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1. Introduction

Artificial Intelligence (Al) refers to the creation of computer systems capable of per-
forming tasks typically requiring human intelligence [1], such as problem-solving, decision-
making, language comprehension, perception, and learning. Different from systems that
merely execute predefined commands, Al systems can learn directly from vast datasets
and make autonomous decisions [1]. Al aims to simulate human cognitive functions,
enabling machines to learn from data, adapt to new information, and make predictions
or decisions without explicit programming for specific tasks. Machine Learning (ML)—a
subset of Al—focuses on developing algorithms that allow computers to learn from data
and improve their performance over time without being explicitly programmed [2]. ML
models identify patterns in data and make predictions or decisions based on those patterns,
enabling machines to learn and generalize from examples and increase their accuracy with
more exposure to information.

Al and ML are transforming numerous industries, and healthcare is no exception [3].
In spine research, Al and ML are proving to be powerful tools for improving diagnostics,
optimizing treatment plans, and enhancing patient outcomes. These technologies can
analyze large quantities of data quickly and accurately, revealing patterns that are often
imperceptible to humans [4]. This editorial presents some examples of how Al or ML is
being applied in spine research.

2. The Role of AI and ML in Spine Research

Traditionally, spine research depends on manual and time-consuming methods for
data collection, analysis, and interpretation. Moreover, using traditional statistical methods
limits the ability to analyze and process imaging data effectively [1,2]. However, the
emergence of Al and ML has revolutionized these processes [1,2]. Researchers can now
leverage algorithms to analyze imaging data, recommend personalized treatment strategies,
and even predict patient outcomes [5-8]. This advancement is especially significant in spine
research, where the complexity of spinal disorders and variability in patient responses
often complicate treatment planning.

3. Al and ML in Analyzing Imaging Data

Al and ML are making significant advances in the analysis of medical imaging within
spine research. Imaging technologies, such as magnetic resonance imaging (MRI), com-
puted tomography (CT), and X-rays, are essential for evaluating spinal conditions and
guiding treatment plans for patients with spinal disorders [9]. However, interpreting these
images can be subjective, time-consuming, and susceptible to human error.

Al and ML algorithms enhance image analysis by identifying subtle patterns and
abnormalities that may be overlooked by the human eye. These technologies not only
improve diagnostic accuracy but also accelerate the process. For instance, Al models can
automatically segment spinal structures from imaging data, aiding clinicians in detecting
spinal pathologies such as spinal stenosis, herniated discs, or spinal tumors with greater
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precision [7,10,11]. Hallinan et al. developed an Al model for the automated detection
and classification of lumbar central canal, lateral recess, and foraminal stenosis [11]. They
showed significant agreement between their Al model and radiologists in classifying steno-
sis severity, achieving kappa values of 0.98, 0.98, and 0.96 for the central canal stenosis,
0.92,0.95, and 0.92 for lateral recess stenosis, and 0.94, 0.95, and 0.89 for foraminal steno-
sis. Gilberg et al. developed an Al algorithm to detect metastatic lesions in abdominal
and thoracic CT scans [10]. In their study, the Al algorithm exhibited a sensitivity of
75.0% in identifying potentially malignant spinal bone lesions. Moreover, it improves the
sensitivity of the radiologist in detecting metastasis by 20.8 percentage points.

Additionally, Al and ML algorithms could predict disease progression [12]. For example,
by analyzing historical imaging and clinical data, algorithms can predict the likelihood of
spinal degeneration or scoliosis progression. This predictive capability enables clinicians to
make more informed treatment decisions for each patient and potentially prevent conditions
from worsening before they become critical.

4. Al and ML in Personalized Treatment Planning

Personalized medicine is one of the most promising applications of Al and ML in spine
research. The spine of each patient and their response to different treatments is unique. Al-
driven models can analyze extensive datasets, including demographics, clinical history, genetic
information, and imaging data, to predict how a patient might respond to specific treatments.

ML algorithms can determine which surgical techniques are most likely to succeed
based on the unique profile of a patient [13]. Factors influencing spine surgery outcomes
include the type of spinal disorder, patient anatomy, and surgeon experience [14,15]. Al-
based systems can provide surgeons with a comprehensive analysis of these factors, helping
them to select the most appropriate surgical approach. This can lead to fewer complications,
faster recovery times, and improved patient satisfaction.

Furthermore, robotic-assisted spine surgery is another area where Al and ML are
advancing rapidly [16]. These systems can improve the precision of surgical procedures by
providing real-time feedback based on preoperative imaging and predictive models [16].
Although fully autonomous surgeries remain experimental, the ongoing evolution of Al
may allow this capability in the future.

5. AI and ML in Predicting Therapeutic Outcomes

Another significant advantage of Al and ML in spine research is their ability to predict
patient outcomes. ML models can forecast recovery times, potential complications, and
therapeutic outcomes for different treatment approaches by analyzing clinical and imaging
data from patients with spinal disorders [17-21]. These insights enable clinicians and
patients to make more informed decisions regarding treatment options.

For instance, in spinal surgery, ML algorithms can predict the likelihood of reoperation
or complications such as infections or hardware failure. These predictive tools are essential
for preoperative planning, helping surgeons mitigate risks and tailor interventions to
individual patients [17,18,20]. Beyond surgical outcomes, Al and ML can also predict
the effectiveness of nonsurgical outcomes such as spine intervention [19,21]. Kim et al.
developed an Al algorithm that predicts therapeutic outcomes following transforaminal
epidural stenosis injection (TFESI) for managing chronic lumbosacral radicular pain caused
by herniated lumbar discs, using T2-weighted sagittal lumbar spine MRI data [19]. A “good
outcome” was defined as a >50% reduction in pretreatment pain after 2 months, while
a “poor outcome” was defined as a <50% pain reduction after the same duration. In the
prediction of therapeutic outcomes (good outcome vs. poor outcome) after TFESI on the
validation dataset, the area under the curve was 0.827. Similarly, Wang et al. created an
Al algorithm to predict the therapeutic outcome of cervical TFESI in patients with cervical
foraminal stenosis using cervical axial MRI data [21]. The area under the curve of our
developed model for predicting the therapeutic outcome of cervical TFESI in patients with
cervical foraminal stenosis was 0.801.
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Al-powered predictive analytics can help clinicians choose the most appropriate
treatment paths, ultimately improving patient satisfaction and quality of life.

6. Challenges and Ethical Considerations

Al and ML hold great promise in spine research; however, they also present signif-
icant challenges. A major concern is the quality and quantity of data used to train these
algorithms. In many cases, spine research involves small datasets, which can reduce the
accuracy and generalizability of Al models. Furthermore, data bias presents a serious risk
as certain populations may be underrepresented in clinical trials and studies. Training Al
models on biased data may result in biased outcomes.

Another challenge is the integration of Al into clinical practice. Although Al can assist
in decision-making, clinicians should maintain oversight and responsibility for patient
care. Al should complement, not replace, human expertise. To ensure safe implementation,
Al systems should be transparent and explainable, allowing clinicians to understand the
rationale behind Al-generated recommendations.

Ethical issues should be considered, particularly regarding patient privacy and data
security [22]. Al and ML rely on large amounts of patient data, raising concerns about
how these data are collected, stored, and used. Regulatory frameworks need to evolve to
address these issues and safeguard patient rights in Al-driven healthcare.

7. The Future of Al and ML in Spine Research

The future of Al and ML in spine research is promising. As these technologies evolve,
we can anticipate increasingly sophisticated applications in diagnostics, treatment planning,
and outcome prediction. Advances in deep learning, natural language processing, and
computer vision will possibly lead to further breakthroughs in this field.

