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Abstract 

AI and ML in spine surgery has both transformative possibilities and notable challenges related to 
regulatory oversight, algorithmic bias, and clinical responsibility. We propose a governance model 
to tackle these important issues, ensuring the responsible use of AI tools. This framework introduces 
the SAIGE-R Index, a tool designed to measure AI system risks based on Clinical Volatility, System 
Integration Risk, and Data Integrity Confidence. This index supports a tiered oversight system, 
ranging from minimal checks for low-risk systems to thorough FDA reviews for high-risk 
applications. In addition, SAIGE sets specific validation standards focused on spine surgery 
outcomes. These include important differences in patient-reported measures and accuracy in pedicle 
screw placement, along with quarterly fairness checks to reduce demographic bias. The framework 
also describes a strong governance structure that focuses on ongoing clinician training, involvement 
from multiple stakeholders, and strict data security measures. It suggests a liability model that 
matches responsibility with the evaluated risk level of AI tools. By addressing validation, ethics, and 
accountability, the SAIGE Framework provides a foundation for safely and effectively incorporating 
AI into complex surgical settings. This approach encourages innovation while maintaining patient 
safety and clinical integrity. 

Keywords: AI in surgery; risk stratification; spine surgery; regulatory oversight; SAIGE framework; 
clinical accountability 
 

Introduction 

Artificial intelligence (AI) and machine learning (ML) are progressively transforming surgery. 
By leveraging these tools, clinicians can optimize diagnosis, better predict risk, and enhance operative 
planning [1,2]. However, their scope expands alongside related risks. Even thoroughly developed 
algorithms can misjudge anatomical planes, undervalue comorbid risks, or ignore presumably 
insignificant findings during image-guided interventions. While AI/ML tools can help surgeons 
mitigate error and improve decision-making, they simultaneously introduce a new layer of 
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uncertainty regarding clinical responsibility and raise an important question: who is liable when an 
AI-assisted decision leads to harm? Thus, unregulated AI may serve as both an aid and a source of 
uncertainty.  

I. Risks of Unregulated or Underregulated AI Deployment  

The urgency of this issue is particularly important as many AI systems begin to be incorporated 
into clinical environments without US Food and Drug Administration (FDA) clear validation. For 
instance, Clark et al. found that out of 119 selected medical devices that were marketed as enabled 
for AI or ML, 23 (19.3%) were either “discrepant” or “contentious” in terms of their marketing versus 
clearance [3]. Additionally, many AI/ML technologies are validated using only computer-generated 
(ʺphantomʺ) images, which may not reflect real-world clinical scenarios. A similar report by 
Chouffani El Fassi et al. demonstrated that, out of 521 AI-driven clinical devices approved by the 
FDA, 226 of them lacked published clinical validation data and had not been trained on real patient 
data [4]. Such findings are alarming and emphasize how urgently regulatory authorities must 
improve FDA evaluation criteria and set continuous, real-time performance monitoring. Without 
practical, unbiased data training and post-market protections, “shadow” AI models may unwittingly 
spread prejudice, raise clinical risk, and hide medico-legal responsibility.  

In spine surgery, factors such as calcified disc morphology, herniation laterality, cage subsidence 
probability, and synovial cyst presence define surgical planning and intraoperative adjustments [5]. 
These factors are further influenced by patient-specific comorbidities, socioeconomic level, and racial 
and ethnic background. Models built from non-representative, potentially sanitized data may prove 
inaccurate when faced with real-world complexity. For instance, an AI model trained on idealized 
data might overlook infection risk in a diabetic patient with calcified disc morphology, leading to 
unforeseen complications like reoperation. Such reductions in care quality can occur in large 
academic hospitals or smaller, inner-city hospital groups, exacerbated by inadequate algorithmic 
safety assessments and outcome auditing. Without timely model updates to reflect changing patient 
demographics, key metrics like reoperation rates, nonunion incidence, and adjacent segment disease 
may be incorrectly reported. These challenges demand a rigorous framework to ensure AI enhances 
spine surgery outcomes through a structured approach to validation, ethics, and accountability. 

