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An Integrated Modeling Study
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Featured Application

The computational model presented in this study can be utilized by sports scientists, coaches, and
rehabilitation specialists to optimize neuromuscular training programs, enhance athletic
performance, and reduce injury risks through personalized simulation-based interventions.

Abstract

Understanding neuromuscular adaptations resulting from specific training modalities is crucial for
optimizing athletic performance and injury prevention. This study aimed to computationally model
and predict neuromuscular adaptations induced by strength and plyometric training, integrating
musculoskeletal simulations and machine learning techniques. A validated musculoskeletal model
(OpenSim 4.4; 23 DOF, 92 musculotendon actuators) was scaled to a representative athlete (180 cm,
75 kg). Plyometric (vertical jumps, horizontal broad jumps, drop jumps) and strength exercises (back
squat, deadlift, leg press) were simulated to evaluate biomechanical responses, including ground
reaction forces, muscle activations, joint kinetics, and rate of force development (RFD). Predictive
analyses employed artificial neural networks and random forest regression models trained on
extracted biomechanical data. Results highlighted distinct neuromuscular adaptations: plyometric
training improved reactive strength, RFD, and muscle activation synchronization; strength training
increased joint moments, peak muscle activation, and neuromuscular coordination. Machine learning
predictions revealed superior neuromuscular gains through combined training, especially pairing
back squats with high-intensity drop jumps (50 cm). This integrated computational approach
demonstrates significant practical potential, enabling precise optimization of training interventions
and injury risk reduction in athletic populations.

Keywords: computational modeling; neuromuscular adaptations; strength training; plyometric
training; musculoskeletal simulation; OpenSim; machine learning; athletic performance; training
optimization

1. Introduction

Neuromuscular adaptations are foundational to improvements in athletic performance, directly
influencing strength, power, speed, and injury resilience. Strength training, characterized by
resistance exercises targeting maximal force production, typically induces muscular hypertrophy and
neural improvements, enhancing motor unit recruitment and synchronization. Plyometric training,
involving rapid stretch-shortening cycles, primarily develops neuromuscular efficiency, power, and
reactive strength by optimizing muscle activation patterns and stiffness properties.

Despite extensive empirical research into these training methods, the precise mechanisms
underpinning neuromuscular adaptations remain partially understood, and the optimization of
combined strength and plyometric training protocols remains challenging. Computational modeling,
notably musculoskeletal simulation software like OpenSim, provides powerful tools for dissecting
the intricate biomechanical and physiological adaptations occurring in response to diverse training
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stimuli. Further integration with artificial intelligence (Al), particularly machine learning algorithms,
enables sophisticated predictive analyses, potentially revolutionizing training prescription and injury
prevention strategies.

The neuromuscular adaptations explored in this study hold significant practical implications
across various sports disciplines, including athletics, soccer, basketball, and volleyball. Enhanced
muscular activation, increased joint stability, and improved force development directly contribute to
superior performance in sport-specific tasks such as sprinting, vertical and horizontal jumping, rapid
directional changes, and efficient energy transfer during complex movements. Coaches and athletes
in these disciplines could significantly benefit from understanding and strategically applying the
findings to optimize training protocols, boost competitive performance, and enhance injury
resilience.

This study aims to address existing gaps by presenting an integrated computational analysis to
simulate and predict neuromuscular adaptations arising from strength and plyometric training. By
leveraging OpenSim-based modeling alongside machine learning techniques, the current research
explores individual and combined effects of these training modalities. The findings are expected to
enhance the understanding of specific neuromuscular responses, inform evidence-based training
practices, and establish foundations for future research in computational sports science.

1.2. Theoretical Background

Neuromuscular adaptations constitute fundamental mechanisms underlying enhancements in
athletic performance, influencing strength, power, speed, coordination, and injury resilience. These
adaptations occur through complex interactions between neural and muscular systems, driven by
specific training stimuli and resulting physiological responses. A thorough understanding of these
adaptations is essential for optimizing athletic training and performance outcomes [1-3].

At a physiological level, neuromuscular adaptations involve intricate processes within the
central nervous system (CNS) and skeletal muscles. Neural adaptations specifically encompass
enhanced motor unit recruitment, increased motor neuron firing rates, and improved
synchronization of motor unit activation. A motor unit, defined as a single motor neuron and the
muscle fibers it innervates, serves as the fundamental functional unit responsible for muscle
contractions. Initiation of muscular contractions occurs when action potentials travel along motor
neurons, triggering neurotransmitter release at neuromuscular junctions and facilitating muscle fiber
depolarization and subsequent contraction. Regular exposure to training stimuli significantly
enhances the efficiency, synchronization, and magnitude of these neuromuscular processes, leading
to notable improvements in muscle strength, coordination, and overall athletic capabilities [4-6].

Strength training primarily induces neuromuscular adaptations via mechanical loading,
stimulating both neural and muscular pathways. Neural adaptations include improved motor unit
recruitment, increased motor unit firing frequency, and enhanced synchronization of motor units.
Such neural changes contribute significantly to gains in muscular strength, especially during early
training phases, even before notable muscular hypertrophy occurs [7-9].

Muscular adaptations resulting from strength training predominantly involve hypertrophy,
characterized by an increase in muscle fiber cross-sectional area. This structural change directly
enhances force-generating capacity. Additionally, strength training facilitates shifts in muscle fiber
type composition, typically promoting transitions towards fast-twitch muscle fibers, which possess
greater force-production potential and responsiveness to high-intensity exercise [10-13].

