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Abstract
Musculoskeletal  disorders  represent  a  leading  cause  of  chronic  pain  and  long-term
disability worldwide, with conventional orthopedic practices often limited by one-size-fits-
all management strategies. This scoping review maps the current landscape of evidence on
artificial intelligence (AI)-integrated digital twin (DT) systems in orthopedics, focusing on
their  conceptual  frameworks,  clinical  applications  in  personalized  diagnosis,  surgical
simulation  and  prognostic  management,  and  existing  translational  gaps.  A  systematic
literature search was conducted across six electronic databases (PubMed, Embase, Web of
Science, IEEE Xplore, ACM Digital Library and Scopus) up to 10 February 2026. Fourteen
studies  published between 2021  and 2026 met  the  inclusion criteria,  with  data  charted
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across  four  predefined  core  dimensions:  patient-specific  DT  construction,  AI-driven  biomechanical  modeling,
diagnostic stratification and surgical simulation, and individualized prognostic modeling. Accumulating preliminary
evidence  indicates  that  AI  enables  orthopedic  DTs  to  evolve  from  static  anatomical  replicas  to  semi-dynamic
predictive frameworks, with proof-of-concept applications validated across joint arthroplasty, spinal rehabilitation,
foot and ankle surgery, and trauma care. The convergence of AI and DT technologies suggests preliminary technical
feasibility and promising translational potential for personalized orthopedic care. However, the field remains in an
early  translational  phase,  limited  by  small  sample  sizes,  single-center  designs,  insufficient  large-scale  clinical
validation,  and  heterogeneous  methodologies.  Further  multicenter  clinical  trials  and  standardized  construction
pipelines are required to confirm the clinical effectiveness, safety, and generalizability of AI-powered DT systems in
routine orthopedic practice.

INTRODUCTION
Musculoskeletal disorders (MSDs) are among the leading causes of chronic pain and long-term physical

disability worldwide, imposing a substantial socioeconomic burden that is further exacerbated by population

aging
[1-5]

. Conventional orthopedic practices are limited in their ability to accommodate individual

variability, often resulting in suboptimal surgical outcomes, unpredictable recovery trajectories, and

increased revision rates
[3-7]

. Consequently, there is a growing clinical demand for more proactive, predictive,

and individualized orthopedic care.

A digital twin (DT) is a virtual representation of a physical entity or process that is continuously informed by

real-world data
[8-12]

. The applications of DTs in healthcare have gained increasing attention in recent

years
[13-18]

. Artificial intelligence (AI) provides a computational intelligence layer that enables DT systems to

evolve from static digital representations into adaptive, predictive, and continuously learning clinical

models
[19-24]

. Orthopedics constitutes a particularly suitable clinical domain for DT applications, given its

well-defined anatomical structures, established biomechanical principles, and the growing availability of

longitudinal imaging and functional data. However, existing orthopedic DT models often fail to incorporate

patient-specific variations and dynamic temporal changes, limiting their clinical adaptability
[25-29]

.

Compounding this challenge is the inconsistent use of the term “digital twin” across the orthopedic

literature: many studies label static anatomical or biomechanical replicas as digital twins despite the absence

of core DT features such as continuous bidirectional data updating. To address this terminological

heterogeneity and support structured evidence synthesis, we propose a three-level maturity framework for

AI-augmented orthopedic DT systems as an analytical tool for this scoping review, grounded in the widely

recognized developmental trajectory of medical digital twins described in prior scoping reviews
[10,12,25]

: Level

1: Foundational Proto-Digital Twins: Patient-specific static anatomical or biomechanical models constructed

from cross-sectional imaging data, without real-time data updating capabilities. These models serve as the

core structural building blocks for mature digital twin systems; Level 2: Semidynamic Predictive DT

Frameworks: Patient-specific models integrated with AI algorithms for outcome prediction and scenario

simulation, with intermittent data updating capacity but no continuous bidirectional data exchange with the

physical entity. Level 3: Closed-loop real-time digital twins: Fully functional dynamic virtual replicas that

maintain continuous, bidirectional data flow with their physical counterparts, enabling real-time model

adaptation and closed-loop clinical decision support. The integration of AI enables DTs to move beyond

purely descriptive representations, transforming them into dynamic, predictive, and personalized clinical

decision-support systems capable of informing diagnosis, surgical planning, and postoperative

management
[30-33]

.
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A prior study demonstrated successful translational validation of DT technologies in cardiovascular

medicine, where multimodal data were integrated into mechanistic and AI-driven models to personalize

diagnosis, optimize interventions, and improve prognostic assessment
[34]

. Similarly, AI-DT frameworks have

shown translational value in thoracic medicine, exemplified by the Lung-DT system that integrates wearable

sensor data streams with deep learning algorithms to enable real-time, multimodal respiratory health

monitoring and disease characterization
[35]

. These advances highlight the translational potential of converged

AI-DT systems
[35-41]

; however, their translation to MSDs presents distinct challenges, including the

integration of motion dynamics, mechanical loading, and surgery-specific simulation data.

