to increase the pace of the game.

31In principle, the implementation of robot assistance is random, so these are not needed except to increase
precision. I test the validity of this assumption by estimating models with and without pitch-level controls
and I find similar results (See Section 5.1.1).

32Section 5.1.1 shows that the umpires who moved to different leagues or who are promoted to upper-level
leagues perform neither better nor worse, on average.
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in the league are promoted, then comparing the umpires who move following the robot

implementation to those who do not can partially capture the differences in these umpires

that are not related to the robot and result in an upward bias. On the other hand, if

the poor-performing umpires are moving across leagues, then the estimation will result in a

downward bias. To alleviate this concern, I also estimate models with varying control groups

such as promoted umpires, only the Major League umpires, and only the Single-A umpires.

A third concern is that there may be measurement error in how the pitch coordinates

are recorded. As detailed in Section A4, the data include the X and Y coordinates for every

thrown pitch, and there are two different coordinate systems: manually-plotted pitch coor-

dinates and camera-tracked pitch coordinates. In the Major League and the Minor Leagues

that adopted the robot, pitch coordinates are available from these cameras. However, in

other stadiums without such technology, pitch coordinates are manually-plotted by stringers

hired by the league. If the stringers plot the pitches to match the umpire’s calls (i.e., plot

an ambiguous pitch inside if the umpire calls strike and vice versa), then when the umpire

moves to the league with advanced technology, his accuracy might drop as a result of better

measurement.

To address this concern, first, I use the dosage model described in the next section

that only utilizes games with “Hawk-Eye” technology plotting the pitch coordinates. I also

conduct a robustness check using just the manually-plotted pitch coordinates which are

available in all stadiums. Second, I employ home team(stadium)-by-year fixed effects, πj,y(t)

to address how the pitch coordinates are recorded manually. I transform the manually-

plotted coordinates to have the same units as the camera-tracked coordinates at the home

team-by-year level (Section A4.3). While I cannot employ stringer-FEs as the data do not

contain this information, home team-by-year-FEs partially address the concerns associated

with the data quality of pitch coordinates. For example, unique bias in recording coordinates

that could depend on the stringers’ vantage point can be relieved.

Dosage Model With the 2023 implementation of robots in Triple-A leagues which as-

signed robots to games held on Tuesdays, Wednesdays, and Thursdays, and the random

assignment of umpires to games, the treatment dosage, or the share of games with the robot

assisting calling the game is as-good-as random. I therefore also consider the alternative

dosage model using just the data from the 2023 Triple-A leagues:
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Yit = β0D
Robot
it + β1RobotExposureit + βXi,p + πj,y(t) + θt + γi + εit (3)

where DRobot
it is an indicator variable that the game used the robot and

RobotExposureit is the share of games with robot assistance.33,34 The coefficient β0 esti-

mates how well the umpire performs with robot assistance relative to without. The coeffi-

cient β1 measures the effect of treatment dosage on individual skill. A set of control variables

and fixed effects is identical to those employed in Equation 1 except that θt is now at the

week-level.

5 Results

5.1 Do Humans Lose Skills Following Robot Adoption?

Table 2 displays the main results. First, umpires using robot assistance make calls remarkably

well. In months when a robot helps call games, pitches are 6.4 percentage points (about

6.9%) more likely to be correctly called. This finding confirms the general belief that robots

perform higher quality work than humans in repetitive and monotonous tasks. Robots can

help humans achieve a high level of precision and consistency.

Following the implementation of robot assistance, umpires can move to another league

where they are asked to perform the task of calling pitches again without assistance. In this

post-robot period but without robots, umpires are 2.0 percentage points (2.1%) less accurate

relative to preassistance levels. In other words, the umpires’ skill deteriorates following

robot implementation below the preassistance levels. The magnitude of the decrease roughly

matches the difference between umpires at the median and those in the bottom 5th percentile.

The event-study version in Figure 3 also suggests the same pattern. Panel A shows that the

umpires using robot assistance execute tasks with high precision, but when the robot is

removed, they experience a significant skill decline. The figure also confirms that there

is no pretrend. The finding suggests that overreliance on robots for tasks that were once

performed solely by humans can lead to a loss of skills.

33The umpire crew rotates positions throughout the series of games, resulting in a random assignment
of umpires to robot assistance. Throughout the season, umpires will work statistically identical number of
games with and without robot assistance.

34RobotExposureit = # of games with robot
# of total games . For example, RobotExposureit can only take the value 0 or 1

for the umpire’s second game and 0, 0.5 or 1 for the umpire’s third game, etc.
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The skills gap between umpires with and without assistance is most pronounced for

pitches that fall near the border of the strike zone (See Figure 1). Table A3 restricts the

sample to the pitches that are within 0.5 feet from the nearest border of the strike zone

from the outside, and within 0.2 feet from the nearest border of the strike zone from the

inside. The results are more striking, with a decline in accuracy of 3.7 percentage points

(4.1%) following work with robot assistance for these pitches. After receiving assistance from

robots, umpires also becomes less consistent. Table A4 shows that the standard deviation

of accuracy increases in the post-robot period.

With a unique setting that allows me to observe decision accuracy, I can also classify

decisions into four different categories: true positive (correctly called strike), true negative

(correctly called ball), false positive (Type I error, incorrectly called strike) and false negative

(Type II error, incorrectly called ball). As robots improve precision, umpires assisted by a

robot have higher true positive and true negative decisions (2.2 and 4.1 percentage points).

On the other hand, following the work with robot assistance but without robots, umpires

have lower rates of true decisions without robots (1.0 and 1.0 percentage points). Umpires,

however, have many more incorrectly called strikes (false positive, 2.5 percentage points)

than incorrectly called balls (false negative, -0.5 percentage points) in these months.35 These

collectively result in higher rates of pitches being called strikes; umpires are therefore more

lenient to pitchers. Since Figure A6 shows that umpires tend to call more pitches as strikes

for pitches that are harder to judge, I take this as suggestive evidence that, when umpires

feel more uncertain about their decisions, they lean towards calling strikes.

Humans suffer from decision biases. Table A5 displays whether incorrect decisions due

to biases increase following robot implementation. First, Moskowitz and Wertheim (2011)

suggests that umpires suffer from omission bias: they are less likely to call a pitch strike

when the count is 0-2 when the next strike would end an at-bat, and more likely to call a

pitch strike when the count is 3-0 when the next ball would end an at-bat.36 I find that the

share of wrong calls when the count is 3-0 decreases in the months when the robot helps,

calling the game more accurately by 7.7 percentage points relative to the base mean of

8.7%.37 After robots are removed, the rate of omission biases when the count is 3-0 increases

35See Figure A7 for event-study versions of these outcomes.
36The size of the “enforced” strike zone changes based on game situations (Figure A8).
37In a 3-0 count, an incorrectly called strike due to bias is considered an inaccurate call.
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by 2.9 percentage points (33.3%) relative to preassistance levels. Second, Chen et al. (2016)

show that umpires suffer from the gambler’s fallacy: they underestimate the probability of

consecutive streaks happening by random chance. In particular, they are less likely to call a

pitch a strike if the previous pitch was called a strike. The robot helps to reduce the share of

incorrectly called balls following a previous pitch that was called a strike by 1.2 percentage

points. Following the work with robot assistance, but without the robot, umpires have a

marginally lower share of wrong calls when the count is 0-2 and when the previous pitch was

called a strike. These results, however, should be interpreted with caution, as I also find that

umpires lean towards calling strikes on more ambiguous pitches; these results can therefore

be an artifact of umpires calling more strikes overall.

5.1.1 Robustness Checks

In this section, I conduct a number of robustness checks to verify the results.

Control Groups My estimation relies on umpires who move across leagues, particularly

for the estimation of the skill decline that occurs after robot assistance is no longer available.

These umpires might be systematically different in their ability if the leagues promote um-

pires who are better at the task. However, Table A6 presents that the umpires who moved

across leagues or who are promoted to upper-tier leagues have neither higher nor lower ac-

curacy relative to all other umpires who stayed, on average (residualized accuracy, -0.0 and

0.0 vs. -0.0002). In addition, the identification strategy depends on the presence of parallel

trends between the groups, making the differences in levels acceptable.

Table A7 shows the results with varying control groups and replicates the baseline

results. The results are robust to comparing treated umpires to the untreated umpires who

are promoted (a decline of 2.7 percentage points) and to untreated umpires who are in the

bottom and top leagues (declines of 3.1 and 2.7 percentage points, respectively).

Is it the Skills or the Effort? Umpires may exert less effort if they perceive their skills are

no longer relevant due to the introduction of robots. Consequently, the decreased accuracy

may be attributed to umpires putting in less effort during a game rather than an actual

decline in their skills.

In Table A8, I focus on high-leverage game situations where umpires are likely to exert
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a high level of effort. First, in these high-leverage circumstances (e.g., small score difference,

later in the game and/or having runners on base), umpires exhibit higher baseline accuracy

than in the full sample, suggesting that umpires may indeed exert high effort. Even in these

context, umpires still perform with higher precision when assisted by a robot but suffer a

decline in accuracy after having been assisted by a robot. Compared to the baseline results,

the magnitude of increased accuracy when assisted by a robot is lower (0.064 vs. 0.038 in the

most restrictive situation after the 7th inning, when the score difference is less than or equal

to 1 and there are runners on base). Importantly, the decline in accuracy is also smaller in

the post-robot period. In the most restrictive situation, the effect size indicates a decline

of 1.5 percentage points compared to the baseline result of a 2.0 percentage point decline

following the use of robot assistance, suggesting that the findings can be largely attributed

to an actual decline in skill rather than lower effort.

What if the Players Respond Strategically? If a robot increases accuracy and

consistency, players may need to adjust their strategies to optimize their productivity. In

particular, pitchers can adjust their behavior to focus on hitting specific regions of the strike

zone where the umpires assisted by a robot are more likely to call strikes.38 Knowing that

the umpire with robot assistance is more precise in its strike zone, pitchers might aim to hit

those areas consistently to increase their chances of getting called strikes.

Table A9 estimates the same specification, but for players who are exposed to a robot

and move to another league without a robot. Pitchers respond strategically to the use of

robot assistance. In the months with robots assisting calls of the game, pitchers pitch closer

to the center of the strike zone (0.016 feet), and also closer to the border of the strike zone

(0.017 feet), on average. As Figure 2 showed, the umpire calls pitches that fall in the corner

strikes more often with a robot, making players strategically respond by pitching closer to

the border. Figure A10 shows the event-study versions of these outcomes at the game level.

Panel B shows that the pitchers gradually learn and respond to the robot-assisted strike zone

by pitching more frequently inside of the strike zone.39

The effects persist after these players move to another league without robot assistance.

Pitchers maintain the adjusted pitching behavior by pitching closer to the center of the strike

38Pitchers are more than capable of adjusting strategies. See Figure A9 for how pitchers pitch at different
levels.

39See Section A5 for a discussion on how strategic adjustment affects players’ productivity.
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zone and to the border (0.008 and 0.003 feet), but Panel B of Figure A11 show that pitchers

readjust by the end of the season and revert back to the original behavior.

The endogenous player response might raise a concern that the baseline results are

an artifact of the distribution of pitches changing and persisting. To address this issue,

Table A10 presents the results reweighing the data to have the same distribution of pitches

as the prerobot period. The results are largely similar and even more pronounced, with

effect sizes of 8.0 percentage points in increased accuracy of robot assistance, and a 2.4

percentage-point decline below preassistance levels following the work with robot assistance.

The main specification includes a rich set of pitch-level controls to account for different

game situational characteristics and player behaviors. These are not needed in essence as

the implementation of robot assistance is as-good-as random, but used to increase precision.

I confirm and find similar results with and without pitch-level controls in Table A11.

Data Quality If the stringers hired by the league align their pitch plotting with the

umpire’s calls (i.e., they record a pitch as inside the strike zone when the umpire calls a

strike for ambiguous pitches), the umpires’ accuracy could potentially decline once they

transition to a league with robot assistance.

Table A12 shows the results using only the manually-plotted pitch coordinates. The

results are much like the baseline results, with slightly attenuated 3.3 percentage-point in-

crease of accuracy with the robot relative to without the robot, and a decline of skill of 1.5

percentage points following the removal of the robot.

Two-way Fixed Effects Finally, I address the concerns raised by recent literature re-

garding difference-in-differences models (e.g. Goodman-Bacon, 2021). In the presence of

heterogeneous treatment effects, a two-way fixed effects model can provide biased results.

