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a b s t r a c t 

Background: Adult spinal deformity (ASD) surgery remains one of the most complex and complication-prone 
areas of spine care, with significant variability in outcomes and high complication rates. Recent advances in 
artificial intelligence (AI) have shown to be promising tools to address these challenges by improving planning, 
prediction, and personalization. This narrative review explores the role of AI across the surgical workflow for 
ASD, from preoperative decision-making to intraoperative execution and postoperative care. 
Methods: We conducted a comprehensive narrative review of current literature and technologies related to AI 
in ASD surgery. Focus areas included evidence synthesis, predictive analytics, automated radiographic assess- 
ment, intraoperative navigation, patient-specific implants, and digital patient engagement. We also present a 
representative case example of AI-assisted deformity correction to illustrate practical clinical application. 
Results: AI tools have demonstrated strong potential in improving accuracy and efficiency across various do- 
mains. Machine learning algorithms outperform traditional statistical models in predicting complications, length 
of stay, and functional outcomes. Automated radiographic platforms reliably reproduce spinal alignment measure- 
ments and support surgical planning. Personalized instrumentation has been associated with improved alignment 
fidelity. Lastly, Intraoperative AR/VR platforms and AI-enhanced robotics are helping to standardize execution 
and reduce variability. 
Conclusions: AI is redefining the landscape of ASD surgery through its ability to enhance decision-making, 
reduce variability, and enable personalized, data-driven care. While widespread adoption requires ongoing vali- 
dation and integration, current evidence supports the clinical utility of AI-assisted strategies in improving align- 
ment outcomes and surgical safety. This review highlights the growing potential of AI to serve as a cornerstone 
of precision spine surgery. 
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The management of adult spinal deformity (ASD) presents persis-
ent challenges due to its clinical heterogeneity, high complication rates,
nd significant economic burden. While surgical correction can provide
eaningful improvement in health-related quality of life (HRQoL), it

s associated with elevated risks of mechanical failure, prolonged re-
overy, and variability in outcomes [ 1–3 ]. Against this backdrop, artifi-
ial intelligence (AI) has emerged as a transformative force in modern
pine surgery, enabling data-driven, individualized care pathways that
nhance virtually all facets of ASD care [ 3–5 ]. 
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This chapter reviews the current and emerging applications of AI
cross the ASD surgical workflow. Through synthesis of recent literature
nd illustrative case examples, we aim to contextualize the evolving role
f AI in promoting more efficient, personalized, and value-based spine
are. 

iterature evaluation 

The exponential growth of scientific literature over recent decades
as fundamentally transformed the landscape of evidence-based
edicine. The volume of publications continues to rise at an unprece-
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ented rate, with systematic reviews, meta-analyses, and randomized
ontrolled trials showing particularly rapid increases in publication fre-
uency [ 6 , 7 ]. The sheer scale of available data presents significant chal-
enges for timely and comprehensive evidence synthesis, often result-
ng in evidence syntheses that are outdated by the time of publication
 8 , 9 ]. These challenges have prompted calls for a fundamental rethink-
ng of the evidence synthesis ecosystem with the need for more effi-
ient approaches to knowledge integration. Automation technologies,
ncluding large language models (LLMs) and natural language process-
ng (NLP) tools, have emerged as promising solutions to accelerate lit-
rature screening and data extraction/synthesis, thereby supporting the
evelopment of “living ” evidence that can be updated in real time as
ew data becomes available. 

Several emerging AI systems such as PaperQA, Elicit, Consensus, and
ndermind leverage advanced algorithms and large language models to
xtract key insights from full-text scientific literature. These tools offer
apid summarization capabilities by automating labor-intensive tasks
uch as screening, citation management and data extraction, enabling
he generation of concise and structured outputs within minutes. Quan-
itative analyses demonstrates that these AI tools can reduce abstract
creening workload by 55%–64% and achieve 5-6-fold decreases in re-
iew time. Additionally, similar studies report over 75% reduction in
abor during dual-screen reviews compared to manual methods [ 10–12 ].

