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Abstract

Clinical integration of artificial intelligence (Al) in spinal surgery is still in its early stages, with spinal imaging being
the most prominent. We present a review of recent literature on the topic. The reporting of traditional spinal
imaging has been slow due to overburdened staff and unreliable in some patients. Al applications have shown
promising results in improving the speed and quality of imaging while reducing costs and radiation exposure.
Specific examples of clinical implementation include osteoporosis screening, diagnosing degenerative spine
diseases and differentiating tuberculous and pyogenic spondylitis, helping in preoperative measurements and
surgical planning. Other tools have demonstrated the ability to help clinicians in real time to reduce rates of missed
fractures and to rule out cord impingement in emergency settings. Novel variants of magnetic resonance imaging
(MRI) and synthetic computed tomography (sCT) scans, without ionizing radiation, have been successful in
reducing the resource burden and scan time, while maintaining clinical utility. At its current stage, Al has the
potential to improve significantly and is expected to tremendously enhance the efficiency and accuracy of
radiologists and spine care providers. However, clinical validation studies are still required before the widespread
integration of Al in direct patient care.
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INTRODUCTION

The pioneering application of artificial intelligence (AI) can be traced back to the work of the English
mathematician and computer scientist Alan Turning in the 1950s". Since then, there has been a sustained
interest in the field, and it has seen some real growth in the past two decades. Numerous industries have
integrated experimental Al tools with iterative improvements in functionality and reliability. However,
healthcare in general and spine surgery, in particular, have lagged in the Al race, primarily due to restrictive
regulations and concerns over patient safety and data privacy”. Within spine surgery, however, there have
been some interesting Al applications in spinal imaging"”. One reason could be the flexibility available in
imaging, which allows testing experimental technology with little to no direct harm to patients.

With the emergence of numerous Al tools in medical imaging and the media hype, there is a great interest
among spine surgeons, trainees, hospital administrators, insurers, and regulators alike to stay up to date
with the recent literature in the field. Therefore, we aimed to collate the recent literature on the
developments in the use of AI in spinal imaging, focusing on its successes, challenges, and future
opportunities. We begin with a brief description of the pre-Al landscape of traditional spinal imaging,
followed by an introduction to the basics of Al and then literature on specific Al applications in spinal
imaging.

Traditional spinal imaging

Imaging is essential in spine surgery, from initial diagnosis, preoperative planning, and intraoperative
orientation to postoperative surveillance'”. A lot of times, it also serves as crucial medicolegal evidence'.
Despite this cornerstone importance, errors in spinal imaging and its interpretation and reporting are not
uncommon. The case report by Herzog et al. underscores the gravity of the situation'. They obtained
lumbar spine magnetic resonance (MR) images of 63-year-old patients from ten radiology centers within
three weeks and found a global Fleiss’ kappa statistic of 0.20, meaning none to slight interrater agreement'”.

This highlights the significant uncertainties that spine practitioners have to deal with daily in their clinics
today. Although most practitioners know the error-prone nature of spinal imaging, it is impossible to
reliably detect these for each patient. As a result, these suboptimal images form the basis of clinical
decisions, possibly leading to suboptimal patient care.

Basics of Al

Al refers to computer systems mimicking human intelligence and cognitive functions'. It has broadly been
classified as general-purpose Al and narrow AI". General-purpose Al could perform any task that a human
brain can do. However, no general-purpose Al tool has been developed yet. On the other hand, narrow Al
can perform a specific task with a narrower focus. All Al tools available at the time of writing, such as
natural language chatbots and computer vision used in self-driving cars, are examples of narrow AI".

Narrow Al uses machine learning (ML) algorithms to learn from the raw data without human input".
Deep learning (DL) is a more complex form of ML that forms multiple layers, mimicking the neural
network of a human brain"". These multi-layered neural networks of DL are used for most Al applications
today, such as language, image, and pattern recognition, classifications, and predictions. Convolutional
neural networks (CNNs), a type of DL that helps with image recognition, have demonstrated successful
application in spine surgery, for example, to enhance radiological images quantitatively and qualitatively,
particularly helping with noise reduction"”. A more in-depth discussion of the types of Al and their
descriptions and workings are out of the scope of this review.
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APPLICATIONS IN SPINAL IMAGING

Spinal imaging has shown much greater enthusiasm for AI applications than the broader field of spine
surgery, which has been traditionally slow. One reason is that researchers have the luxury to experiment
with real-patient imaging in lab settings without impacting patient care. These experiments help to refine
the model and generate evidence for its efficiency, effectiveness, and safety before implementing these in
patient care settings. Most Al applications developed thus far in spinal imaging are focused on image
processing and analysis, reporting, and clinical decision making, as illustrated in Figure 1. Next, we explore
specific cases of Al being used in spinal imaging.

Osteoporosis detection

Osteoporosis is an important clinical consideration that would be responsible for 3 million fractures per
year and $25.3 billion in medical costs by 2025""\. In spine surgery, it is associated with higher postoperative
odds of implant failure, pseudoarthrosis, vertebral fractures, and revision surgery"*. Despite adverse
consequences, less than a quarter of the at-risk population and less than a third of hospitalized spine
fracture patients undergo a dual-energy X-ray absorptiometry (DXA) scan for osteoporosis screening>'.
Moreover, even though anti-osteoporotic medications reduce the risk of subsequent fragility fracture by
73%, only 28.8% get a prescription"®. The reasons for these low screening and treatment rates include time
constraints, cost concerns, lack of priority or awareness among providers, and fragmented care. Solutions
that opportunistically detect bone mineral density in imaging done for any reason and identify patients at
risk can dramatically improve the detection and treatment of osteoporosis.