II. Current Gaps in AI/ML Technologies  

Large language models (LLMs) are increasingly being integrated to streamline documentation, 
imaging interpretation, and patient education [6]. However, current LLMs such as ChatGPT lack 
calibration for high-stakes surgical environments. These systems are not trained on domain-specific 
imaging modalities like T2-weighted MRIs, CT myelograms, or fluoroscopic guidance, and they lack 
intraoperative situational awareness, neuromonitoring interpretation, and tactile feedback 
integration [7]. Additionally, LLMs may not take into account previous surgical changes (e.g., 
pseudoarthrosis or leftover hardware) and specific body details (such as pedicle dysplasia or facet 
tropism), often depending on general language data or radiology images and texts that miss 
important biomechanical details. When LLMs are used in test cases, such as in Orthopaedic In-
Training Examination evaluations [8], they do not perform accurately and thus can not be used as a 
reliable tool. Another core issue is the failure of contextual transfer: AI systems trained on narrow 
datasets tend to overfit to regional practices and underperform across diverse healthcare systems [9]. 
Without continuous learning mechanisms like federated updating or real-time drift detection, these 
models degrade over time. Compounding this, current regulatory structures rarely mandate post-
market performance validation or adaptive monitoring. 

III. Shadow AI and Regulatory Gaps 

ʺShadow AIʺ refers to how generative models are used in clinical practice to document, bill, or 
communicate with patients despite not being officially sanctioned [10]. These tools often operate 
outside HIPAA-compliant platforms, posing serious privacy risks by exposing protected health 
information (PHI) to third-party servers without audit trails or version control. Compared to 
structured EHR systems, generative models obscure the provenance of clinical content and therein 
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create medico-legal vulnerabilities in surgical planning and documentation. Additionally, the FDAʹs 
Software as a Medical Device (SaMD) [11] and Clinical Decision Support (CDS) pathways [12] were 
not designed for these adaptive and generative systems. HIPAA likewise governs only covered 
entities and excludes many AI developers. Ultimately, no unified liability doctrine addresses the role 
of generative AI in surgical complications [13], and algorithmic contributions are rarely disclosed in 
clinical consent processes, raising serious concerns about autonomy and informed decision-making. 

Risk Stratification Architecture  

We created the Spine Artificial Intelligence Governance and Evaluation (SAIGE) framework to 
address urgent challenges in surgical AI oversight, including algorithmic bias, under-specified 
validation criteria, and evolving medico-legal uncertainties in high-risk procedural contexts. The 
SAIGE framework operationalizes these goals through a structured governance architecture built on: 
(1) predictive risk stratification via the SAIGE-R index, (2) longitudinal demographic equity auditing, 
and (3) federated validation pipelines that preserve data privacy across institutions. We have also 
anchored outcome prediction through analyzing the American College of Surgeons Risk Calculator 
[14] and national registries such as the Nationwide Ambulatory Surgery Sample (NASS) [15] and the 
North American Spine Society database [16]. In addition, to facilitate HIPAA-compliant 
generalizability, SAIGE supports continuous, real-world model calibration across heterogeneous 
clinical environments by accounting for federated learning. Our immediate goal in designing the 
SAIGE framework is to put forward a pragmatic and evidence-grounded starting point for AI 
governance in spine surgery. We hope that this discussion allows us to refine and reshape our 
framework and account for multi-stakeholder engagement while also tailoring our framework to 
specific spine and related surgical procedures. Below, we outline the core components of SAIGE. 

