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                    ABSTRACT
Artificial intelligence (AI) is a field that investigates how to endow computers and computer-controlled machines with the capability to imitate human intelligence. As a significant driving force for the new wave of technological revolution and industrial transformation, AI has emerged as a research hotspot in the medical domain. The progress in AI technology has profoundly influenced medicine, particularly offering new opportunities for precision and automation in spinal surgery. AI, a comprehensive field, encompasses a variety of research areas such as machine learning (ML), deep learning (DL), computer vision, natural language processing, and robotics, among others. These subfields intersect and potentially overlap to a significant degree. Furthermore, robotics and AI, closely intertwined, maintain a symbiotic relationship. AI, a discipline within computer science, aspires to develop and implement intelligent machines, with robots exemplifying these creations in physical form. AI equips robots with capabilities for environmental comprehension, information processing, decision-making, and learning. This review aims to examine the clinical application of AI technology in spinal surgery, with a focus on traditional ML, DL, and robotics. We will discuss the merits and drawbacks of these technologies, as well as future development trends.
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                    INTRODUCTION
Artificial intelligence (AI), progressing rapidly in recent years, seeks to replicate and amplify human cognition using computational technologies. The prevalent application of AI methodologies in diverse disciplines, a notable contemporary trend, stems from multidisciplinary amalgamation. A salient instance of this amalgamation is the confluence of AI with medicine.[1] Serving as a pivotal catalyst for the current technological revolution and industrial metamorphosis, AI has burgeoned into a focal area of research within the medical field. Advances in AI have substantially reshaped the landscape of medicine, specifically bestowing unprecedented opportunities for precision and automation within the realm of spinal surgery.[2]
AI technology encompasses machine learning (ML), deep learning (DL), and other techniques, which are extensively employed in spinal surgery.[3] These technologies facilitate swift and accurate diagnosis of spinal diseases, assist doctors with preoperative planning and postoperative outcome prediction, and help improve diagnostic efficiency, alleviate medical staff workload, and reduce misdiagnosis rates. Consequently, they promote intelligent diagnosis, treatment, and prognosis of spinal diseases.
For spine surgeons, surgery is a key part of clinical work, while the traditional surgical method is that the doctor uses hand tools to perform open surgery. With the rapid development of AI and mechanical control technology, spinal surgery technology is developing towards data-driven intelligent human-machine collaboration. Medical robotics, a novel interdisciplinary research field, involves AI technology and integrates various AI techniques such as mathematical analysis, computer vision, and computer graphics.[4] Spinal surgery, a highly complex and technically demanding procedure for treating spinal diseases, has undergone significant changes with the development of surgical robot technology, resulting in a more precise, safe, and efficient surgical process.[5]
This review aims to examine the clinical application of AI technology in spinal surgery, with a focus on traditional ML, DL, and robotics. We will discuss the merits and drawbacks of these technologies, as well as future development trends.
TRADITIONAL MACHINE LEARNING
Methodology
ML, a crucial branch of AI, involves the use of diverse algorithms to derive data features, establish rules, formulate models, and analyze novel data, ultimately improving model performance through knowledge acquisition. ML is classified into supervised, and unsupervised learning, each necessitating distinct data support. It is important to note that the hierarchical relationship between DL and ML is a topic of scholarly debate. For the purposes of this article, traditional ML and DL are treated as parallel entities.
Supervised learning
Supervised learning relies on labeled training data to map inputs to outputs, where each sample is linked to a specific target output. The model aims to learn this correlation to predict future data. It primarily handles regression for continuous variables using algorithms like linear and logistic regression, and classification for discrete variables with tools such as support vector machines, decision trees, and random forests.
Traditional ML methods have found numerous applications in the preoperative planning, diagnosis, postoperative care, and outcome prediction in spinal surgery. For instance, Wang et al. carried out a retrospective study utilizing data from 184 consecutive patients with cervical spondylotic myelopathy after posterior laminectomy and fusion. Clinical and imaging variables were gathered for univariable and multivariable logistic regression analyses. Based on previous literature and clinical expertise, a selection of variables was employed to construct a support vector machine (SVM) ML model for C5 palsy prediction.[6]
Unsupervised learning
Unsupervised learning, on the other hand, uncovers underlying structures and patterns in unlabeled datasets without predefined target outputs. It independently discerns features and relationships in data, aiding subsequent analysis and decision-making. Its key tasks encompass clustering and dimensionality reduction.