Researchers have attempted to fill this gap in the clinical care of osteoporotic patients by using Al Ordering
DXA specifically for osteoporosis screening requires extra administrative work for the providers and
additional costs, inconvenience, and radiation for the patients. Ferizi et al. used ML to predict the risk of
fragility fracture based on magnetic resonance imaging (MRI) findings and fracture risk assessment (FRAX)
metric without using a dual-energy X-ray absorptiometry (DEXA) scan"”. They used MRI-derived bone
microstructure parameters to identify features that can predict a patient’s risk of fracture. Since MRI is part
of the routine diagnostic workup for most spine patients, this study highlights an important opportunity to
reduce the chance of missing osteoporosis by integrating AI in MRI reporting to include the fracture risk in
reporting.

Other researchers have employed Al to diagnose osteoporosis using computed tomography (CT) scans
ordered for purposes other than DXA. Kathirvelu et al. tested a computer-aided diagnosis model to use
dental panoramic radiographs to calculate bone mineral density and compared the results to the gold
standard - hip DXA scan"®. They found a strong correlation between the gold standard and their model
(Pearson coefficient = 0.96; P < 0.01). Pan et al. used the same idea and employed DL on low-dose chest CT
done for lung cancer screening to detect osteoporosis'”. Their model correctly detected osteoporosis in
almost 93% of the patients.

These studies report very promising results and potentially a new paradigm in the osteoporosis world.
Integrating these Al tools in radiology reporting systems could dramatically improve the diagnosis and
treatment rates of undetected osteoporosis. The best part is that these benefits come at no additional cost,
extra radiation, or inconvenience to either patients or providers. Even a modest reduction in the 3 million
fragility fractures or $25.3 billion in healthcare costs could result in a significant return on investment and a
notable improvement in patient care.
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Figure 1. Summary of Al applications (green boxes) in spinal imaging clinical pathway. Al: Artificial intelligence.

Enhanced reporting

Spine surgery needs access to high-quality, reliable, and efficient radiology reporting to provide timely and
optimal patient care. Current musculoskeletal radiology could benefit from AI integration for several
reasons. Increased workload has led to a reported 3%-5% real-time error rate in radiologic examinations®.
Intraoperative radiology reports often take up to two hours to be completed and are frequently finalized
after the procedure has been completed”. This delay diminishes their value to the surgeon and adds
unnecessary costs. Moreover, some studies report up to 33%-43% of missed diagnoses in spinal imaging
reporting
patient care.

(2 AT integration provides an opportunity to address these inefficiencies and provide better

Degenerative spine disease is one of the most common reasons for spine imaging. It affects up to 27.3% of
the Medicare population®. Jamaludin et al. employed CNN to evaluate the key features of degenerative
spine on MRI, such as disc narrowing, spondylolisthesis, and central canal stenosis®. Their Al model
demonstrated a promising 95.6% accuracy compared to trained radiologists. It could label spinal structures
and grade the pathologies with high precision.

Other researchers have shown similar results for other pathologies as well. A CNN model developed by Kim
et al. successfully differentiated between tuberculous and pyogenic spondylitis on MRI with an 80.2%
accuracy™. Pan et al. reported an 89.59% sensitivity and 70.37% specificity of their CNN model in
diagnosing scoliosis on chest radiographs®. These initial results are very promising, and with continued
training to improve these models, AI holds immense potential to enhance its diagnostic capabilities,
reducing uncertainties and human errors found in the current radiology reports. This granularity can also
help with the timely reporting of critical diagnoses that require urgent attention, for example, by sorting the
patient lists based on the severity of findings so that critical images can be reviewed first. Moreover, with
improved precision and reliability, automated real-time alerts can be set up for time-sensitive conditions by
cord compression even before a radiologist reads the images.

AT has also shown the potential to assist clinicians with improved real-time imaging interpretation.
Guermazi et al. experimented with an Al algorithm to reduce the chances of missing fractures on X-rays®”.
AT significantly improved the rate of fracture detection in both experts (70.7 + 8.3 vs. 79.1 + 5.5, P = 0.006)
and non-experts (61.8 + 8.6 vs. 73.3 + 5.2, P < 0.001). Moreover, it also reduced the rate of false positives in
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the non-expert group (0.12 + 0.11 ¥s. 0.05 + 0.04, P = 0.005).

Voter et al. employed a similar Al tool to rule out spinal impingement in cervical spine fractures presenting
at an emergency department and found sensitivity and specificity at 91.7% and 88.6%, respectively””. This
can be a lifesaver, particularly in resource-limited settings and during nights and weekends when radiology
reports may be delayed.

As we see the increasing literature with promising results of Al integration, we must be mindful of its
infancy. After deployment, Voter et al. conducted an external validation of their tool as well and found the
measures of diagnostic accuracy as follows: 54.9% sensitivity, 94.1% specificity, 38.7% positive predictive
value, and 96.8% negative predictive value®. Therefore, although the tool was still good in ruling out, it may
not be an ideal system for screening patients yet.

Radiation exposure

Balancing radiation exposure with the clinical utility of spinal imaging is a delicate balance. This is
particularly crucial in an environment where failure to order radiological imaging may expose a practitioner
to liability. On the other hand, the harms of excessive radiation exposure mostly remain a topic of academic
and theoretical discussion. In this scenario, leveraging Al tools can be a powerful way to maximize the
clinical utility of scans done while simultaneously reducing the cumulative radiation dose per spine patient.

