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Abstract: The current research provides a basis for the personalization of athletic training optimization, but there
are still many possibilities for the further extension and refinement of the hybrid intelligent system approach for
future research. The current system includes each athlete assessment as an athletic snapshot in isolation and does
not have information about the temporal aspects of training history and response to training. In the future this type
of work should also include modelling approaches such as recurrent neural network or state space models that
observe the evolution of performance over longer training cycles. Longitudinal data would allow the system to adapt
learned individual adaptation rates, recognize the individual as a responder to or non-responder of particular training
stimuli and enact adaptive programming, the means to adjust based on the results actually achieved rather than
static predictions. The use of closed-loop feedback control using the frameworks of reinforcement learning is a very
promising direction. The ability to discover nearly optimized training adjustment policies by allowing the system to
see outcomes in many thousands of combinations of athlete and intervention opens the door to finding some of the
subtler interaction effects between aspects of the athlete and the program variables that are difficult to encode as
rules. This approach would make the system from prescriptive to truly adaptive, so that recommendations would
improve as more and more athletes move through training cycles.
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1. Introduction

sports analytics has helped to open up the next
generation of bespoke training interventions, however,
the challenge of converting crunch performance
information into practical training advice remains.
Contemporary athletes are competing in an increasingly
competitive environment where marginal gains in
improvement can have a decisive effect on results at the
elite level. Coaches and sports scientists face a daunting

Athletic performance optimisation is a complex
issue in the area of sports science that requires a
delicate balance between physiological conditioning,
injury prevention and individual training programmes.
Existing conventional training paradigms predominantly
use generic programmes which are tailored to broad
cohorts of athletes and, by implication, do not take into

account the considerable inter-individual variation that
can be observed in response to training stimulus,
recovery kinetics and susceptibility for injury (Tang,et
al., 2026). The emergence of data driven approaches in

challenge, to devise training schedules that enhance
performance improvement to the greatest extent while
simultaneously minimising the risk of injury and the
development of the over- training syndrome
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(Kathiravan, et al,, 2026). This optimisation problem is
further complicated by the fact that athletic
performance is a complex issue in which time is devoted
to cardiovascular endurance, muscle strength, power
output, flexibility, agility and sport specific technical
competencies (Aamir, et al, 2026). Each constituent
element has variable responsiveness to training stimuli
and each element shows a great deal of heterogeneity
among individuals, due to the influence of genetic
predisposition, past exposure to training, age and
recovery capacity (Hazim & Ata 2026). Traditional
means of personalizing training has been heavily based
on the experience of coaches and sports science who
draw upon years of experiential and intuitive knowledge
and understanding of athlete needs (Alshaya, 2026).
Although this specialist knowledge is still indispensable,
its inherent drawback is that it is confined by the
constraints of subjective bias, inability to process
voluminous datasets of performance at once and
inability to maintain consistency across expansive
athlete portfolios Akerkar, (2026). In contrast, purely
data-driven machine learning methods, while very good
at detecting complicated patterns in performance data,
do not always have the right level of context and
domain-specific knowledge that would allow them to
render safe and physiologically  appropriate
recommendations. The meeting of artificial intelligence
and sports science has produced some very promising
hybrid methodologies aimed at compiling the power of

both the knowledge- and data-driven paradigms.
Machine-learning algorithms are exceptionally good at
identifying non-linear associations in high-dimensional
data and have the ability to prognosticate the
performance outcomes with amazing accuracy when
provided with adequate training samples (Aziz, 2026).
Nonetheless, these algorithms become opaque systems
which may support training protocols that violate the
basic principles of exercise physiology or ignore
insecurity variables that are not properly included in
historic datasets. Rule based expert systems, on the
other hand, codify the aggregate knowledge of sports
science practitioners in the form of explicit if-then rules
which should ensure congruence with established
training theory. These systems provide opportunities for
transparency and interpretability, which help coaches
understand the reason behind certain recommendations
(Faulds, et al., 2026). However, they turn out to be not
good enough when faced with a new set of scenarios
that are not again explicit in their rule base and that are
not able to take advantage of subtle patterns
materialising from large scale performance data
analytics. This research is one of the impulse
requirements for intelligent training personalization
systems that unite the pattern-affing capabilities of
usable competence from machine study and also the
area knowledge contained in rule-based systems
(Premalatha, et al., 2026).
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Table 1. Recent Study of Proposed Research

