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Abstract

Purpose of Review There has been an expanding role of artificial intelligence (AI) and machine learning (ML) in spine sur-
gery, particularly in operative planning, intraoperative navigation, and postoperative management. With a focus on patient-
specific surgical strategies, Al technologies offer new possibilities for improving surgical accuracy, reducing risks, and
enhancing patient outcomes in spine care.

Recent Findings Al models have shown strong accuracy in preoperative planning, with neural networks outperforming tra-
ditional algorithms in patient selection and outcome prediction. Advances in 3D modeling, supported by machine learning,
enable efficient, patient-specific anatomical reconstructions, reducing manual segmentation time from hours to seconds. In
intraoperative navigation, Al-driven virtual and augmented reality systems enhance screw placement precision and reduce
radiation exposure by up to 90%, improving workflow and safety. Additionally, real-time Al-based decision support has
decreased operative time and postoperative risks, while postoperative Al applications now support mortality risk stratifica-
tion and discharge planning, yielding significant predictive accuracy for adverse events and extended stays.

Summary Al technologies are transforming spine surgery by increasing surgical precision, optimizing clinical workflows,
and personalizing patient care. While challenges remain regarding data diversity and ethical considerations, ongoing innova-
tions indicate that Al will continue to refine spine surgery through personalized and efficient care solutions.

Keywords Artificial intelligence - Machine learning - Spine surgery - Surgical planning - Navigation - Real-time
decision support

Introduction

Artificial intelligence (Al) refers to the use of computers to
perform tasks that typically require objective reasoning and
understanding [1]. A key subset of Al is machine learning
(ML), which employs statistical and mathematical models
to automatically identify patterns and enhance predictions of
a target outcome without explicit programming [1]. Within
ML, artificial neural networks (NN) are a set of algorithms
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that mimic the structure and function of the human brain
[1]. Deep learning, a subfield of ML, utilizes artificial NNs
to process large volumes of complex data, making it par-
ticularly useful in clinical applications [2]. Large language
models (LLMs), a form of deep learning, generate human-
like text by predicting sequential words based on statistical
patterns learned from vast text data. These models are foun-
dational to natural language processing (NLP) which have
significant implications for clinical tasks [3].

As Al continues to evolve, there is growing emphasis
on transparency and interpretability in clinical contexts.
Explainable artificial intelligence (XAI) provides the core
algorithmic result or prediction to the user along with an
explanation that conveys insights into the confidence of the
core prediction [2]. Additionally, generative adversarial net-
works (GANSs) use two competing Al models: a generator
that synthesizes artificial data and a discriminator that eval-
uates its authenticity. Through this process, GANs produce
high-quality synthetic data which can be useful in medical
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imaging, data augmentation, or situations where datasets are
limited [4].

In recent years, Al and ML have transformed fields across
healthcare, especially in surgical specialties. In orthopae-
dics, Al’s role is rapidly expanding, offering innovative ways
to optimize complex procedures and enhance patient care.
For spine surgery, where precision and strategic planning
are emphasized, Al has the potential to improve outcomes
through data-driven, patient-specific surgical planning.
This review provides an overview of current applications in
spine surgery, examines their impact on operative planning,
and discusses the implications for postoperative outcomes.

