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Abstract
Purpose of Review Baseball has become one of the largest data-driven sports. In this review, we highlight the historical context of
how big data and sabermetrics began to transform baseball, the current methods for data collection and analysis in baseball, and a
look to the future including emerging technologies.
Recent Findings Machine learning (ML), artificial intelligence (AI), and modern motion-analysis techniques have shown prom-
ise in predicting player performance and preventing injury. With the advent of the Health Injury Tracking System (HITS),
numerous studies have been published which highlight the epidemiology and performance implications for specific injuries.
Wearable technologies allow for the prospective collection of kinematic data to improve pitching mechanics and prevent injury.
Summary Data and analytics research has transcended baseball over time, and the future of this field remains bright.
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Introduction

While deeply rooted in tradition and considered America’s
National Pastime [1], the baseball landscape is everchanging
in today’s age of big data, artificial intelligence, and ma-
chine learning [2–4]. At the professional level, Major
League Baseball (MLB) has created new sources of data
such that up to seven terabytes of data are gathered at each
game [4]. In this review, we will provide a historical per-
spective on the evolution of baseball analytics, where we
stand today, and emerging technologies that are on the
horizon.

Sabermetrics: a Historical Perspective on Data
and Analytics in Baseball

Since the 1920s, people have been trying to utilize baseball
data to their advantage to predict outcomes and develop win-
ning teams. Ferdinand Cole Lane, a biologist turned editor-in-
chief of Baseball Magazine in 1912, developed one of the first
run expectancy models in the 1920s [3, 5]. Based on how
many runners are on base and how many outs there are, this
model provided the probabilities that the batting team would
score [3]. Afterwards, there had beenmany notable attempts at
strategically utilizing baseball data, including the Dodgers hir-
ing of a statistician to their front office in the 1940s [3].

The utilization of baseball statistics as we know it today did
not really develop until 1974 when Dick Cramer, Bill James,
and Pete Palmer co-founded the Society of American Baseball
Research’s (SABR) Statistical Analysis Committee [3]. The
term sabermetrics, coined from the SABR acronym, refers to
“the search for objective knowledge about baseball” [6]—
how best to succeed in an in-game situation, determine a
player’s value, etc. Initially, this movement was met with re-
sistance as a disturbance to baseball tradition. In particular,
many teams rely upon professional baseball scouts, who
watch hundreds of players and write reports containing their
opinions as to the potential of these players. These scouts have
become deeply ingrained into the fabric of baseball culture
and have long argued that their assessments must be consid-
ered in concert with objective data. As a result, sabermetrics
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did not truly take hold until the early 2000s when the Oakland
“Moneyball” A’s made their fourth straight postseason ap-
pearance under the guidance of their general manager, Billy
Bean [3]. Bean favored statistics like on-base percentage and
slugging percentage to build a winning team with a limited
budget.

Today, sabermetrics has led baseball to become one of the
biggest data-driven sports worldwide. At the fan level,
websites like FanGraphs, Baseballsavant, Baseball
Prospectus, and Pybaseball [7] have become increasingly pop-
ular where writers analyze baseball using sabermetrics. In fact,
many have been hired to work for various MLB organizations
[3]. At the organizational level, teams continue to use saber-
metrics to build efficient rosters and predict player perfor-
mance based on a seemingly endless list of performance met-
rics [3, 8]. Even in orthopedic surgery and sports medicine, we
use many of these same performance metrics to predict injury,
outcome, and return to play [8].

Performance Metrics

There are seemingly endless sabermetrics that attempt quanti-
fy player performance [3, 9–12]. While no single metric reli-
ably quantifies an individual player’s value, these are taken
into context with each other and the team [3, 12]. Many sta-
tistics are imperfect and limited by measurement error and
sample size [11]. For example, defense performance has been
historically measured by errors and fielding percentage [11].
An error, by definition, is failing to get an out on a routinely
batted ball that is expected to result in an out [13]. However,
this requires a scorer’s judgement and brings in human error,
as well as it does not account for “bad defense” if a player got
a slow jump on a ball and did not make the play—this is
technically not an error [11].

