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Abstract 

The integration of Artificial Intelligence (AI) and Machine Learning (ML) is 

fundamentally transforming diagnostic and therapeutic paradigms in orthopedic and 

orthodontic practice. This review delineates the methodological frameworks, clinical 

applications, and translational integration of AI/ML technologies, emphasizing their 

role in enhancing precision, efficiency, and patient-centered care. It aims to provide a 

comprehensive analysis of how these tools are applied from image interpretation to 

outcome prediction and workflow management. Key methodological frameworks 

include convolutional neural networks (CNNs) for automated analysis of radiographs, 

CT, and CBCT scans, and ensemble learning models for prognostic risk stratification. 

Major applications encompass AI-assisted fracture detection, spinal deformity 

analysis, automated cephalometric landmark identification, and prediction of 

orthodontic treatment duration and stability. Furthermore, AI-driven clinical decision-

support systems optimize surgical planning, resource allocation, and postoperative 

monitoring. Concluding remarks underscore the significant potential of AI/ML to 

augment clinical decision-making and personalize treatment pathways. However, 

successful translation requires rigorous validation, seamless workflow integration, and 

addressing ethical challenges related to data bias and algorithmic transparency. Future 

research must focus on developing robust, generalizable models and establishing 

frameworks for their responsible implementation in interdisciplinary clinical settings.
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1. Introduction 

The fields of orthopedics and orthodontics are inherently data-rich, relying heavily on imaging for diagnosis, precise 

measurements for planning, and long-term follow-up for outcome assessment. The advent of Artificial Intelligence (AI) and 

Machine Learning (ML) presents an unprecedented opportunity to harness this data to augment clinical expertise, improve 

diagnostic accuracy, predict treatment responses, and streamline complex workflows. In orthopedics, AI applications range from 

automated detection of subtle fractures on radiographs to predictive models for patient outcomes following joint arthroplasty. In 

orthodontics, ML algorithms automate cephalometric analyses, predict facial growth patterns, and forecast treatment duration. 

Beyond specific tasks, AI serves as a foundational technology for translational healthcare, fostering interdisciplinary integration 

by providing a common, data-driven language for surgeons, orthodontists, and radiologists. This review aims to critically 

examine the current landscape of AI/ML in these specialties. Its scope encompasses the conceptual frameworks underpinning 

these technologies, strategies for their clinical evaluation and implementation, detailed analysis of key applications with case-

based evidence, and a discussion of prevailing challenges and future directions. The objective is to provide a structured,  
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analytical resource that bridges technical innovation with 

practical, patient-centered clinical integration. 

 

2. Conceptual and Methodological Frameworks 

The clinical application of AI/ML is built upon distinct 

methodological frameworks designed to address specific 

challenges in musculoskeletal and dentofacial care. 

 

2.1. AI-based Diagnostic Imaging and Pattern 

Recognition 

Convolutional Neural Networks (CNNs) represent the 

cornerstone of modern medical image analysis. Trained on 

vast datasets of annotated images, these deep learning models 

learn hierarchical features to perform tasks with super-human 

speed and consistent accuracy. In orthopedics, CNNs 

automatically detect and classify fractures, quantify 

osteoarthritis severity via Kellgren-Lawrence grading, and 

segment vertebral bodies for scoliosis assessment [1]. In 

orthodontics, they identify cephalometric landmarks on 

lateral cephalograms and panoramic radiographs with sub-

millimeter precision, a process previously subject to inter-

clinician variability [2]. These systems function as powerful 

pattern recognition engines, transforming raw pixel data into 

structured, quantitative diagnostic information. 

 

2.2. Predictive Modeling for Patient Outcomes 

Supervised ML models, including logistic regression, support 

vector machines, and gradient boosting machines (e.g., 

XGBoost), are employed to forecast individual patient 

trajectories. These models ingest multi-modal input data—

demographics, clinical history, imaging features, and genetic 

markers—to predict discrete outcomes. Examples include the 

risk of non-union after fracture fixation, the likelihood of 

requiring extended rehabilitation post-arthroplasty, or the 

probability of orthognathic surgery relapse [3]. These 

predictive analytics shift care from a reactive to a proactive 

model, enabling risk stratification and personalized pre-

habilitation strategies. 

