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Introduction
Effective injury management is paramount for optimizing player performance across all
sports. In team sports, injuries can have significant effects on individual performance
and overall team success, often leading to substantial competitive and financial setbacks.
For instance, a study of the English Premier League (EPL) [1], one of the world’s
most elite soccer leagues, estimated that injuries cost teams approximately £45 million
per season. Additionally, every 136 player-absence days correlates to a one-point loss
in league standings, underscoring the critical importance of injury prevention and

management in preserving team competitiveness and mitigating economic losses.
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Baseball, however, presents even greater challenges in injury-related management
compared to soccer due to its demanding schedule. The EPL season spans from August
to May, with teams playing 38 matches-roughly one game per week [2]. In contrast,
Major League Baseball (MLB) runs from March to October, with teams playing 162
games per season, averaging 5 to 7 games per week [3]. This significantly condensed
schedule affords MLB players far less recovery time, increasing the risk of cumulative
fatigue and injury (Table 1). Moreover, the distinct specialization of player roles, such as
pitchers and hitters, introduces unique biomechanical stressors, necessitating position-
specific injury prevention strategies. These factors make injury management in baseball
not only more complex but also more critical to the longevity and success of players and
teams.

A study on hitter injuries in Major League Baseball (MLB) and Minor League Baseball
(MILB) revealed that 62.2% of shoulder injuries-the most common type of injury among
hitters-result from sudden movements or acute trauma [4]. In contrast, research on
MLB and MiLB pitchers highlighted that elbow injuries are the most prevalent, with
serious cases leading to more than five days of roster exclusion. Specifically, 59.1% of
starting pitchers and 58.3% of relief pitchers reported elbow injuries, underscoring the
unique vulnerability of this player group [5].

The distinct types and causes of injuries across baseball positions necessitate tailored
approaches to injury prediction and management. For hitters, the predominance
of sudden, trauma-induced injuries makes tracking specific metrics for prevention
particularly challenging. Moreover, the relatively short average recovery time of 22
days for hitter injuries further limits the utility of predictive models [4]. However,
the repetitive, chronic nature of many pitcher injuries provides greater potential for
identifying early warning signs, allowing more targeted interventions.

For pitchers, elbow injuries, the most common type, are mainly caused by repetitive
stress over extended periods [6]. As such, continuous monitoring and identification
of key contributing factors are critical for effective injury management. If an elbow
injury progresses beyond the point of rehabilitation, it can result in ulnar collateral
ligament (UCL) damage, requiring Tommy John Surgery (T]S). This procedure involves
reconstructing the damaged ligament using a tendon typically harvested from the wrist
or hamstring.

TJS is a severe, long-term injury with an average recovery period of approximately
20.5 months [7], imposing substantial economic costs. A study of 194 MLB pitchers
who underwent TJS estimated an average financial loss of $1.9 million per pitcher [8].
Moreover, as shown in Figure 1, the number of MLB pitchers undergoing TJS has steadily
increased since its introduction. Consequently, understanding and predicting pitcher
injuries associated with TJS is critical to mitigating financial losses and safeguarding the
health and careers of players while preserving team performance.

Table 1 Comparison of match frequency between EPL and MLB

League Duration(months) Total matches Weekly games

EPL 95 38 About 1
MLB 75 162 About 6
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Fig. 1 Annual number of TJS performed on MLB pitchers since the procedure’s introduction in 1974

Previous research on managing and predicting elbow injuries in pitchers mainly
depended on pre-season pitching analysis or medical imaging. For instance, several
studies examined pitching mechanics using video analysis to identify injury-related
factors [9, 10], while others utilized advanced imaging techniques, such as stress
ultrasonography, to predict UCL injuries based on ligament morphology [11, 12].
However, these approaches are limited by their inability to account for real-time
biomechanical changes during actual games. In addition, the reliance on medical data
restricts the practicality of these methods due to accessibility challenges.

Baseball has long been a leader in data-driven analytics, a movement catalyzed
by Bill James’s seminal work, Baseball Abstract [13], and the subsequent evolution
of Sabermetrics-a rigorous, evidence-based framework underpinned by advanced
statistical modeling. Modern MLB games now generate comprehensive, high-resolution
data for every pitch thrown, recording an array of metrics with unparalleled precision.
Building on this wealth of information, we hypothesize that pitchers who undergo TJS
exhibit distinct and identifiable patterns compared to those who do not. Leveraging
these granular in-game data, this study seeks to predict and elucidate the underlying
factors contributing to TJS, providing a data-driven foundation for early intervention
and injury prevention.

We constructed a comprehensive dataset using the Pybaseball package in Python to
develop deep learning models for injury prediction [14]. The dataset includes 5,537,981
pitches, encompassing 94 distinct pitching metrics, and is organized into 620 player
cases classified as injury or non-injury. To predict injuries up to 100 days in advance, we
implemented various DL models, including Long Short-Term Memory (LSTM), CNN-
LSTM, Transformer-Encoder, ResNet, and Vision Transformer (ViT). Among these, the
ViT model outperformed the others, achieving an Fl-score of 0.73, demonstrating its
effectiveness in handling complex multivariate time-series data.

For estimating the remaining days until an injury event, we employed a 1D-CNN
regression model, which achieved a R* of 0.79. Furthermore, we utilized the explainable
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AI (XAI) tool SHAP to interpret the regression model’s outputs, identifying a downward
release point of the four-seam fastball as a critical indicator of injury risk. This finding
was kinetically validated, showing strong alignment with established injury mechanisms.
Our results offer valuable insights by leveraging granular, real-world player data,
confirming that DL model interpretations can align with existing biomechanical injury
theories. These findings contribute to advancing the predictive and preventive strategies
for pitcher injuries in baseball.
The key contributions of our research are as follows:

+ This study is the first, to our knowledge, to specifically predict injuries leading to TJS
in MLB pitchers using widely available in-game data, rather than focusing on general
elbow injuries or relying on limited-access medical datasets.

+ Our approach enables the prediction of injury risk up to 100 days in advance. By
incorporating explainable AI (XAI) techniques, the study identifies critical changes
in pitching mechanics that can inform early intervention and prevention strategies.

+ XAl reveals that a lowered four-seam fastball release point signals impending injury,
guiding preventive pitching measures.

Related work

Injury prevention is a critical priority for athletes, as injuries can significantly diminish
performance, shorten careers, and escalate healthcare costs [15-17]. In baseball, elbow
injuries requiring TJS are particularly severe, with extended recovery periods averaging
20.5 months [7] and substantial financial implications, including increased healthcare
expenditures and rehabilitation costs [8, 18, 19]. Given the high stakes, researchers
have pursued various strategies to mitigate injury risk, ranging from traditional medical
and biomechanical approaches to modern, data-driven methods. These efforts aim to
predict and prevent injuries more effectively, ensuring athletes’ sustained health and
performance.

