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Abstract


Artificial intelligence (AI) is revolutionizing plastic surgery through its remarkable advancements in various domains such as image analysis, robotic assistance, predictive analytics, and augmented reality. Predictive analytics, powered by AI, harnesses patient data to predict surgical outcomes, minimize risks, and tailor treatment plans, thereby optimizing patient care and safety. Augmented reality and virtual reality technology are also reshaping the cosmetic surgery landscape, providing immersive experiences for preoperative imaging, intraoperative guidance, and advanced skills through simulation. Looking ahead, the future of AI in plastic surgery holds great promise, including personalized medicine, bioprinting of tissues and organs, and continuous learning through iterative improvement algorithms based on real-world surgical experience. However, amid these transformational advances, ethical considerations and regulatory frameworks must evolve to ensure the responsible deployment of AI, protect patient privacy, minimize errors and algorithmic deviation, and uphold standards of fairness and transparency. Our study aims to explore the role of AI in the field of plastic surgery with the potential for the future in mind. In summary, AI is considered a beacon of innovation in plastic surgery, enhancing surgical precision, enhancing patient outcomes, and heralding a future where interventions rely on personalized technology that will redefine the boundaries of aesthetic and regenerative medicine.
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1. Introduction


Artificial intelligence (AI) is rapidly gaining prominence in modern healthcare, significantly altering various medical practice fields, including diagnosis, treatment, and broader applications [1]. Using advanced machine learning algorithms and deep learning to analyze extensive datasets, including patient electronic health records (EHRs) [2,3], medical imaging [4,5], genomic sequences [6,7], and real-time physiological data streams (electrocardiograms, electroencephalograms, and electromyograms) [8,9,10]. In diagnostic tasks, AI demonstrates exceptional proficiency in interpreting complex medical images, aiding radiologists and pathologists in the early detection and categorization such as cancers, vascular diseases, neurological disorders, and other diseases [11,12,13,14]. Moreover, AI facilitates personalized medicine by integrating patient-specific clinical and genetic data to customize treatment strategies, predict treatment responses, and optimize therapeutic outcomes, thereby revolutionizing traditional approaches to healthcare [15,16,17,18,19]. Additionally, AI technologies streamline healthcare operations by automating administrative tasks, optimizing resource allocation, and improving patient care coordination. Furthermore, AI-driven telemedicine platforms and remote monitoring tools empower patients and healthcare providers by providing real-time access to medical expertise, enabling remote consultations, continuous patient monitoring, and proactive disease management, which are particularly beneficial in remote or underserved areas [20,21].



Nowadays, physicians need to make accurate and rapid decisions based on clinical examinations, test results, history, and demographics. These decisions are impacted by various influences, such as cognitive biases, personal traits, emotions, and external factors, which can introduce variability, uncertainty, and errors into the therapeutic decision-making process [22]. AI emerges as a crucial tool in overcoming these human limitations by aiding in medical decision-making and reasoning. Simultaneously, the proliferation of informatization has led to a significant increase in both pre- and postoperative patient data, including patient-generated health data and information from wearable sensors, collectively referred to as “big data”, as shown in Figure 1. In the medical field, machine learning (ML) includes a variety of statistical techniques and methods that are particularly adept at detecting and combining subtle influences to predict a specific outcome effectively [23]. In recent years, medical image analysis has gravitated toward deep learning (DL), showcasing significant advancements across various medical imaging tasks, especially in radiology and pathology [24,25]. DL employs data-driven techniques, autonomously crafting and organizing image features based on their predictive capacity rather than relying on human-derived knowledge [26]. As the volume of digital data expands, relying solely on manual analysis becomes inadequate. AI support in medical decision-making has improved the accuracy, efficiency, and effectiveness of healthcare delivery, finally leading to better patient outcomes [27,28]. Therefore, leveraging AI becomes indispensable for effectively managing and utilizing this vast dataset to solve complex clinical challenges.



