Artificial Intelligence in orthopedic surgery: A new frontier.
Outline
Definition of AI
What is artificial intelligence (AI)? Interestingly the definition is not as clear as one might expect. The ISO standard defines it as “AI is a technical and scientific field devoted to the engineered system that generates outputs such as content, forecasts, recommendations or decisions for a given set of human-defined objectives”[36], the European Union (EU) defines it as “AI refers to systems that display intelligent behavior by analyzing their environment and taking actions – with some degree of autonomy – to achieve specific goals”[21], while Russel & Norvig in their popular book “Artificial Intelligence: A Modern Approach” forego an exact definition [56]. For the purpose of this chapter the definition by the EU is most practical and will therefore be used. 
Evolution of AI capabilities
The foundations of AI were established in the 1940s with the development of the first digital computers. A significant milestone occurred in 1943 when Warren McCulloch and Walter Pitts introduced their groundbreaking model of artificial neurons, widely recognized as the first manifestation of artificial intelligence [43].
Alan Turing's introduction of the Turing Test in 1950 provided a fundamental framework for evaluating machine intelligence [64]. The field gained its formal identity in 1956 when the term "artificial intelligence" was coined at the historic Dartmouth Summer Research Project on AI [42].
The dawn of the 21st century ushered in an era of advancement in AI capabilities. IBM Watson's victory on Jeopardy! in 2011 showcased natural language processing and knowledge retrieval [23]. The field experienced a breakthrough in 2012 with AlexNet's achievements in image recognition, followed by the introduction of Generative Adversarial Networks (GANs) in 2014, which transformed AI's creative capabilities [26, 39]. AlphaGo's victory over the world Go champion in 2016 further demonstrated AI's mastery of complex strategic thinking [59]. The period from 2018 to 2022 saw the emergence of large language models like GPT and DALL-E, capable of generating remarkably human-like text and images [51-53].
The latest frontier in AI development is agentic AI, representing a paradigm shift in artificial intelligence capabilities [9]. These systems are distinguished by their autonomy, reasoning capabilities, reinforced learning, and sophisticated language understanding [12, 19, 50, 55]. Agentic AI demonstrates unprecedented abilities in optimizing complex workflows, making context-based decisions, and adapting to dynamic environments with minimal human oversight.
Current impact on orthopedic surgery
AI has demonstrated significant impact across several key areas. Natural Language Processing (NLP) assists in clinical data management by automating the extraction and analysis of information from electronic medical records, particularly useful in cases like periprosthetic fractures and joint infections [24, 72]. Various hospitals in North America have adopted ambient documentation, with generative AI producing standardized reports by listening to the conversation, reducing bureaucratic load on physicians and freeing time for their patients [62].
In diagnostics, Convolutional Neural Networks (CNNs) have achieved remarkable diagnostic accuracy, sometimes outperforming human specialists [6, 35]. These systems have proven particularly effective in identifying fractures and beyond, already being leveraged in hospitals worldwide [41, 60]. 
For example in the realm of arthroplasty, notable applications include automated prosthesis identification in revision surgery, reducing identification time from 20-30 minutes to milliseconds [7]. Predictive algorithms have demonstrated effectiveness in calculating mortality rates, transfusion risks, and hospital stay lengths following elective arthroplasty [29, 35, 37, 68].
Fundamentals of AI
Basic concepts and terminology
The fundamental concept behind AI lies in its ability to process and analyze vast amounts of data. These systems operate through various approaches, from rule-based logic to complex statistical models, all designed to solve specific types of often narrowly defined problems [56].
Key to understanding AI is recognizing its foundational components. First, all AI systems require data - the raw information from which they learn or make decisions. The quality, quantity, and diversity of this data directly impact the system's performance. In medical applications, this might include anonymized patient records, imaging studies, and clinical outcomes. Second, AI systems need processing mechanisms - the algorithms that learn from this raw data and transform into meaningful models [56].
Supervised Learning represents the most commonly used approach in medical AI applications (Figure 1). In this approach, the system learns from a dataset where the "correct answers" are already known [56]. For example, when training an AI to identify fractures, it learns from thousands of X-rays where radiologists have already marked and labeled fracture locations. The system learns to map input features (the image characteristics) to output labels (fracture present/absent) [6, 41]. The quality of supervised learning heavily depends on the accuracy and consistency of these labels, making expert annotation crucial [41].
Unsupervised Learning takes a different approach by finding natural patterns in data without predefined labels (Figure 1). This can be particularly valuable in discovering previously unknown relationships in medical data [44]. For instance, an unsupervised algorithm might identify patient features that impact quality of life after total knee arthroplasty [34]. This could lead to more personalized treatment approaches based on these naturally occurring patterns.
Reinforcement Learning represents a more dynamic approach where the system learns through trial and error in an interactive environment (Figure 1)[56]. While less common in clinical applications, it's gaining traction in surgical robotics and treatment planning. The system receives rewards or penalties based on its actions, gradually learning optimal strategies. For example, a reinforcement learning system linked with the da Vinci robot successfully learned basic surgical skills [5].Figure 1: 3 learning paradigms