Before looking at previous studies on traditional elbow injury research (Sect. 2.1)
and more recent machine learning or deep learning approaches (Sect. 2.2), it is helpful
to understand why injury prevention matters so much. By combining insights from
medical science, biomechanics, and big data analysis, we can work toward tools that
predict injuries early and guide prevention strategies. This not only helps athletes stay
healthy and maintain a high level of performance but also benefits teams and leagues by
reducing the overall impact of injuries.

Traditional studies about pitchers’ elbow injury

Previous research explored the biomechanics of elbow injuries in professional baseball
pitchers, mainly depending on non-game-related data. One study [9] analyzed preseason
video recordings of 23 professional pitchers and monitored their elbow injuries over
three seasons. The findings revealed a significant correlation between injury occurrence
and specific pitching mechanics, such as elevated elbow valgus torque and high
shoulder external rotation torque, particularly among players who sustained injuries or
underwent surgery. Similarly, another study [10] investigated the 3D motion of 69 adult



Kang et al. Journal of Big Data (2025) 12:87 Page 5 of 30

pitchers to identify biomechanical factors contributing to elbow injuries. This study
highlighted six key variables, including elbow flexion, significantly influencing valgus
torque on the elbow. Notably, changes in elbow flexion at the release point were shown
to correlate with variations in valgus torque, underscoring the intricate relationship
between pitching mechanics and the kinetic transfer of forces through the arm.

Medical imaging has also been employed to predict elbow injuries in pitchers.
One study [11] utilized ultrasound to measure medial joint laxity in 70 professional
pitchers during spring training and assessed their subsequent risk of UCL injuries.
The findings indicated that pitchers with an ulnohumeral joint gap exceeding 5.6
mm in their dominant arm had a sixfold higher likelihood of UCL rupture during the
season (AUC=0.77, p=0.02). These results suggest that ultrasound evaluation of UCL
morphology could serve as a valuable tool for identifying pitchers at elevated risk
of injury, thereby enhancing player assessments and informing targeted preventive
strategies.

Another study [12] conducted a comparative analysis of 203 professional pitchers with
and without TJS using ultrasound examinations. The results revealed that pitchers who
underwent TJS displayed a significantly larger resting ulnohumeral joint space (median,
0.5 mm vs. 0.2 mm, p = 0.006) and a higher prevalence of hypoechoic foci (57.9% vs.
30.4%, p = 0.03). These findings further highlight the potential of medical imaging to
identify structural markers associated with injury risk, offering actionable insights for
early intervention.

The majority of prior research mainly focused on analyzing and predicting pitcher
elbow injuries using non-game-related data, which fails to capture the dynamic, real-
time mechanics and stressors encountered during actual competition. To address these
limitations, we seek to utilize real-game data, enabling a more accurate assessment of
injury risk. By doing so, we aim to guide effective injury management strategies and
provide a deeper understanding of how in-game conditions impact pitcher elbow health.

ML/DL-based studies on pitchers’ injuries

Several scholars utilized real-game data to predict pitchers’ injuries using machine
learning (ML) and deep learning (DL) techniques. For example, a study [20] analyzed
game data from 4657 players, sourced from databases such as Baseball-Reference [21],
FanGraphs [22], and Baseball Savant [23], to predict player placements on the 10-day,
15-day, or 60-day Disabled List in the following season. The study employed an ensemble
model combining Random Forest [24], Logistic Regression [25], and XGBoost [26],
which outperformed traditional single-model approaches, achieving F1-scores of 0.70
for hitters’ injuries and 0.55 for pitchers’ injuries. However, when focusing on more
specific injury categories, such as elbow injuries, the model’s performance significantly
declined, with F1-scores of only 0.07 for hitters and 0.17 for pitchers. This underscores
the model’s limitations in predicting more granular injury types.

Another study [27] utilized a DL approach, analyzing broadcast footage of 20 MLB
pitchers who were injured during the 2017 season. [28] trained an Inflated 3D ConvNet
(I3D) model, initially designed to predict various types of pitcher injuries. When applied
to predicting UCL tears, the model achieved F1-scores of 0.74 for left-handed pitchers
and 0.69 for right-handed pitchers. Although the original evaluation focused on the
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final 20 pitches before an injury, an ablation study revealed that extending the analysis
window to 30 pitches further improved the Fl-score, indicating that incorporating a
slightly longer pitch history can enhance the model’s predictive accuracy.

Despite the success of these studies in utilizing real-game data, they present notable
limitations. The ML-based study [20] faced challenges with low Fl-scores when
predicting specific elbow injuries. In contrast, the DL-based approach [27], while highly
accurate, made predictions too close to the injury event (within 30 pitches), limiting
its practical utility for proactive injury prevention. Additionally, these models did not
interpret how their predictions related to the underlying kinetic factors contributing to
injuries, leaving a significant gap in understanding the biomechanical drivers behind the
results.

To address these challenges, this study introduces a DL framework that integrates both
classification and regression tasks. The proposed approach aims to predict TJS injuries
up to 100 days in advance and estimate the remaining time until injury, allowing for a
more comprehensive analysis of the contributing biomechanical factors.

Dataset

Data source

In this study, we utilized MLB pitching data from the 2016 to 2023 seasons [23],
characterized by the extensive use of ‘Trackman’ technology to capture detailed pitch
metrics. The data was gathered through the Pybaseball [14] package in Python, resulting
in a dataset of 5,537,981 pitches with 94 distinct attributes, including metrics such as
pitch velocity, spin rate, release angle, and pitch type. The dataset includes only regular-
season games.

Players were categorized into two groups based on injury status: those who had
undergone TJS and those who had not. Data for players who underwent TJS were
obtained from a publicly available database [29], which has tracked Tommy John
surgeries across both MLB and MiLB players since 2012. For the TJS group, data from
their last two seasons before surgery were used. Only players with a minimum of two
game appearances during those seasons were included. Similarly, non-injury players
were selected if they participated in at least three out of their most recent four seasons,
as shown in Table 2. In total, 620 samples were included, with 101 injury and 519 non-
injury cases. The overall statistics for the pitches are summarized in Table 3.

Table 4 presents the pitch metrics used in the analysis. We choose to exclude data
associated with simple fatigue factors (e.g., total pitch counts, player age), as these
exhibit substantial individual differences and are not consistently tracked across
official and unofficial (e.g., Spring Training) games. In particular, pitch counts can
vary dramatically outside regular-season play, and players may attain starting roles at

Table 2 Normal vs. injured cases by number of seasons represented

Category Normal Injured
Seasons represented 4 3 2 4 3 2
Cases 518 1 - 44 53 4

Total 519 101
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Table 3 Metrics comparison by handedness and injury status

Category Normal Injured

Handedness Left-handed Right-handed Left-handed Right-handed
Cases (n) 149 370 25 76

Height (cm) 189.5 £ 46 1892 £54 1889 £5.0 1885456
Weight (kg) 97.7 £89 985493 98.1+97 976+87
Fastball speed (mph) 926+ 2.7 939+£25 928 +£26 949+ 22

Spin rate (rpm) 2222 +171 2289 4 159 2222 + 131 23154+ 173

Data represent physical and performance metrics averaged over all players grouped by handedness and injury status

Table 4 These metrics, extracted from Pybaseball, are defined by Baseball Savant[14].

