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Artificial intelligence in spine surgery
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Abstract 
Artificial intelligence (AI) technology has rapidly advanced in recent years, particularly in fields such as computer vision and 
natural language processing, where significant breakthroughs have been made. The emergence of large language models 
has greatly enhanced AI’s ability to understand and generate text, accelerating its application across various domains. The 
AI-generated content has maintained a trend of rapid growth, with ChatGPT (OpenAI, USA) and DeepSeek-V3 (DeepSeek, 
China) gaining global attention due to their outstanding performance. AI development in spinal surgery is still in its early 
stages. Although some hospitals have pioneered the deployment of deep learning models in imaging and surgical assistance 
systems, AI tools that are widely adopted and routinely integrated into the daily practice of most spinal surgeons remain scarce. 
Developing models and tools with high accuracy, strong interpretability, and trustworthiness remains one of the primary goals 
for AI development in spinal surgery. This review summarizes the recent advancements in AI within the field of spinal surgery, 
exploring the current challenges, transformations, and future opportunities of AI in spinal surgery. The aim of this review is to 
enhance the understanding of AI’s role in spinal care among clinicians, clinical researchers, AI scientists, and patients. Our 
goal is to promote interdisciplinary collaboration and development, thereby fostering a comprehensive understanding of AI’s 
potential in improving spinal care.
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1. Introduction

Artificial intelligence (AI) is broadly acknowledged as a 
branch of computer science dedicated to the research and 
development of intelligent machines capable of execut-
ing tasks that require human intelligence, such as percep-
tion, recognition, and decision-making. Over the past few 
years, with the assistance of AI, medicine and life sciences 
have made continuous breakthroughs, driving remark-
able progress and ushering basic and clinical medical 
research into a new era.[1–6] Computer vision has made 

significant strides in the medical field, with widespread 
applications in the clinical practices of dermatology,[7–9] 
ophthalmology,[10–12] pathology,[13–15] and medical imag-
ing.[16] The advancement of natural language processing 
(NLP) has seen general AI, particularly large language 
models (LLMs) like ChatGPT, achieve performance levels 
comparable to humans across various professional and 
academic benchmarks. Compared with earlier NLP mod-
els, LLMs exhibit exceptional intelligence. For instance, 
GPT-4[17] has successfully passed the US Medical Licensing 
Examination. GPT-4o[18] and DeepSeek-V3,[19] are capa-
ble of simulating human-like natural language communi-
cation in spoken form, thus being highly anticipated for 
medical applications. The latest releases of LLMs, such as 
ChatGPT-o3 and Deepseek-R1, are capable of handling 
complex coding and reasoning tasks with remarkable 
efficiency. Additionally, AI technology, unlike traditional 
medical technology transformation models, demon-
strates a shorter transformation cycle. The US Food and 
Drug Administration (FDA) is approving AI products at 
an increasing pace.[20] These advancements are rapidly 
reshaping the traditional paradigms of medical practice.

Spinal diseases pose a significant global health threat. 
According to a large-scale study conducted across 195 
countries, low back pain, a prevalent spinal condition, is 
responsible for the highest global loss of productivity as 
measured in years. In 126 countries, it ranks first among 
the causes of years lived with disability.[21] Additionally, 
low back pain imposes a substantial socioeconomic bur-
den on numerous countries, with annual expenditures 
in the United States alone estimated to exceed one hun-
dred billion dollars.[22] Thus, integrating AI into spinal 
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surgery has the potential to significantly reduce human 
labor costs, lower healthcare expenses associated with 
spinal diseases, and enhance medical quality and disease 
prognosis, ultimately improving the quality of life for the 
global population.