Figure A12 presents four different estimators addressing this issue and finds a generally simi-

lar pattern of results (Borusyak et al., 2021; Callaway and Sant’Anna, 2021; De Chaisemartin

and d’Haultfoeuille, 2020; Sun and Abraham, 2021).40

40In these models, I estimate at the month-level instead of the pitch-level.
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5.2 Heterogeneity

Do High-Skilled Umpires Lose More Skill? A particularly important question is

who loses more with robot implementation.41 Table A14 shows the results separately by

accuracy level of umpires in the year prior to the implementation. First, in the months

when a robot helps calling the game, accuracy increases by 10.5 percentage points for the

bottom-quartile umpires and 8.4 percentage points for the top-quartile umpires. In months

without robot assistance, the umpires with varying prior skills experience skill declines of

varying degrees relative to the preassistance levels. The umpires who had the least skill

lose the least, showing a statistically insignificant decline of 0.9 percentage points, while the

better umpires lose more, with the middle-half and top-quartile umpires suffering drops of

4.6 and 4.7 percentage points below the preassistance levels, respectively.

Brynjolfsson et al. (2023), Kanazawa et al. (2022), Tafti (2022) and Noy and Zhang

(2023) also find that the productivity distribution compresses among taxi drivers, surgeons,

and workers after AI, driver assistance, surgical robots and ChatGPT are used, respectively.

In all four settings, advanced technology benefited the low-skilled workers. In the setting

I examine, I find that the skill decline is the smallest for low-skilled umpires and larger

for better-skilled umpires after robot removal. Panel A of Figure A13 shows that the skills

gap among umpires of different skill levels compresses. Prior to robot implementation, the

gap between the best and worst-skilled umpires is 6.0 percentage points. When they return

to making calls without robot assistance following work with it, the gap shrinks to 2.1

percentage points or by about 64.6%. Collectively, high-skilled workers not only benefit the

least with robots, but also lose the most when the robot is removed.

Do Less Experienced Umpires Lose More Skill? Table A15 shows that umpires

get neither better nor worse with additional years of experience, on average. Returns to

experience are positive and significant for relatively young and new umpires, but they even-

tually become negative: umpires start losing skills with additional years of experience as

41For all analyses in Section 5.2, I focus on the umpires who have worked in Triple-A or the Major
League. Personnel information is more complete and better recorded for this group of umpires. Further,
implementation of robot assistance in the Single-A Florida State League happened in 2021, so the preperiod
statistics comes from 2019 instead of 2020 due to the COVID-19 pandemic. Table A13 shows the main
results for this sample. For this sample, pitches are 8.9 percentage points more likely to be correctly called
with robot assistance and umpires face a 3.6 percentage-point decline in skills relative to preassistance levels.
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they age.42 Therefore, more experienced umpires are often the less-skilled umpires.

Table A16 displays the results separately by umpires’ years of experience. A robot

increases accuracy for umpires of all experience levels in the months when the robot is used.

Following the work with robot assistance, umpires with the most experience (i.e., more

than 9 years of experience in professional leagues) lose the least, showing a 1.8 percentage

points decline relative to the preassistance levels in accuracy. Umpires who are relatively

inexperienced (i.e., less than 6 years) experience a significant decline of skill of 5.3 percentage

points.43,44

Do Umpires with Prior Major League Experience Lose More Skill? Among

Triple-A umpires, those with Major League experience as replacement umpires are more

likely to be next in line for promotion.45 These umpires are also less likely to be replaced

sooner than those without Major League experience as the Major League has yet to plan to

adopt robot assistance system completely.

Table A17 shows the results separately by whether the umpire had prior experience in

the Major League or not. In the months with robot assistance, decision accuracy increases

for both types of umpires (8.2 and 9.3 percentage points, respectively for those without

and with Major League experience). However, the magnitude of skill decline relative to the

preassistance levels is much larger for those without Major League experience (4.9 percentage

points) than those with Major League experience (1.5 percentage points). These findings

suggest that those with Major League experience, and potentially who are more likely to be

promoted in the near future, try to retain skills more.

5.3 Does Longer Work With Robot Increase Skill Depreciation?

The duration of nonemployment spells affects future prospects of wages and reemployment

opportunities (e.g. Kroft et al., 2013). While potential explanations include skill deprecia-

tion while unemployed (e.g. Benhenda, 2022; Dinerstein et al., 2022; Edin and Gustavsson,

42Williams (2019) finds that the best-performing umpires, on average, have fewer years of experience.
Figure A14 also shows the same patterns.

43A large share of umpires who are assisted by robots come from Triple-A minor leagues. For umpires to
reach this level, they need several years of training through Single-A and Double-A leagues.

44A potential explanation for this result is that the task requires physical fitness (e.g., dynamic visual
acuity) to make a decision immediately after observing a fast pitch.

45Ahead of the 2023 season, the Major League promoted 10 umpires from the minor leagues. All of these
umpires had worked in the Major League as replacement umpires.
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2008; Jarosch, 2023), the length of the nonemployment spell is often correlated with skill,

making it difficult to study the impact of duration on skill depreciation. The 2023 Triple-A

implementation of robot assistance, paired with the umpire rotation system, makes a good

setting to study this issue as the length of duration with robots is as-good-as random.

Table A18 reports the pitch characteristics for Triple-A games in 2023. A similar

pattern emerges in these games as the full sample: the robot increases accuracy, on average

(94.0% vs. 90.1%). A total of 71 umpires called at least one game in Triple-A leagues, with

64 umpires working with the robot for at least a game. The average umpire’s share of games

with the robot is 42.0%. Figure A15 shows the distribution of the dosage. Panel A presents

that the share is approximately normal over the season. After the first game of the season,

the umpire’s treatment dosage is either 0 or 1, and as the season progresses, the dosage

becomes more concentrated around 50% (Panel B, Figure A15). The dosage is as-good-as

random, and more or less experienced umpires are neither more nor less likely to have more

games with the robot (Figure A16).

In 2023, umpires working in Triple-A minor leagues had between 1 and 3 consecutive

games with robot assistance before having to call a game solely by themselves.46 To compare

with the baseline results of full-season work with robot assistance, I consider the following

model:

Yit = η0D
Robot
it + η1RobotExposureit + η21(Previous Game Used Robot)it

+ η31(Previous 2 Games Used Robot)it

+ η41(Previous 3 Games Used Robot)it

+ βXi,p + πj,y(t) + θt + γi + εit

(4)

where the omitted group is that the previous game did not use the robot.47 I employ

the same set of control variables and the fixed effects as previously explained.

Table 3 shows the results separately by the length of work with robot assistance relative

46On average, the number of days since the last time umpires had to call a game without robot assistance
is 8.5, 15.9 and 23.7 days for 1, 2 and 3 consecutive games of robot assistance, respectively.

47In particular, 1(Previous Game Used Robot)it is an indicator variable that specifies that the robot was
used in the previous game in a previous three-game span. It therefore includes cases where the robot was
used in t − 3 and t − 1, but not cases where the robot was used in t − 2 and t − 1, as this is denoted by
1(Previous 2 Games Used Robot)it.
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to umpires who are not assisted. When an umpire returns to the task after a game with

robot assistance, their skill declines by a 0.3 percentage points. The magnitude of the decline

of skill increases when an umpire is assisted in 2 or 3 consecutive games by a robot to 1.1

percentage points and a statistically insignificant 1.0 percentage point, respectively.

An average umpire works as a home-plate umpire for 28 games in a season. Un-

fortunately, the umpires working in Triple-A minor leagues in 2023 had between 1 and 3

consecutive games of work with the robot, so I cannot fully estimate the effect of longer

durations of robot assistance. The baseline results suggest that umpires with a full season of

work with the robot suffered a 2.0 percentage-point decline in skills relative to the preassis-

tance levels, on average, in the following season; the findings therefore suggest that increases

in work duration with robots increase skill depreciation.

Further, Table 4 presents the results using an alternative specification (Equation 3)

that exploits the variation in treatment intensity to robots. I also plot the second- and

third-degree polynomial estimates of dosage effects (Figure 4). A game with robot assistance

corresponds to a dosage of about 3.5% in a full season. At low to medium dosages, skill does

not seem to deteriorate. However, at a dosage of 100%, the decline in skill is 1.1 percentage

points, which is statistically significant at the 10% level, confirming the findings that umpires’

skills worsen following the implementation of robot assistance. The overall pattern of the

decline suggests that the effects take place after a certain intensity of exposure.

5.4 How Long Does It Take To Regain Skill?

Related questions include whether umpires can regain their skills after loss of robot assistance

and, if so, how long it would take to return to their original skill levels. Learning by doing

is an important source of productivity growth and returns to experience for workers (e.g.

Arrow, 1962; Lucas Jr, 1988; Thompson, 2010; Yang and Borland, 1991). Whether workers

return to a prior level of skill with recall after use of robot assistance, and who therefore

“unlearned” by doing less, is relatively unknown.48

I investigate this question in examining the umpires who are assisted by robots in

2022 and subsequently moved to another league without robots. In particular, I employ the

following event-study specification at the game level:

48Surprisingly, over 40% of workers who are unemployed return to the original employer (Fujita and
Moscarini, 2017).
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Yit =
∑

g∈{−G,G}
g 6=−1

ξlD
g
it + βXi,p + πj,y(t) + θt + γi + εit (5)

where Dg
it indicates that the umpire is g games away from the last game with the

robot.

Figure 5 shows that these umpires do not recover within a season from the skill decline

following the robot assistance. In the first game back after use of robot assistance, the

umpires suffer a decline of skill of 3.6 percentage points. While the decline does become

smaller in magnitude over the season, it is still statistically significant. By the 16th game,

or about halfway through the season, skill deteriorates by 1.7 percentage points. Closer to

the end of the season (after 21 games since the return to calling without robot assistance),

the skill decline is 1.0 percentage points.

Table 5 presents the same results that the decline in skill is larger early in the season

and gradually decreases as the season continues. In the first five games returning to the

task without robot assistance, umpires face a skill decline of 2.9 percentage points relative to

preassistance levels. However, in the 16-20 games back and 21 or more games since the return

to calling without robot assistance, the decline is 1.7 percentage points and 1.0 percentage

points, respectively. These findings imply that umpires require a considerable amount of

time to regain their skills following the work with robot assistance. While they do make

significant progress regaining their skill levels over the course of the season, they do not fully

return to their initial skill levels by the end of the following season.

6 Mechanisms

6.1 Are Robot Effects the Same as the Time-Away Effects?

Is skill depreciation a result of time away from the task? Past literature on whether skill

depreciates during unemployment spells remains inconclusive as Cohen et al. (2023) find

that cognitive and non-cognitive skills do not depreciate for German workers, but Dinerstein

et al. (2022) show that Greek teachers become less skilled while unemployed.

In 2020, the COVID-19 pandemic delayed and shortened the 2020 Major League Base-

ball season, but canceled the entire Minor League Baseball season. Therefore, the Minor

League umpires experienced a season-long “unemployment” in which they did not engage in
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the task, unlike Major League umpires.

I compare the Minor League and Major League umpires in a difference-in-differences

framework following the COVID-19-canceled 2020 season.49,50 In particular, I employ the

following specification to study whether the COVID-19 pause resulted in skill depreciation:

Yit = ρ0D
FirstSeason
it + ρ1D

SeasonsAfter
it + βXi,p + πj,y(t) + θt + γi + εit (6)

where the DFirstSeason
it and DSeasonsAfter

it indicate the 2021 season when the umpires

returned from the pause and all following seasons, respectively.51

Table 6 reports that in 2021, the first season back from the canceled season, the Minor

League umpires do not suffer from any skill depreciation, showing a statistically insignificant

decline of 0.4 percentage points, on average.

However, the event-study version reveals that the umpires did marginally lose skill

following the pause. Figure 6 shows that in the first month since the leagues restarted, the

umpires faced a skill decline of 0.8 percentage points, statistically significant at the 10%

level. They quickly bounced back, however, with a statistically insignificant decline of 0.5

percentage points starting from the second month of return.

Collectively, these results suggest that the skill depreciation stemming from robot

implementation is larger than the time-away effects. A first potential explanation is a reduced

incentive to practice skills: umpires may perceive that their skills are no longer relevant,

leading to a faster skill depreciation compared to individuals who are temporarily off work.

Another potential reason is loss of confidence: when umpires are continually assisted by the

robot, they may lose confidence in their abilities to perform tasks manually. This lack of

confidence could further erode their skills because they become less willing to engage in tasks

that require their expertise.

49Table A19 compares the Minor League umpires who did and did not return from the COVID-19-canceled
season. Out of 167 Minor League umpires who worked in 2019 and were never robot assisted, 84 returned
in 2021 while 83 did not. In 2019, the year prior to the pause, these umpires are not observably different,
on average.