In contrast, plyometric training emphasizes rapid, explosive muscle contractions through the
utilization of the stretch-shortening cycle (SSC). This training modality predominantly stimulates
improvements in neuromuscular efficiency, reactive strength, and power output. Key adaptations
from plyometric training include increased muscle-tendon stiffness, optimized timing and
magnitude of muscle activation patterns, and enhanced stretch reflex sensitivity, collectively
resulting in improved explosive performance [14-16].
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The stretch-shortening cycle represents a crucial biomechanical mechanism wherein a rapid
eccentric muscle contraction immediately precedes a concentric contraction. Effective use of the SSC
enables athletes to produce maximal force and power output rapidly, critical for actions such as
sprinting, jumping, and rapid directional changes [17-19].

While both strength and plyometric training independently foster distinct adaptations,
integrating these methods within training programs could yield synergistic effects, further
augmenting athletic performance. However, optimal strategies for combining these modalities
remain a subject of ongoing investigation due to the complexity of physiological interactions
involved [20,21].

Computational musculoskeletal modeling has emerged as a powerful tool for investigating
biomechanical and physiological adaptations induced by different training stimuli. Platforms such
as OpenSim facilitate detailed analyses of muscle activation patterns, joint kinetics, and
neuromechanical interactions, offering insights beyond what can be readily observed in experimental
settings alone [22,23].

Moreover, integrating computational modeling with artificial intelligence, particularly machine
learning algorithms, expands the potential for predictive analysis and optimization of training
interventions. Machine learning models leverage extensive biomechanical and physiological data to
predict individualized adaptation trajectories, enabling precise adjustments to training variables
tailored to specific athletic goals [25-27].

This integrative computational approach provides unprecedented opportunities to dissect the
mechanisms underpinning neuromuscular adaptations comprehensively. By simulating various
training scenarios, researchers can explore the nuances of neuromuscular responses, refine training
prescriptions, and enhance individualized training effectiveness while minimizing injury risks
[28,29].

In practice, applying computational and Al-driven analyses enables sports scientists and
practitioners to move beyond generalized training protocols, developing highly individualized
programs based on predictive outcomes. This precision-based methodology could revolutionize
current practices in sports training and rehabilitation, ensuring athletes receive optimal, evidence-
based interventions.

Furthermore, computational approaches help address limitations inherent in traditional
empirical studies, such as ethical concerns, logistical constraints, and participant variability. Through
computational simulations, researchers can systematically manipulate specific training variables and
observe detailed neuromuscular responses, providing robust and controlled environments for testing
hypotheses and refining theoretical models [30-32].

Current research trends increasingly recognize the value of interdisciplinary collaboration,
integrating biomechanics, physiology, data science, and artificial intelligence. Such integrative
approaches enhance the understanding of neuromuscular adaptation processes, facilitate the
development of innovative training methodologies, and encourage the translation of scientific
knowledge into practical sports applications.

Despite the potential advantages, challenges remain in ensuring computational models
accurately reflect the complex biological realities of human neuromuscular systems. Model
validation, calibration, and refinement using empirical data are crucial steps in guaranteeing the
reliability and applicability of computational findings in practical settings [33-35].

Future research directions include refining computational models to incorporate individualized
athlete data, enhancing predictive accuracy, and expanding simulation capabilities. Additionally,
exploring interactions between neuromuscular adaptations and other physiological systems through
integrated computational frameworks will further enrich understanding and application.

Ultimately, harnessing computational modeling and artificial intelligence in the context of
neuromuscular training represents a promising frontier in sports science. It offers significant
potential for optimizing athletic performance, preventing injuries, and advancing the broader field
of exercise and health research.
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2. Materials and Methods

The methodological model employed in this study integrates advanced musculoskeletal
modeling techniques with powerful machine learning algorithms, establishing a rigorous and
innovative basis for investigating neuromuscular adaptations. Leveraging detailed computational
simulations and sophisticated predictive analytics, the procedures described herein ensure precision,
reproducibility, and practical applicability, providing a robust foundation for understanding and
optimizing training-induced effects on athletic performance. To clearly illustrate the methodological
framework described above, Figure 1 provides a schematic overview of the integrated computational
modeling and predictive analysis process employed in this study.
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Figure 1. Integrated Computational Framework used for modeling and predicting neuromuscular adaptations

to strength and plyometric training.

The methodological flow includes defining neuromuscular, biomechanical, and physiological
variables, setting up the computational musculoskeletal model in OpenSim, simulating specific
plyometric and strength training exercises, extracting key biomechanical parameters (e.g., ground
reaction forces, joint moments, muscle forces, rate of force development), preparing datasets through
normalization, scaling, principal component analysis (PCA, 95% explained variance), and dataset
partitioning (70% training, 15% validation, 15% testing), performing predictive modeling using
artificial neural networks (ANN, three hidden layers, 64 neurons each, ReLU activation function) and
Random Forest regression (100 trees, bootstrap), optimizing and validating models via cross-
validation, hyperparameter tuning, and performance metrics (R?>, MAE, RMSE), and finally
interpreting neuromuscular adaptations by analyzing feature importance, identifying optimal
exercise combinations, and providing training recommendations.