In parallel, a range of more structured, purpose-built platforms have
een developed to support formal systematic reviews. Tools such as
ayyan, Abstrackr, DistillerSR, ExaCT, and RobotReviewer focus on au-

omating discrete review stages including study selection, information
xtraction and bias detection. These platforms have demonstrated the
bility to eliminate 20%–88% of titles and abstracts from human review
ithout missing final included citations, although performance varies
epending on tool design and context given [ 13 ]. Real-world applica-
ions of these systems further validate the promise of AI in evidence
ynthesis. For example, Michelson et al. demonstrated that a rapid meta-
nalysis (RMA) incorporating AI could generate clinically relevant out-
uts in under 30 minutes, with estimated incidence rates comparable
o traditional methods [ 14 ]. Interestingly, during the COVID-19 pan-
emic, it was found that the underutilization of AI in systematic reviews
as linked to slower processing and reduced publication impact, high-

ighting the potential aid that these AI models can have when properly
ntegrated [ 15 ]. 

Although LLMs have shown promise, the use of LLMs in current evi-
ence synthesis is not without limitations. Recent scoping reviews high-
ight that while LLMs can support up to 10 of 13 systematic review
teps, fully validated and established applications that match the gold-
tandard human-led reviews do not yet exist [ 16–18 ]. This could be
ecause LLMs are prone to generating hallucinations, lack transparency
ue to proprietary training data, and do underperform in more com-
lex appraisal tasks when compared to human raters. For these reasons,
verreliance on AI may lead to superficial or misleading reviews, par-
icularly when tools are used without sufficient human oversight. The
urrent best option is a human-AI collaboration, rather than full automa-
ion, as it yields the highest accuracy and reliability [ 19 ]. 

Ongoing investments in the evidence synthesis ecosystem are in-
reasingly focused on fostering collaboration between artificial intelli-
ence (AI) developers, domain experts, and policymakers. A prominent
xample is the United Kingdom’s recent $70 million initiative to estab-
ish “evidence banks, ” which aims to create robust, continuously up-
ated repositories of high-quality evidence to support clinical and policy
ecision-making. Such investments reflect a growing consensus that AI
hould be positioned as an assistive technology, augmenting rather than
eplacing human expertise in systematic reviews and meta-analyses. 

redicitve analytics and risk stratification 

AI and ML have transformed patient selection and surgical plan-
ing in adult spinal deformity by enabling individualized, data-driven
2

ecision-making. Traditional regression-based models are limited by
heir reliance on linear associations and population-level generaliza-
ions, often failing to capture the complexity and heterogeneity of ASD
atients. In contrast, ML algorithms can process high-dimensional clini-
al, radiographic, and patient-reported data to generate patient-specific
isk profiles and outcome predictions [ 1 , 20 , 21 ]. 

Recent studies demonstrate that ML-based predictive models, such
s LightGBM and random forest, can accurately forecast the likelihood
f achieving ideal surgical outcomes, defined as clinically meaningful
mprovement in quality of life without major complications, by inte-
rating modifiable risk factors [ 3 ]. These models have achieved high
iscrimination and are now being incorporated into web-based clinical
ools, allowing for real-time, individualized risk assessment [ 3 , 21 , 22 ].
or example, Scheer et al. developed a preoperative predictive model
sing 20 preoperative variables, including age, leg pain, and Oswestry
isability Index (ODI), achieving an accuracy of 87.6% and an AUC of
.89 [ 23 ]. Similarly, Pellisé et al. used random forest models incorporat-
ng over 100 features to predict major complications, reoperation, and
ospital readmission, with reported AUCs ranging from 0.67 to 0.92
 24 ]. Lastly, Safaee et al. focused on predicting hospital length of stay
LOS) and achieved 75.4% accuracy using variables such as C7 sagittal
ertical axis and number of levels fused [ 25 ]. 

In addition to being able to predict medical complications, predict-
ng mechanical complications such as, proximal junctional kyphosis
PJK), proximal junctional failure (PJF), and pseudarthrosis would be
xtremely beneficial to clinicians when assessing patients prior to ASD
urgery. The Scheer et al. model also developed validated ML models for
oth PJK/PJF and pseudarthrosis using ensemble decision trees trained
n multicenter ASD cohorts. These models achieved high predictive per-
ormance with an 86% accuracy (AUC 0.89) for PJK/PJF and 91% ac-
uracy (AUC 0.94) for pseudarthrosis [ 23 ]. 