50This analysis limits the sample to the never-assisted group.
51While the umpires can “practice” before the start of the season in the preseason (i.e., spring training),

the same is true for the umpires assisted by a robot for the entire season.
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6.2 Complementarity or Substitutability of Skills

Home-plate umpires experience a noticeable drop in their ability to accurately call pitches

once they have worked with robot assistance. This raises the question of whether the in-

troduction of robot assistance impacts other skills as well. If two skills are substitutable, a

decline in skill in one area can lead to an increase in competency for the other skill. Con-

versely, when two skills are complementary, a decrease in proficiency in one task can also

lead to a decline in skills for the other task.

The first-base umpire in baseball is responsible for several tasks during a game and his

primary role is to make calls related to plays that occur at first base. The most crucial task

of the first-base umpire is to make decisions on whether a baserunner is safe or out when

attempting to reach first base. They must closely observe the timing of the runner’s arrival

at first base and determine whether the ball reached the base before the runner.

A team can request a review of a play that occurred at first base to determine if the

call made by the umpire was correct. The replay officials review the available camera angles

and video footage of the play and make a determination on whether the call on the field was

correct or if it should be overturned. As replay reviews provide a mechanism to correct any

errors made by the first base umpire during the game, the numbers of the requested reviews

and overturned calls are good proxies for the first-base umpire’s skills.

I compare the outcomes of umpires who are assisted by the robots in 2022 to those of

who are not.52 The outcomes are only available for the Major League games, so I restrict

the set to all Major League games held in 2023.53 In particular, I employ the following

specification:

Yit = φ0D
Treated2022
it + βXi + θt + εit (7)

where the DTreated2022
it indicate that the umpire i is treated in 2022. I include team

fixed effects to account for variations in the outcome across teams and control for umpire’s

years of experience. θt are the month fixed effects.54

52The umpire crew rotates positions throughout the series of games. For example, an umpire will work
behind the home plate in one game and will work behind first base in the next.

53Replay reviews are only available in stadiums with cameras installed. Many minor league stadiums still
lack this technology.

54The identification assumption is that umpires who have not previously received robot assistance serve as
good counterfactuals for those who have been assisted. The two groups exhibit some observable differences,
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Table 7 first establishes that there is no significant difference in the number of ground

outs, or calls for which the first-base umpire is responsible, between the two groups. However,

the umpires who are previously assisted by the robots face about 0.1 more challenges (i.e.,

replay reviews) per game (44.3%), indicating that umpires’ decisions are under increased

scrutiny. Considering that the number of challenges being overturned has also increased

by 0.09 per game (68.6%), these findings collectively imply that umpires who have received

previous robot assistance exhibit higher rates of inaccuracies and diminished skills in the

task.

As robots and automation systems are integrated into various industries and tasks, the

demand for specific skills may shift to adapt to the new working environment. In particular,

workers may need to adapt and acquire new skills to perform other tasks. The two tasks,

calling pitches and determining whether a baserunner is safe or out, are similar and exhibit

complementarities, suggesting that the skill shift following robot implementation may occur

at a greater distance along the spectrum.

6.3 Are Umpires Learning from the Robot?

When automated systems are used to track pitches and make calls, umpires can receive

immediate feedback on the accuracy of their calls compared to the technology. Over time,

umpires may adapt their calling style to align more closely with the robot assistance, espe-

cially if the technology is proven to be highly accurate.

On July 20, 2021, following inputs from players and umpires, the league widened the

strike zone by 2 inches on each side of plate and lowered the top of the strike zone by

3.5 inches (Figure A2). If the umpires who are assisted by the robot adjust their calling

style to match it, then their skills may have seemed to drop as they call with the adjusted

rule instead of the old rule. Similarly, if the umpires did match the robot well, using the

alternative definition of accuracy with the adjusted strike zone will show that the skills would

have increased.

Table A20 shows that even with the decision accuracy measure using the adjusted

as the umpires who were assisted by robots in 2022 are, on average, younger and less experienced. However,
in previous sections, I demonstrated that these umpires also perform better on average. As part of a placebo
test, I found that the number of ejections does not differ between these two groups which show that the
assisted umpires do not make more controversial calls. While the results should be interpreted with caution,
I argue that mean comparisons between these groups provide insights into the impact of robot assistance.
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strike zone, the umpires experience a decline in accuracy following robot implementation

(0.9 percentage points). Therefore, these estimates rule out umpires learning and adjusting

to a new standard.

7 Discussion

7.1 Does the League Gain from Robot Adoption?

While the workers in firms that have adopted robots typically suffer wage and employment

losses, robot-adopting firms enjoy increases in output gains and productivity (e.g. Acemoglu

et al., 2022). In this section, I explore whether the adopting leagues benefited from imple-

menting the robot.

I compare the Single-A Florida State League that adopted the robot in 2021, and the

Single-A Carolina League that did not, in the following difference-in-differences framework:

Yit = τ0D
FirstSeason
it + τ1D

SeasonsAfter
it + βXi + θt + ωi + εit (8)

where the DFirstSeason
it and DSeasonsAfter

it indicate the months in the 2022 and 2023

seasons, respectively.55 θt and ωi are the year-by-month and the league fixed effects, re-

spectively. I also include team fixed effects to account for variations in the outcome across

teams.

Table A21 shows the results comparing the outcomes in those two leagues. First, league

attendance increased by 265.2 per game (12.4%) in the first year of implementation of the

robot. A back-of-the-envelope calculation suggests that this translates to an increase of $1.25

million in just ticket revenue and $2.5 million considering parking, food and beverages.56

Figure A17 shows the event-study version and confirms the finding. Panel A also suggests

that the increase in attendance is concentrated at the beginning and end of the season, which

insinuates that increased publicity about the robot might have prompted the increase. In

comparison, the cost of “Hawk-Eye” installation is about $300,000 and the robot operator’s

55The Single-A Florida State League adopted the robot in 2021, and the “First Season” refers to the
2021 season. Other Minor League leagues do not provide good comparisons for several reasons. First,
there are large differences in league quality across the league classes. Second, the Minor League has several
experimental rule changes each year. For example, in 2021, the Single-A California League adopted onfield
timers to reduce game length.

56A total of 589 games is played in the Single-A Florida State League in 2021 and an average ticket price
in Single-A is about $8.00. The average cost for a family of four to attend a game is about $65.00 in total.
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hourly wage is about $25.00.57 The league can more than bear the cost of the robots in its

first season of implementation just from increased revenue generated from ticket sales.

Upon the implementation of robot assistance, fans are more likely to enjoy games with

fewer controversial calls and disputes, leading to increased viewership and attendance, which

can positively impact revenue through ticket sales, merchandise purchases, and advertising

revenue. In addition, the use of robot assistance could appeal to tech-savvy audiences and

younger generations of viewers, who may be drawn to the game due to its integration with

cutting-edge technology. Over time, the adoption of the robots could also lead to cost savings

by reducing the number of onfield umpires needed for games.58

Second, the duration of the game increased by 21.1 minutes (12.7%) in the first season

of implementation and the total score increased by 1.1 runs (12.9%). While the Major League

wants to shorten game length, it also wants to generate more in-the-field-of-play offense.59

Increased duration is likely an artifact of increased scoring and more activity in the game.

Indeed, the number of total pitches thrown in a game also increased by 11.2 (4.1%) in the

first season. Viewers generally prefer watching high-scoring to low-scoring games and thus,

an increased total score in the first season is also likely to enlarge the fan base.

7.2 External Validity

The impact of robot assistance on umpires’ skills in making ball-strike decisions has signifi-

cant relevance and transferability to a wide range of other occupational settings. Beyond the

specific context of baseball, the skill set and cognitive processes involved in these decisions

are shared by professionals across various domains.60 These skills encompass a combination

of vision, physical conditioning, and mental sharpness.

Sharp visual perception and mental acuity required for umpires to make accurate ball-

strike decisions are widespread attributes that apply across various professions. They are

especially important in any occupation that relies on precise observation and decision making.

Healthcare professionals, such as surgeons and radiologists, require sharpness of vision to

57In 2013, the Premier League, an English football league, installed a “Hawk-Eye” system with 14 cameras
for £250,000.

58Average umpires in Single-A and in the Major League earn $3,000 and $10,000 per month, respectively.
59The Major League experimented with various rule changes in the Minor Leagues, including limiting

defensive shifts, limiting pickoff throws and moving the mound back to generate more offense.
60For the first-base umpire, the skill set closely resembles that of the home-plate umpire, as he must make

decisions based on the timing of the ball and the runner’s arrival at first base.
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accurately diagnose medical conditions and perform surgeries. In the aviation industry,

pilots and air traffic controllers must possess sharp visual perception to navigate aircraft.

Similarly, workers in manufacturing and quality control settings use visual perception to

inspect products and ensure quality standards are met.

The cognitive demands on an umpire mirror those in professions that require quick and

accurate judgments, especially in high-stakes settings. The cognitive processes involved in

decision making, such as attention, are therefore fundamental beyond the setting of baseball.

For instance, surgeons and air traffic controllers must maintain high level of focus throughout

procedures and navigating air traffic as lapses in attention can lead to potentially catastrophic

consequences.

The application of sharp visual perception and acute decision making extends across

diverse occupational fields, emphasizing the broader implications and relevance of the find-

ings of this paper. Hence, the deterioration of these skills could have significant consequences

for accuracy and safety in numerous occupational domains.

8 Conclusion

How does working alongside robots influence human skills, and do individuals perform worse

in tasks when robot assistance is removed? Even as robots become more accessible, the

value of human skills endures, especially in domains that require adaptability and complex

decision making.61

Importantly, I examine the impact of working with robots on human capital, focusing

on the decision accuracy of umpires in professional baseball settings. By analyzing data

from over 62,000 games played between 2017 and 2023 in both Major and Minor Baseball

Leagues, I find that umpires perform more effectively with robot assistance, affirming the role

of robots in enhancing efficiency and productivity across various contexts. However, umpires

suffer a large skill decline below preassistance levels when they are required to perform tasks

independently once again, suggesting that relying too heavily on robots can have detrimental

effects on skill retention.

Second, I investigate the impact of robot implementation on different groups. The

61In 2018, the automobile manufacturing company, Tesla, failed to meet production targets after relying
too much on robots, and replaced the automation system with humans. The company’s CEO, Elon Musk,
stated that “humans are underrated.”
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umpires with the highest skills see the smallest improvements with robot assistance and

experience the most pronounced decline once the assistance is removed. Consequently, the

skills gap diminishes with the introduction of robot assistance and persists even after its

removal.

Third, I study the impact of the duration of working with the robot on the decline of

skill and the time umpires take to recover their skills after the recall following the work with

robot assistance. I find that as the duration of robot assistance lengthens, the decline in

skill becomes increasingly pronounced. On the contrary, although umpires make substantial

progress, they do not completely return to their original skill level by the conclusion of the

season.

Fourth, by studying a canceled season during the COVID-19 pandemic, I reject that

skill depreciation can be attributed solely to umpires not utilizing their skills, as skill de-

preciation resulting from robot implementation is more substantial than the effects of time

away. Further, after working with robots, umpires also exhibit a decline in their ability to

determine whether a baserunner is safe, suggesting applicability to a broad spectrum of other

occupational settings that demand similar skill sets.

Finally, I find that robot implementation affects other workers who respond strategi-

cally and benefits the implementing firm. With robots increasing the accuracy and consis-

tency of calls, pitchers adjusted their strategies to optimize their chances of getting favorable

calls. In addition, game attendance and total scores in games increased following robot im-

plementation suggesting an increase in revenue.

These findings raise important questions for future research. Robots and automation

can often perform tasks more quickly, accurately, and consistently than humans. This in-

creased efficiency can lead to higher productivity and output gains for businesses (Acemoglu

et al., 2022, 2020; Dixon et al., 2021; Humlum, 2022; Koch et al., 2021). However, one of

the most significant concerns with automation is the potential displacement of human work-

ers. Jobs that involve repetitive or rule-based tasks are more susceptible to automation and

workers in heavily impacted industries can suffer unemployment or wage decline (Acemoglu

et al., 2023, 2020; Acemoglu and Restrepo, 2020; Barth et al., 2020; Bonfiglioli et al., 2020;

Dauth et al., 2021; Humlum, 2022).