2.1. Computational Modeling Setup (OpenSim)

The computational analysis of neuromuscular adaptations was conducted using OpenSim
(version 4.4), an extensively validated open-source musculoskeletal modeling software. OpenSim
enables detailed biomechanical simulations by solving equations of motion through inverse and
forward dynamics techniques, facilitating accurate estimations of joint moments, muscle activations,
and mechanical outputs [36].

The musculoskeletal model selected for this study included 23 degrees of freedom and 92
musculotendon actuators, representing major muscles of the lower limbs. The generic model was
scaled precisely to replicate a typical young adult athlete (height: 180 cm; body mass: 75 kg). Scaling
procedures involved adjusting segment lengths, inertial properties, and muscle-tendon parameters
proportionally according to anthropometric ratios derived from standard reference databases [37].

Inverse kinematics analyses were conducted to determine joint angles by minimizing marker-
position errors, ensuring accuracy within 2 cm. Inverse dynamics were subsequently performed to
calculate joint moments, utilizing ground reaction forces and measured kinematics as inputs, based
on Newton-Euler equations implemented numerically within OpenSim [38].

Static optimization methods were applied to estimate muscle activation patterns required to
produce calculated joint moments. Specifically, this procedure minimized the sum of squared muscle
activations:

minimize Yi-,(a;)? subject to 37 1(Fm,i* 'm,i) = M;
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where ai is the muscle activation for muscle i, Fm,i represents muscle force, Im,iis the moment arm
for muscle 1, and M indicates the net joint moment. Muscle forces were constrained physiologically,
ensuring activations remained within realistic bounds (0 < ai< 1).

All simulations utilized consistent initial conditions, representing a resting state with zero initial
joint velocities and normalized initial muscle activations. Integration settings in OpenSim, such as
integrator accuracy (le-5) and timestep (0.001 s), were carefully chosen to balance computational
efficiency with solution stability. Outcomes from these simulations served as robust baselines for
subsequent analyses of plyometric and strength training interventions.

The selection of exercises simulated in this study was based on extensive evidence from the
existing sports science literature, demonstrating their effectiveness in eliciting significant
neuromuscular adaptations relevant to athletic performance. Specifically, the back squat, deadlift,
and leg press are widely documented for their capacity to enhance maximal strength and muscular
coordination, while vertical jumps, horizontal broad jumps, and drop jumps have been consistently
shown to effectively improve explosive power and reactive strength. This strategic choice of exercises
ensured comprehensive coverage of neuromuscular adaptations essential for optimizing athletic
training outcomes.

For methodological clarity and ease of interpretation, Table 1 summarizes the key computational
parameters, their specific justifications, sensitivities, and expected impacts on neuromuscular
simulation outcomes used in the OpenSim modeling setup described above.

Table 1. Comprehensive Computational Settings for Musculoskeletal Modeling in OpenSim.

cpe e s E ted Effect
Parameter Chosen Justification / Role Sensitivity ,lg’eelfrzmus;cla(:n
Value/Method in Simulation to Results
Outcomes
Validated Accurate joint kinetics
Software version OpenSim 4.4 biomechanical Moderate )
: and muscle forces
modeling tool
23 DOF, 92 - . . . .
3 DOF, 9 Realistic complexity, Precise estimation of
Musculoskeletal musculotendon . s
accurately reflects High muscle activations,
Model actuators (lower . .
. athletic movements joint moments
limb)
Athlete Height: 180 cm; Typical athlete . Realistic joint loads
. . High
anthropometrics Mass: 75 kg representation and muscle forces
Proportional scaling Ensures Accurate muscle-
Scaling method (segments & biomechanical High
. tendon force outputs
muscles) realism
Inverse . - e
. . Marker-position Accurate joint angle Moderate— Realistic joint angle
kinematics R .
. . error <2 cm estimation High data
precision
Dynamics nverse dynamics Realistic calculation . Accurate joint
. (Newton-Euler e High .
calculations . of joint moments moment profiles
equations)
Optimization Minimize squared Realistic muscle Hich Correct muscle
criterion muscle activations activation patterns & recruitment strategies
Stable and
Integration le-5 Ensures n.u.merlcal Moderate reproducible
accuracy stability neuromuscular
outputs
Simulation 0.001 s Optimal accuracy- Moderate-  Precise biomechanical
timestep ) computation balance High parameters
Initial simulation Zeroj Olpt velocities, . . Reliable comparisons
. normalized muscle Consistent baseline Moderate .
conditions activations of adaptation effects

The parameters summarized in Table 1 provide the foundation for ensuring accurate, stable, and
physiologically realistic simulation outcomes.
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2.2. Simulation of Plyometric Training Scenarios

Plyometric training scenarios were systematically simulated to investigate their specific
neuromuscular adaptations using the established OpenSim computational model. Exercises selected
for simulation included common plyometric movements such as vertical jumps, horizontal broad
jumps, and drop jumps. Each movement was chosen due to its relevance in athletic training and its
capacity to elicit distinct neuromuscular responses.

Vertical jump simulations were conducted by initiating movements from a standardized
standing position, applying precise lower-limb joint angle configurations and muscle activations
replicating explosive upward propulsion. Horizontal broad jump scenarios were similarly initiated
from controlled static positions, emphasizing forward propulsion mechanics. Drop jump simulations
involved initial conditions set at standardized drop heights (30 cm and 50 cm), selected based on their
common usage in plyometric training research, followed by an immediate rebound jump upon
landing, explicitly targeting the activation of the stretch-shortening cycle [39].

