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Background: Understanding interactions between multiple risk factors for shoulder and elbow injuries in Major League Baseball
(MLB) pitchers is important to identify potential avenues by which risk can be reduced while minimizing impact on player
performance.

Purpose: To apply a novel game theory–based approach to develop a machine-learning model predictive of next-season shoul-
der and elbow injuries in MLB pitchers and use this model to understand interdependencies and interaction effects between the
most important risk factors.

Study Design: Case-control study; Level of evidence, 3.

Methods: Pitcher demographics, workload measures, pitch-tracking metrics, and injury data between 2017 and 2022 were used
to construct a database of MLB pitcher-years, where each item in the database corresponded to a pitcher’s information and met-
rics for that year. An extreme gradient boosting machine-learning model was trained to predict next-season shoulder and elbow
injuries utilizing Shapley additive explanation values to quantify feature importance as well as interdependencies and interaction
effects between predictive variables.

Results: A total of 3808 pitcher-years were included in this analysis; 606 (15.9%) of these involved a shoulder or elbow injury
resulting in placement on the MLB injured list. Of the .65 candidate features (including workload, demographic, and pitch-
tracking metrics), the most important contributors to predicting shoulder/elbow injury were increased: pitch velocity (all pitch
types), utilization of sliders (SLs), fastball (FB) spin rate, FB horizontal movement, and player age. The strongest game theory inter-
action effects were that higher FB velocity did not alter a younger pitcher’s predicted risk of shoulder/elbow injury versus older
pitchers, risk of shoulder/elbow injury increased with the number of high-velocity pitches thrown (regardless of pitch type and in
an additive fashion), and FB velocity \95 mph (\152.9 kph) demonstrated strong negative interaction effects with higher SL per-
centage, suggesting that the overall predicted risk of injury for pitchers throwing a high number of SLs could be attenuated by
lower FB velocity.

Conclusion: Pitch-tracking metrics were substantially more predictive of future injury than player demographics and workload
metrics. There were many significant game theory interdependencies of injury risk. Notably, the increased risk of injury that
was conferred by throwing with a high velocity was even further magnified if the pitchers were also older, threw a high percentage
of SLs, and/or threw a greater number of pitches.
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Shoulder and elbow injuries in Major League Baseball
(MLB) continue to be a substantial source of health, perfor-
mance, and financial burden for both pitchers and teams,
with both the number of injured list (IL) designations
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and the mean number of days spent on the IL increasing
each year.4,7 This trend persists despite substantial effort
dedicated toward injury prevention, including pitch count
guidelines from USA Baseball and MLB.19,27 In addition
to these efforts, there has been an abundance of research
centered on identification of individual factors associated
with shoulder and elbow injury in pitchers.2,5,9,14,20,26 Fac-
tors such as increased elbow valgus torque, peak and mean
pitch velocity, increased body weight, younger age, and an
increased number of breaking pitches thrown have all been
identified as potential predictive factors of subsequent
elbow injury in pitchers.1,3,5,11

As the number of shoulder and elbow injuries in MLB
pitchers has risen, pitcher performance has also improved,
with increases in both mean fastball (FB) velocity and the
number of pitches reaching 100 mph (161 kph) or faster
each year.25 This is in spite of the findings identifying
high peak and mean pitch velocities as primary drivers for
shoulder and elbow injury3,5,16; thus, there is substantial
tension between injury risk reduction and player perfor-
mance that must be considered when identifying potential
strategies to reduce the risk of shoulder and elbow injuries
in MLB pitchers. While prior studies have identified risk
factors for shoulder and elbow injuries, these factors have
often been studied in isolation using linear models such as
logistic regression that preclude the analysis of complex,
multifactorial interactions and interdependencies between
potential risk factors. This prohibits identification of poten-
tial avenues by which risk can be reduced while minimizing
impact on player performance, resulting in a lack of realis-
tic, actionable, and evidence-based guidelines for managing
a pitcher’s routine in a way that prioritizes injury reduction
while optimizing pitching performance. Although many
studies have attempted to follow player performance statis-
tics (eg, earned run average, walks plus hits per inning),
these variables have turned out to be volatile and not likely
a suitable target for injury-prediction efforts.21 More
recently, emerging technologies that track the flight of the
baseball have emerged as potential variables that can be
measured and followed for professional pitchers. In addition
to velocity, these newer pitch-tracking metrics include var-
iables such as spin rate, vertical movement, horizontal
movement, spin efficiency, release points, and pitch utiliza-
tion. Because these variables tend to be less volatile and
more under the control of the pitcher compared with tradi-
tional statistical metrics, they may be better suited for study
of injury risk factors.21 Although these new pitch-tracking

metrics are intriguing, injury risk may be related to a num-
ber of different objective player demographics, measures of
workload, and pitch characteristics that are independently
related to one another in complex ways that have not
been fully studied using standard statistical methodology.