 

2.3. Machine Learning Algorithms in Treatment 

Planning 

Treatment planning is optimized through a combination of 

predictive and generative models. ML algorithms can 

simulate and compare the biomechanical outcomes of 

different surgical approaches (e.g., implant positioning in 

total hip arthroplasty) or orthodontic tooth movement 

strategies. Reinforcement learning, an AI paradigm where an 

algorithm learns optimal decisions through trial and error in 

a simulated environment, holds promise for developing 

complex, multi-step treatment plans tailored to dynamic 

biological responses [4]. This framework supports precision 

medicine by identifying the treatment pathway most likely to 

yield the optimal functional and aesthetic result for a specific 

patient. 

 

2.4. Clinical Decision-Support Systems and Translational 

Integration 

AI models are most impactful when embedded within 

Clinical Decision-Support Systems (CDSS). These integrated 

software platforms present AI-derived insights—such as a 

highlighted fracture or a predicted risk score—alongside 

patient data in the electronic health record (EHR). For 

interdisciplinary cases, such as temporomandibular joint 

disorders or craniofacial anomalies, a shared AI-powered 

platform can align treatment objectives between orthopedic, 

orthodontic, and surgical teams by providing a unified 

analysis of combined imaging and clinical data [5]. This 

fosters a cohesive, data-informed treatment strategy. 

 

3. Evaluation and Implementation Strategies 

The transition from experimental algorithm to trusted clinical 

tool demands rigorous evaluation and thoughtful 

implementation. 

 

3.1. Accuracy, Sensitivity, and Specificity Assessment 

The performance of AI diagnostic tools is benchmarked using 

standard metrics: accuracy, sensitivity (recall), specificity, 

and the area under the receiver operating characteristic curve 

(AUC-ROC). For instance, a fracture detection algorithm 

must demonstrate sensitivity exceeding 95% to avoid missed 

diagnoses, while maintaining high specificity to reduce false 

alarms that burden clinicians [6]. Performance must be 

evaluated on independent, multi-center test sets to ensure 

robustness. 

 

3.2. Validation and Benchmarking of AI Models 

Robust validation involves external testing on data from 

populations and imaging equipment not seen during training. 

Benchmarking against both expert clinicians and existing 

clinical standards is essential. Regulatory clearance (e.g., 

FDA, CE marking) typically requires such prospective 

validations. Furthermore, continuous monitoring of model 

performance post-deployment (“drift detection”) is necessary 

as patient populations and imaging protocols evolve [7]. 

 

3.3. Integration into Clinical Workflows 

Successful integration hinges on minimizing disruption. AI 

tools should interface seamlessly with existing Picture 

Archiving and Communication Systems (PACS) and EHRs. 

The output must be intuitive and actionable, such as a 

prioritized worklist for the radiologist or a visual overlay on 

a surgeon’s planning station. The principle of “human-in-the-

loop” is critical; AI provides augmentation, not replacement, 

ensuring the clinician retains ultimate decision-making 

authority [8]. 

 

3.4. Interdisciplinary Collaboration and Ethical 

Considerations 

Developing effective tools requires deep collaboration 

between data scientists, clinicians, and software engineers. 

Major ethical considerations include algorithmic bias—

where models perform poorly on underrepresented 

demographic groups—and the “black box” problem of some 

complex models. Ensuring data privacy, securing informed 

consent for data use in training, and maintaining transparency 

about the role of AI in care are paramount for ethical adoption 
[9]. 

 

4. Clinical Applications and Case-Based Evidence 

The theoretical promise of AI/ML is substantiated by a 

growing body of applied clinical research. 

 

4.1. Orthopedic Fracture Diagnosis and Postoperative 

Monitoring 

CNNs have demonstrated expert-level performance in 

detecting radiographically subtle fractures, such as scaphoid 
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or femoral neck fractures, in emergency settings, potentially 

reducing missed diagnoses [10]. Postoperatively, AI models 

analyze serial radiographs to monitor fracture union 

progression automatically, alerting surgeons to delayed 

healing. In spine care, algorithms measure Cobb angles on 

radiographs for scoliosis monitoring with high 

reproducibility, tracking curve progression more consistently 

than manual methods [11]. 

 

4.2. Orthodontic Treatment Planning and Growth 

Prediction 

Automated cephalometric analysis systems, now 

commercially available, can complete a full analysis in 

seconds, freeing clinicians from tedious manual tracing [2]. 

Beyond static analysis, ML models trained on longitudinal 

cephalometric data predict individual mandibular growth 

patterns and soft tissue changes, informing decisions about 

the timing of functional appliance therapy or the need for 

orthognathic surgery [12]. Predictive models also estimate 

total treatment duration and the risk of specific 

complications, such as root resorption, based on initial 

presentation [13]. 