Risk calculators with over 100 patient-specific inputs are now
vailable on interactive online platforms such as the dual-model ap-
roach (preoperative vs. perioperative) described by Pellisé et al.
 24 ] earlier. This model allows clinicians to assess both static and
ynamic risk trajectories, with predictive variables including pelvic
ilt, walking ability, and lower instrumented vertebrae (LIV). Kaplan-
eier survival curves and AUC metrics further validate these models’

obustness. 
As shown, the integration of these AI-driven predictive models into

linical practice has already demonstrated improved accuracy in fore-
asting surgical outcomes and complications. As newer models integrate
dvanced imaging and soft tissue metrics, physicians will be able to se-
ect the optimal surgical candidates, tailoring interventions to maximize
enefit and minimize harm [ 3 , 26 ]. 

ata-driven classification systems 

AI-driven unsupervised learning, particularly hierarchical and k-
eans clustering, has enabled the development of novel ASD classifica-

ion systems that move beyond traditional radiographic criteria. These
pproaches can identify distinct patient phenotypes based on multi-
imensional data, including age, prior surgical history, comorbidities,
unctional status, and even surgical variables. For example, hierarchical
lustering has delineated subgroups with unique risk-benefit profiles, fa-
ilitating the construction of risk-benefit grids that inform both patient
ounseling and surgical planning [ 27 ]. 

Recent multicenter analyses have shown that patients whose man-
gement aligns with AI-predicted surgical indication are significantly
ore likely to achieve minimal clinically important difference (MCID)

n functional outcomes, underscoring the clinical validity of these classi-
cation systems [ 28 ]. Furthermore, these data-driven phenotypes have
een externally validated and shown to correlate with differential com-
lication rates and quality-of-life improvements, supporting their inte-
ration into routine practice [ 21 , 27–29 ]. 
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Fig. 1. Mazor Instrumentation during robotic assisted surgery. 
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orecasting economic and functional outcomes 

In the context of bundled care, precise financial risk prediction is fun-
amental for sustainable ASD management. Ames et al. demonstrated
hat regression tree and random forest models can accurately estimate
he risk of catastrophic costs ( > $100,000) at both 90 days and 2 years
ostoperatively, with key predictors including surgical approach, num-
er of levels fused, length of stay, and surgeon identity [ 30 ]. These mod-
ls explained a substantial proportion of cost variance and enable action-
ble risk stratification, supporting the design of risk-adjusted payment
odels and targeted cost-containment strategies in ASD care. 

Integrating these financial risk prediction models with patient-
eported outcome (PRO) predictive analytics creates a unified frame-
ork for value-based care in ASD surgery. Artificial intelligence-based
ig. 2. Mazor X Surgical System Stealth Edition. (A) Mazor X robotic workstation. 
obotics acquired by Medtronic). 

3

lgorithms, such as those developed by Oh et al. [ 32 ], have achieved
igh accuracy (85.5%) in predicting 2-year minimal clinically important
ifference (MCID) in Oswestry Disability Index (ODI) scores, while Ames
t al. expanded predictive modeling to over 75 variables and multiple
lgorithms, facilitating nuanced adjustment for provider and technology
ffects [ 31 , 32 ]. By linking cost predictors (eg, surgical approach, num-
er of levels fused, length of stay, attending surgeon) with models that
orecast the probability of achieving MCIDs in outcomes like the ODI,
roviders and payers can simultaneously assess both the economic and
linical value of surgical interventions [ 30–32 ]. For example, patients
redicted to incur high costs but with low probability of achieving MCID
ay be better managed with alternative therapies, while those with high

xpected benefit and manageable risk can be prioritized for surgery. 

urgical planning 

Automated radiographic measurement has emerged as a founda-
ional and impactful application of AI in spine surgery. Early validation
tudies, such as those by Sardjono et al. [ 33 ], established the feasibility
f AI systems for automated Cobb angle determination, demonstrating
ccuracy comparable to manual measurement and setting the stage for
urther development of automated spinal assessment tools. 