Moreover, the integration of Al and ML with other emerging technologies, such as
wearable devices and telemedicine, may transform how spine conditions are monitored
and managed. For instance, wearable sensors could continuously track the posture and
movement of a patient, feeding this information into Al algorithms to deliver real-time
feedback and personalized interventions. Telemedicine allows physicians to access
Al-generated analysis and feedback, enabling patients to receive care without meeting
physicians in person.

In the future, Al and ML may pave the way for more proactive and preventive spine
care. These technologies could facilitate earlier interventions by identifying early signs of
spinal degeneration or injury, reducing the need for invasive procedures, and improving
overall patient outcomes.

8. Conclusions

Al and ML are transforming spine research in unprecedented ways. These technologies
are enhancing diagnostics, personalizing treatments, and predicting outcomes, creating
new opportunities for clinicians and researchers. However, their integration into clinical
practice requires careful consideration of ethical issues, data quality, and clinician oversight.
Undoubtedly, these technologies will play a pivotal role in shaping the future of spine
research and care. In this Special Issue, “Artificial Intelligence and Machine Learning in
Spine Research,” we explore the current applications of Al and ML in this field. This issue
may advance spinal research and assist researchers in identifying promising new avenues
for investigation.

Conflicts of Interest: The author declares no conflict of interest.
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Abstract

The rapid evolution of artificial intelligence (Al) and machine learning (ML) technologies
has initiated a paradigm shift in contemporary spine care. This narrative review synthesizes
advances across imaging-based diagnostics, surgical planning, genomic risk stratification,
and post-operative outcome prediction. We critically assess high-performing Al tools,
such as convolutional neural networks for vertebral fracture detection, robotic guidance
platforms like Mazor X and ExcelsiusGPS, and deep learning-based morphometric analysis
systems. In parallel, we examine the emergence of ambient clinical intelligence and pre-
cision pharmacogenomics as enablers of personalized spine care. Notably, genome-wide
association studies (GWAS) and polygenic risk scores are enabling a shift from reactive to
predictive management models in spine surgery. We also highlight multi-omics platforms
and federated learning frameworks that support integrative, privacy-preserving analytics
at scale. Despite these advances, challenges remain—including algorithmic opacity, regu-
latory fragmentation, data heterogeneity, and limited generalizability across populations
and clinical settings. Through a multidimensional lens, this review outlines not only cur-
rent capabilities but also future directions to ensure safe, equitable, and high-fidelity Al
deployment in spine care delivery.

Keywords: spine surgery; artificial intelligence; machine learning; predictive modeling;
neural networks; spinal diagnostics; computer vision; surgical robotics; clinical decision
support; biomedical informatics; musculoskeletal imaging; outcome prediction; precision
medicine

1. Introduction

In this comprehensive narrative review, we analyze how artificial intelligence (AI) and
machine learning (ML) technologies are shaping contemporary spine surgery and spine
care. By examining advanced applications from diagnostic imaging to predictive genomics,
we take an in-depth look at how sophisticated Al algorithms are revolutionizing multiple
domains of orthopedic and spine-focused medicine, including automated radiological

Bioengineering 2025, 12, 967 https://doi.org/10.3390 /bioengineering12090967
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interpretation, surgical planning optimization, robotic-assisted procedures, and person-
alized risk stratification through genomic analysis. Current evidence demonstrates that
Al-powered systems such as Aidoc’s cervical spine fracture detection [1], Zebra Medical
Vision’s vertebral compression fracture identification [2], and SpineNet’s comprehensive
spinal pathology analysis [3], among other systems and software, achieve diagnostic accu-
racies comparable to or exceeding specialist radiologists. In essence, we strongly believe
that at the very least, these tools can be used alongside clinician practice as a secondary
guide. Furthermore, emerging clinical decision support platforms, including Suki Al,
Nuance Dragon Ambient eXperience (DAX), and Ambience Healthcare, are streamlining
documentation workflows and enhancing physician-patient interactions through ambient
intelligence capabilities [4]. In a similar vein, as many robotic systems like the Mazor
X Stealth Edition, ExcelsiusGPS, and ROSA Spine with Al-driven surgical planning are
being increasingly tested and even taught to incoming residents [5], we believe there is
an ongoing shift toward precision-guided interventions that minimize invasive approaches
while maximizing surgical accuracy. Genomics is also finding its role in risk prediction
and stratification, as genome-wide association studies (GWAS) and deep learning models
are enabling new insights into genetic predispositions for pathologies and outcomes alike,
thus allowing clinicians to now factor in patient-specific risk profiles [6]. In this review,
we synthesize current evidence across these diverse applications while addressing imple-
mentation challenges, regulatory considerations, and future directions for Al integration in
spine care.

2. Methodology

This narrative review was conducted as a structured narrative synthesis of peer-
reviewed literature, regulatory reports, and industry documentation related to artificial
intelligence (AI) and machine learning (ML) applications in spine care. The aim was
to provide a comprehensive overview of validated Al tools, clinical decision support
systems, genomic integration models, and robotic surgical platforms in contemporary
spinal diagnostics and intervention; it does not present original experimental data.

2.1. Literature Search Strategy

The literature search was conducted between January 2024 and May 2025 across
PubMed, Scopus, IEEE Xplore, and Google Scholar. Search terms included “artificial in-
” “robotic spine

i

machine learning AND spinal imaging,
ambient clinical intel-

telligence AND spine surgery,

i i i

systems,” “spinal genomics,
ligence,” and “federated learning in healthcare.” Boolean operators were used to refine

polygenic risk score AND spine,

the scope. References were also drawn from FDA medical device databases and reports
(e.g., HealthVCF 510(k) clearance, 2020 [7,8]), corporate white papers, and open-access
Al repositories.

Only English-language sources published between 2007 and 2025 were considered.
Priority was given to high-impact clinical studies, FDA-approved systems, externally
validated models, and articles published in peer-reviewed journals with known impact
factors. Foundational studies on algorithm development and Al architectures dating back
to 2007 (e.g., Gstoettner et al. on Cobb angle measurement accuracy [9]) were included to
provide historical context.
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2.2. Inclusion and Exclusion Criteria
Studies were included if they met at least one of the following criteria:

e  Described AI/ML systems used in spine diagnostics, surgical planning, or out-
come prediction (e.g., SpineNetV2 2017 [3,10-12], Aidoc Cervical Spine Al Version 1,
2021 [1,13-15], ExcelsiusGPS, 2024 [5,16,17]).

e  Reported external validation results of Al-based tools in spinal imaging (e.g., Yeh et al.,
2021 [18]; Nigru et al., 2024 [3]).

e  Detailed FDA-cleared robotic systems with spine-specific capabilities (e.g., Mazor X,
2021 [3,5,16,19], VELYS, 2024 [10,20]).

e Investigated genomic risk stratification or pharmacogenomic frameworks applied to
spinal pathologies (e.g., Sigala et al., 2023 [6]; Salo et al., 2024 [21]).

e  Described ambient clinical intelligence or documentation automation tools with
demonstrated implementation in spine-related clinical settings (e.g., Nuance DAX,
2024 [22]; Ambience Healthcare, 2025 [23]).

Excluded were unpublished conference abstracts, non-peer-reviewed preprints (unless
containing novel datasets or architectures), non-English publications, and studies lacking
clear methodological description or validation metrics.

2.3. Data Extraction and Synthesis

Key information extracted included the following: system/tool name, validation
methodology (e.g., peer-reviewed study, FDA clearance, or real-world data), clinical do-
main of application (diagnostic imaging, robotics, genomics, etc.), performance metrics
(e.g., AUC, sensitivity /specificity, error rates), and year of publication. Data were synthe-
sized into thematic domains including (1) diagnostic imaging and automated classification;
(2) morphometric and functional analysis; (3) surgical robotics and navigation; (4) genomic
and pharmacogenomic personalization; (5) documentation and decision support; and
(6) cost-effectiveness and health systems modeling.