 

4.3. AI-Assisted Surgical Planning and Robotics 

Integration 

In orthopedics, AI enhances preoperative planning for joint 

replacements by predicting the optimal implant size and 

positioning based on the patient’s unique anatomy, derived 

from 3D CT or MRI scans. This data directly informs surgical 

guides and robotic-assisted systems (e.g., ROSA Knee, 

MAKO), which execute the plan with high precision [14]. In 

orthognathic surgery, AI-driven software simulates 

postoperative facial aesthetics for different osteotomy plans, 

facilitating patient communication and surgical decision-

making [15]. 

 

4.4. Patient-Centered Outcome Optimization 

ML models are increasingly used to predict patient-reported 

outcome measures (PROMs). By analyzing preoperative 

data, algorithms can forecast a patient’s likely pain level and 

functional improvement (e.g., post-TKA WOMAC score), 

setting realistic expectations and identifying high-risk 

patients who may benefit from enhanced support [16]. This 

application directly aligns AI with the goal of maximizing 

patient satisfaction and quality of life. 

 

5. Challenges and Future Research Directions 

Despite rapid progress, significant hurdles must be overcome 

for widespread, equitable adoption. 

 

5.1. Data Quality, Bias, and Generalizability 

Most models are trained on retrospective data from single 

institutions, risking bias and poor generalization. Developing 

large, diverse, multi-institutional, and meticulously curated 

datasets is a fundamental challenge. Federated learning, 

where models are trained across decentralized data sources 

without sharing raw data, is a promising solution to this data 

scarcity and privacy dilemma [17]. 

 

5.2. Regulatory and Ethical Barriers 

The regulatory pathway for adaptive AI/ML-based SaMD 

(Software as a Medical Device) is evolving. A key question 

is how to regulate algorithms that continue to learn after 

deployment. Ethically, establishing standards for explainable 

AI (XAI) in high-stakes clinical settings is crucial to maintain 

trust and accountability [9]. 

 

5.3. Workflow Adoption in Diverse Clinical Settings 

Integration costs, IT infrastructure requirements, and 

clinician training present barriers, particularly in resource-

limited settings. Demonstrating clear return on investment—

through time savings, reduced error rates, or improved patient 

throughput—is essential for adoption. Development of 

lightweight, cloud-based AI tools could improve accessibility 
[18]. 

 

5.4. Future Directions in AI/ML-Enabled Personalized 

Care 

The future lies in multimodal AI systems that integrate 

imaging, genomics, proteomics, and continuous data from 

wearable sensors to create dynamic digital twins of patients. 

These virtual models could simulate treatment responses in 

real-time, enabling truly personalized, adaptive care plans. 

Furthermore, AI will be central to the development of 

autonomous robotic systems capable of performing complex, 

perception-driven surgical tasks [19]. 

 

6. Tables 

 
Table 1: AI/ML Diagnostic Imaging Approaches in Orthopedic and Orthodontic Practice 

 

Imaging Modality 
Primary AI 

Algorithm 
Clinical Application Examples Reported Accuracy Metrics 

Plain Radiography 

(X-ray) 

Convolutional Neural 

Network (CNN) 

Fracture detection, osteoarthritis grading (KL), 

scoliosis Cobb angle measurement, bone age 

assessment. 

Sensitivity >95% for hip/fracture detection; 

AUC >0.98 for OA grading [1][6]. 

Computed 

Tomography (CT) 
3D CNN, U-Net 

Bone tumor segmentation, preoperative planning 

for joint arthroplasty (implant sizing), vertebral 

fracture classification. 

Dice coefficient >0.90 for bone 

segmentation; sizing accuracy within 1 size 

of expert [14]. 

Cone-Beam CT 

(CBCT) 

CNN, Landmark 

Detection Networks 

Automated cephalometric landmarking, airway 

volume analysis, impacted canine localization, TMJ 

condyle segmentation. 

Mean error <1mm for landmark 

identification compared to human experts 

[2]. 

Magnetic Resonance 

Imaging (MRI) 

Deep Learning 

Classifiers 

Meniscus/ligament tear detection, cartilage lesion 

quantification, differentiation of benign vs. 

malignant bone lesions. 

Sensitivity/Specificity ~90% for ACL tear 

detection [20]. 
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Table 2: Predictive Modeling Frameworks for Treatment Outcomes 
 

Patient Variables / Input Data ML Model Type Predictive Target Clinical Impact / Accuracy 

Demographics, Comorbidities, 

Pre-op Imaging & PROMs 

Gradient Boosting 

(XGBoost), Random 

Forest 

Risk of extended LOS, discharge to rehab, 

or suboptimal PROMs improvement after 

TJA. 