In today’s age of analytics, new metrics have been created to
try to solve this issue. For example, Revised Zone Rating (RZR)
tries to quantify how often a fielder turn batted balls into outs—
similar in theory to errors and fielding percentage [11]. This
should better quantify player skill as it accounts for every play,
not just ones where fielder encountered the ball [11]. However, it
is limited by the difficulty or importance of the play.

Defensive Runs Saved (DRS) and ultimate zone rating
(URS) build upon RZR and quantify how many runs a player
prevents while playing defense [11]. This controls for difficul-
ty of the play relative to how frequently a play is made by the
entire league [11]. If a play is made 40% of the time, and the
player makes the play, he gets credit for 0.6 times the run
value of the play [11]. The run value of the batted ball reflects
how many runs should be scored on a single play—a difficult
ground ball, which may only be fielded 40% of time, may
only result in the batter reaching first base without any runs
scored [11]. There is limited consequence to this missed play.

However, these statistics are limited by number of truly diffi-
cult batted balls hit to every fielder each year. These examples
demonstrate the complexity in understanding defensive play,
which has long been considered the most poorly captured with
traditional sabermetrics.

Using advanced technologies, like Statcast (see discussion
below), newer defensive sabermetrics have been developed to
improve defensive metrics [3, 14]. For example, catch proba-
bility attempts to quantify outfield defense by measuring the
difficulty of a batted ball based on how far the fielder had to
go, howmuch time he had to get there, the direction he needed
to go, and whether the proximity to the wall was a factor [14].

On the other hand, pitching and hitting have often been
considered more well categorized. Generally, pitching metrics
can be categorized as traditional (i.e., ERA, wins), advanced
(i.e., FIP, WHIP, SIERA, BABIP), or value (i.e., WAR) [9].
They can also be categorized as workload measures (i.e., IP,
G) or performance measures (i.e., ERA, WHIP, FIP). Finally,
they can also be further subdivided as defense-dependent (i.e.,
hits, ERA) or defense-independent (i.e., strikeouts, walks,
homeruns, FIP) [9].

Like defensive metrics, traditional pitching metrics are of-
ten imperfect and may not reflect the true performance of a
pitcher. While pitchers may be solely responsible for an
allowed homerun, the quality of their defense certainly influ-
ences the number of hits (versus making a play) or their earned
run average (ERA) [15]. Field Independent Pithing (FIP), and
advanced sabermetric, is an ERA estimator based on pitcher-
controlled/defense-independent factors—strikeouts, walks,
hit by pitches (HBP), and homeruns allowed—and adjusted
for league average defense performance to balls in play and
interpreted on the same scale [15]. Interestingly, FIP is a better
predictor of future ERA than current ERA [15].

With the advent of Statcast, pitching metrics have also
improved. Expected ERA (xERA) accounts for both type of
contact (strikeout, walks, hit by pitch) and the quality of the
contact (exit velocity and launch angle) [16]. This then credits
either the pitcher or the hitter for the contact, which eliminates
the confounding effects of ballpark, weather, or defense [16].

Finally, offensive or batting sabermetrics can be classified
like those of pitching metrics. There are standard or traditional
metrics (i.e., RBI, HBP), advanced (i.e., OPS, wRC), value
(i.e., WAR), and Stacast (i.e., wRC+) [10, 17]. Interestingly,
offensive metrics have changed with time, particularly regard-
ing walks which have not always been valued the way they are
today [18, 19]. Historically, batting average (BA) was used to
quantify offensive production and is still reported today. Yet,
this metric is imperfect and only counts official at-bats which
excludes walks, hit by pitches, sacrifices, or catcher’s interfer-
ence. These can be valuable plate experiences for a team by
avoiding an out and putting an additional runner on base.
Sabermetrics like on base percentage (OBP), which factors
in walks, and slugging percentage (SLG), which accounts
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for extra base hits, were developed to better quantify offensive
performance than BA [20].