I. SAIGE-R Risk Index 

The SAIGE-R Index is a quantitative risk stratification tool designed to help surgeons and 
developers evaluate AI systems used in spinal surgery across three dimensions: Clinical Volatility 
(CV), System Integration Risk (SIR), and Data Integrity Confidence (DIC). In essence, we attempt to 
standardize deployment risks, and each dimension of SAIGE-R reflects a unique deployment risk 
and challenge. 

a. Clinical Volatility (CV) 

We estimate the clinical impact of AI errors through CV, factoring in procedural complexity and 
anatomical risk. We calculate CV by multiplying a baseline risk value, derived from NASS-QOD 
complication rates (e.g., 3.0 for MIS-TLIF, reflecting an 8-15% complication risk) [17], by device 
complexity multipliers we assigned from FDA device classifications (e.g., 1.5× for Class III robotic 
systems, 1.2× for Class II surgical planners) and spine-specific anatomical modifiers (e.g., 1.3× for 
cervicothoracic junction, 1.4× for revision surgery) [18]. We based these multipliers on meta-analyses 
showing elevated risks in complex procedures [19–22]. Reported complication rates for 
transforaminal lumbar interbody fusion (TLIF) typically range from 10-20% in primary cases, with 
substantially higher rates observed in revision surgeries and in patients with underlying deformity 
or multilevel pathology [23–25]. For example, a Class III robot in a revision MIS-TLIF yields a CV of 
3.0 × 1.5 × 1.4 = 6.3. We cap CV at 10 to reflect the maximum feasible clinical risk, ensuring a 
standardized scale for prioritizing oversight. 

b. System Integration Risk (SIR) 

We assess SIR on a 0-10 scale, using standards like ASTM F2761 to evaluate AI system 
interoperability with surgical infrastructure [26], including imaging synchronization, fail-safe 
redundancy, and real-time performance. Systems achieving latency under 2 seconds, critical for 
timely surgical feedback, and integrating seamlessly without altering standard procedures score 8 or 
higher [27,28]. For example, an AI system with 1.5-second latency may achieve SIR = 8, reflecting 
robust integration. The maximum SIR of 10 indicates optimal performance with no discernible 
latency or disruption. 
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c. Data Integrity Confidence (DIC) 

We quantify the robustness of AI training data through DIC, emphasizing real-world data over 
synthetic data to enhance reliability in spine surgery. To ensure representation of underserved 
populations, we require ≥30% of real-world data from safety-net hospitals [29,30]. We calculate DIC 
as: 𝐷𝐼𝐶 = 𝑅𝑒𝑎𝑙 − 𝑤𝑜𝑟𝑙𝑑 %𝑆𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 % +  0.01✕ 5.67 

This formula yields DIC = 5.67 when real-world and synthetic data are equal (50%/50%), serving 
as a baseline for data fidelity. The constant 0.01 prevents division by zero when synthetic data is 
absent. Higher DIC values reflect greater confidence in data integrity, with the maximum achieved 
when only real-world data is used. 

We then computed the composite SAIGE-R score using an Euclidean distance formula: 

SAIGE-R = ට( ஼௏஼௏೘ೌೣ)ଶ + (1 − ௌூோௌூோ೘ೌೣ)ଶ + (஽ூ஼೘೔೙஽ூ஼ )ଶ  

Where CVmax = 10, SIRmax = 10, and DICmin = 5.67. The risk score ranges from 0 to a theoretical 
maximum of √3  ≈  1.732, though practical values will typically be ﹤1. In all, a higher CV, lower 
SIR, or lower DIC will raise the SAIGE-R score and indicate increased clinical risk and oversight 
needs. We also stratify AI systems into three risk tiers based on their composite score: 