Pitching metrics

Description

AX, Ay, Az
Effective_Speed
Pfx_X, Z

Plate_X, Z
Release_Extension
Release_Pos_X, Z
Release_Speed
Release_Spin_Rate
Spin_Axis

Vx, Vy, Vz

"The acceleration of the pitch in the X, Y, Z dimensions."

"Derived speed based on the pitcher’s release (from hitter's perspective)”
"Movement in the X and Z dimensions from the catcher's perspective”
"Position of the ball in the X and Z dimensions when it crosses home plate.
"Release extension of the pitch in feet, as tracked by Statcast.

"Release position in the X and Z dimensions from the catcher’s perspective!
"Pitch velocity at the release point.

"Spin rate of pitch.

"Spin axis in the 2D X-Z plane in degrees (from 0 to 360)."

"Velocity of the pitch in the X, Y, Z dimensions.”

Table 5 Pitch types extracted from the Pybaseball data with less than 90% missing values

Pitch type Description

CH Change-up

(@] Curve

FC Cutter

FF Four-seam fastball

S| Sinker (two-seam fastball)
SL Slider

different ages, complicating the creation of a generalized model. Furthermore, prior

research [30] indicates that TJS cases also occur among players under 18, suggesting

that age alone may not be a reliable predictor in this context. By removing these

highly individualized variables, we focused on more consistent mechanical metrics

that better capture potential injury-related changes.

Table 5 summarizes the pitch types included in the study. By combining the pitch-

specific metrics from Table 4 with the pitch types from Table 5, we created a single

feature for each pitch type, resulting in a total of 102 features per pitcher. Using this

dataset, we aim to assess whether injury risk can be predicted based on pitch-type-

specific metrics.
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Preprocessing

We pivoted the records extracted using Pybaseball by pitch type, allowing us to use
pitch-type-specific metrics as features for each pitcher. To account for differences
between left-handed and right-handed pitchers, we standardized all pitching metrics
to align with those of right-handed pitchers.

Missing values in the pitching metrics were handled using two approaches. For
pitchers with entirely missing metrics, we replaced the missing values with the average
values across all pitchers. For partially missing data, we used linear interpolation to
estimate the missing values. Furthermore, to account for individual variations even
among pitchers in similar conditions, we applied differencing based on each player’s
average values from the first season (among the four seasons analyzed), rather than
using absolute values.

Outliers were removed by excluding data points that deviated by more than +4.7¢
from the mean for each pitching metric. To standardize the time-series data, we used
the last game for each pitcher (for injured players, the last game before surgery) as
the reference point. Since the pitching dates varied across pitchers, we reordered the
prior pitching records in reverse chronological order relative to this reference date,
ensuring that the time axis represented the number of days remaining until the last
game. This approach resulted in time-series data with daily intervals, as shown in
Fig. 2.

In the classification task, we reduced variation in each metric by aggregating
the data into five-day intervals and using the average values. For the regression
task, which predicts the number of days remaining until injury, applying the same
aggregation method as in the classification task would have reduced the number of
samples, complicating the training process. Therefore, to maintain an appropriate
granularity for the target variable, we kept all time points but still maintained a five-
day interval for the input data.

<Time Series Reordering>

—Raw data OPlayerl

( ) OPlayer2
- ©pPlayer3
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Fig. 2 Time-series reordering process. The last pitching date for both injured and non-injured groups is set as
day 0, with prior pitching dates arranged in reverse chronological order relative to this reference point
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Method

We employed a multivariate time-series dataset to conduct experiments using a range
of DL models, including LSTM, CNN-LSTM, Transformer-Encoder, ResNet, ViT, and
1D-CNN. These models were selected for their ability to capture the complex, non-linear
patterns and periodicity inherent in each player’s data. Their architectures are well-
suited to learning intricate dependencies across multiple variables over time, enabling
more accurate and personalized pattern recognition.

First, we analyzed data up to 100 days prior to injury to classify injured versus
non-injured players. The choice of a 100-day window was informed by practical
considerations drawn from existing literature on the nonoperative treatment of partial
UCL tears, where rehabilitation periods typically last around 3 months (approximately
12 weeks) for players to return to play without surgery [31, 32]. By identifying potential
injury risks at least 100 days in advance, coaches, trainers, and medical staff have a
sufficient timeframe to implement preventive strategies, adjust pitching workloads, or
initiate early interventions, potentially reducing the likelihood of progression to a stage
requiring surgical intervention.

Moreover, to predict the remaining days until injury, we developed regression
models using a 1D-CNN with data spanning up to 550 days prior to the injury event.
This extended timeframe was chosen based on preliminary experiments suggesting
that incorporating longer historical data enhanced the model’s predictive stability and
accuracy.

Lastly, we applied XAI techniques in the regression analysis to explore whether
pitching metrics correlate with injury occurrences in a biomechanical context. This
approach not only deepens our understanding of the key contributing factors but also
identifies the metrics with the most significant predictive influence when estimating
the remaining time until injury. By combining a 550-day regression window with XAI
methods, our framework provides a comprehensive perspective on early injury timeline
estimation and offers valuable biomechanical insights that can inform preventive

strategies.

Classification framework for TJS prediction
The dataset used in this study consisted of multivariate time-series data, with each
pitcher’s game schedule varying, leading to inherently irregular sampling intervals.
While we resampled the data to regular intervals, some irregularities persisted due to
differences in player availability and event frequency. To address the temporal nature of
this data, we first employed well-established time-series models-LSTM, CNN-LSTM,
and Transformer-Encoder. Specifically, LSTM targets long-term dependencies, CNN-
LSTM combines local and temporal features, and the Transformer-Encoder’s parallel
attention mechanism captures extended interactions within the pitching metrics.
Considering the findings of prior research [33], which demonstrated that vision-based
models can outperform traditional methods in handling irregularly sampled time-series
data, we extended our approach to incorporate ResNet and ViT. For these models, we
transformed the time-series data into single-channel images, with time on one axis and
pitching metrics on the other. This transformation allows the vision models to interpret
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Table 6 Overview of model architectures and key configurations

Models Configuration
ViT Vision transformer (Patch16, input size 224), pre-trained on ImageNet
ResNet ResNet-50 pre-trained on ImageNet

Transformer Encoder
CNN+LSTM

LSTM

512-dim. embeddings, 16 attention heads, 12 encoder layers
Two 1D-CNN layers followed by a 4-layer LSTM (512-dim. embeddings)
A 4-layer LSTM with 512-dim. embeddings

the data as a two-dimensional ‘feature-time space; enabling them to capture complex

Cros

usin

s-feature interactions and subtle temporal patterns that may be difficult to detect
g purely sequential architectures. In essence, while conventional models focus on

the evolution of individual features over time, vision-based models can simultaneously

exploit the relationships among multiple features across different time points, effectively

uncovering intricate spatial (feature-to-feature) and temporal (feature-to-time) patterns

within the data. Figure 3 illustrates this process, and Table 6 provides the detailed

configurations for each model.