To better understand interactions between these multi-
ple risk factors and create a tool that can be used to
improve our understanding of injury risk, a novel game
theory–based approach was taken to develop a machine-
learning model capable of predicting shoulder or elbow
injuries in MLB pitchers using a multitude of objective
measures, including player demographics, measures of
workload, and pitch-tracking metrics. We hypothesized
that shoulder and elbow injuries could be predicted with
high accuracy and that a number of these objective varia-
bles would correlate with injury risk.

METHODS

Guidelines

Following expedited review by our institutional review
board, this study was deemed exempt from institutional
review board approval based on the utilization of publicly
available databases. Analyses were performed adherent
to the Transparent Reporting of a multivariable prediction
model for Individual Prognosis or Diagnosis guidelines and
the Guidelines for Developing and Reporting Machine
Learning Models in Biomedical Research.6,18

Study Population

This retrospective study utilized ball tracking, player demo-
graphic, and player workload data collected for the years
2017 to 2021 and player injury data for the years 2018 to
2022. Data were obtained from the MLB Stats API
(https://statsapi.mlb.com/). All pitchers with a complete set
of data (demographic, workload, and ball-tracking) were
included in the study, while pitchers missing demographic,
workload, and/or ball-tracking data were excluded.

Variables

The primary outcome of interest was placement on the
MLB IL for a shoulder or elbow injury the following season.
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In addition to this dichotomous outcome, information
about the specific joint injured, as well as the diagnosis
documented when the player was moved to the IL, was
recorded.

Candidate features for the machine-learning algorithm
consisted of variables related to pitcher demographics,
cumulative workload, and pitch-tracking metrics for each
season. Demographic data included age, height, weight,
handedness, and country of origin. Workload data con-
sisted of total number of pitches thrown, number of batters
faced, total innings pitched, and number of complete games
thrown over the course of the season. Pitch-tracking met-
rics were derived from ball-tracking data and included
information related to the percentage of pitch type (FB,
curveball [CB], changeup [CH], cutter, sinker, slider [SL],
splitter), as well as the velocity, horizontal movement, ver-
tical movement, extension (how far off the mound, in feet,
a pitcher released the pitch: the horizontal distance from
release point to the front of the pitching rubber), spin
rate, and spin axis for every pitch thrown that season, bro-
ken down by pitch type. In addition, the percentage of
a player’s pitches by pitch type and summative metrics
for velocity, extension, spin rate, and spin axis (regardless
of pitch type) were derived. Continuous variables were
scaled such that all features had values ranging from
0 (corresponding to lowest recorded value) to 1 (corre-
sponding to highest recorded value) before being input
into models for feature selection and training. In addition,
a label encoder was applied to categorical variables such
that each potential categorical value was represented in
a binary manner. All variables with missing data were
related to pitch-tracking data, and missing values were
due to the fact that most pitchers did not throw every pitch
type. Missing values were intrinsically imputed during
model development, as branch directions for missing val-
ues were learned by the model internally during training.

Model Development

Features were input into the modeling workflow to train
an extreme gradient boosting (XGBoost) machine-learning
model. This ensemble method was selected for its ability to
learn complex data structures and nonlinear relationships
by creating additive models in incremental stages and opti-
mizing multiple loss functions. This enables modeling of
higher-order interactions when working with high-
dimensional data sets. In addition, the XGBoost algorithm
performs intrinsic feature selection as it learns the model.
In other words, XGBoost models will include only predic-
tors that help maximize their accuracy, as they are capable
of selecting the best representation of the data to optimize
performance while being resistant to noninformative pre-
dictors. This was important given the large number of
potential predictive features in our data set. Models were
trained to fit the appropriate hyperparameters and vali-
dated on a holdout test set, with 67% of the data used for
the training set and 33% reserved for the test set. Fivefold
cross-validation was used for model training and internal
validation. To summarize, model evaluation consists of

random partitions of the complete training data set into
train and validation sets for 5 different folds without
replacement of the data, and the evaluation metrics are
recorded for each repetition and summarized with a stan-
dard distributions of values.22 Given the class imbalance
within the data set, with the positive class representing
15.9% of the data set, we performed cost-sensitive machine
learning utilizing class weights, such that misclassification
of a positive class as a negative was more costly compared
with misclassification of a negative class as a positive.
Classes were weighted relative to their ratio in the data
set. Additionally, we attempted subsampling, a data-
augmentation technique to increase the availability of
data for learning, although this produced only negligible
improvements in model performance. Metrics used to eval-
uate the predictive performance of the model were calcu-
lated, including accuracy as well as the area under the
receiver operating characteristics curve (AUC).