Prior to Statcast, weighted on-base average (wOBA) and
weighted runs created plus (wRC+) were considered the best
metrics to evaluate a player’s offensive results [20]. wOBA, a
scaled OBP, considers the weight of each offensive outcome
(home runs are weighted more highly than walks) [20]. wRC+
adjusts for different ballparks and eras [20]. Now with
Statcast, sabermetrics like expected weighted on-base average
(xwOBA) remove defensive factors from the wOBA metric
and account for the exit velocity, launch angle, and sprint
speed of the batter on batted balls [21].

Table 1 provides a list of some of the most common saber-
metrics and their definitions.

Statcast and Ballpark Sensors

By the 2015 season, all MLB stadiums had integrated the
Statcast system to track the ball and every player on the field

[2, 36]. For ball-tracking, the Statcast system utilizes
Trackman phased-array Doppler radar technologies which sits
behind home plate [36]. This system approximates the path,
spin rate, and velocity of each pitch, as well as the initial
speed, and vertical and horizontal launch angles of the batted
ball [36]. While Doppler radar technology is well suited for
ball-tracking, player’s slower speeds make Doppler shifts too
difficult to interpret. As such, Statcast uses a system of stereo-
scopic optical video from two arrays [36]. They are spaced 15
meters apart along the third base line, each with three high-
resolution cameras that utilize optical video sensors and stereo
vision techniques to allow for the precise tracking of player
location on the field [2, 36]. These arrays are time synchro-
nized with the Trackman radar data and allow for the quanti-
fication of performance metrics, such as defender reaction
time, route efficiency, and speed [36].

Using sensor data, many classic sabermetric analyses of
player value are becoming increasingly obsolete. For exam-
ple, batting average solely considers whether a batter got a hit.
With sensor data, however, one can control for other

Table 1 Examples of advanced
and Statcast performance metrics Metric Definition

Offense

Batting average on balls in play
(BABIP) [22]

Batting average exclusively on balls hit into the field of play,
removing outcomes not affected by the opposing defense
(homeruns, strikeouts)

Weighted on-base average (wOBA) [23] On-base percentage weighted by how a player reached a base
(i.e., a double is worth more than a single)

Weighted runs created plus (wRC+) [24] Normalized runs created to ballparks and eras

Wins above replacement (WAR) [25] Value of a player in terms of how many more wins he’s
worth than a replacement player

Exit velocity (EV) [26] Speed of the ball immediately after the batter makes contact

Expected weighted on-base average
(xwOBA) [21]

A predicted on-base average based on exit velocity, launch
angle, type of batted ball, and sprint speeds

Pitching

Fielding independent pitching (FIP) [27] Similar to ERA, but removes results on balls hit into the field
of play (strikeouts, walks, hit-by-pitches, and homeruns)

Adjusted earned run average (ERA+) [28] A normalized ERA, adjusted for ballparks and opponents

Pitch movement [29] Horizontal break and vertical drop of a pitch (inches),
measured against average

Spin rate (SR) [30] Spin rate in revolutions per minute after a pitch is released

Perceived velocity (PV) [31] How fast a pitch is perceived by a hitter based on pitch
velocity and release point

Defense

Defensive runs saved (DRS) [32] How many runs a defender saved based on errors, range,
outfield arm, and double-play ability

Range factor (RF) [33] Sum of fielder’s putouts and assists divided by number of
games played

Outs above average (OAA) [34] Ranged-based metric based on how many outs a player as
saved, used for both infielders and outfielders

Distance covered (DCOV) [35] Total distance covered by a defender from the time of
contact to the moment he fields it
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confounding variables which are outside the scope of a simply
reported batting average—opponent defender skill, ballpark
dimensions, weather, pitch velocity, and spin rate [36].