.

LSTM [34]: LSTM, an extension of Recurrent Neural Networks [35], employs a
memory cell and gating structure that allows it to effectively retain and update
context information over extended sequences. This design addresses issues like the
vanishing gradient problem, enabling the network to better preserve long-term
temporal dependencies. In our approach, we adopt a six-layer, bidirectional LSTM
architecture, allowing the model to incorporate information from both preceding
and following time steps in the pitching sequence. Through this bidirectional
structure, we aim to more comprehensively capture intricate temporal patterns,
ultimately improving the accuracy of injury prediction.

CNN-LSTM [36, 37]: A CNN-LSTM model integrates the spatial pattern recognition
abilities of Convolutional Neural Networks with the temporal sequence modeling
strengths of LSTMs. In our case, a 1D-CNN first distills key local patterns from
the pitching metrics, and these condensed representations are then fed into LSTM
layers to capture temporal dynamics. By combining these two perspectives, we aim

Page 10 of 30
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to detect nuanced relationships that span both feature space and time, ultimately
enhancing the model’s capacity to forecast injury risk.

o Transformer [38]: The Transformer-Encoder leverages self-attention to
simultaneously consider all positions in a sequence, effectively revealing long-
distance relationships without relying on step-by-step processing. This parallelized
attention mechanism not only improves computational efficiency but also facilitates
the discovery of subtle interactions among pitching metrics. By applying the
Transformer-Encoder to our data, we expect a more refined interpretation of how
multiple factors evolve and influence injury outcomes over extended periods,
potentially leading to more accurate predictions.

o ResNet [39]: ResNet, a deep CNN architecture incorporating skip connections,
enables stable training even at substantial depths, facilitating the extraction of
intricate visual features. In our work, we represented the pitching time-series as
single-channel images, then utilized a ResNet-50 model pre-trained on ImageNet
[40] from PyTorch. This image-based encoding allows ResNet to identify subtle
spatial patterns, potentially reflecting underlying biomechanical signals related to
injury risks.

+ ViT [41]: ViT, originally developed for image classification, segments an image into
patches and employs self-attention to discover both granular and holistic patterns.
In our implementation, we adapted the ViT Base Patch16 224 model (pre-trained on
ImageNet [40] via the TIMM library) by converting the pitching time-series data into
single-channel images and applying padding (—5) to standardize input dimensions.
Through this patch-based, attention-driven analysis, ViT can potentially uncover
delicate spatial relationships and subtle indicators of injury risk that conventional
sequential models might overlook.

Regression framework for predicting days until injury

Since each player’s pitch data is irregularly sampled, we initially tested LSTM,
CNN+LSTM, and Transformer models for the regression task, using interpolation to
handle missing time points, as done in our classification approach. However, after 10
runs with different random seeds, none of these sequential models achieved an R? score
above 0.1, indicating fundamental limitations given our dataset conditions. We also
explored vision-based architectures (ResNet, ViT) referenced from our classification
framework but found them unsuitable for many-to-many regression tasks.

Drawing on insights from Sateesh Babu et al. [42], which emphasize the stability of
convolutional approaches for sequence modeling, we adopted a single-channel 1D-CNN.
Instead of modeling each player’s time series separately, this approach aggregates all pre-
injury data from injured players to capture generalizable patterns leading up to an injury.
By predicting the number of days remaining until injury, our 1D-CNN provides a more
robust quantitative understanding of how subtle variations in pitching metrics may
signal an impending injury event.

+ 1D CNN Regression [42]: As shown in Fig. 4, our 1D-CNN regression framework
processes time-series pitching metrics through four convolutional layers, each



Kang et al. Journal of Big Data (2025) 12:87 Page 12 of 30

<Regression Flow Chart>

Dataset Input Data Model Learning
Data Extraction ays, 1, Features; .
(Daysyly B ) ip-cnn Bieh Mo |(x4Conv. Layers) Evaluation
layer Conv. L: L
Pybaseball 20 Y p o ayervﬁ"mmg_ Days
0\, = h before Injury
'55 0 P/ . -Kernel size : 6 v
- Elayer2 ) A" -Channel Flow : R e
Data Preprocessing ——— 4 ( 1532564128256 Metrics
(Only for Injured Cases) (Batch; 1, Eeatures) -Batch Norm. -
‘ /v [_l -ReLU Activation . 7:* TOOA-?
Pivoting by || Standardization i o —1 -Max Pooling V—:} R RMS|
Pitch Type ‘ (Right-hand ref.) Days
=
ks before . 4 Fully Connected Layers 2
Interpolating | le{'glirzcsmg ) Injury . F‘l”““ ~ A N &
Missing Values K 2
g ) For Each Players 550 Player 101 E o Output gl
| o —— e ®» ¢ Bl
Removing Time Series v | { before Predicted Value
Outliers "’ Reordering S VAN Injury
eatures 256x15  256x15 256 128 64 1

(Pitching Metrics)

Fig. 4 Summary of the regression task

followed by batch normalization, a ReLU activation, and max-pooling. This standard
sequence ensures stable training, enhances representational capacity, and reduces
data dimensionality. After these convolutional blocks, the extracted features are
flattened and passed through four fully connected layers to produce a single scalar
output: the number of days remaining until injury. This design balances model
complexity and interpretability, enabling the network to capture critical temporal
patterns in the pitching metrics while maintaining computational efficiency. In doing
so, our approach seeks to identify subtle signals that may precede the onset of injury.

Experiment

In this paper, we employed both classification and regression approaches to predict
outcomes related to TJS for MLB pitchers. To evaluate the overall performance of the
models in both tasks, we conducted experiments using 10 different random seeds.

All experiments were conducted with an NVIDIA RTX4090 GPU (22.5 GB memory)
and an Intel(R) Xeon(R) CPU @ 2.20 GHz. We used Python 3.11.11 for training,
implementation, validation, and testing procedures. It enabled the efficient handling
of our extensive MLB pitching dataset and significantly accelerated the deep learning

processes.

Classification task

Model training and loss function

For the classification task, the same random seeds were applied across all models to
ensure consistency. The dataset was split into training, validation, and test sets with a
6:2:2 ratio, using stratified sampling to preserve the proportions of injured and non-
injured cases.

To address the class imbalance in injury cases, we experimented with both a SMOTE-
based upsampling approach [43] and a Weighted Binary Cross-Entropy (Weighted BCE)
technique, given the relatively small number of injured players. In trials using our best-
performing model (ViT), Weighted BCE improved the injured-class F1-score by at least
0.03 compared to both the standard (no upsampling) and SMOTE-based approaches,
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as shown in Fig. 5. This improvement led us to adopt Weighted BCE as our final loss
function.