Preoperative Modeling and Simulation

Al modeling has demonstrated the capacity to improve pre-
operative planning by optimizing surgical decision making
and increasing preparedness for planned procedures. Recent
studies underscore the accuracy and potential of Al in spine
surgery for creating customizable models and simulation of
the planned surgery. Beyond the operative technique itself,
both Al and ML can be used to facilitate preoperative plan-
ning and analyze surgical indications to ensure that the
planned procedure is the most suitable for each individual
patient. Tragaris et al. reviewed 46 studies implementing
AI/ML, noting an overall mean accuracy of 74.9% in ML
models for guiding clinical decision-making and surgical
planning, with particular strengths in preoperative patient
selection, anticipated cost, length of stay, and outcomes pre-
diction [5]. Buchlak et al. compared NNs with traditional
logistic regression algorithms, finding that these measures
excelled in both accuracy and specificity, suggesting that
an ML-facilitated learning algorithm may provide supe-
rior surgical planning [6]. After the decision on the optimal
surgery is chosen for the individual patient, Al can then
help further increase surgeon readiness through creation
of custom models and simulation of the planned surgery.
Three-dimensional modeling and simulation can be useful
for precision in spine surgery, and Al has enabled remark-
able advancements in this area. Machine learning enables
the creation of patient-specific anatomical models, facilitat-
ing customized surgical approaches. For example, Chen et
al. employed a deep learning model, 3D-UNet, to recon-
struct lumbar intervertebral foramina (LIVF) in a shorter
time compared to manual methods, while maintaining high
accuracy [7]. They found that automated MRI segmenta-
tion based on deep learning algorithms led to no significant
differences observed in foraminal area, height, and width
of the 3D LIVF images when compared to manual images
(Fig. 1). Notably, it took approximately 2.5 s to achieve each
automated segmentation compared to 240 min for manual
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segmentation, demonstrating a substantial efficiency benefit
when using Al [7].

Fan et al. used deep learning for semantic segmentation to
assess surgical difficulty in percutaneous endoscopic trans-
foraminal discectomy (PETD), achieving strong test-retest
reliability, measured by intraclass correlation coefficients
(ICC) between 0.947 and 0.971, and interobserver reli-
ability of multiple measurements (ICC between 0.866 and
0.961) [8]. Moreover, Al-driven segmentation algorithms
are consistently achieving over 90% accuracy in delineating
vertebral structures from CT scans, supporting the creation
of precise 3D reconstructions that can guide surgical plan-
ning [7, 8]. There has been a recent emergence of GAN-
based modeling approaches for anatomic reconstruction in
spine surgery. Santilli et al. developed an open-source GAN
to create synthetic lumbar spine MRI STIR volumes from
T1 and T2 sequences [9]. Radiologists evaluated synthetic
volumes, demonstrating that these were of equal or better
quality in 77% of test patients and had equal or decreased
motion artifacts in 78% of patients (Fig. 2). This work high-
lights the utility of Al as a means for expediting imaging
protocols in preoperative planning for spine surgery [9].

These findings suggest that Al utilization preoperatively
can ensure surgical success by allowing surgeons to choose
the best surgeries for each patient and allow the opportunity
to practice the proposed surgery on an individualized model
of the patient, all in a fraction of the time traditional meth-
ods would take. Furthermore, Al extends beyond anatomic
modeling. Joshi et al. demonstrated that ML has given sur-
geons the ability to leverage far more accurate and individu-
alized predictive tools to better inform patients [10]. Mani
et al. integrated natural language processing (NLP) into tra-
ditional ML algorithms of tabular electronic health records,
allowing for integration of free-text inputs to improve the
personalized prediction of perioperative safety indicators in
spinal surgery [11]. The multimodal NLP model exhibited
superior performance in all outcome measures when com-
pared to the baseline tabular model [11]. This exemplifies
that AI can help surgeons tailor their clinical practice to
address patients’ individual needs and create an opportunity
for personalized medicine within spine surgery.

Intraoperative Navigation and Real-time
Decision Support

In the operating room, Al has further enabled enhancements
in intraoperative navigation through virtual and augmented
reality, as well as by providing robotic assistance. This
novel technology has the potential to increase surgical pre-
cision, while simultaneously reducing the risk of iatrogenic
injury and making surgery more time efficient. Comstock
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Fig. 1 LIVF 3D model dimensions measured on lateral view. The
LIVF height (FH) was defined as the longest distance between the cra-
nio-caudal boundary (green line); the width (FW) was defined as the
shortest distance between the postero-inferior corner of the proximal
vertebrae and the opposing boundary (blue line); and the area (FA) was