In recent years, the establishment of AI clinical research 
paradigms such as Standards for Reporting of Diagnostic 
Accuracy Study - Artificial Intelligence[23,24] has led to the 
standardization of AI-related application research in clin-
ical settings. Research methodologies have also advanced 
significantly, evolving from single-center, single-modality, 
retrospective studies to multi-center, multi-modality, and 
prospective studies,[25] as well as large-sample validations 
in real-world settings and randomized controlled tri-
als.[25,26] Despite these advancements, high-quality studies 
in spinal surgery remain relatively scarce. In this review, 
we summarize the progress of AI research in spinal sur-
gery over the recent years. We highlight studies character-
ized by rigorous design, high levels of evidence, significant 
innovation, and real-world applications. Additionally, 
this review delves into the current challenges, transfor-
mations, and future opportunities for AI in spinal surgery. 
The goal of this review is to enhance the understanding 
of AI’s role in spinal healthcare among clinicians, clinical 
researchers, AI scientists, and patients. We aim to promote 
interdisciplinary collaboration and development, thereby 
fostering a comprehensive appreciation of AI’s potential 
in improving spinal care.

2. Recent progress of AI techniques in spine 
surgery

Developing models to address surgical challenges relies 
heavily on feature selection, a process commonly referred 
to as feature engineering. Before the widespread applica-
tion of computer vision AI technologies, feature selection 
predominantly relied on manual design. This approach 
involved leveraging prior knowledge to identify relevant 
features and subsequently utilizing classical mathematical 

methods or machine learning for model construction 
(Fig. 1). These models are often characterized by their 
strong interpretability and are still widely used to this 
day.[27–41] In the past few years, the widespread adoption 
of deep learning has driven a paradigm shift in feature 
extraction and model construction, transitioning from 
expert-guided methodologies to data-driven approaches. 
Depending on the data modality, technologies such as 
NLP and computer vision techniques have been exten-
sively applied. Furthermore, advancements in automatic 
speech recognition (ASR) technology have effectively 
transformed speech-related challenges into problems that 
can be addressed using NLP. These technologies can oper-
ate independently or be combined to address more com-
plex tasks (Fig. 1). This section will provide an overview 
of advancements in AI in spinal surgery from the perspec-
tive of AI techniques.

2.1. NLP and LLMs in Spine Surgery

Over the past 2 years, the most notable advancement 
in the field of AI has been the advent of LLMs, such as 
ChatGPT, DeepSeek, Gemini, etc. LLMs refer to pre-
trained language models (PLMs) characterized by a vast 
number of parameters and extensive training on mas-
sive datasets. In recent years, they have become a central 
focus of research and innovation in AI.[42,43] What distin-
guishes LLMs from smaller-scale PLMs is their remark-
able emergent abilities to tackle complex tasks. Research 
has shown that LLMs, such as GPT-3 with around 175 
billion parameters, demonstrate a significant advance-
ment in NLP capabilities compared with smaller PLMs 
like GPT-2, which has approximately 1.5 billion param-
eters.[43,44] In medical scenarios, any task requiring natu-
ral language understanding and generation is a potential 
application area for LLMs.[45–48] These potential scenarios 
encompass preconsultation advice, disease diagnosis and 
classification, interpretation and structuring of imaging 
reports, medical record documentation, summarization 

Figure 1.  Schematic representation of traditional feature engineering versus deep learning-based feature extraction for processing multi-
modal information. Traditional feature engineering requires physicians to manually select features for model incorporation based on prior 
knowledge, whereas feature extraction employs deep learning networks such as convolutional neural networks or language models to 
automatically identify features deemed important for the outcome by the algorithm. Created in BioRender. Zhang, C. (2025) BioRender.com/
pxmc1co.
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and generation of medical records, simplifying medical 
terminology for patient education, treatment recommen-
dations, communication of surgical risks, generation of 
informed consent documents, intraoperative support, and 
postoperative complication prevention advice.