Subsequent advances have expanded the scope and clinical utility of
hese algorithms. For example, Schwartz et al. [ 34 ] developed AI-driven
ipelines capable of measuring spinopelvic parameters —including lum-
ar lordosis, pelvic incidence, pelvic tilt, and sacral slope —on lateral
umbar radiographs without requiring manual input, with no statisti-
ally significant differences compared to expert-derived measurements,
upporting the reliability of these automated methods. More recent mod-
ls, such as SpinePose, have demonstrated high accuracy and excellent
eliability (intraclass correlation coefficients [ICC] 0.91–1.0) across a
ange of parameters, including sagittal vertical axis, pelvic tilt, pelvic
ncidence, sacral slope, lumbar lordosis, and T1 pelvic angle, in both in-
ernal and external validation cohorts [ 35 , 36 ]. These tools have proven
obust even in complex cases, such as severe coronal deformities and
(B) Stealth camera and reference frame attached to the surgical arm. (Mazor 
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Fig. 3. HOLO Portal intraoperative display showing AI-generated 3D spinal segmentation and planned pedicle screw trajectories, overlaid in real time to guide 
surgical navigation. 
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ostoperative states, with performance that matches or exceeds experi-
nced orthopedic surgeons [ 37 , 38 ]. The clinical relevance of these find-
ngs is substantial. Manual measurement of spinal alignment is time-
onsuming and subject to inter- and intra-observer variability, which
an impact surgical planning and postoperative assessment. AI-based
ystems enable rapid, reproducible, and objective measurement of key
arameters, reducing the burden on clinicians and improving workflow
fficiency [ 35 , 38–40 ]. These tools also facilitate large-scale studies and
tandardization of care and are particularly valuable in settings with
imited access to specialized radiologists or high imaging volumes. Im-
ortantly, automated measurement systems have demonstrated general-
zability across diverse patient populations and imaging protocols, sup-
orting their integration into routine clinical practice [ 36 , 38–40 ]. 

Beyond measurement, AI and ML have shown promise in also guid-
ng surgical construct selection, an area that traditionally depends on
urgeon experience and generalized criteria. In 2021, Lafage et al. [ 41 ]
eveloped a machine learning model to predict the optimal upper instru-
ented vertebra (UIV) in ASD surgery. Their algorithm, which trained

n preoperative radiographic data and desired alignment targets, was
ble to correctly identify the actual UIV selected by expert surgeons in
7.5% of cases. Similarly, Peng et al. [ 42 ] focused on predicting the
ptimal proximal junction angle (PJA) to prevent PJK. They used load-
ng force calculations on cephalad intervertebral discs to derive verte-
ral stress and then trained a model to predict the optimal construct
sing these biomechanical data. These studies suggest that AI can stan-
ardize complex surgical decisions and potentially reduce inter-surgeon
ariability, which is a significant step toward evidence-based construct
election and improved reproducibility across institutions [ 26 , 29 , 43 ].
owever, the literature also underscores the need for rigorous exter-
al validation and attention to algorithmic bias to ensure equitable and
ffective integration of AI into surgical practice [ 44–46 ]. 

Historical data-driven approaches have also contributed to this field.
oller et al. [ 47 ] analyzed data from 273 patients who underwent an-

erior spinal fusion (ASF) for selective thoracic scoliosis. They found
hat preoperative lumbar curve flexibility and 2-year postoperative tho-
 a  

4

acic curve correction were significant predictors of spontaneous lumbar
urve correction (SLCC), which is critical in determining the need for
umbar fusion. These predictors provide actionable metrics that can be
ntegrated into ML models for fusion level selection. These data-driven
pproaches are shown in work completed by Phan et al. who introduced
elf-organizing maps (SOM) to classify adolescent idiopathic scoliosis
AIS) cases and guide fusion level selection. Unlike traditional Lenke
lassification systems, SOM classification does not rely on rigid thresh-
lds such as Cobb angles but instead uses pattern recognition across a
arge dataset [ 48 ]. Their work demonstrated that ML-derived classifica-
ions could yield more personalized surgical recommendations with high
eliability, as verified by agreement with surgeon-selected constructs.
lthough these studies were conducted in the setting of AIS popula-

ions, the underlying methodologies demonstrate the broader potential
f ML in deformity care. Future efforts may adapt these techniques to
SD populations for more personalized fusion level selection. 