S.No | Authors & Title/Focus Methodology Key Findings Limitations
Year
1 Claudino et | Machine learning Support Vector ML models achieved Limited to
al. (2019) for predicting Machines, 82% accuracy in single sport
training-induced Random Forest predicting (swimming);
changes in performance small sample
athlete changes; Random size (n=87)
performance Forest outperformed
other algorithms
2 Bunker & Sports analytics Comprehensive Identified Random Theoretical
Thabtah using machine review of ML in Forest and Neural review without
(2019) learning sports Networks as most implementation
techniques: A effective for
review performance
prediction;
highlighted need for
personalization
3 Rossi et al. | Expert systems | Rule-based expert | Successfully reduced Required
(2017) for training load system injury rates by 23% extensive
monitoring in through automated manual rule
elite athletes load monitoring creation; not
adaptable to
new contexts
4 Bartlett Artificial Neural networks Al improved Focused only on
(2006) intelligence in for technique movement pattern biomechanics;
sports analysis recognition by 45% excluded
biomechanics compared to manual physiological
analysis factors
5 Kampakis Predictive Regression Ensemble methods Sport-specific;
(2016) modelling of models, ensemble | improved prediction limited
football player methods accuracy by 15-20% | generalizability
performance over single models
6 Connaboy | Machine learning Decision trees, Identified optimal Military context;
et al. for monitoring clustering training load different from
(2018) training loads in thresholds; reduced competitive
military overtraining incidents sports
personnel
7 Srivastava Best strategy to | adopting state-of- The variable Complex
et al. win a match: an the-art machine importance is implementation;
(2023) analytical learning computed using computationally
approach using algorithms, machine-learning intensive
hybrid machine Random Forest, techniques and
learning- Gradient Boosting, | further statistically
clustering- and Deep neural | validated through the
association rule networks. regression model
framework
8 Novatchkov Artificial Expert system for Provided Limited to
& Baca intelligence in resistance training personalized strength
(2013) sports on the recommendations training; narrow
example of with 91% coach scope
weight training agreement
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9 Schelling & Conditional Conditional Achieved R2 of 0.76 Did not
Torres random forests Random Forest for load prediction; integrate expert
(2016) for training load identified key knowledge
prediction performance
indicators
10 Yang & Deep learning | CNN + Rule-based Hybrid system Required large
Zhang and expert system outperformed datasets; high
(2021) system fusion standalone computational
for athlete approaches by 18- cost
performance 25% in
optimization recommendation
quality

The hybrid approach outlined here combines
Random Forest regression to make predictions of
performance with a broad expert system to evaluate the
injury risk, recovery demands and training intensities.
By synthesising the predictions of both constituents, the
system reassembles training recommendations in a
holistic manner, in which, besides being data-informed,
recommendations are also physiologically
substantiated. The importance of this inquiry goes
beyond individual optimisation of athletes and has
broader implications for sports organisations dealing
with large populations of athletes. Professional teams,
national training centres and collegiate athletic
programmes are looking to implement scalable solutions
which can personalise training on dozens or hundreds
of athletes simultaneously. The hybrid system
architecture introduced here can be used as a blueprint
for getting engineering technics such as intelligent
training optimisation system architecture to work when
applied at scale without subtracting the individualised
attention needed for elite performance (Su, et al,
2026). Moreover, this research is a contribution to the
methodological research field of hybrid intelligent
systems in the broader sense - as it demonstrates
patterns for efficacious integration between machine
learning and rule-based reasoning in a high-stakes,
safety-critical decision-making environment. The
evaluation framework created offers useful insights on
the complementary strengths of disparate Al paradigms
and offers practical recommendations to those wishing
to implement similar hybrid systems in related fields
such as rehabilitation, injury prevention and health
optimisation which is clearly displayed in figure 1.

2. Literature Survey

Table 1 presents a comparative analysis of
recent studies applying artificial intelligence and
machine learning techniques in the context of athlete

performance monitoring and sports analytics. The table
outlines each study’s core methodology, key findings,
and limitations, providing a concise overview of the
current research landscape and identifying gaps for
further investigation.

3. Working Methodology

The proposed hybrid intelligent system for
personalized athletic training uses performance
prediction based on machine learning, as well as expert
reasoning based on rules, to formulate a complete
package of training recommendations. This section
explains the systematic methodology used in the
development, implementation and validation of the
hybrid framework.

3.1 System Architecture

The overall system architecture is composed of
four interrelated modules that include data acquisition
and preprocessing, machine learning prediction engine,
rule-based expert system, and hybrid recommendation
synthesizer. The modular approach ensures the
system's scalability and allows single parts to be
improved separately and still maintains system
coherence thanks to well-defined interfaces.

3.2. Basic Data Collection and Feature
Engineering

The basis of the system is grounded in
comprehensive athlete profiling from the physiological,
performance, and historical perspectives. A synthetic
dataset with 200 profiles of athletes was generated in
order to mimic the variability that exists in real life but
without losing control over experimental settings. Each
individual athlete profile includes ten main features that
are chosen following the current literature and expert
consultation on sports sciences. Demographic features
include age and years of experience as a competitor.
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Age serves as a surrogate for physiological maturation,
recuperation potential and training adaptation potential.
Experience, where years of experience gets at the
culminated training load and skill developments that
influence trends in the performances. These features
were sampled from realistic distributions based on
typical population of athletes who participated in
amateur, semi-professional and professional
competition levels.