Plastic surgery has seen remarkable progress over time, experiencing a notable shift with the introduction of cutting-edge AI. Previous studies reported the role of AI in several applications, such as breast surgery, wound recovery, hand surgery, flap monitoring, and aesthetics [29,30,31,32]. In cosmetic surgery, AI-powered simulations utilize advanced algorithms to generate visual representations of potential outcomes for surgical procedures [33,34,35]. AI simulations play a pivotal role during pre-operative consultations, facilitating communication between patients and surgeons. These simulations enable surgeons to intricately outline the proposed treatment plan and address any queries or anxieties the patient might harbor. Moreover, patients can offer feedback on these simulations, ensuring that their expectations align with the feasible outcomes of the surgery. Such simulations are instrumental in establishing realistic expectations for both parties. By visually portraying the anticipated results, patients attain a clearer comprehension of the potential alterations to their appearance, along with any associated limitations or risks. This proactive approach mitigates unrealistic expectations and ensures that patients are comprehensively informed prior to undergoing surgery.



The main branches of AI are machine learning, deep learning, and natural language processing, which represent tools that plastic surgeons can employ to enhance their surgical procedures. The peer-reviewed scientific literature and ongoing scientific research were searched using relevant terms in the following databases: MEDLINE and EMBASE (Ovid), the Cochrane Central Register of Controlled Trials, and the Cumulative Index of Nursing and Allied Health Literature. All levels of evidence were considered. Only articles published in English were included. The review provides an overview of the fundamental technical components and concepts underlying AI techniques and explores current developments, applications, and future perspectives of AI in plastic surgery. It emphasizes the importance of plastic surgeons promptly embracing AI technology to drive the discipline’s development.




2. Concept of AI


The scope of AI encompasses various technologies and applications dedicated to developing intelligent machines capable of tasks traditionally associated with human intelligence. In this part, our focus is specifically on the AI aspects relevant to the field of plastic surgery.



2.1. Machine Learning


Machine learning (ML) can be divided into several types based on the learning approach and the availability of labeled data: supervised learning, unsupervised learning, semi-supervised learning, and transfer learning.



In supervised learning, the algorithm learns from labeled data, where each example is matched with a corresponding label or outcome [36]. The algorithm aims to establish a mapping from inputs to outputs, enabling accurate prediction of outcomes for new, unseen inputs. Unsupervised learning, conversely, entails training algorithms on unlabeled data to unveil underlying patterns or structures within the dataset [37]. Without explicit labels, the algorithm must discern relationships or clusters within the data. Semi-supervised learning amalgamates aspects of both supervised and unsupervised learning [38] (Figure 2). The algorithm is trained on a blend of labeled and unlabeled data. Finally, transfer learning involves harnessing knowledge acquired from training on one task to enhance performance on a related task [39]. Rather than initiating the learning process anew, transfer learning enables models to transfer learned features or representations from one domain to another.




2.2. Deep Learning


Deep learning is a branch of machine learning that uses neural networks composed of multiple layers to understand hierarchical data representations [40]. These networks, called deep neural networks, contain interconnected nodes, or neurons, across various layers, allowing them to automatically distinguish features from raw data [41]. Deep learning algorithms proficiently extract features at different levels of abstraction, starting with rudimentary features in the early layers and progressing to more complex features in subsequent layers [42]. The hierarchical nature of this approach empowers deep learning models to effectively identify intricate patterns and correlations within data, making them highly adept at tasks such as image and speech recognition, natural language processing, and medical diagnosis.




2.3. Natural Language Processing


Natural language processing (NLP) uses computational methods to understand, interpret, and produce human language. It merges linguistics, computer science, and artificial intelligence to enable computers to interact with and grasp human language meaningfully. NLP algorithms can analyze text, translate languages, discern sentiment, summarize text, and generate human-like responses. Speech processing involves the study and creation of algorithms and software programs designed to analyze human language presented in speech form, typically audio data. Key applications of speech processing include speech recognition and synthesis. While speech recognition involves converting spoken language into text, speech synthesis, conversely, transforms text into spoken language. Its applications span across diverse areas, including virtual assistants, chatbots, search engines, sentiment analysis, language translation, and healthcare.





3. Current Developments in AI for Plastic Surgery


AI revolutionises plastic surgery by enhancing predictive analytics, enabling precise 3D imaging and simulations, and supporting planning and consultant pre-operative. Personalized treatment plans are crafted using AI algorithms that analyze individual patient data, while automated diagnostics aid in identifying conditions requiring surgical intervention (Figure 3). AI also improves surgical techniques by analyzing past data and monitoring post-surgical recovery. Additionally, AI-driven research leverages large datasets to innovate and refine surgical methods, improving patient care and outcomes.