Collectively, these studies demonstrate that AI-based tools are ca-
able of supporting, and in many cases enhancing, preoperative plan-
ing by offering precise measurements, individualized alignment strate-
ies, and optimized construct selection. Importantly, these tools im-
rove reproducibility and reduce subjectivity, particularly in complex
ases where minor variations in planning can significantly impact out-
omes. As AI continues to evolve, its integration into surgical workflows
romises to not only augment surgeon expertise but also promote safer,
ore effective, and personalized care pathways for patients undergoing

pinal deformity correction. 

ntraoperative applications 

The incorporation of AI into robotic systems has ushered in a new
ra of precision and personalization in spine surgery. These innovations
ave enhanced traditional robotic platforms by embedding data-driven
ecision-making, intraoperative adaptability, and real-time anatomic
avigation. The foundational step in this evolution began with the FDA
pproval of the SpineAssistTM system by Mazor Robotics (Medtronic) in
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Fig. 4. Pre- and postoperative radiographs showing sagittal correction with patient-specific UNiDTM rods in adult spinal deformity surgery. (A) preoperative, (B–C) 
AI-generated planning stages, and (D) postoperative outcome. 
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004, marking the first AI-guided robotic system designed specifically
or spinal procedures. This milestone not only demonstrated the feasi-
ility of robotic-assisted instrumentation in spine surgery but also laid
he groundwork for more advanced systems integrating AI and real-time
mage guidance [ 49 , 50 ] ( Fig. 1 ). 

The development of the Mazor XTM system in 2016 significantly ad-
anced intraoperative planning by leveraging preoperative and intra-
perative CT imaging for surgical guidance. This system was the first
f its kind to offer an independent platform for planning and execut-
ng screw trajectories with submillimeter precision [ 51–53 ]. In 2018,
he integration of Stealth navigation into the Mazor XTM platform al-
owed for real-time anatomic referencing via a rigid arc fixed to the
osterior iliac spine, enabling continuous updates of the surgical plan
ased on dynamic patient positioning. This fusion of AI with 3D imaging
nhanced procedural accuracy while reducing reliance on fluoroscopy,
otentially lowering radiation exposure and improving safety [ 52 , 54 ]
 Fig. 2 ). There are now comparable platforms such as ExcelsiusGPSTM ,
OSA®, and Cirq® which aim to enhance surgical precision by sup-
orting the registration of surgical tools, mapping surgical corridors,
nd enabling the dynamic avoidance of surrounding anatomical struc-
ures. Recent work by Khan et al. demonstrated that the use of intra-
perative 3D imaging significantly improved the accuracy of posterior
edicle screw insertion when compared to traditional fluoroscopic meth-
5

ds [ 55 ]. These systems also support broader customization through AI-
riven software, which can adapt to a wide range of anatomical varia-
ions and operative conditions, thus enhancing surgical flexibility and
onsistency. 

Despite these advancements, the full potential of Computer Assisted
urgery (CAS) systems has been hindered by persistent technical barri-
rs. One major bottleneck lies in the registration process —specifically,
he alignment of preoperative imaging data with intraoperative anatomy
o generate accurate digital twins. This process is often manual, labor-
ntensive, and error prone [ 56–58 ]. Jecklin et al. [ 59 ] proposed a DL
olution to address this challenge by estimating 3D vertebral shape from
parse multiview intraoperative X-rays. Their model enabled real-time
avigation without the need for extensive manual registration, repre-
enting a transformative leap in the efficiency and scalability of CAS
latforms. 

