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1. Introduction

The concept of a digital twin — a dynamic, bidirectionally connected virtual replica of a physical entity — was first formalized
in aerospace engineering by Michael Grieves in 2002 and subsequently adopted across manufacturing, civil infrastructure, and
energy sectors 21, Its migration into clinical medicine has accelerated dramatically over the past decade, driven by exponential
growth in medical imaging resolution, wearable sensor miniaturization, cloud computing capacity, and machine learning
algorithms capable of processing heterogeneous patient data at scale [ 451,

Orthopedics and orthodontics represent particularly fertile ground for digital twin adoption because both disciplines are
inherently spatial, mechanically governed, and outcome-dependent on precise geometric correspondence between implant or
appliance and the patient's unique anatomy ® 7. Traditional treatment workflows rely on population-averaged anatomical
assumptions, static preoperative imaging, and largely subjective intraoperative judgment. These constraints introduce systematic
error, elevate revision rates, and limit the clinician's ability to anticipate biologic response over the course of treatment (& 91,
Digital twins, by contrast, enable a living computational model that evolves with the patient — updated by sensor streams,
follow-up imaging, and outcome data — allowing clinicians to simulate interventions before execution, adapt plans during
treatment, and predict long-term remodeling trajectories 1% 3. This review synthesizes the current state of digital twin
technology in orthopedic implant surgery, fracture management, and orthodontic aligner therapy, with emphasis on clinical
translation barriers and measurable performance outcomes.

2. Digital Twin Concepts and Architecture

A clinical digital twin comprises three core components: (1) a geometric model reconstructed from patient-specific imaging; (2)
a physics-based or data-driven simulation engine governing mechanical, biological, or thermal behavior; and (3) a real-time data
integration layer that synchronizes the virtual model with the physical patient through sensor feeds, laboratory results, or imaging
updates [ 31, The bidirectional link distinguishes a digital twin from a conventional three-dimensional model — changes in
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the physical domain propagate to the virtual replica, and
predictions generated within the virtual domain inform
clinical decision-making 1,

In orthopedics, geometric models are typically derived from
CBCT or multidetector CT segmentation, achieving sub-
millimeter anatomical fidelity. Bone density maps derived
from Hounsfield unit distributions are incorporated to
parameterize material properties for finite element analysis
(FEA), enabling simulation of stress distributions under
physiologic loading conditions > €1 In orthodontics,
intraoral scanners capturing dental arch geometry with
accuracy better than 20 micrometers serve as the geometric
foundation, supplemented by cephalometric radiographs for
skeletal relationship mapping &1,

Machine learning has substantially augmented digital twin
pipelines by automating anatomical segmentation, predicting
tissue response to mechanical loading, and classifying
patients into biomechanically similar clusters to inform
population-level personalization 1821, Federated learning
architectures allow institutions to collaboratively train
predictive models without sharing identifiable imaging data,
addressing privacy concerns that have historically inhibited
large-scale dataset assembly 21,

3. Personalized Treatment Planning

The principal clinical value of digital twinning lies in its
capacity to generate individualized treatment blueprints
rather than relying on categorical sizing or population norms
2223 In total knee arthroplasty, patient-specific
instrumentation (PSI) guides derived from digital twin
models have demonstrated alignment accuracy superior to
conventional jig-based systems, with reported mechanical
axis deviations reduced from a mean of 3.2° to 1.1° in
comparative studies 24 231,

Orthodontic digital twins enable staging of tooth movement
across hundreds of simulated treatment steps, with each
intermediate position validated against predicted periodontal
ligament strain thresholds [?61, Clinicians can virtually test
multiple aligner progression strategies — varying attachment
morphology, force vectors, and staging intervals — and
select the plan that minimizes root resorption risk while
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optimizing treatment duration " 281, This simulation-first
philosophy has been associated with a 23% reduction in
unplanned refinement aligners in prospective observational
studies [?°,