What makes AI systems particularly powerful is their ability to automatically learn which datapoints are most relevant for a given task, rather than relying on pre-programmed rules [3]. This capability allows them to discover subtle patterns that might not be immediately apparent to human observers, potentially leading to new insights in disease progression and treatment response.
Difference between AI, ML, and DL
AI, Machine Learning (ML), and Deep Learning (DL) are often used interchangeably, but they represent distinct concepts with a hierarchical relationship (Figure 2). AI is commonly used as the an umbrella term, encompassing any technique that enables computers to mimic human intelligence [21, 56]. Early AI systems, for instance, relied on predefined rules and decision trees to solve problems, much like following a complex flowchart [56].
Machine Learning represents a subset of AI that focuses on systems that can learn from experience. ML models identify patterns in data to make decisions [56]. These algorithms improve their performance through exposure to more data, similar to how humans learn from experience. ML includes various approaches such as logistic regression, support vector machines, and random forests [56]. For example, an ML system might analyze patient outcomes data to predict recovery times after surgery [70].
Deep Learning (DL), in turn, is a specialized subset of machine learning based on artificial neural networks with multiple layers. What distinguishes DL from traditional ML is its ability to automatically learn feature representation from raw data, eliminating the need for manual feature extraction [39, 56]. This makes DL particularly powerful for complex tasks like image analysis and natural language processing [6-8, 39, 59, 60]. In orthopedics, DL excels at tasks like analyzing medical imaging because it can automatically identify relevant features across multiple levels of abstraction, from basic edges and textures to complex anatomical structures [4, 6].Figure 2: Hierarchical structure of AI nomenclature


	Basic Definitions

	Artificial Intelligence (AI): 
	The field of creating systems that mimic human intelligence. Includes rule-based logic, machine learning, and deep learning.

	Machine Learning (ML): 
	A subset of AI where systems learn from data and improve performance without explicit programming. Examples include logistic regression, decision trees, and support vector machines.

	Deep Learning (DL): 
	A specialized form of ML using multi-layered neural networks. It automatically learns features from raw data and is particularly effective for tasks like image analysis and speech recognition.


Fact Box 1: "Essential AI Terminology for Healthcare Professionals"
	AI Learning Paradigms

	Supervised Learning: 
	Involves training models on labeled data where the correct output is provided (e.g., X-rays labeled as "fracture present" or "fracture absent").

	Unsupervised Learning: 
	Finds patterns in data without predefined labels, such as clustering patients based on recovery trajectories.

	Reinforcement Learning: 
	A trial-and-error approach where models learn optimal strategies through rewards and penalties, useful in surgical robotics and treatment optimization. 


	Key Concepts

	Data Quality
	High-quality, diverse, and unbiased data is critical for accurate and generalizable AI models.

	Feature Extraction: 
	The process of identifying relevant patterns or variables from data. This is manual in ML but automated in DL.

	Neural Networks: 
	Algorithms inspired by the brain’s structure, essential in DL for processing complex and unstructured data.

	Generalization: 
	The ability of an AI model to perform well on unseen data, indicating robust learning.



	AI Learning Paradigms

	Accuracy: 
	The proportion of correctly classified instances over the total instances.

	Precision: 
	The proportion of true positive predictions out of all positive predictions, indicating how many identified results are correct.

	Recall (Sensitivity): 
	The proportion of true positive predictions out of all actual positives, measuring the model's ability to identify all relevant cases.