CNNs have been employed to enhance the radiology images and reduce noise. This improves the ability
to retrieve clinically useful images from less optimal scans, reducing the need to repeat these studies™".
Kaplan et al. used a DL model to produce full-dose equivalent positron emission tomography (PET) scans
from low-dose PET images, lowering both the costs and radiation dose delivered to patients”". Similarly,
Gong et al. reported their DL model that can produce at-par images with a 10-fold reduction in gadolinium
contrast dose'””. This can be tremendously helpful in patients with relative contraindications for gadolinium
contrast.

Although most tools have only been tested in experimental settings, the reported results are very promising.
We anticipate that these tools will soon be incorporated into real-life clinical pathways, reducing patients’
radiation exposure.

MRI

MRI is extremely useful in spine surgery due to its superior performance in detecting soft tissue anatomy
and pathologies. However, compared to a CT scan, MRI takes significantly longer to schedule and perform,
making it time-intensive and costly””. Scheduling an MRI may take up to four weeks in the USP*, which
worsens outcomes, particularly in time-sensitive life-threatening diseases"™. Longer scan times also make
patients anxious and claustrophobic during MRI"™. This long scan time, anxiety, and the expectation to stay
still during the scan increase the chances of artifacts due to patient motion requiring re-imaging.

Al integration in MRI can help reduce the scan time and re-imaging rates and, therefore, the scheduling
time for MRIs. Suboptimal images or artifacts are a major reason for repeat scans. DL has been employed to
successfully boost the signal-to-noise ratio”” and “denoise” the image efficiently”**.. In one study, Bash
et al. modified the conventional MRI protocol by “reducing excitations, raising bandwidth, and increasing
parallel imaging factors at the cost of increasing image noise” and then used DL to de-noise the images".
They demonstrated up to 40% reduction in scan time*. In another study, Bash et al. demonstrated a 60%
reduction in scan time for volumetric brain MRI by employing DL"". This sustained reduction in imaging
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time and improved processing motion artifacts in a variety of MRI scans demonstrate the potential to
reduce the need, costs, and inconvenience of repeat scanning“”. Other researchers have also published
promising results with similar AT tools. One example is Zero echo-time (ZTE) MRI, a novel MRI sequence
that uses ultrafast short-T2 tissue signals to reduce scan duration and increase the tolerance for artifacts'.
Ensle et al. employed DL in ZTE MRI and reported a significant improvement in contrast-to-noise ratio
and signal-to-noise ratio'”. Although most of these models were tested in experimental settings as well, a
multitude of successful demonstrations means that we can anticipate significant improvements in MRI
experience and costs for real-world patients as these tools are integrated into the radiology departments.

Synthetic computed tomography scans

Most spine patients still undergo a CT scan since bones are poorly visualized on a traditional MRI. CT scans
add significant radiation exposure and costs to the patients. Therefore, researchers have experimented with
technologies to reduce, if not eliminate, the need for CT scans in spine patients. MRI uses super-short
transverse relaxation times, which does not visualize bones well. ZTE MRI attempts to overcome this by
using ultrashort echo time to improve bone visualization*. ZTE MRI can generate a synthetic CT (sCT)
from the MRI images'*!. Therefore, ZTE MRI provides the clinical information found in a CT without
incurring additional costs or radiation exposure!. It successfully visualizes a pars interarticularis fracture,
which was not readily identifiable on a conventional MRI"*, and has superior detection of sacroiliitis as
compared to traditional MRI"”. Conventional MRI has a 20% sensitivity for sclerosis and 70% for ankylosis,
whereas sCT improves this sensitivity to 94% and 93%, respectively'”. Moreover, sCT also performs
equivalent to preoperative spine measurements compared to a conventional CT"****), This holds tremendous
potential to minimize the side effects of a CT scan, particularly in patients with radiation contraindications,
such as children and pregnant women".. Ensle et al. further enhanced the capabilities of sCT with a DL-
based reconstruction algorithm (DLRecon)™. Leynes et al. applied a similar concept to a conventional PET
scan and used deep CNN to improve the bone signal in a traditional PET scan, resulting in better
identification of lesions"”. Further studies report the use of sCT in therapeutic radiotherapy, using a type of
Al called generative adversarial networks'*'.

Although initial results are promising, sCT still requires further clinical validation to establish its utility. For
instance, sCT has not been successful in patients with chronic bony injuries and complex anatomy'*.
Additionally, due to incomplete suppression of signals from tendons, ligaments, labra, and menisci, these
soft tissues may appear diseased on sCT"*. However, since sCT is based on MRI images, soft-tissue
pathologies can be easily ruled out. With continued improvements, we can expect better clinical integration

of sCT in the coming years.

Preoperative planning

In addition to diagnosis, imaging is a cornerstone in preoperative planning for spine surgery. The spine has
a complex anatomy with proximity to numerous high-risk structures. Injury to any one of these structures
has a detrimental effect. Therefore, meticulous imaging-based preoperative planning is paramount”'. Al
tools have been employed to assist in this step as well.

Pan et al. used CNN to measure the Cobb angles automatically on chest radiographs and found a high
interobserver reliability of 0.887". Wu et al. also tested an automated system to determine the Cobb angle
and achieved a circular mean absolute error (CMAE) of 4.04°"%; for reference, CMAE reported in previous
literature ranges from 5.37° to 6.26°. Another example is the determination of the sagittal vertical axis
(SVA), which is one of the few radiological parameters that coincides well with patient symptoms but is
highly cumbersome to obtain with manual measurements®". Weng et al. used CNN to determine SVA and
found an excellent interclass correlation coefficient of 0.946 to 0.993"Y. Automating this burdensome but
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clinically important measurement enables easier preoperative surgical planning and, hence, better surgical
outcomes. Incorporating robotic systems and navigation in traditional preoperative planning has also
shown great potential®'. Integrating robotics, navigation, and Al can spearhead operative planning and
execution of those plans, reducing error rates and improving outcomes.