Understanding the impact of automation on human workers’ skills when they are

assisted by robots is crucial but understudied. First, identifying the skills affected by au-
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tomation allows policymakers to identify potential skill gaps and develop strategies to help

workers adapt to the changing job market. Second, analyzing the skills that are becoming

less relevant due to automation can inform targeted reskilling programs to help affected

workers transition into new roles. Studying the impact of automation on human workers’

skills is essential for proactively addressing the challenges and opportunities brought by tech-

nological advancements. More research, therefore, is needed to provide evidence on which

skills are affected and how to plan for the future labor market. The finding that robots

decrease human skills in tasks they assist is important for future policies. As human capital

without robot assistance is critical even when robots are readily accessible, effective labor

policies need to address skill decline for a smooth but inevitable transition to the future

labor market with robots.
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Tables & Figures

Table 1: Summary Statistics

Full Sample With Robot Without Robot

Mean SD Mean SD Mean SD

Pitch Characteristics

Called Strike 0.335 ( 0.472) 0.312 ( 0.463) 0.336 ( 0.472)

Called Correctly 0.930 ( 0.255) 0.930 ( 0.255) 0.930 ( 0.255)

Residualized Accuracy -0.0000 (0.2392) 0.0152 (0.2461) -0.0007 (0.2388)

Horizontal distance 0.753 ( 0.453) 0.782 ( 0.495) 0.752 ( 0.451)

Vertical distance 0.850 ( 0.567) 0.869 ( 0.584) 0.850 ( 0.566)

Number of Games 62,678 2,611 60,067

Number of Pitches 8,864,801 390,823 8,473,978

Number of Umpires 678 121 666

Notes: A pitch is correctly called if it crosses the strike zone and called strike or missed the strike zone
and called ball. “Residualized accuracy” residualizes whether a decision was correct for pitch location and
team-by-year fixed effect to account for pitch coordinates that may depend on calibration for each stadium
and stringer plotting coordinates. Distances are in feet. Robot is used in games in Single-A Florida from
2021, in Triple-A Pacific Coast League in 2022 and in select games in both Triple-A leagues in 2023.
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Table 2: Do Umpires Lose Skills Following Robot Implementation?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.064*** ( 0.009) -0.020*** ( 0.003) 0.932 8,864,667

Correctly Called Strike 0.022*** ( 0.005) -0.010*** ( 0.002) 0.281 8,864,667

Correctly Called Ball 0.041*** ( 0.006) -0.010*** ( 0.002) 0.651 8,864,667

Incorrectly Called Strike -0.058*** ( 0.009) 0.025*** ( 0.003) 0.059 8,864,667

Incorrectly Called Ball -0.006*** ( 0.001) -0.005*** ( 0.001) 0.008 8,864,667

Called Strike -0.036*** ( 0.006) 0.015*** ( 0.003) 0.340 8,864,667

Notes: All regressions include a vector of covariates at the pitch-level, year-by-month, umpire, league-by-
year and home team-by-year fixed effects. Standard errors are clustered at the umpire-level. “Robot Mo.”
indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate that the umpire
returned following robot-assistance. A pitch is correctly called if it crosses the strike zone and called strike
or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike zone but called
strike or crosses the strike zone but called ball. Baseline mean is calculated using the data before 2021, the
year of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table 3: Do Skill Depreciation Vary with Length of Work Duration With Robot?

Treated Umpires

Num. of Consecutive Games w. Robot

With Robot S.E. 1 Game S.E. 2 Games S.E. 3 Games S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.049*** ( 0.001) -0.003* ( 0.001) -0.011*** ( 0.003) -0.010 ( 0.008) 0.895 300,427

Correctly Called Strike 0.031*** ( 0.002) -0.002 ( 0.002) -0.009** ( 0.004) -0.006 ( 0.008) 0.251 300,427

Correctly Called Ball 0.018*** ( 0.002) -0.000 ( 0.002) -0.002 ( 0.004) -0.004 ( 0.008) 0.644 300,427

Incorrectly Called Strike -0.062*** ( 0.001) 0.002 ( 0.001) 0.008** ( 0.003) 0.012 ( 0.008) 0.089 300,427

Incorrectly Called Ball 0.012*** ( 0.001) 0.001 ( 0.001) 0.003*** ( 0.001) -0.002 ( 0.002) 0.016 300,427

Called Strike -0.030*** ( 0.002) -0.000 ( 0.002) -0.001 ( 0.004) 0.006 ( 0.008) 0.340 300,427

Notes: All regressions include a vector of covariates at the pitch-level, year-by-month, umpire, league-by-year and team-by-year fixed effects. Standard
errors are clustered at the umpire-level. “With Robot” indicate that the robot is assisting umpires calling the game. “Num. of Consecutive Games w.
Robot” indicate that the umpire was assisted by the robot for the last specified number of games. Omitted group is the previous game that did not
have the robot. A pitch is correctly called if it crosses the strike zone and called strike or missed the strike zone and called ball. A pitch is incorrectly
called if it misses the strike zone but called strike or crosses the strike zone but called ball. Baseline mean is calculated using the first game of the
year without robot-assistance. * p<0.1,** p<0.05, *** p<0.01.
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Table 4: Do Skill Depreciation Vary with Treatment Intensity?

Treated Umpires

With Robot S.E. Dosage S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.050*** ( 0.001) -0.009 ( 0.007) 0.903 330,005

Correctly Called Strike 0.033*** ( 0.001) -0.006 ( 0.007) 0.244 330,005

Correctly Called Ball 0.017*** ( 0.001) -0.002 ( 0.007) 0.659 330,005

Incorrectly Called Strike -0.062*** ( 0.001) 0.010 ( 0.006) 0.076 330,005

Incorrectly Called Ball 0.012*** ( 0.000) -0.001 ( 0.002) 0.021 330,005

Called Strike -0.029*** ( 0.001) 0.004 ( 0.007) 0.320 330,005

Notes: All regressions include a vector of covariates at the pitch-level, week, umpire, league-by-year and
team-by-year fixed effects. Standard errors are clustered at the umpire-level. “With Robot” indicate that
robot is assisting umpires calling the game and “Dosage” is # of games with robot

# of total games . A pitch is correctly called
if it crosses the strike zone and called strike or missed the strike zone and called ball. A pitch is incorrectly
called if it misses the strike zone but called strike or crosses the strike zone but called ball. Baseline mean
is calculated using the first game of the year without robot-assistance. * p<0.1,** p<0.05, *** p<0.01.
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Table 5: Do Umpires Regain Skill?

Num. of Games Since Return

1-5 Games S.E. 6-10 Games S.E. 11-15 Games S.E. 16-20 Games S.E. 21+ Games S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called -0.029*** ( 0.004) -0.027*** ( 0.005) -0.029** ( 0.012) -0.017** ( 0.007) -0.010** ( 0.004) 0.929 4,800,807

Correctly Called Strike -0.013*** ( 0.004) -0.007* ( 0.004) -0.006 ( 0.007) -0.011 ( 0.008) -0.005* ( 0.003) 0.275 4,800,807

Correctly Called Ball -0.016*** ( 0.006) -0.019*** ( 0.005) -0.023** ( 0.010) -0.006 ( 0.005) -0.004 ( 0.004) 0.654 4,800,807

Incorrectly Called Strike 0.031*** ( 0.004) 0.026*** ( 0.004) 0.006 ( 0.005) 0.017*** ( 0.007) 0.010*** ( 0.004) 0.063 4,800,807

Incorrectly Called Ball -0.001 ( 0.002) 0.001 ( 0.001) 0.023* ( 0.013) -0.000 ( 0.003) -0.001 ( 0.001) 0.008 4,800,807

Called Strike 0.018*** ( 0.005) 0.019*** ( 0.005) 0.000 ( 0.008) 0.007 ( 0.005) 0.005 ( 0.003) 0.338 4,800,807

Notes: All regressions for pitch-level outcomes include year-by-month, umpire, league-by-year and team-by-year fixed effects. Standard errors are
clustered at the umpire-level. “Num. of Games Since Return’ indicate that the umpire is calling the game in the specified numbers of game since the
return. A pitch is correctly called if it crosses the strike zone and called strike or missed the strike zone and called ball. A pitch is incorrectly called
if it misses the strike zone but called strike or crosses the strike zone but called ball. Baseline mean is calculated using the data before 2021, the year
of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table 6: Do Umpires Lose Skill? - From COVID-19 Pause

Treated Umpires

First Season S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called -0.004 ( 0.003) 0.907 2,817,021

Correctly Called Strike 0.001 ( 0.003) 0.261 2,817,021

Correctly Called Ball -0.005** ( 0.002) 0.647 2,817,021

Incorrectly Called Strike 0.003 ( 0.003) 0.082 2,817,021

Incorrectly Called Ball 0.000 ( 0.001) 0.010 2,817,021

Called Strike 0.005** ( 0.002) 0.343 2,817,021

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-
month, umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-
level. “First Season” indicates that umpires returned from a year-long COVID-19 interruption relative to
Major League umpires who didn’t have such canceled season. A pitch is correctly called if it crosses the
strike zone and called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses
the strike zone but called strike or crosses the strike zone but called ball. * p<0.1,** p<0.05, *** p<0.01.
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Table 7: Do Umpires Lose Other Skill? - First Base Umpire and Replay Review

Post-Robot Umpire S.E. Baseline Mean N

First Base Umpires

Num. of Ground Outs to 1B -0.601 ( 0.399) 19.769 2,403

Num. of Challenges for Calls on the 1B 0.098** ( 0.041) 0.221 2,403

Num. of Challenges Overturned 0.094*** ( 0.028) 0.137 2,403

Num. of Challenges Upheld 0.005 ( 0.029) 0.084 2,403

Num. of Ejections -0.013 ( 0.013) 0.060 2,403

Notes: All regressions include a control for umpire experience and month and team fixed effects. Standard
errors are clustered at the umpire-level. “Post-Robot Umpire” indicate that the umpires are assisted by the
robots in 2022. The outcomes are from the Major League in 2023 season. “Num. of Ground Outs to 1B”
include all ground outs with a play at the first base. “Num. of Challenges for Calls on the 1B” are the
number of replay reviews requested by the teams for plays happening at the first base. “Num. of Challenges
Overturned” and “Num. of Challenges Upheld” are the number of replay reviews that are overturned and
upheld for plays happening at the first base, respectively. “Num. of Ejections” are the number of ejections
in a game. * p<0.1,** p<0.05, *** p<0.01.

46



Figure 1: Pitch Distribution
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Notes: X-axis is the pitch distance from the nearest border of the strike zone in feet and y-axis shows the
average accuracy rate. To the left of origin are pitches falling outside of the strike zone, and to the right
are pitches falling inside the strike zone.
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Figure 2: Called Strike Heatmaps
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Notes: The figures plot the share of pitches that are called strike by pitch location. The black dotted line
shows the strike zone for an average batter and the red dotted line in Panel A shows the adjusted strike
zone that was implemented on July 20, 2021 for games with robot.
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Figure 3: Do Umpires Lose Skill? - Event-Study

A. Accuracy
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B. Called Strike

β Robot Use: -0.036***
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Notes: All regressions include a vector of covariates at the pitch-level, year-by-month, umpire,
league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-level. “Robot
Use” indicate that robot is assisting umpires calling the game and “Post-Robot Use” indicate that the
umpire returned following robot-assistance. X-axis is months relative to the first month of robot
implementation. A pitch is correctly called if it crosses the strike zone and called strike or missed the strike
zone and called ball. * p<0.1,** p<0.05, *** p<0.01.
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Figure 4: Do Skill Depreciation Vary with Dosage?