Physiological measurements are the main
components of the feature set. VO2 max is maximal
aerobic capacity and is meant from a normal distribution
having mean 55 ml/kg min and standard deviation of 8
accordingly lies to population variation. Recovery rate is
a measure of the rate of physiological recovery to
normal function after stress associated with training,
and is normalised to a 0-100 numerical scale. This
metric brings together the heart rate variability, the
lactate clearance and the perception of recovery.
Performance metrics comprise strength, endurance and
flexibility scores which are all normalised within a scale
of 0 - 100 using standardised testing protocols. The
strength score is an aggregation of performance at
compound movements like squat, deadlift, and bench
press as expressed in relation to body weight.
Endurance score is an amalgamation of the
performance on time trial efforts at different distances
and lactate threshold measurements. Flexibility score
measures range of motion of major joint complexes as
they are relevant for athletic movement. Historical
injury data captures the number of important injuries
requiring training modification or termination in the
previous 2 years, being a critical input to the risk and
recovery prioritisation process. Appropriate context for
the current status and capacity for increased training is
training volume in terms of average weekly humber of
training hours. Competition level classification divides
athletes into levels of amateur, semi-professional and
professional depending on the level of training and the
individual athlete's recovery resources and standards of
performance. This categorical variable goes for ordinal
encoding for its integration into the machine-learning
pipeline.

3.3 Construction of Target Variable

The target variable, which has been defined as
performance improvement score, is assigned to the
predicted improvement in athletic capability following
an optimised training intervention. This is an aggregate
composite measure that combines several aspects of
performance together based on basic principles of

sports science and weighting. The scheme used to
weight the critical performance attributes awards 30 per
cent for improvements in VO2 maximum, 20 per cent
each for improvements in strength and endurance, 10
per cent each for improvement in recovery and flexibility
and a penalty of 5 per cent for injury history to account
for increased risk and disruption of training. Gaussian
noise (a sigma value of 5) simulates the performance
variability due to inherent

3.4 Machine Learning Model Development

The machine learning part uses Random Forest
regression; it has been chosen for being robust in non-
linearity, also resistant to overfitting and easy to
interpret using feature importance metrics. The
algorithm builds an ensemble of decision trees, each of
which is trained on bootstrap samples of the data and
each tree selects a random feature subset at each split
point. The dataset is split 80-20 into train and test set
with stratified sampling in order to maintain
representation level of competingness level in both train
and test set. Feature standardisation uses z-score
normalisation to have equal contribution from variables
in learning of the model regardless of its original scale.
The Standard Scaler transformation calculates mean
and standard deviation using only training data and the
same transformations are applied to the test data in
order to avoid information leakage.

Hyper - parameter optimisation focuses on
three important parameters: number of estimators, max
tree depth, min samples per leaf. Grid search combined
with cross validation suggested that the best settings
were 100 estimators and a maximum depth of 10 to
combine model complexity with model generalisation
performance. These parameters suppress over-fitting
and at the same time allow adequate capacity to
capture complex interaction effects. Model evaluation
uses a suite of metrics to evaluate diverse measures of
the quality of predictions. R2 is a measure of fraction
variance explained by the model which provides an
integrated measure of power of prediction. Mean
absolute error (MAE) and root mean squared error
(RMSE) are used to assess the accuracy of predictions
on the scale of the target variable, with the second
giving more weight to large errors. Feature importance
analysis uses the Gini importance measure which
measures each feature's amount of variance reduction
across all the trees. This analysis assists in
understanding the relative importance of athlete
characteristics on  potential for  performance

/ EFS
// -

Int. J. Phys. Educ. Fit. Sports, 15(1) (2026), 1-15 | 5



Vol 151ss 1 Year 2026

Archibald Danquah-Amoah et al,, /2026

DOI: 10.54392 /ijpefs2611

improvement to guide interpretation of the model and
refinement of the rules of the expert system.

3.5 Rule Based Expert System Design

The expert-system component represents
succinct domain knowledge developed from the
literature of sports science and practitioner experience
in the form of a structured rule base that covers areas
of injury risk, recovery needs, training-intensity
requirements and focus-area identification. The rule
base uses forward-chaining inference and is a
sequential evaluation of conditions and accumulation of
recommendations in a comprehensive assessment
profile. Seven main classes of rules control system
reasoning. Injury - Velocity related to training (high-
risk) Injury-related rule of thirds between the athlete
and the coach classifies athletes who have one recent
injury or more would be considered a high risk and
would begin the implementation of pulling back on
training volume as well as focusing on targeted injury
related prevention. Age - based rules - recognising
reduced recovery capacity and increased injury
susceptibility after 30 years of age, recommending that
main focus should be put on recovery and increased
flexibility training. Performance-threshold rules are used
in comparing strength, endurance and VO2 max to
normative levels that correspond to problems and
identify those indicators that require focused
development. Athletes who are below the 40th
percentile in any dimension are given specific attention
recommendations in the area of focus based on the area
of weakness. Recovery-variable rules (caputuring
recovery rate metrics scrutinise athletes that are in
bottom quartile where they will be marked out for
augmented recovery (i.e. extended rest, active recovery
session and possibly reduced training volume/s)).