Understanding Predictions Using Shapley Additive
Explanation Values

Model interpretability was enhanced globally utilizing var-
iable importance plots and Shapley additive explanation
(SHAP) values. The former demonstrates a ranking of
the overall importance of input features on the predictive
performance of the model, while the latter is a game
theory–based approach to explain machine-learning mod-
els, where the input features are treated as players in
a cooperative game and the model performance is treated
as the payoff of the game.23 In original team-based game
theory problems, SHAP values were developed to accu-
rately and consistently rank and assign a specific value
to each player on a team based on the player’s contribution
to the team’s overall outcome, which enabled identification
of theoretically optimal solutions to game theory prob-
lems.23 Here, SHAP values are used similarly to rank
and assign distributions of the overall predicted risk to
individual input features. SHAP values can be employed
to produce both feature contributions to model predictions
globally as well as interpretable plots demonstrating how
the input feature values of individual pitchers lead to their
predicted label.

Analyzing Interaction Effects With SHAP Values

An important advantage of machine learning when com-
pared with traditional statistics is the ability to analyze
nonlinear relationships and interaction effects that can
substantially affect the model’s output and, as a result,
its predictive power. For example, while the presence of
a specific predictive factor may increase one pitcher’s risk
for shoulder or elbow injury, interaction effects of this pre-
dictive factor with another predictive factor may result in
the same factor’s having no effect, or even a protective
effect, on another pitcher’s risk for shoulder or elbow
injury. In game theory, this is akin to team dynamics,
where by certain combinations of individual players result
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in additional positive or negative influences beyond what
the individual players’ skill sets would alone predict and
relationships between players can produce substantial
changes in the model’s output. Thus, SHAP interaction
values derived from the Shapley interaction index13 were
derived to quantify the most important relationships and
interaction effects between features in the model.

Statistical Analysis

Continuous variables were assessed with 2-sample t tests,
while categorical variables were compared using Fisher
exact tests. Statistical significance was defined as P \
.05. All data analysis was performed with Python 3.8.8
(Python Software Foundation).

RESULTS

Study Population Characteristics

A total of 3808 pitcher-years were included in this analysis,
of which 606 (15.9%) sustained a shoulder or elbow injury
resulting in placement on the IL. A breakdown by joint and
diagnosis is provided in Table 1.

A comparison of the candidate features between pitchers
who experienced an injury the following season and pitchers
who did not is provided in Appendix Table A1. When

compared by group, the injured cohort was slightly younger
(30.9 vs 31.7 years; P \ .001). There were no other differen-
ces based on pitcher demographics, and no significant group
differences in variables related to workload (pitches thrown,
batters faced, innings pitched, or complete games). With
respect to pitch-tracking metrics, the injured cohort threw
with higher mean velocity (89.3 vs 88.8 mph [143.6 vs
142.8 kph]; P \ .001) and spin rate (2244 vs 2224 rpm;
P = .021). Broken down by individual pitch type, injured
players had higher mean velocities for FBs (93.6 vs 93.1
mph [150.7 vs 149.8 kph]), CBs (79.2 vs 78.4 mph [127.5
vs 126.2 kph]), CHs (85.9 vs 85.1 mph [138.3 vs 136.9
kph]), CTs (89.2 vs 88.2 mph [143.6 vs 141.9 kph]), SIs
(92.7 vs 92.3 mph [149.2 vs 148.6 kph]), and SLs (84.6 vs
84.0 mph [136.1 vs 135.2 kph]) (P � .007 for all). In addition,
the injured cohort demonstrated greater amounts of horizon-
tal movement on FBs (–4.33 vs –3.44 inches [–11 vs –8.7 cm];
P = .015). Injured players threw lower percentages of CTs
(4.5% vs 5.8%; P = .016) and SPs (1.1% vs 1.7%;
P = .019) than noninjured pitchers. Both FB spin rate
(2265 vs 2241 rpm; P = .001) and spin axis (192� vs 190�; P
= .047) were higher among injured players.

Preliminary Feature Ranking and Selection

Mean feature importance rankings were determined using 3
separate algorithms: recursive feature elimination with
a random forest algorithm, linear model coefficient ranking
with ridge regression, and Gini importance (mean decrease
in impurity) of a random forest. Selected (estimated best)
features are assigned rank 1 while nonimportant features
have ranks close to 0. The overall ranking for each feature
was then obtained by computing the mean of ranks deter-
mined by each algorithm. Of .65 candidate features, the
20 most important contributors to predicting shoulder or
elbow injury consisted primarily of metrics related to pitch
velocity and pitch use, although FB spin rate and horizontal
movement were the second and third most important fac-
tors in predicting injury, respectively. Age and total innings
pitched over the course of the season were determined to be
important predictors as well (Figure 1).

Algorithm Performance and Feature Importance
Using SHAP Values

Based on demographic, workload, and pitching metrics from
the prior season, pitchers in the test set experiencing a shoul-
der or elbow injury were able to be predicted with an accu-
racy of 0.84 (95% CI, 0.83-0.85). An AUC of 0.66 (95% CI,
0.60-0.71) was achieved with the XGBoost model with
class-weighting. Discrimination was reduced slightly when
limiting the model to only the top 10 features (Figure 2).

