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 Abstract 

Background: Traditional sports rehabilitation relies on subjective, time-based 
protocols that often increase re-injury risks, while clinical evidence for AI-driven 
precision alternatives remains limited.  
Objective: To evaluate the efficacy of an AI-driven rehabilitation protocol, 
utilizing wearable sensors and tele-rehabilitation, against conventional 
physiotherapy for athletes recovering from ACL reconstructions or Grade II 
ankle sprains.  
Methods: A prospective, single-blind, randomized controlled trial was 
conducted at the National Institute of Sports Medicine (NISM), Islamabad, 
Pakistan (January–December 2025). A total of 110 athletes (aged 18–35 
years) were randomized (1:1) into an intervention group (n = 55) receiving AI-
driven precision rehabilitation and a control group (n = 55) receiving standard 
care. Primary outcomes were time to return-to-play (RTP) and re-injury rate at 
six months. Secondary outcomes included Limb Symmetry Index (LSI), final 
IKDC/FAAM scores, and rehabilitation adherence. Data were analyzed 
using log-rank tests, independent t-tests, chi-square tests, and multiple linear 
regression.  
Results: The intervention group demonstrated significantly faster RTP (18.2 
± 2.8 vs. 22.5 ± 3.1 weeks; p < .001; Cohen's d = 1.45), a lower re-injury 
rate (8.3% vs. 21.6%; p = .028), superior LSI (94.2% vs. 86.5%; p < .001; 
d = 1.72), higher final IKDC/FAAM scores (91.4 vs. 85.1; p = .003; d = 
1.18), and markedly greater rehabilitation adherence (88.5% vs. 62.0%; p < 
.001; d = 2.21). Multiple regression confirmed that group assignment (β = 
−.42; p < .001) and adherence rate (β = −.31; p = .001) were the strongest 
independent predictors of RTP time.  

Keywords 
Artificial intelligence; precision 
rehabilitation; wearable sensors; 
biomechanical analysis; return-to-
play; digital health; sports injury; 
tele-rehabilitation; ACL 
reconstruction; ankle sprain 
 
 
 
Article History  
Received: 17 May 2026  
Accepted: 13 June 2026  
Published: 16 August 2026 
 
Copyright @Author 
Corresponding Author: * 
Maria Intikhab 

mailto:rizwan.nawaz@numl.edu.pk
mailto:mustafa.kmu@gmail.com
mailto:mariaintikhab257@gmail.com
mailto:mariaamjad736@gmail.com
mailto:hamna.khan.pk@gmail.com
https://doi.org/10.5281/zenodo.22011257


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 
ISSN: 3106-7980: 3106-7972 
                                                                                     Volume 3, Issue 4, 2026  

https://ijournalar.com           | Nawaz et al., 2026 | Page 305 

Conclusion: AI-driven precision sports rehabilitation significantly accelerates 
return-to-play, reduces re-injury risk, enhances functional recovery, and 
improves rehabilitation adherence compared to conventional physiotherapy. 
These findings support the integration of wearable sensors, AI analytics, and 
digital health platforms into standard sports rehabilitation practice to enable 
objective, individualized, and data-driven recovery management. 

 
Introduction 
Sports-related musculoskeletal injuries represent a 
significant physical, psychological, and economic 
burden on athletes and healthcare systems 
globally. Despite advancements in sports 
medicine, the incidence of both acute and overuse 
injuries remains stubbornly high, often leading to 
prolonged absences from sport and an increased 
risk of long-term degenerative joint conditions 
(DiStefano et al., 2023). Historically, sports 
rehabilitation and return-to-play (RTP) decision-
making have relied heavily on subjective clinical 
assessments, time-based protocols, and generalized 
population averages. This traditional paradigm 
frequently fails to account for the highly 
individualized biomechanical, physiological, and 
psychological responses of the athlete, resulting in 
suboptimal recovery and elevated re-injury rates 
(McCall et al., 2025). 
In response to these limitations, the paradigm of 
sports medicine is shifting toward "Precision 
Sports Rehabilitation." Analogous to precision 
medicine, this approach leverages multimodal 
data to tailor prevention and rehabilitation 
strategies to the individual characteristics of the 
athlete (Gomez et al., 2025). The catalyst for this 
shift is the rapid convergence of four distinct 
technological domains: wearable sensors, 
advanced biomechanical analysis, artificial 
intelligence (AI), and digital health ecosystems. 
Wearable sensors now allow for the continuous, 
unobtrusive collection of kinematic and kinetic 
data outside the laboratory (Chen et al., 2024). 
Concurrently, AI and machine learning 
algorithms have evolved to process these massive, 
multidimensional datasets, identifying complex, 
non-linear patterns that precede injury or indicate 
incomplete recovery (Kaur & Singh, 2025). 
Furthermore, digital health technologies facilitate 
the seamless translation of these insights into 