Competition - based rules modification of
training intensity and volume recommendations
according to athlete classification. Professional athletes
are programmed with high intensity, near-maximal,
volume approaches toward the upper restraint limits
due to elite competitive requirements and access to high
levels of recovery provision. Amateur athletes are
trained with moderate intensity training programmes
focussing on sustainable development for the long-term
rather than peak performance. Intensity modulation
rules combine a number of variables (such as age, injury
history, competition level, and ongoing training volume)
when the proper training stress prescription is
determined. These rules apply principles of progressive

overload by taking into account individual capacity for
recovery and risk of injury for the individual.

3.6 Hybrid Integration Architecture

The hybrid recommendation synthesiser
combines both the machine learning and expert system
output types using a structured fusion process. For each
athlete the system first generates an ML-based
performance prediction that describes how he/she will
improve under optimum training conditions.
Simultaneously with this aid, the expert-system also
analyzes the profile of the athlete versus the entire rule
base in order to generate recommendations regarding
focus areas, intensity, priority of recovery and
classification of injury risk. The integration algorithm
defeats this by providing a combination of the outputs
through conditional logic so that each component can
bring its own unique strengths. The prediction by the
ML analyses determines the overall performance path
and classifies athletes in foundation-building (<60%%),
progressive development (60%-80%) or performance
optimisation (>80%) phase. These phases determine
the major training objective and time structure.

Expert-system outputs will override ML
recommendations in situations where there are safety
or physiological limitations. High injury risk
classifications - regardless of predicted potential for
performance - induce low training volumes and
increased recovery protocols. Age-based adjustments
only ensure that training intensity has been applied
appropriately in accordance with physiological recovery
ability even if ML models predict high performance
potential. The final synthesis of the recommendations
provides a detailed training prescription that defines the
training phase, the areas to be worked on (with a
ranking of priorities), the weekly training-hour goals,
the level of intensity, the priority for the recovery, and
the level of assessment of injury risks. This multi-
dimensional output provides coaches and athletes with
actionable guidance relating to all the dimensions that
are critical to the design of training.

3.7 Validation and Evaluation Framework
Applications

System validation wuses a multitude of
evaluation strategies to examine different aspects of the
quality of the recommendations. A quantitative
validation is done by testing the performance of ML
models using standard regression metrics on held-out
test data. Qualitative validation is a technique of
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checking logical congruence and domain relevance of
the recommendations made by the generated
information by reviewing sample cases from experts.
Case -study analysis explores recommendations for
athletes with varying profiles, in competition at different
levels, across various ages and physiological
characteristics. This analysis ensures the system makes
the appropriate suggestions for a case within the
context of a broader range of presentation in athletes
instead of optimising for the average case. Statistical
analysis is used to analyze the recommendations
distribution in the athlete population, to identify what is
often focused on, average training quantities and the
distribution of the trained phases. This analysis at a
population level has the purpose of validating that the
system outputs are consistent with expected
distributions based on knowledge of sports sciences.
The full methodology combines the rigorous
development of machine learning with the principled
application of knowledge engineering, which will
therefore develop a hybrid system that will leverage the
complementary abilities of the data- and knowledge-
driven paradigms of artificial intelligence to boost the
personalisation of training for athletes.

4. Result Analysis

The hybrid intelligent system was carefully
tested on various dimensions, consisting of the model
performance of the machine learning, the reasoning
quality of the expert system, the suitability of integrated
recommendation, and the prescription distribution on
the training prescription of the population. This part
outlines quantitative and qualitative outcomes which
support the effectiveness of the system.

4.1 Performance of Machine Learning Model

Random Forest regression model performed
great prediction performance on the task of predicting
athlete performance improvement. Trainingyev and In
evaluation: The R2 value was found to be 0.9247, which
means the model describes around 92.5% variance in
the performance improvement potential according to
the athlete characteristics. This high training
performance suggests that model successfully learned
complex relations between physiological attributes,
training history and outcomes of performance.