The extracted data were organized into summary tables (e.g., Table 1: Al application
overview; Table 2: implementation barriers) and visualized across domains to highlight
clinical utility, limitations, and translational gaps.

Table 1. Overview of Al applications in spine surgery and diagnostic workflows. This table cate-
gorizes current Al-driven technologies across various domains of spine care, including diagnostic
imaging, surgical planning, intraoperative navigation, functional outcome prediction, and economic
modeling. Each entry outlines the specific Al tools or systems in use, their validation status, clinical
benefits, and known limitations. The table is designed to offer clinicians, researchers, and health
policymakers a concise reference for evaluating the maturity, clinical utility, and future development
needs of spine-focused Al systems.

AI/ML

Application Area

Key Tools/Systems

Validation Status

Clinical Benefit

Limitations

Fracture Detection
and Classification

Zebra HealthJOINT
[24,25], Aidoc Cervical
Spine Al [1,26-28]

FDA Approved;
Real-world validation

Reduced under-detection;
Improved triage accuracy

Limited chronic
fracture detection;
Sensitivity varies

Spinal Segmentation

SpineNetV2 [3,29-31],

External validation

Automated grading

Performance may vary

and Gradin, Multimodal across modalities of stenosis, across demographics
& Segmentation Platforms disk degeneration grap
Morphometric CObEgI_l?E ?e%\éirasllon ! Validated vs. clinical Reduced measurement Dependence on
Analysis ! ' experts error; Field-applicable image quality

Ensemble Model [35]
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Table 1. Cont.

.A I/ML Key Tools/Systems Validation Status Clinical Benefit Limitations
Application Area
Ultrasound- UGBNet [36], Peer-reviewed Segmentation of Noise sensitivity in
based Imaging Attention-Unet [7] feasibility studies low-contrast images complex anatomy
Muscle Quality CTSpinelK [37,38], Open-source Cross-sectional muscle Need for
Quantification TrinetX [38] annotated datasets area and fat infiltration =~ standardized protocols
Preoperative Mazor X [3,5,39,40], Clinical integration scrgv}\)/t’?;:ce’i)r Variable accuracy in
Planning ExcelsiusGPS [5,39,41] with robotic systems ) Y deformed anatomy

virtual planning

Robotic Execution

VELYS [10,20], ROSA
Spine [5,42],
Mazor Robotics [10]

FDA-cleared,
commercial use

Real-time
trajectory correction;
Error reduction

Cost and
infrastructure
requirements

Navigation
and Guidance

Brainlab Curve [43],
Medtronic
StealthStation [10]

Integrated AI +
imaging validation

Adaptive
navigation; Improved
pedicle accuracy

Setup complexity;
Intraoperative
variability

Outcome Prediction

GNNs, Transformers,
Sentiment NLP [44-47]

Ongoing studies;
Cross-disciplinary use

Predict functional
recovery, mental
health monitoring

Integration of
heterogeneous
data types

Cost-Effectiveness
and QOL Modeling

Dynamic Simulations,
Complexity Economics

Emerging models;
Not yet widespread

Forecasting
long-term impact;
Behavioral insights

Lack of spine-specific
QOL instruments

Table 2. Technical limitations and implementation barriers to clinical integration. This table de-
lineates key challenges impeding the widespread adoption of Al in spine diagnostics and surgery,
categorized across imaging variability, algorithmic brittleness, dataset bias, explainability deficits,
regulatory complexity, infrastructure costs, and clinical integration issues. Each barrier is described
in detail, along with its technical considerations, and paired with its practical clinical or operational
consequences. The table aims to guide researchers, developers, and healthcare administrators in
identifying systemic vulnerabilities and prioritizing translational improvements necessary for safe
and scalable Al deployment in spinal healthcare.

Category Barrier Technical Detail Clinical/Operational Consequence
Heterogeneity in scanner vendor output Decreased classification precision
Imaging and Model Cross-Vendor (e.g. GE vs. $1emens vs. Philips) causes for compression fracture.s; high
Generalizability Imaging Variability domain shift in AI models; non-uniform false-negative rates in
slice thickness and FOV distort CNN under-standardized
feature extraction layers. imaging environments.
Titanium-induced susceptibility artifacts in Invalidated predictions in
Hardware- Metallic Implant T1/T2 MRI sequences disrupt segmentation  post-fusion patients; potential for
Induced Artifacts Interference accuracy in deep neural networks like underestimation of central canal

SpineNet and V-Net variants.

and foraminal compromise.

Model sensitivity drops when exposed to

Pathological Low Representation

rare presentations (e.g., sacral chordomas,

False negatives in tumor

Heterogeneity

of Rare Tumors

extradural myxopapillary ependymomas)
due to weak class priors and minimal

edge-case training data.

surveillance; unreliable outputs for
oncological follow-up assessments.

Training Data Bias

Geographic and
Socioeconomic
Overfitting

Training sets skewed toward tertiary care
centers cause latent space misalignment for
rural/underserved demographics; manifests
as calibration drift in diagnostic Al systems.

Inaccurate prioritization in triage
algorithms; potential exacerbation
of healthcare disparities.
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Table 2. Cont.

Category Barrier Technical Detail Clinical/Operational Consequence
Lack of saliency map interpretability or Limited clinician trust in Al output;
Model Opacity in Neural ~ explainable AT (XAI) frameworks in real-time  inability to validate or refute system
Explainability Attribution Maps decision support; attention-based models recommendations during
still fall short in spine-specific pathologies. multidisciplinary rounds.
Inference latency optimization via GPU . ..
) Barriers to adoption in rural
. clusters (e.g., NVIDIA A100) requires . ..
Infrastructure High-Cost L . and small private clinics;
. capital investment exceeding $500k; . L.
and Cost HPC Requirements . : delayed implementation in
suboptimal throughput without s
. . mid-tier health systems.
federated inference pipelines.
Regulatory frameworks not equipped for
Validation of post-deployment model drift; challenge Post-market liability ambiguity;
Regulatory and . in validati l-updating AT modul disi . b
Legal Complexi ty Continuous in validating selt-updating modules isincentivizes procurement by
& Learning Systems under FDA’s Good Machine Learning risk-averse hospital administrators.
Practice (GMLP) guidelines.
Lack of native HL7/FHIR compliance
Workflow and Non- in Al tools (e.g., DeepScribe); interface Cognitive overload and duplication
Physician Interoperability incompatibility leads to fragmented of work; rejection by
Engagement with Legacy EHRs data workflows and redundancy high-volume providers.
in documentation.
zoziifgbiiragzi:sz(f Silélzgh]ile(;ng;;?nd Consent withdrawal and decreased
Patient- Privacy Anxiety emg P utilization of Al-assisted

Centric Barriers from Data Breaches

confidence in Al-driven diagnostics;
hesitancy persists even with
federated learning protocols.

care; limits scalability of
patient-facing applications.

2.4. Risk of Bias and Validation Considerations

To assess generalizability and real-world relevance, we prioritized studies that in-

cluded external validation cohorts (e.g., SpineNetV2, validated in 2022-2024), FDA-
approved platforms (e.g., HealthVCE, 2020 [7,8]; Aidoc, 2021 [1,13,14,48]), or indepen-
dent cross-institutional replication. Risk of bias was addressed by identifying overfitting
to synthetic datasets, geographic underrepresentation (e.g., urban-biased cohorts in CT-
SpinelK [49,50]), and algorithmic opacity (e.g., black-box decision-making in sentiment
analysis tools). Studies were cross-referenced with regulatory databases and critical eval-
uations (e.g., Clark et al., 2023 [20]; Chouffani El Fassi et al., 2024 [51]) to ensure proper
documentation of clinical applicability.