Numerous pioneers have explored the application 
of LLMs in various contexts related to spine surgery. 
One of the most direct implementations of LLMs is in  
question-and-answer formats. For common spine-related 
conditions or symptoms—such as low back pain,[49] lum-
bosacral radicular pain,[50] spinal deformities,[51] and spi-
nal cord injuries[52]—LLMs can quickly generate easily 
readable responses, facilitating comprehension for indi-
viduals without formal medical training or those with 
lower levels of basic education. Although current LLMs 
do not yet achieve an accuracy of 100%, this application 
highlights their potential to function as accessible, on- 
demand personal medical consultants. Additionally, stud-
ies suggest that LLMs can reduce the reading difficulty 
of online educational materials on spine surgery from a 
high school reading level to approximately a sixth-grade 
level without introducing factual errors or inaccuracies. 
This reduction in complexity is critical for fostering a 
more equitable and transparent environment for science 
education.[53]

For spine surgeons, LLMs can serve as versatile copilots, 
aiding in routine tasks. For example, LLMs are capable of 
interpreting imaging reports and classifying the severity 
of scoliosis based on textual descriptions.[54] In 1 study, 
4 commonly used models were tested on 56 cases, with 
ChatGPT 4 and Scholar AI Premium achieving 100% 
sensitivity and specificity in classification. Furthermore, 
LLMs can generate text for patient interactions, such as 
low back pain evaluation forms[55] and informed consent 
documents, which include notes on alternative treatments 
and precautions.[56] However, it remains necessary for 
physicians to review and validate the generated content 
to ensure accuracy and appropriateness.

Despite these advancements, the current performance 
of LLMs in critical medical tasks raises concerns. For 
instance, when ChatGPT 4 was used to diagnose cases 
from the “Case of the Month” series in the American 
Journal of Neuroradiology, the accuracy in spine-related 
subgroups was only 55%. This underscores the fact that 
LLMs cannot yet be fully relied upon in clinical settings. 
Unlike other medical devices, LLMs have not undergone 
extensive clinical trials to validate their utility before 
public release. Thus, comprehensive research is needed to 
assess LLM performance across a full spectrum of spine 
surgery diseases and scenarios. Nevertheless, LLMs, such 
as ChatGPT, are undeniably beginning to redefine the 
workflow of spine surgeons.

Additionally, the extensive use of LLMs does not sig-
nify the obsolescence of traditional NLP algorithms. In 
fact, NLP models trained on specific datasets can still 
achieve high accuracy in specialized tasks. Furthermore, 
NLP models with fewer parameters offer advantages 
in medical practice that LLMs lack, such as reduced 

storage requirements, lower demands of computational 
resources, and the capability to be deployed offline on 
appropriate devices, thus effectively safeguarding patient 
privacy.

2.2. Spinal Imaging

The application of AI in spinal imaging remains a rapidly 
advancing field. This growth is driven, on one hand, by 
the crucial role of medical imaging in the diagnosis and 
assessment of spinal disorders, providing a broad range 
of AI application scenarios. On the other hand, there 
is still a relative scarcity of AI-powered spinal imaging 
analysis products integrated into clinical workflows, 
indicating that substantial market demand persists. 
Furthermore, spinal surgery is heavily reliant on imaging 
studies, suggesting that AI-driven technological advance-
ments are poised to lead the next major innovation in 
spinal surgery.

AI applications in imaging diagnosis represent one 
of the earliest areas of integration into spinal surgery. 
The fundamental approach involves utilizing deep 
learning models to extract imaging features, followed 
by applying high-performance classifiers to categorize 
these features, ultimately completing the diagnostic 
process. For conditions with more distinctive imaging 
characteristics, deep learning models have achieved 
high diagnostic accuracy. Examples include scolio-
sis,[57–59] spinal stenosis,[60–63] and osteoporosis.[64–69] 
Other conditions, such as spinal compression frac-
tures[70] and spinal cord injuries,[71] have also been suc-
cessfully classified using AI techniques. Additionally, 
predictive modeling for the prognosis of spinal dis-
eases has emerged as another significant application of 
classification algorithms.[36,72,73]