The extent and direction of influence of a predictive fac-
tor on an individual pitcher’s predicted risk for shoulder or
elbow injury is not consistent from one pitcher to the next
due to the presence of interaction effects and nonlinear
relationships, as discussed previously. This is an advan-
tage of machine learning when compared with traditional

TABLE 1
Breakdown of Shoulder and Elbow Injuries

by Joint and Diagnosis (n = 606)

Injury n (%)

Joint
Elbow 294 (48.51)
Shoulder 312 (51.49)

Diagnosis
Bone spur 8 (1.32)
Bruise 4 (0.66)
Bursitis 1 (0.17)
Contusion 9 (1.49)
Dislocation 1 (0.17)
Impingement 30 (4.95)
Impingement syndrome 53 (8.75)
Inflammation 169 (27.89)
Laceration 2 (0.33)
Loose bodies 4 (0.66)
Muscle injury 3 (0.49)
Nerve injury 4 (0.66)
Other 3 (0.49)
Sprain 24 (3.96)
Strain 188 (31.02)
Stress reaction 3 (0.49)
Subluxation 5 (0.83)
Surgery 7 (1.16)
Tear 5 (0.83)

Tendinitis 33 (5.45)
Ulnar collateral ligament injury 37 (6.11)
Ulnar nerve injury 13 (2.15)
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statistics. However, combining the calculated SHAP values
from each pitcher-specific model in the study population
allows determination of the overall most important predic-
tors across all pitchers in the study. The most important
factors for the XGBoost model are shown in the SHAP
summary plot depicted in Figure 3. Higher mean velocity,
higher FB spin rate, and a higher percentage of SLs

thrown, as well as more horizontal and vertical movement,
were all important positive predictive factors for shoulder
or elbow injury, meaning they positively contributed to
the model’s prediction that a pitcher would experience
a shoulder or elbow injury the following season. Interest-
ingly, very few negative predictive factors that decrease
the likelihood of the model predicting a shoulder or elbow
injury in a pitcher were identified, with only slower CHs,
CBs, and FBs, lower FB spin rates, and lower percentages
of SLs thrown contributing considerably negative SHAP
values to pitchers’ overall risks (Figure 3).

Dependency and Interaction Effects

Analysis of SHAP dependence plots revealed strong fea-
ture interdependencies among predictive features, with
a pitcher’s FB velocity demonstrating the strongest inter-
dependencies with other predictive features. Although
pitcher age was not among the most important factors
for predicting shoulder or elbow injury, it demonstrated
strong interaction effects with a pitcher’s FB velocity (Fig-
ure 4). For example, a higher FB velocity did not alter
a younger pitcher’s predicted risk of shoulder or elbow
injury as substantially as it did for older pitchers. While
younger pitchers’ risk of shoulder or elbow injury did
not vary with FB velocity (suggesting younger pitchers
could throw with higher velocities without increasing
risk for injury), older pitchers throwing with higher veloc-
ities demonstrated increased SHAP values (increased
contributions of age to overall predicted risk) compared
with older pitchers throwing with lower velocities. It is
also interesting to note that in general, age and FB veloc-
ity were inversely related, with younger pitchers throw-
ing substantially faster than older pitchers (Figure 5).

Figure 1. Mean feature importance rankings as determined using 3 separate algorithms: recursive feature elimination with a ran-
dom forest algorithm, linear model coefficient ranking with ridge regression, and Gini importance (mean decrease in impurity) of
a random forest. Selected (estimated best) features are assigned rank 1, while nonimportant features have ranks close to 0. FB,
fastball; CB, curveball; CH, changeup; CT, cutter; SI, sinker; SL, slider; SP, splitter; %, frequency; v, velocity; -X, horizontal move-
ment; -Z, vertical movement.

Figure 2. Performance of the XGBoost model created with
only the top 10 features on internal validation using cross-
validation. The shaded area indicates the standard deviation.
The area under the receiver operating characteristic curve
(AUC) decreased from 0.66 to 0.61.
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Similarly, FB velocity displayed strong interdependen-
cies with the pitcher’s mean velocity for other pitches (Fig-
ure 4). For example, the contributions of a pitcher’s CB and
CH velocities on the overall predicted risk of shoulder or
elbow injury were substantially higher if that pitcher
also threw with a higher FB velocity. In other words, if 2
pitchers had the same mean CB velocity, but 1 had
a high FB velocity and the other had a low FB velocity,
the contribution of that pitcher’s CB velocity on the model’s
output for that pitcher was substantially higher for the
pitcher who had a high mean FB velocity when compared

with the pitcher with a low mean FB velocity, which sug-
gests a potential protective effect for pitchers who throw
with a high CB velocity but low FB velocity, or vice versa.