3.1. Using AI in Pre-Operative Consultation and Planning


Patients seeking plastic surgery treatment often have numerous questions that cannot always be fully addressed during the initial consultation. Currently, the common method to address these frequently asked questions in plastic surgery outside of the clinic involves compiling lists of commonly asked questions along with their corresponding answers. These resources are typically made available on websites or in informational booklets. In online patient consultations, artificial intelligent virtual assistants (AIVA) equipped with NLP technology comprehend the meaning behind human speech and respond through dialogue [43]. A study employed AIVA to engage patients in discussions about typical plastic surgery subjects. The plastic surgery AIVA achieved an overall answer accuracy of 92.3%, and 83.3% of participants found the answers to be accurate. The adoption and implementation of this technology are anticipated to relieve plastic surgeons, reducing the need for initial medical consultations.



The AI model can generate visual simulations of potential outcomes based on the patient’s body measurements, desired breast size, and implant type. This allows patients to see realistic representations of how different options may look on their bodies, aiding in decision-making and managing expectations. Hammond et al. [44] used Crisalix Virtual Aesthetics 3D, a cloud-based software tailored for 3D breast modeling, with a virtual tool to estimate the 3D breast volume, offering patients a preview of their potential postoperative results. The findings suggest that this approach can effectively facilitate communication with patients considering breast augmentation. Among the 40 patients in the study cohort, the virtual reality tool received commendable ratings for its usefulness (62%), accuracy (78%), and importance (88%) in supporting patients in choosing their desired implant size.



In hand surgery, AI aids surgeons in carefully planning and precisely executing complex procedures [30]. Machine learning algorithms can be utilized for risk stratification, identifying patients who may not experience significant improvement in patient-reported outcome measures before undergoing surgery. Subsequently, these algorithms can suggest alternative non-operative treatments or allocate enhanced postoperative monitoring and more frequent support, including face-to-face training sessions.




3.2. Using AI in Surgical Decision-Making and Performance


AI serves as a valuable resource during surgeries, providing reference information to aid in decision-making processes [45]. Hoogendam et al. [46] created a predictive model for clinically significant symptom improvement six months post-carpal tunnel release. A gradient boosting model used five patient-reported predictors to train on 1589 patients who underwent a mini-open carpal tunnel. Their model reached an area under the receiver operating characteristic curve (AUC-ROC) of 0.723. It is accessible online and could aid in shared decision-making for patients contemplating a carpal tunnel release procedure. Loos et al. [47] developed a model offering the potential for clinicians to anticipate functional enhancement in patients undergoing surgery for thumb carpometacarpal osteoarthritis. This model could significantly aid in clinical decision-making. Regarding functional outcomes, the gradient boosting machine demonstrated a commendable AUC-ROC of 0.74 and exhibited satisfactory calibration in the test dataset.



The AI robotic surgery system serves as a navigation tool for surgeons during robot-assisted surgeries. Utilizing supervised automated procedures, it can identify anatomical structures and streamline navigation during the procedure, thus assisting in surgical decision-making for operating on those structures [48]. This robotic surgical assistant technology is utilized in procedures like cleft lip and palate repair surgery, employing deep learning techniques to enhance surgical outcomes through a reduction in technical hurdles [49]. In the foreseeable future, the emergence of automated robotic surgical systems incorporating AI technology is poised to deliver precise surgical interventions, enhance surgical procedure efficiency, and mitigate complications. By reducing complications and shortening hospital stays, these advancements are anticipated to yield significant patient advantages and reduce the financial burden of treatment costs.



Phillips et al. [50] developed an algorithm capable of identifying malignant tumors from dermoscopic images of specific lesions with an accuracy equivalent to that of experts. The algorithm analyzed 1550 images of suspicious and benign skin lesions. When compared to histopathological diagnoses, the algorithm achieved an AUC-ROC of 91.8%. The study emphasizes the potential of deep learning (DL) in supporting clinical physicians in preventing secondary skin cancer and serving as a valuable diagnostic and decision-making tool.