Unsupervised learning is less exploited in spinal disorders research compared to supervised ML. DeVries et al. evaluated the performance of an unsupervised k-means ML algorithm against a logistic regression model in predicting walking ability among spinal cord injury patients with comprehensive admission neurological information.[7]
In the last three years, more and more researchers use one or more above algorithms in their studies to build clinical models and validate model performance in a similar manner. Wang et al. ’s study sought to construct and validate supervised ML models to predict surgical site infection (SSI) risk following minimally invasive transforaminal lumbar interbody fusion (MIS-TLIF). Relevant factors were integrated into six ML algorithms: k-nearest neighbor (kNN), decision tree (DT), SVM, random forest (RF), multi-layer perceptron (MLP), and Naive Bayes (NB). These algorithms were applied to develop a prediction model for SSI risk post MIS-TLIF under quadrant channel.[8]
In the study conducted by Dong et al., predictive elements of blood transfusion were identified from all spinal tuberculosis cases treated through spinal fusion. The identification process employed a nomogram and an array of ML algorithms, including SVM, DT, MLP, NB, k-NN, and RF.[9] The models’ performance of above study was both evaluated through metrics such as the area under the receiver operating characteristic (AUC), sensitivity, specificity, and accuracy (ACC). And a 10-fold cross-validation was employed during the training process.
Application
ML methodologies have displayed remarkable potential in numerous areas, including spinal surgery. Incorporating ML approaches in disease diagnosis, and postoperative care has resulted in substantial improvements in spinal surgery outcomes.
Machine learning for preoperative planning and diagnosis
ML algorithms have demonstrated potential in the preoperative planning phase, facilitating precise diagnoses and the selection of suitable surgical candidates. For example, ML models have been employed to identify patients eligible for single-level outpatient anterior cervical discectomy and fusion (ACDF), thereby supporting surgeons in making informed decisions.[10] Furthermore, ML approaches have been applied to forecast various clinically relevant outcomes in lumbar spinal stenosis decompression surgery, potentially enabling improved patient consent and personalized shared decision-making.[11]
Machine learning for postoperative care and outcomes
ML models are increasingly applied to anticipate postoperative complications and oversee patient recovery. For instance, ML techniques have been utilized to create and externally validate predictive models for spinal surgery outcomes, identifying crucial predictors such as age, baseline scores, degenerative pathology type, prior spinal surgeries, smoking status, morbidity, and hospital stay duration.[12] This allows for personalized management strategies. Moreover, ML algorithms have been employed to estimate the risk of surgical site infections following spinal fusion procedures, facilitating proactive infection prevention measures and enhancing clinical decision-making and perioperative management optimization.[13,14]
DEEP LEARNING
Methodology
DL is a ML subfield that seeks to emulate the human brain’s mechanisms using data, enabling computer systems to automatically obtain multi-layered abstract representations and learn collective behaviors. Unlike traditional ML (shallow learning), DL distinguishes itself in data representation, feature engineering, learning samples, algorithms, and opacity. Consequently, this review treats DL as a separate topic alongside traditional ML. DL algorithms, exemplified by various artificial neural networks (ANN), excel at analyzing and efficiently processing massive medical data. Distinct from the previous individualized orthopedic medical models, big data-based prediction models offer optimal treatment plans that are efficient, effective, and minimize adverse events. Furthermore, owing to its ability to abstract multi-level features through multiple hidden layers in neural networks, DL has become the most widely used model in the medical imaging field. Its robust generalization capacity and nonlinear mapping ability further contribute to its widespread adoption.