At the same time, advances in algorithmic techniques 
have facilitated more precise detection and segmenta-
tion outcomes. Vertebral segmentation and detection 
are among the most commonly studied topics, with a 
primary application being the measurement of spinal 
parameters based on segmentation and detection results. 
However, the irregular structure and morphological 
similarity of vertebrae pose challenges, for instance, 
segmentation and stage identification, making algo-
rithm development in this area particularly complex. 
Zhang et al.[74] developed a robust vertebral landmark 
detection system for spinal X-rays, which enables rapid 
and accurate measurement of the Cobb angle. Similar 
efforts have achieved high accuracy in vertebral seg-
mentation using CT and MRI data.[75,76] Disc segmenta-
tion, critical in diagnosing and evaluating degenerative 
disc disease, has also seen progress. Semantic segmen-
tation algorithms for MRI disc images have enabled 
high-accuracy quantification of degenerative disc sig-
nals.[77] Additionally, intraoperative radiation-free auto-
matic registration based on segmentation algorithms 
has provided critical support for surgical navigation in 
spinal procedures.[78] The continuous development of 
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segmentation technologies also offers valuable insights 
for downstream applications.[79–82]

Generative AI in imaging remains both a significant 
challenge and an area of substantial potential for inno-
vation. One of the most prominent applications of gen-
erative AI is the synthesis of new imaging data, which 
contributes to the creation of larger and more diverse 
datasets. This, in turn, enhances the generalizability of 
algorithms while improving patient privacy. The applica-
tion of SpineGAN for image synthesis in transfer learn-
ing has demonstrated high recall rates.[83] Furthermore,  
generative AI techniques have been employed to recon-
struct 3D CT images from 2D X-rays, thereby enhancing 
the diagnostic capabilities of X-rays while simultane-
ously reducing the radiation exposure associated with 
CT scans.[83,84] These methods hold promise for generat-
ing X-rays or CT images without radiation, further min-
imizing radiation exposure and reducing the risk of organ 
damage and tumorigenesis—an especially important con-
sideration for pediatric populations. For instance, chil-
dren with adolescent idiopathic scoliosis require frequent 
radiographic evaluations during diagnosis and follow-up. 
Through the use of optical devices, in combination with 
light-based depth sensing and deep learning techniques, 
adolescent idiopathic scoliosis can be analyzed, and syn-
thetic images can be generated,[85] significantly reducing 
radiation exposure for pediatric patients. Furthermore, 
by leveraging deep learning techniques, vertebral mor-
phology detection and automatic measurement of spi-
nal parameters can be performed through radiation-free 
ultrasound examinations.[86,87]

Developing low- or no-radiation screening and 
diagnostic techniques is expected to become a major 
focus of future research and clinical application. 
Collaboration between spinal surgeons and AI research-
ers will be essential for the development of higher-value 

technologies that can be seamlessly integrated into clin-
ical practice.

3. Case studies and real-world applications in 
spine surgery

From the perspective of spinal orthopedic disease man-
agement, the entire treatment process can be divided into 
3 key stages: preoperative, intraoperative, and postoper-
ative, with the preoperative phase further encompassing 
the preadmission period and the postoperative phase 
extending into the postdischarge period. AI can offer 
distinct functionalities across these stages of care. In this 
section, we will examine the potential impact of AI on 
real-world workflows, integrating clinical case examples 
to demonstrate its practical applications and influence in 
clinical settings.

The preoperative application scenario is depicted in 
Figure 2. When patients present with symptoms such as 
back pain, online LLMs applications can serve as a valu-
able tool for consultation, providing relevant advice and 
guiding patients on whether they should seek hospital 
care.[88–90] Once admitted, AI can assist clinicians in pre-
operative diagnosis, disease classification, and the quanti-
tative assessment of disease progression and severity.[1,2,6] 
It can also assess spinal parameters, predict surgical effi-
cacy, complications, and clinical outcomes based on pre-
operative characteristics, and identify patients who meet 
surgical indications.[40] Furthermore, AI has the potential 
to support physicians in drafting medical records and 
informed consent forms, reducing the complexity of med-
ical texts and enhancing communication between doctors 
and patients.[48]

The role of AI models in surgery primarily focuses on 
decision support, imaging and navigation, and robotics. 
Additionally, AI can significantly enhance the efficiency 