Beyond navigation, AI modeling has enabled the integration of real-
ime force feedback, kinematics tracking, and surgical video data into in-
raoperative systems. ExcelsiusGPS (Globus), for example, utilizes AI to
nhance tactile awareness through metrics such as force deflection sens-
ng. This feature aids in the detection of positive surgical margins and
otentially preventing intraoperative complications [ 60–62 ]. Further-
ore, AI-powered analysis of instrument motion and video feeds allows

or automated skill assessment and performance feedback. On top of this
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Fig. 5. Preoperative standing anteroposterior and lateral radiographs showing 
thoracolumbar scoliosis, lumbar hypolordosis, and right total hip arthroplasty 
in a 75-year-old female with progressive sagittal imbalance. 
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Fig. 6. AI-assisted (UNiDTM Adaptive Spine Intelligence platform) preoperative 
planning table showing target alignment corrections. 
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dvancement, the rise of AI-augmented reality (AR) systems, such as the
OLO Portal, push the boundaries of visual guidance even more. These

ystems autonomously segments and labels intraoperative anatomy, al-
owing the surgeon to visualize planned screw trajectories overlaid onto
he patient’s actual anatomy in real time. By fusing AI-driven segmen-
ation with AR overlays, these systems offer a 3D holographic repre-
entation that enhances depth perception and spatial awareness. This
echnology allows for intuitive decision-making and efficient execution,
articularly in anatomically complex or minimally invasive procedures
 4 , 63 , 64 ] ( Fig. 3 ). 

Complementing these technologies, virtual reality (VR) has gained
ecognition as a highly effective educational and preop/intraoperative
6

lanning tool. In a randomized controlled study by Shi et al. [ 65 ], resi-
ents and fellows who trained using VR simulation showed significantly
igher accuracy in pedicle screw placement compared to peers trained
ith traditional methods. Similarly, Gottschalk et al. further validated
R’s efficacy by demonstrating improved lateral mass screw insertion
mong residents in a blinded trial [ 66 ]. These results underscore VR’s
bility to improve spatial awareness and procedural confidence partic-
larly among early trainees or those with limited access to high-volume
urgical exposure [ 67–69 ]. Experienced surgeons are also turning to
R for complex case rehearsal, particularly in anatomically challeng-

ng or revision cases. Custom VR modules, which can be generated from
atient-specific imaging data, allow for preoperative walkthroughs of
he intended procedure with stepwise visualization of key landmarks,
otential hazards, and planned implant trajectories. This form of “digital
ehearsal ” supports more deliberate intraoperative execution and may
educe operative times, complication risk, and cognitive load [ 70 , 71 ]. 

Together, these technologies reflect a shift from static preoperative
lans to dynamic, data-informed, and adaptive surgical environments.
he integration of AI with robotic systems, intraoperative navigation, 3D

maging, AR, and VR has created a comprehensive ecosystem that en-
ances precision and supports both novice and expert surgeons. As these
latforms continue to evolve, they are expected to play an increasingly
entral role in delivering safer, more efficient, and personalized spine
urgery. 

atient-specific instrumentation and surgical personalization 

Recent advancements in AI-enhanced robotic systems emphasize
heir potential to refine surgical planning by avoiding overcorrection
nd reducing the likelihood of adverse postoperative outcomes. These
ystems analyze large databases of radiographs and postoperative align-
ent metrics to detect compensatory patterns in the spine and pre-
ict patient-specific biomechanical behaviors. One application of this
s the generation of AI-designed custom rods. By utilizing radiographs
o anticipate thoracic compensation and junctional failure, these rods
re tailored to individual anatomical and biomechanical profiles, offer-
ng a level of personalization that exceeds conventional instrumentation
 Fig. 4 ). 