A. Second-Degree Polynomial
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B. Third-Degree Polynomial
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Notes: X-axis plots the dosage where it is # of games with robot
# of total games . Y-axis plots the treatment effect on decision

accuracy. The figure plots the second and third-degree polynomial estimates of dosage effect. The
regression also includes a vector of covariates at the pitch-level, week, umpire, league-by-year and
team-by-year fixed effects. Standard errors are clustered at the umpire-level. The gray dotted lines
represent the 25th and 75th percentile of dosage. A pitch is correctly called if it crosses the strike zone and
called strike or missed the strike zone and called ball.50



Figure 5: Do Umpires Regain Skill?
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Games Relative to Robot Implementation

Notes: All regressions include a vector of covariates at the pitch-level, year-by-month, umpire,
league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-level. X-axis is
the number of games relative to the last game with the robot. A pitch is correctly called if it crosses the
strike zone and called strike or missed the strike zone and called ball.
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Figure 6: Event-Study - Umpire Skills Following COVID-19
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Notes: All regressions include a vector of covariates at the pitch-level, year-by-month, umpire,
league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-level. X-axis is
months relative to the first month of 2021 season following the COVID-19 pause. Blue lines show the effect
of returning from COVID-19 pause and red line shows the effect of robot implementation in comparison. A
pitch is correctly called if it crosses the strike zone and called strike or missed the strike zone and called
ball. A pitch is incorrectly called if it misses the strike zone but called strike or crosses the strike zone but
called ball. * p<0.1,** p<0.05, *** p<0.01.
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A1 Appendix Tables & Figures

Table A1: Player Outcomes Summary Statistics

Full Sample With Robot Without Robot

Mean SD Mean SD Mean SD

Pitch Characteristics

Pitch Distance from Center 0.991 ( 0.544) 1.072 ( 0.559) 0.988 ( 0.543)

Pitch Distance from Border 0.403 ( 0.282) 0.426 ( 0.344) 0.402 ( 0.278)

Pitched Inside 0.511 ( 0.500) 0.426 ( 0.494) 0.515 ( 0.500)

Pitched Edge 0.596 ( 0.491) 0.618 ( 0.486) 0.595 ( 0.491)

Batter Swung 0.489 ( 0.500) 0.478 ( 0.500) 0.489 ( 0.500)

Game Characteristics - Pitchers

Pitcher Strike Out 4.718 ( 2.351) 4.584 ( 2.234) 4.724 ( 2.356)

Pitcher Hit Allowed 4.946 ( 2.254) 4.606 ( 2.228) 4.959 ( 2.253)

Pitcher Home Run Allowed 0.589 ( 0.802) 0.615 ( 0.817) 0.588 ( 0.801)

Pitcher Walk Allowed 1.952 ( 1.394) 2.196 ( 1.471) 1.942 ( 1.390)

Game Characteristics - Batters

Batter Struck Out 0.959 ( 0.899) 1.025 ( 0.920) 0.956 ( 0.898)

Batter Hit 0.926 ( 0.892) 0.928 ( 0.895) 0.926 ( 0.891)

Batter Home Run 0.108 ( 0.330) 0.119 ( 0.346) 0.107 ( 0.329)

Batter Walked 0.428 ( 0.652) 0.543 ( 0.732) 0.423 ( 0.648)

Number of Games 66,297 2,731 63,566

Number of Pitchers 7,821 1,948 7,657

Number of Batters 7,496 1,537 7,383

Notes: Distances are measured in feet. “Pitched Inside” indicates that a pitch falls inside the strike zone
and “Pitched Edge” indicates that a pitch falls between 0.5 and 1.5 feet from the center of the strike zone.
Outcomes in “Game Characteristics” panel are collapsed at the game-level. I restrict the sample to pitchers
who faced at least 15 batters in an appearance and batters with at least 3 at-bats. A batter’s at-bat ends in
a walk (or base on balls) when the count reaches 4 balls. Robot is used in games in Single-A Florida from
2021, in Triple-A Pacific Coast League in 2022 and in select games in both Triple-A leagues in 2023.
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Table A2: Summary Statistics - Are Robot-Assisted Umpires Different?

Never-Treated Umpires Robot-Assisted Umpires Post-Robot Umpires

Mean SD Mean SD Mean SD

Pitch Characteristics

Called Strike 0.338 ( 0.473) 0.337 ( 0.473) 0.337 ( 0.473)

Called Correctly 0.953 ( 0.212) 0.953 ( 0.211) 0.953 ( 0.211)

Residualized Accuracy 0.0000 (0.2016) 0.0000 (0.2013) 0.0001 (0.2006)

Horizontal distance 0.740 ( 0.434) 0.737 ( 0.435) 0.739 ( 0.436)

Vertical distance 0.844 ( 0.567) 0.840 ( 0.557) 0.838 ( 0.557)

Number of Games 15,067 10,750 9,630

Number of Pitches 2,089,927 1,493,225 1,337,175

Number of Umpires 313 70 62

Notes: “Never-Treated Umpires” are those who have never been assisted by the robots, “Robot-Assisted
Umpires” include those who have been assisted by the robots and “Post-Robot Umpires” include those who
have been assisted and subsequently moved to another league without the robots. The statistics are from
before any robot implementation and from the Minor Leagues. A pitch is correctly called if it crosses the
strike zone and called strike or missed the strike zone and called ball. “Residualized accuracy” residualizes
whether a decision was correct for pitch location and team-by-year fixed effect to account for pitch coordinates
that may depend on calibration for each stadium and stringer plotting coordinates. Distances are in feet.
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Table A3: Do Umpires Lose Skill? - Restricting to More Ambiguous Decisions

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.123*** ( 0.018) -0.037*** ( 0.005) 0.864 4,166,996

Correctly Called Strike 0.015*** ( 0.005) 0.004** ( 0.002) 0.267 4,166,996

Correctly Called Ball 0.108*** ( 0.017) -0.041*** ( 0.006) 0.597 4,166,996

Incorrectly Called Strike -0.111*** ( 0.018) 0.047*** ( 0.007) 0.126 4,166,996

Incorrectly Called Ball -0.012*** ( 0.002) -0.011*** ( 0.001) 0.010 4,166,996

Called Strike -0.097*** ( 0.017) 0.052*** ( 0.007) 0.393 4,166,996

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-month,
umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-level.
“Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate that
the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone and
called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike zone
but called strike or crosses the strike zone but called ball. Sample is restricted to pitches that are within 0.5
feet from the nearest border of the strike zone from the outside and within 0.2 feet from the nearest border
of the strike zone from the inside. Baseline mean is calculated using the data before 2021, the year of first
robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table A4: Do Umpires Become Less Consistent?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Game-level Outcomes

Correctly Called 0.123*** ( 0.019) -0.036*** ( 0.005) 0.853 47,960

Correctly Called (SD) -0.098*** ( 0.016) 0.032*** ( 0.005) 0.313 47,960

Notes: All regressions include year-by-month, umpire, league-by-year and team-by-year fixed effects. Stan-
dard errors are clustered at the umpire-level. “Robot Mo.” indicate that robot is assisting umpires calling
the game and “Post-Robot Mo.” indicate that the umpire returned following robot-assistance. A pitch is
correctly called if it crosses the strike zone and called strike or missed the strike zone and called ball. A
pitch is incorrectly called if it misses the strike zone but called strike or crosses the strike zone but called
ball. “Correctly Called (SD)” is the standard deviation of accuracy at the game-level. Sample is restricted
to pitches that are within 0.5 feet from the nearest border of the strike zone from the outside and within 0.2
feet from the nearest border of the strike zone from the inside. Baseline mean is calculated using the data
before 2021, the year of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table A5: Do Umpires Suffer More From Decision Biases?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Game-level Outcomes

Omission Bias (3-0) -0.077*** ( 0.023) 0.029*** ( 0.008) 0.088 58,580

Omission Bias (0-2) -0.002 ( 0.003) -0.003** ( 0.001) 0.010 62,490

Gambler’s Fallacy -0.012* ( 0.006) -0.003* ( 0.002) 0.011 61,839

Notes: All regressions include year-by-month, umpire, league-by-year and team-by-year fixed effects. Stan-
dard errors are clustered at the umpire-level. “Robot Mo.” indicate that robot is assisting umpires calling
the game and “Post-Robot Mo.” indicate that the umpire returned following robot-assistance. Outcomes
are indicators that a call is incorrectly called given a situation. The outcome for “Omission Bias (3-0)” is
that a pitch was incorrectly called strike when the count is 3-0. The outcome for “Omission Bias (0-2)” is
that a pitch was incorrectly called ball when the count is 3-0. The outcome for “Gambler’s Fallacy” is that
a pitch was incorrectly called ball when the previous pitch was called strike. Baseline mean is calculated
using the data before 2021, the year of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table A6: Summary Statistics - Are Umpires who Move Different?

Umpires who Stayed Moved Umpire Promoted Umpire

Mean SD Mean SD Mean SD

Pitch Characteristics

Called Strike 0.330 ( 0.470) 0.328 ( 0.470) 0.325 ( 0.469)

Called Correctly 0.950 ( 0.219) 0.944 ( 0.230) 0.936 ( 0.244)

Residualized Accuracy -0.0000 (0.2070) 0.0000 (0.2151) -0.0002 (0.2253)

Horizontal distance 0.738 ( 0.432) 0.723 ( 0.424) 0.722 ( 0.424)

Vertical distance 0.837 ( 0.553) 0.846 ( 0.550) 0.862 ( 0.553)

Number of Games 915 5,444 2,850

Number of Pitches 132,937 782,866 407,161

Number of Umpires 86 161 80

Notes: “Umpires who Stayed” are umpires who have not moved between the leagues in 2022, “Moved Umpire”
represents the umpires who primarily called games in different league than in 2022 and “Promoted Umpire”
represents the umpires who moved up the league class from 2022. The statistics are from 2021 and from the
Minor Leagues as 2020 season was canceled due to the COVID-19 pandemic. A pitch is correctly called if it
crosses the strike zone and called strike or missed the strike zone and called ball. “Residualized accuracy”
residualizes whether a decision was correct for pitch location and team-by-year fixed effect to account for pitch
coordinates that may depend on calibration for each stadium and stringer plotting coordinates. Distances
are in feet.
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Table A7: Are Results Sensitive to Different Control Groups?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Control Group: Umpires Switched League

Correctly Called 0.062*** ( 0.009) -0.025*** ( 0.004) 0.951 4,814,684

Correctly Called Strike 0.017*** ( 0.004) -0.011*** ( 0.002) 0.294 4,814,684

Correctly Called Ball 0.045*** ( 0.007) -0.014*** ( 0.003) 0.657 4,814,684

Incorrectly Called Strike -0.056*** ( 0.009) 0.031*** ( 0.004) 0.042 4,814,684

Incorrectly Called Ball -0.006*** ( 0.001) -0.007*** ( 0.001) 0.007 4,814,684

Called Strike -0.039*** ( 0.007) 0.021*** ( 0.003) 0.336 4,814,684

Control Group: Promoted Umpires

Correctly Called 0.061*** ( 0.009) -0.027*** ( 0.004) 0.951 3,879,268

Correctly Called Strike 0.019*** ( 0.004) -0.011*** ( 0.002) 0.296 3,879,268

Correctly Called Ball 0.042*** ( 0.007) -0.015*** ( 0.003) 0.656 3,879,268

Incorrectly Called Strike -0.055*** ( 0.009) 0.034*** ( 0.004) 0.042 3,879,268

Incorrectly Called Ball -0.006*** ( 0.001) -0.007*** ( 0.001) 0.007 3,879,268

Called Strike -0.036*** ( 0.007) 0.023*** ( 0.003) 0.338 3,879,268

Control Group: Single-A Umpires

Correctly Called 0.061*** ( 0.009) -0.031*** ( 0.004) 0.951 3,191,497

Correctly Called Strike 0.019*** ( 0.004) -0.013*** ( 0.002) 0.297 3,191,497

Correctly Called Ball 0.042*** ( 0.007) -0.018*** ( 0.003) 0.655 3,191,497

Incorrectly Called Strike -0.054*** ( 0.009) 0.039*** ( 0.004) 0.042 3,191,497

Incorrectly Called Ball -0.006*** ( 0.002) -0.008*** ( 0.001) 0.007 3,191,497

Called Strike -0.035*** ( 0.007) 0.026*** ( 0.003) 0.338 3,191,497

Control Group: Major League Umpires

Correctly Called 0.065*** ( 0.008) -0.027*** ( 0.003) 0.913 4,723,320

Correctly Called Strike 0.029*** ( 0.005) -0.014*** ( 0.002) 0.266 4,723,320

Correctly Called Ball 0.036*** ( 0.005) -0.013*** ( 0.002) 0.647 4,723,320

Incorrectly Called Strike -0.057*** ( 0.008) 0.034*** ( 0.004) 0.077 4,723,320

Incorrectly Called Ball -0.008*** ( 0.001) -0.007*** ( 0.001) 0.010 4,723,320

Called Strike -0.028*** ( 0.005) 0.020*** ( 0.002) 0.343 4,723,320

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-month,
umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-level.
“Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate that
the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone and
called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike zone
but called strike or crosses the strike zone but called ball. Each panel uses different control groups: “Umpires
Switched League” refers to any umpires who switched league between seasons; “Promoted Umpires” refers
to umpires who moved up in the league system; “Single-A Umpires” and “Major League Umpires” are the
umpires working in the lowest and highest system, respectively. Baseline mean is calculated using the data
before 2021, the year of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table A8: Is it the Skills or the Effort?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Full Sample

Correctly Called 0.064*** ( 0.009) -0.020*** ( 0.003) 0.932 8,864,667

High Leverage Situations

Score Difference ≤ 1

Correctly Called 0.055*** ( 0.010) -0.017*** ( 0.003) 0.932 4,256,396

After 7th Inning

Correctly Called 0.066*** ( 0.009) -0.020*** ( 0.003) 0.933 2,845,494

Runners on Base

Correctly Called 0.053*** ( 0.008) -0.017*** ( 0.003) 0.942 4,422,108

Score Difference ≤ 1 & After 7th Inning

Correctly Called 0.058*** ( 0.010) -0.016*** ( 0.004) 0.933 930,918

Runners on Base & After 7th Inning

Correctly Called 0.054*** ( 0.008) -0.016*** ( 0.003) 0.943 1,454,314

Score Difference ≤ 1 & Runners on Base

Correctly Called 0.045*** ( 0.008) -0.015*** ( 0.003) 0.942 2,088,734

Score Difference ≤ 1 & Runners on Base & After 7th Inning

Correctly Called 0.038*** ( 0.008) -0.015*** ( 0.004) 0.944 475,044

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-month,
umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-level.
“Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate that
the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone and
called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike zone
but called strike or crosses the strike zone but called ball. Each panel restricts to respective game situations.
Baseline mean is calculated using the data before 2021, the year of first robot implementation. * p<0.1,**
p<0.05, *** p<0.01.
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Table A9: Do Players Alter Their Behaviors?