Further analysis of SHAP interaction values demon-
strated strong interaction effects among some of the most
important predictors of shoulder or elbow injury (Figure
6). For example, mean FB velocities exceeding 95 mph
(152.9 kph) demonstrated strong, positive interaction
effects with a higher percentage of SLs thrown, suggesting
that pitchers with both of these predictive factors experi-
enced an even greater predicted risk of shoulder or elbow
injury. However, mean FB velocities \95 mph demon-
strated strong, negative interaction effects with higher
SL percentages, suggesting that the overall predicted
risk of injury for pitchers throwing a high number of SLs
could be attenuated by throwing with a lower mean FB
velocity. Interestingly, though, for pitchers who did not
throw a high percentage of SLs, no interaction effects
were observed (Figure 6).

DISCUSSION

In this study, a machine-learning model was able to predict
shoulder and elbow injuries in MLB pitchers with excellent
accuracy, and the greatest predictors of future injury were
increased: pitch velocity (of all pitch types), utilization of
SLs, FB spin rate, and FB horizontal movement. A game
theory–based approach was taken to better understand
complex interdependencies and interaction effects between
identified risk factors, and some of the more impactful rela-
tionships included the following: a higher FB velocity did
not alter a younger pitcher’s predicted risk of shoulder or
elbow injury as substantially as it did for older pitchers;
the risk for shoulder or elbow injury increased with the
number of high velocity pitches thrown (regardless of pitch
type and in an additive fashion); and mean FB velocities
\95 mph demonstrated strong, negative interaction effects
with higher SL percentages, suggesting that the overall
predicted risk of injury for pitchers throwing a high num-
ber of SLs could be attenuated by throwing with a lower
mean FB velocity.

To accurately predict next-season shoulder and elbow
injuries in pitchers, the model developed in this study found
that ball-tracking data were far more impactful on injury
risk than player demographics or workload measures. The
most important predictors included pitch velocity and move-
ment, frequency of SLs, and FB spin rate. The only demo-
graphic variable identified through SHAP value analysis
as being among the top 10 features utilized by the XGBoost
model was player weight, with a higher body weight gener-
ally contributing elevated SHAP values (increasing risk)
toward injury prediction. However, this was not true in all
cases, as some players with a higher body weight did not
experience an increased risk for shoulder or elbow injury
due to weight. This suggests that these players may have
other protective factors interacting with weight that result
in a lack of contribution to risk from this variable, and fur-
ther investigation of this risk factor is warranted.

Figure 3. Feature importance (Shapley additive explanation
[SHAP] plots) for the XGBoost model showing the relative
contribution of each feature to model predictions. Each point
represents a single pitcher on which the probability of experi-
encing shoulder or elbow injury was predicted. The y-axis lists
variables selected into the model in order of importance from
top to bottom. SHAP values are listed on the x-axis and cor-
respond to the change in log-odds attributed to a feature’s
value (and hence the change in likelihood of experiencing
injury). A higher absolute value indicates greater importance
for generating a prediction. Gradient colors correspond to
the original value for a particular feature. Positive SHAP values
contribute to increased likelihood of experiencing a shoulder
or elbow injury, while negative SHAP values correspond to
decreased likelihood. FB, fastball; CB, curveball; CH,
changeup; CT, cutter; SI, sinker; SL, slider; SP, splitter; %, fre-
quency; v, velocity; -X, horizontal movement; -Z, vertical
movement.
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In contradiction to our hypothesis, none of the candidate
features related to workload (pitches thrown, batters faced,
innings pitched, and complete games) were identified as

independent injury risk factors by the model. This finding
should not be applied to youth pitchers, however, as the
present study focused exclusively on MLB pitchers.
Although increased workload has been correlated with
injury in youth pitchers,12,28 the same has not been demon-
strated for MLB pitchers.8 An analysis of 161 starting
MLB pitchers for the years 2010 to 2015 found no associa-
tion between preceding years of cumulative pitches, starts,
innings pitched, or mean pitches per start and being placed
on the IL for any musculoskeletal reason.24 These findings
may be subject to survivorship bias, where healthy pitch-
ers are more likely to throw more innings because they
have avoided the IL. So, this type of analysis may be self-
selecting for healthy pitchers when traditional statistical
methods are employed.

One prior study has applied machine-learning methodol-
ogies to predict next-season injuries in MLB players.15 How-
ever, the investigation was somewhat limited by inclusion of
a vast amount of player performance data (which have since
demonstrated high rates of volatility21) and a lack of ball-
tracking data, which may not have been available at the
time of that investigation.15 While predictive models of
future injury were generated for both position players and
pitchers separately in the aforementioned study, injury pre-
dictors were reported only for position players, as the top
performing model for pitchers achieved an accuracy of

Figure 4. Shapley additive explanation (SHAP) dependence plots demonstrating how the importance of multiple predictive fea-
tures varies depending on a pitcher’s fastball velocity (vFB): (A) age, (B) curveball velocity (vCB), and (C) changeup velocity (vCH).
Interaction effects between each variable are displayed as vertical dispersion. Each dot represents a single pitcher in the study.