1. Low risk: ≤ 0.4 (minimal oversight) 

2. Moderate risk: 0.4 - 0.8 (quarterly audits) 

3. High risk: > 0.8 (FDA High-Risk AI Committee review) 

To illustrate, we present a hypothetical AI model assisting pedicle screw placement in minimally 
invasive transforaminal lumbar interbody fusion (MIS-TLIF) within a Class III robotic environment. 
We estimate its CV at 5.4, derived from a baseline of 3.0 (reflecting 8-15% c in omplication rates [31]), 
multiplied by 1.5 for the Class III device, and adjusted by a 1.2 anatomical modifier for specific patient 
factors like high BMI. The SIR is 8, indicating low latency (<2 seconds) and seamless workflow 
integration [27,28]. The DIC is approximately 41.57, calculated from 88% real-world and 12% 
synthetic data using 

 𝐷𝐼𝐶 = ଼଼ଵଶ ା ଴.଴ଵ✕ 5.67 ≈  7.326 ✕ 5.67 ≈  41.57  
Applying the SAIGE-R formula:  

SAIGE-R = ට(ହ.ସଵ଴)ଶ + (1 − ଵ଼଴)ଶ + ( ହ.଺଻ସଵ.ହ଻)ଶ = √0.2916 +  0.04 +  0.0186  ≈  0.59 

Thus, the SAIGE-R score of 0.59 places the system within the moderate-risk tier (0.4-0.8). This 
triggers quarterly audits, which we made consistent with the use of Class III devices in spine surgery. 
Though hypothetical, this example demonstrates how the SAIGE-R framework translates 
multidimensional risk factors into an initial oversight pathway. 

We also designed the SAIGE-R index to be a dynamic surveillance tool. To illustrate, we present 
a hypothetical scenario inspired by robotic systems like the Mazor X Stealth Edition, which is used 
in complex spinal deformity corrections [32]. Initially, the system has a CV of 7, reflecting a high-risk 
procedure with Class III robotics and sensitive trajectories, an SIR of 8, indicating robust 
intraoperative coordination with latency under 2 seconds, and a DIC of 41.57, which we derived from 
88% real-world and 12% synthetic data. The initial SAIGE-R score is calculated as:  

SAIGE-R = ට( ଻ଵ଴)ଶ + (1 − ଵ଼଴)ଶ + ( ହ.଺଻ସଵ.ହ଻)ଶ = √0.49 +  0.04 + 0.0186  ≈  0.74 
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This places the system in the moderate-risk tier (0.4-0.8), triggering quarterly audits. If 
intraoperative synchronization issues, such as imaging lag, reduce SIR to 6, and retraining shifts data 
to 70% real-world and 30% synthetic, lowering DIC to 13.23, the updated SAIGE-R score becomes: 

SAIGE-Rupdated = ට( ଻ଵ଴)ଶ + (1 − ଺ଵ଴)ଶ + ( ହ.଺଻ଵଷ.ଶଷ)ଶ = √0.49 +  0.16 + 0.1837  ≈  0.91 

The updated SAIGE-R score enters the high-risk tier (>0.8). This warrants enhanced regulatory 
scrutiny under our framework and potentially includes FDA review. Clinically, such issues could 
lead to a 3 mm pedicle breach (Gertzbein-Robbins Grade C) if osteoporotic bone is misclassified [33], 
risking neural or vascular structures. Though hypothetical, this scenario reflects plausible AI 
misclassification risks in spinal navigation. By tracking these dynamic risk transitions, we ensure the 
SAIGE-R Index adapts to changes in system performance or data quality and is in line with 
continuous oversight standards.  

II. SAIGE Validation Benchmarks 

In this section, we establish spine-specific certification criteria to evaluate AI system 
performance across three critical domains: clinical efficacy, demographic equity, and post-market 
surveillance. These domains address the unique challenges of spinal surgery, including high 
anatomical variability, complex procedural steps, and the need for precision in interventions such as 
pedicle screw placement or sagittal alignment restoration. Unlike generic AI benchmarks, which 
often lack metrics tailored to spinal surgery (e.g., pedicle breach rates or pelvic incidence-lumbar 
lordosis [PI-LL] mismatch) [34–36], our framework emphasizes surgical accuracy, outcome relevance, 
and fairness across diverse patient populations. This approach is distinct from the FDA’s Digital 
Health Software Precertification Program, which provides general software validation criteria but 
lacks domain-specific metrics tailored to the risks of spinal procedures [34,35]. 