Treated Players

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Pitch Distance from Center -0.016*** ( 0.003) -0.008*** ( 0.003) 0.980 17,327,268

Pitch Distance from Border -0.017*** ( 0.002) -0.003** ( 0.001) 0.404 17,327,268

Pitched Inside 0.070*** ( 0.002) 0.005** ( 0.002) 0.527 17,327,268

Pitched Edge 0.001 ( 0.002) 0.002 ( 0.002) 0.588 17,327,268

Batter Swung -0.014*** ( 0.003) 0.000 ( 0.003) 0.491 17,325,584

Notes: All regressions include a vector of covariates at the pitch-level, year-by-month, umpire and player,
league-by-year and team-by-year fixed effects, otherwise specified. For distance outcomes, pitch location
controls are omitted. Standard errors are clustered at the player-level. “Robot Mo.” indicate that robot
is assisting umpires calling the game and “Post-Robot Mo.” indicate that the umpire returned following
robot-assistance. Distances are measured in feet. “Pitched Inside” indicates that a pitch falls inside the
strike zone and “Pitched Edge” indicates that a pitch falls between 0.5 and 1.5 feet from the center of the
strike zone. Baseline mean is calculated using the data before 2021, the year of first robot implementation.
* p<0.1,** p<0.05, *** p<0.01.
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Table A10: Do Umpires Lose Skill? - Reweighing for Player Responses

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.080*** ( 0.012) -0.024*** ( 0.004) 0.931 8,685,514

Correctly Called Strike 0.013*** ( 0.004) -0.005*** ( 0.001) 0.286 8,685,514

Correctly Called Ball 0.067*** ( 0.010) -0.020*** ( 0.004) 0.645 8,685,514

Incorrectly Called Strike -0.074*** ( 0.012) 0.030*** ( 0.004) 0.060 8,685,514

Incorrectly Called Ball -0.006*** ( 0.001) -0.006*** ( 0.001) 0.009 8,685,514

Called Strike -0.061*** ( 0.010) 0.025*** ( 0.004) 0.346 8,685,514

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-
month, umpire, league-by-year and team-by-year fixed effects. Regressions reweigh the data to have same
distribution of pitches as the pitches in the Major League in 2021. Standard errors are clustered at the
umpire-level. “Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.”
indicate that the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike
zone and called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the
strike zone but called strike or crosses the strike zone but called ball. Baseline mean is calculated using the
data before 2021, the year of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table A11: Do Pitch-Level Controls Matter?

Treated Umpires

Main Specification Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

without Pitch-level Controls

Correctly Called 0.051*** ( 0.008) -0.015*** ( 0.002) 0.932 8,864,801

with Pitch-level Controls

Correctly Called 0.064*** ( 0.009) -0.020*** ( 0.003) 0.932 8,864,667

Dosage Specification With Robot S.E. Dosage S.E. Baseline Mean N

without Pitch-level Controls

Correctly Called 0.039*** ( 0.001) -0.006 ( 0.007) 0.903 330,008

with Pitch-level Controls

Correctly Called 0.050*** ( 0.001) -0.008 ( 0.007) 0.903 330,005

Notes: All regressions for pitch-level outcomes include year-by-month, umpire, league-by-year and team-by-
year fixed effects. Standard errors are clustered at the umpire-level. “Treated Games” indicate that robot
is assisting umpires calling the game and “Dosage” is # of games with robot

# of total games . A pitch is correctly called if it
crosses the strike zone and called strike or missed the strike zone and called ball. A pitch is incorrectly
called if it misses the strike zone but called strike or crosses the strike zone but called ball. Baseline mean
is calculated using the data before 2021, the year of first robot implementation for the Main Specification
panel. Baseline mean is calculated using the first game of the year without robot-assistance for the Dosage
Specification panel. * p<0.1,** p<0.05, *** p<0.01.
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Table A12: Does Data Quality Matter?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.033*** ( 0.006) -0.015*** ( 0.002) 0.919 8,815,175

Correctly Called Strike 0.038*** ( 0.007) -0.020*** ( 0.003) 0.267 8,815,175

Correctly Called Ball -0.005 ( 0.004) 0.005*** ( 0.001) 0.652 8,815,175

Incorrectly Called Strike -0.035*** ( 0.005) 0.017*** ( 0.003) 0.075 8,815,175

Incorrectly Called Ball 0.002 ( 0.002) -0.002*** ( 0.000) 0.006 8,815,175

Called Strike 0.003 ( 0.004) -0.003** ( 0.001) 0.342 8,815,175

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-month,
umpire, league-by-year and team-by-year fixed effects. I use the manually-plotted coordinates for all pitches.
Standard errors are clustered at the umpire-level. “Robot Mo.” indicate that robot is assisting umpires
calling the game and “Post-Robot Mo.” indicate that the umpire returned following robot-assistance. A
pitch is correctly called if it crosses the strike zone and called strike or missed the strike zone and called
ball. A pitch is incorrectly called if it misses the strike zone but called strike or crosses the strike zone but
called ball. Baseline mean is calculated using the data before 2021, the year of first robot implementation.
* p<0.1,** p<0.05, *** p<0.01.
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Table A13: Do Umpires Lose Skill? - Restricting to Triple-A and Major League Umpires

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.089*** ( 0.003) -0.036*** ( 0.003) 0.913 1,920,905

Correctly Called Strike 0.046*** ( 0.003) -0.021*** ( 0.002) 0.261 1,920,905

Correctly Called Ball 0.043*** ( 0.003) -0.015*** ( 0.002) 0.652 1,920,905

Incorrectly Called Strike -0.081*** ( 0.003) 0.044*** ( 0.003) 0.079 1,920,905

Incorrectly Called Ball -0.008*** ( 0.001) -0.008*** ( 0.001) 0.008 1,920,905

Called Strike -0.035*** ( 0.004) 0.024*** ( 0.002) 0.340 1,920,905

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-
month, umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-
level. “Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate
that the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone
and called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike
zone but called strike or crosses the strike zone but called ball. I restrict the sample to the Major League
umpires and umpires treated in Triple-A implementation in 2022. Baseline mean is calculated using the data
before 2022, the year of robot implementation for the Triple-A umpires. * p<0.1,** p<0.05, *** p<0.01.
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Table A14: Do High-Skilled Umpires Lose More Skill?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Bottom Quartile

Correctly Called 0.105*** ( 0.009) -0.009 ( 0.006) 0.901 459,518

Correctly Called Strike 0.058*** ( 0.011) -0.005 ( 0.004) 0.250 459,518

Correctly Called Ball 0.047*** ( 0.009) -0.004 ( 0.004) 0.651 459,518

Incorrectly Called Strike -0.096*** ( 0.005) 0.011 ( 0.007) 0.090 459,518

Incorrectly Called Ball -0.010* ( 0.005) -0.003* ( 0.001) 0.009 459,518

Called Strike -0.038*** ( 0.011) 0.007 ( 0.005) 0.340 459,518

IQR

Correctly Called 0.091*** ( 0.007) -0.046*** ( 0.005) 0.948 353,885

Correctly Called Strike 0.036*** ( 0.004) -0.022*** ( 0.003) 0.287 353,885

Correctly Called Ball 0.054*** ( 0.007) -0.024*** ( 0.003) 0.661 353,885

Incorrectly Called Strike -0.082*** ( 0.005) 0.056*** ( 0.006) 0.048 353,885

Incorrectly Called Ball -0.009** ( 0.003) -0.010*** ( 0.001) 0.004 353,885

Called Strike -0.046*** ( 0.006) 0.034*** ( 0.004) 0.335 353,885

Top Quartile

Correctly Called 0.084*** ( 0.008) -0.047*** ( 0.002) 0.961 232,069

Correctly Called Strike 0.043*** ( 0.008) -0.032*** ( 0.003) 0.291 232,069

Correctly Called Ball 0.041*** ( 0.010) -0.015*** ( 0.003) 0.670 232,069

Incorrectly Called Strike -0.063*** ( 0.006) 0.061*** ( 0.003) 0.034 232,069

Incorrectly Called Ball -0.021*** ( 0.007) -0.014*** ( 0.001) 0.004 232,069

Called Strike -0.019* ( 0.009) 0.029*** ( 0.003) 0.325 232,069

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-
month, umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-
level. “Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate
that the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone
and called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike
zone but called strike or crosses the strike zone but called ball. I restrict the sample to never-treated umpires
and umpires treated in Triple-A implementation in 2022. Umpires’ skill are measured in 2021 and divided
into quartiles. Baseline mean is calculated using the data before 2022, the year of robot implementation for
the Triple-A umpires. * p<0.1,** p<0.05, *** p<0.01.
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Table A15: Do Umpires Improve with Experience?

Experience S.E. Outcome Mean N

All Umpires

Accuracy 0.0007 (0.0005) 0.9162 893

Umpires Experience ≤ 5 yrs.

Accuracy 0.0020*** (0.0006) 0.9467 317

Umpires Experience ∈ (5,10] yrs.

Accuracy -0.0052*** (0.0017) 0.9216 208

Notes: All regressions include umpire fixed effects. Standard errors are clustered at the umpire-level. Expe-
rience is measured in years. A pitch is correctly called if it crosses the strike zone and called strike or missed
the strike zone and called ball. A pitch is incorrectly called if it misses the strike zone but called strike
or crosses the strike zone but called ball. Outcomes are collapsed at the umpire-by-year level. * p<0.1,**
p<0.05, *** p<0.01.
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Table A16: Do More-Experienced Umpires Lose More Skill?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Umpire Experience ≤ 6 years

Correctly Called 0.094*** ( 0.008) -0.053*** ( 0.003) 0.953 157,135

Correctly Called Strike 0.014* ( 0.008) -0.031*** ( 0.002) 0.288 157,135

Correctly Called Ball 0.080*** ( 0.011) -0.022*** ( 0.002) 0.666 157,135

Incorrectly Called Strike -0.084*** ( 0.008) 0.064*** ( 0.002) 0.042 157,135

Incorrectly Called Ball -0.010*** ( 0.003) -0.011*** ( 0.001) 0.004 157,135

Called Strike -0.069*** ( 0.011) 0.033*** ( 0.002) 0.330 157,135

Umpire Experience ∈ (6, 9] years

Correctly Called 0.079*** ( 0.004) -0.042*** ( 0.003) 0.948 460,100

Correctly Called Strike 0.039*** ( 0.004) -0.022*** ( 0.002) 0.284 460,100

Correctly Called Ball 0.040*** ( 0.005) -0.020*** ( 0.003) 0.664 460,100

Incorrectly Called Strike -0.074*** ( 0.004) 0.052*** ( 0.004) 0.046 460,100

Incorrectly Called Ball -0.005** ( 0.002) -0.011*** ( 0.001) 0.005 460,100

Called Strike -0.035*** ( 0.005) 0.031*** ( 0.003) 0.331 460,100

Umpire Experience > 9 years

Correctly Called 0.092*** ( 0.008) -0.018*** ( 0.005) 0.895 1,100,884

Correctly Called Strike 0.058*** ( 0.006) -0.009*** ( 0.003) 0.249 1,100,884

Correctly Called Ball 0.035*** ( 0.008) -0.009*** ( 0.003) 0.646 1,100,884

Incorrectly Called Strike -0.084*** ( 0.008) 0.021*** ( 0.006) 0.096 1,100,884

Incorrectly Called Ball -0.008*** ( 0.002) -0.003*** ( 0.001) 0.009 1,100,884

Called Strike -0.026*** ( 0.008) 0.012*** ( 0.004) 0.345 1,100,884

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-
month, umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-
level. “Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate
that the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone
and called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike
zone but called strike or crosses the strike zone but called ball. I restrict the sample to the Major League
umpires and umpires treated in Triple-A implementation in 2022. Umpires’ years of experience are measured
in 2021. Baseline mean is calculated using the data before 2022, the year of robot implementation for the
Triple-A umpires. * p<0.1,** p<0.05, *** p<0.01.
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Table A17: Do Umpires Lose More Skill if They Are Further Away from Promotion?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Umpire without MLB Experience