Wang et al. used CNN to localize pathologies on spinal CT scans with an accuracy ranging from 76.26% to
87.97%, with the highest accuracy in the lumbar spine and the lowest in the thoracic spine”*”. Suzani et al.
employed another DL approach to localize pathologies on spinal CT and reported a much higher accuracy
of 96% and results within three seconds*. Formally integrating these AI algorithms in clinical imaging and
navigation tools can aid surgeons in accurately localizing the operative sites and reduce the risks of wrong-
spinal-level surgery'™.

Present-day spinal imaging mostly consists of static radiographs. However, the spine is a dynamic structure,
so the diagnosis and operative planning need to consider the spinal motion as well. Dynamic spinal imaging
greatly enhances the understanding of individual patient’s anatomy and pathology
individualistic care. Currently, most surgeons have to infer the dynamics of spinal pathologies from static

(58]

, providing better

radiographs in different postures. This requires a surgeon with high analytic skills, knowledge, and
experience. There is great potential in integrating AI with dynamic spinal imaging and biomechanics to
enhance the information provided by simple static images and subjective inferences. The computational
power of Al can outperform human deductions and lead to much better surgical outcomes.

CHALLENGES AND LIMITATIONS

Although most published literature and new headlines usually point toward the marvels and efficiencies of
Al it is important to be careful with the earlier-than-necessary implementation of these experimental tools
in patient care areas. These tools have not been thoroughly tested for their failures and shortcomings.
Moreover, although these deficiencies may be well tolerated in certain areas where they are used as
suggestive tools, they may lead to actual patient harm if oversight is not maintained.

It is critical to realize that any AI model is only as good and generalizable as the training dataset it uses.
Current Al models are mostly trained and tested on limited datasets; therefore, generalizability and
widespread implementation are a concern. For example, the dataset that Bash et al. used to train their DL to
achieve a 40% reduction in MRI scan time"* comprised primarily of only the common pathologies. Its
performance in rarer diseases remains unchecked and ignoring this can lead to disastrous patient outcomes
and potential liability. Similarly, Voter et al. reported poor diagnostic accuracy of Al tools in cervical spine
fracture patients”. Hence, although these tools have immense potential, they may not be safe enough to aid
in patient care yet. Moreover, Al can “hallucinate” at times, be more assertive than it should be, or produce
outright false information"”. There is a high chance that physicians may over-rely on the “magical” Al tools,
without realizing the inherent limitations of these systems. It may also be difficult to challenge AI-produced
reports, especially for relatively inexperienced and overburdened early-career practitioners.

A 2021 study on 100 commercially available medical AI products for radiology concluded that the industry
is still in “the infancy”*”. The authors reported that only 36% of products were supported by peer-reviewed
evidence, and most of this evidence demonstrated a lower level of efficacy. Moreover, only 18% of these
products had a potential clinical impact®’; evidence derived from simulation or lab-based research studies
may not always translate to improvement in real-world clinical outcomes.
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Table 1. Review at a glance

Osteoporosis detection

e Low screening and treatment rates: less than 25% of at-risk individuals and 36.7% of spine fracture patients undergo osteoporosis screening;
only 28.8% are treated.
e Al for osteoporosis detection: Al improved osteoporosis detection and fracture prevention.

Enhanced reporting

e Radiology efficiency issues: currently, there is a high error rate and delays in reporting.

e Diagnostic improvement: Al reduces missed diagnoses and improves diagnostic accuracy.

® Real-time detection and alerts: Al enables real-time interpretation with high accuracy and has the potential for automated alerts for critical
conditions.

Radiation exposure

e Reducing radiation exposure: CNNs and DL models help enhance image quality and reduce noise, minimizing the need for repeat scans and
lowering radiation doses.

e Low-dose imaging: Al models help to produce high-quality PET, CT, and MRI images with significantly reduced radiation and contrast doses,
aiding in patient safety.

MRI and CT

e Challenges: conventional MRl is time-consuming and costly. CT has radiation exposure.

e Al enhancements: Al can reduce MRI scan times by up to 60%, improve image quality, and reduce the need for repeat scans due to motion
artifacts by boosting signal-to-noise ratios.

o sCT: ZTE MRI can generate synthetic CT images without radiation.

Preoperative planning

e Al in preoperative planning: Al tools, like CNNs, help automate critical measurements.

e Pathology localization: CNN and DL improve spinal pathologies localization on imaging, with accuracy of up to 96%, significantly reducing the
risk of wrong-level spine surgery.

e Dynamic imaging: Al integration provides more precise insights into spine motion, enhancing diagnostic accuracy and preoperative planning
beyond static radiographs.

Challenges and limitations

e Limited generalizability: Al models have limited applicability in patients not represented in their dataset, which are often obscure.
® Lack of clinical validation: most Al tools lack real-world testing, risking patient harm, especially if providers over-rely on them without sufficient
evidence and training.

Al: Artificial intelligence; CNNs: convolutional neural networks; DL: deep learning; PET: positron emission tomography; CT: computed
tomography; MRI: magnetic resonance imaging; sCT: synthetic computed tomography; ZTE: Zero echo-time.

Another important consideration, particularly for enthusiastic clinicians who may not be well-versed with
the nuances of medical research and Al, is to differentiate between initial proof-of-concept papers versus
thoroughly vetted, externally validated, and real-world clinically tested AI technologies'®. While a constant
stream of literature discusses a promising future of Al integration in clinical medicine, there is a shortage of
clinically validated Al tools ready to be employed, unrestricted, in daily clinical practices'™>*.

Table 1 summarizes the uses of Al in spinal imaging presented in this review.