For AI systems directly involved in surgical planning or execution, we define functional 
standards grounded in validated clinical outcomes [35,36]. These benchmarks, informed by 
established literature, represent realistic expectations for AI performance in spinal surgery. One such 
benchmark is the Minimum Clinically Important Difference (MCID) in the Oswestry Disability Index 
(ODI), which is set at a ΔODI of at least 12 points. This threshold, consistent with outcomes following 
lumbar fusion, is widely recognized as the minimum change reflecting a clinically meaningful 
improvement in patient-reported function [37]. Another key benchmark is pedicle screw placement 
accuracy, set at 97-98% based on the Gertzbein Grade A/B classification. Grade A denotes fully 
intrapedicular placement without cortical breach, while Grade B permits a breach of less than 2 mm 
[35,36]. These thresholds are aligned with the precision reported for advanced robotic systems such 
as the Mazor X platform and are considered clinically acceptable for minimizing neurological risk 
[38,40–42] (Parker et al., 2022; Zhang et al., 2019). Additionally, the benchmark for postoperative 
pelvic incidence-lumbar lordosis (PI-LL) mismatch is set at ≤10°, consistent with the SRS-Schwab 
classification of sagittal alignment [43,44] (Schwab et al., 2012). Although some literature supports a 
more stringent threshold of 9° to potentially reduce reoperation rates, recent studies suggest that a 
mismatch between 10° and 20° may be optimal for select patient populations [43,44] (Zhang et al., 
2017). Thus, the ≤10° standard remains the preferred guideline for consistency across clinical 
protocols. 

To address algorithmic bias over time, we conduct fairness audits on a quarterly basis using a 
bias score tailored for binary classification tasks: 

Bias Score= ଵ௡ ∑௡௜ୀଵ ቚ ிே೔்௉೔ାிே೔ − ி௉೔்ே೔ାி௉೔ቚ 
This formula was chosen because it captures disparities in both underdiagnosis (elevated false 

negative rates) and overdiagnosis (elevated false positive rates) across demographic subgroups. In 
this context, false negatives (FNi) represent missed cases requiring intervention (i.e. undetected 
surgical candidates) while false positives (FPi) indicate inappropriate intervention recommendations. 
True positives (TPi) and true negatives (TNi) are correctly identified cases for each subgroup i, with 
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n denoting the number of groups. We also track the maximum absolute disparity (|FNRi - FPRi|) to 
detect high-risk subgroup outliers. A bias score exceeding 0.15, which we selected as a conservative 
preliminary threshold pending empirical validation, triggers mandatory model retraining and 
subgroup-specific revalidation. 

Through this validation framework, we aim to have our framework be demographically fair and 
continuously monitored across its lifecycle. By aligning with spine-specific surgical standards, 
acknowledging practical implementation constraints, and embedding equity metrics, we provide a 
robust certification pathway for surgical AI. Future iterations of this validation and SAIGE checks-
and-balances will expand to accommodate generative AI models and real-time adaptive learning 
systems, further supporting safe surgical innovation. 

Governance Structure and Oversight 

We developed the SAIGE Framework in order to address the complex demands of surgical AI 
integration. This framework is a multi-layered governance architecture that is grounded in ethical 
accountability, performance validation, clinician training, and regulatory compliance. A central 
component of this framework is the idea that AI systems must build upon, not discard, clinical 
expertise while operating transparently across various surgical environments [1,3,12]. 