	Specificity: 
	The ability to correctly identify negative cases.

	F1 Score: 
	The harmonic mean of precision and recall, balancing false positives and false negatives.

	Area Under the Receiver Operating Characteristic Curve (AUC-ROC): 
	Measures model performance across various classification thresholds, with 1.0 being perfect.


Types and Components of AI Systems
Machine Learning approaches
ML approaches can be categorized into several key methodologies, suited for different types of applications.
A selection of basic ML Algorithms:
· Regression Models: These fundamental algorithms establish relationships between variables, crucial in medical predictions [56]. Linear regression helps predict continuous outcomes (like length of hospital stay), while logistic regression excels at binary classifications (such as predicting surgical complications). In orthopedics, these models often analyze patient demographics, medical history, and clinical measurements to predict outcomes after joint replacement surgery.
· Decision Trees & Random Forests: Decision trees create a flowchart-like structure of decisions based on data features, Random forests combine multiple decision trees to improve accuracy and reduce overfitting [56]. These are particularly valuable in orthopedics because they provide transparent, interpretable decisions - for instance, helping determine suitable candidates for specific surgical procedures based on multiple patient factors.
· Support Vector Machines (SVM): SVMs excel at classification tasks by finding optimal boundaries between different categories [56]. They're especially useful in analyzing complex medical data where clear separations between groups exist. In orthopedic applications, SVMs might help classify different types of bone lesions based on imaging features.
Despite the mathematical and technological differences between various approaches, the majority of concepts remain universally viable.
· Feature selection refers to the process of identifying the most relevant variables for prediction [56]. Considering the vast amount of data collected on patients and the narrow task we request a model to solve it is prudent to reduce the number of variables to a minimum. This step potentially improves performance due to noise reduction, while allowing easier application of the model.
· An essential step in the development of each model is the validation and testing. While validation is performed on subsets of the training dataset, testing is performed on a holdout set, data that has not been utilized for training the algorithm but serves the purpose of estimating its performance [56]. In order to ensure better generalizability algorithms should undergo external validation before clinical application. This process ensures that the model’s performance is not driven by unique properties of developing institution but can be applied to the broader population
· Medical data presents significant challenges, including unbalanced datasets, where most individuals are disease-free. For instance, in radiologic cancer screening, only 1% of patients have cancer; a model predicting all patients as cancer-free achieves 99% accuracy but defeats the screening's purpose. Solutions include majority undersampling, minority oversampling, or focusing on subsets with higher disease prevalence, though the latter reduces generalizability [56].
· Missing data in medical records is another issue, often arising from varied treatment practices. Data imputation, synthesizing missing values based on existing dataset patterns, commonly utilized by data scientist, however physicians might argue against utilizing "synthetic data" [56].
Deep Learning architectures	Comment by Öttl Felix: Might need to dumb this down or delete it
Deep Neural Networks (DNNs) are model within the category of DL. They consist of multiple layers of interconnected nodes (artificial neurons) that process and transform data through vectorization and activation functions. The architecture's depth allows for hierarchical feature learning, with each layer building upon the previous one's output [56]. In medical imaging, Convolutional Neural Networks (CNNs) employ specialized layers: convolutional layers detect spatial features – like pixel brightness and colour, pooling layers reduce dimensionality, and fully connected layers combine these features for classification or regression tasks. Popular architectures like ResNet, U-Net, and DenseNet have been adapted for medical imaging, with U-Net particularly excelling in medical image segmentation [4, 31, 69].
The training process involves methods like backpropagation, where the model learns by identifying and correcting its mistakes, similar to a student reviewing a test to improve. It also uses gradient descent, which helps the model get better by taking small, calculated steps, like finding the quickest way down a hill. To avoid overfitting—when the model memorizes specifics instead of learning general patterns—techniques such as batch normalization and dropout are applied. Batch normalization ensures that the data stays on a consistent scale, preventing erratic learning, while dropout randomly "ignores" parts of the model during training to encourage broader learning [56]. Models also may leverage transfer learning, which is like taking a doctor already trained in general medicine and giving them a crash course in a specialty, such as orthopedics. Here, a model pre-trained on large, general datasets is fine-tuned for specific medical tasks. This approach significantly reduces the need for large amounts of specialized medical data, making the process more efficient and practical [56].
Natural Language Processing