Statcast has both enhanced the fan experience, displaying
real-time data on telecasts and various media outlets, as well
as provided baseball with a new source of data to challenge
classic sabermetric models and revolutionize baseball strate-
gy. The wealth of data has forced many clubs to hire teams of
statisticians to better understand the data and to recommend
how to act upon it.

Health and Injury Tracking System and Return
to Play

Thomas et al. (2020) recently published a systematic review
which described the RTP rates and performance of pitchers
after both primary and revision ulnar collateral ligament
(UCL) reconstruction (UCLR) [37]. This review included 29
studies published from 1980 to 2019 [37]. After primary
UCLR, MLB pitchers had RTP rates from 80 to 97% at 12
months [37]. Return to the same level of play (RTSP) rates,
however, were only 67 to 87% at 15 months [37]. Following
revision UCLR, RTP ranged from 77 to 85% and RTPS
ranged from 55 to 78% [37].

While this is a robust study about a specific injury, there are
few similar studies in the literature. As such, to better under-
stand player injury, the MLB, with its minor league affiliates,
players’ unions, and healthcare experts, established the MLB
Health and Injury Tracking System (HITS) in 2010 [8, 38].
Previously, the understanding of the epidemiology of baseball
injury was limited by disabled list (DL) reports. The DL only
reported injury to a specific body region (rather than a specific
injury) and was used as a roster management tool in addition
to an actual accounting of injuries [38]. Since the establish-
ment of HITS, numerous studies have been published which
report the epidemiology of specific baseball injuries, their re-
turn to play characteristics, and related performance outcomes
[8, 38–46].

Notably, Camp et al. in 2018 published a comprehensive
report of the 50 most common injuries in the MLB and Minor
League Baseball (MiLB) from 2011 to 2016, with specialized
fact sheets for each injury outlining specific characteristics
and return-to-play times [38]. They reported nearly 50,000
injuries over this six-year period, with about 8000–8500 inju-
ries per year. Of these, roughly 5000 were season-ending in-
juries, and among the non-season-ending injuries, there was a
mean 16 days missed per injury [38]. The upper extremity
accounted for 39% of all injuries and the lower extremity
35%. Interestingly, pitchers were the most injured position,
3.6 times more frequently than catchers, 5.1 times more than
outfielders, and 5.8 times more than infielders [38]. This inci-
dence of upper extremity injury and pitcher injury correlates

with other epidemiologic studies of baseball injury [47, 48].
These types of studies have greatly aided trainers in better
understanding the prognosis and expected time course for re-
turn to play. Studies using the HITS database have also pro-
vided numerous insights into risk factors for injury, diagnosis,
and best treatment practices.

Motion Analysis Techniques

The pitching motion has been well described as involving six
specific phases of musclemovement, and improper mechanics
in each phase has been associated with an increased risk for
injury [49]. These phases are as follows: (1) wind-up, (2)
stride or early cocking, (3) late cocking, (4) acceleration, (5)
deceleration, and (6) follow-through [49]. There are a number
of modalities with which one can analyze a pitcher’s mechan-
ics including two-dimensional video, three-dimensional mo-
tion analysis in a laboratory, and emerging wearable technol-
ogies (see discussion below) [49]. Historically, three-
dimensional motion analysis is considered the gold standard
and provides detailed kinetic and kinematic data about each
phase of the previously mentioned pitching motion [49].

Emerging Technologies

Wearable IMUs

Until recently, the kinetic and kinematic analysis of the
pitching motion relied heavily on high-speed cameras to cap-
ture motion in three dimensions [50–53]. However, there are
limitations associated with this technology including cost and
the need for access to a controlled laboratory which has these
capabilities [50, 53]. In particular, pitchers will not pitch with
full velocity in the laboratory, raising questions as to whether
this data really represents in-game kinetics and kinematics.
This limits the widespread analysis for all pitchers across all
levels of baseball [52].