CONCLUSION

At the current level of development and integration, Al is expected to tremendously enhance the efficiency
and accuracy of radiologists and spine care providers. However, it appears less likely, if not impossible, to
see Al replacing the role of any clinician soon.

DECLARATIONS

Authors’ contributions

Conceived the idea: Ibrahim MT, Milliron E, Yu E
Wrote the first draft of the manuscript: Ibrahim MT
Critical revisions of the manuscript: Milliron E, Yu E



Ibrahim et al. Art Int Surg. 2025;5:139-49 | https://dx.doi.org/10.20517/ais.2024.41 Page 147

Critical revisions and complete responsibility for all aspects of the work: Ibrahim MT, Milliron E, Yu E

Availability of data and materials
Not applicable.

Financial support and sponsorship
None.

Conflicts of interest

All authors declared that there are no conflicts of interest.

Ethical approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Copyright
© The Author(s) 2025.

REFERENCES

1.

10.
11.

12.
13.

14.

15.

16.

17.

18.

19.

20.

Grzybowski A, Pawlikowska-Lagod K, Lambert WC. A history of artificial intelligence. Clin Dermatol. 2024;42:221-9. DOI
PubMed

Malik P, Pathania M, Rathaur VK. Overview of artificial intelligence in medicine. J Family Med Prim Care. 2019;8:2328-31. DOI
PubMed PMC

Mayo RC, Leung J. Artificial intelligence and deep learning - radiology’s next frontier? Clin Imaging. 2018;49:87-8. DOI PubMed
Feddock CA. The lost art of clinical skills. Am J Med. 2007;120:374-8. DOI PubMed

Li S, Brantley E. Malpractice liability risk and use of diagnostic imaging services: a systematic review of the literature. J Am Coll
Radiol. 2015;12:1403-12. DOI PubMed

Herzog R, Elgort DR, Flanders AE, Moley PJ. Variability in diagnostic error rates of 10 MRI centers performing lumbar spine MRI
examinations on the same patient within a 3-week period. Spine J. 2017;17:554-61. DOI PubMed

McHugh ML. Interrater reliability: the kappa statistic. Biochem Med. 2012;22:276-82. PubMed PMC

Russell S, Bohannon J. Artificial intelligence. fears of an Al pioneer. Science. 2015;349:252. DOI PubMed

IBM. Al vs. machine learning vs. deep learning vs. neural networks: what’s the difference? 2023. https://www.ibm.com/think/topics/
ai-vs-machine-learning-vs-deep-learning-vs-neural-networks. (accessed 2025-02-11).

Samuel AL. Some studies in machine learning using the game of checkers. /BM J Res Dev. 1959;3:210-29. DOI

Jakhar D, Kaur I. Artificial intelligence, machine learning and deep learning: definitions and differences. Clin Exp Dermatol.
2020;45:131-2. DOI PubMed

Tian C, Xu Y, Li Z, Zuo W, Fei L, Liu H. Attention-guided CNN for image denoising. Neural Netw. 2020;124:117-29. DOI

Burge R, Dawson-Hughes B, Solomon DH, Wong JB, King A, Tosteson A. Incidence and economic burden of osteoporosis-related
fractures in the United States, 2005-2025. J Bone Miner Res. 2007;22:465-75. DOI PubMed

Mugge L, DeBacker Dang D, Caras A, et al. Osteoporosis as a risk factor for intraoperative complications and long-term
instrumentation failure in patients with scoliotic spinal deformity. Spine. 2022;47:1435-42. DOIL

Gillespie CW, Morin PE. Trends and disparities in osteoporosis screening among women in the United States, 2008-2014. Am J Med.
2017;130:306-16. DOI PubMed

Malik AT, Retchin S, Phillips FM, et al. Declining trend in osteoporosis management and screening following vertebral compression
fractures - a national analysis of commercial insurance and medicare advantage beneficiaries. Spine J. 2020;20:538-46. DOI

Ferizi U, Besser H, Hysi P, et al. Artificial intelligence applied to osteoporosis: a performance comparison of machine learning
algorithms in predicting fragility fractures from MRI data. J Magn Reson Imaging. 2019;49:1029-38. DOI PubMed PMC

Kathirvelu D, Vinupritha P, Kalpana V. A computer aided diagnosis system for measurement of mandibular cortical thickness on
dental panoramic radiographs in prediction of women with low bone mineral density. J Med Syst. 2019;43:148. DOI PubMed

Pan Y, Shi D, Wang H, et al. Automatic opportunistic osteoporosis screening using low-dose chest computed tomography scans
obtained for lung cancer screening. Eur Radiol. 2020;30:4107-16. DOI PubMed PMC

Lee CS, Nagy PG, Weaver SJ, Newman-Toker DE. Cognitive and system factors contributing to diagnostic errors in radiology. AJR