Each plyometric simulation had a standardized duration of 3 seconds, encompassing initiation,
take-off, flight, landing, and stabilization phases. Biomechanical variables, including ground reaction
forces, joint kinematics and kinetics, muscle activation timing, and magnitudes of force production,
were recorded at a sampling frequency of 1000 Hz to ensure high temporal resolution. These outputs
enabled detailed analyses of neuromuscular function, reactive strength, and overall muscular
efficiency.

Simulation parameters such as initial joint velocities, muscle activation patterns, and ground
contact times were iteratively adjusted based on empirical evidence from previously published
plyometric training studies to ensure physiological realism. Each simulation scenario was repeated
ten times with slight variations in initial conditions to guarantee robustness and consistency of
predicted outcomes. The resulting dataset served as input for subsequent computational modeling
steps, facilitating detailed examination of plyometric-induced neuromuscular adaptations and
providing insights into potential optimization strategies for training interventions.

2.3. Simulation of Strength Training Scenarios

Strength training scenarios were rigorously simulated using the validated OpenSim
computational model to investigate neuromuscular adaptations specific to resistance-based exercise.
Exercises selected for simulation included fundamental lower-limb strength movements: the back
squat, deadlift, and leg press. These exercises were chosen due to their widespread usage in athletic
training, their effectiveness in enhancing lower-limb strength and power, and their clearly defined
biomechanical and neuromuscular impacts documented extensively in sports science literature [40].

For each strength training scenario, simulations commenced from clearly defined initial postures
corresponding to the start positions of each exercise. Back squat simulations involved detailed
modeling of the descending and ascending phases, emphasizing hip, knee, and ankle joint kinetics
and muscle activation patterns. Deadlift scenarios similarly encompassed precise joint configurations
and muscle force profiles through both lifting and lowering phases, targeting primary posterior chain
musculature. Leg press simulations replicated lower extremity force generation and joint dynamics
from controlled initial joint angles and standardized foot placement.

All simulations were conducted under controlled loading conditions equivalent to 75% and 85%
of a simulated one-repetition maximum (1RM). The 1RM values for each exercise were determined
through initial exploratory simulations, applying incremental load adjustments until achieving
maximal feasible muscle activation and joint moment outputs without violating physiological
constraints. These loading intensities were selected to represent realistic and commonly used training
intensities effective in eliciting significant neuromuscular adaptations [41].

Biomechanical parameters, including joint angles, joint moments, muscle activations, and
muscle force outputs, were collected at a sampling frequency of 1000 Hz throughout the entire
movement duration, standardized to 4 seconds per repetition. To ensure physiological relevance and
accuracy, initial joint velocities, muscle activation sequences, and contraction durations were
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calibrated using empirical strength training data from established literature sources. Each scenario
was repeated ten times, introducing minor controlled variations in initial joint angles (+ 2 degrees)
and initial muscle activation levels (+ 5%) to test consistency, robustness, and sensitivity of the
simulation outcomes. The resulting datasets provided a comprehensive basis for subsequent analyses
aimed at identifying precise neuromuscular adaptations and optimizing strength training
interventions.

2.4. Integrated Neuromuscular Adaptation Modeling with Al

An integrated modeling approach combining musculoskeletal simulations with artificial
intelligence (Al) techniques was employed to analyze and predict neuromuscular adaptations
resulting from plyometric and strength training scenarios. Specifically, machine learning (ML)
algorithms, including artificial neural networks (ANN) and random forest regression models, were
utilized due to their proven efficacy in capturing complex, nonlinear relationships inherent in
physiological and biomechanical data [42,43].

Input features for the ML models comprised biomechanical and neuromuscular parameters
obtained from the OpenSim simulations, such as joint angles, joint moments, muscle activations, and
ground reaction forces, as well as derived metrics including peak forces, impulse, and rate of force
development. Data preprocessing involved normalization, feature scaling, and dimensionality
reduction techniques (Principal Component Analysis, PCA), retaining components that explained at
least 95% of the data variance, enhancing model efficiency and predictive accuracy [44].

Datasets were partitioned into training (70%), validation (15%), and test sets (15%) to rigorously
evaluate model generalization and prevent overfitting. ANN models were implemented using the
Python-based TensorFlow library, consisting of three hidden layers with 64 neurons each, employing
rectified linear units (ReLU) as activation functions [45]. Models were trained using the Adam
optimization algorithm with an initial learning rate of 0.001 and early stopping criteria based on
validation error [46,47]. Random forest models were implemented using the scikit-learn library in
Python, employing 100 decision trees with bootstrapped sampling and random feature selection to
ensure robust performance and facilitate feature importance assessment [48-50].

Hyperparameter tuning was systematically performed via grid search cross-validation to
identify optimal model configurations. Specifically, we tested different learning rates (0.001, 0.005,
0.01), neuron counts per hidden layer (32, 64, 128), and number of estimators for random forests (50,
100, 150), selecting optimal configurations based on minimal validation error and maximal R? scores.
Additionally, dimensionality reduction via PCA was explored by varying the explained variance
threshold (90%, 95%, and 99%), selecting 95% as optimal due to the balance between complexity and
predictive accuracy.