3. Current Applications of Al in Imaging and Radiological Analysis
3.1. Automated Detection and Classification of Spinal Pathologies

Al, and more importantly, the resultant sophisticated deep learning algorithms, are
increasingly capable of detecting and classifying complex pathological conditions, largely
changing clinical practice. Convolutional neural networks (CNNs) are a class of deep
learning models designed to process images by automatically learning which visual features
matter for a task (for example, detecting lesions on an X-ray or classifying a scan). Rather
than requiring manually engineered image descriptors, CNNs ingest large, labeled imaging
datasets and build a hierarchy of spatial features: early processing emphasizes simple
patterns (edges, textures), while deeper processing combines those elements into organ- or
pathology-level representations. This hierarchical, data-driven feature learning is a practical
reason CNNs have advanced diagnostic image analysis. [24]

In clinical practice CNNSs are applied to both image-level tasks (e.g., classification
such as “tumor present/absent”) and pixel-level tasks (e.g., segmentation or localization),
and they can produce auxiliary outputs such as heatmaps that help indicate influential
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regions. Their performance depends strongly on the quality and quantity of annotated
training data and on robust validation, but when well-trained, they achieve high sen-
sitivity and specificity across many imaging tasks [25,26,52-55]. (See Appendix A for
technical details.)

Convolutional neural networks (CNNs) are increasingly integrated into routine
radiographic evaluation of the spine. They can automate the detection, localization, and
characterization of fractures and other pathologies across modalities, thereby reducing
missed injuries and accelerating diagnosis. Research studies across radiography, CT, and
dual-energy X-ray absorptiometry (DXA) demonstrate the breadth and performance of
modern CNN approaches. On plain thoracolumbar radiographs, a deep convolutional
neural network achieved an accuracy of 86.0%, sensitivity of 84.7%, and specificity of
87.3% for vertebral fracture detection; a performance that was non-inferior to orthopedic
and spine surgeons [29]. On CT, a multistage system combining U-Net segmentation
with graph convolutional networks (U-GCN) for detection, localization, and AO classi-
fication of acute thoracolumbar vertebral body fractures demonstrated vertebra-level
sensitivity of 95.23%, accuracy of 97.93%, and specificity of 98.35% [56]. In DXA-based
vertebral fracture assessment, an ensemble of CNNs achieved an area under the curve
(AUC) of 0.94 with a sensitivity of 87.4% and a specificity of 88.4% for vertebral fracture
identification; importantly, fractures identified by the CNNs predicted future nonverte-
bral and hip fractures comparably to expert readers, underscoring prognostic as well
as diagnostic utility [30]. Recent reviews confirm that these AI models achieve very
high diagnostic accuracy, especially for vertebral fractures. In one 2024 meta-analysis of
40 studies, Al tools yielded AUROC == 0.92 for osteoporotic vertebral fracture diagnosis
(and AUROC = 0.87 overall for vertebral compression fractures) [36]. These pooled
results reinforce that CNNs routinely approach or exceed expert radiologist performance
in spine imaging.

Cervical spine findings mirror these advances. A hybrid transfer-learning approach
that combined Inception-ResNet-v2 with U-Net for CT-based cervical vertebra fracture
detection reported an overall accuracy of 98.44% on a large test set, outperforming radiol-
ogist predictions [31]. Likewise, a U-Net-based segmentation pipeline detected 87.2% of
cervical spine fractures with a low false-positive rate, supporting its deployment in
trauma workflows where rapid, reliable triage is critical [32]. Similarly, CNNs have
shown excellent accuracy on cervical spine X-rays. Liawrungrueang et al. (2024) trained
a CNN on lateral C-spine radiographs and achieved 92.1% overall accuracy for fracture
detection (sensitivity ~ 88.6%, specificity ~ 95.7%), demonstrating that deep learning
can reliably flag cervical fractures even on standard X-ray films [57]. Together, these
modality-spanning results show that CNNs can match or exceed clinician performance
for many spine-imaging tasks, offering standardized, fast screening and level-by-level
characterization that augment radiologist interpretation and improve the timeliness of
care. While some studies highlight limitations in generalizability, scan mode sensitivity,
or reduced performance in certain clinical scenarios, the overall body of evidence sup-
ports the diagnostic utility of CNNs for this application [35,58—-60]. Multiple systematic
reviews and meta-analyses, as well as large cohort studies, consistently report that
CNNs achieve high accuracy, sensitivity, and specificity for vertebral fracture detection
on radiographs and related imaging modalities, often matching or approaching expert
clinician performance [30,33,34,36,61].

Given their effectiveness, there has been a push for creation of commercial CNNs
aimed at being implemented in hospital workflow, such as the Zebra Medical Vision’s
FDA-cleared HealthVCF. HealthVCF version 5.1.1 is a CNN based software that accurately
detects moderate-to-severe vertebral compression fractures (VCFs), which seamlessly
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integrates into the existing hospital Picture Archive and Communication (PAC) infrastruc-
tures [7], thus enabling the automatic transfer and analysis of CT scans without manual
intervention [7]. In the detection of moderate-to-severe (Grade 2-3) VCFs, HealthVCF
has demonstrated strong performance. A study focusing on incidental fracture detection
using HealthVCF on chest and abdominal CT scans reported an overall diagnostic accuracy
of 89.6% (95% ClI: 87.4-91.5%) for moderate-to-severe VCFs [62]. This study detailed a
sensitivity of 73.8%, a specificity of 92.7%, and an NPV of 94.8% [62].

Beyond its general accuracy, HealthVCF was able to identify fractures that radiologists
failed to report in 42.8% of positive scans, and it identified 38 additional ones from the
scans [62]. These findings highlight HealthVCF’s ability to achieve diagnostic performance
non-inferior to human specialists and, sometimes, even detect fractures missed by human
radiologists. Given these findings, Al can become a crucial safety net in clinical practice,
helping to reduce human error, enhancing diagnostic completeness. Its integration into
radiological workflow for fracture identification can help improve overall patient safety
and quality of care. This augmentation of human capabilities is particularly valuable in
high-volume settings where subtle findings might otherwise be overlooked.

In practice, these Al accuracies have been translated into clinical tools. For example,
an FDA-cleared CNN triage system (Aidoc) for acute cervical spine fractures reported
~94.8% overall diagnostic accuracy (sensitivity ~ 89.8%, specificity ~ 95.3%) in one large
study [63]. However, a subsequent real-world evaluation of the same Aidoc algorithm
showed lower sensitivity (~54.9%) [63], highlighting that performance can vary across
settings. Nonetheless, these results illustrate that modern Al platforms can achieve
radiologist-level accuracy in spine fracture detection, though careful validation in diverse
populations is needed.

Besides fractures, CNNs have been applied extensively in lumbar spine MRI to
identify degenerative disk diseases. For example, herniated disks on axial T2 MRI can
be detected and graded by deep learning models. Zhang et al. developed a two-stage
deep model (Faster R-CNN for detection + ResNeXt101 for classification) to identify
and grade lumbar disk herniation according to the Michigan State University (MSU)
classification [64]. Their model achieved high detection accuracy (mean intersection over
union ~0.82 internally and 0.70 on an external set) and correctly classified herniation
grade in about 87.7% of cases (internal test) [64]. In other words, the CNN could rapidly
draw bounding boxes around disks and assign a herniation grade with “high consistency”
to expert radiologists [64]. This illustrates a general workflow: a CNN first finds the
disk (or region of interest) and then classifies its pathology. Since the MSU grading in
this study was more objective than some older schemes, the model’s agreement with
surgeons was high, indicating such systems could standardize interpretations and even
potentially flag cases needing surgery.