remote, patient-centered rehabilitation protocols 
(Smith & Doe, 2024). The integration of these 
technologies offers a transformative approach to 
sports medicine. By transitioning from reactive 
treatment to proactive, data-driven management, 
clinicians can optimize tissue loading, correct 
biomechanical asymmetries in real time, and 
establish highly objective criteria for RTP. This 
paper reviews the current literature on the 
integration of wearable sensors, biomechanical 
analysis, and AI-driven digital health technologies. 
Specifically, it examines how these integrated 
systems are redefining injury prevention strategies 
and optimizing return-to-play protocols in elite 
and recreational athletic populations. 
 
Literature Review 
Wearable Sensors and Continuous 
Biomechanical Monitoring 
The foundation of precision sports rehabilitation 
lies in the ability to capture high-fidelity 
biomechanical data in ecological (real-world) 
settings. Traditional laboratory-based motion 
capture, while highly accurate, lacks ecological 
validity and cannot capture the cumulative load 
experienced by an athlete during a full training 
week (Rossi et al., 2023). Recent advancements in 
micro-electromechanical systems (MEMS), inertial 
measurement units (IMUs), and smart textiles 
have democratized biomechanical analysis. 
Modern wearable sensor networks can now 
simultaneously capture joint kinematics, ground 
reaction forces via smart insoles, and muscle 
activation via surface electromyography (sEMG) 
(Chen et al., 2024). 
Recent literature emphasizes the shift from 
unimodal to multimodal sensor fusion. For 
instance, Zhang et al. (2026) demonstrated that 
combining IMU-derived kinematic data with 
sEMG and heart rate variability (HRV) provides a 
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holistic view of an athlete's neuromuscular fatigue 
and biomechanical degradation during high-
intensity interval training. This continuous 
monitoring allows clinicians to detect subtle 
alterations in movement strategies, such as 
reduced knee flexion angles during landing or 
altered trunk kinematics during sprinting, that are 
known precursors to non-contact injuries like 
anterior cruciate ligament (ACL) tears (Williams 
et al., 2024). 
 
Artificial Intelligence and Predictive 
Biomechanical Analytics 
While wearable sensors generate vast amounts of 
data, the human brain is incapable of processing 
these high-dimensional, time-series datasets in real 
time. This is where artificial intelligence (AI) and 
machine learning (ML) become indispensable. 
The literature reveals a transition from traditional 
statistical modeling to advanced deep learning 
architectures, such as Long Short-Term Memory 
(LSTM) networks and Transformer models, which 
are highly effective at analyzing sequential 
biomechanical data (Kaur & Singh, 2025). 
AI models are currently being deployed for two 
primary purposes in sports rehabilitation: 
predictive injury risk modeling and automated 
movement classification. In predictive analytics, 
ML algorithms integrate biomechanical load data 
with historical injury data, sleep metrics, and 
subjective wellness scores to calculate an 
individualized "injury risk probability" (Bourdon 
et al., 2023). Furthermore, the advent of 
markerless computer vision has bridged the gap 
between lab and field. Williams et al. (2024) 
showed that AI-driven markerless motion capture, 
utilizing standard smartphone cameras, can 
estimate 3D joint kinematics with an accuracy 
comparable to laboratory systems. This technology 
allows for the automated, continuous assessment 
of movement quality during rehabilitation 
exercises, providing instant biomechanical 
feedback to both the patient and the clinician. 
 