Figure 5. Shapley additive explanation (SHAP) dependence
plot showing the effect of age on the impact of fastball veloc-
ity. Interaction effects between each variable are displayed
as vertical dispersion. Each dot represents a single pitcher
in the study. vFB, fastball velocity.
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only 64% with a corresponding AUC of 0.65.15 Furthermore,
feature importance rankings revealed the most important
factor used by the study’s best performing model for predic-
tion of future position player injury was history of a previous
injury, which was nearly 3 times as important as the next
most important feature, weighted cutter runs per 100
pitches. Other important features consisted of wins above
replacement, number of pinch hits, and run expectancy
wins, all of which had similarly low relative importance as
determined by the Gini importance metric.15 This substan-
tial difference in feature importance, with the most impor-
tant factor demonstrating a relative importance of 1.00
and the majority of other factors demonstrating a relative
importance\0.25, suggests that predictions of future injury
were based primarily on whether the player was injured in
the past, which is consistent with findings from other inves-
tigations as well. In the present study, multiple features
with relatively high importance were identified—namely,
features associated with pitch selection, velocity, spin rate,
and movement.

One of the most important set of findings from this
analysis was that strong feature interdependencies
among some of the most predictive features were identi-
fied, which suggest potential avenues by which pitchers
and teams can prioritize both player health and safety
and pitching performance. FB velocity displayed strong
interdependencies with the pitcher’s mean velocity for
other pitches. For example, the contributions of a pitcher’s
CB and CH velocities on the overall predicted risk of
shoulder or elbow injury were substantially higher if
that pitcher also threw with a higher FB velocity, even
if his CB and CH velocities were the same as another
pitcher with a lower FB velocity. In contrast, a pitcher
who threw with a high FB velocity but low CH or CB
velocity experienced little to no elevation in predicted

risk beyond the nominal value. Many hitters will agree
that the gap in velocity between a pitcher’s FB and his
secondary pitches can be more challenging than the FB
itself.25 Thus, by learning to deliver the FB in more effec-
tive patterns, limiting use to strategic time points in the
at-bat or game, teams may be able to optimize injury
reduction while still prioritizing performance.

Other interaction effects observed included those
between FB velocity and the frequency at which the
pitcher threw SLs. While previous studies have identified
high FB velocities as strong contributors to injury
risk,5,16,17 we found that pitchers whose mean FB velocity
exceeded 95 mph had even higher risks for injury when
they were also throwing a high number of SLs. It is inter-
esting to note that the majority of pitchers who throw
a high percentage of SLs are relievers, who are also more
likely to throw with a higher mean peak velocity due to
the expectation that they are able to throw with maximum
effort more frequently than starters, who may be expected
to pitch more innings and throw a greater variety of
pitches over the course of a game. While further biome-
chanical studies are needed to better understand the rela-
tionship between breaking pitches and injury risk, these
results demonstrate a potential association between pitch
selection and upper extremity injury risk.

While the variable age itself was not among the most
important factors for predicting shoulder or elbow injury,
it demonstrated strong interaction effects with a pitcher’s
FB velocity. In particular, the contribution of age to injury
risk prediction was elevated for older pitchers throwing
with high velocity compared with older pitchers throwing
with low velocity. This same relationship was not found
for younger pitchers, whose injury risk contribution from
age was not dependent on FB velocity in the same manner.
This finding may suggest that older pitchers are attempt-
ing to compensate for age-related reductions in velocity
with increased and more aggressive training regimens,
potentially contributing to an increased risk for injury.
Alternatively, the cumulative effect of years of throwing
at a higher FB velocity may predispose these older players
to an increased risk for subsequent injury when continuing
to throw at high velocities.

Finally, it is interesting to note that injured pitchers
demonstrated greater amounts of horizontal movement on
their FBs relative to noninjured pitchers and the potential
relationship between horizontal movement and a pitcher’s
arm slot. A recent study evaluating the effects of contralat-
eral trunk tilt on shoulder and elbow injury risk and pitch-
ing biomechanics in professional baseball pitchers found
that the greatest shoulder and elbow peak forces occurred
in the group of pitchers with a trunk tilt of 15� to 25�, which
was also the group throwing with a three-quarter arm
slot.10 A separate study found that a more vertical arm
slot position contributed to weaker FB movement, velocity,
horizontal break, and vertical break relationships.29 Thus,
the fact that more horizontal movement was associated
with greater injury risk may be explained by the relation-
ship between pitching with a lower arm slot and greater
peak forces at the shoulder and elbow.

Figure 6. Shapley additive explanation (SHAP) interaction
effects between important predictors of shoulder and elbow
injuries in pitchers. Variable interaction effects are quantified
by SHAP values and can shift the model output beyond what
the individual risk factor would predict alone. vFB, fastball
velocity; SL%, slider frequency.
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Limitations

This study has limitations that warrant discussion to
ensure interpretation of its findings in their proper con-
text. Because this study was conducted retrospectively, it
is vulnerable to biases introduced by the nature of the
data. Specifically, the IL is primarily intended as a roster
management tool rather than a true medical record.
Accordingly, many injuries may have occurred that were
not substantial enough to warrant IL placement. While
the joint involved can be interpreted with a high level of
accuracy, the actual diagnosis given to an IL injury often
lacks substantial specificity. In addition, the extent of
injury and length of time spent on the IL was not incorpo-
rated as part of the predictive model.