et al. developed a machine-vision image-guided system
(MVIGS) for intraoperative navigation during pedicle screw
placement in pediatric spine deformity correction surgery
[12]. MVIGS uses advanced optics combining a light pro-
jector with 2 stereoscopic video cameras to create a 3D map
of the patient’s anatomy and correlates this information
with preoperative computerized tomography (CT). When
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drawn with the temporary boundaries set at 0.5 mm increments (red
circle) according to the 3D LIVF model outline (red line). Reproduced
from Chen et al. under Creative Commons Attribution-NonCommer-
cial-NoDerivs License BY 4.0 [7]

compared to traditional 2D fluoroscopy-based navigation,
MVIGS notably decreased intraoperative fluoroscopy time
by 68% and radiation exposure by 66% while significantly
reducing patient length of stay and operative time [12]. Sim-
ilarly, Liebmann et al. integrated a deep neural network that
segments the spine and simultaneously predicts its orienta-
tion into an augmented reality-based navigation system to
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Real STIR

Fig. 2 Randomly selected acquired and synthetic slice from a patient
in the test set with evaluated high quality. Left: Slice from the acquired
STIR volume. Right: Same slice from the synthetic STIR volume.

develop a marker-less registration method for pedicle screw
placement during lumbar spinal fusion. While sparing the
time and radiation exposure required by traditional meth-
ods, this method demonstrated high clinical accuracy with
a median screw trajectory error of 1.6° and an entry point
error of 2.3 mm [13].

These advancements are not designed to replace the
surgeon’s operative skills or decision-making ability but
highlight the capacity of Al to deliver real-time supportive
tools that can not only reduce surgical time, but also lower
the intraoperative risks for the surgeon, operating room
staff, and ultimately the patient. The intent of incorporating
these tools is to perform safer, faster surgery, while main-
taining high levels of precision. Bcharah et al. found that
machine learning-enhanced navigation systems achieved
accuracy rates between 96% and 99% when used for guid-
ing pedicle screw insertions [14]. They also demonstrated
that ML algorithms led to enhanced visualization, reduced
radiation exposure (49 uSv with O-arm navigation vs. 556
uSv with fluoroscopy), increased efficiency, and potential
for fewer intraoperative complications when compared with
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Synthetic STIR

Reproduced from Santilli et al. with permission from American Soci-
ety of Neuroradiology [9]

conventional approaches [14]. Ghaednia et al. highlighted
the potential of AR and VR to improve navigation accuracy,
while studies by Beyer and Abel demonstrated minimal
deviations (0.95 mm and 0.8 mm, respectively) in screw
placement with high accuracy during robotic-assisted cervi-
cal spine surgeries [15-17]. Additional studies by Laratta
and Menta affirmed high clinical accuracy of screw place-
ment (95.7% and 92%, respectively) in robotically guided
spine procedures, and Devito reported a clinical acceptance
rate exceeding 98% in these procedures [18-20]. With the
assistance of these new techniques, procedural time and
patient morbidity risk can both decrease by limiting repeat
fluoroscopic imaging, trialing of different screw trajectories,
and avoidance of damage to surrounding structures. Of note,
Hu emphasized a learning curve, showing that success rates
of robotic-assisted pedicle screw placement improve with
increased experience, and that less screws are converted
from robotic to manual placement with increasing experi-
ence [21]. This highlights that system familiarity and tech-
nique play a role in patient care with regard to virtual reality,
and that more experience with devices during training may
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enhance outcomes [21]. As with any emerging technology
in healthcare, widespread adoption will require time. How-
ever, the literature demonstrates that Al and ML can provide
real-time, intraoperative improvements that will result in
positive, long-term clinical outcomes [22].