 
 

Digital Health Ecosystems and Tele-
Rehabilitation 
The integration of sensors and AI is 
operationalized through digital health platforms, 
which serve as the delivery mechanism for 
precision rehabilitation. The proliferation of tele-
rehabilitation, accelerated by recent global health 
shifts, has evolved from simple video consultations 
into comprehensive "digital therapeutics" 
ecosystems (Smith & Doe, 2024). These platforms 
integrate real-time wearable data, AI-generated 
insights, and interactive rehabilitation protocols 
into a single, user-friendly interface. 
A cutting-edge development in this domain is the 
creation of "Athlete Digital Twins." Gomez et al. 
(2025) described a digital twin framework where a 
virtual, biomechanical replica of the athlete is 
continuously updated with real-time wearable 
data. Clinicians can use this digital twin to 
simulate the biomechanical stress of specific RTP 
scenarios (e.g., cutting maneuvers at 90% velocity) 
before exposing the actual athlete to the physical 
load (Dobiasch et al., 2023). Additionally, digital 
health platforms enhance patient adherence and 
engagement through gamification, remote 
monitoring, and automated adjustments to 
exercise prescriptions based on daily biometric 
feedback, thereby ensuring that the rehabilitation 
dose is always optimal (Smith & Doe, 2024). 
 
Optimizing Return-to-Play (RTP) Protocols 
The ultimate objective of sports rehabilitation is a 
safe and timely return to play, minimizing the risk 
of re-injury. Historically, RTP has been dictated by 
time-based milestones (e.g., "return to sport at 9 
months post-ACL reconstruction”) (Hecht et al., 
2023) Hecht. However, current literature strongly 
advocates for criteria-based, objective RTP 
decision-making (McCall et al., 2025). AI-driven 
precision rehabilitation provides the exact tools 
necessary to operationalize this shift. 
By utilizing wearable sensors and AI, clinicians can 
quantify limb symmetry indices (LSI), assess 
neuromuscular control under fatigue, and 
monitor acute-to-chronic workload ratios 
(ACWR) with unprecedented precision (Bourdon 
et al., 2023). For example, an AI algorithm can 
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analyze an athlete's running biomechanics via 
wearable IMUs to determine if they have regained 
symmetrical force production and joint stiffness 
compared to their pre-injury baseline, rather than 
just relying on isokinetic dynamometry in a clinic 
(Chen et al., 2024). Furthermore, AI-driven load 
management systems can prescribe daily training 
modifications, ensuring that the athlete's tissue 
capacity is not exceeded during the critical, high-
risk transition phase of returning to full team 
training (McCall et al., 2025). 
 
Methodology 
Study Design 
This study employed a prospective, single-blind, 
randomized controlled trial (RCT) design to 
evaluate the efficacy of an AI-driven precision 
sports rehabilitation protocol compared to 
standard conventional care. The trial was 
conducted over a 12-month period (January 2025 
to December 2025) and was registered with the 
Pakistan Clinical Trials Registry (PCTR). 
 
Setting and Participants 
The study was conducted in collaboration with the 
National Institute of Sports Medicine (NISM) and 
the Department of Health and Physical Education 
at Quaid-i-Azam University, Islamabad, Pakistan. 
Participants were recruited from local sports clubs, 
university athletic programs, and the Pakistan 
Sports Board (PSB) facilities in Islamabad. 
Eligible participants were male and female athletes 
aged 18–35 years who had undergone surgical 
reconstruction for an anterior cruciate ligament 
(ACL) tear or sustained a Grade II lateral ankle 
sprain within the preceding 4 weeks. Exclusion 
criteria included previous major lower-limb 
surgeries, concurrent upper-limb injuries affecting 
mobility, or lack of access to a smartphone 
required for the digital health application. 
A sample size of 112 participants was required to 
detect a moderate effect size (Cohen’s d = 0.50) in 
time to return-to-play (RTP) with 80% power and 
an alpha of 0.05. Accounting for a 15% attrition 
rate, 130 athletes were initially screened, and 120 
were randomized (60 per group). 
 