BERT (Bidirectional Encoder Representations from Transformers) and GPT (Generative Pre-trained Transformer) are some of the leading models the field [18, 52]. These systems process text through multiple attention mechanisms, allowing them to understand context across long sequences of text. In medical applications, domain-specific models like ClinicalBERT are pre-trained on medical literature and clinical notes, enabling better comprehension of medical terminology and context [32]. Key technical components include tokenization (breaking text into meaningful units), named entity recognition (identifying medical terms, procedures, and conditions), and relationship extraction (understanding connections between clinical entities) [56, 63].
Large Language Models
Architecture and capabilities
Large Language Models (LLMs), like GPT(Chat GPT, Open AI, California, United States) or Claude (Claude, Anthropic, California, United States) are built upon a sophisticated neural network architecture known as transformers [52]. To understand how these systems work, we can break down their fundamental components and processes.
At their core, LLMs process language through a mechanism called attention, which allows the model to weigh the importance of different words and phrases in relation to each other [66]. This is analogous to how a surgeon reading a patient's medical history might pay particular attention to certain key symptoms or risk factors while maintaining awareness of the overall clinical picture. The model's transformer architecture contains multiple layers of these attention mechanisms, enabling it to understand context at various levels of abstraction. The capabilities of LLMs emerge from their training process, during which they analyze vast amounts of text data – often hundreds of billions of words from sources including medical literature, scientific papers, and the internet as a whole, this process influences the attention of the model. Through this process, LLMs develop sophisticated pattern recognition abilities that allow them to “understand” and generate human-like text.
Current LLMs excel at natural language processing, allowing them to recognize complex medical terminology, interpret clinical narratives, and process unstructured medical text. They can engage in detailed dialogue, maintaining context across multiple exchanges – similar to how a physician might conduct a patient interview, building upon previous responses to gather relevant information. These models can summarize lengthy medical documents, translate between languages while preserving medical terminology, answer questions about medical procedures, and even assist in clinical reasoning by analyzing case presentations. They can also adapt their communication style, providing technical explanations for healthcare professionals or simpler explanations for patient education materials.
LLMs demonstrate what appears to be reasoning capability. However, it's crucial to understand that this reasoning ability emerges from pattern recognition rather than true understanding – the model is identifying and applying patterns it has learned during training rather than performing genuine medical reasoning like a human clinician. Ultimately current models will never be able to come to conclusions or find solutions that have not been part of its training set. The only possibility for it to present creative problem solving would be due to hallucination, which should not be applied in high stakes settings.
Healthcare applications
The integration of Large Language Models into healthcare has opened new possibilities for both clinical practice and research. In the clinical setting, these models have demonstrated significant utility in several key areas. Recent research has shown that LLMs are particularly effective for generating clinical letters, helping healthcare providers create accurate and comprehensive documentation more efficiently while maintaining professional standards [10]. LLMs are already utilized to reduce the burden of documentation in a number of hospitals in North America via ambient documentation, leveraging LLMs to generate standardized patient notes based of the recording of the patient visit in real time [62].
Patient education and communication represent another crucial application of LLMs in healthcare, especially AI-based chatbots show considerable promise as educational resources in orthopedics [25]. These tools can provide patients with accessible explanations of complex medical concepts, pre-operative instructions, and post-operative care guidelines, all while maintaining consistency in the information delivered.
In the research domain, LLMs have emerged as valuable assistants for medical researchers, they excel at generating clear and concise text, helping researchers articulate their findings more effectively [13]. They can assist in literature reviews by processing and synthesizing large volumes of medical literature, identifying relevant studies, and highlighting key findings. 
Popular models
Among the various LLMs publicly available, ChatGPT has emerged as one of the most widely recognized and utilized models. Developed by OpenAI and launched with GPT-3 in late 2022, ChatGPT represents a milestone in publicly accessible conversational AI. The model is based on the GPT (Generative Pre-trained Transformer) architecture and has been specifically optimized for dialogue, making it suitable for healthcare communications.