https://dx.doi.org/10.1016/j.clindermatol.2023.12.016
http://www.ncbi.nlm.nih.gov/pubmed/38185196
https://dx.doi.org/10.4103/jfmpc.jfmpc_440_19
http://www.ncbi.nlm.nih.gov/pubmed/31463251
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6691444
https://dx.doi.org/10.1016/j.clinimag.2017.11.007
http://www.ncbi.nlm.nih.gov/pubmed/29161580
https://dx.doi.org/10.1016/j.amjmed.2007.01.023
http://www.ncbi.nlm.nih.gov/pubmed/17398236
https://dx.doi.org/10.1016/j.jacr.2015.09.015
http://www.ncbi.nlm.nih.gov/pubmed/26614886
https://dx.doi.org/10.1016/j.spinee.2016.11.009
http://www.ncbi.nlm.nih.gov/pubmed/27867079
http://www.ncbi.nlm.nih.gov/pubmed/23092060
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3900052
https://dx.doi.org/10.1126/science.349.6245.252
http://www.ncbi.nlm.nih.gov/pubmed/26185241
https://www.ibm.com/think/topics/ai-vs-machine-learning-vs-deep-learning-vs-neural-networks
https://www.ibm.com/think/topics/ai-vs-machine-learning-vs-deep-learning-vs-neural-networks
https://dx.doi.org/10.1147/rd.33.0210
https://dx.doi.org/10.1111/ced.14029
http://www.ncbi.nlm.nih.gov/pubmed/31233628
https://dx.doi.org/10.1016/j.neunet.2019.12.024
https://dx.doi.org/10.1359/jbmr.061113
http://www.ncbi.nlm.nih.gov/pubmed/17144789
https://dx.doi.org/10.1097/brs.0000000000004418
https://dx.doi.org/10.1016/j.amjmed.2016.10.018
http://www.ncbi.nlm.nih.gov/pubmed/27884649
https://dx.doi.org/10.1016/j.spinee.2019.10.020
https://dx.doi.org/10.1002/jmri.26280
http://www.ncbi.nlm.nih.gov/pubmed/30252971
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7340101
https://dx.doi.org/10.1007/s10916-019-1268-7
http://www.ncbi.nlm.nih.gov/pubmed/31011883
https://dx.doi.org/10.1007/s00330-020-06679-y
http://www.ncbi.nlm.nih.gov/pubmed/32072260
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7305250

Page 148 Ibrahim et al. Art Int Surg. 2025;5:139-49 | https://dx.doi.org/10.20517/ais.2024.41

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

Am J Roentgenol. 2013;201:611-7. DOI PubMed

Lin RT, Dalton JF, Como CJ, et al. Formal radiologist interpretations of intraoperative spine radiographs have low clinical value.
Spine. 2024;49:933-40. DOI

Levi AD, Hurlbert RJ, Anderson P, et al. Neurologic deterioration secondary to unrecognized spinal instability following trauma - a
multicenter study. Spine. 2006;31:451-8. DOI

Parenteau CS, Lau EC, Campbell IC, Courtney A. Prevalence of spine degeneration diagnosis by type, age, gender, and obesity using
Medicare data. Sci Rep. 2021;11:5389. DOI PubMed PMC

Jamaludin A, Lootus M, Kadir T, et al; Genodisc Consortium. ISSLS PRIZE IN BIOENGINEERING SCIENCE 2017: Automation of
reading of radiological features from magnetic resonance images (MRIs) of the lumbar spine without human intervention is
comparable with an expert radiologist. Eur Spine J. 2017;26:1374-83. DOI

Kim K, Kim S, Lee YH, Lee SH, Lee HS, Kim S. Performance of the deep convolutional neural network based magnetic resonance
image scoring algorithm for differentiating between tuberculous and pyogenic spondylitis. Sci Rep. 2018;8:13124. DOI PubMed

PMC

Pan Y, Chen Q, Chen T, et al. Evaluation of a computer-aided method for measuring the Cobb angle on chest X-rays. Eur Spine J.
2019;28:3035-43. DOI PubMed

Guermazi A, Tannoury C, Kompel AJ, et al. Improving radiographic fracture recognition performance and efficiency using artificial
intelligence. Radiology. 2022;302:627-36. DOI

Voter AF, Larson ME, Garrett JW, Yu JJ. Diagnostic accuracy and failure mode analysis of a deep learning algorithm for the detection
of cervical spine fractures. A/NR Am J Neuroradiol. 2021;42:1550-6. DOI PubMed PMC

Terai H, Suzuki A, Toyoda H, et al. Tandem keyhole foraminotomy in the treatment of cervical radiculopathy: retrospective review of
35 cases. J Orthop Surg Res. 2014;9:38. DOI PubMed PMC

Nakamura Y, Higaki T, Tatsugami F, et al. Possibility of deep learning in medical imaging focusing improvement of computed
tomography image quality. J Comput Assist Tomogr. 2020;44:161-7. DOI

Kaplan S, Zhu YM. Full-dose PET image estimation from low-dose PET image using deep learning: a pilot study. J Digit Imaging.
2019;32:773-8. DOI PubMed PMC

Gong E, Pauly JM, Wintermark M, Zaharchuk G. Deep learning enables reduced gadolinium dose for contrast-enhanced brain MRI. J
Magn Reson Imaging. 2018;48:330-40. DOI PubMed

Edelstein WA, Mahesh M, Carrino JA. MRI: time is dose - and money and versatility. J Am Coll Radiol. 2010;7:650-2. DOI PubMed

PMC

Mehdi Z. MRI wait times must be shortened to improve health care, cornell researchers say 2018. https://cornellsun.com/2018/02/08/
mri-wait-times-must-be-shortened-to-improve-health-care-cornell-researchers-say/. (accessed 2025-02-11).

McLean B, Thompson D. MRI and the critical care patient: clinical, operational, and financial challenges. Crit Care Res Pract.
2023;2023:2772181. DOI PubMed PMC

Meléndez JC, McCrank E. Anxiety-related reactions associated with magnetic resonance imaging examinations. JAMA. 1993;270:745-
7. DOI PubMed

Zaharchuk G, Gong E, Wintermark M, Rubin D, Langlotz CP. Deep learning in neuroradiology. AJNR Am J Neuroradiol.
2018;39:1776-84. DOI PubMed PMC

Lundervold AS, Lundervold A. An overview of deep learning in medical imaging focusing on MRI. Z Med Phys. 2019;29:102-27.