Craniomaxillofacial surgical planning similarly benefits from
digital twin-assisted virtual osteotomy environments, where
surgeons can rehearse Le Fort osteotomies or bilateral sagittal
split procedures, quantify predicted soft-tissue changes using
finite element models of facial musculature, and fabricate
patient-specific cutting guides and fixation hardware in
advance [0 311,

4. Simulation Systems

Finite element analysis remains the workhorse simulation
methodology for structural prediction in musculoskeletal
digital twins. Contemporary FEA platforms capable of
modeling anisotropic, viscoelastic bone behavior under
dynamic loading conditions can resolve stress concentration
at implant-bone interfaces with sub-millimeter spatial
resolution B2, Simulation runtimes that once demanded
dedicated high-performance computing clusters have been
reduced to minutes through GPU parallelization and reduced-
order modeling techniques, enabling iterative design
optimization within clinical timelines (%1,

Computational fluid dynamics has been applied in joint
replacement contexts to model synovial fluid behavior
around articulating surfaces, predicting wear patterns in total
hip arthroplasty based on patient-specific kinematics [,
Multibody dynamics models incorporating muscle force data
from electromyography recordings allow simulation of joint
loading during activities of daily living, providing
biomechanical context that static imaging cannot supply B4,
For orthodontic applications, physics-informed neural
networks have emerged as computationally efficient
alternatives to full FEA, trained on libraries of high-fidelity
simulations to predict aligner force delivery and tooth
displacement with accuracy comparable to FEA at a fraction
of the computational cost *31. These surrogate models enable
interactive treatment planning interfaces where clinicians can
explore parameter space in real time.

Table 1: Digital Twin Technologies: Comparative Overview Across Key Dimensions

Technology Data Source Accuracy Cost Update Rate Integration Maturity
CAD/CAM Modeling CT/CBCT Scans +0.1 mm High Static CAD Software High
FEA Simulation Bone Density Maps +2% Medium Pre-op FEA Platforms High
ML Prediction Patient History 85-92% Low Real-time EHR Systems Medium
10T Wearables Motion Sensors +1° Low-Med Continuous Cloud/Mobile Medium
AR/VR Overlay 3D Patient Models +0.3 mm High Intraoperative Surgical Suite Emerging
Biomechanical Twin Multi-modal +1.5% Very High Dynamic Full Stack Low-Med

Note: Accuracy values represent typical clinical benchmarks. Cost and maturity ratings reflect current adoption as of 2025.

5. Real-Time Monitoring Frameworks

The distinguishing feature of a true digital twin relative to a
static simulation is continuous synchronization with
physiologic reality 1%, In orthopedic implant monitoring,
instrumented prostheses embedded with strain gauges,
inertial measurement units, and wireless telemetry modules
transmit load data during daily activity, allowing the digital
twin to update its predicted fatigue accumulation model and
issue alerts when mechanical thresholds approach critical
levels.

Wearable exoskeletal sensors applied externally can capture
joint kinematics during rehabilitation, feeding spatiotemporal

gait parameters into the digital twin to assess recovery
trajectory against predicted models calibrated to similar
patient cohorts. Deviations from expected recovery curves
serve as early warning indicators for complications such as
periprosthetic fracture, loosening, or infection — potentially
enabling intervention before clinical symptoms manifest.

In orthodontics, smart aligner systems incorporating
embedded microsensors measure wear compliance and
exerted bite forces, transmitting data to cloud-based digital
twin platforms that automatically assess whether tooth
movement is tracking the planned trajectory. Non-compliant
patients whose movement lags the predicted schedule by
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defined thresholds trigger automated clinical alerts, enabling
earlier intervention and reducing the frequency and cost of
undetected off-track cases.

6. Clinical Applications

The broadest orthopedic application of digital twin
technology is in arthroplasty, where patient-specific implant
selection, positioning, and fixation strategy can be virtualized
before the operating theater is entered. Single-institution
retrospective studies have reported revision rates for total
knee arthroplasty declining from 12% to 4% following
adoption of digital twin-assisted planning, attributed
primarily to improved rotational alignment of the femoral
component. Prospective multicenter validation trials are
underway in Europe and North America.