ChatGPT's success stems from several key features. Its ability to maintain context throughout conversations allows for more natural and coherent interactions, whether discussing medical cases or explaining treatment options to patients. Another LLM, Llama developed by Meta, represents a significant advancement in open-source language models. Unlike many proprietary models, Llama's architecture and weights are available to researchers and developers, enabling customization for specific medical and local applications. This openness has led to various healthcare-specific adaptations of Llama, with some versions being fine-tuned on medical literature and clinical datasets [61]. 
Google's Gemini represents another major advancement in the field, offering multimodal capabilities that extend beyond text processing. This model can analyze both text and images, making it potentially valuable for medical applications involving visual data interpretation. This is further accentuated in the latest version of Med-Gemini [57, 71].
Limitations and considerations
Despite their impressive capabilities, LLMs come with important limitations that healthcare professionals must understand. First and foremost, these models lack true medical understanding or clinical judgment. While they can process and generate text based on patterns in their training data, they cannot replace the expertise and decision-making abilities of trained medical professionals. Also data privacy and security represent critical considerations, particularly in healthcare settings where patient confidentiality is paramount. Healthcare providers must ensure that any use of LLMs complies with relevant privacy regulations and data protection standards.
The potential for hallucination – where models generate plausible-sounding but incorrect information – presents a significant risk in medical contexts [16]. This limitation necessitates careful verification of any model-generated content by qualified healthcare professionals. Additionally, models may exhibit biases present in their training data, which could affect their outputs in ways that impact patient care. There are also practical considerations regarding implementation and integration into clinical workflows. Healthcare organizations must consider factors such as cost, technical infrastructure requirements, staff training needs, and the development of appropriate protocols for LLM use in clinical settings.
Finally, ethical considerations surrounding the use of AI in healthcare decision-making must be carefully addressed. This includes ensuring transparency about AI use with patients, maintaining appropriate human oversight, and establishing clear boundaries regarding the role of LLMs in clinical practice.
Agentic AI and Autonomous Systems
Agentic AI refers to artificial intelligence systems designed with capabilities to perceive their environment, make decisions, and take actions that affect their surroundings. These systems are imbued with a level of autonomy that allows them to pursue specific goals or objectives without constant human intervention. In essence, agentic AI acts as a functional entity that demonstrates agency—the ability to act purposefully and independently within its operational parameters [12, 28, 67].
The concept of agentic AI is rooted in the broader framework of artificial intelligence, where the focus shifts from mere computational analysis to dynamic interaction with real-world scenarios. These agents typically rely on advanced algorithms, including machine learning, reinforcement learning, and neural networks, to interpret complex inputs and execute decisions that align with predefined goals [19].
One defining characteristic of agentic AI is its capacity for situational awareness [14]. This involves gathering data from diverse sources—such as sensors and databases—to build a comprehensive understanding of the environment. For example, in orthopedic surgery, an AI agent could hypothetically analyze patient imaging, surgical plans, and intraoperative feedback in real-time [33]. By synthesizing this information, the agent can offer recommendations, adjust robotic assistance, or even autonomously execute tasks with high precision, depending on its role in the procedure [19, 33].
The agency exhibited by these systems introduces a nuanced balance between autonomy and oversight. While autonomy will allow for efficiency and scalability in tasks such as preoperative planning or post-operative monitoring, it also raises critical questions about accountability and trust. For orthopedic surgeons, a high level understanding of the mechanisms and limitations of agents is essential before graduating them into clinics. This ensures that decisions made by AI systems align with ethical standards and clinical best practices, safeguarding patient outcomes.
Decision-making capabilities
The decision-making capabilities of agentic AI extend beyond static rule-following, allowing these systems to dynamically evaluate complex scenarios and act accordingly [19]. Agentic AI incorporates mechanisms such as reinforcement learning and probabilistic reasoning to refine its outputs based on changing inputs and goals [15]. This adaptive approach mirrors, and possibly surpasses, human cognitive processes in its ability to process vast datasets.
Collaboration with human expertise remains central to AI’s decision-making process. These systems are not designed to replace surgeons but to augment their capabilities. By operating within predefined ethical and operational parameters, agentic AI ensures that decisions adhere to clinical best practices, while leaving ultimate responsibility and discretion in the hands of clinicians. This synergy fosters trust and ensures that AI-driven insights enhance, rather than override, human judgment.
Healthcare automation
Healthcare automation driven by agentic AI will upheave how care is delivered, particularly in first contact but also specialized fields like orthopedics. Automation in this context refers to the delegation of repetitive, time-consuming, or highly technical tasks to AI systems, allowing healthcare professionals to focus on patient-centered care [1]. 