It is also possible that a number of predictive factors in
the model are associated with temporal changes over the
years included in the study. Yearly increases in features
such as FB velocity result in the possibility of unobserved
temporal changes interacting with the variables analyzed
in this study. By analyzing metrics derived to obtain sea-
son averages, more granular analyses of the time period
immediately before injury as well as acute changes in met-
rics and pitch characteristics during the course of the sea-
son were not performed. To address this shortcoming,
future work will need to entail application of a sliding-
window technique to aggregate pitching data across
a more granular time course and analyze acute changes
in metrics and their ability to predict shoulder and elbow
injuries. Similarly, to evaluate the cumulative effect of
multiple years of pitching with certain pitching patterns
that may predispose pitchers to an increased risk for
injury, evaluation of injuries that occur sooner or even
beyond the next season may be warranted.

While ball-tracking data are increasingly available for
players and coaches at the high school and college level,
there are still many pitchers for whom ball-tracking data
may be unavailable, which may limit the applicability of
our findings to these players. Furthermore, this study
was conducted using data exclusively on MLB pitchers,
so the results should not be applied to pitchers at the youth
level. Finally, external validation with data from individ-
ual teams, including both minor and major league players,
is needed before the current model’s being deployed for
injury prediction leaguewide.

CONCLUSION

Ball-tracking metrics were substantially more predictive of
injury than player demographics and workload metrics.
There were many significant game theory interdependen-
cies of injury risk. Notably, the increased risk of injury
that was conferred by throwing with a high velocity was
even further magnified if the pitchers were also older,
threw a high percentage of SLs, and/or threw a greater
number of pitches.
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APPENDIX

APPENDIX TABLE A1
Comparison of Candidate Features Between Pitchers Who Were Injured and Not Injureda

Variable Injuredb (n = 606) Not Injured (n = 3202) P

Player Demographics

Age, y 30.94 6 3.55 31.65 6 3.84 \.001
Height, inch (cm) 74.53 6 2.24 (189.31 6 5.69) 74.53 6 2.04 (189.31 6 5.18) .979
Weight, lb (kg) 215.71 6 20.77 (97.84 6 9.42) 215.00 6 20.01 (97.52 6 9.08) .426
Handedness

Left 148 (24.42) 882 (27.55) .122
Right 458 (75.58) 2317 (72.36) .111

Country of birth
Dominican Republic 65 (10.73) 343 (10.71) �.999
Japan 5 (0.83) 23 (0.72) .794
Mexico 12 (1.98) 51 (1.59) .487
Puerto Rico 4 (0.66) 34 (1.06) .504
United States 464 (76.57) 2425 (75.73) .679
Venezuela 24 (3.96) 165 (5.15) .261

Player Workload

Pitches thrown 855.11 6 786.08 816.49 6 796.60 .273
Batters faced 218.65 6 203.49 208.73 6 204.80 .274
Innings pitched 51.23 6 48.89 48.51 6 48.98 .211
Complete games 0.05 6 0.26 0.06 6 0.31 .712

Pitch-Tracking Metrics

Pitch type, %
FB 37.48 6 21.41 38.72 6 21.44 .190
CB 9.58 6 11.42 9.07 6 11.40 .314
CH 10.32 6 10.84 9.88 6 10.64 .351
CT 4.47 6 10.79 5.81 6 12.94 .016
SI 16.24 6 20.21 15.26 6 20.14 .272
SL 20.86 6 16.77 19.54 6 16.07 .066
SP 1.06 6 4.92 1.71 6 6.57 .019

(continued)
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APPENDIX TABLE A1
(continued)

Variable Injuredb (n = 606) Not Injured (n = 3202) P

Pitch velocity, mph (kph) 89.25 6 2.69 (143.63 6 4.33) 88.75 6 2.98 (142.83 6 4.80) \.001
FB 93.63 6 2.34 (150.68 6 3.77) 93.08 6 2.54 (149.80 6 4.09) \.001
CB 79.23 6 2.88 (127.51 6 4.63) 78.4 6 3.53 (126.17 6 5.68) \.001
CH 85.93 6 3.15 (138.29 6 5.07) 85.09 6 3.15 (136.94 6 5.07) \.001
CT 89.22 6 2.54 (143.59 6 4.09) 88.16 6 2.55 (141.88 6 4.10) \.001
SI 92.73 6 2.56 (149.23 6 4.12) 92.32 6 2.73 (148.57 6 4.39) .007
SL 84.57 6 2.96 (136.10 6 4.76) 83.99 6 3.26 (135.17 6 5.25) \.001
SP 84.94 6 2.57 (136.70 6 4.14) 85.07 6 3.31 (136.91 6 5.33) .800