A review highlighted the usefulness of intelligent robotic systems in supporting surgical procedures [51]. However, the authors noted that despite their superior dexterity, cognitive robotics often lack contextual understanding of the surgical environment and struggle to adapt to complex workflows. They propose that integrating procedural analysis and semantic knowledge through deep learning methods could enhance the potential of AI-supported surgery [52].




3.3. Using AI in Simulating Surgical Outcomes


Using AI in plastic surgery includes predictive models that utilize the pattern recognition abilities of ML/DL to help surgeons make pre-operative decisions. Since cosmetic surgery plans are typically customized to the unique aesthetic preferences of both the patient and the surgeon, AI can create simulated images to offer surgical guidelines and enhance the planning process. Patients commonly express their aesthetic desires and envisioned outcomes before undergoing surgery.



BreastGAN is an AI-equipped tool trained on breast images to simulate breast augmentation outcomes [53]. The breast images of bilateral breasts of 926 individuals were used to train neural network algorithms and test on 309 images. This study indicates that Generative Adversarial Networks (GANs) can be utilized to perform image translation tasks, such as transforming before images into after images, particularly when working with clinical images. In the field of rhinoplasty, an AI model can generate simulated images of cosmetic rhinoplasty surgeries that align with the aesthetic standards of plastic surgeons [54]. The resemblance between these simulated images and actual rhinoplasty outcomes reaches 92%. Technologies like these provide patients with AI-based predictions, assisting them in making informed decisions. This, in turn, contributes to lowering reoperation rates and enhancing postoperative satisfaction. Participants evaluated sequentially presented simulated rhinoplasty images, generated randomly by both plastic surgeons and an AI model. They used a seven-point Likert scale to indicate their agreement level with the simulated images, ranging from one for completely disagree to seven for completely agree. An AI model can replicate the aesthetic standards of plastic surgeons to create computer-generated rhinoplasty images. This capability allows patients to gain a realistic view of potential rhinoplasty outcomes before scheduling direct consultation appointments.



The prior study presented a swarm intelligence-based artificial neural network aimed at predicting the successful outcome of a nerve graft, providing valuable insights into its potential success in particular conditions [55]. The artificial neural network was trained by researchers using more than 30 variables extracted from experimental data derived from nerve graft studies conducted on rats. These variables covered various categories, including the biomaterials utilized for the wall and filling, extracellular matrix proteins, growth factors, scaffold type, and surface characteristics. Through the implementation of a swarm intelligence-based artificial neural network, the success of regenerating any nerve grafts was estimated with an accuracy of approximately 92.59%.



Patients tend to be more inclined to undergo surgery when they have access to accurate information about the expected postoperative outcome. This information empowers them to make informed decisions about their healthcare and increases their confidence in the procedure and its potential benefits. On the other hand, it is important to note that certain AI technologies can have detrimental effects on medical communication. For instance, the widespread adoption of photo editing technology has enhanced the credibility of video presentations in medical advertising. However, advanced AI techniques such as deep learning and computational modeling, collectively referred to as “deepfakes,” have the capability to manipulate people’s faces, facial expressions, and body movements in videos [56]. In a concerning example, deepfakes were employed to modify a patient’s postoperative video outcome, leading to an exaggerated depiction of the effects of plastic surgery.




3.4. Using AI in Postoperative Monitoring and Care


AI can be used to analyze large amounts of patient data, such as biosignals, test results, and patient-reported symptoms, allowing for early detection of complications or errors that deviate from the expected recovery trajectory. Furthermore, AI-powered predictive analytics can identify patients at high risk for post-surgical complications, allowing healthcare providers to intervene proactively and personalize appropriate care plans. AI algorithms can also assist in optimizing medication administration and pain control, ensuring patients receive the most effective and timely interventions [57].



Aasvang et al. [58] demonstrated AI-based alert continuous vital sign monitoring, leading to a reduction of 10–30% in-hospital risk of severe postoperative complications. AI-assisted continuous vital sign monitoring detects complications earlier, thereby potentially reducing staff workload and the occurrence of severe complications.



Chairat et al. [59] created an AI-supported wound assessment tool designed to assist physicians in monitoring wound healing progress and making treatment adjustments as necessary. Even when integrated into remote monitoring devices, AI algorithms retain the ability to analyze wound images, identify early-stage complications, and enable timely interventions to enhance postoperative care. Furthermore, AI-based predictive models can assess patient outcomes and refine treatment algorithms progressively, fostering a culture of continuous improvement and evidence-based practice.