In administrative domains, AI-powered automation will streamline tasks such as scheduling, billing, and medical documentation, as these systems can analyze patterns in patient data to predict appointment needs, optimize resource allocation, and reduce administrative errors. For orthopedic practices, this will translate to more efficient management of surgical schedules, reduced waiting times, and enhanced patient satisfaction.
In the clinical realm, automation extends to diagnostic and therapeutic procedures. For example, automated analyses may serve as decision-support tools, enabling orthopedic surgeons to validate findings and plan interventions more effectively [22]. During surgery, robotic systems guided by agentic AI could perform tasks such as drilling, cutting, or suturing with unmatched accuracy, minimizing the risk of human error.
Healthcare automation will likely become instrumental in post-operative care and rehabilitation. Connected wearable devices equipped can monitor a patient’s recovery progress, providing real-time feedback and alerting clinicians early to potential complications.
Safety considerations
The adoption of agentic AI and autonomous systems in healthcare necessitates a strong focus on safety to mitigate potential risks and ensure patient welfare. A critical aspect of safety is the robustness of AI systems against errors, unexpected scenarios, or adversarial inputs. In orthopedics, where precision is paramount, any malfunction or misinterpretation could have severe consequences, making rigorous testing and validation essential before deployment.
Transparency in decision-making processes is another cornerstone of safety. Clinicians need to understand how and why an AI system arrives at a particular recommendation or decision. By employing explainable AI (XAI) techniques, developers can provide insights into the reasoning of these systems, fostering trust and enabling surgeons to identify potential errors before acting on AI-generated advice [46, 47]. Ethical considerations also intersect with safety. Ensuring that AI systems are free from biases—whether in training data or algorithms—is critical to equitable care. For instance, AI agents must perform consistently across diverse patient populations, accounting for variations in anatomy, demographics, and health conditions.
Finally, continuous monitoring and iterative improvement are necessary to maintain safety standards over time. As AI systems evolve and encounter new data, ongoing updates and recalibrations are essential to address emerging risks and refine their performance. Through these measures, agentic AI can safely and effectively augment clinical practice, delivering consistent, high-quality care while upholding the highest safety standards.
Implementation in Healthcare
Successfully integrating AI into healthcare requires a well-planned strategy to ensure seamless adoption across workflows. This involves identifying areas where AI can deliver the most value, such as diagnostics, treatment planning, or administrative tasks. Collaboration between AI developers and clinicians is essential to tailor solutions to real-world clinical needs, ensuring relevance and usability [20].
Interoperability with existing systems is a cornerstone of integration. AI must link seamlessly with existing electronic health records (EHRs), imaging platforms, and other hospital infrastructure to avoid data silos and ensure continuity of care [54].
Regulatory compliance
Navigating the regulatory landscape is critical for deploying agentic AI in healthcare. AI systems must meet rigorous standards set by regulatory bodies such as the FDA, EMA, or local health authorities. These standards assess the safety, efficacy, and reliability of AI tools, ensuring they meet clinical requirements [58].
Transparent documentation and ongoing audits are necessary to maintain compliance. Developers must provide detailed descriptions of algorithms, training data, and validation processes to satisfy regulatory scrutiny. Post-market surveillance is also essential to monitor real-world performance and address emerging risks [38].
Validation methods
Validation ensures that AI systems perform as intended and deliver consistent results. In healthcare, this involves testing AI tools across diverse datasets to confirm their accuracy, robustness, and generalizability [17]. For orthopedic applications, validation may include retrospective studies, clinical trials, and real-world testing in simulated surgical environments.
Benchmarking against human expertise and established standards is a common practice to demonstrate equivalence or superiority. Continuous validation, even after deployment, ensures that AI systems adapt to evolving clinical practices and patient needs, maintaining their relevance and reliability over time [49].
Future Directions and EthicsFact Box 2: "Implementation Checklist for AI in Clinical Practice"
1. Ensure interoperability with existing hospital systems (e.g., EHRs, imaging platforms).
2. Ensure data privacy and comply with regulations like GDPR and HIPAA.
3. Validate AI systems through retrospective studies, clinical trials, and real-world testing.
4. Obtain necessary regulatory approvals from bodies such as the FDA or EMA.
5. Plan for phased rollouts with pilot programs to address potential integration challenges.
6. Employ explainable AI (XAI) techniques to ensure transparency in decision-making.
7. Monitor and update AI systems continuously to adapt to new data and practices.
8. Foster collaboration between clinicians, developers, and stakeholders to align goals.