Artificial neural network
The different types of neural networks utilized in DL include convolutional neural networks (CNNs), U-Nets, and MLPs, each with distinct functions. CNNs, designed to automatically and adaptively learn spatial hierarchies of features, are typically used for image recognition.[15] U-Nets, on the other hand, are particularly suited to biomedical image segmentation due to their symmetrical architecture, allowing precise localization.[16] Lastly, MLPs, with their ability to learn a nonlinear function mapper, are used for approximation, classification, and prediction tasks, often serving in diagnosis and prognosis of diseases.[17]
The application of ANN necessitates a methodical approach, which encompasses data acquisition and preprocessing, model development and validation, and clinical implementation. Of these stages, model training, validation, and testing are particularly pivotal. Following data preprocessing, ANNs, the architecture of which may differ (e.g., CNN, pooling, and fully-connected layers), are trained using this data. This process enables the model to discern pertinent features from the data, thereby facilitating accurate predictions. Subsequent to training, the model undergoes validation with a distinct dataset, not utilized during the training phase, to estimate its performance on novel, unobserved data. Upon successful training and validation, the ANN can transition into clinical practice, where its predictive capabilities can inform preoperative planning, intraoperative navigation, postoperative evaluation, and even resident education. Post-deployment monitoring of the model’s performance is essential to facilitate ongoing refinements, informed by feedback from the clinical setting.
It is important to acknowledge that the specified methodology may require considerable adaptation, contingent on the particular application, data availability, and distinct surgical procedure requirements.
Application
Deep learning in spinal image recognition
Image recognition is the process of identifying and detecting objects or features in digital images. The different kinds of CNN is a popular DL algorithm used for this purpose. Konya et al. employed diverse segmentation models for the identification of vertebral bodies in lumbar lateral X-ray images. These models encapsulate semantic segmentation models (such as U-Net, Pyramid Scene Parseing Network, and DeepLabv3) and instance segmentation models (including Mask R-CNN and YOLACT).[18]
Deep learning in spinal image segmentation and measurement
Image segmentation is a critical step in medical image analysis that involves partitioning an image into multiple segments. Das et al. introduced a novel deep neural network architecture coined as “RIMNet”, a region-to-image matching network model, and these models can automatically identify and segment intervertebral discs from multimodal magnetic resonance imaging (MRI) images.[19] Several researchers have proposed an automated DL framework based on an ensemble of U-Nets to perform vertebral morphometry and measure the Cobb angle directly on three-dimensional (3D) computed tomography (CT) images of the spine.[20]
Deep learning in spinal disease diagnosis
DL algorithms have been employed to diagnose a variety of spinal diseases, such as tumor,[21] infection,[21] osteoporosis,[22] scoliosis,[22] fracture[23] and degenerative disease.[24] For instance, CNNs demonstrated high accuracy in differentiating between normal and stenotic lumbar spine on MRIs.[25]
In conclusion, DL, with its diverse neural networks, is revolutionizing spinal imaging, aiding in image recognition, segmentation, measurement, and disease diagnosis.[26–28] However, further research is needed to refine these algorithms and validate their clinical utility.
SPINAL ROBOTIC SYSTEM
Methodology
The maturation of surgical robots has been facilitated by advancements in multidisciplinary fields such as electronics, computer science, and AI.[4] Like conventional surgery, surgical robots adhere to the perception-decision-execution loop. Assisted by AI, these robots can integrate preoperative, intraoperative, and operation-related patient data. Interpretable AI algorithms, which leverage clinical big data and multimodal imaging data, can offer more precise surgical planning, acting as a valuable supplement for surgeons.
Robotic-assisted spinal surgeries, prevalent worldwide, predominantly employ a suite of instruments including preoperative CT scanners, C-arm fluoroscopes, physician workstations, and spine-specific surgical robots (Figure 1). There are two main technical strategies in these procedures: One leveraging preoperative planning based on preoperative CT and intraoperative two-dimensional imaging, and the other predicated on intraoperative planning using real-time three-dimensional images.
[image: Figure 1]
Figure 1. The main equipment used by the spinal surgical robot. (A) CT scanner, (B) C-arm fluoroscopes, (C) physician workstations and surgical robots. CT, computed tomography.
The first strategy deploys a series of tools—two-dimensional C-arm fluoroscope, physician workstation, navigation system, and spinal surgical robot—for a distinct workflow. Initially, a preoperative CT scan obtains a three-dimensional image of the surgical site, which subsequently undergoes segmentation and reconstruction to create a virtual 3D vertebra. This image aids the surgeon in preoperative planning. During the operation, the C-arm fluoroscope captures two-dimensional images of the patient’s vertebra, which are then correlated with the preoperative CT scan using graphic registration algorithms. This process necessitates two separate two-dimensional X-ray images taken from varied angles for precise alignment with the preoperative plan. The subsequent surgical operations, executed manually or robotically, are guided by real-time navigation and automatic positioning of the robotic arm.