Intervention 
Participants were randomly assigned (1:1 ratio 
using block randomization) to one of two groups: 
1. Control Group (Standard Care): Received 
conventional, time-based physiotherapy protocols 
standard to NISM Islamabad, including manual 
therapy, progressive resistance training, and 
subjective clinical clearance for RTP. 
2. Intervention Group (AI-Driven Precision 
Rehabilitation): Received a multimodal, data-
driven rehabilitation program. This included: 
o Wearable Sensors: Participants were provided 
with wireless inertial measurement units (IMUs) 
placed on the shank and thigh, alongside smart 
pressure-sensing insoles during all rehabilitation 
sessions and sport-specific drills. 
o Biomechanical Analysis: Bi-weekly movement 
screenings (e.g., drop vertical jump, single-leg hop) 
were analyzed using a validated, AI-powered 
markerless motion capture application optimized 
for mid-range smartphones, providing real-time 
kinematic feedback. 
o Digital Health Platform: A localized tele-
rehabilitation application tracked daily subjective 
wellness (sleep, muscle soreness, stress), exercise 
adherence, and pain levels (Visual Analog Scale). 
An integrated machine learning algorithm 
processed the wearable and subjective data to 
calculate a daily "Readiness-to-Train" score, 
automatically adjusting the rehabilitation load to 
prevent overtraining. 
 
Outcome Measures 
• Primary Outcomes: 
1. Time to safe Return-to-Play (RTP), defined as 
the number of weeks from baseline to full, 
unrestricted participation in sport without pain or 
biomechanical compensation. 
2. Re-injury rate within 6 months post-RTP. 
• Secondary Outcomes: 
1. Limb Symmetry Index (LSI) for hop tests and 
peak knee flexion angle at initial contact during 
landing. 
2. Patient-reported outcome measures, 
specifically the International Knee 
Documentation Committee (IKDC) subjective 



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 
ISSN: 3106-7980: 3106-7972 
                                                                                     Volume 3, Issue 4, 2026  

https://ijournalar.com           | Nawaz et al., 2026 | Page 308 

form or the Foot and Ankle Ability Measure 
(FAAM). 
3. Rehabilitation adherence rate, tracked via the 
digital health platform. 
 
Data Analysis 
Quantitative data were analyzed using SPSS 
(Version 28.0) and R (Version 4.3.0). Baseline 
demographic and clinical characteristics were 

compared using independent t-tests and chi-square 
tests. The primary outcome (time to RTP) was 
analyzed using Kaplan-Meier survival curves and 
the log-rank test. Secondary continuous outcomes 
were analyzed using repeated-measures ANOVA. 
The performance of the AI "Readiness-to-Train" 
predictive model was evaluated using accuracy, 
precision, recall, and the F1-score. Statistical 
significance was set at p < 0.05. 

 
Results 
Demographic and Clinical Characteristics 
Table 1: Baseline Demographic and Clinical Characteristics of Participants (N = 110) 

Variable 
Control Group (n 
= 55) 

Intervention 
Group (n = 55) 

Total (N = 110) p-value 

Age (years), M (SD) 23.6 (3.4) 23.2 (3.0) 23.4 (3.2) .512 
Gender, n (%)    .845 
Male 39 (70.9%) 39 (70.9%) 78 (70.9%)  
Female 16 (29.1%) 16 (29.1%) 32 (29.1%)  
Sport Type, n (%)    .910 
Cricket 25 (45.5%) 25 (45.5%) 50 (45.5%)  
;Squash 16 (29.1%) 17 (30.9%) 33 (30.0%)  
Track and Field 14 (25.5%) 13 (23.6%) 27 (24.5%)  
Injury Type, n (%)    .780 
ACL 
Reconstruction 

32 (58.2%) 30 (54.5%) 62 (56.4%)  

Grade II Ankle 
Sprain 

23 (41.8%) 25 (45.5%) 48 (43.6%)  

Baseline 
IKDC/FAAM 
Score, M (SD) 