Accordingly, this scoping review aims to map and synthesize the current landscape of AI-powered

orthopedic DT systems by (1) describing how patient-specific digital twins are constructed and updated

using multisource data; (2) examining how AI methods are embedded to support diagnosis, prediction, and

clinical decision-making; (3) summarizing current clinical applications in surgical planning, simulation, and

rehabilitation; and (4) discussing key translational challenges and future research directions.

METHODS
This scoping review aims to synthesize the current state of evidence on AI-integrated digital twin systems in

orthopedics, with a focus on their technical development, clinical applications, and translational barriers.

The study was designed in accordance with the methodological framework for scoping reviews established

by Arksey and O’Malley and refined by Levac et al.
[42,43]

, with reporting aligned with the PRISMA Extension

for Scoping Reviews (PRISMA-ScR)
[44]

. The completed PRISMA-ScR checklist is available in Supplementary

File 1. A systematic literature search was performed to identify relevant studies, with a predefined framework

for qualitative scoping evidence synthesis
[45]

. The protocol for this review was not pre-registered in a public

registry, as the study was designed as a rapid evidence mapping of an emerging, fast-evolving technical field.

Dual independent reviewer screening and standardized data charting were implemented to minimize

selection bias and ensure reproducibility of literature identification. Consistent with the core aims of scoping

reviews to map the breadth of evidence rather than evaluate intervention effectiveness, formal risk-of-bias

assessment and quality appraisal of included studies were not performed.

Search strategy

A literature search was conducted in six electronic databases, including PubMed, Embase, Web of Science,

IEEE Xplore, ACM Digital Library and Scopus, from inception to 10 February 2026. The core search terms

included combinations of “artificial intelligence”, “digital twin”, “orthopedics”, “musculoskeletal disorders”,

“personalized diagnosis”, “surgical simulation”, “surgical planning”, and “rehabilitation management”.

Boolean operators were used to combine keywords and optimize search sensitivity, with database-specific

syntax adapted for each platform. Additionally, we manually screened the reference lists of all the retrieved

studies and relevant domain reviews to identify any additional eligible literature. Full search strategies for all

six databases are provided in Supplementary File 2.

Study eligibility criteria

Studies were included if they met the following criteria: (1) they focused on the integration of AI algorithms

with DT technologies in orthopedic clinical contexts; (2) they reported technical, clinical, biomechanical, or

patient-related outcomes relevant to orthopedic diagnosis, surgical planning, simulation, rehabilitation, or

prognostic management; and (3) they were full-length, peer-reviewed journal articles or full conference

papers published in English. To provide a comprehensive landscape of this rapidly evolving field, we

included: (a) original clinical validation studies and methodological development research; (b) conceptual

studies proposing original technical or architectural frameworks specific to AI-integrated orthopedic DTs;

(c) high-quality methodological reviews establishing standardized construction pipelines for musculoskeletal

                                                                                                  DT systems.

https://file.oaecenter.com/published/pdf/d830cb255f84dc663af54844ce8f26e2/1782816902/ais6037-SupplementaryMaterials.zip
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Studies were excluded if they met the following criteria: (1) were duplicate publications; (2) were editorials,

letters to the editor, theses, conference abstracts, general narrative reviews, expert commentaries or opinion

pieces without original conceptual frameworks or methodological contributions to orthopedic DT systems;

(3) were not published in English; and (4) focused on AI or DT applications in nonorthopedic fields.

Study selection and data charting

All titles and abstracts of the studies were downloaded and imported into the reference management

program Endnote X9, and all duplicates were removed through the software’s built-in functions and manual

checks. Two independent reviewers performed title/abstract screening and full-text eligibility assessment in

duplicate, independently and in parallel. Disagreements were resolved via consensus discussion or

arbitration by a third senior reviewer. Two independent reviewers also performed data charting in duplicate

using a predefined, standardized data charting form, which included the following information: first author,

publication year, specific clinical scenario and technical application of AI-integrated DT systems, DT

maturity level (classified by the author-proposed three-level framework), study design type, and key study

outcomes. Disputes were settled through dialog or by seeking the opinion of a third reviewer.