Another cornerstone of the SAIGE Framework is clinician competence. With consideration to 
the nuanced judgment necessary in spine surgery, we incorporated an eight-hour, CME-accredited 
training program that aligns with AMA Code of Medical Ethics Opinion 9.2.2 [45]. The course 
provides surgeons with structured guidance on interpreting AI-generated recommendations and 
integrating them with real-time findings in the OR. For example, the curriculum includes scenarios 
addressing how to handle pedicle screw positions suggested by AI that conflict with 
neuromonitoring alerts [20,41], or how to incorporate AI predictions into decisions involving sagittal 
balance correction and Modic change interpretation in lumbar fusion [30,40]. The training also 
emphasizes informed consent, ensuring that surgeons clearly communicate the role of AI in clinical 
decision-making and potential implications for patient-reported outcomes [15,45]. In order to 
maintain clinical relevance, the training is updated annually to reflect advances in AI capabilities as 
well as clinician feedback [6,7]. 

Not only does SAIGE emphasize individual education, but it also encourages stakeholder 
engagement to build both institutional and patient rapport. Based on a 2025 case study in npj Digital 
Medicine on best practices for AI governance [4], we implemented quarterly workshops where 
surgeons get to interact directly with AI tools as well as their developers. Also included in these 
sessions are demonstrations that demonstrate clinical accuracy, such as achieving a precision of 98% 
in pedicle screw placement for lumbar fusions [37,41]. Additionally, biannual feedback loops are 
important for clinical relevance since they gather patient and physician perspectives using validated 
measures. For patients, Patient-Reported Experience and Outcome Measures (PREMs and PROMs) 
are utilized, as well as the Oswestry Disability Index (ODI), Visual Analog Scale (VAS), and SF-36 
[31,32]. Surgeons, on the other hand, assess AI usability using the System Usability Scale (SUS) [46]. 
These datasets are then subjected to quantitative analysis, including Likert scaling, ANOVA 
comparisons across demographic groups, and t-tests to detect statistically significant shifts in 
satisfaction or trust. Hospital administrators would then receive annual briefings on the outcomes of 
these feedback mechanisms, including cost-benefit analyses, AI accuracy data, and recommendations 
for funding allocation [19,36]. This process allows the SAIGE Framework to sustainably scale across 
healthcare systems with variable capabilities [16]. 

It is important not to overlook data security and regulatory compliance in regards to the SAIGE 
Framework. In accordance with HIPAA (45 CFR Part 164), GDPR (Regulation [EU] 2016/679), and 
FDA regulatory standards (21 CFR Part 820), the framework mandates stringent security measures 
[11,47,48]. These include the use of homomorphic encryption for data sharing, differential privacy 
during federated learning, and adherence to NIST SP 800-171 cybersecurity protocols [9,49]. Given 
the legal ambiguity around AI liability in high-risk environments, we propose a stratified liability 
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model based on the SAIGE-R risk index. For systems deemed low-risk (SAIGE-R ≤ 0.4), clinicians 
retain primary responsibility and are governed by existing malpractice standards such as those 
articulated under the Medical Injury Compensation Reform Act in California (MICRA) [13,50]. When 
AI tools reach a high-risk threshold, however, the liability is now shared between developers and 
clinicians, assuming the system was validated and clinical protocols have been followed [10,11]. The 
addition of a 12-month safe harbor provision following AI certification would protect both parties 
from excessive legal risk, assuming they act in good faith [13]. Institutions are also encouraged to 
obtain AI-specific malpractice insurance to mitigate risks like anatomical-related misclassification or 
procedural misguidance as a result of system failure [13]. 

Informed consent protocols are adjusted in order to meet both ethical and legal standards. In 
line with AMA Opinion 9.2.2 and the California Health and Safety Code §24173, consent documents 
explicitly disclose AI use, its role in decision-making, and potential implications for patient outcomes 
[45,51]. Furthermore, the formation of a committee that oversees the handling of complaints and 
concerns through hospital ombudsman programs will ensure that patient autonomy is preserved. 
Audit processes that incorporate PROMs can be used to assess how AI interventions affect quality of 
life for patients. Such processes can aid in the development of spine-specific tools that assess 
neurocognitive function and procedural symptom burden, with inspiration from oncology 
instruments such as the EORTC QLQ-C30 [44]. 