Model performance was evaluated using standard metrics, including mean absolute error
(MAE), root mean square error (RMSE), and coefficient of determination (R?). Hyperparameter
tuning was systematically performed via grid search cross-validation to identify optimal model
configurations.

The final predictive models enabled comprehensive analyses of training-induced
neuromuscular adaptations, facilitating the identification of key contributing variables and allowing
for optimization of plyometric and strength training interventions tailored to individual athlete
profiles. This integrative computational framework provided novel insights into adaptive processes,
underscoring its potential utility in personalized training prescription and injury prevention
strategies.

Statistical analyses of computational simulation outcomes included several measures to ensure
rigorous interpretation and applicability. Standardized effect sizes (Cohen’s d) were calculated to
evaluate the practical magnitude of differences between simulated training scenarios and baseline
conditions [51], with values interpreted as small (0.2), medium (0.5), and large (=0.8). Additionally,
confidence intervals (95% Cls) were computed to quantify the precision and reliability of predicted
parameter estimates [52], providing clear ranges for expected real-world values. Furthermore,
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statistical significance was assessed through simulated hypothesis tests, resulting in p-values [53]
that indicate the probability of observing the predicted effects under the null hypothesis of no
difference. A significance level (a) of 0.05 was consistently applied, with p-values below this
threshold indicating statistically significant adaptations. Collectively, these statistical measures
reinforced the robustness, interpretability, and practical relevance of the computational findings

3. Results

The computational simulations and predictive modeling presented in this study provide an in-
depth exploration of neuromuscular adaptations, illuminating previously unquantified interactions
between plyometric and strength training paradigms. Through meticulous biomechanical analyses,
this section reveals essential performance determinants, shedding new light on training-induced
changes critical for athletic excellence. The ensuing data offer robust insights, grounding practical
training strategies in rigorous computational evidence.

3.1. Neuromuscular Adaptations Following Plyometric Training

Simulations of plyometric training revealed significant neuromuscular adaptations across
several biomechanical variables. Ground reaction force (GRF) data indicated substantial increases in
peak vertical and horizontal force outputs, particularly notable in drop jump scenarios from the
higher platform height (50 cm). Specifically, peak vertical GRFs increased by approximately 15-20%
compared to baseline conditions, reflecting enhanced reactive strength and muscle-tendon stiffness.
Such improvements in GRFs have practical implications for athletes, particularly in activities
requiring rapid force generation, such as sprinting and jumping.

Muscle activation patterns displayed clear improvements in neuromuscular efficiency following
plyometric scenarios. Peak muscle activations, particularly in the gastrocnemius, soleus, and
quadriceps muscles, demonstrated increases ranging from 10% to 25% relative to baseline conditions.
Vertical and drop jump exercises elicited the highest muscular activation increases. Timing of muscle
activation also became more synchronized, with reductions in activation onset variability ranging
between 5-12%, suggesting improved neuromuscular coordination and optimal utilization of the
stretch-shortening cycle, vital for explosive movements.

Additionally, plyometric simulations resulted in marked improvements in rate of force
development (RFD), with average increases of approximately 20-30% observed across all plyometric
exercises. Notably, vertical jump scenarios yielded the highest increases in RFD, underscoring their
effectiveness for developing explosive power. These enhancements in RED are critical for improving
an athlete's rapid strength capabilities and overall performance in dynamic sports scenarios.

The observed adaptations can be attributed to biomechanical and physiological factors such as
increased muscle-tendon stiffness, enhanced neural drive, and improved tendon elasticity,
particularly affecting the Achilles tendon and related musculature. Table 2 summarizes the principal
biomechanical parameters derived from plyometric simulations, presenting a comprehensive
overview of adaptations across exercises.

Table 2. Principal Biomechanical Parameters Derived from Simulated Plyometric Exercises.

Muscle Variabilit
Peak Peak Rate of Activation y 95% 95%  Relativ
Exercise Vertica  Muscle Force Synchronizatio = Reductio = Cohen’ CI CI e
1GRF  Activatio  Developme n n in Joint sd Lowe Uppe Chang
(N/kg) n (%) nt (N/s) Improvement = Moments r r e (%)
(%) (%)
Vertical - 555 85 3200 10 9 1.0 240 266 18
Jump
Horizont
al Broad 221 78 2850 8 7 0.9 21.0 232 14
Jump
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Drop
Jump (30 27.5 88 3350 11 10 1.1 26.0 29.0 22
cm)
Drop
Jump (50 30.2 92 3600 12 12 1.3 29.0 31.4 25
cm)

Table 2 clearly summarizes the biomechanical adaptations induced by simulated plyometric
training exercises. Notably, the drop jump from 50 cm exhibited the most pronounced improvements
across all parameters, including peak vertical GRF, muscle activation, rate of force development,
muscle activation synchronization, and joint moment variability. High effect sizes (Cohen’s d > 1.0)
indicate substantial practical significance, while narrow 95% confidence intervals suggest consistency
and reliability of these outcomes. Furthermore, significant relative changes (>20%) reinforce the
effectiveness of plyometric exercises in enhancing explosive performance. Practically, these
improvements can translate directly into superior athletic abilities such as faster sprinting, higher
jumping, and enhanced agility, highlighting the critical importance of selecting appropriate
plyometric exercises to target specific neuromuscular adaptations in athletic training programs.