Conversely, the second strategy circumvents the need for preoperative CT scans. It involves intraoperative scanning of the surgical site using a three-dimensional C-arm or O-arm, followed by coordinated alignment of the robot arm, surgical site, and navigation equipment in space. Post-alignment, intraoperative planning occurs, guiding the subsequent surgical operations. These operations, carried out as per the established positioning and direction, are supplemented with navigation system-verified implant placement, culminating in the conclusion of the surgical procedure.
The strategy above not only encompass the field of AI but also integrate mathematical analysis, material science, and biomechanics. Many initial reports demonstrate that, through multidisciplinary collaboration, robotic assistance greatly enhances the visual and tactile aspects of spinal surgery, leading to safer, more accurate outcomes and facilitating repeatable procedures.[29–31]
Application of spinal robot
Since the first-ever widely utilized SpineAssist robot (Mazor Robotics Ltd., Caesarea, Israel) received the Food and Drug Administration (FDA) approval in 2004,[32] an increasing number of surgical robots are being employed in operating rooms, serving as valuable assistants to spinal surgeons. By offering real-time intraoperative navigation and rigid stereotaxy, this technology holds the potential to enhance precision while reducing radiation exposure, complications, operation duration, and recuperation time.[33,34] Presently, robotic assistance is mainly used in spinal fusion and instrumentation procedures and enables the completion of complex and high-risk operations, including spinal tumor resections and deformity corrections, that were previously challenging to perform.[35,36]
This review mainly introduces two commonly used robots, American widely used one, MAZOR X STEALTH EDITIONTM (Medtronic, USA) and Chinese widely used one, TiRobot II (Beijing Tinavi Medical Technologies Co., Ltd., China).
Mazor X® and MAZOR X STEALTH EDITION™
Mazor X®, the predecessor to MAZOR X STEALTH EDITION™, was introduced by Mazor Robotics Ltd. during the 2016 North American Spine Society (NASS) annual meeting. The Mazor X platform offers two registration and planning modes for enhanced surgical procedures:[1] Preoperative planning, where the surgeon employs the proprietary software to devise a surgical strategy based on preoperative CT scans; and intraoperative planning[2], in which a three-dimensional (3D) CT scan is acquired using an O-arm (Medtronic PLC, Medtronic Inc, Dublin, Ireland) with the array connected to the robotic arm.[37]
Following Medtronic’s acquisition of the aforementioned company in 2018, the MAZOR X STEALTH EDITION™ was subsequently launched, amalgamating cutting-edge surgical planning software, 15 years of Mazor robotic guidance expertise, and a quarter-century of Stealth™ Navigation experience.[38] Consequently, the spinal surgery robot, with Mazor X as its core, has undergone a transformation from non-navigated to navigated. After the surgical planning scheme was designed, the two versions of the robot needed to complete a series of operations to place the screws. However, the Stealth system eliminates the need for a k-wire during tapping or screw placement. Upon positioning the robotic arm, real-time visualization of instrument is provided to navigate and implant them in relation to the preoperative plan position. The multicenter study conducted by Lee et al demonstrated that both robot systems attained high screw accuracy. Nevertheless, the Stealth system resulted in considerably reduced fluoroscopic radiation time, lower robot abandonment rates, and decreased blood transfusion rates compared to Mazor X.[39]
Mazor robotics is already a pretty standardized process, including transforaminal lumbar interbody fusion (TLIF), midline lumbar interbody fusion (MIDLIF), deformity procedure and so on. Many scholars have carried out research on the effect of this technology. O’Connor et al.’s technique note presents promising outcomes about the using of MAZOR X STEALTH EDITION™, revealing that the initial 90 pedicle screws placed using the Mazor X Stealth Edition robot achieved 100% grade A accuracy on the Gertzbein-Robbins scale and no complications were encountered in any of the cases.[40] Buza et al.’s study demonstrated the workflow of this robotic system placing the cortical-based trajectory (CBT) screws.[41] In the past two years, there has been more and more research on this robot, showing the encouraging results in different spinal surgery.[42,43]
TiRobot® and TiRobot II
TiRobot® is the first medical device-certified spinal surgical robot in China, designed to aid surgeon in accurate positioning for spine surgery and traumatic orthopedics. Following the release of TiRobot® in 2016, the enhanced TiRobot II was introduced in 2020, building upon the initial version. As of the first quarter of 2023, 170 units have been installed domestically, and the TiRobot Orthopedic Robotic System has been used in over 40,000 procedures.[44]
TiRobot share similarities in composition with Mazor spinal robots and are compatible with both 2D and 3D modes, including three functions: Space mapping, path planning and positioning. Utilizing an orthopedic guide and a unique intelligent algorithm for screw trajectory calculation, the robotic arm accurately moves to the planned position, offering surgeons a precise and stable trajectory. This enables surgeons to design and place internal implants as intended and the positioning accuracy of 0.8 mm can be achieved.