Critically, test-set performance was robust with
an R2 score of 0.8891 to show it can effectively
generalize to unseen athlete profiles in the test-set
which is displayed in table 2. The small difference
between the performance obtained in training and that
obtained in test observations (around 3.6 percentage
points) suggests a low overfitting resulting in the
validation of the hyper parameters selection and
regularization approach. This generalization capacity
guarantees that the model is able to provide reliable
predictions for new athletes that were not in the training
data. Mean absolute error for the test data was 3.72
points on a 0-100 scale of performance improvement,
so it is reasonable to predict that normal predictions are
no more than 4 points from actual values. Root mean
squared error of 4.89 shows the effect of model keeping
its accuracy even for larger prediction errors. These
magnitudes of the errors fall well within acceptable
ranges for prediction of sports performance, given this
inherent biological variability and measurements.

Table 2. Machine Learning Model Performance Metrics

Metric Training Set | Test Set | Interpretation

R2 Score 0.9247 0.8891 High predictive accuracy maintained

Mean Absolute Error (MAE) 3.21 3.72 Average prediction error in points

Root Mean Squared Error (RMSE) | 4.23 4.89 Penalized larger errors

Mean Squared Error (MSE) 17.89 23.91 Variance in predictions

Explained Variance 0.9265 0.8912 Proportion of variance explained

Max Error 14.67 16.23 Largest single prediction error

Training Time 2.34 sec - Computational efficiency

Number of Features 10 10 Input dimensionality

Model Complexity 100 trees, - Random Forest parameters
depth=10
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4.2 Importance Analysis of Feature

Feature - importance rankings showed the
relative contribution of various athlete characteristics
towards performance improvement prediction. VO2 max
emerged as a single most important feature with an
importance score of 0.187, explaining the highest
proportion of total predictive power of almost 19 (%)
This finding is in line with the literature from sports
science establishing the role of aerobic capacity as a
foundational determinant of athletic performance in a
wide array of different sports. Strength score was
second with an importance of 0.156 followed closely by
endurance score with 0.149. Together, these three
performance metrics explain almost half of the total
model predictive power and therefore support their
central role in athletic development. The relative
significance of strength and endurance is an affront to
their joint dependency on the whole objective of
athletics.

Recovery rate revealed an importance of 0.118,
showing the importance of recuperative capacity in
determining the training-adaptation potential. Athletes
with better recovery ability are able to perform more
training loads and frequency, and therefore they also
develop more quickly. The value of recovery monitoring
in personalized training design can, therefore, be
highlighted by the present finding.

Experience years and training hours per week
indicated at 0.094 and 0.087 respectively, were of
moderate importance in predicting improvement
potential, demonstrating that the training history and
current volume offered meaningful context for
predicting improvement potential. Competition level
encoding was found to make a 0.082 contribution -
reflecting different paths of performance between the
tiers of competition.

Flexibility score, age, and history of injury showed
reduced but non-inconsequential importance (0.065,
0.041, and 0.021 respectively). While they are less
influential compared to primary performance
measurements, these factors do contribute significantly
to correctly predicting the societal level of adaptation
and do capture important individual variability in
adaptation potential and injury risk.

4.3 Expert Recommendation
Distribution

System

Analysis of the outputs of expert systems over
the 200-athletes data set showed some characteristic
patterns in rule-based reasoning. Focus-Area

recommendations demonstrated strength training as
the most frequently prescribed (allotted to 78 athletes
39% of the population) in line with the prevalence of
strength deficits when compared to normative
standards in the simulated athlete population.
Endurance building was recommended to 71 athletes
(35.5.exit), cardiovascular conditioning with a focus on
VO2 max increase was recommended for 64 athletes
(32.exit). Flexibility and mobility work was included in
recommendations for 42 athletes (21% mostly above 30
years as determined by age-related rules). Recovery
protocols were placed in emphasis to 56 athletes (28%
of the sample size), which indicates a large
subpopulation with a compromised recovery capacity
and that demands a specialised attention towards
recuperation strategies. The category of maintenance
and fine tuning was the category that amounted 23
athletes (11.5 % of athletes) with balanced
physiological profiles without significant deficiencies.

Training - intensity classification distributed as
expected based on level of competition and
physiological status. High-intense programming was
assigned to 34 athletes (17%) mainly professionals who
had a good recovery profile and low injury history.
Moderate intensity was the largest category with 166
athletes (83 per cent) representing evidence-based
programming for most athletes. Recovery some priority
distributions revealed 47 athletes (23.5%) under high
priority, which led to the decrease in training volumes
and increased recovery protocol. This significant

minority indicates the importance of recovery
assessment in preventing OTS.
4.4 Hybrid System Incorporated
Recommendations

The combination of machine learning
predictions and expert system outputs led to

comprehensive prescription of training that showed
proper individualization. Training and competency type
distributions during the training phase were foundation
building which was assigned to 52 athletes (26%),
progressive development to 109 athletes (54.5%) and
performance optimization to 39 athletes (19.5%). This
pyramid structure is characteristic of anticipated athlete
development trends whereby there are fewer
individuals at the highest levels of performance. Weekly
training - hour recommendations ranged between 8 and
25 hours with mean 14.8 hours SD = 3.4. This
distribution reflects the ability of the system to adjust
training volume according to capacity, competition level
and injury risk of an individual. Professional athletes