DOI PubMed

Zhang K, Zuo W, Chen Y, Meng D, Zhang L. Beyond a Gaussian denoiser: residual learning of deep CNN for image denoising. /[EEE
Trans Image Process. 2017;26:3142-55. DOI

Bash S, Johnson B, Gibbs W, Zhang T, Shankaranarayanan A, Tanenbaum LN. Deep learning image processing enables 40% faster
spinal MR scans which match or exceed quality of standard of care: a prospective multicenter multireader study. Clin Neuroradiol.
2022;32:197-203. DOI

Bash S, Wang L, Airriess C, et al. Deep learning enables 60% accelerated volumetric brain MRI while preserving quantitative
performance: a prospective, multicenter, multireader trial. A/JNR Am J Neuroradiol. 2021;42:2130-7. DOI PubMed PMC

Wiesinger F, Ho ML. Zero-TE MRI: principles and applications in the head and neck. Br J Radiol. 2022;95:20220059. DOI PubMed

PMC

Ensle F, Kaniewska M, Lohezic M, Guggenberger R. Enhanced bone assessment of the shoulder using zero-echo time MRI with deep-
learning image reconstruction. Skeletal Radiol. 2024;53:2597-606. DOI PubMed PMC

Aydingdz U, Yildiz AE, Ergen FB. Zero echo time musculoskeletal MRI: technique, optimization, applications, and pitfalls.
Radiographics. 2022;42:1398-414. DOI PubMed

Morbée L, Chen M, Herregods N, Pullens P, Jans LBO. MRI-based synthetic CT of the lumbar spine: geometric measurements for
surgery planning in comparison with CT. Eur J Radiol. 2021;144:109999. DOI PubMed

Spadea MF, Maspero M, Zaffino P, Seco J. Deep learning based synthetic-CT generation in radiotherapy and PET: a review. Med
Phys. 2021;48:6537-66. DOl PubMed

Jans LBO, Chen M, Elewaut D, et al. MRI-based synthetic CT in the detection of structural lesions in patients with suspected
sacroiliitis: comparison with MRI. Radiology. 2021;298:343-9. DOI PubMed

van der Kolk BBYM, Slotman DJJ, Nijholt IM, et al. Bone visualization of the cervical spine with deep learning-based synthetic CT


https://dx.doi.org/10.2214/ajr.12.10375
http://www.ncbi.nlm.nih.gov/pubmed/23971454
https://dx.doi.org/10.1097/brs.0000000000004973
https://dx.doi.org/10.1097/01.brs.0000199927.78531.b5
https://dx.doi.org/10.1038/s41598-021-84724-6
http://www.ncbi.nlm.nih.gov/pubmed/33686128
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7940625
https://dx.doi.org/10.1007/s00586-017-4956-3
https://dx.doi.org/10.1038/s41598-018-31486-3
http://www.ncbi.nlm.nih.gov/pubmed/30177857
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6120953
https://dx.doi.org/10.1007/s00586-019-06115-w
http://www.ncbi.nlm.nih.gov/pubmed/31446493
https://dx.doi.org/10.1148/radiol.210937
https://dx.doi.org/10.3174/ajnr.a7179
http://www.ncbi.nlm.nih.gov/pubmed/34117018
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8367597
https://dx.doi.org/10.1186/1749-799x-9-38
http://www.ncbi.nlm.nih.gov/pubmed/24884935
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4041334
https://dx.doi.org/10.1097/rct.0000000000000928
https://dx.doi.org/10.1007/s10278-018-0150-3
http://www.ncbi.nlm.nih.gov/pubmed/30402670
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6737135
https://dx.doi.org/10.1002/jmri.25970
http://www.ncbi.nlm.nih.gov/pubmed/29437269
https://dx.doi.org/10.1016/j.jacr.2010.05.002
http://www.ncbi.nlm.nih.gov/pubmed/20678736
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3175640
https://cornellsun.com/2018/02/08/mri-wait-times-must-be-shortened-to-improve-health-care-cornell-researchers-say/
https://cornellsun.com/2018/02/08/mri-wait-times-must-be-shortened-to-improve-health-care-cornell-researchers-say/
https://dx.doi.org/10.1155/2023/2772181
http://www.ncbi.nlm.nih.gov/pubmed/37325272
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10264715
https://dx.doi.org/10.1001/jama.1993.03510060091039
http://www.ncbi.nlm.nih.gov/pubmed/8336378
https://dx.doi.org/10.3174/ajnr.a5543
http://www.ncbi.nlm.nih.gov/pubmed/29419402
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7410723
https://dx.doi.org/10.1016/j.zemedi.2018.11.002
http://www.ncbi.nlm.nih.gov/pubmed/30553609
https://dx.doi.org/10.1109/tip.2017.2662206
https://dx.doi.org/10.1007/S00062-021-01121-2
https://dx.doi.org/10.3174/ajnr.a7358
http://www.ncbi.nlm.nih.gov/pubmed/34824098
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8805755
https://dx.doi.org/10.1259/bjr.20220059
http://www.ncbi.nlm.nih.gov/pubmed/35616709
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10162052
https://dx.doi.org/10.1007/s00256-024-04690-8
http://www.ncbi.nlm.nih.gov/pubmed/38658419
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11493801
https://dx.doi.org/10.1148/rg.220029
http://www.ncbi.nlm.nih.gov/pubmed/35904982
https://dx.doi.org/10.1016/j.ejrad.2021.109999
http://www.ncbi.nlm.nih.gov/pubmed/34700094
https://dx.doi.org/10.1002/mp.15150
http://www.ncbi.nlm.nih.gov/pubmed/34407209
https://dx.doi.org/10.1148/radiol.2020201537
http://www.ncbi.nlm.nih.gov/pubmed/33350891

Ibrahim et al. Art Int Surg. 2025;5:139-49 | https://dx.doi.org/10.20517/ais.2024.41 Page 149

49.