However, there have been recent advancements in wear-
able technology that has made gathering of this kinetic and
kinematic data easier and less cumbersome, more accessible
by limiting the need for the laboratory, and even less expen-
sive [50–54]. These technologies utilize inertial measurement
units (IMUs) to allow for real-time motion analysis in three-
dimensions. IMUs are lightweight and small systems with
embedded three-dimensional accelerometers, gyroscopes,
and magnometers which allow for the biomechanical assess-
ment of motor functions by dynamically tracking anatomical
segments [54]. IMUs have already demonstrated utility in gait
analysis [53–55] and are currently being used to analyze
pitching mechanics [50, 52, 53, 56–61].

286 Current Reviews in Musculoskeletal Medicine (2022) 15:283–290



The motusBASEBALL (Motus Global) IMU system was
first approved for use in the MLB 2016 [51, 62], since there
has been increasing interest in the sports medicine literature
using this technology to study pitching biomechanics [52, 53,
56–61]. Table 2 lists all studies published to our knowledge
using the motusBASEBALL technology and their conclusions.

Lizzio et al. (2020) published a protocol to optimize data
collection and how to troubleshoot device malfunction [50].

While promising, the current evidence conflicts as to the
accuracy of the system [63]. Four studies have assessed the
validity of wearable technology to date [52, 53, 63, 64]. Camp
et al. (2017) first validated wearable IMU technology against
the “gold standard” of motion capture techniques to capture
pitching kinetic and kinematic variables [53]. Wearing a com-
pression sleeve with the IMU overlying the medial elbow,
they recorded arm slot, arm speed, arm rotation, and elbow
varus torque in 35 pitchers throwing fastballs [53]. These are
well-studied variables and known risk factors for the develop-
ment of pitcher injury [50–53]. The IMU data were subse-
quently transmitted via Bluetooth technology to a smartphone
containing proprietary biomechanical algorithms [53]. They
reported correlation coefficients (r values) between the IMU
analysis and motion capture techniques of 0.93 (varus torque),
0.94 (arm rotation), 0.95 (arm slot), and 0.85 (arm speed) [53].

Makhni et al. (2018) used similar IMU technology (sensor
placed over medial elbow) to measure elbow torque, arm
speed, arm slot, and shoulder rotation across multiple pitch
types (fastballs, curveballs, and change-ups) [52]. By measur-
ing outlier rate, they reported precision rates for the IMU
system of 96.9% for fastballs, 96.9% for curveballs, and

97.9% for change-ups [52]. Boddy et al. (2019) compared
wearable IMU technology to motion capture technology
[64]. They found statistically significant correlations (r
values) between the two when measuring arm slot (0.975),
shoulder rotation (0.749), and stress (0.667) while elbow ex-
tension velocity failed to reach statistical significance [64].

However, Camp et al. (2021) again attempted to validate
the motusBASEBALL IMU technology with a dedicated
study [63]. Comparing measurements obtained simultaneous-
ly by motion capture and the IMU system, they found this
technology to be reliable for arm speed and not reliable for
arm slot, arm stress, or shoulder rotation [63]. Overall, these
results suggest that while this technology can be used to mea-
sure number of pitches and may be useful to compare one
pitcher within themselves, it may not be accurate to compare
between pitchers.

Even with these limitations, the technology may be useful
for injury prevention and post-injury rehabilitation [49, 50].
Wearable technology allows for the prospective collection of
biomechanical data which would allow for real-time pitch
counts, which is more convenient and accurate than prior
methods [50].

Machine Learning and AI to Predict Injury

Machine learning (ML) and artificial intelligence (AI) have al-
ready been transforming many facets of society, from self-
driving vehicles, targeted advertisements, healthcare and ortho-
pedic surgery, and sports [4, 8, 65–69]. While AI is a broad term

Table 2 Studies using
motusBASEBALL sensor Study Conclusion

Camp et al. (2017) [53] Shoulder flexibility, arm speed, and elbow varus torque
(a proxy for injury risk) are interrelated.