/ EFS
// -

Int. J. Phys. Educ. Fit. Sports, 15(1) (2026), 1-15| 8



Vol 151ss 1 Year 2026

Archibald Danquah-Amoah et al,, /2026

DOI: 10.54392 /ijpefs2611

were recommended an average of 17.2 hours per week,
amateurs, 13.1 hours, which is appropriate, given the
availability of resources and performance demands
which is displayed in table 3 below.

4.5 Case Study Analysis

Detailed examination of individual
recommendations revealed the nitty-gritty reasoning of
the system. Athlete #1, a 19 year old amateur who had
moderate physiological metrics (VO2 max= 49.2,
strength= 73.5), with no reported history of injury, was
assigned the progressive development phase, with a
predicted 68.4 point improvement. Focus areas were
cardiovascular conditioning and maintenance training
(with moderate intensity programming and 15 weekly
hours recommended).

In contrast, Athlete#11, a 32-year-old
professional with a high injury history (four previous
injuries) but appreciatively good current metrics (VO2
max=61.3, strength=82.7), was assigned by the
machine learning to the performance optimization
phase (based on prediction) with key points of
overriding by an expert systems (75.8 points
improvement). A high recovery priority and lower
training volume (12 hours a week) despite being a
professional athlete was presumed to reflect a safety
conscious recommendation for balancing training
potential and the risk of injury. Athlete #31, a 28-years

in age semi-professional with excellent aerobic capacity
(VO2 max = 67.1) but poor recovery rate (54.2) was
prescribed with progressive development programming
with recovery protocols as a key area of programming
in conjunction with maintenance of endurance. The
case of the 16 hour/week recommendation with high
recovery priority demonstrated the ability of this system
to analyse subtle aspects of performance limiting factors
other than the obvious lack of these substances.

4.6 Visualization Analysis

Performance - distribution visualizations showed that
there were clear patterns between competition levels.
Professional athletes demonstrated higher mean
performance-improvement predictions that were more
accurate (72.3 points) and less variable (SD = 8.9) as
compared with amateurs (mean = 64.1, SD = 12.4),
which is more homogeneous at the elite levels of
physiology. Age vs. performance scatter plots, colored
by injury history, showed as expected the negative
correlation between age and predicted improvement (r
= -0.31), with injury history increasing the relationship.
Athletes over 30 years old with a high history of injuries
grouped in the lower predicted-improvement ranges,
providing confirmation that the system made
conservative recommendations among athletes in this
age group.

Table 3. Hybrid System Validation - Case Study Comparison

Athlete | Age | Level VO2 | Injuries | ML Expert Final Justification
1D Max Prediction System Recommendation
Override
#001 19 Amateur 49.2 | 0 68.4 None Progressive, 15 Standard
(Progressive) hrs/week development
path
#011 32 Professional | 61.3 | 4 75.8 Volume Optimization, 12 Safety
(Optimization) | reduction hrs/week prioritized
over
performance
#021 28 Semi-Pro 67.1 |1 82.3 Recovery Optimization, 16 High
o focus added | hrs/week, recovery performance
(Optimization) protocols with recovery
emphasis
#031 24 Amateur 528 | 0 71.2 None Progressive, 14 Balanced
(Progressive) hrs/week approach
#041 35 Professional | 58.9 | 3 69.7 Age + injury | Progressive, 13 Multiple
(Progressive) adjustments | hrs/week, flexibility | constraint
focus
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Training - hour recommendation distributions
were appropriate regarding concentration around
evidence based volumes. Most recommendations (68%)
were between 12-17 hours/week, which is in line with
sport science research about optimal training volume for
non-biography athletes. The distribution's right tail
caught high-volume professional programming levels
and skipped recommendations beyond physiologically
sustainable levels, which is clearly presented in Figure 2
a-d.

4.7 Statistical Validation

A cross-tabulation of assigned training phases
against levels of competition showed proper
distributions. Among professionals, training module
(TM) phase assignments were categorized under
performance optimization, compared to only 8 such

assignments among amateurs. This distinction supports
the system's ability to recognize that elite athletes
require separate programming from developmental-
level athletes (Yang & Zhang, 2021). Foundation-
building recommendations were concentrated in
amateur categories (35% of amateurs vs 6% of
professionals); that is appropriate considering a need to
emphasize the development of the fundamentals for
less experienced athletes.