Correctly Called 0.082*** ( 0.005) -0.049*** ( 0.002) 0.953 512,674

Correctly Called Strike 0.028*** ( 0.004) -0.026*** ( 0.002) 0.290 512,674

Correctly Called Ball 0.054*** ( 0.006) -0.023*** ( 0.002) 0.664 512,674

Incorrectly Called Strike -0.073*** ( 0.004) 0.060*** ( 0.002) 0.042 512,674

Incorrectly Called Ball -0.009*** ( 0.003) -0.011*** ( 0.001) 0.004 512,674

Called Strike -0.045*** ( 0.006) 0.035*** ( 0.002) 0.332 512,674

Umpire with MLB Experience

Correctly Called 0.093*** ( 0.005) -0.015*** ( 0.004) 0.897 1,205,489

Correctly Called Strike 0.053*** ( 0.006) -0.009*** ( 0.003) 0.249 1,205,489

Correctly Called Ball 0.040*** ( 0.005) -0.007*** ( 0.003) 0.647 1,205,489

Incorrectly Called Strike -0.085*** ( 0.005) 0.020*** ( 0.005) 0.094 1,205,489

Incorrectly Called Ball -0.007*** ( 0.002) -0.004*** ( 0.001) 0.009 1,205,489

Called Strike -0.032*** ( 0.006) 0.011*** ( 0.003) 0.343 1,205,489

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-month,
umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-level.
“Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate that
the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone and
called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike zone
but called strike or crosses the strike zone but called ball. I restrict the sample to the Major League umpires
and umpires treated in Triple-A implementation in 2022. Umpires’ prior experience in the Major League is
measured in 2021. Baseline mean is calculated using the data before 2022, the year of robot implementation
for the Triple-A umpires. * p<0.1,** p<0.05, *** p<0.01.
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Table A18: 2023 Triple-A Implementation Summary Statistics

Full Sample With Robot Without Robot

Mean SD Mean SD Mean SD

Pitch Characteristics

Called Strike 0.310 ( 0.462) 0.308 ( 0.462) 0.311 ( 0.463)

Called Correctly 0.918 ( 0.275) 0.940 ( 0.237) 0.901 ( 0.299)

Residualized Accuracy -0.0000 (0.2630) 0.0297 (0.2316) -0.0220 (0.2820)

Horizontal distance 0.763 ( 0.490) 0.757 ( 0.488) 0.768 ( 0.492)

Vertical distance 0.839 ( 0.575) 0.836 ( 0.573) 0.842 ( 0.576)

Number of Games 2,126 888 1,238

Number of Pitches 330,188 140,588 189,600

Number of Umpires 71 64 70

Dosage 0.420 ( 0.137)

Notes: A pitch is correctly called if it crosses the strike zone and called strike or missed the strike zone
and called ball. “Residualized accuracy” residualizes whether a decision was correct for pitch location and
team-by-year fixed effect to account for pitch coordinates that may depend on calibration for each stadium
and stringer plotting coordinates. Distances are in feet. Robot is used in games played between Tuesday
and Thursday in both Triple-A leagues in 2023. “Dosage” is # of games with robot

# of total games .
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Table A19: 2020 COVID Pause Summary Statistics

Never-Returned Umpires Returned Umpires

Mean SD Mean SD

Pitch Characteristics

Called Strike 0.334 ( 0.472) 0.333 ( 0.471)

Called Correctly 0.957 ( 0.203) 0.952 ( 0.213)

Residualized Accuracy -0.0001 (0.1945) 0.0003 (0.2034)

Horizontal distance 0.745 ( 0.437) 0.738 ( 0.431)

Vertical distance 0.849 ( 0.575) 0.857 ( 0.575)

Number of Games 1,382 3,358

Number of Pitches 193,254 465,809

Number of Umpires 83 84

Notes: A pitch is correctly called if it crosses the strike zone and called strike or missed the strike zone and
called ball. Distances are in feet. “Never-Returned Umpires” are those who have not returned to call games
since the COVID-19 pandemic and “Returned Umpires” are those who have returned from the COVID-19
canceled season. The statistics are from 2019 before the COVID-19 canceled 2020 season and from the Minor
Leagues.
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Table A20: Are Umpires Following the Other Guideline?

Treated Umpires

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitch-level Outcomes

Correctly Called 0.038*** ( 0.006) -0.009*** ( 0.002) 0.932 8,864,667

Correctly Called Strike 0.013*** ( 0.004) -0.006*** ( 0.001) 0.281 8,864,667

Correctly Called Ball 0.025*** ( 0.003) -0.004** ( 0.002) 0.651 8,864,667

Incorrectly Called Strike -0.024*** ( 0.004) 0.007*** ( 0.001) 0.059 8,864,667

Incorrectly Called Ball -0.014*** ( 0.002) 0.002*** ( 0.001) 0.008 8,864,667

Called Strike -0.011*** ( 0.003) 0.002 ( 0.002) 0.340 8,864,667

Notes: All regressions for pitch-level outcomes include a vector of covariates at the pitch-level, year-by-
month, umpire, league-by-year and team-by-year fixed effects. Standard errors are clustered at the umpire-
level. “Robot Mo.” indicate that robot is assisting umpires calling the game and “Post-Robot Mo.” indicate
that the umpire returned following robot-assistance. A pitch is correctly called if it crosses the strike zone
and called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike
zone but called strike or crosses the strike zone but called ball. Accuracy is measured using the alternate
strike zone implemented for the robot-assisted games on July 20, 2021. Baseline mean is calculated using
the data before 2021, the year of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table A21: Do the Leagues Benefit from Robot Implementation?

Treated Team

First Season S.E. Second Season S.E. Baseline Mean N

Game-level Outcomes

Attendance 265.2** ( 123.1) 3.3 ( 121.2) 2135.2 6,826

Duration (in min.) 21.1*** ( 2.9) 15.5*** ( 2.9) 166.2 7,219

Num. of Pitches 11.2*** ( 2.7) 0.5 ( 3.6) 272.4 7,220

Total Score 1.1* ( 0.5) -0.1 ( 0.5) 8.5 7,220

Delay -17.9 ( 24.3) -16.8 ( 20.3) 64.2 845

Notes: All regressions include year-by-month and league and team fixed effects and league specific time
trend. Standard errors are clustered at the team-level. “First Season’ indicate that it is the first season of
robot implementation and “Second Season’ indicate that it is the second season of robot implementation.
The sample includes games from Single-A Florida and Carolina leagues. Baseline mean is calculated using
the data from 2019, the season before robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Table A22: Do Players Perform Better Following Robot Implementation?

Treated Players

Robot Mo. S.E. Post-Robot Mo. S.E. Baseline Mean N

Pitcher Outcomes

Pitcher Strike Out -0.057 ( 0.111) -0.145* ( 0.082) 4.650 118,876

Pitcher Walk Allowed 0.081 ( 0.072) -0.026 ( 0.047) 1.908 118,876

Pitcher Hit Allowed -0.111 ( 0.112) -0.026 ( 0.060) 5.170 118,876

Pitcher Home Run Allowed 0.009 ( 0.040) 0.019 ( 0.018) 0.559 118,876

Batter Outcomes

Batter Struck Out 0.031 ( 0.020) 0.040*** ( 0.014) 0.914 1,089,716

Batter Walked 0.032** ( 0.014) -0.011 ( 0.009) 0.393 1,089,716

Batter Hit -0.011 ( 0.016) -0.018** ( 0.009) 0.938 1,089,716

Batter Home Run 0.009 ( 0.007) 0.003 ( 0.003) 0.099 1,089,716

Notes: All regressions include year-by-month, umpire and player, league-by-year and team-by-year fixed
effects. Standard errors are clustered at the player-level. “Robot Mo.” indicate that robot is assisting
umpires calling the game and “Post-Robot Mo.” indicate that the players are playing in games called by
umpires following robot-assistance. The outcomes are collapsed at the player-by-game level. I restrict the
sample to pitchers who faced at least 15 batters in an appearance and batters with at least 3 at-bats. A
batter’s at-bat ends in a walk (or base on balls) when the count reaches 4 balls. Baseline mean is calculated
using the data before 2021, the year of first robot implementation. * p<0.1,** p<0.05, *** p<0.01.
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Figure A1: Strike Zone
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Notes: The figure describes the strike zone and the umpire’s decision classification. Pitches that are called
strikes and ball are in blue and red, respectively. A pitch is correctly called if it crosses the strike zone and
called strike or missed the strike zone and called ball. A pitch is incorrectly called if it misses the strike
zone but called strike or crosses the strike zone but called ball. The strike zone is defined as an imaginary
rectangular region over the home plate that extends roughly between the batter’s shoulders and kneecap
and the dimension is about 20 by 25 inches. Axes are in feet.
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Figure A2: Strike Zone - Robot Implementation Adjustment
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Notes: The figure describes the strike zones. The red-dashed lines represent the adjusted strike zone
implemented for the robot since July 20, 2021 and the black-solid line represents the original strike zone.
The strike zone is defined as an imaginary rectangular region over the home plate that extends roughly
between the batter’s shoulders and kneecap and the dimension is about 20 by 25 inches. Axes are in feet.
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Figure A3: Chronology of Robot Implementation

A. Major League

No Robot

2019 2020 2021 2022 2023 2024

B. Triple-A Pacific Coast

No Robot COVID-19 No Robot Robot Robot (Challenge)

2019 2020 2021 2022 2023 2024

C. Triple-A International

No Robot COVID-19 No Robot Robot (Challenge)

2019 2020 2021 2022 2023 2024

D. Single-A Florida State

No Robot COVID-19 Robot Robot (Challenge)

2019 2020 2021 2022 2023 2024

E. All Other Leagues

No Robot COVID-19 No Robot

2019 2020 2021 2022 2023 2024

Notes: The figure shows timeline of the implementation of the robot in different leagues. COVID-19 pause
is shown in red. “Robot” indicate that the league implemented the robot and “Robot (Challenge)” indicate
that the challenge system described in Section A3 is used.
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Figure A4: Pitch Distribution and Accuracy

A. Major League Umpires
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B. Minor League Treated Umpires
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Notes: X-axis is the pitch distance from the nearest border of the strike zone in feet and y-axis shows the
average accuracy rate. To the left of origin are pitches falling outside of the strike zone, and to the right
are pitches falling inside the strike zone. Panel A shows the distribution of pitches for the umpires who
worked in the Major League from 2021 to 2023 and Panel B shows for the umpires who worked in Triple-A
Pacific in 2022 and games without robot in 2021 and 2023.
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Figure A5: Robot Implementation and Umpire Moves
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Notes: The figure describes potential lateral and vertical movements of umpires across leagues and robot
implementation. In 2022, Triple-A Pacific Coast League implemented robot and 66 umpires (41 with more
than 10 games with robot) are assisted by the robot. These umpires, in 2021, worked in Double-A leagues
and Triple-A leagues. In the following year, in 2023, these umpires stayed in Triple-A and/or moved up to
the Major League. In 2023, games held on Tuesdays to Thursdays used robot and games on Fridays to
Sundays are called by umpires without robot. DRobot

it = 1 indicates the games with robot and
DPostRobot

it = 1 indicates the games without robot in 2023.
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Figure A6: Pitch Distribution and Called Strike
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Notes: X-axis is the pitch distance from the nearest border of the strike zone in feet and y-axis shows the
average called strike rate. To the left of origin are pitches falling outside of the strike zone, and to the right
are pitches falling inside the strike zone.
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Figure A7: Event-Study - Umpire Decisions

A. Incorrectly Called Strikes

β Robot Use: -0.058***
β Post-Robot Use:  0.025***

Robot Use Post-Robot Use

-.1
-.0

5
0

.0
5

.1

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9
 

Months Relative to Robot Implementation

B. Incorrectly Called Balls
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Notes: All regressions include year-by-month, umpire, league-by-year and team-by-year fixed effects.
Standard errors are clustered at the umpire-level. “Robot Use” indicate that robot is assisting umpires
calling the game and “Post-Robot Use” indicate that the umpire returned following robot-assistance.
X-axis is months relative to the first month of robot implementation. A pitch is correctly called if it crosses
the strike zone and called strike or missed the strike zone and called ball. A pitch is incorrectly called if it
misses the strike zone but called strike or crosses the strike zone but called ball. * p<0.1,** p<0.05, ***
p<0.01. 81