In addition, machine learning has surpassed traditional statistical methods in predicting surgical site infections in immunosuppressed burn patients [60]. By constructing nonlinear models that integrate various data sources, such as diagnoses, treatments, and laboratory values, machine learning achieves superior performance in this predictive task. They employed a matched cohort of patients undergoing gastrointestinal surgery to construct a predictive model for postoperative surgical site infections.



AI holds promise for aiding patients during the post-operative phase by enabling them to play a more proactive role in their recovery. This technology can support patients in tracking their progress with physiotherapy and can schedule reminders to promote participation and adherence to their treatment regimen.




3.5. Using AI in Research and Education


AI tools aid in education and training initiatives for healthcare professionals. Virtual reality simulations and AI-powered educational platforms enable trainees to rehearse surgical procedures in an immersive virtual setting, thereby improving their proficiency and confidence prior to actual surgeries. Furthermore, AI-driven personalized learning systems can customize educational materials to suit the unique requirements and preferences of each learner, resulting in enhanced learning outcomes.



Integrating virtual reality (VR) with authentic data-driven simulations will be crucial for educating future burn care professionals [61]. The urgency of burn injuries creates a high-pressure environment where effective management requires a skilled, communicative, and coordinated team. In burn emergency cases, many unfavorable outcomes stem from non-technical skills such as communication, leadership, and teamwork. Therefore, leveraging comprehensive data on serious adverse events has the potential to significantly enhance the development of non-technical skills.



Augmented reality (AR) integrates computer-generated images with real-world surroundings, enhancing the visual experience. Proximie, a secure cloud-based augmented reality (AR) platform, facilitates live collaboration between a local (operating) surgeon and a remote (assisting) surgeon by offering a comprehensive view of the surgical field [62]. From a bird’s-eye view, both surgeons communicate through a two-way audio stream, leveraging integrated augmented reality (AR) features to enhance clarity. For example, the remote surgeon can overlay their hands onto the virtual surgical field using a webcam or highlight critical structures using a range of annotation and drawing tools.





4. Future Perspectives and Challenges


4.1. Potential Applications of AI in Plastic Surgery beyond Current Capabilities


AI promises to advance the practice of cosmetic surgery, enabling personalized, precise, and innovative approaches to patient care. By harnessing the potential of AI technology, plastic surgeons can enhance surgical outcomes, improve patient satisfaction, and drive transformative changes in the field.



Although current advancements in AI seem rapid, many different functions in plastic surgery have not yet been explored, leaving most applications only in the preclinical stage. Artificial intelligence has made strides in imaging diagnostics, but in the future, it may accurately detect anatomical landmarks in images to assist surgeons in performing precise surgical interventions. It can also use specific patient data to develop personalized treatment plans [63]. By considering factors such as patient preferences, anatomical variations, and previous surgical outcomes, AI can support the adjustment of procedures tailored to each individual [64]. Furthermore, it can optimize the patient’s recovery process and outcomes by monitoring progress, analyzing wound healing processes, and providing personalized recovery protocols for optimal restoration.



A study [65] found that the majority of participants had limited or no prior experience with AI. While some perceive AI as capable of improving precision and imaging in surgery, opinions vary regarding its impact on surgical duration, patient recovery, and satisfaction. Participants’ sentiments differed. Concerns have been raised regarding patient privacy, data security, costs, and obtaining informed consent for AI-assisted procedures. The study also identifies valuable sources of AI training data and emphasizes the importance of establishing standards and ensuring transparency in AI applications. Participants anticipate an expanding role for AI in reconstructive and cosmetic surgery, suggesting the integration of AI training into residency programs to address administrative challenges and core disease complications. Despite acknowledging the potential benefits of AI, participants expressed confidence in the enduring significance of human expertise in surgery. There is also an interest in further research to explore AI’s potential in surgical practice.



Advancements in technology are reshaping the landscape of medical education, potentially reducing the emphasis on memorization and retention of vast amounts of information. Instead, there’s a shift towards cultivating other essential skills. The evolving system is expected to prioritize competencies such as communication, emotional intelligence, and IT proficiency. To adapt to these changes, medical students and residents should have opportunities to acquire AI-related skills. This can be integrated into electives, leadership or business tracks, or post-graduate research programs.