Current challenges
Despite the transformative potential of AI in healthcare, its adoption remains sluggish due to various challenges. Integration hurdles include interoperability with legacy systems like EHRs, which are often fragmented and incompatible with modern AI solutions [2]. Additionally, the lack of standardized protocols for data collection and annotation hampers the training of robust AI models[30].
Another significant barrier is skepticism among healthcare professionals, fueled by concerns over reliability, transparency, and the perceived threat to clinical autonomy [40]. High upfront costs and the need for substantial infrastructural changes further dissuade institutions from adopting AI solutions. These challenges are compounded by a slow-moving and hawkish regulatory landscape, where outdated frameworks struggle to accommodate the pace of AI innovation [48].
Ethical considerations
Ethical issues in AI stem largely from biases in training data, which can perpetuate inequities in healthcare. For example, algorithms trained predominantly on data from certain demographic groups may yield inaccurate results for underrepresented populations, exacerbating disparities in care [11, 45, 65].
Accountability is another critical concern. When an AI system makes a mistake—such as an incorrect diagnosis or a surgical planning error—determining responsibility becomes challenging [27]. Should blame lie with the developers, the clinicians, or the institutions deploying the AI? Establishing clear guidelines for liability is essential to address this issue. The potential for over-reliance on AI poses additional risks. While AI can augment decision-making, clinicians must remain vigilant, ensuring that AI-generated recommendations are critically evaluated and not accepted uncritically. Transparency in AI operations, achieved through XAI, is crucial to maintaining trust and ensuring that clinicians understand the rationale behind AI recommendations[46, 47].
Future possibilities
The future of AI in healthcare holds immense promise. In primary care, AI will streamline patient triage, enabling referrals to specialists such as orthopedic surgeons without the need for intermediary consultations. Similarly, AI-driven tools are going to optimize follow-up schedules by considering patient recovery patterns, clinician availability, and data-driven risk assessments.
AI also opens new frontiers in personalized medicine. By analyzing patient-specific factors such as genetics, biomechanics, and lifestyle, AI systems could recommend tailored treatment plans. For orthopedics, this could mean improved indications for surgical or conservative interventions, enhancing outcomes and minimizing unnecessary procedures.
Risk management
Incorporating AI into clinical practice necessitates proactive risk management strategies. This begins with rigorous validation of AI tools to ensure their reliability across diverse clinical scenarios. 
Training programs for clinicians and staff are vital to ensure proper understanding and utilization of AI systems. By fostering a culture of continuous learning and adaptation, healthcare institutions can align human expertise with technological innovation.
Regulatory oversight plays a key role in risk management, ensuring that AI systems adhere to stringent safety and ethical standards, without obstructing innovation. Post-market surveillance and regular updates based on real-world performance are critical to addressing unforeseen risks and maintaining the trust of both clinicians and patients.
Take home message
AI is rapidly transforming orthopedic surgery through various applications, from diagnostic assistance to surgical planning and documentation. The field encompasses multiple approaches, including ML, DL and LLMs, each offering unique capabilities for different clinical challenges. While AI shows remarkable potential in enhancing efficiency and accuracy it's crucial to understand that these tools are designed to augment, not replace, clinical expertise.
The successful implementation of AI in orthopedics requires careful consideration of several factors: proper validation, regulatory compliance, and integration with existing healthcare systems. Current challenges include data quality issues, interoperability concerns, and the need for standardized protocols. As AI continues to evolve, particularly with the emergence of agentic AI and autonomous systems, maintaining a balance between technological innovation and patient safety remains paramount. Healthcare providers must stay informed about AI's capabilities and limitations while ensuring its ethical deployment that prioritizes patient care and reduces healthcare disparities.
The future of AI in orthopedics lies in more personalized treatment approaches, streamlined workflows, and enhanced decision support, but this potential can only be realized through careful validation, ongoing risk management, and maintaining human oversight in clinical decision-making.
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