Figure 2.  Preoperative application scenarios, including preadmission home-based remote online consultations and screening, as well as 
postadmission automated medical history collection, clinical records drafting, diagnosis, evaluation, imaging measurements, surgical candi-
date selection based on indications, and complication prediction. Created in BioRender. Zhang, C. (2025)
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and effectiveness of surgical education, improving 
the quality of surgical training for physicians (Fig. 3). 
Furthermore, AI models for risk prediction can also be 
utilized to forecast postoperative prognosis, clinical out-
comes, and surgical complications.[33,35,91–96] Furthermore, 
for spinal patients undergoing rehabilitation, the integra-
tion of real-time motion analysis can support functional 
recovery and strength rehabilitation, potentially enhanc-
ing rehabilitation efficiency and facilitating.

3.1. Case 1

For instance, in the case of degenerative lumbar spon-
dylolisthesis, diagnosis is often subjective. In certain cases, 
such as subtle vertebral slippage, whether to diagnose 
spondylolisthesis primarily depends on the physician’s 
experience, leading to significant inconsistency between 
different physicians. The deep learning system built on 
the multi-task, proposal correlation, feature fusion-net 
(MPF-net), through vertebral detection segmentation and 
case-based learning, can autonomously diagnose lumbar 
spondylolisthesis and quantify the degree of slippage. 
Moreover, the system can accurately measure the sagittal 
parameters of the spinal sequence via its frontend inter-
face and visualize the results, providing valuable insights 
for the formulation of precise corrective treatment plans 

(Fig. 4). Owing to its excellent scalability, the model is 
capable of handling multiple tasks across various preop-
erative scenarios.

3.2. Case 2

Laminectomy, a complex procedure involving the 
removal of the lamina to alleviate spinal cord compres-
sion, is a critical step in spinal surgery. This operation 
typically requires a highly experienced spinal surgeon. 
Due to the lamina’s proximity to the spinal cord, the 
surgeon must exercise caution when using a Kerrison 
rongeur, a process that is time-consuming and relies on 
the surgeon’s experience and tactile feedback to control 
the depth and force of lamina resection, which carries an 
inherent risk of spinal cord injury. Surgical robots, devel-
oped using control theory, AI-based image processing 
and analysis, and high-precision signal pattern recogni-
tion technologies, can personalize the surgical approach 
for laminectomy, automatically identify biological tissue 
features during the resection, and perform precise, auton-
omous lamina cutting with submillimeter accuracy. This 
innovation significantly reduces the risks associated with 
laminectomy and advances orthopedic robotic surgery to 
a higher level of automated decision-making and execu-
tion[97–99] (Fig. 5).

Figure 3.  Intraoperative application scenarios, including decision-making, navigation and auto-planning, surgical education and training, and 
autonomously executing specific operations. Created in BioRender. Zhang, C. (2025)
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4. Challenges in the current and future
Despite the significant advancements in AI research 
within the field of spine surgery and its promising poten-
tial for future technological breakthroughs, there remain 
substantial limitations and challenges in its clinical appli-
cation. The complexity of clinical practice and the strin-
gent requirement for low error tolerance imply that, for 
the foreseeable future, AI will primarily function as an 
adjunct or “copilot” to assist in clinical work rather than 
fully replace spine surgeons. This section will discuss the 
inherent limitations of AI and the specific challenges it 
faces in spine surgery.

Deep learning models often exhibit a “black box” 
nature, wherein they provide results without a clear 
explanation of their internal mechanisms. This opacity 
significantly hinders their application in the medical 
domain. Clinicians, when utilizing AI-generated med-
ical decisions, typically need to understand the under-
lying rationale behind these decisions. The absence of 
explainability in AI models compromises clinicians’ 
trust, which subsequently restricts their adoption in 
clinical workflows. Furthermore, these AI applications 
raise ethical concerns, particularly regarding the attribu-
tion of responsibility. When AI systems influence clinical 
decision-making, assigning responsibility becomes more 