To address the clinical and methodological heterogeneity of the included studies
[46]

, we predefined a

structured synthesis framework across four core dimensions prior to the literature screening and data

charting: (1) conceptual architecture and construction methods of musculoskeletal digital twins; (2) AI-

driven diagnosis and clinical decision support; (3) surgical simulation, planning and intraoperative

optimization; and (4) prognostic prediction and personalized rehabilitation management. Data from the

included studies were charted and synthesized according to this framework, with key limitations of each

study and the overall evidence base systematically documented.

Consistent with scoping review methodology to capture the full breadth of an emerging research field, we

adopted this broad inclusion scope to map the complete developmental landscape of AI-powered orthopedic

DT research. We included studies across the entire translational pipeline (from methodological development

and conceptual frameworks to preclinical validation and early clinical trials) to provide a comprehensive

overview of current progress. Evidence from different study types is stratified and interpreted with

corresponding caution in the synthesis.

Characteristics of included studies

A total of 420 publications were initially identified through database searches and supplementary manual

screening of reference lists. A total of 139 duplicates were removed, resulting in 281 unique records for the

title and abstract screening. Following this, 261 articles were excluded because they focused on AI or DT

applications in fields other than orthopedics. Ultimately, 20 studies underwent full-text assessment, of which

14 met all the inclusion criteria and were included in the final synthesis. All included studies were published

between 2021 and 2026. The search processes are shown in Figure 1.

The 14 included studies can be stratified into four categories by study type: 5 technical development studies

focused on model construction methodology, 4 preclinical validation studies testing model performance in

simulated or ex vivo settings, 3 conceptual/framework studies proposing architectural or methodological

standards, 1 clinical trial investigating patient-reported and functional outcomes, and 1 health services

research study analyzing operating room workflow efficiency. This distribution reflects the early translational

stage of the field, with most work concentrated on technical proof-of-concept rather than large-scale clinical

effectiveness evaluation.
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Figure 1. The search and selection processes.

The characteristics of the 14 included studies are reported in Table 1. To better characterize the functional

orientation of the included studies, we mapped all the studies to the four predefined analytical dimensions

outlined in the Methods section: (1) DT construction; (2) AI-enhanced predictive modeling; (3) surgical

simulation; and (4) rehabilitation-oriented decision support. Notably, most studies spanned multiple

dimensions, reflecting the intrinsically integrative nature of AI-powered orthopedic DT systems. A

conceptual overview of AI-powered digital twin systems in orthopedics is shown in Figure 2.

CONCEPTUAL ARCHITECTURES OF MUSCULOSKELETAL DIGITAL TWINS
To structurally synthesize the diverse design paradigms, data flows, and application models identified across

the included studies, we propose an integrated conceptual architectural framework that synthesizes common

elements across existing studies, conceptualizing AI-powered orthopedic digital twin systems as closed-loop,

multilayered structures (detailed in Figure 3). This framework is a synthesized analytical model developed by

the authors based on the included evidence, rather than a pre-existing architecture reported in a single

included study.
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Figure 2. Conceptual overview of AI-powered digital twin systems in orthopedics. Multimodal patient data are integrated into dynamic
digital twin models and enhanced by AI-driven analytics to support diagnosis, prediction, surgical planning, and rehabilitation. The system
enables adaptive, personalized, and data-driven clinical decision-making in precision orthopedics. Created in BioRender. Wu, H. (2026) h ​t ​t
p​s​:​/​/​B​i​o​R​e​n​d​e​r​.​c​o​m​/​0​n​g​y​q​l​5​. AI: Artificial intelligence.

This closed-loop, multilayered framework operates through continuous bidirectional data flow across five

interdependent layers: (1) Physical Patient Layer: the real-world clinical entity that serves as the source of all

the raw data and the end target of clinical interventions; (2) Data integration layer: This layer standardizes,

temporally aligns, and fuses multimodal heterogeneous data streams, including medical imaging,

biomechanical motion signals, electronic health records, and wearable sensor data, to support downstream

modeling; (3) Digital Twin Modeling Layer: This layer involves the construction of patient-specific

anatomical and biomechanical models from integrated data, providing the structural and mechanistic

foundation of the system; (4) The AI learning layer performs feature extraction, pattern recognition,

outcome prediction, and adaptive parameter optimization, endowing the digital twin with predictive

intelligence and dynamic updating capacity; (5) Clinical Decision Layer: This layer translates model outputs

into actionable clinical decision support, including diagnostic risk stratification, surgical plan optimization,

and personalized intervention recommendations. The outer closed loop enables continuous model

adaptation and learning from new clinical data.

The construction of patient-specific musculoskeletal DTs relied on the integration of multisource

heterogeneous data. Current methodologies range from geometry-driven biomechanical models to data-

driven generative frameworks, each addressing different aspects of fidelity and complexity.