Implementation of the SAIGE Framework necessitates a thorough economic evaluation. Cost-
benefit analyses that take into account training expenditures, system integration costs, and 
infrastructure upgrades can be used as benchmarks for clinical gains like reductions in reoperation 
rates for procedures such as TLIF (currently around 8-15%) [5,16,33]. Funding strategies include 
public-private partnerships, grants through organizations like the NIH, and partnering with EHR 
vendors [19]. A gradual implementation strategy that prioritizes training and oversight mechanisms 
in low-resource areas would allow for consistent quality and equal access with expansion [19]. 
Administrative effort is also crucial, since hospital leaders will be the ones to coordinate cross-
functional efforts that align AI governance with strategic goals of their respective institutions [16]. 

To ensure ethical standards are met, the SAIGE Framework aligns with global AI governance 
standards, which include the World Health Organization’s six regulatory areas of transparency, risk 
management, external validation, data quality, regulatory compliance, and collaboration [52]. The 
framework also incorporates the FUTURE-AI guidelines (Fairness, Universality, Traceability, 
Usability, Robustness, and Explainability) [53]. These principles ensure that AI systems integrated 
into spine surgery adhere not only to local mandates but to international norms regarding AI 
accountability and data protection as well [52,53]. 

Feedback mechanisms in general are considered a vital feedback loop for continuous quality 
improvement. As mentioned earlier, patient perspectives are gathered through quarterly surveys 
using PREMs and PROMs, with Likert scores that are analyzed for mean satisfaction and standard 
deviation [31,32]. When it comes to spine surgery specifically, these metrics would be used to assess 
patient feedback in terms of things like pain management, mobility, overall satisfaction with AI-
incorporated procedures, etc. Focus groups serve to explore patient experiences more qualitatively, 
ensuring broad demographic representation. Demographic representation is especially important 
because any existing disparities across various demographics would be emphasized when it comes 
to the performance of the AI system. Physician input is similarly evaluated using the SUS, along with 
conducting biannual t-tests to track changes in usability and acceptance [46]. A specialized committee 
will synthesize this feedback using inferential statistics, like ANOVA, to identify disparities across 
demographic groups or institutions [7,19]. This specialized committee would consist of spine 
surgeons, ethicists, patient advocates, and data scientists that would oversee the interpretation of this 
feedback. These findings will serve as guidance for updates to training protocols, system revalidation, 
and broader governance adjustments [19]. 

While the SAIGE Framework provides a solid basis for addressing the urgent challenges of 
surgical AI, there are still several limitations that exist and must be acknowledged. Some critical areas 
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for further improvement include establishing clearer liability standards related to AI, improving 
privacy protections for generative AI models, and the validation of clinical benchmarks from 
prospective studies [10,13]. Generative models can be problematic since novel output is being 
generated using existing data, which is why privacy protections are more relevant here [47,48]. A 
potential initiative would be to enroll 1,000 patients to evaluate the real-world performance of AI-
guided spine procedures using the full SAIGE Framework [1,33]. The implementation of the 
Framework across diverse health systems also requires additional research on models for funding 
and technical support for low-support hospitals [19]. As AI models evolve, especially ones that 
incorporate adaptive learning or generative features, specialized committees will implement 
strategies to distinguish between major and minor software updates in order to reduce major delays 
while preserving patient safety [10,11]. 

In conclusion, the SAIGE Framework provides a structured and ethically robust pathway for 
integrating AI into spine surgery. By combining meticulous oversight, stakeholder engagement, risk 
stratification, and regulatory compliance, it addresses the unique risks as well as responsibilities 
associated with surgical AI. Our goal is to not only manage these technologies, but to shape their path 
to reflect values like transparency and clinical accuracy [4,8,45]. 
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