complex in the event of adverse outcomes, including 
medical errors or accidents. The issue of responsibility 
allocation remains a subject of ongoing debate within 
both academic circles and clinical practice. Moreover, 
if the widespread adoption of AI alters the role of cli-
nicians in medical decision-making, it may erode the 
trust between healthcare providers and patients, thereby 
introducing additional ethical dilemmas. At present, 
regardless of the technological factors contributing to 
medical malpractice, doctors remain largely responsi-
ble. As such, doctors must exercise caution when using 
AI models and strengthen the review of AI-generated 
content. Additionally, it is crucial to refine and estab-
lish regulations regarding the access, application, and 
accountability of AI technologies to ensure the safe 
and effective deployment of AI software in healthcare 
environments.

The performance of AI models is heavily dependent 
on the quality of the training data, with data accuracy 
and completeness being crucial factors. When models are 
trained on biased or incomplete datasets, their predictions 
may carry considerable uncertainty, posing serious risks 
when applied to clinical practice. For example, Nature 
retracted a paper concerning the application of machine 
learning in cancer diagnosis because the data used in the 

Figure 4.  Schematic representation of MPF-net workflow (Reprinted with permission from Zhang et al[74]). MPF-net = multi-task, proposal 
correlation, feature fusion-net.

Figure 5.  Surgical robot for laminectomy procedures. (A) An overview of the composition of surgical robots. (B) The concise workflow for 
autonomous identification and laminectomy. (A was reprinted with permission from Li X et al99]; B was created in BioRender. Zhang, C. (2025)
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study did not meet quality standards.[100] Hence, rigorous 
data quality control is essential during both the training 
and testing phases of AI models. Additionally, medical 
data inherently contains sensitive personal health and bio-
metric information. Balancing the protection of patient 
privacy with the utilization of medical data remains a 
critical challenge for AI applications in healthcare. In 
collaboration with institutions that manage such data, 
federated learning and data anonymization techniques 
have been employed to mitigate the risk of data breaches. 
Federated learning allows AI models to be trained with-
out the need to share raw data, while data anonymization 
enhances data security by removing personally identifi-
able information.

The specialized nature of spine surgery introduces 
unique challenges for the application of AI. Many clas-
sification systems and scoring criteria for spinal diseases 
are inherently subjective, leading to inconsistent labeling 
across different medical centers and even among physi-
cians within the same center. These inconsistencies pose 
significant obstacles to AI model development, as models 
trained on single-center data often exhibit limited gen-
eralizability and poor external validation. This hampers 
the widespread adoption of AI models in clinical practice. 
Currently, models trained and tested using retrospective 
single-center datasets are unlikely to be widely recog-
nized. Training with data from multiple centers and eval-
uating models in real-world environments may become 
essential prerequisites for model release.

The high degree of specialization required in spine sur-
gery also complicates the process of generating high-quality  
labeled data, as expert annotation is often necessary. 
This significantly increases the difficulty, cost, and time 

required for data preparation, making the development 
of high-quality AI models for specific spinal conditions 
particularly challenging. In cases where expert annota-
tions are insufficient, AI models struggle to achieve opti-
mal performance. This issue is particularly pronounced in 
the development of models for rare spinal diseases, such 
as craniovertebral junction anomalies. On the one hand, 
the limited number of cases available makes it difficult to 
amass large datasets. On the other hand, the lack of stan-
dardized treatment protocols exacerbates data heteroge-
neity, even when aggregating multicenter datasets, which 
vary in quality. This heterogeneity further constrains the 
development and implementation of AI models in spine 
surgery. Despite the immense capabilities of GPT-4, which 
integrates knowledge from nearly all public medical plat-
forms, it remains difficult to resolve the diagnostic and 
therapeutic challenges posed by rare diseases (Fig. 6). To 
address this issue, it is crucial to establish a large-scale, 
multicenter network focused on standardized treatment 
of rare diseases. This network should emphasize the 
alignment of data across centers and promote collabo-
rative training among physicians to ensure the creation 
of high-quality datasets. Such efforts are essential for 
enabling AI technologies to effectively support the diag-
nosis and management of rare diseases.