Hernigou et al.
[47]

 demonstrated the use of CT-based 3D bone models converted into mathematical objects

using CAD software (Catia
TM

) to identify a patient-specific motion axis of the tibiotalar joint, forming the

basis for robotic surgical planning. However, this approach was limited by the use of a small sample (5 real +

20 DTs) and did not account for dynamic soft-tissue influences. It also relies on specialized and costly CAD

software, which limits its clinical accessibility.
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Table 1. Characteristics of the representative studies included in this review

Title First author
Year of
publication

Specific
applications of DT
and AI in
orthopedics

DT maturity
level

Study design

Digital twins, artificial intelligence,
and machine learning technology to
identify a real personalized motion
axis of the tibiotalar joint for
robotics in total ankle arthroplasty

Hernigou[47] 2021

Identifies a patient-
specific ankle motion
axis via DT and AI for
planning and guiding
robotic total ankle
arthroplasty

Level 1
(Foundational
Proto-DT)

Technical
development/biomechanical
modeling study

Foundations of a knee joint digital
twin from qMRI biomarkers for
osteoarthritis and knee replacement

Hoyer[49] 2025

Constructs a knee
joint DT using qMRI
biomarkers and AI to
predict osteoarthritis
incidence and knee
replacement
outcomes

Level 1
(Foundational
Proto-DT)

Retrospective imaging-based
predictive study

Surgical digital twin reconstruction
from tool tracking - lecture notes in
computer science

Stauffer[55] 2026

Dynamically
reconstructs a
surgical DT via tool
tracking and AI (e.g.,
LSTM) to enable real-
time implant
integration and
surgical guidance

Level 2
(Semidynamic
Predictive DT
Framework)

Technical
development/algorithm
validation study

A practical guide to the
implementation of AI in orthopedic
research - part 1: opportunities in
clinical application and overcoming
existing challenges

Zsidai[75] 2023

Establishes a
standardized
methodological
framework for
musculoskeletal DT
construction
integrating
multisource data, and
defines core
requirements for AI-
enhanced diagnosis,
simulation, and
clinical decision-
making

Conceptual
Methodological
Framework

Methodological
review/conceptual
framework

A five-dimensional three-layer
digital twin to train a reinforcement
learning agent for interaction control
of a robotic exoskeleton in
adolescent idiopathic scoliosis
rehabilitation

Farhadiyadkuri[48] 2025

Provides a 5D DT
simulation
environment to train
a Reinforcement
Learning agent for
optimizing control of
a robotic exoskeleton
in scoliosis
rehabilitation

Level 2
(Semidynamic
Predictive DT
Framework)

Simulation-based technical
development study

Subtalar axis determined by
combining digital twins and artificial
intelligence: influence of the
orientation of this axis for hindfoot
compensation of varus and valgus
knees

Hernigou[54] 2022

Determines a patient-
specific subtalar joint
axis using DT and AI
to analyze hindfoot
compensation
mechanisms for
personalized
diagnosis and
planning

Level 1
(Foundational
Proto-DT)

Biomechanical analysis study

Ankle and foot surgery: from
arthrodesis to arthroplasty, three
dimensional printing, sensors,
artificial intelligence, machine
learning technology, digital twins,
and cell therapy

Hernigou[107] 2021

A conceptual article
describing the
potential of DT and
AI for personalized
kinematic analysis
and robotic surgical
planning in foot and
ankle surgery

Conceptual
Perspective

Narrative
perspective/conceptual
review
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Construction method and
application of human skeleton digital
twin

Song[56] 2022

Proposes a method to
construct a human
skeleton DT for real-
time biomechanical
monitoring, using AI
surrogate models for
prediction

Level 2
(Semidynamic
Predictive DT
Framework)

Technical development/case
validation study

Shared decision making using digital
twins in knee osteoarthritis care: a
randomized clinical trial of an AI-
enabled decision aid versus
education alone on decision quality,
physical function, and user
experience

Jayakumar[52] 2025

Employs AI to
generate patient-
specific "digital
twins" providing
personalized
outcome predictions
to augment shared
decision-making in
knee OA care

Level 2
(Semidynamic
Predictive DT
Framework)

Randomized controlled
clinical trial

Toward an artificial intelligence-
assisted framework for
reconstructing the digital twin of
vertebra and predicting its fracture
response

Ahmadian[50] 2022

Proposes an AI-
assisted framework
(ReconGAN) to
reconstruct a patient-
specific vertebral DT
integrating
microstructure for
fracture risk
prediction and
biomechanical
simulation

Level 1
(Foundational
Proto-DT)

Technical development/finite
element validation study

Optimizing operating room
efficiency in robotic-assisted total
knee arthroplasty through
manufacturing efficiency principles