Figure A8: Called Strike Heatmaps - By Situations without Robot
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B. Previous Pitch was Called Strike
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C. Count is “3-0”

0
1

2
3

4
5

Y-
C

oo
rd

in
at

e
 

-2 -1 0 1 2
 

X-Coordinate

.95

.85

.75

.65

.55

.45

.35

.25

.15

.05

Strike

D. Count is “0-2”
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Notes: The figures plot the share of pitches that are called strike by pitch location and by game situations.
The black dotted line shows the strike zone for an average batter.
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Figure A9: Player Pitch Heatmaps

A. Pitchers Facing Umpire with Robot-Assistance
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B. Major League Pitchers
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Notes: The figures plot the share of pitches by pitch location of pitchers facing right-handed batters. The
black dotted line shows the strike zone for an average batter and the red dotted line in Panel A shows the
adjusted strike zone that was implemented on July 20, 2021 for games with robot.
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Figure A10: Event-Study - Pitchers Game-Level

A. Pitched Inside
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Notes: All regressions include a vector of covariates at the pitch-level (excluding pitch location controls),
year-by-month, umpire and player, league-by-year and team-by-year fixed effects. Standard errors are
clustered at the player-level. “Pitched Inside” indicates that a pitch falls inside the strike zone. Distances
are measured in feet. X-axis is number of games relative to the last game with robot.
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Figure A11: Event-Study - Pitchers Month-Level

A. Pitched Inside
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Notes: All regressions include a vector of covariates at the pitch-level (excluding pitch location controls),
year-by-month, umpire and player, league-by-year and team-by-year fixed effects. Standard errors are
clustered at the player-level. “Pitched Inside” indicates that a pitch falls inside the strike zone. Distances
are measured in feet. X-axis is months relative to the first month of robot implementation.
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Figure A12: Event-Study - Different Estimators
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B. Accuracy
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Notes: The figure plots coefficients from four different event study estimators and two-way fixed effects
model (Borusyak et al., 2021; Callaway and Sant’Anna, 2021; De Chaisemartin and d’Haultfoeuille, 2020;
Sun and Abraham, 2021). X-axis is months relative to the last month of robot implementation. A pitch is
correctly called if it crosses the strike zone and called strike or missed the strike zone and called ball. The
outcomes in Panel A and B are decision accuracy residualized for pitch location and fixed-effects and raw
decision accuracy. The outcomes are collapsed at the month-level.
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Figure A13: Does Skill Distribution Compress?
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Notes: The figure plots the results in Table A14 and Table A16. All regressions include a vector of
covariates at the pitch-level, year-by-month, umpire, league-by-year and team-by-year fixed effects. “Mean
Accuracy” is measured in 2021. “Robot Effect” indicate the effect of robot assisting the umpire calling the
game and “Post-Robot Effect.” indicate that the effect of human umpire returning following
robot-assistance. A pitch is correctly called if it crosses the strike zone and called strike or missed the
strike zone and called ball. A pitch is incorrectly called if it misses the strike zone but called strike or
crosses the strike zone but called ball. I restrict the sample to never-treated umpires and umpires treated
in Triple-A implementation in 2022. Umpires’ skill are measured in 2021 and divided into quartiles.
Umpires’ years of experience are measured in 2021.
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Figure A14: Umpire Skill by Age and Experience
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Notes: The figure plots the average accuracy of the Major League umpires in 2022 by age and years of
experience.
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Figure A15: Treatment Intensity Distribution

A. Full Sample
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B. Distributions by the Number of Games Called
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Notes: In 2023, games held on Tuesdays to Thursdays used robot and games on Fridays to Sundays are
called without robot. “Dosage” is # of games with robot

# of total games . Panel A plots the dosage for full sample of Triple-A
league games in 2023 at the umpire-game level. Panel B plots the dosage after the umpire’s first, fifth and
tenth game of the season.
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Figure A16: Are Dosages Quasi-Random?
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Notes: In 2023, games held on Tuesdays to Thursdays used robot and games on Fridays to Sundays are
called without robot. “Dosage” is # of games with robot

# of total games . The figure plots the umpire’s years of experience on
the Y-axis and the dosage on the X-axis.
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Figure A17: Event-Study - Game Outcomes

A. Attendance

β First Season: 265.177**
β Second Season:  3.273

First Season Second Season

-1
50

0
-1

00
0

-5
00

0
50

0
10

00
15

00

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8
 

Months Relative to Robot Implementation

B. Total Score

β First Season:  1.059*
β Second Season: -0.078
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Notes: All regressions include year-by-month and league and team fixed effects and league specific time
trend. Standard errors are clustered at the team-level. “First Season’ indicate that it is the first season of
robot implementation and “Second Season’ indicate that it is the second season of robot implementation.
The sample includes games from Single-A Florida State and Carolina leagues. * p<0.1,** p<0.05, ***
p<0.01.
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A2 Baseball Game Description

Baseball is often referred to as America’s pastime and has captivated fans for over a century.

In this section, I briefly describe a typical baseball game.

Setup A baseball game is played between two teams, each consisting of nine players. One

team takes on the role of the batting team, while the other becomes the fielding team. The

objective of the batting team is to score runs, while the fielding team aims to prevent runs.

The field is divided into four bases arranged in a diamond pattern: first base, second base,

third base, and home plate.

Game The game begins with a pitcher, standing on the pitcher’s mound, throwing a pitch.

The pitcher’s objective is to throw the baseball to the batter while trying to prevent them

from hitting it. The batter stands at home plate, ready to swing at any pitch that comes

his way. The batter’s goal is to hit the pitched ball and safely reach a base. To score a run,

a batter must make a complete circuit around all four bases, returning to home plate.

A game consists of nine innings, with each team having the opportunity to bat and

field. Each inning is divided into two halves: the top and bottom. The team with the most

runs at the end of the nine innings wins.

Inning An inning refers to the period of play. A standard baseball game comprises nine

innings, although extra innings can occur if the game is tied after the regulation nine innings.

In the top half of the inning, the team (usually an away team) is designated as the “batting

team” and gets its chance to score runs. Each player gets a chance to bat in a specific order

(“batting lineup”) until three outs are accumulated. At the end of the top half of an inning,

there is a brief break as the teams switch roles. At the end of the bottom half of an inning,

another short break occurs as the teams switch roles again. This pattern continues until

nine innings are completed.

At-Bat An “at-bat” refers to the specific plate appearance of a batter during a game.

Each at-bat involves a sequence of pitches thrown by the pitcher, and the count represents

the number of balls and strikes during this plate appearance. The count consists of two

numbers. The first number represents the number of balls, and the second number represents
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the number of strikes. The count starts with 0 balls and 0 strikes. A ball is called when the

pitcher throws a pitch outside the strike zone, and the batter does not swing. A strike is

called when the pitcher throws a pitch inside the strike zone and the batter does not swing,

or the batter swings and misses. If a batter accumulates four balls, he is awarded first base,

a situation known as a “walk.” If a batter accumulates three strikes, he is called “out.”
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A3 More Details about Robot Implementation

In 2021, the Major League successfully implemented an automated ball-and-strike system at

Single-A Florida State League. The system expanded to the Triple-A Pacific Coast League

in 2022 and the entire Triple-A in 2023. The technology is used in two different systems:

full ABS in which the game is called with the robot and a “Challenge” system.

Challenge System In the Single-A Florida State League, in 2022, the Major League ex-

plored an alternative system called a “Challenge” system. In select games with the challenge

system, umpires call pitches as before without the robot, but the players (pitcher, catcher

and batter) can appeal these calls and check with the robot. Each team were given three

challenges in a game and if an appeal is successful, then the team retains the challenge.62,63

The challenge system expanded to Triple-A leagues in 2023 and was also used in select

games.64

Data In the data, I observe the number of successful and unsuccessful challenges in these

select games, but I do not know the exact pitch that resulted in a challenge. I observe the

ultimate call on the pitch.

In an average game, the umpire calls about 150 pitches. The average number of

challenges is about 4.4 per game and the average success rate is about 33%. Therefore,

about 1.4 pitches are overturned in a game with the challenge system (or about 0.9%). The

average accuracy in these games is 90.1%, but with 1.4 overturned pitches, the accuracy

will be about 89.2%. The main result of the paper is that the umpires’ accuracy declines

following the implementation of robots. If anything, the challenge system biases me away

from finding the negative results.

Sample Restriction To account for the alternating implementation of the challenge sys-

tem and full robot-assisted games, I impose the following sample restrictions.

In the main difference-in-differences specification (Equation 1), I drop the games with

the full robot system in the second year of the implementation. For example, if an umpire

62A challenge must be made within 2 seconds of the call.
63The average number of challenges is about 4.4 per game and the average success rate is about 33%.
64Games held on Fridays to Sundays used the challenge system.
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worked in the Triple-A Pacific in 2022 and continued to work in the Triple-A Leagues in

2023, I drop the full robot-assisted games in 2023. This restriction is made to estimate the

effect of robot implementation on human skills.

In the dosage model (Equation 3), I exploit the alternating system and keep all these

games.
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A4 Pitch Coordinates

The Major League provides detailed pitch-level data including the X and Y coordinates

for every thrown pitch. There are two different coordinate systems: manually-plotted and

pitch-tracking technology-plotted coordinates.

A4.1 Manually-Plotted Pitch Coordinates

The league hires “stringers” who digitally score games to provide data that are available on

the MLB Stats API. Most stadiums hire about three stringers and each work about 25-30

games in a season. New stringers go through an 8-10 weeks training program and score

practice games with the more experienced stringers before working alone. The main task of

these stringers is to enter the results of every pitch and play. They work at the press box in

each stadium with the Major League representative who oversees the job. In particular, to

record pitch coordinates, the stringer “clicks” on the software and records where he sees the

pitch go through the plate. These are, therefore, recorded in the pixel coordinate system.

A4.2 Technology-Plotted Pitch Coordinates

Starting in 2003, the Major League started installing technology that tracks pitches in Major

League stadiums. “Questec” was used to measure umpires’ performances, yet it was criticized

for reliability.

In 2005, the league started installing cameras in stadiums to track pitches and com-

pleted in 2007. “PITCHf/x” used three cameras, strategically located in the stadium, to

track pitches as it goes through the strike zone. Sportvision, the company that developed

PITCHf/x, claims that the system tracks pitches with an accuracy of better than one inch.

In 2017, the league replaced “PITCHf/x” with “TrackMan” which uses cameras and

Doppler radar to track pitches. And in 2020, “TrackMan” was replaced with “Hawk-Eye”

which uses the optical-tracking and vision-processing system that enables tracking pitches

with an accuracy of better than 0.1 inch.

The pitch coordinates from these systems are recorded as X and Y coordinates in feet.
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A4.3 Transforming Coordinates

To create a dataset with a uniform coordinate system, I convert the manually-plotted pitch

coordinates in pixels into feet. First, each stringer might have a unique bias that could depend

on the vantage point. To account for this, I transform the coordinates at the team(stadium)-

by-year level.65 At the team-by-year level, I generate a heatmap of umpires’ ball-strike

decisions and find the corners of the strike zone. In particular, I find the region where the

pitches are called strike more than 95% of the time and take the top, bottom, left and right

points. Using these four points, I linearly transform the pitch coordinates into feet-unit as I

know the four corners of the strike zone in feet.

All of the analyses include team-by-year fixed effects to account for these transforma-

tions unless otherwise mentioned.

65I do not observe who the stringer is for each game, so I cannot employ stringer-FEs.
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A5 Players’ Productivity

Table A22 displays per-game outcomes for players.66 In the season with robot assistance, as

they adjusted their behaviors, the number of walks increased for both pitchers and batters.

This is likely due to the pitcher pitching closer to the edge and the batter swinging less

(See Table A9). Batters, following robot exposure, become less offensively productive in

the following season. They strike out 0.03 more and generate 0.02 hits less per game.

Collectively, these findings suggest the players’ productivity is negatively impacted by the

robot adoption despite small change in their strategic behaviors. A potential explanation

includes an adjustment in the prior season that hindered the growth of players relative to

players who didn’t have to adjust. Readjusting to inconsistent calls by readjusting strategies

might have affected performances.

66I restrict to pitchers who faced at least 15 batters in an appearance and batters with at least 3 at-bats.
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