CNN s can also grade disk degeneration (e.g., Pfirrmann grades). For instance, a
recent YOLOv5-based model simultaneously detected and graded disk degeneration,
herniation, and high-intensity zones on lumbar MRI [65]. It achieved precisions in the
range of ~0.80-0.90 and recall ~0.84-0.94 for detecting disk herniations and degeneration
(with Cohen'’s kappa ~0.84 between the model and a senior surgeon) [65]. Such multi-task
models integrate several classification steps into one network, improving efficiency. The
study supports the notion that CNNs can automatically identify disk pathology on MRI
(i.e., locating the affected disk and providing an objective severity grade) with performance
rivaling human readers.

Lumbar spinal stenosis (LSS) is another area where CNNs have shown promise.
Tumko et al. (2024) designed a three-stage CNN: one stage segments relevant anatomy,
and two stages separately classify stenosis for central canal, lateral recess, and foraminal
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regions [66]. On an external test set of 150 MRI studies, their model’s detection of any
stenosis and its grading (normal/mild /moderate/severe) was comparable to a panel of
radiologists. In fact, the model’s sensitivity and specificity for detecting each subtype
were very high, e.g., for central stenosis the CNN achieved sensitivity of 0.971 and
area under the receiving operating chrematistics curve of 0.963, exceeding the average
radiologist (0.786 and 0.842, respectively) [66]. This study suggests that CNNs can detect
and classify LSS comparable to radiologists. Likewise, Hallinan et al. (2021) [37] trained
a CNN to identify central canal, lateral recess, and foraminal stenosis in lumbar MRI.
Their deep model’s agreement (k ~0.92-0.96) with subspecialist radiologists was “almost
perfect” for dichotomous classification of stenosis (normal/mild vs. moderate/severe).
In other words, whether for assigning a grade or simply flagging significant stenosis,
CNN-based tools can match the accuracy of experienced neuroradiologists in lumbar
spine MRI [37]. These studies suggest that automated lumbar stenosis detection could
improve efficiency and consistency in MRI reporting. Al has similarly excelled in other
spine diagnostic tasks. For example, deep learning pipelines can estimate scoliosis Cobb
angles with error <3.5° [67] matching human variability, and recent YOLOv8-based
models for lumbar disk herniation detection achieved mAP = 0.78 in validation sets [67].
These results confirm that Al tools now rival experts across a broad range of spine
imaging diagnoses.

While some Al models are focused on detecting pathologies traditionally identified by
radiologists, radiomics focuses on capturing patterns on radiographical images that are not
visible to the human eye [38]. Radiomic models extract hundreds of features (e.g., intensity
histograms, shape descriptors, texture matrices) from standard medical images (e.g., MRI,
CT, X-ray). They then apply mathematical algorithms to quantify the spatial distribution
of voxel intensities and their interrelationships, turning visual cues (e.g., differences in
intensity, shape, texture) into numeric biomarkers [38]. In practice, a region of interest (e.g.,
a spinal disk or vertebra) is segmented by first-order (e.g., intensity), second-order (e.g.,
texture), and higher-order (e.g., wavelet or LoG-filtered) features [38]. These features are
then compounded and fed into machine-learning models, augmenting standard radiology
with objective indicators of subtle pathology.

The application of radiomics in spine relation pathologies ranges from grading spinal
degeneration to determining ideologies of infectious spondylitis. For example, Xie et al.
(2024) developed an MRI radiomics workflow to automatically classify cervical disk degen-
eration [68]. They extracted ~924 features from segmented disks on T1- and T2-weighted
MRI and trained a random forest classifier. The combined T1-T2 model achieved a test
AUC =~ 0.95 for distinguishing low-grade from high-grade degeneration [68]. Crucially,
higher-order texture features accounted for ~80% of the model’s predictive power [68], im-
plying that subtle textural heterogeneity in the disk (imperceptible on routine MRI) drove
the diagnosis. In other words, radiomics quantified microscopic variations in nucleus
pulposus signal and annular appearance that are only qualitatively appreciated on stan-
dard images. This automated approach could standardize disk degeneration assessment,
reducing dependence on subjective Pfirrmann grading.

Radiomics also enhances tumor characterization and prognostication in the spine. For
instance, spinal multiple myeloma and metastatic lesions often look similar on MRI, but
Cao et al. (2024) showed that a radiomics model using T2 and contrast-enhanced T1 MRI
could distinguish myeloma from metastasis with a ~86% accuracy (AUC ~ 0.87) [39]. In
this study hundreds of texture and shape features were combined in a classifier, yielding
good differential performance that would be difficult by eye alone. Beyond diagnosis,
radiomics can predict treatment response; in spinal metastases treated with stereotactic
radiotherapy, Chen et al. (2023) [41] found that radiomic features from pre-treatment
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MRI improved outcome prediction. Their combined radiomics—clinical model achieved
AUC = 0.83 for local control (versus AUC = 0.73 using clinical factors alone). In other
words, radiomic signatures on baseline MRI (e.g., reflecting tumor heterogeneity, edema,
etc.) carried prognostic information inaccessible by conventional review. These examples
illustrate that radiomics encodes latent biologic information in tumors (e.g., cell density,
angiogenesis, necrosis) into quantifiable metrics, sharpening diagnostic and predictive
accuracy in spine oncology.

Radiomics has likewise revealed hidden cues in non-neoplastic spine disorders. In
infectious spondylitis, MRI radiomic signatures can differentiate etiologies that overlap
with imaging. Qin et al. (2025) [69] extracted hundreds of radiomic features from spine
MRIs in patients with tuberculous, brucellar, or pyogenic spondylitis and built a clas-
sifier model. The resulting nomogram achieved AUC ~ 0.92 in training and ~0.87 in
testing, effectively distinguishing the three infection types. The authors concluded that
their radiomics model could “gradually differentiate tuberculous spondylitis, brucellosis
spondylitis, and pyogenic spondylitis”, a level of detail beyond routine MRI interpre-
tation [69]. In a different domain, CT radiomics has been used to predict osteoporotic
fracture risk. For example, Yang et al. (2025) analyzed postoperative spine CT scans of
patients treated with vertebroplasty and found that a model combining CT-radiomic
features with clinical factors predicted adjacent-level fracture (AUC = 0.86) [40]. This
suggests that radiomics can capture minute bone texture and density variations (mi-
croarchitecture deterioration) not apparent on standard images, flagging patients at high
fracture risk.

Overall, these studies demonstrate that radiomics systematically uncovers image
features (e.g., texture, shape, intensity patterns) that are usually imperceivable by the naked
eye. By transforming subtle imaging heterogeneity into quantitative biomarkers, radiomics
augments conventional spine imaging and enhances diagnostic precision in conditions
ranging from degenerative disk disease to tumors, infections, and fractures. In essence,
radiomics provides additional data beyond visual inspection, enabling earlier detection
and more accurate characterization of spine pathology.

Despite their promise, current Al tools in spine imaging still require rigorous
validation across diverse patient populations, careful integration into clinical workflows,
and demonstration of consistent performance, as they are not yet universally equivalent
to expert clinicians. Evidence from real-world evaluations highlights this concern. For
example, researchers who processed approximately 10,000 CT scans with HealthVCF at a
Danish hospital reported a sensitivity of 0.68 (68%, 95% CI 0.581-0.776) and a specificity
of 0.91 (91%, 95% CI 0.89-0.928) [42]. The investigators noted that the algorithm’s
performance was “poorer than expected” and concluded that the tested version was “not
generalizable to the Danish population,” highlighting potential variability in real-world
clinical settings [42]. While initial studies on HealthVCF have shown robust metrics, the
observed lack of generalizability in a real-world setting underscores a critical challenge
for all Al models: their consistent effectiveness across diverse patient populations and
varied clinical environments.