The limitations of traditional rod bending techniques are well doc-
mented, with manually contoured rods often failing to precisely
atch patient-specific curvature. This can introduce variability in align-
ent outcomes and increase the risk for rod breakage or construct
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Fig. 7. Standing anteroposterior and lateral radiographs with overlaid surgical plan showing coronal and sagittal alignment goals including planned osteotomies, 
rod contouring, and segmental corrections. 
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Fig. 8. Comparison of preoperative, planned, and 1-month postoperative spinopelvic parameters. 
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ailure [ 72–74 ]. In contrast, AI-enabled patient-specific rod systems,
uch as UNiDTM , employ AI-based analysis of spinopelvic parameters
o design patient-specific prebent rods. Yamada et al. [ 75 ] have demon-
trated that these customized rods significantly reduce the incidence
f instrumentation failure by aligning closely with targeted postopera-
ive spinal geometries. Furthermore, Sadrameli et al. [ 76 ] reported no
tatistically significant differences between ideal alignment targets and
chieved postoperative alignment when using patient-specific rods, in-
icating their effectiveness in replicating surgical goals with high fi-
elity. Lastly, Picton et al. [ 77 ], in a systematic review of 7 studies en-
ompassing 304 ASD patients, observed consistent improvement trends
cross key alignment parameters including SVA, PI–LL, and pelvic tilt
PT). While these findings support the effectiveness of patient-specific
od systems, the authors also noted heterogeneity in surgical variables
nd patient characteristics, highlighting the need for continued refine-
ent of predictive modeling techniques [ 76–78 ]. 

Beyond rod instrumentation, companies developing AI-based inter-
ody implant systems, such as Carlsmed and others, are leveraging AI
o create entirely patient-specific interbody devices. These implants are
esigned to conform precisely to the unique anatomical contours of a
atient’s vertebrae, based on detailed 3D imaging and AI-enabled seg-
entation. This design approach fosters a favorable environment for

pinal fusion, enhancing biomechanical compatibility and potentially
educing the likelihood of pseudoarthrosis [ 79 , 80 ]. The use of such
mplants, including lateral lumbar interbody fusion (LLIF) and various
ransforaminal lumbar interbody fusion (TLIF) configurations, under-
cores the growing emphasis on personalization in achieving optimal
ong-term surgical outcomes. 

atient support and clinical workflow enhancement 

The potential of AI in spine care extends beyond the operating room,
articularly through the use of LLMs to enhance patient education and
ommunication. In a 2024 study by Giakas et al. [ 81 ], ChatGPT was
ound to deliver broadly useful and comprehensible answers to com-
on preoperative questions related to posterior lumbar decompression.
he ability of AI to provide consistent, evidence-based responses may
mpower patients with a better understanding of their condition and
mprove informed consent processes. Yoseph et al. [ 82 ] evaluated LLM-
enerated responses to anterior cervical discectomy and fusion (ACDF)
8

ueries and found that, despite the small sample size, patient ratings
or clarity and completeness were comparable to those of physician-
enerated responses. Notably, LLM responses were 80% shorter on av-
rage, suggesting improved efficiency without a sacrifice in quality.
lthough these study focused on nondeformity procedures, they illus-

rate the growing utility of LLMs in improving patient understanding
nd streamlining preoperative communication —an area that may be ex-
ended to deformity care. 

In addition to patient communication, AI platforms are also being
eployed to improve spine care delivery through digital health tech-
ologies. Companies like RevelAi Health have developed conversational
I tools and text-based support systems that offer real-time assistance

or low back pain management. These platforms can triage symptoms,
uide follow-up, and reduce clinician workload by automating routine
nquiries and streamlining electronic communication [ 43 , 83 ]. By re-
ucing call volume and enhancing inbox management, AI-enabled care
rchestration systems improve clinician efficiency and address critical
taffing shortages in spine clinics. 

Taken together, these applications represent a paradigm shift in how
I is used not only to enhance intraoperative precision but also to deliver
ontinuous, personalized, and scalable support across the patient care
ontinuum. From customized implants and predictive surgical planning
o AI-generated education and remote care tools, artificial intelligence
s fundamentally transforming the way spine surgery is conceptualized,
elivered, and experienced. 

ase example 

A 75-year-old female presented with a 5-year history of progressive
ack pain, which had markedly worsened over the past 3 years. The
ain radiated bilaterally to the lower extremities, though she denied
ny bowel or bladder dysfunction. Her medical history was notable for
sthma, gastroesophageal reflux disease (GERD), osteoporosis, and a his-
ory of uterine fibroids. Her surgical history included a total hysterec-
omy, right total hip arthroplasty with subsequent revision, and a left
reast lumpectomy. 