Hiraoka[83] 2025

Utilizes a DT to
simulate and analyze
OR workflow,
applying lean
manufacturing
principles and AI-
driven data analysis
to optimize efficiency
in robotic TKA

Level 2
(Semidynamic
Predictive DT
Framework)

Retrospective operational
analysis study

Malalignment detection in TKA: a
digital twin framework using
instrumented tibial trays

Merzak[53] 2025

Develops a DT
framework integrated
with neural networks
to detect prosthesis
malalignment in TKA
via strain signal
analysis

Level 2
(Semidynamic
Predictive DT
Framework)

Technical development/in
vitro validation study

Replication of impedance
identification experiments on a
reinforcement-learning-controlled
digital twin of human elbows

Yu[51] 2024

Replicates elbow
impedance
identification
experiments using a
reinforcement
learning-controlled
human elbow DT for
validating
rehabilitation
techniques.

Level 2
(Semidynamic
Predictive DT
Framework)

Simulation-based algorithm
validation study

Biomechanics digital twin:
markerless joint acceleration
prediction using machine learning
and computer vision

Leal[108] 2023

Constructs a
biomechanical DT
with machine learning
and computer vision
for markerless joint
acceleration
prediction and injury
risk prevention

Level 2
(Semidynamic
Predictive DT
Framework)

Technical
development/observational
validation study

DT: Digital twin; AI: artificial intelligence; LSTM: long short-term memory; 5D: five-dimensional; OR: operating room; TKA: total knee arthroplasty.

Farhadiyadkuri and Zhang
[48]

 proposed a comprehensive five-dimensional three-layer DT architecture (the

five dimensions refer to the physical patient entity, the virtual simulation model, the centralized twin data

repository, the bidirectional data connection between physical and virtual layers, and the clinical service

application layer) emphasizing bidirectional data flow (physical-to-virtual and virtual-to-physical). Their
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Figure 3. Integrated architecture of AI-powered orthopedic DT systems. Created in BioRender. Wu, H. (2026) h ​t ​t ​p ​s ​: ​/ ​/ ​B ​i ​o ​R ​e ​n ​d ​e ​r ​. ​c ​o ​m ​/ ​p ​b
g​l​r​i​8​. AI: Artificial intelligence; DT: digital twin.

framework successfully created a high-fidelity patient-specific musculoskeletal DT, although it simplified the

human torso as a single solid body and relied on a limited dataset for parameter identification.

Hoyer et al.
[49]

 constructed a Level 1 foundational knee joint proto-DT using quantitative MRI biomarkers

and employed deep learning-based segmentation and principal component analysis (PCA) to create an

interpretable feature space for predicting osteoarthritis (OA) incidence and knee replacement outcomes.

However, PCA captured limited variance for some biomarkers (45%-65%), and model generalizability across

diverse populations remained unvalidated.

Ahmadian et al.
[50]

 introduced ReconGAN, a 3D deep convolutional generative adversarial network

(DCGAN) framework, to synthesize realistic trabecular bone microstructures from microQCT images. This

approach enabled the creation of a biomechanically realistic vertebral DT for fracture risk prediction,

although it depended on a limited and nondiverse training dataset.

Yu et al.
[51]

 developed a reinforcement learning-driven neuromechanical DT of the human elbow,

demonstrating the feasibility of AI-controlled digital humans as functional DT entities for biomechanical

experimentation.

Collectively, these studies indicate that musculoskeletal DT construction is evolving from purely geometry-

driven models to hybrid approaches in which AI supports high-resolution structural synthesis and parameter

estimation, while biomechanical principles preserve physical plausibility.

AI-DRIVEN DIAGNOSIS AND DECISION-MAKING
AI algorithms, particularly deep learning and multivariate statistical models, have been embedded within DT

frameworks to enable early diagnosis, risk stratification, and individualized treatment planning
[26]

.

Hoyer et al.
[49]

 leveraged deep learning-based segmentation and PCA-derived imaging biomarkers to

construct predictive models for OA progression and knee replacement. Their analysis revealed protective

factors and risk factors. Although these models offer a more nuanced understanding of joint degeneration

trajectories, their clinical utility still depends on radiological expertise and lacks external validation.

Jayakumar et al.
[52]

 conducted a randomized clinical trial evaluating an AI-enabled decision aid (AI-DA) that

generated patient-specific predictive models of outcomes after different treatment options for knee OA.

Compared with education alone, AI-DA use resulted in higher decision quality, lower decisional regret, and

improved functional outcomes at 6-9 months. Nevertheless, the “black-box” nature of the AI and potential

                                                                                         
algorithmic biases were acknowledged as important limitations.
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Merzak et al.
[53]

 demonstrated neural network-based virtual sensing within implant-integrated digital twins

for prosthesis malalignment detection, illustrating the emergence of DT-enabled autonomous diagnostic

mechanisms.