5. Future development trends and 
technological outlook

The emergence of ChatGPT has generated unprece-
dented interest among researchers in general-purpose AI 
models. In contrast to specialized models, which are lim-
ited to tasks within a specific domain, the hallmark of 

Figure 6.  The GPT's incorrect response regarding rare diseases. This medical imaging depicts a patient with os odontoideum accompanied 
by posterior atlantoaxial dislocation with instability. When this case was submitted through the official GPT-4 interface, the model erroneously 
interpreted the cervical spine alignment as normal.
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general-purpose models lies in their versatility, enabling 
them to perform a broad range of tasks across various 
fields. In the medical domain, for instance, a general- 
purpose AI model can leverage the extensive existing 
knowledge to address questions across different special-
ties. Furthermore, some research has incorporated image 
processing algorithms to embed medical images, allowing 
for multimodal input. This integration facilitates reason-
ing that combines both medical texts and medical images, 
bringing the model closer to the cognitive processes of real 
physicians.

Despite their potential, current medical models remain 
in the early stages of development. Chen et al.[101] con-
structed a benchmark to evaluate widely used medical 
general-purpose models through multiple-choice ques-
tions. In tests related to orthopedics, the highest accuracy 
achieved was 52.09%, which is significantly lower than 
GPT-4’s performance of 62.80% in the same test. This 
highlights the fact that the accuracy of general-purpose 
medical models is still far from meeting the clinical stan-
dards required for practical application. Consequently, 
further advancements are needed to improve model accu-
racy. Additionally, as these large models are trained on 
vast amounts of publicly available data, it is essential to 
avoid using benchmarks and public datasets derived from 
the same sources during model testing to prevent errors 
due to data leakage. Thus, the creation of high-quality, 
nonpublic, closed-source datasets and benchmarks will be 
a crucial area of focus for future model development.

Beyond medical consultation and diagnosis, surgery 
constitutes the core of surgical practice. Consequently, 
the application of AI to optimize surgical workflows 
represents a critical challenge that surgical researchers 
around the world must collaboratively address.

Currently, surgical robotic technology is continu-
ously evolving and undergoing iterative advancements. 
Although current spinal surgical robots are capable of 
autonomously planning the resection area of the lamina 
and automatically identifying the lamina to be removed, 
other aspects of the surgery still rely on manual operation. 
As such, there remains considerable potential for further 
development in the field of surgical robotics.

Technologies associated with surgery, including aug-
mented reality, mixed reality, navigation systems, and 
robotics, have already demonstrated their effectiveness 
and reliability.[102–104] Moving forward, these technologies 
need to undergo further iteration and integration to create 
more intelligent, digitalized operating rooms. The goal is 
to improve surgical efficiency and precision while enhanc-
ing safety, minimizing invasiveness, and reducing radia-
tion exposure for both patients and surgeons. Ultimately, 
this approach is expected to yield significant benefits for 
both surgical teams and patients.

6. Summary

In summary, the era of AI in medicine is already upon 
us, and AI applications in spinal surgery have attracted 

considerable attention. However, despite the wealth of 
published research, the number of AI applications actu-
ally implemented in clinical practice remains minimal. 
The adoption of AI software faces significant challenges 
in terms of trust and regulation. It is anticipated that, as 
algorithms progress, models become more transparent, 
and regulations evolve, these obstacles will be addressed. 
The advent of multimodal, general-purpose large models 
has greatly expanded AI’s functionality and application 
potential, bringing it closer to the cognitive processes of 
practicing clinicians. As a fundamental component of 
surgical practice, the intelligentization of surgery, par-
ticularly through robotics and smart operating rooms, 
has long been a focal point in AI research. As AI gains 
increasing acceptance among both doctors and patients, 
researchers will continue advancing towards more refined 
and intelligent surgical solutions, ultimately enhancing 
the quality of spinal surgical practices.
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