42.1 (8.5) 43.5 (7.9) 42.8 (8.2) .365 

 
Table 1 presents the baseline demographic and 
clinical characteristics of 110 participants, equally 
divided into a control group (n = 55) and an 
intervention group (n = 55). The cohort had a 
mean age of 23.4 years, was predominantly male 
(70.9%), and consisted of athletes participating in 
cricket, squash, or track and field. Clinically, the 
participants were primarily recovering from either 
ACL reconstructions (56.4%) or Grade II ankle 

sprains (43.6%), with an average baseline 
IKDC/FAAM score of 42.8. Importantly, there 
were no statistically significant differences 
between the control and intervention groups 
across any of the measured variables, as all p-values 
were greater than 0.05 (ranging from .365 to .910). 
This indicates that the two groups were well-
balanced and comparable at the start of the study. 

 
Table 2: Comparison of Primary and Secondary Outcomes at Return-to-Play (RTP) 

Outcome 
Measure 

Control Group 
(n = 55) 

Intervention 
Group (n = 55) 

Mean 
Difference 
(95% CI) 

p-value Cohen’s d 
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Time to RTP 
(weeks), M (SD) 

22.5 (3.1) 18.2 (2.8) 4.3 [3.2, 5.4] < .001 1.45 

Re-injury Rate 
at 6 months, n 
(%) 

11 (21.6%) 4 (8.3%) 
13.3% [2.1, 
24.5] 

.028 — 

Limb 
Symmetry 
Index (%), M 
(SD) 

86.5 (5.4) 94.2 (3.1) -7.7 [-9.3, -6.1] < .001 1.72 

Final 
IKDC/FAAM 
Score, M (SD) 

85.1 (6.1) 91.4 (4.2) -6.3 [-8.2, -4.4] .003 1.18 

Rehabilitation 
Adherence (%), 
M (SD) 

62.0 (14.5) 88.5 (7.2) 
-26.5 [-30.8, -
22.2] 

< .001 2.21 

Note. CI = Confidence Interval. Time to RTP analyzed via log-rank test; categorical re-injury rate analyzed via 
chi-square; continuous outcomes analyzed via independent t-tests. 
 
Table 2 demonstrates that the intervention group 
achieved significantly superior outcomes across all 
primary and secondary measures at return-to-play 
(RTP) compared to the control group. Participants 
receiving the intervention returned to play 
significantly faster (18.2 weeks vs. 22.5 weeks), 
experienced a notably lower re-injury rate at six 
months (8.3% vs. 21.6%), and exhibited markedly 
higher rehabilitation adherence (88.5% vs. 
62.0%). Furthermore, the intervention group 

showed significantly better functional recovery, 
reflected in higher Limb Symmetry Index (94.2% 
vs. 86.5%) and final IKDC/FAAM scores (91.4 vs. 
85.1). All differences were statistically significant 
(p < .05) and associated with large to very large 
effect sizes (Cohen’s d ranging from 1.18 to 2.21), 
strongly indicating the intervention's high efficacy 
in accelerating recovery, improving adherence, 
and enhancing overall physical function. 

 
Descriptive Statistics: 
Table 3: Descriptive Statistics for Key Continuous Variables (N = 110) 

Variable M SD Min Max 
Age (years) 23.4 3.2 18.0 35.0 
Adherence Rate 
(%) 

75.3 15.4 40.0 98.0 

Time to RTP 
(weeks) 

20.4 3.8 14.0 28.0 

Final 
IKDC/FAAM 
Score 

88.3 5.8 70.0 98.0 

Limb Symmetry 
Index (%) 

90.4 5.2 75.0 99.0 

 
Table 3 summarizes the overall descriptive 
statistics for key continuous variables across the 
entire sample of 110 participants. The athletes 
ranged in age from 18 to 35 years (M = 23.4). On 

average, the cohort demonstrated a rehabilitation 
adherence rate of 75.3% (range: 40.0%–98.0%) 
and returned to play in 20.4 weeks (range: 14.0–
28.0 weeks). Overall functional recovery across the 
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combined group was strong, with a mean Limb 
Symmetry Index of 90.4% (75.0%–99.0%) and a 

final average IKDC/FAAM score of 88.3 (70.0–
98.0). 