Prior conservative treatments including injections, physical therapy,
onsteroidal anti-inflammatory drugs (NSAIDs), and thermal therapy
rovided only minimal relief. On neurological examination, the patient
xhibited bilateral lower extremity motor weakness, more pronounced
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Fig. 9. Standing postoperative lateral and anteroposterior radiographs at 1 
month demonstrating stable instrumentation and improved global spinal align- 
ment following T4–S1 fusion with pelvic fixation. 
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n the left side, along with a diminished left L4 reflex (1 + ). Radiographic
valuation revealed thoracolumbar scoliosis, mild lumbar lordosis, tho-
acic kyphosis, and advanced multilevel degenerative changes. The most
ignificant findings were at L5–S1, where imaging demonstrated severe
isc space narrowing, endplate sclerosis, and prominent osteophyto-
is, consistent with advanced degenerative disc disease and foraminal
tenosis contributing to her clinical symptoms. Preoperative spinopelvic
easurements indicated abnormal global alignment. The patient had a
9

elvic tilt (PT) of 13°, pelvic incidence (PI) of 49°, sacral slope (SS) of
7°, and lumbar lordosis (LL) of − 53°, resulting in a PI–LL mismatch
f − 4°. The sagittal vertical axis (SVA) was measured at 52 mm, and
horacic kyphosis (T4–T12) was 47°. These parameters reflected a com-
ensated sagittal deformity with a moderate mismatch between the pa-
ient’s lumbar curvature and pelvic anatomy ( Fig. 5 ). 

The surgical plan incorporated AI-guided preoperative planning
sing the UNiDTM Adaptive Spine Intelligence platform (Medi-
rea/SpineGuard), which analyzed patient-specific spinopelvic param-
ters to generate alignment targets and precontoured rod specifica-
ions tailored to the patient’s anatomy. The patient underwent a mul-
ilevel procedure including transforaminal lumbar interbody fusion
TLIF) from L2 to S1, posterior spinal fusion from T4 to S1, laminec-
omy, osteotomy, and pelvic fixation with fluoroscopic guidance. The
I-generated alignment targets included a modest improvement in LL

o − 57°, with a planned reduction in PI–LL mismatch to − 8°, and a pro-
ected reduction in SVA from 52 mm to 14 mm ( Figs. 6 and 7 ). 

At 6-month follow-up, no intraoperative or postoperative complica-
ions were reported. Postoperative radiographic assessment, at 1-month,
emonstrated that the patient achieved ideal alignment based on multi-
le classification systems, including GAP, Roussouly, and age-adjusted
hresholds. Notably, the patient achieved a final LL of − 63°, PI–LL mis-
atch of − 14°, PT of 10°, and SVA of 30 mm. The thoracic kyphosis

ncreased postoperatively to 56°, consistent with global compensatory
hanges ( Figs. 8 and 9 ). 

This case highlights the successful use of AI-assisted planning in
chieving radiographic goals and avoiding complications in a complex
dult spinal deformity patient. The alignment targets were not only met
ut exceeded in some parameters, and the clinical outcome was favor-
ble without additional risk. This is why AI-based models should be
sed as a decision-support tool, rather than a definitive predictor or
urgical outcome. These technologies are intended to augment, not re-
lace, surgical judgement, by reducing planning burden and enhancing
tandardization while allowing for intraoperative adaptability. 

onclusion 

Artificial intelligence has begun to redefine how ASD is studied, di-
gnosed, planned, and treated. From automating evidence synthesis to
uiding intraoperative execution and enabling implant personalization,
I is enhancing precision, efficiency, and patient outcomes across ev-
ry stage of the surgical workflow. While certain challenges around AI
nd its implementation remain, the trajectory is clear. AI is transition-
ng from a supplementary tool to an indispensable component of spine
are. 

The optimal future lies in a hybrid model that leverages the strengths
f both human expertise and AI-driven computation. By fostering on-
oing collaboration between data scientists, clinicians, and industry,
he field can continue to evolve toward a more personalized, value-
ased, and outcomes-driven approach to spinal deformity surgery. With
houghtful implementation and rigorous validation, AI holds the poten-
ial to not only augment surgeon capabilities, but to elevate the standard
f care for patients worldwide. 
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