Overall, the included studies illustrate that integrating AI within DTs can extend musculoskeletal care from

static imaging-based diagnosis to dynamic, data-driven risk prediction and personalized decision support.

SURGICAL SIMULATION AND OPTIMIZATION
DTs augmented with AI have shown potential to enable preoperative simulation, surgical planning, and

intraoperative guidance.

Hernigou et al.
[47,54]

 described a personalized joint axis defined in a geodesic coordinate system, allowing

robotic systems to perform precise bone cuts in total ankle arthroplasty. However, the clinical translation of

this method requires validation in live robotic surgery and assumes rigid bone behavior.

Stauffer et al.
[55]

 proposed a method to indirectly integrate surgical implants (plates and screws) into DTs by

analyzing tool-bone interactions using deterministic drilling detection and an LSTM network for screw

classification. Their approach achieved a 96.4% screw and 100% plate detection rate, enabling dynamic

implant integration with high geometric fidelity (Screw RMSE 1.52 mm, Plate RMSE 0.94 mm). Limitations

included susceptibility to marker occlusion and the fact that plate reconstruction initiates only after the third

screw, delaying feedback.

Farhadiyadkuri and Zhang
[48]

 trained a reinforcement learning-based impedance controller within a 5D DT

to optimize the interaction of a robotic exoskeleton for scoliosis rehabilitation. The controller demonstrated

superior tracking and force control in simulation, although real-world clinical validation is pending.

Taken together, these studies underscore the promise of AI-powered DTs in closing the loop between

preoperative planning and intraoperative execution, particularly in robotic and navigation-assisted

procedures. However, most systems operate in an offline or semistatic fashion, with limited integration of

live physiological or kinematic data, and no large-scale clinical trials have confirmed the intraoperative safety

and effectiveness of these systems.

PROGNOSTIC PREDICTION AND REHABILITATION MANAGEMENT
Several studies have showcased the use of DTs, often augmented by AI, for prognostic prediction,

postoperative monitoring, and personalized rehabilitation.

Jayakumar et al.
[52]

 reported that AI-DA-generated DTs led to better long-term functional outcomes and

higher treatment concordance in patients with knee OA who underwent total knee arthroplasty (TKA). This

work provides early clinical evidence that DT-based predictions can influence both decision-making and

real-world recovery.

Song et al.
[56]

 implemented a real-time human skeleton DT for the biomechanical monitoring of lumbar

spine stress during various postures. The system was validated in a human lumbar spine case using motion

capture and finite element modeling, although clinical validation in rehabilitation settings is still needed.
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Ahmadian et al.
[50]

 used their vertebral DT to simulate fracture response under different loading conditions,

revealing ductile versus brittle failure modes based on load type and tumor presence. These insights could

inform postoperative management and preventive strategies, although the model does not yet incorporate

real-time data updates.

Collectively, these findings indicate that DTs have considerable promise for dynamic prognostic modeling

and rehabilitation planning. Nonetheless, most current implementations are based on one-time simulations

rather than continuously updated, real-time digital replicas of the patient.

SUMMARY OF INCLUDED STUDIES
This review synthesizes recent advances in AI-powered DT technologies in orthopedics on the basis of

current published evidence. Collectively, findings from the included studies suggest the growing technical

feasibility of integrating multimodal patient data and computational modeling into unified DT systems to

support personalized orthopedic care
[57-60]

.

Beyond technical integration, these developments indicate a conceptual transition of orthopedic digital twins

from static digital replicas toward individualized and adaptive digital representations. This conceptual

transition suggests a shift in DTs from passive modeling tools toward more adaptive and intelligent clinical

support systems capable of supporting dynamic decision-making and personalized intervention planning.

Digital twin construction: reconciling mechanistic and data-driven paradigms

The foundational step in developing musculoskeletal DTs is the integration of multisource, heterogeneous

data to create high-fidelity, patient-specific virtual models
[61]

. Current approaches reveal a fundamental

dichotomy between mechanistic (physics-based)
[62,63]

 and data-driven (AI-based)
[64]

 modeling paradigms.

Studies such as those by Hernigou et al.
[47]

 and Farhadiyadkuri and Zhang
[48]

 exemplified the mechanistic

approach of using CAD and engineering software to create geometrically and biomechanically precise

models. Their strengths lie in interpretability and principled generalization based on biomechanical and

physical laws. However, they often rely on costly software, require expert knowledge, and struggle to model

complex biological heterogeneity
[65-67]

.

In contrast, the work of Hoyer et al.
[49]

 and Ahmadian et al.
[50]

 represented a data-driven paradigm,

employing deep learning to extract patterns and generate structures directly from imaging data. This

approach excelled at capturing complex, nonlinear relationships but resulted in “black-box” models whose

generalizability is limited by the quality and diversity of their training data
[68-70]

.