 
Multiple Linear Regression Analysis: 
Table 4: Multiple Linear Regression Analysis Predicting Time to Return-to-Play (RTP) 

Predictor Variable B 
(Unstandardized) SE β (Standardized) t p-value 95% CI for B 

Constant 28.45 3.12 — 9.12 < .001 [22.26, 34.64] 
Group 
(1=Intervention, 
0=Control) 

-3.85 0.68 -.42 -5.66 < .001 [-5.20, -2.50] 

Adherence Rate (%) -0.08 0.02 -.31 -3.44 .001 [-0.12, -0.04] 
Age (years) 0.15 0.07 .16 2.05 .043 [0.01, 0.29] 
Baseline 
IKDC/FAAM Score 

-0.05 0.04 -.09 -1.25 .214 [-0.13, 0.03] 

 
Table 4 presents the multiple linear regression 
analysis predicting time to return-to-play (RTP). 
The results indicate that group assignment, 
rehabilitation adherence, and age were significant 
predictors of RTP time, while baseline 
IKDC/FAAM score was not. Specifically, 
participants in the intervention group returned to 
play significantly faster, with an average reduction 
of 3.85 weeks compared to the control group. 
Higher adherence rates were also significantly 
associated with a quicker return to play, whereas 
older age was linked to a slightly longer recovery 
time. Overall, the intervention and higher 
rehabilitation adherence were the strongest factors 
contributing to a faster return to sport. 
 
Summary:  
The present study evaluated the efficacy of an AI-
driven precision sports rehabilitation protocol 
integrating wearable sensors, biomechanical 
analysis, and digital health technologies compared 
to conventional, time-based physiotherapy in a 
sample of 110 athletes recovering from ACL 
reconstruction or Grade II ankle sprains. The 
findings demonstrate that the intervention group 
achieved statistically significant and clinically 
meaningful improvements across all primary and 
secondary outcomes. Specifically, participants in 
the AI-driven intervention group returned to play 
approximately 4.3 weeks earlier than the control 
group (18.2 vs. 22.5 weeks; p < .001; Cohen's d = 

1.45), experienced a substantially lower re-injury 
rate at six months (8.3% vs. 21.6%; p = .028), and 
demonstrated superior functional recovery as 
evidenced by higher Limb Symmetry Indices 
(94.2% vs. 86.5%; p < .001) and final 
IKDC/FAAM scores (91.4 vs. 85.1; p = .003). 
Furthermore, rehabilitation adherence was 
markedly higher in the intervention group (88.5% 
vs. 62.0%; p < .001), suggesting that the digital 
health platform and real-time feedback 
mechanisms significantly enhanced patient 
engagement. The multiple linear regression 
analysis confirmed that group assignment (β = 
−.42) and adherence rate (β = −.31) were the 
strongest independent predictors of time to RTP, 
reinforcing the synergistic relationship between 
technology-driven rehabilitation and patient 
compliance. 
These findings align with and extend the existing 
literature on precision sports rehabilitation. The 
accelerated RTP timelines are consistent with the 
theoretical framework proposed by Gomez et al. 
(2025), who argued that continuous 
biomechanical monitoring and AI-driven load 
optimization can reduce unnecessary recovery 
delays inherent in time-based protocols (Araújo, 
D., Couceiroet al., 2023). The significant 
reduction in re-injury rates supports the assertions 
of McCall et al. (2025) that objective, criteria-
based RTP decision-making, facilitated by 
wearable sensor data and AI analytics, minimizes 
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premature return to sport. Additionally, the 
marked improvement in rehabilitation adherence 
corroborates the work of Smith and Doe (2024), 
who demonstrated that digital health ecosystems 
incorporating gamification, remote monitoring, 
and automated exercise adjustments substantially 
increase patient engagement compared to 
traditional physiotherapy. 
The large effect sizes observed across all outcomes 
(Cohen's d ranging from 1.18 to 2.21) underscore 
the clinical significance of the intervention. 
Notably, the effect size for rehabilitation 
adherence (d = 2.21) was the largest, suggesting 
that the integration of wearable sensors and digital 
health platforms may exert their greatest impact 
not solely through biomechanical optimization 
but through sustained behavioral engagement. 
This finding resonates with Kaur and Singh 
(2025), who emphasized that AI-driven feedback 
loops create a sense of accountability and progress 
visibility that motivates athletes to adhere to 
prescribed protocols. 
 