4.2. Challenges and Limitations in AI Implementation


The widespread application of AI across diverse patient demographics may face limitations if there is a scarcity of data on certain groups, often due to explicit or implicit exclusion from clinical trials and patient registries. Additionally, accurate data labeling is paramount, as mislabeled variables can result in inaccurate outputs. Concerns arise regarding AI’s automated data interpretation, given its opaque nature. Human oversight is crucial to comprehending how AI identifies patterns in data, as algorithms do not provide explanations for their interpretations. Effective integration of AI in clinical settings will require extensive collaboration among clinicians, engineers, and hospital system support staff.



Ethical concerns emerge with the use of AI, particularly in cosmetic surgery, where algorithms may be utilized to “objectively” evaluate beauty. However, the development of such algorithms entails translating subjective attributes into objective parameters, posing significant ethical questions regarding the generalization of cultural norms.



Moreover, the scarcity of clinical research on AI raises safety concerns in AI-assisted surgery. While recent reviews have underscored the potential of intelligent robotic systems in aiding surgical procedures, it has been noted that, despite their remarkable dexterity, these robots lack understanding of the surgical context and struggle to adapt to intricate workflows. Integrating surgical procedure analysis and semantic knowledge through deep learning methods offers promise for enhancing the potential of AI-assisted surgery.AI cannot entirely substitute for doctors in diagnosing and making decisions. Currently, AI is often utilized with limitations, and the results provided by algorithms are merely correlations. Physicians must assess whether these results are applicable to individual clinical cases and circumstances. The accuracy of outcomes needs to be further analyzed through more studies in the future. Additionally, AI worsens existing issues like overdiagnosis, excessive detection, and overtreatment [66]. Surgeons must thoroughly comprehend both the advantages and disadvantages of AI to encourage its use and advancement in the field of medicine.



In 2024, the European Union introduced the AI Act, a comprehensive piece of legislation overseeing AI usage [67]. Similarly, in various states across the United States, ongoing deliberations revolve around the necessity of AI regulation [68]. This underscores the importance of implementing strong safeguards to protect sensitive patient data when adopting AI technologies.




4.3. Opportunities for Collaboration between AI Researchers, Plastic Surgeons, and Regulatory Bodies


AI researchers and plastic surgeons can collaborate to develop customized algorithms tackling specific challenges in plastic surgery, such as surgical planning, outcome prediction, and complication detection. Plastic surgeons can assist AI researchers by granting access to clinical data and aiding in the annotation of datasets for AI model training. Regulatory bodies play a vital role in ensuring privacy and compliance with ethical guidelines during data collection and sharing. Together, collaborative efforts can focus on validating AI-driven tools and technologies’ accuracy, reliability, and safety in plastic surgery. Regulatory bodies offer guidance on study design and evaluation criteria. Their oversight ensures AI-driven plastic surgery technologies adhere to regulatory standards and safety requirements. This collaboration streamlines the regulatory approval process, fostering the safe adoption of AI in plastic surgery. Ultimately, this cooperation fosters innovation, safeguards patient health, and encourages responsible AI technology integration in plastic surgery.





5. Conclusions


In conclusion, the potential of AI in plastic surgery is clear, marking an exciting new era. AI-driven technologies offer unparalleled opportunities in all phases of plastic surgery, including pre-operative planning, surgical procedures, and post-operative care, promising significant improvement in patient outcomes. However, seamless integration of AI into clinical practice requires a strong regulatory framework to protect patient safety and maintain ethical standards. It is necessary to promote AI research, education, and awareness within the aesthetic community, along with open dialogue, to ensure AI’s ethical and responsible incorporation in plastic surgery and achieve optimal results. Although AI should never replace a surgeon’s expertise and judgment, it should be considered a valuable tool to supplement surgical decision-making and enhance patient care.
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Figure 1. Biomedical information and machine learning/deep learning to support physicians make decision. Created with BioRender.com. 
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Figure 2. Supervised learning, unsupervised learning, and semi-supervised learning. 
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Figure 3. Schematic diagram of the application of AI in plastic surgery. 
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