The urgency of addressing this limitation is amplified by the fact that numerous Al
systems entered clinical practice without undergoing thorough validation by the U.S. Food
and Drug Administration (FDA) prior to 2025. Clark et al. examined 119 medical devices
marketed as Al- or ML-enabled and found that 23 (19.3%) displayed discrepancies or
ambiguities between their advertised capabilities and actual FDA clearance [20]. Moreover,
many Al/ML tools undergo validation using synthetic or “phantom” datasets, such as
Generative Adversarial Networks (GANs), which often fail to capture the complexity of real-
world clinical conditions. Supporting this concern, Chouffani El Fassi et al. reported that
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226 of 521 FDA-approved Al-enabled clinical devices lacked peer-reviewed validation and
were not trained on genuine patient data [51]. These findings emphasize the critical need
for strengthened regulatory oversight, stricter validation requirements, and mechanisms
for continuous post-market monitoring. Without clinically representative training data
and real-time performance auditing, so-called “shadow” Al systems risk perpetuating bias,
jeopardizing patient safety, and obscuring liability.

3.2. Advanced Morphometric Analysis and Quantitative Assessment

Al-driven segmentation is rapidly transforming spinal radiographic imaging by au-
tomating the precise delineation and labeling of vertebral bodies, intervertebral disks,
neural foramina, and other anatomical landmarks. Automated segmentation and label-
ing remove much of the repetitive manual workload, reduce inter-observer variability,
and create the consistent regions of interest required for downstream quantification (e.g.,
Cobb angles, Pfirrmann grading, canal cross-sectional area). By converting anatomy into
structured, pixel-accurate masks, these tools enable reproducible measurements, longitudi-
nal monitoring, and the reliable extraction of radiomic features that feed diagnostic and
prognostic models.

New tools, such as SpineNet by Jamaludin et al., represent a landmark achievement
in comprehensive spinal analysis, as they can automate segmentation and label spinal
structures across various imaging modalities (e.g., CT, MRI) [10,70]. This automated
process allows for the one unified system to grade disk degeneration (e.g., Pfirrmann
grades), endplate defects, bone marrow changes, foraminal stenosis, and spondylolisthe-
sis [10,70]. Fortunately, many similar platforms are emerging, and external validation
studies have confirmed that these platforms are beginning to show consistent perfor-
mance across different institutional, socioeconomic, and patient settings (e.g., rural,
urban, etc.) [9,11].

Other networks such as Spine-GAN have extended this approach by performing
semantic segmentation of spinal anatomy: it segments intervertebral disks, vertebral
bodies, and neural foramina on MRI to aid in diagnosing foraminal stenosis and degen-
eration [71]. More recent multi-stage pipelines combine diverse inputs: for instance,
Windsor et al. (2024) describe an Al that first detects and labels vertebral bodies across
T1, T2, and STIR MRI sequences and then applies Transformer-based networks to diag-
nose disk pathology, cord compression, metastases, and vertebral fractures [43]. Such
end-to-end systems effectively replicate an expert reader by linking image registration
and diagnosis in one workflow.

Critically, these advanced Al platforms are beginning to prove robust across settings.
Open-source models like SpineNetV2, an updated second-generation version of SpinNet,
have undergone external validation in independent datasets. In one study, SpineNetV2
showed “strong performance” in predicting disk pathologies: Cohen’s k and related met-
rics exceeded 0.7 for most evaluated features, although foraminal stenosis and herniation
were somewhat harder [3]. These results demonstrate that a model trained at one site can
generalize with high reliability elsewhere. The availability of large, annotated datasets is
accelerating progress: for example, the CTSpinelK resource contains over 11,000 labeled
vertebrae (healthy and diseased), providing a rich training ground for segmentation algo-
rithms [49]. When such algorithms are open-sourced or deployed via federated networks
(e.g., TriNetX), researchers worldwide can contribute to and refine Al models, improving
their performance across patient populations.

These Al automated segmentation advances are also opening new modality fron-
tiers. Ultrasound spine images are notoriously difficult for analysis given their low
contrast and speckled noise, but attention-based deep networks have made segmen-
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tation feasible. Jiang et al. (2022) introduced the ultrasound global guidance block
network (UGBNet), which incorporates spatial and channel attention to segment verte-
bral landmarks in noisy ultrasound scans [72]. In their scoliosis study, UGBNet signifi-
cantly outperformed baseline models, achieving a Dice segmentation score of 0.742 [72].
By focusing on long-range spatial context and feature channels, UGBNet can reliably
trace bone contours that were previously hard to see. With such tools, clinicians can
use portable ultrasound to visualize spine curvature in real time. In effect, attention-
augmented U-Nets turn ultrasounds into more interpretable images, expanding Al spine
analysis into new modalities.

Al is similarly transforming quantitative measurements of spinal alignment. Con-
ventional manual Cobb angle measurements have 95% confidence intervals on the order
of 4-8°, while deep learning has markedly improved consistency with mean absolute
errors consistently below 3° (Figure 1) [18]. Galbusera et al. demonstrated that a CNN
can automatically measure lumbar lordosis, thoracic kyphosis, sagittal vertical alignment,
coronal Cobb angle, and pelvic parameters (e.g., frontal pelvic asymmetry, sacral slope,
pelvic tilt, and pelvic incidence) on whole-spine radiographs with accuracy parallel to
human evaluators (Figure 2) [73]. In other words, Al can quickly replicate the full battery
of clinical angles that a spine surgeon would manually compute, but in a fraction of the
time and with less variability. Subsequent studies have extended these models to very large
cohorts, showing that Al can process thousands of archived spine films to derive alignment
statistics that would otherwise take months of manual work [44].

Figure 1. Cobb angle measurement in scoliosis. Permission is granted to copy, distribute and/or
modify this document under the terms of the GNU Free Documentation License, Version 1.2 or any
later version published by the Free Software Foundation, with no Invariant Sections, no Front-Cover
Texts, and no Back-Cover Texts. This file is licensed under the Creative Commons Attribution-Share
Alike 3.0 Unported license with permission from Wikimedia Commons [74].

Deep networks have also been developed specifically for landmark localization. Yeh
et al. (2021) trained models on 2,210 lateral spine X-rays of diverse pathology to detect
45 anatomical landmarks and automatically compute 18 key sagittal parameters (e.g.,
C2-C7 angle, SVA, pelvic tilt) [18]. Their ensemble model’s measurements were highly
correlated with expert annotations; in fact, they matched clinician reliability in 15 of the
18 parameters [18]. This approach, first localizing landmarks, then calculating angles,
means Al can handle even off-center or suboptimal films by focusing on consistent internal
references. In practice, this yields near-expert performance on tasks like Cobb angle
measurement, even if the X-ray is rotated or partially cut off.
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Figure 2. Graphical representation of spinal and pelvic alignment parameters that convolutional
neural networks (CNNs) can automatically extract from whole-spine radiographs. Shown here are
thoracic kyphosis, lumbar lordosis, sacral slope, pelvic tilt, and pelvic incidence. CNN models have
also been demonstrated to measure additional parameters such as sagittal vertical alignment, coronal
Cobb angles, and frontal pelvic asymmetry with accuracy comparable to human evaluators. Figure
created with BioRender.com.