Specifically, we modified the binary cross-entropy (BCE) loss function, as shown in
Eq. 1. To enhance the contribution of the minority class (injury cases), we introduced
a weighting factor, defined in Eq. 2 [44]. This factor was proportional to the imbalance
ratio, allowing the model to better account for underrepresented samples during

training.
1 N
BCE(5) = =17 > (vilogGi) + (1 — y) log(1 — i) (1)
i=1
1
Weighted BCE(y, §) = —+- > (wiyilog(a) + (1 — yi) log(1 — 7)) )
i=1

« wi: weight for the positive class(class I : Injured case)
+ y;: ground truth label for the i-th sample

« J;: predicted probability for the i-th sample

« N: total number of samples

Evaluation metrics

Considering our binary classification task involves imbalanced classes, with non-injured
cases outnumbering injured cases by approximately 5:1, relying solely on accuracy would
not provide a comprehensive assessment of model performance. To address this, we
utilized multiple evaluation metrics that capture different aspects of predictive quality:

«+ Precision: Focuses on how many of the predicted positives are truly positive, thus
indicating the model’s ability to avoid false alarms. This is particularly important
when a false positive (predicting an injury when there is none) has significant

implications.

0.90 @Non Sampling+Weighted BCE
(OSMOTE Upsampling + BCE
@Non Sampling + BCE

S A

@

=

=1

]
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—
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Avg 0.73 0.64 0.70 0.64 0.60 0.63
StdDev 0.09 0.11 0.06 0.10 0.10 0.07

Fig. 5 Injured-class F1-score distributions for each classification model across three class-imbalance
strategies: Non-sampling with weighted BCE (blue), SMOTE upsampling plus BCE (yellow), and non-sampling
with standard BCE (red). Results are shown for 10 repeated runs per model
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+ Recall: Highlights the proportion of actual positives correctly identified, reflecting
the model’s effectiveness in detecting true injuries. A high recall suggests that the
model misses fewer actual injury cases, which is critical in a scenario where missing
an injury could lead to player health risks.

« FI1-Score: Serves as a harmonic mean of precision and recall, providing a single-value
measure of balance between false alarms and missed positives. The F1-score is well-
suited for imbalanced data, as it ensures both dimensions of predictive performance
are fairly represented.

o Receiver operating characteristic-area under the curve (ROC-AUC): Evaluates the
model’s ability to distinguish between classes across various decision thresholds.
A high ROC-AUC indicates that the model ranks positive instances higher than
negatives most of the time, offering a threshold-independent view of discriminative

power.

Hyperparameters for classification

A key aspect of improving our classification performance involved addressing data
imbalance. After experimenting with both SMOTE and weighted BCE, we found that
assigning higher loss weights (Pos Weight) to the minority class was more effective
than upsampling. We first optimized the weight factor, determining that a value of
5-reflecting the approximate 5:1 imbalance ratio-yielded the best results. In addition, all
models were standardized using MinMaxScaler and trained with the Adam optimizer,
combined with a Cosine Annealing scheduler [45] to ensure stable convergence. We then
conducted a grid search to fine-tune hyperparameters such as learning rates, batch sizes,
and regularization terms, as detailed in Table 7. This process allowed us to identify the
optimal configuration that maximized performance metrics while effectively mitigating

data imbalance.

Regression task

Model training and loss function

For the regression task, the dataset of injured players was divided into training,
validation, and test sets in a 6:2:2 ratio, aggregating all recorded dates without

Table 7 Summary of hyperparameter settings for the classification models

Models Batch size Learning rate L1 Reg. L2 Reg. Pos weight
ViT 16,32,64,128 1.0e-6~5.0e-6 0~3.0e-6 0~3.0e-5
4.0e-6 0 3.0e-5
ResNet 16,32,64 1.0e-5~ 8.0e-05 0~3.0e-6 0~1.e-05 15
6.e-05 1.0e-6 0
Transformer 32,64,128 1.e-06~5.e-06 0~3.0e-7 0~1.0e-6
3.0e-6 1.0e-7 1.0e-7
CNN+LSTM 16,32,64 9.0e-7~5.0e-6 0 0
2.e-05
LSTM 32,64128 6.0e-6~1.0e-5 0 1.0e-5
8.0e-5

The text in bold indicates the numerical values used in the experiment
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distinguishing between individual players. We employed the mean squared error
(MSE), as shown in Eq. 3, as the loss function to train the regression model, with
the goal of predicting the number of days remaining before an injury. This approach
prioritized capturing general patterns across all available data points by treating each
instance independently, thus simplifying the model.

N
1
MSE(,5) = 1> 0i = 0)° 3)
i=1

« y;: ground truth label for the i-th sample
+ ¥ predicted probability for the i-th sample
+ N:total number of samples

Evaluation metrics on regression

For the regression task, we evaluated model performance using two metrics: the
Coefficient of Determination (R%) and a custom 100-day accuracy measure. To ensure
robustness and generalizability, we conducted 10 experiments per model.

o R? (coefficient of determination): R* quantifies how much of the variation in the
time-to-injury outcome is explained by the input features. A value approaching 1
indicates that the model closely fits the observed data, capturing key patterns that
relate pitching metrics to the injury timeline. This measure provides a baseline
sense of model adequacy, offering insight into its explanatory power.

o 100-day RMSE: After the classification stage identifies players who are likely to
be injured within 100 days, we employ the Root Mean Squared Error (RMSE)
metric specifically for these players. By focusing on individuals whose injuries
are imminent, the 100-Day RMSE quantifies how closely the model’s predictions
align with the actual remaining days until injury. A lower RMSE indicates more
accurate and reliable predictions, providing a clearer basis for timely interventions
and preventative strategies when it matters most.

Hyperparameters for regression

Preliminary experiments showed that a four-layer network architecture provided
stable performance for our regression task. Based on this, we fixed the network
depth to four layers and performed a grid search to optimize key hyperparameters,
including the learning rate, batch size, and regularization terms. Moreover, all inputs
were standardized using MinMaxScaler, and the model was trained with the Adam
optimizer combined with a Cosine Annealing scheduler to ensure more consistent
convergence. As shown in Table 8, this configuration effectively balanced model

complexity while optimizing factors critical to improving regression accuracy.
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Table 8 Summary of hyperparameter settings for the regression model

Model Batch size Learning rate L1 Reg. L2 Reg. Dropout
1D-CNN 16,32,64,128 1.0e-4~ 3.0e-3 0~ 1.0e-4 0~ 9.0e-6 0,0.1,0.2
1.0e-3 0 0

The text in bold indicates the numerical values used in the experiment
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Fig. 6 Classification performance metrics (injured-class) of the 5 classification DL models across 10
experiments. a Precision, b Recall, c F1score, d ROC-AUC and e Accuracy

Results

Results on classification

Figure 6 and Table 9 present the results of the five classification models used in this
study. Given the imbalance between injured and non-injured cases, we assessed
performance using four key metrics: F1-score and ROC-AUC. The models, ranked
in descending order of classification performance, were ViT, ResNet, Transformer-
Encoder, CNN-LSTM, and LSTM. The ViT model achieved an average F1-score of 0.73
across 10 experiments, with a ROC-AUC of 0.93. These results suggest that, despite the
small sample size of 620 and the imbalanced data, the ViT model reliably distinguishes
between injured and non-injured cases. Additionally, the methodology proposed in
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previous research [33], which highlights the effectiveness of vision models in capturing
both spatial and temporal features in irregularly sampled datasets, such as medical data,
was also validated in our research.