Prediction of Postoperative Outcomes

Al’s integration into postoperative care and outcome predic-
tion has shown promising results, particularly in mortality
risk stratification and complication forecasting. Karabacak
et al. developed an interpretable ML model for predicting
short-term postoperative outcomes including length of stay,
non-home discharges, and readmissions following poste-
rior cervical fusion, achieving an area under the receiver
operating characteristic curve (AUROC) of up to 0.812 for
non-home discharges [22]. The authors developed an open-
access web application that allows clinicians to integrate
ML predictions into clinical workflow, which has the poten-
tial to facilitate real-time decision making while optimiz-
ing clinical outcomes [22]. DiSilvestro et al., using a Naive
Bayes classifier on a cohort of 2,094 patients, achieved an
AUC of 0.898 for predicting 30-day mortality, outperform-
ing traditional models (AUC=0.722) [23]. Gowd et al.’s
logistic regression model demonstrated ML’s proficiency
in predicting adverse events and transfusion requirements
after anterior cervical discectomy and fusion (ACDF) [24].
Additional studies by Ogink and Cabrera explored ML’s
predictive accuracy for discharge placements, with neural
networks yielding c-statistics of 0.751 and 0.693, respec-
tively [25, 26]. Shahrestani and Karhade et al. further high-
lighted the role of ML in predicting extended lengths of stay
and nonroutine discharges, achieving AUCs up to 0.998,
affirming ML’s utility in postoperative care planning [27,
28]. By having the power to anticipate clinical outcomes,
surgeons have the opportunity to augment treatment plans
to maximize patient satisfaction and minimize postoperative
morbidity and mortality.

Given that each patient carries their own unique risk
for postoperative adverse events, extended lengths of stay,
and discharge somewhere other than home, ML’s ability to
predict these factors may improve individual-based care.
Mofatteh reviewed Al’s application across pre-, intra- and
postoperative phases in spine surgery, suggesting that Al
enhances diagnostic and prognostic outcomes [29]. For
example, ML can be used for classification, regression and
clustering to analyze large data sets, identify risk factors,
and predict surgical complications and mortality among
patients following a cervical discectomy and posterior lum-
bar spine fusion. Mofatteh also advocated for the use of ML

in clustering patients, such as classifying the severity of
lumbar disc degeneration on MRI or the pain progression
of patients suffering from osteoporotic vertebral fracture,
optimizing their management [29]. Li et al. developed an
ensemble learning model, a form of ML, based on patient
labs and demographics for predicting prolonged hospital
stays after posterior spinal deformity surgery, providing
empirical evidence of Al’s applicability in optimizing post-
operative care plans [30]. Their published web-based calcu-
lator exemplifies the transition from theoretical models to
practical tools that can aid clinicians in managing postop-
erative outcomes effectively [30]. The capacity to analyze
large amounts of data in short periods of time allows ML
models to predict negative outcomes, giving surgeons the
opportunity to tailor surgical interventions to avoid nega-
tives outcomes before they occur.

Limitations

While the benefits of Al in spine surgery are substantial,
limitations remain. Chen et al. emphasized the issue of
dataset homogeneity, which restricts the generalizability
of Al models [7]. Ethical considerations surrounding data
privacy, patient consent, and transparency are also rel-
evant, especially as Al plays a larger role in clinical deci-
sion-making. Additionally, transparent algorithms are still
needed to ensure equitable access and trust in Al-enhanced
surgical care. Finally, Al currently requires large datasets to
offer predictive capabilities for postoperative management.
Therefore, more transparent and validated Al models may
still be warranted before clinicians can trust using Al predic-
tions in their practice regarding postoperative patient care
[31].

Future Directions and Innovations

The future of Al in spine surgery holds significant prom-
ise, with ongoing advancements expected to further per-
sonalize surgical planning. Emerging research focuses on
optimizing surgical techniques, predicting optimal surgical
approaches, and recommending specific implants or devices
based on patient comorbidities, pathologies, and variations
in real time. However, the full realization of AI’s potential
requires larger, diverse datasets to improve generalizability
and model accuracy, particularly in the setting of postopera-
tive management. Moreover, as Al continues to advance, it
is poised to save time, reduce medical staff workload, and
minimize healthcare costs by facilitating tailored treatment
plans.
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Conclusion

Artificial intelligence and machine learning are transform-
ing spine surgery, offering new possibilities in surgical plan-
ning, intraoperative navigation, and postoperative care. The
studies discussed in this review underscore the potential of
Al to enhance accuracy, reduce operative risks, and improve
patient outcomes. While limitations exist, the ongoing
development of Al tools and ethical frameworks suggests
that machine learning will continue to shape the future of
spine surgery in impactful ways.
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