Spinal surgery represents a high-stakes domain where digital
twin-assisted pedicle screw trajectory planning has reduced
neurologic complication rates by demonstrating safe
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corridors  through patient-specific vertebral anatomy,
accounting for morphologic variation that standardized sizing
tables cannot capture. Tumor resection planning in bone
sarcoma similarly leverages digital twins to define oncologic
margins and pre-fabricate titanium reconstruction implants
with topology-optimized lattice structures matching resected
bone geometry.

Orthodontic aligner therapy, now representing over 40% of
all orthodontic treatment starts globally, has become the most
commercially scaled application of dental digital twins [46].
Clear aligner manufacturers operate proprietary digital twin
platforms processing millions of patient scans annually, with
Al-assisted staging algorithms reducing technician labor by
an estimated 60% per case. Academic centers are now
evaluating open-source digital twin frameworks to replicate
these capabilities in educational and resource-limited clinical
environments.

Table 2: Treatment Performance Indicators: Digital Twin vs. Conventional Planning

Indicator Orthopedic Implants Orthodontic Aligners Surgical Planning Clinical Outcome
Planning Time (hrs) 84—2.1 62— 1.8 125 —-534 | 74% avg reduction
Positional Accuracy +0.8 mm +0.2 mm +0.5 mm Significant improvement

Revision Rate (%) 12% — 4% 18% — 6% 9% — 3% 155-67%
Patient Satisfaction 78% — 91% 74% — 93% 80% — 95% 1 15-21 pts
Cost Savings (USD) $4,200/case $1,800/case $6,500/case ROI positive in 18 mo
Complication Rate 7.2% — 2.8% 11% — 4.1% 8.5% — 2.3% | 60% average

Note: Arrows indicate direction of change from conventional baseline to digital twin-assisted outcomes. Data aggregated from published clinical studies (2020—

2025).

7. Discussion and Challenges

Despite compelling efficacy signals, widespread adoption of
clinical digital twins faces structural barriers. Data
interoperability remains the most pervasive challenge: DICOM
imaging archives, EHR databases, proprietary scanner file
formats, and wearable sensor data streams rarely conform to
shared ontologies, necessitating extensive preprocessing
pipelines that consume implementation resources and introduce
latency. The development of FHIR-compliant digital twin data
models and international standardization efforts through ISO/TC
299 are beginning to address these gaps.

Regulatory classification of digital twin software as Software as
a Medical Device (SaMD) under FDA 21 CFR Part 820 and EU
MDR 2017/745 frameworks introduces approval timelines and
post-market surveillance requirements that deter smaller
development teams. Reimbursement pathways for digital twin-
assisted planning have not kept pace with technological
development in most healthcare systems, creating a cost-access
gap that favors adoption in high-volume private practice settings
over academic safety-net institutions.

Computational and technical workforce requirements present
additional barriers. Deploying a functional clinical digital twin
requires biomedical engineering support for model validation, IT
infrastructure for data security and cloud synchronization, and
clinical champions who understand both the technology's
capabilities and its limitations. Training programs integrating
digital twin literacy into medical and dental curricula are nascent
but growing.

8. Conclusion

Digital twin technology is transitioning from a research novelty
to a clinical infrastructure component in orthopedics and
orthodontics. The convergence of high-resolution imaging,
sensor miniaturization, machine learning, and cloud computing
has created the technical conditions for scalable, patient-specific
virtual treatment environments that demonstrably improve

planning accuracy, reduce complications, and enhance patient
experience. Sustained progress will require coordinated effort
across regulatory, reimbursement, and standardization domains
to ensure that the precision advantages documented in controlled
studies translate equitably into routine clinical practice. Future
research priorities should include prospective multicenter trials
with standardized outcome metrics, development of validated
open-source digital twin frameworks, and longitudinal follow-
up studies assessing the impact of real-time monitoring on long-
term implant survivorship and orthodontic stability.
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