Additionally, Fig. 7 presents the epoch-by-epoch training and validation loss curves
for each classification model. Notably, the pre-trained vision models (ResNet, ViT)
tended to converge more rapidly than the others, prompting us to reduce the batch size
to allow for more fine-grained updates and potentially mitigate overfitting. By examining
these curves, one can assess how quickly each model converges and detect any signs of
instability or overfitting throughout the training process.

In contrast to ViT, ResNet-a vision-based model-demonstrates lower predictive
capability, likely due to fundamental differences in their data-processing approaches.
While ViT uses self-attention to capture complex, long-range dependencies by
transforming time-series signals into patch-based representations, ResNet primarily
relies on convolutional filters and residual connections. This convolutional framework
is effective at extracting localized spatial features but struggles to capture the extended
temporal and contextual relationships present in the transformed time-series data. In
contrast, ViT’s self-attention mechanism allows for a more comprehensive analysis
by integrating both spatial and temporal information across patches. This broader
perspective likely explains ViT’s superior performance compared to ResNet.

However, when comparing the computational costs of these vision-based models in
our classification task, ViT requires about three times the training time, seven times the
inference time, and nearly four times the GPU usage of ResNet, as shown in Table 9.
Despite these overheads, we find ViT to be a rational choice for the following reasons.
First, it delivers over a 0.09 improvement in F1-score compared to the next best model.
Second, although its training and inference times are indeed higher (roughly 3 x and
7x those of ResNet, respectively), using a pre-trained ViT rather than a from-scratch
approach helps mitigate the training burden. Third, the total inference time for 124

players amounts to just 0.64 seconds, making it feasible in real-world scenarios-such
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Fig. 7 Epoch-by-epoch training and validation loss curves for each classification model, illustrating stepwise
performance development and convergence trends

Page 17 of 30



Kang et al. Journal of Big Data (2025) 12:87 Page 18 of 30

Table 9 Model performance and resource usage metrics

Model Class Precision Recall F1-score ROC-AUC Acc. Traintime Inference GPU usage
(s) time(s) (GB)
ViT* Normal 0.94 096 0.95 0.93 90.8 217 0.64 5.18
Injured 0.79 0.68 0.73
ResNet* Normal 0.93 0.95 0.94 0.88 893 6l 0.09 1.29
Injured  0.71 0.60 0.64
Tformer Normal 091 0.82 0.86 0.78 783 355 0.36 6.77
Injured  0.39 059 046
CNN+ Normal 091 078 084 0.75 749 45 0.02 2.79
LSTM Injured 035 061 044
LST™M Normal  0.90 064 075 0.67 639 135 0.07 5.74
Injured  0.24 0.62 0.35

*Indicates a pretrained model All metrics are averaged over 10 experiments. The test set consists of 104 non-injured
(“Normal”) and 20 injured (“Injured”) cases. “Train Time(s)” and “Inference Time(s)" refer to the total time in seconds for model
training and inference, respectively, while “GPU Usage (GB)” indicates the maximum GPU memory consumption in gigabytes
during training. Results are reported separately for each class to highlight class-specific performance. ViT consistently
demonstrates superior predictive ability for injury cases, particularly with respect to F1-score and ROC-AUC, suggesting its
effectiveness in distinguishing injury-related patterns

as running the model on a per-game basis. Consequently, we consider ViT’s improved
classification performance well worth the additional computational cost in practical
MLB settings.

Figure 8 presents a visualization of the ViT model’s attention map, highlighting the
specific metrics the model focuses on when making predictions. This visualization
emphasizes the interpretability of the model, demonstrating that it prioritizes certain
features in predicting injury outcomes. However, these results alone do not establish a
direct link between injuries and specific pitching metrics. This limitation prompted us
to conduct additional experiments using a regression model to further investigate this

relationship.

Results on regression

To assess the average performance of the regression model, we conducted ten runs
of the 1D-CNN regression model, as shown in Fig. 9c. The R* value demonstrated an
average correlation of 0.79. Additionally, the 100-Day RMSE was calculated to be 95.7
on average, as presented in Fig. 9a and b. Since all trials yielded meaningful R* values,
we proceeded with an XAI analysis to gain a deeper understanding of how the model
interprets the relationships between the days leading up to injuries and the pitching
metrics.

Moreover, as shown in Fig. 9¢, an inverse relationship was observed between the
100-Day RMSE and the R? value, indicating that higher R? values correspond to lower
prediction errors for players within the critical 100-day window before injury. This
suggests that the R? value is a key indicator of the model’s ability to accurately predict
injury risk for this high-risk subgroup of players.

Interpretation using SHAP values
SHAP [46] was selected over other XAl tools, such as LIME, due to its ability to provide
both global and local explanations, as well as its foundation in game theory, which
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Fig. 9 Evaluation results of the model from 10 experiments. a R?value (0.79), b 100-Day RMSE (95.7), and ¢ R?
and 100-Day RMSE values. a and b represent the results of a model that demonstrated average performance
across the 10 experiments.

allows for a comprehensive analysis of feature importance. While LIME excels at local
interpretability, it is limited in capturing global relationships within the data [47]. For
example, LIME cannot generate dependence plots, which are crucial for visualizing
how feature values influence predictions across the dataset and for analyzing feature
interactions.

SHAP, on the other hand, excels in this regard by providing dependence plots and
other global interpretability tools, making it particularly well-suited for tasks that
require a holistic understanding of the data. This global perspective is crucial for our
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study, as the objective is not only to predict T]S but also to identify key contributing
factors across the dataset. These insights are essential for developing actionable
strategies in player management and injury prevention.

Building on the global interpretability capabilities of SHAP, Gradient SHAP
enhances the standard framework by incorporating gradient information from
DL models [48]. By introducing slight variations in input values and measuring the
resulting gradient responses, Gradient SHAP enables more accurate attribution of
feature importance within complex, non-linear architectures. This gradient-based
approach is particularly valuable for deep learning models, as it captures how subtle
changes in input features influence the model’s output. As a result, Gradient SHAP
offers a nuanced and comprehensive perspective on feature contributions, even in
high-dimensional spaces where intricate feature interactions can significantly affect
predictive performance. For implementation details and further documentation, we
direct the reader to the official SHAP GitHub repository [49].