Correlation analysis conducted between the
predictive improvement and recommendation training
hours obtained moderately and positively association (r
= 0.42), indicating that the system correctly prescribes
higher training volume to athletes who show others one
greater capability of adaptation, while at the same time
constrains recommendations based on factors of injury
and recovery capacity, elements which moderate this

-
e EFS
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relationship. The comprehensive results prove positive
useful integration of the prediction capacity of the
machine learning system with the direction
characteristics of an expert system, which vyields
individualized recommendations for training in a data at
once physiologically appropriate and safety conscious
and at the same time for various heterogeneous
populations of athletes.

5. Discussion

The results presented in this study determine
the effectiveness of hybrid intelligent systems for
personalized sports training, while at the same time also
exposing relevant knowledge about the complementary
strengths and limitations of machine learning and rule-
based approaches in sports science applications.

Good predictive ability was observed in the
Random Forest model (R2 = 0.89 on test data),
indicating substantial predictive information contained
in performance characteristics represented in the
feature set about performance improvement potential.
This finding supports decades of research from sports
science that supports the view of the importance of
physiological measures to succeed in athletic
development (Mir, et al., 2026). However the remaining
unexplained variance (approximately 11 per cent) is
diagnostic of limitations inherent in predicting biological
systems for which the impact of complex gene-
environment interactions, motivational influences and
recovery processes (stochastic and non-stochastic) are
not represented by quantitative mechanisms. The
feature importance analysis that provides VO2 max,
strength, and endurance as predominant predictors is
consistent with known principles of exercise physiology.
Aerobic capacity basically limits consistent power in
most athletic activities, which is why it is the main
feature in the model (Rana, et al,, 2026). The similarly
high significance of strength and endurance reflects the
multifaceted character of performance during athletics
which requires balanced development within the energy
systems and the capacities of producing force.

In contrast to this, history of injuries showed
comparatively low feature importance in the ML model,
which could indicate that based on historical injuries,
there is relatively low information about the probability
of future improvement in performance in the presence
of physiological metrics. This result emphasizes an
important difference between predictive accuracy and
prescriptive appropriateness: although injury history
may not be a good predictor of improvement potential,

it has critical importance to the design of training to be
safe, which in turn warrants the syringic system's focus
on injury-based rule triggers (Pham, et al., 2026). The
rule based approach to expert system provides three
important function that can't be given by purely
machine learning system, i.e., enforcing safety
constraints, integrating domain knowledge, and
providing the interpretability of the system. The
system's conservative recommendations for athletes at
high risk of injury represent what can be considered a
safety first approach where long term athlete health
goals take priority over short term performance
improvements. This conservative approach shows
epistemic humility with respect to injury mechanisms
that are in segregated to attain with a historical data
set.

The identification of the area of focus by the
expert system can be seen as a testament to the validity
of the use of threshold approach in the context of
converting continuous performance metrics into
discrete actionable recommendations. While models
based on machine learning are excellent at predicting
numerical results, coaches need categorical advice
about what aspects of training to focus on. The rule-
based approach provides such a translation layer, which
transforms percentile rankings into intervention-priority
methods of targeted intervention (Asemi, et al., 2026)
However, the expert system also has some limitations
that are common to knowledge based approaches.
Discrete threshold rules - discrete threshold-based rules
generate abrupt transitions in recommendations which
would not necessarily consider the continuous nature of
physiological adaptation. An athlete attaining a
performance just below vs. just above a strength
threshold qualitatively receive different
recommendations in spite of a minimal true difference
in capability. Future refinements may be made that use
fuzzy logic to Minnesota these transitions (at the cost of
raising system complexity).

The incorporation of ML predictions with expert
reasoning lets us develop emergent intelligence which
exceeds the sum of both parts working separately.
While the ML approach provides the predictive basis for
the realistic potential for improvement, the expert
system adjusts for these predictions in terms of safety
and physiological constraint. This integration strategy,
i.e. ML for the predicate part (prediction), and rules for
the prescriptive part (prescription), provides a
generalisable blueprint for hybrid systems for
applications that require both pattern recognition and
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constraint satisfaction at the same time (Pham, et al,
2026).

Case study analysis uncovered some very
interesting examples of hybrid synergy. High performing
athletes with injury histories were assigned
performance optimisation phases driven for ML
predictions while simultaneously presented with
reduced training volumes and improved recovery
protocols that were based on expert rules. Such a
combination would be impossible in a pure ML system
trained using outcome data, as the training data would
necessarily confuse high potential for performance
which might be tied with aggressive programming,
potentially reinforcing training practices which
contributed to injuries (Abir, et al., 2026).

The hybrid architecture also helps avoid the
black box issue that affects a large number of ML
applications in domains where high stakes are the issue
(Priyadarshi, R, et al., 2026). While the internal rationale
of the Random Forest model is hidden, in the expert
system part, we provide a transparent, justifiable
reasoning about essential features of the
recommendations (Fernandes, et al, 2026). Coaches
reviewing recommendations can understand the
rationale for why certain focus areas were found or why
training volume was limited even if there is not a clear
mechanistic reason why the numerical prediction of
improvement is so.