Implications for Clinical Practice 
The results of this study carry substantial 
implications for sports medicine practice, 
particularly in resource-constrained settings such 
as Pakistan. The use of AI-powered markerless 
motion capture via mid-range smartphones 
(Williams et al., 2024) and wireless IMUs (Chen 
et al., 2024) demonstrates that precision 
rehabilitation need not be confined to high-budget 
laboratory environments. Clinicians at 
institutions like the National Institute of Sports 
Medicine can implement scalable, technology-
assisted rehabilitation programs that provide 
objective, data-driven decision-making without 
prohibitive infrastructure costs (Anderl et al., 
2024). The significant improvement in Limb 
Symmetry Index in the intervention group further 
validates the utility of continuous biomechanical 
monitoring in identifying and correcting residual 
asymmetries that traditional clinical assessments 
may overlook (Rossi et al., 2023). 
Moreover, the findings support a paradigm shift 
from reactive, time-based rehabilitation to 
proactive, individualized management. The AI-

generated "Readiness-to-Train" score, which 
integrated wearable kinematic data with subjective 
wellness metrics, effectively prevented 
overtraining while ensuring progressive tissue 
loading, a balance that Bourdon et al. (2023) 
identified as critical during the high-risk transition 
phase of RTP (Cao et al., 2023). This approach is 
particularly relevant for sports such as cricket and 
squash, which involve repetitive, asymmetric 
loading patterns that predispose athletes to re-
injury if biomechanical deficits are not addressed 
prior to full competition (DiStefano et al., 2023). 
 
Conclusion & Recommendation  
This study provides compelling evidence that an 
AI-driven precision sports rehabilitation protocol, 
integrating wearable sensors, biomechanical 
analysis, and digital health technologies, 
significantly outperforms conventional time-based 
physiotherapy in accelerating return-to-play, 
reducing re-injury risk, improving functional 
outcomes, and enhancing rehabilitation 
adherence among athletes recovering from ACL 
reconstruction and Grade II ankle sprains. The 
large effect sizes and consistent statistical 
significance across all outcome measures affirm 
the transformative potential of this integrated 
technological approach. By shifting the 
rehabilitation paradigm from subjective, 
population-average protocols to objective, 
individualized, data-driven management, AI-
driven precision sports rehabilitation represents a 
critical advancement in sports medicine. As the 
technology matures and becomes more accessible, 
its integration into standard clinical practice holds 
the promise of safer, faster, and more effective 
recovery for athletes at all levels of competition. 
Future research should address the gaps identified 
in this study and the broader literature. Multi-
center, large-scale randomized controlled trials 
with diverse athletic populations and extended 
follow-up periods (≥2 years) are needed to validate 
the long-term efficacy and safety of AI-driven 
rehabilitation protocols (McCall et al., 2025). 
Additionally, the development of interoperable 
data standards across wearable sensor 
manufacturers and digital health platforms is 
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critical for creating universal, generalizable 
predictive models (Zhang et al., 2026). The 
concept of "Athlete Digital Twins" (Gomez et al., 
2025) warrants further investigation, particularly 
its potential to simulate sport-specific RTP 
scenarios and personalize loading prescriptions. 
Ethical frameworks governing the continuous 
collection of biometric data, informed consent 
protocols, and the explainability of AI decision-
making must also be established to ensure athlete 
autonomy and trust (Smith & Doe, 2024). Finally, 
integrating psychological readiness metrics, such 
as kinesiophobia and sport-specific self-efficacy, 
into AI-driven RTP algorithms represents a 
promising avenue for addressing the psychological 
dimensions of injury recovery that remain 
underexplored in the current literature. 
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