Since Tian et al. from Jishuitan Hospital performed a posterior C1–2 transarticular screw fixation and anterior odontoid screw fixation using this surgical robot in 2015,[45,46] the robot-assisted system has been employed for various spinal surgeries.[47–49]
The study conducted by Tian et al. revealed that the TiRobot® system considerably enhanced the precision and security of pedicle screw fixation without extending the surgical duration or exacerbating complications, indicating its substantial potential for clinical use.[50]
In their another investigation of the TiRobot II, their results demonstrated that robot-assisted pedicle screw placement surpasses free-hand methods in accuracy and TiRobot-assisted thoracolumbar pedicle screw placement is a reliable and safe technique [51].
Other robotic system
Robots like Globus Medical’s ExcelsiusGPS® (Philadelphia, PA, USA) and the Rosa® (Indiana, IN, USA) spine robot aid spinal surgeons in performing precise screw placement. Fayed et al. confirmed the precision of percutaneous pedicle screws placement with ExcelsiusGPS (Philadelphia, PA, USA) robotic assistance in minimally invasive spinal fusion[52] and Lefranc et al. proved the precision of pedicle screw placement during lumbar arthrodesis performed with the ROSA (Indiana, IN, USA) Spine robot.[53]
Besides the aforementioned image navigation-integrated spinal robotic surgical assistance systems, the Da Vinci surgical robot (Sunnyvale, CA, USA), prevalent in general surgery, has been demonstrated to be apt for anterior lumbar interbody fusion a decade ago.[54]
ADVANTAGES AND DISADVANTAGES
Spinal surgery robots have emerged as a significant advancement in the field of spine surgery, offering numerous advantages and some disadvantages. This review provided a summary of the benefits and drawbacks associated with these robotic systems.
Advantages
Improved accuracy and decreased intraoperative errors
Spinal surgery robots enable greater precision in screw placement and trajectory planning and minimize the chances of intraoperative errors, leading to improved patient outcomes and reducing the risk of complications.[55,56]
Enhanced visualization
Robotic systems often incorporate 2D and 3D imaging technologies, providing surgeons with real-time intraoperative guidance, leading to better surgical outcomes.[57]
Reduced radiation exposure
The use of robotic systems in spinal surgery leads to decreased reliance on fluoroscopy, resulting in reduced radiation exposure for both patients and surgeons.[58]
Minimally invasive procedures
Robotic-assisted techniques facilitate minimally invasive procedures, which can lead to shorter hospital stays, less postoperative pain, and faster recovery times.[59]
Disadvantages
Cost
The high initial investment and maintenance costs of robotic systems may deter some hospitals and institutions from adopting the technology.[30]
Learning curve
Surgeons must undergo a steep learning curve to become proficient in the use of robotic systems, which can prolong surgical times initially.[60]
Limited applications
Spinal surgery robots may not be suitable for all types of spinal surgeries, and their efficacy in certain procedures is yet to be established.[61,62]
In conclusion, spinal surgery robots offer several advantages that can lead to improved patient outcomes and enhanced surgical precision. However, the high costs, learning curve, and limited applicability may deter some from adopting the technology.
CONCLUSION
This review encapsulates recent progress in the application of AI technologies, chiefly ML, DL, and surgical robotics, to spinal disease diagnosis, treatment, and surgery. The growing integration of AI in these areas underscores its potential for future development in spinal care. AI technology is increasingly used in spine research, which not only promotes the accuracy and intelligence of disease diagnosis and surgical implementation, but also provides a lot of convenience for the majority of spine radiologists, spine doctors and patients suffering from spinal diseases for a long time, and helps the development of medical career.
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