The development of high-fidelity musculoskeletal DTs
[71]

 is likely to depend on hybrid frameworks that

tightly couple mechanistic and AI-based components. In such systems, AI modules would be constrained by

biomechanical priors and physical laws, whereas mechanistic models would be dynamically personalized

through AI-driven parameter estimation and real-time data assimilation.

AI-enhanced diagnosis and decision-making: toward precision orthopedics

AI has shown significant potential for improving diagnostic accuracy, particularly in risk stratification, and

enhancing prognostic forecasting
[72-74]

.

The model developed by Hoyer et al.
[49]

 successfully identified imaging biomarkers for early osteoarthritis

and predicted fracture risk with high accuracy, which indicates a potential shift from diagnosing established

pathologies toward forecasting individualized risk trajectories. However, the current work remains limited by
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the use of single-center datasets, incomplete representation of diverse patient populations, and a lack of

external validation.

Notably, AI-DAs, as implemented by Jayakumar et al.
[52]

, could synthesize patient-specific data to improve

shared decision-making and postoperative outcomes. These tools represent a step beyond traditional

population-based risk calculators toward more personalized, individual-level clinical decision-making. A

significant barrier to this vision, as highlighted across studies by Zsidai et al.
[75]

, was the “black-box” nature of

many advanced AI models, which compromises clinical interpretability
[76]

.

Therefore, the next generation of AI-integrated orthopedic DT systems must become interpretable decision-

support partners
[74,77-82]

. This requires systems (1) to visualize and track the evolution of key biomarkers and

biomechanical parameters over time; (2) to link diagnostic findings to probable long-term outcomes under

different treatment strategies; and (3) to translate complex model outputs into concise evidence for shared

decision-making.

Surgical simulation and optimization: From planning to execution

DTs offer a powerful platform for preoperative planning and surgical simulation, allowing surgeons to

visualize patient-specific anatomy, predict biomechanical outcomes, and optimize intervention strategies.

Studies by Hernigou et al.
[47]

 and Stauffer et al.
[55]

 illustrated the potential of DTs in guiding robotic surgery

and intraoperatively tracking implant placement. These applications have shown preliminary potential to

improve surgical precision, reduce operative time, and extend implant longevity in preclinical and small-

sample validations, although these theoretical benefits have not been confirmed in large-scale randomized

controlled trials.

However, most current surgical DTs are static and cannot adapt intraoperatively on the basis of live

physiological feedback. The study by Hiraoka et al.
[83]

, while focused on process efficiency, underscores the

broader potential of DTs to optimize surgical workflows.

A key priority for future research is the development of adaptive surgical DT systems operating within real-

time closed-loop “sense-simulate-guide” frameworks, with robust clinical validation to confirm safety and

effectiveness in live surgical settings
[84-86]

. In this paradigm, intraoperative data (e.g., from fluorescence

imaging) dynamically update the DT
[87]

. An AI-driven module would then perform rapid simulations to

predict the biomechanical consequences of various surgical options. Finally, optimized guidance is delivered

to the surgeon via augmented reality (AR) or robotic interfaces, completing the loop from data acquisition to

surgical action
[88,89]

.

Key research challenges toward realizing this vision include real-time modeling of soft-tissue mechanics,

ultrafast edge-based biomechanical simulations, and the establishment of robust human-machine interaction

(HMI) protocols to guarantee clinical safety
[90]

.

Prognostic prediction and rehabilitation: enabling dynamic postoperative management

Postoperatively, DTs combined with AI can dynamically predict recovery trajectories and complication risks,

guiding personalized rehabilitation
[91-94]

. Studies by Song et al.
[56]

 and Ahmadian et al.
[50]

 have demonstrated

how biomechanical DTs can simulate load responses and predict failure modes, informing rehabilitation

strategies and preventive interventions. Beyond degenerative and traumatic spinal conditions, DT-enabled

precision prognostication also holds high translational value for spinal cord injury, where dynamic molecular

fibrotic biomarkers can be integrated into prognostic models to stratify individual functional repair

trajectories
[95]

. Jayakumar et al.
[52]

 further reported that predictive DTs can lead to better long-term functional

                                                                                            outcomes and higher patient compliance.
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However, the transition from static simulation to dynamic, real-time prognostic systems remains a

significant hurdle. Current models largely lack integration with real-time continuous patient data, limiting

their use in adaptive care pathways. The critical next phase is to create a prognostic system in which the DT

is perpetually updated by wearable sensor data (e.g., on activity, gait, and load)
[96]

, patient-reported outcomes,

and even subsequent imaging. This DT could then dynamically adjust the rehabilitation goals, predict

complications such as implant loosening before they become clinically apparent, and empower patients with

visual recovery trajectories.