Okoroha et al. (2018) [61] Fatigue and injury risk are likely related. Pitch velocity
decreased and medial elbow torque increased with
innings pitched.

Okoroha et al. (2018) [59] In youth and adolescent pitchers, fastballs generated the
highest elbow torque and curveballs the highest arm
speed. Increasing age and size of the pitchers’ arm
was protective against elbow torque. Increased ball
velocity, BMI, and decreased arm slot predicted
elbow torque.

Makhni et al. (2018) [52] Medial elbow torque was highest in fastballs.

Okoroha et al. (2019) [60] In youth pitchers, increased ball weight was associated
with greater medial elbow torque, decreased pitch
velocity, and decreased arm speed.

Melugin et al. (2019) [58] Decreasing perceived pitching effort correlated with
decreased elbow varus torque and velocity, but not
proportionally.

Leafblad et al. (2019) [56] Ball velocity and elbow torque do not necessarily correlate
in long-toss; thus, some pitchers may benefit from
long-toss programs for rehabilitation.
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which refers to the analysis of large data sets using algorithms to
gain useful inference, ML is a subset of AI which uses this data
specifically to predict an outcome [67]. In ML, the machine
studies and “learns” from “training sets” of real-world data using
pattern recognition to determine relationships. Then, these ma-
chines are provided “testing sets” to create predictions and com-
pare them with known outcomes. This process continuously
repeats, helping to improve the accuracy of the models based
on feedback from these “testing sets.” In theory, ML mirrors the
way in which humans learn with constant improvement in anal-
yses as new data becomes available [67].

Recently, Makhni et al. published a review article (2021)
regarding ML and AI in orthopedics, its current impact on the
field, and future applications [67]. These technologies will
continue to help improve outcomes, reduce costs and ineffi-
ciencies, and improve the overall value of the care we provide.
Notably, there has been a tenfold increase in ML publications
in over the past twenty years [69], which highlights the impact
it has had on this field. Currently,ML and AI are being used to
predict readmission risk in total hip and knee arthroplasty
[70], to interpret preoperative radiographs in the setting of
revision arthroplasty to determine the prior implant class and
manufacturer [68], and predict post-operative outcomes after
total joint arthroplasty [71], among many other applications.

In baseball, in conjunction with classic sabermetrics and
performance data, modern ML algorithms are being used to
try to predict injury risk and specific anatomic injury location.
After compiling a database of 13,982 player-years, Karnuta
et al. applied both logistical regression (LR) and ML tech-
niques to develop an algorithm to predict MLB injuries before
they occurred [8]. They based these models on age, perfor-
mance data (sabermetrics for hitting, pitching, and overall),
prior injury history, and DL data. While the AUC ranged from
0.71 to 0.80 for predicting position player injury which was
fairly reliable, the AUC for pitchers ranged from 0.61 to 0.69
and was considered poorly reliable [8]. However, in almost all
(13 of 14) cases, ML was superior to LR when predicting
player injury and demonstrated improved accuracy with sub-
sequent iterations of the injury-prediction model [8].

While these models have yet to demonstrate true clinical
reliability, they certainly highlight the bright future of baseball
analytics and the limitations of historical logistical regression.
In this study, as the ML model continued to “learn,” it contin-
ued to improve its reliability which is fundamental to ML. As
ML models continue to improve, we may reach a point in
baseball where we can reliably predict injury and intervene
before injury actually happens.

Conclusion

Data and analytics research has transformed baseball into be-
coming one the largest data-driven sports worldwide. From its

origins in sabermetrics, ML and AI are seemingly common-
place in the current analysis of baseball from a performance
standpoint to injury prevention and rehabilitation. The future
seems bright with wearable technologies, though more re-
search is needed in this area to better validate this technology
before it can be universally relied upon.
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