These capabilities are being packaged into practical tools. For instance, CobbAngle
Pro is a smartphone app that employs deep learning to analyze mobile photos of spine
X-rays and output scoliosis curvature. Field users (e.g., combat medics or rural clinicians)
can simply photograph the radiograph, and the app will identify vertebral endplates and
draw Cobb angles automatically. Published reports indicate this app’s measurements agree
closely with expert readers across mild, moderate, and severe scoliosis [45,46]. Since it is
commercially available and designed for ease of use, CobbAngle Pro exemplifies how Al-
driven morphometry is reaching frontline practice: it allows clinicians to perform reliable
alignment analysis at the bedside or in austere settings, freeing them from tedious manual
angle calculations [45,46].

Another advanced development is tissue segmentation. Models are now demon-
strating automated quantification of paravertebral muscle characteristics, including cross-
sectional areas and fatty infiltration patterns that correlate with functional outcomes and
disability measures. A primary example of this is the CTSpinelK dataset, which has anno-
tations for over 11,000 vertebrae including both healthy and pathological specimens [47].
The main benefit of CTSpinelk and related datasets, especially open-source datasets such
as those available on TrinetX [47,50], is that they can objectively measure muscle quality
and quantity on a large scale, thus enabling smaller research groups to study pathology
and incidence without necessarily needed an IRB-dictated patient cohort.
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Another significant application is Al-enabled image reconstruction and enhancement.
Modern imaging modalities, such as MRI and CT, often face trade-offs between image
resolution, signal-to-noise ratio, and scan time. Al tools, such as those developed by
NVIDIA Clara Imaging, use deep learning to reconstruct clearer, higher-resolution images
from lower-quality raw data [50]. This not only improves diagnostic confidence but
also allows for faster scans, reducing patient discomfort and motion artifacts, which is
particularly useful for spinal imaging where movement can compromise image quality.

Modern spine MRI and CT scans face inherent trade-offs between scan time, resolution,
and noise. Recent deep learning (DL) methods have begun to overcome these limits by
reconstructing high-quality images from undersampled or noisy data. In spine MRI, DL recon-
struction can dramatically speed up exams while maintaining (or improving) image quality.
For example, a prospective study of lumbar spine MRI found that a DL-reconstructed turbo
spin-echo protocol (TSE-DL) cut scan time by ~45% (i.e., 2:55 vs. 5:17 min) versus standard
imaging, without compromising overall image quality or pathology detection [75]. Similarly,
another clinical series reported a ~61% reduction in exam time with DL reconstruction, with
the accelerated MRI showing significantly less noise and artifacts, higher sharpness, and
even greater diagnostic confidence than the standard scans [76,77]. In short, these DL-MRI
techniques allow faster spine scans (reducing patient discomfort and motion blur) while
preserving or boosting image clarity.

DL is also used to generate or enhance MRI sequences that would otherwise re-
quire extra scan time. For instance, a synthetic STIR (Short Tau Inversion Recovery)
image can be generated by a neural network from routine T1/T2 images. One study
showed that synthetic STIR reduced the dedicated STIR acquisition by ~3 min, yet
yielded significantly higher signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR)
than a standard STIR; radiologists found the synthetic STIR images diagnostically inter-
changeable with the real STIR [78]. Likewise, in cervical spine imaging, applying DL
reconstruction to zero-echo-time (ZTE) MRI, a CT-like sequence, greatly improved bone
detail. Blinded readers rated the DL-enhanced ZTE images as having “superior image
quality and bone visualization” compared to conventional ZTE, making it easier to
evaluate osseous stenosis [79]. These examples show that Al can synthesize or enhance
MRI contrasts, speeding protocols and improving visualization of both soft tissue and
bone, without losing diagnostic information [78,79].

In spine CT, Al-powered reconstruction mainly targets noise reduction and dose
savings. Modern scanners already use iterative reconstruction, but DL reconstruction
(e.g., GE’s TrueFidelity or ClariCT.Al) can push quality further. In one 2025 clinical study,
lumbar CT scans were processed with a DL denoising algorithm, ClariCT.Al and compared
to standard filtered back-projection [80]. The DL-reconstructed CT showed a much higher
sensitivity for detecting disk herniations (60% vs. 44%) and higher specificity for stenosis
than standard CT; radiologists rated the DL-reconstructed CT images as having superior
image quality and diagnostic confidence [80]. In other words, the Al denoising made subtle
soft tissue findings on CT more conspicuous, improving clinical performance. Phantom
studies echo these benefits: an experiment using GE Healthcare’s DL image reconstruction
model, TrueFidelity, showed that deep learning reconstruction dramatically reduces noise
and boosts spatial resolution and lesion detectability compared to hybrid iterative meth-
ods [81]. This implies that for a given image quality, radiation dose could be substantially
lowered using DL image reconstruction techniques.

Al can also fuse modalities to enhance spine evaluation. A striking example is MRI-
based synthetic CT (sCT) of the spine. In a multicenter study of acute cervical spine
trauma, an Al algorithm generated CT-like bone images from routine MRI. The sCT images
detected 97.3% of fractures (sensitivity) and showed near-perfect agreement with actual CT
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in measuring vertebral heights and alignment [82]. The authors concluded that sCT is a
“promising, radiation-free” approach with accuracy comparable to CT [82]. In practice, this
means a patient could undergo one MRI exam and obtain both soft tissue and CT-like bone
information, reducing the need for a separate CT.

Together, these studies illustrate the real-world clinical value of Al reconstructions. DL-
enhanced MRI protocols allow substantially shorter spine exams (often 40-60% faster) while
maintaining or improving image quality [76,77]. DL-denoised CT scans enable a lower
radiation dose with equal or better disease detection [80,81]. Synthesized sequences like
STIR or ZTE-DL maintain full diagnostic content with far less scan time [81]. Additionally,
multimodal tools like sCT combine the strengths of MRI and CT in one step [82]. Many of
these Al reconstructions are now integrated into commercial systems (for example, FDA-
cleared software like SubtleMR uses DL back-projection networks trained on millions of
MRI images) so that radiology departments can apply them in routine spine imaging [76].

3.3. Al's Ability to Enhance Workflow

Al is increasingly being applied to optimize clinical workflow in spinal imaging. One
key frontier is scanning triage, where Al algorithms automatically prioritize studies that
show critical or urgent findings, ensuring that radiologists review these cases first and
reducing delays in time-sensitive diagnoses [83,84].

Al triage tools are increasingly deployed to flag urgent spinal pathologies and stream-
line radiology workflow. For example, Aidoc’s FDA-cleared cervical-spine fracture al-
gorithm automatically analyzes trauma CT scans and prioritizes patients with potential
fractures by sending them to the top of the radiologist’s patient list [13]. In practice this
means the radiologist is alerted to subtle C-spine fractures within minutes.

This quick alert helps reduce diagnostic time; researchers found a 16 min (46%)
reduction in time to diagnosis for positive cases of cervical spine fractures when using
Aidoc compared to traditional methods [63]. These spine-imaging triage systems that
automatically detect acute findings (e.g., cord compression or vertebral fractures) and
push those studies up the queue can substantially improve radiologist efficiency. Faster
turnaround for urgent cases not only speeds diagnosis but can improve outcomes: the
American College of Radiology notes that Al detection of acute cord compression could
“reduce turnaround time and improve quality of care,” potentially averting paralysis or
other deficits [85].