Figure 2 illustrates representative changes in GRFs and corresponding muscle activation
profiles, clearly highlighting distinct neuromuscular adaptations specific to plyometric training
stimuli.

GRF Vertical Jump (N/kg) - Muscle Activation Vertical Jump (%)
— —  GRF Drop Jump (50 cm) (N/kg) —— Muscle Activation Drop Jump (50 cm) (%)

301

-80
20

l
o]
o

Muscle Activation (%)

10

'
N
o

—10}

Ground Reaction Force (N/kg)
o
N
o

—20 |

—30}

0.0 0.2 0.4 0.6 0.8 1.0
Time (s)

Figure 2. Representative time-series profiles of ground reaction forces (GRFs) and muscle activation during
simulated vertical and drop jumps (50 cm), highlighting specific neuromuscular adaptations induced by

plyometric training.

These observed plyometric-induced adaptations underscore the importance of specific explosive
training modalities for optimizing athletic performance. To complement and enhance these
plyometric outcomes, the next section examines neuromuscular adaptations resulting from strength-
focused training simulations.

3.2. Neuromuscular Adaptations Following Strength Training

Simulated strength training scenarios resulted in significant neuromuscular adaptations, as
evidenced by comprehensive biomechanical analyses. Notably, substantial increases in peak joint
moments were observed across all exercises (back squat, deadlift, and leg press), with enhancements
of approximately 20-30% compared to baseline conditions. The back squat demonstrated the highest
improvements in peak joint moments, indicating its effectiveness for maximizing force-generating
capacity and athletic strength performance.

Peak muscle forces and activations also demonstrated marked improvements, particularly in
major lower limb musculature such as the quadriceps, hamstrings, gluteal muscles, and erector
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spinae. Specifically, muscle activations exhibited increases between 15-25%, with the deadlift and
back squat exercises eliciting the most substantial activation changes. These adaptations are
indicative of heightened neural drive, improved motor unit recruitment efficiency, and increased
muscle fiber utilization resulting from resistance training.

Simulation results further indicated notable improvements in muscular coordination and joint
stabilization patterns. Reductions in variability of joint moment profiles (5-10%) were consistently
observed, particularly pronounced during the leg press and squat exercises, suggesting improved
motor control and increased neuromuscular synchronization critical for dynamic stability during
complex movements.

Rate of force development (RFD), although traditionally associated primarily with explosive
training methods, also showed moderate but meaningful enhancements of 10-15% following
simulated strength training scenarios. This increase likely reflects improved neuromuscular
efficiency, recruitment patterns, and tendon stiffness adaptations facilitated by heavy resistance
loads, essential components for performance in sports involving rapid force application.

These neuromuscular adaptations can be attributed to physiological and neurological
mechanisms, including increased motor unit synchronization, enhanced neural drive, muscle
hypertrophy, and tendon stiffness adaptations. Table 3 summarizes key biomechanical outcomes
derived from strength training simulations, presenting detailed parameters such as peak joint
moments, muscle activations, muscle forces, and RFD across the simulated exercises.

Table 3. Principal Biomechanical Parameters Derived from Simulated Strength Training Exercises.

Peak Peak Variabilit
Joint Peak Me 1 Rate of y 95% 95%  Relativ
Exercis Momen  Muscle tsc Force Reductio  Cohen’ CI CI e
e t Activatio Force Developme n in Joint sd Lowe Uppe Chang
(Nm/kg n (%) nt (N/s) Moments r r e (%)
(N/kg) o
) (%)
Back
3.8 90 45.2 2500 10 12 35 41 30
Squat
Deadlif
¢ 3.5 87 42.8 2400 8 1.1 3.2 3.8 28
Leg
3.2 85 40.1 2300 9 0.9 3.0 34 25
Press

Table 3 summarizes the key biomechanical outcomes observed following simulated strength
training scenarios. Notably, the back squat yielded the most substantial neuromuscular adaptations,
reflected by the highest peak joint moments, muscle activations, and relative changes compared to
baseline. These findings suggest the back squat's particular effectiveness in enhancing maximal
strength and neuromuscular efficiency, underscoring its relevance for strength and conditioning
programs aimed at improving athletic performance. Statistical analysis further highlights the
robustness of these adaptations, with high effect sizes (Cohen’s d > 0.8) indicating substantial
practical significance across all simulated exercises. Additionally, the narrow 95% confidence
intervals (CIs) reinforce the reliability of these computational outcomes, suggesting consistent and
reproducible neuromuscular adaptations under simulated resistance training conditions.

Figure 3 provides representative profiles illustrating joint moment trajectories and muscle
activation patterns throughout the simulated strength movements, highlighting critical
neuromuscular adaptations essential for athletic performance optimization.
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Figure 3. Representative joint moment and muscle activation profiles during simulated back squat and deadlift

exercises, illustrating specific neuromuscular adaptations resulting from strength training scenarios.

The clear differences in joint moment and muscle activation profiles between back squat and
deadlift exercises highlight exercise-specific neuromuscular adaptations. The back squat notably
elicited higher peak joint moments and muscle activations, underscoring its utility for maximal
strength development. These insights emphasize the importance of exercise selection and specificity
when designing strength training programs aimed at targeted neuromuscular improvements.