We first conducted 10 experiments to identify the top 10 pitching metrics with
the highest SHAP values for each model, as summarized in Table 10 and illustrated
in Fig. 10. This analysis revealed 20 distinct features that consistently emerged as
the most influential contributors. To verify that these 20 features genuinely played
a critical role in enhancing model interpretability and predictive performance, we
performed an additional 10 experiments using the same random seeds, but with
training and evaluation restricted solely to these selected features. This validation

Table 10 Count of pitching metrics (features) selected among the top 10 SHAP values across 10
experiments

Pitching metric Top10 Top5 Top3

o

10
10

Release_Speed_FF
Spin_Axis_FF
Release_Extension_SL

O
o

Release_Pos_X_SlI
Spin_Axis_SI
Release_Spin_Rate_FF
Release_Speed_SL
Release_Extension_FF
Release_Pos_X_SL
Release_Pos_X_FF
Pfx_7Z_CH
Release_Pos_X_CH
Spin_Axis_SL
Release_Pos_7_CH
Release_Extension_CU
Release_Pos_7Z_CU
Release_Pos_7_SlI
Release_Spin_Rate_SL
Vy0_SL
Release_Speed_CH

— = = 2 =S NN W W W MDD N0 0 0 Y O =
O O O - O O O O — O O — W u1 N

O O O O O O O O O O O O — — N O N O =

o

The table displays how frequently each feature was ranked within the top 10, top 5, and top 3 most important features
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AVG SHAP Value per Feature

Release_Speed_FF - & 1+ 17.05
Spin_Axis_FF -] -14.54
Release_Extension_SL{ +—[E 1} r13.41
Release_Pos_Z_CU - 4 r12.00
Release_Pos X _SI{+—[& ° r11.93
Release_Spin_Rate_FF 1+ &1 r11.66
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Release_Speed SL {+[& 1 r11.13

o Release_Pos_X_SL { +[&}+ +10.64
5 Spin_Axis_SI {-{Z} +10.31
§ Release_Pos_X_CH {1 @ r10.20
- Release_Pos Z CH 1§ r10.01
Release_Pos_X_FF 1+ @&+ r 9.99
Release Pos Z SI{—+4 9.98

Pfx Z CH{ G - 9.81

Spin_Axis_SL 1@t r 9.39
Release_Spin_Rate SL{ # r 9.32

VyO SL {4 t 9.19
Release_Extension_CU 1 - 8.96
Release_Speed CH {4 - 8.88

10 15 20
SHAP Value

Fig. 10 Average SHAP values of each feature from 10 experiments. This bar chart highlights the relative
importance of each feature, with higher SHAP values indicating a stronger influence on the model's
predictions. Description of each feature is in Table 11

Table 11 Examples of pitching metrics for each pitch type were extracted from TOP 5 SHAP values

in Fig. 10

Pitch type Description

Spin_Axis_FF Four-seam Fastball’s spin axis(direction)
Release_Speed_FF Four-seam Fastball’s release speed
Release_Extension_SL Slider’s release extension from pitching rubber
Release_Spin_Rate_FF Four-seam Fastball’s spin rate in releasing position
Release_Pos_X_SI Sinker's hoizental release position

step ensured that the features highlighted by the SHAP analysis were both stable and
interpretable, reinforcing the credibility of our feature selection process.

By comparing the results of the original full-feature model with the model restricted
to the top 20 SHAP-identified features, we observed only a minor decrease in R* (0.06)
and a modest decrease in 100-Day RMSE (2.2), as shown in Fig. 11c. This relatively small
performance gap suggests that the selected 20 features not only capture the model’s
most critical predictive signals but also preserve a strong level of accuracy. In other
words, despite reducing the dimensionality of the input space, these features continue
to capture the essential factors influencing injury prediction, reinforcing their validity as

key predictive variables.
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Fig. 12 Autocorrelation results for the 20 key features identified from the first 10 experiments. Among these
features, Release_Extension_SL exhibits the strongest correlation with Release_Extension_FF

Among the 20 features, we identified three with significantly higher average SHAP
values compared to the others, as shown in Fig. 10. Upon examining their autocorrelation
matrices, as described in Fig. 12, we found that all three features (Release_Speed_FF,
Spin_Axis_FF, Release_Extension_SL) were associated with the Four-seam Fastball.
Based on these findings, we aim to interpret the results from two perspectives: the
movement of the ball and the physical changes in the pitcher.
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The movement of the ball

o Release_Speed_FF: This metric represents the speed of the four-seam fastball at the
time of the pitch. The time-series plot in Fig. 13b shows a trend of decreasing values
as the injury date approaches. This trend is consistent with the dependence plot as
shown in Fig. 13a derived from SHAP values, indicating that the model interprets the
ball’s speed slowing as the injury event nears. As illustrated in Fig. 13b, the Pearson
correlation analysis between Release_Speed_FF and the days remaining until injury
(r=0.18, p=0.07) suggests a small but not statistically significant association at the
0.05 level [50]. Nonetheless, a noticeable decline in Release_Speed_FF was observed
during the final pre-injury season, indicating that despite the non-significant p-value,
this metric may still hold practical relevance for injury risk assessment.

The physical changes in the pitcher

» Spin_Axis_FF: This metric represents the four-seam fastball’s axis of rotation. Since
all pitch metrics are derived from right-handed pitchers, an increase in this axis
value indicates a more horizontal spin orientation for such pitchers, as illustrated in
Fig. 14c. The dependence plot in Fig. 14a shows that as this metric increases, the
remaining days until injury decrease. In addition, Fig. 14b confirms a rising trend
in Spin_Axis_FF as the injury date approaches, culminating in a 6° increase by the
final pre-injury game. A Pearson correlation analysis reveals a significant inverse
relationship (r=—0.61, p <0.05) between Spin_Axis_FF and the days remaining until
injury, indicating that this metric is meaningfully associated with impending injury.
A more detailed interpretation of this finding is provided in Sect. 6.3.3.

+ Release_Extension_SL: This metric represents the distance from the pitching rubber
to the release point for a slider. The dependence plot in Fig. 15a suggests that an
increase in this metric corresponds to a closer proximity to the injury event, and
the time-series plot in Fig. 15b similarly indicates an approximately 0.2 feet increase
as the injury date nears. A Pearson correlation analysis (r = 0.70, p < 0.05) further
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suggests that higher values of this metric are associated with a closer injury date.
Moreover, because the slider-related metric demonstrates a meaningful correlation
(R? = 0.59) with the four-seam fastball metric (Fig. 12) and exhibits a similar time-
series trend (Fig. 15b, c), we have chosen to analyze Release_Extension_FF instead
of the original metric to maintain interpretive consistency with previously examined
indicators (Release_Speed_FF, Spin_Axis_FF). In order to conduct additional analysis
Release_Extension_FF, we further segmented the data using Release_Pos_x_FF and
Release_Pos_z_FF as reference axes. As illustrated in Fig. 15d, there is no discernible
trend along the x-axis release point, with a p-value of 0.62 indicating no statistically
significant relationship. In contrast, Fig. 15e reveals that the time-series trend for
Release_Pos_z FF runs counter to what is shown for Release Extension_ FF in
Fig. 15c. Moreover, the Pearson correlation analysis between Release_Pos_z_FF
and the days remaining until injury yields r = 0.39 and p < 0.05, demonstrating a
meaningful association in which Release_Pos_z_FF decreases as the injury date
approaches. This observed pattern indicates that the pitcher may be lowering their
forearm during the release, which could help explain the previously noted increase
in Spin_Axis_FF. A prior study by Jinji [51] noted that while the trajectory of a four-
seam fastball is influenced by the direction of the palm, the spin axis itself is not
directly affected by other wrist-related kinematic factors. This implies that the arm’s
overall motion must be examined more closely. If the wrist does not substantially
affect the spin axis at the release point, then the lowered Release_Pos_Z_FF found
in this study’s regression model may serve as indirect evidence that changes in arm
positioning are contributing to the observed increase in Spin_Axis_FF.