50.

S1.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

compared to conventional CT: a single-center noninferiority study on image quality. Eur J Radiol. 2022;154:110414. DOI

Wiesinger F, Bylund M, Yang J, et al. Zero TE-based pseudo-CT image conversion in the head and its application in PET/MR
attenuation correction and MR-guided radiation therapy planning. Magn Reson Med. 2018;80:1440-51. DOI

Leynes AP, Yang J, Wiesinger F, et al. Zero-echo-time and Dixon deep pseudo-CT (ZeDD CT): direct generation of pseudo-CT
images for pelvic PET/MRI attenuation correction using deep convolutional neural networks with multiparametric MRI. J Nucl Med.
2018;59:852-8. DOI PubMed PMC

Kisinde S, Hu X, Hesselbacher S, Lieberman IH. The predictive accuracy of surgical planning using pre-op planning software and a
robotic guidance system. Eur Spine J. 2021;30:3676-87. DOI

Wu H, Bailey C, Rasoulinejad P, Li S. Automated comprehensive adolescent idiopathic scoliosis assessment using MVC-Net. Med
Image Anal. 2018;48:1-11. DOI PubMed

Djurasovic M, Glassman SD. Correlation of radiographic and clinical findings in spinal deformities. Neurosurg Clin N Am.
2007;18:223-7. DOI PubMed

Weng CH, Wang CL, Huang YJ, et al. Artificial intelligence for automatic measurement of sagittal vertical axis using ResUNet
framework. J Clin Med. 2019;8:1826. DOI PubMed PMC

Wang X, Zhai S, Niu Y. Automatic vertebrae localization and identification by combining deep SSAE contextual features and
structured regression forest. J Digit Imaging. 2019;32:336-48. DOI PubMed PMC

Suzani A, Seitel A, Liu Y, Fels S, Rohling RN, Abolmaesumi P. Fast automatic vertebrae detection and localization in pathological CT
scans - a deep learning approach. In: Navab N, Hornegger J, Wells WM, Frangi AF, editors. Medical image computing and computer-
assisted intervention - MICCAI 2015. Cham: Springer International Publishing; 2015. pp. 678-86. DOI

Martin-Noguerol T, Ofiate Miranda M, Amrhein TJ, et al. The role of artificial intelligence in the assessment of the spine and spinal
cord. Eur J Radiol. 2023;161:110726. DOI

Miura J, Doita M, Miyata K, et al. Dynamic evaluation of the spinal cord in patients with cervical spondylotic myelopathy using a
kinematic magnetic resonance imaging technique. J Spinal Disord Tech. 2009;22:8-13. DOI

Hatem R, Simmons B, Thornton JE. A call to address Al “hallucinations” and how healthcare professionals can mitigate their risks.
Cureus. 2023;15:¢44720. DOI PubMed PMC

van Leeuwen KG, Schalekamp S, Rutten MJCM, van Ginneken B, de Rooij M. Artificial intelligence in radiology: 100 commercially
available products and their scientific evidence. Eur Radiol. 2021;31:3797-804. DOI

Kim DW, Jang HY, Kim KW, Shin Y, Park SH. Design characteristics of studies reporting the performance of artificial intelligence
algorithms for diagnostic analysis of medical images: results from recently published papers. Korean J Radiol. 2019;20:405-10. DOI
PubMed PMC

Liu X, Faes L, Kale AU, et al. A comparison of deep learning performance against health-care professionals in detecting diseases from
medical imaging: a systematic review and meta-analysis. Lancet Digit Health. 2019;1:¢271-97. DOI

Zech JR, Badgeley MA, Liu M, Costa AB, Titano JJ, Oermann EK. Variable generalization performance of a deep learning model to
detect pneumonia in chest radiographs: a cross-sectional study. PLoS Med. 2018;15:¢1002683. DOI PubMed PMC


https://dx.doi.org/10.1016/j.ejrad.2022.110414
https://dx.doi.org/10.1002/mrm.27134
https://dx.doi.org/10.2967/jnumed.117.198051
http://www.ncbi.nlm.nih.gov/pubmed/29084824
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5932530
https://dx.doi.org/10.1007/s00586-021-06942-w
https://dx.doi.org/10.1016/j.media.2018.05.005
http://www.ncbi.nlm.nih.gov/pubmed/29803920
https://dx.doi.org/10.1016/j.nec.2007.01.006
http://www.ncbi.nlm.nih.gov/pubmed/17556122
https://dx.doi.org/10.3390/jcm8111826
http://www.ncbi.nlm.nih.gov/pubmed/31683913
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6912675
https://dx.doi.org/10.1007/s10278-018-0140-5
http://www.ncbi.nlm.nih.gov/pubmed/30631979
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6456738
https://dx.doi.org/10.1007/978-3-319-24574-4_81
https://dx.doi.org/10.1016/j.ejrad.2023.110726
https://dx.doi.org/10.1097/bsd.0b013e31815f2556
https://dx.doi.org/10.7759/cureus.44720
http://www.ncbi.nlm.nih.gov/pubmed/37809168
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10552880
https://dx.doi.org/10.1007/S00330-021-07892-Z
https://dx.doi.org/10.3348/kjr.2019.0025
http://www.ncbi.nlm.nih.gov/pubmed/30799571
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6389801
https://dx.doi.org/10.1016/s2589-7500(19)30123-2
https://dx.doi.org/10.1371/journal.pmed.1002683
http://www.ncbi.nlm.nih.gov/pubmed/30399157
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6219764