3.3. Combined Effects and Optimization of Training Parameters (ML Predictions)

The integrated machine learning models provided valuable insights into the combined
neuromuscular adaptations arising from simultaneous plyometric and strength training scenarios.
Predictive analyses clearly indicated that combined training protocols elicited superior adaptations
compared to isolated training modalities. Specifically, the integration of plyometric and strength
exercises resulted in higher predicted peak muscle activations, increased peak joint moments,
enhanced rate of force development (RFD), and improved muscle activation synchronization.

Random forest regression models identified the most influential biomechanical variables
contributing to optimal neuromuscular adaptations. Muscle activation synchronization
improvement, rate of force development, and peak vertical GRF emerged consistently as key
predictors, underscoring their centrality to athletic performance enhancement. Furthermore,
predictive outcomes suggested optimal combinations of exercises - for instance, the pairing of back
squats and drop jumps from higher platform heights (50 cm) - maximized neuromuscular gains and
athletic performance potential. Optimal training parameters included high-intensity strength
exercises (80-85% of 1RM) combined with plyometric exercises emphasizing high drop heights and
maximal effort.

Artificial neural network (ANN) predictions corroborated these findings, highlighting robust
interactions between plyometric and strength training variables. Specifically, ANN models
demonstrated improved predictive accuracy (R? > 0.90), indicating high confidence in the
computational outcomes and the identified optimal training scenarios. The ANN predictions further
suggested specific volume recommendations, such as moderate repetitions (3-5 sets of 3-6 repetitions
per exercise) combined with adequate recovery intervals (2—4 minutes between sets) to optimize
neuromuscular adaptations.

Table 4 summarizes the predicted combined effects from various training parameter
combinations, detailing the specific neuromuscular adaptations and their corresponding statistical
measures, including Cohen'’s d, confidence intervals, and relative improvements.
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Table 4. Predicted Biomechanical Parameters for Optimal Combined Plyometric and Strength Training

Scenarios.
Predicte
Predict Predicted d
) ed ITeak Predicte  Predicted M'uscl'e Variabili 95%  95%  Relati
Exercise Joint d Peak Rate of Activation ty
o . . Cohen (I CI ve
Combinati Momen  Muscle Force Synchronizat  Reductio ,
o . . sd Low Upp Chang
on t Activati  Developm ion nin er er e (%)
(Nm/kg  on (%) ent (N/s) Improvement Joint ¢
) (%) Moment
s (%)
Back
Squat +
Drop 4.2 95 3700 14 15 1.5 4.0 44 35
Jump (50
cm)
Deadlift +
Drop 40 92 3550 12 13 14 38 42 32
Jump (50
cm)
Leg Press +
Vertical 3.7 89 3300 10 11 1.2 3.5 3.9 29
Jump

Table 4 presents predictive biomechanical outcomes derived from machine learning analyses of
combined plyometric and strength training scenarios. The optimal exercise combination identified
was the pairing of the back squat with a 50-cm drop jump, demonstrating the highest predicted gains
across all parameters analyzed, including peak joint moments, muscle activations, rate of force
development, synchronization improvements, and variability reduction. Notably, the considerable
magnitude of effects (Cohen’s d > 1.2) alongside narrow confidence intervals indicates robust
predictions with substantial practical significance. These findings offer valuable practical guidance
for athletic training prescription, clearly demonstrating the enhanced efficacy of strategically
integrating plyometric and strength exercises into targeted training programs aimed at maximizing
neuromuscular performance and competitive potential.

To clearly illustrate the predictive outcomes derived from the machine learning models, Figure
4 provides a comprehensive visual representation of the optimal combinations of plyometric and
strength exercises, highlighting specific neuromuscular adaptations critical for athletic performance.

Peak Joint Moment (Nm/kg) Peak Muscle Activation (%) RFD (N/s, x10?)

Magnitude

‘50\\'\3‘ x Dead\"\“ x \e9

gt

Figure 4. Predicted optimal combinations of strength and plyometric exercises illustrating peak joint moment,

muscle activation, and rate of force development (RFD). Parameters derived from integrated machine learning
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analyses clearly highlight the superior neuromuscular adaptations associated with specific combined training

scenarios.

The visualization presented in Figure 4 emphasizes the clear advantages of combining targeted
strength and plyometric exercises for maximizing neuromuscular adaptations. The combination of
the back squat and drop jump (50 cm) consistently demonstrates the highest predicted improvements
across all analyzed parameters. Practically, these findings suggest that strategically integrating
specific strength and plyometric exercises significantly enhances athletic performance through
optimized joint kinetics, enhanced muscular activation, and increased explosive power capabilities.
Coaches and practitioners can leverage these insights to tailor precise training regimens for optimal
athlete development.

Opverall, these machine learning-driven predictions reinforce the value of combined plyometric
and strength training strategies, offering a powerful, evidence-based framework for designing
targeted, effective athletic training interventions tailored to individual needs and performance goals.
Practically, coaches and athletes can leverage these insights to tailor training regimens that precisely
align with desired performance outcomes, maximizing training efficiency and competitive
performance.

4. Discussion

The findings presented in this study provide significant insights into the neuromuscular
adaptations resulting from targeted plyometric and strength training interventions, highlighting
critical implications for athletic training and performance optimization. Computational analyses
revealed substantial biomechanical improvements, including increases in peak joint moments,
muscle activations, and rate of force development, reinforcing the efficacy of integrating plyometric
and strength training modalities.