Relating to TJS
In our study, we used a 1D-CNN regression model to predict the number of days
remaining until injury for pitchers who had undergone TJS. Our findings revealed that
as pitchers approached the injury event, the vertical release point of their four-seam
fastball (Release_Pos_Z_FF) decreased, while their spin axis (Spin_Axis_FF) became
more horizontal and release speed (Release_Speed_FF) decreased. These changes
were interpreted within the broader context of elbow injuries. Specifically, alterations
in a pitcher’s mechanics-such as a decrease in the release point (Release_Pos_Z,_ FF)
and changes in the spin axis (Spin_Axis_FF)-are presented as factors that increase
valgus torque (Fig. 16a). This added stress on the ulnar collateral ligament (UCL)
can progressively weaken it, leading to a loss of velocity (Release_Speed_FF). If these
mechanical issues persist, the cumulative damage may ultimately require T7S.

Supporting this interpretation, a previous study [9] assessed 23 professional pitchers
prior to spring training to identify injury risk factors. The study found significantly
higher elbow valgus torque in pitchers who later sustained elbow injuries or required
TJS compared to their non-injured counterparts (injured group: 91.6 N-m; non-injured
group: 74.7 N-m; p = 0.013). Elevated valgus torque places additional stress on the UCL,
increasing its susceptibility to injury.

Further evidence supporting this interpretation comes from another study [10]
involving 69 collegiate and professional pitchers, which found a significant negative
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(a) Elbow valgus torque during pitching. (b) Elbow flexion during pitching. Flex-
Valgus torque is the outward rotational ion refers to the angle formed between the
force applied to the elbow joint, stressing upper arm and the forearm at the elbow
the UCL. joint.

Fig. 16 Comparison of elbow valgus torque and elbow flexion during the pitching motion

correlation between elbow valgus torque and elbow flexion angle at fastball release (r =
—0.36; p = 0.04), as shown in Fig. 16b. Specifically, a lower flexion angle at ball release
was associated with increased valgus torque on the elbow joint. This suggests that when
pitchers lower their forearm during the release phase, they experience greater valgus
torque, further exacerbating stress on the UCL.

Integrating these findings, we propose that the observed decrease in Release_Pos_Z_
FF as the injury approaches reflects a lowering of the forearm during the release phase.
This mechanical adjustment likely reduces the elbow flexion angle at ball release.
According to the studies mentioned, a decreased elbow flexion angle correlates with
increased elbow valgus torque, which in turn elevates stress on the UCL. This heightened
stress accelerates elbow damage, ultimately increasing the likelihood of injuries that may
require procedures such as TJS.

Discussion and conclusions

This study proposed a method for predicting the risk of TJS among MLB pitchers
using various DL models. The ViT model achieved the highest performance, with an
F1-score of 0.73 and a ROC-AUC of 0.93, using real-time, game-derived data to make
predictions up to 100 days before an injury event. These results highlight the potential of
DL in capturing complex time-series data and identifying non-linear, periodic patterns
in pitching metrics. Moreover, the 1D-CNN regression model demonstrated strong
predictive power in estimating the days remaining until injury, achieving an R? of 0.79,
indicating a robust alignment between predictions and actual outcomes.

Building on these results, we applied SHAP values from the regression model-which
predicts the number of days remaining before an injury-to enhance interpretability. This
analysis revealed notable shifts in key pitching mechanics: the vertical release point of
the four-seam fastball dropped by approximately 0.2 feet, and its spin axis became about
6° more horizontal. These mechanical changes are closely linked to increased stress on
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the UCL, suggesting that even subtle alterations in pitching mechanics can serve as
early indicators of heightened injury risk. By clarifying how specific aspects of pitching
mechanics influence the likelihood of TJS, these findings provide a practical basis for
early intervention strategies aimed at preserving pitcher health and potentially reducing
the need for complex surgical procedures.

Limitations and future works

Despite these promising results, the study has several limitations. The dataset comprised
only 620 cases, which may limit the generalizability of the models. The small sample
size contributed to notable variance in key evaluation metrics, such as the F1-score,
suggesting that the models are sensitive to data variability. Furthermore, because
the dataset was limited to MLB pitchers, the findings may not fully generalize to
other baseball leagues. This limitation highlights several avenues for future research.
First, expanding the dataset to include pitchers from Minor League Baseball and
international leagues would enhance the reliability and generalizability of the models,
ensuring broader applicability across different competitive levels. Second, integrating
richer, multimodal data—such as wearable sensor readings [10], biomechanical
measurements [9], and actual game footage [27]—could provide a deeper understanding
of how injury risks develop and evolve over time, offering a more comprehensive view
of pitching mechanics and performance under real-world conditions. Finally, employing
advanced explainable AI methods, including causal inference techniques[52], could help
distinguish between factors that are merely correlated with injury risk and those that
truly drive it. By pursuing these directions, future studies could develop more effective,
evidence-based tools that enable coaches, trainers, and medical staff to intervene early
and strategically, ultimately safeguarding pitcher health.

Ethical considerations The findings of this work introduce a new dimension to TJS
management. From a managerial perspective, coaches can proactively identify potential
injuries in pitchers and adjust pitch counts, pitch types, or even game appearances
accordingly. However, this approach may negatively impact a pitcher’s performance if
the detection model inaccurately signals an injury risk, leading to premature removal
from play when the pitcher is still capable of competing. Therefore, it is essential that our
work is applied in real-life scenarios with careful consideration, recognizing that expert
knowledge must be integrated into decision-making processes based on our model’s
predictions.

Real-time applicability and future directions Our regression model processes data on
a day-by-day basis, which suggests that real-time predictions become feasible whenever
new player data are updated (e.g., after each game). For instance, if the model identifies
that a pitcher’s risk window is under 100 days, trainers and medical staff could focus
on the key metrics flagged by the model (e.g., four-seam fastball speed, vertical release
point) and adjust upcoming training or rehabilitation sessions accordingly. However,
the model does not currently learn from follow-up data related to post-injury care or
long-term recovery strategies. In future research, integrating such information-along
with automated suggestions for intervention-could substantially enhance the model’s
practical utility.
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Clinical applicability and complementary diagnostics While our proposed method
provides valuable insights into potential injury risks-particularly by highlighting
metrics such as Spin_Axis_FF-these findings should be viewed as supportive rather
than definitive. Final decisions regarding a player’s readiness or need for further
medical evaluation must ultimately reside with trainers, medical staff, and specialists.
In particular, Spin_Axis_FF offers an additional clue not commonly addressed in
previous research, potentially complementing established diagnostic techniques such as
MRI scans. As a result, we recommend that sports practitioners employ our approach
alongside traditional evaluations, ensuring that suspected injuries receive the thorough
clinical investigation they require.
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