6. Conclusion

In this investigation, a hybrid intelligent system
for personalised sports training was created and
empirically validated that combines data-driven
predictive abilities and rule-based expert reasoning. The
system overcomes the known weaknesses of isolated
systems by incorporating the pattern recognition
capabilities of Random Forest regression with the safety
conscious and domain informed decision logic of expert
systems. The Random Forest model showed robustness
for predicting the results of the study (R2=0.89) using
held out test data, explaining most of the variance in
the potential for improvement in performance in
athletes from physiologic variables, training experience
and demographic characteristics. Feature-importance
analysis revealed VO2 max, strength score, and
endurance score to be contents of primary predictors,
thus supporting the already-studied sports-science
principles about the groundwork value of the
aforementioned dimensions of performance. The rule-
based expert component was able to successfully

encode domain knowledge in seven important areas -
injury risk assessment, age-based adjustments,
performance threshold evaluation, recovery capacity
evaluation, competition level calibration, and intensity
modulation. A thorough assessment with 200 athlete
profiles identified that it is possible to make context-
specific recommendations in a broad range of
competition categories, age groups, physiological
phenotypes, and injury histories. Case study analyses
were also demonstrated to show nuanced reasoning
when considering complex presentations of athletes in
which multiple competing variables must be considered
in balance. The system has a lot of sensible practical
value for coaches and sports organisations who are
interested in bringing individualisation to scale. Beyond
the immediate practical implications, this research has
methodological contributions to the broader field of
hybrid intelligent systems, in that it is a good example
of effective patterns of integration between data driven
and knowledge driven integration of Al paradigms in
safety critical fields.

7. Future Scope

The current research provides a basis for the
personalization of athletic training optimization, but
there are still many possibilities for the further extension
and refinement of the hybrid intelligent system
approach for future research. The current system
includes each athlete assessment as an athletic
snapshot in isolation and does not have information
about the temporal aspects of training history and
response to training. In the future this type of work
should also include modeling approaches such as
recurrent neural network or state space models that
observe the evolution of performance over longer
training cycles. Longitudinal data would allow the
system to adapt learned individual adaptation rates,
recognize the individual as a responder to or non-
responder of particular training stimuli and enact
adaptive programming, the means to adjust based on
the results actually achieved rather than static
predictions. The use of closed-loop feedback control
using the frameworks of reinforcement learning is a very
promising direction. The ability to discover nearly
optimized training adjustment policies by allowing the
system to see outcomes in many thousands of
combinations of athlete and intervention opens the door
to finding some of the subtler interaction effects
between aspects of the athlete and the program
variables that are difficult to encode as rules. This
approach would make the system from prescriptive to
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truly adaptive, so that recommendations would improve
as more and more athletes move through training
cycles. Current features focus mostly on physiological
measures as well as crude performance measures.
Future iterations should incorporate different forms of
data such as biomechanical data from motion capture
systems, biochemical data from blood analysis, and
subjective wellness questionnaires as well as sleep
quality from a worn device and nutritional intake data.
Each modality gives complementary information about
the status of the athletes and readiness for the
adaptation of the training process.

Computer vision addition could provide analysis
of an automated technique during training sessions to
indicate the degradation of the movement indicating
fatigue risk or injury risk. Natural language processing
of athlete training logs and coach communications could
be used to pull qualitative information on topics such as
motivation, confidence and psychosocial reasons for
training response. The blending of statistical context
with qualitative context would develop a more holistic
model of the athlete which would support a better
recommendation quality. The current system gives
general recommendations for athletic development that
can be used in all sports; however, different athletic
disciplines have different physical requirements that
require different approaches to training. Future work
should involve the creation of sport specific modules,
which include domain knowledge on the unique
physiological, technical and tactical requirements of
individual sports. For example, the modules for
endurance sport would focus on lactate threshold
development and metabolic efficiency and those for
power sports would focus on rate of force development
and neuromuscular adaptations. Team sport modules
would combine position specific requirements and
periods of training around seasons when playing in
competitive sports. This specialization could be realized
in the form of modular building blocks of expert systems
which extend the general federal covering with special
sport-specific rule sets and the feature importance
reweighting.

Abbreviations

ML Machine Learning

RF Random Forest

RNN Recurrent Neural Network
LSTM Long Short-Term Memory
RL Reinforcement Learning
VO Max Maximal Oxygen Uptake
MAE Mean Absolute Error

RMSE Root Mean Squared Error
R2 Coefficient of Determination

SHAP Shapley Additive explanations

LIME Local Interpretable Model-agnostic
Explanations

PPO Proximal Policy Optimization
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