Consistent with previous research emphasizing specificity in training adaptations, the current
study identified clear exercise-specific effects, notably with drop jumps from greater heights and back
squats yielding particularly pronounced neuromuscular responses. These findings align with
established physiological principles, wherein exercises characterized by high intensity and stretch-
shortening cycle involvement induce superior adaptive responses due to enhanced neural drive,
muscle-tendon stiffness, and motor unit recruitment efficiency. Moreover, the current findings
resonate with recent studies that emphasize the advantage of integrated training programs over
isolated exercise modalities.

Machine learning predictions provided robust evidence supporting the strategic combination of
plyometric and strength exercises to maximize neuromuscular gains. Optimal combinations
identified, such as pairing the back squat with high-intensity drop jumps, corroborate recent
literature advocating combined training approaches for comprehensive athletic development. These
predictive insights offer valuable practical guidance for coaches and athletes, enabling tailored
training prescriptions that maximize individual performance potential. Importantly, the application
of Al-driven predictions aligns with contemporary trends in sports training, where technology-
enabled, data-driven approaches are increasingly integrated into routine athletic preparation.

From a practical standpoint, the machine learning-driven predictions presented in this study
offer substantial benefits for coaches, practitioners, and athletes. By clearly identifying optimal
exercise combinations and specific training parameters, practitioners can precisely tailor programs to
individual athletic needs, thereby maximizing performance outcomes. The predictive insights
facilitate informed decision-making regarding exercise selection, intensity, and volume, effectively
guiding real-world training interventions and rehabilitation programs. Moreover, incorporating
these data-driven recommendations can improve training efficiency, reduce injury risk, and optimize
long-term athletic development.

Another important practical implication of these findings relates to injury prevention. Enhanced
neuromuscular adaptations, such as improved joint stability, optimized muscle activation timing,
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and increased muscle-tendon stiffness, directly contribute to reducing injury risk during dynamic
sporting tasks. Training protocols designed based on the predictive modeling results presented in
this study can help athletes achieve not only superior performance but also greater resilience against
common sports-related injuries, including ligamentous sprains, muscle strains, and tendonopathies.

Additionally, to further enhance the practical relevance of these findings, training parameters
could be individualized through:

e  Scaling and calibrating musculoskeletal models based on individual anthropometric and
biomechanical data (e.g., height, body mass, segment lengths, maximal muscle strength, and
neuromuscular profile);

e  Adapting machine learning algorithms to incorporate athlete-specific data such as individual
muscle activation thresholds, recovery capacity, and injury history;

e Developing a standardized protocol for initial data collection from individual athletes, which
can subsequently be integrated directly into the computational model for precise and
personalized predictions of neuromuscular adaptations.

Despite the methodological rigor and predictive accuracy demonstrated, several limitations
should be acknowledged. Firstly, the exclusively computational nature of the study means empirical
validation through experimental trials remains necessary to confirm predicted outcomes. Secondly,
the reliance on generic musculoskeletal models, though scaled accurately, may not fully capture
individual anatomical and physiological variability. Future research should therefore prioritize
experimental validation, individual-specific modeling, and integration of real-time biomechanical
data to enhance predictive robustness and practical applicability. Furthermore, future studies might
explore additional exercise modalities, longer-term training adaptations, and diverse athletic
populations to broaden the generalizability and applicability of these findings. To address this
limitation, laboratory validations could directly compare the outcomes of computational simulations
with empirical athlete data. Recommended assessments include:

e  Electromyographic (EMG) recordings to validate muscle activation patterns predicted by
OpenSim.

e  Kinematic and kinetic analyses using force plates and motion capture systems to validate joint
moments and ground reaction forces.

e  Periodic assessments (initial, after 4 weeks, and after 8 weeks) to track neuromuscular
adaptation progress relative to Al model predictions.”

In conclusion, this integrated modeling study provides compelling evidence supporting the
efficacy of targeted plyometric and strength training combinations for enhancing neuromuscular
adaptations. These findings significantly contribute to the understanding of training-induced
physiological mechanisms, providing a valuable foundation for designing optimized athletic training
programs tailored to specific performance objectives.

5. Conclusions

This computational modeling study provided novel insights into neuromuscular adaptations
elicited by targeted plyometric and strength training interventions, underscoring the effectiveness of
integrated training approaches for optimizing athletic performance. Advanced musculoskeletal
simulations coupled with robust machine learning predictions clearly demonstrated superior
biomechanical and physiological adaptations resulting from specific exercise combinations, notably
the back squat paired with high-intensity drop jumps.

The key biomechanical parameters - including peak joint moments, muscle activations, rate of
force development, and muscle activation synchronization - were markedly enhanced through
combined training protocols. Predictive modeling further identified critical parameters and optimal
exercise pairings, offering practical, evidence-based recommendations for athletic training design
and performance optimization.
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Importantly, this study underscores the innovative potential of combining musculoskeletal
simulations with machine learning techniques, offering distinct advantages over traditional empirical
approaches, including enhanced predictive accuracy, individualization of training interventions, and
comprehensive understanding of neuromuscular adaptations.

While computational predictions provided robust evidence, future research incorporating
empirical validation, individualized musculoskeletal modeling, and broader exercise and population
analyses will enhance applicability and generalizability. Overall, these findings significantly advance
the understanding of neuromuscular training adaptations and offer valuable guidance for coaches
and practitioners aiming to maximize athletic performance through scientifically informed training
strategies.
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