AUC 0.75-0.85; enables pre-

habilitation targeting [3][16]. 

Fracture characteristics, Patient 

factors, Lab values 

Logistic Regression, 

Neural Networks 

Probability of non-union or delayed union 

following fracture fixation. 

Identifies high-risk patients for 

adjunctive therapies (e.g., bone 

stimulators). 

Cephalometric values, Age, 

Gender, Treatment type 

Support Vector 

Machine, Neural 

Network 

Orthodontic treatment duration, need for 

extraction, risk of root resorption. 

Predicts treatment length within 3-4 

months; aids in patient consultation 

[13]. 

Pre-op skeletal/dental 

measurements, Surgical plan 

variables 

Ensemble Methods 
Stability/relapse risk after orthognathic 

surgery for skeletal malocclusion. 

Informs surgical plan modifications 

(overcorrection) and retention 

strategies [5]. 

Table 3: Workflow Optimization Strategies Using AI 
 

Clinical Process AI Integration Point Efficiency / Quality Improvement Implementation Challenge 

Diagnostic 

Imaging Triage 

PACS-integrated AI reads all 

incoming studies. 

Prioritizes worklist with suspected 

positive findings (e.g., fractures). 

Reduces time to diagnosis for critical 

cases. 

Integration with legacy PACS; 

managing false-positive alerts. 

Pre-operative 

Planning 

AI analyzes patient 3D anatomy 

and suggests implant size/position. 

Reduces manual planning time from 

hours to minutes. Increases planning 

standardization and accuracy. 

Surgeon acceptance; validation for 

implant-specific systems. 

Post-operative 

Monitoring 

AI compares serial radiographs for 

automated assessment of healing 

(e.g., fracture union, TKA 

loosening). 

Automates routine follow-up 

assessment, flagging only cases with 

potential issues for surgeon review. 

Requires standardized radiographic 

views; defining "normal" vs. 

"delayed" healing algorithmically. 

Administrative 

Scheduling 

ML models predict no-show risk 

and optimal appointment duration 

based on patient and procedure 

type. 

Optimizes clinic schedules, reduces 

idle time, and improves resource 

utilization. 

Data privacy concerns; need for 

integration with scheduling 

software. 

Table 4: Advantages, Limitations, and Clinical Implementation Considerations of AI/ML Approaches 
 

Aspect Advantages Limitations 
Clinical Implementation 

Considerations 

Diagnostic Accuracy 

& Consistency 

Super-human speed; 24/7 availability; 

eliminates intra-observer variability for 

repetitive tasks (e.g., landmarking). 

May miss rare or novel pathologies 

not in training data; performance 

dependent on image quality. 

Use as a "second reader"; maintain 

clinician oversight for final 

diagnosis. 

Predictive Power 

Identifies complex, non-linear relationships 

in data beyond human intuition; enables 

personalized risk profiles. 

"Black box" nature can obscure 

reasoning; predictions are 

probabilistic, not deterministic. 

Deploy in conjunction with 

clinical judgment; focus on high-

risk cohort identification. 

Workflow Efficiency 

Automates time-consuming manual tasks 

(tracing, measuring); streamlines triage and 

administrative functions. 

Upfront cost of integration and 

licensing; potential for alert fatigue if 

not well-calibrated. 

Conduct workflow analysis pre-

purchase; pilot test in one clinic 

area first. 

 

7. Conclusion 

AI and ML are transitioning from research novelties to 

essential components of the modern orthopedic and 

orthodontic toolkit. This review has outlined their 

foundational role in automating diagnostic imaging, 

unlocking predictive insights into treatment outcomes, and 

optimizing clinical workflows. The translational impact is 

profound, offering a pathway to more precise, efficient, and 

personalized patient care while fostering deeper 

interdisciplinary collaboration. However, the journey from 

algorithm to bedside requires meticulous attention to 

validation, integration, and ethics. Strategic 

recommendations for future research include prioritizing the 

creation of diverse and representative datasets, advancing 

explainable and federated learning techniques, and 

conducting robust health-economic analyses to demonstrate  

 

value. By navigating these challenges thoughtfully, the 

orthopedic and orthodontic communities can harness AI not 

to replace clinical judgment, but to augment it, ultimately 

achieving superior outcomes for patients through intelligent, 

data-informed care. 
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