Horizontal movement, inch (cm)c

FB-X –4.33 6 7.54 (–11.0 6 19.15) –3.44 6 8.01 (–8.74 6 20.35) .015
CB-X 4.50 6 8.57 (11.43 6 21.77) 4.29 6 8.58 (10.90 6 21.79) .669
CH-X –6.66 6 12.43 (–16.92 6 31.57) –5.82 6 12.62 (–14.78 6 32.05) .179
CT-X 1.15 6 2.90 (2.92 6 7.37) 1.20 6 3.11 (3.05 6 7.90) .866
SI-X –7.53 6 13.42 (–19.13 6 34.09) –6.24 6 13.71 (–15.85 6 34.82) .100
SL-X 2.85 6 6.55 (7.24 6 16.64) 2.60 6 6.86 (6.60 6 17.42) .464
SP-X –7.64 6 6.78 (–19.41 6 17.22) –8.25 6 6.33 (–20.96 6 16.08) .564

Vertical movement, inch (cm)d

FB-Z 16.12 6 2.55 (40.94 6 6.48) 16.11 6 2.70 (40.92 6 6.86) .946
CB-Z –8.70 6 4.82 (–22.10 6 12.24) –9.12 6 5.18 (–23.16 6 13.16) .149
CH-Z 7.98 6 4.47 (20.27 6 11.35) 8.01 6 4.36 (20.35 6 11.07) .897
CT-Z 8.93 6 3.36 (22.68 6 8.53) 8.69 6 3.41 (22.07 6 8.66) .447
SI-Z 9.71 6 4.27 (24.66 6 10.85) 10.12 6 4.32 (25.70 6 10.97) .096
SL-Z 1.94 6 3.82 (4.93 6 9.70) 1.91 6 3.90 (4.85 6 9.91) .859
SP-Z 4.58 6 4.26 (11.63 6 10.82) 5.85 6 4.03 (14.86 6 10.24) .057

Extension, ft (m) 6.08 6 0.40 (1.85 6 0.12) 6.10 6 0.41 (1.86 6 0.12) .271
FB 6.17 6 0.39 (1.88 6 0.12) 6.19 6 0.41 (1.89 6 0.12) .203
CB 5.82 6 0.43 (1.77 6 0.13) 5.82 6 0.44 (1.77 6 0.13) .821
CH 6.17 6 0.42 (1.88 6 0.13) 6.18 6 0.44 (1.88 6 0.13) .711
CT 6.03 6 0.39 (1.84 6 0.12) 6.03 6 0.40 (1.84 6 0.12) .962
SI 6.14 6 0.40 (1.87 6 0.12) 6.17 6 0.42 (1.88 6 0.13) .133
SL 5.93 6 0.42 (1.81 6 0.13) 5.94 6 0.42 (1.81 6 0.13) .727
SP 5.98 6 0.33 (1.82 6 0.10) 6.03 6 0.42 (1.84 6 0.13) .509

Spin rate, rpm 2244.03 6 191.93 2224.05 6 195.57 .021
FB 2264.64 6 161.98 2241.15 6 155.35 .001
CB 2457.20 6 261.03 2463.22 6 282.55 .702
CH 1764.29 6 254.43 1740.72 6 248.33 .058
CT 2340.44 6 190.62 2320.91 6 193.93 .268
SI 2147.01 6 152.88 2148.12 6 159.30 .903
SL 2387.55 6 226.92 2371.30 6 238.81 .165
SP 1317.77 6 242.32 1377.30 6 311.85 .238

Spin axis, deg 178.18 6 26.84 178.61 6 27.33 .722
FB 192.49 6 26.50 189.92 6 28.67 .047
CB 120.87 6 110.78 122.90 6 113.55 .750
CH 209.40 6 57.07 205.93 6 58.71 .234
CT 168.19 6 25.55 168.50 6 28.92 .902
SI 208.55 6 54.92 202.42 6 56.04 .056
SL 149.07 6 68.83 150.38 6 70.22 .705
SP 236.43 6 43.32 229.68 6 40.38 .315

aData are presented as mean 6 SD or n (%). Boldface P values indicate statistically significant difference between groups (P \ .05). CB,
curveball; CH, changeup; CT, cutter; FB, fastball; SI, sinker; SL, slider; SP, splitter; %, frequency; -X, horizontal movement; -Z, vertical
movement.

bA player was considered injured if he was placed on the Major League Baseball injured list for a shoulder or elbow injury the following
season.

cRegarding horizontal movement, in right-handed pitchers a negative value means arm-side movement and a positive value means glove-
side movement. It is the exact opposite for left-handed pitchers.

dRegarding vertical movement, a negative value indicates downward vertical movement and a positive value indicates upward vertical
movement.
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