Challenges and future directions

Despite considerable promise, the widespread clinical implementation of DTs in orthopedics faces several

intertwined technical, clinical, and ethical challenges.

Technical and methodological hurdles

Key issues include data fragmentation, model generalizability
[97]

 across diverse populations, high

computational costs, and the complexity of integrating real-time data streams
[98-100]

. Many studies are limited

by inherently small sample sizes and retrospective designs. Future work must prioritize prospective,

multicenter trials to validate models clinically. Additionally, advancing toward markerless tracking,

multisensor fusion, and more efficient computational algorithms will be crucial for real-time applications.

Clinical integration and safety

Integrating DT technologies into existing clinical workflows without disrupting efficiency is a major

challenge. Furthermore, deploying AI or DT predictions in high-stakes surgical settings without rigorous

validation poses patient safety risks
[101]

. The development of clear regulatory frameworks, clinical guidelines,

and competency standards for DT-augmented care is essential.

Ethical and interpretability concerns

The opacity of complex AI models, data privacy concerns, and potential accountability gaps for AI-driven

recommendations are significant barriers to trust. Advancing explainable-AI techniques and addressing

equity in access are essential ethical and governance considerations
[102-106]

.

The development of AI-powered DT systems follows distinct trajectories across orthopedic subspecialties,

shaped by unique anatomical features and clinical workflow demands
[107,108]

. In joint arthroplasty, the most

established applications center on preoperative planning and implant alignment optimization, with bony

geometry forming the core of current proto-DT models; the key challenge here is integrating dynamic soft-

tissue and in vivo kinematic data to move beyond static geometry-only planning. In spinal care, DTs are

primarily applied to biomechanical stress simulation and robotic exoskeleton control for scoliosis

rehabilitation, where unique barriers arise from the complex multisegmental kinematics of the spine and the

need for long-term wearable data integration. For traumatic spinal cord injury, another core clinical

indication in spinal care, multi-layered pathophysiological alterations from molecular fibrotic regulatory

pathways to supraspinal neuroplastic reorganization further elevate the technical requirements for

personalized DT construction
[109,110]

. In foot and ankle surgery, DTs have been leveraged to identify patient-

specific joint motion axes for robotic surgical guidance, with the main technical limitation being achieving

sufficient spatial precision for small, anatomically complex joint structures. In trauma orthopedics,

intraoperative DT reconstruction and implant tracking represent the primary use cases, where the critical

challenge is ultrafast model updating to accommodate the time-sensitive nature of emergency surgical
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settings
[111]

. Finally, in musculoskeletal rehabilitation, AI-augmented DTs focus on real-time motion

monitoring and adaptive rehabilitation prescription, where the principal limitation is the scarcity of

longitudinal real-world data to support continuous model calibration.

Collectively, these barriers reflect a systemic translational gap between technical feasibility and scalable

clinical deployment.

Limitations

This review has several limitations that should be acknowledged. First, the inclusion criteria were restricted

to publications in English, which may have led to the omission of pertinent studies published in other

languages, introducing a potential language bias. Second, given the rapid evolution of AI and DT

technologies, some very recent developments may not be captured because of the inherent delay in

publication and indexing. Third, given the significant heterogeneity in study designs, technical pipelines, and

outcome measures across the included studies, a quantitative meta-analysis was not feasible, with all findings

presented as a descriptive qualitative synthesis aligned with scoping review methodology. Finally, as the field

is nascent, most included studies are early-phase technical validations rather than large-scale clinical

effectiveness trials; therefore, the reported technical potential and translational challenges are indicative of

the current developmental stage rather than definitive clinical evidence of patient benefit.

CONCLUSION
AI-powered digital twin technologies show promising potential to advance orthopedic research and clinical

practice, offering patient-specific solutions across the continuum of diagnosis, surgical planning,

rehabilitation, and long-term monitoring. Current research provides converging preliminary evidence

supporting the technical feasibility and early translational potential of AI-powered DT systems across

multiple orthopedic subfields, from joint arthroplasty to spinal care and rehabilitation.

However, the field remains in an early translational phase, characterized by fragmented methodological

standards, limited high-quality clinical validation, and persistent technical and regulatory challenges. The

overall evidence base is currently limited to small-scale, single-center studies, with only one randomized

controlled trial identified to date. Future efforts should focus on standardizing DT construction pipelines,

fostering interoperability across systems, conducting robust multicenter clinical trials to confirm clinical

effectiveness and safety, and addressing critical ethical and explainability concerns to support clinical

translation.
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