In sum, Al triage in spine imaging ensures that critical findings are recognized and
reported more rapidly. Systems like Aidoc’s C-spine algorithm platform illustrate how
deep learning can flag urgent pathology and automatically notify clinicians. This process
improves overall workflow by focusing radiologist attention on high-priority cases first,
reducing the risk of missed injuries, and shortening diagnostic delays. Early clinical results
suggest that these tools can significantly cut report wait times and length of stay for pa-
tients. Moreover, opportunistic Al screening (e.g., algorithms that detect vertebral fragility
fractures on routine CT) can identify otherwise undetected spine injuries in thousands of
patients. By integrating Al alerts into the PACS and reporting system, radiology depart-
ments can achieve faster turnaround, more consistent detection of acute spine findings, and
more efficient communication with treating teams. However, recent external validation
studies have highlighted important limitations, particularly in detecting chronic fractures
and subtle pathological changes amid varying fracture characteristics and imaging qual-
ity [86,87]. This is a cautionary tale to developers and hospital administration alike: all
parties must ensure continuous model refinement and, if needed, failure mode analysis to
optimize clinical performance.
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Large language models (LLMs) and Natural Language Processing-driven (NLP-driven)
tools are beginning to automate the creation of radiology reports from spine imaging data.
Many current systems combine image analysis (e.g., segmentation, detection, measure-
ments) with templated language output. For example, SmartSoft’s FDA-cleared CoLumbo
software Version 3 analyzes lumbar spine MRIs, identifying and measuring vertebral
structures and pathologies, and then creates a detailed draft report with the findings that
clinicians can edit [88]. Similarly, RemedyLogic’s Radiology Al platform creates concise
summaries on its findings after identifying abnormalities and incidental findings [89]. In
practice, these systems pre-populate structured report templates with key observations
(e.g., levels of stenosis, disk degeneration) and draft language, which the radiologist can
then review and finalize. These reports in turn should help improve workflow and save
radiologists’ time. Studies have shown that LLM-assisted reporting can significantly re-
duce reporting time compared to conventional methods, with one study demonstrating
a reduction from 8.95 to 6.76 min per report using summary-based workflows and LLM-
generated templates, without compromising report quality [90]. Another study found
that multimodal LLMs using minimal audio input reduced reporting time and corrections
compared to conventional speech recognition workflows, while maintaining or improving
report quality [91] LLMs also support multilingual and personalized reporting, further
streamlining the process [92].

Beyond rule-based reporting, generative Al is also being introduced into radiology
workflows. For instance, Nuance/Microsoft’s PowerScribe Smart Impression uses an LLM
to automatically draft the impression section of a report from the imaging findings that are
highly rated for scientific terminology, coherence, and comprehensiveness; these reports
either matched or exceeded human performance in clarity and completeness [93]. In a
similar spirit, one study fine-tuned an 8-billion-parameter Llama-3 model on thousands of
MRI and CT reports and found that the LLM could generate clinically accurate descriptions
for new imaging exams [94]. These proof-of-concept systems illustrate how an LLM can
ingest structured findings and output clinically sensible narrative text, thereby lightening
the radiologist’s workload and improving report uniformity.

Importantly, integrating Al outputs into the reporting workflow has proven efficiency
benefits. For example, an “Al-to-structured-report” pipeline was developed for chest X-
rays, in which Al findings automatically populate a structured report template. Reports
generated with this pipeline were completed in significantly less time (mean ~67 s) than
traditional free-text reports (~86 s) and were rated as higher quality [95]. Translating this to
spine imaging, a similar workflow could automatically fill out a spine MRI or CT report
with measurement values and descriptions (e.g., disk height, neural foramina size), vastly
reducing administrative burden. In practice, these tools not only accelerate reporting but
also standardize reports. Consistent language and structured output ensure that referring
clinicians (e.g., surgeons, pain specialists, etc.) receive clear, comparable information across
patients. By reducing repetitive transcription and variability, Al-generated preliminary
reports help radiologists focus on complex interpretation and ensure that key findings are
communicated efficiently and uniformly to the clinical team.

4. Surgical Planning and Robotic-Assisted Interventions
4.1. Advanced Preoperative Planning and Simulation

Artificial intelligence (AI) has transformed preoperative planning in spinal surgery,
shifting the paradigm from generalized heuristics toward patient-specific, data-driven
optimization. Traditional imaging review and surgeon experience remain foundational,
but modern Al-powered platforms now extract detailed biomechanical and anatomical
features from CT and MRI to build 3D reconstructions tailored to each patient [16]. These
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reconstructions are not static visual aids; they increasingly integrate predictive analyt-
ics, offering simulations of surgical trajectories, guide implant selection, and anticipated
biomechanical stresses.

One significant development is the incorporation of finite element analysis (FEA) into
Al-driven platforms. By simulating load-bearing mechanics under various conditions,
FEA helps forecast implant longevity, risk of hardware failure, and the distribution of
spinal stresses post-fusion [96]. Such modeling has direct clinical relevance, especially in
osteoporotic patients or those undergoing multilevel fusions where the interaction between
native bone and implants can be unpredictable.

Robotic platforms are embedding these tools into their workflows. The Mazor X
Stealth Edition integrates predictive planning with robotic navigation, enabling surgeons
to simulate screw placement in virtual environments before transferring the plan intraoper-
atively [17]. Similarly, the ExcelsiusGPS provides real-time feedback during execution, link-
ing preoperative CT-based models with intraoperative adjustments that account for cortical
thickness and bone mineral density. These features are particularly valuable in deformity
or revision surgeries, where conventional anatomic landmarks are unreliable [17,19,97].

Peer-reviewed validation studies highlight the accuracy of such systems. Jia et al.
demonstrated that an Al-driven planning algorithm designed screws that were not only
larger and longer than those chosen manually, but also safer: 85.1% of Al-suggested
screws achieved a Grade A accuracy (i.e., no cortical breach) compared to 64.9% in
freehand techniques [98]. Similarly, a DL-based planning system using the nnU-Net
architecture successfully segmented spinal anatomy and recommended trajectories on
par with human experts, although its robustness across highly variable pathologies
remains an open question [99].

Imaging innovation is extending planning into radiation-conscious domains. A study
by Levi Chazen et al. showed that deep learning-reconstructed 3D MRI could mimic CT for
pedicle screw planning, achieving nearly identical geometric accuracy [100]. This approach
could significantly reduce patient exposure to ionizing radiation, especially in young or
revision-prone populations.

The next frontier lies in adaptive, intelligent planning frameworks. The SafeRPlan
model exemplifies this evolution, applying deep reinforcement learning (DRL) to refine
screw trajectories intraoperatively. Importantly, it integrates safety filters to mitigate errors,
representing a step toward autonomous yet surgeon-supervised planning systems [101].
Such “learning-in-action” methodologies mark a shift away from static preoperative designs
toward continuously adaptive surgical strategies.

4.2. Robotic-Assisted Surgical Execution

Robotics in spine surgery is evolving from navigational assistance toward true Al-
driven co-surgeons. Early systems like ROSA Spine or da Vinci SP functioned primarily as
stabilizers for surgeon-guided trajectories, but modern platforms increasingly incorporate
Al for dynamic adjustment and real-time control [102].

The VELYS™ Active Robotic-Assisted System, developed by DePuy Synthes with
eCential Robotics, exemplifies this shift. FDA-cleared for use across cervical, thora-
columbar, and sacroiliac fusions, VELYS employs active robotics with independent nav-
igation that recalibrates in response to intraoperative imaging and even subtle patient
movement [102,103]. This millimeter-level adaptability is particularly critical in revision
and deformity surgeries where unexpected tissue shifts or hardware interference often
derail traditional navigation.

Medtronic has also advanced robotic intelligence by linking its Mazor platform
with real-time analytics. The system integrates intraoperative CT, fluoroscopy, and

20



Bioengineering 2025, 12, 967

MRI, dynamically updating trajectories when deviations occur [104]. This “closed-loop”
design reduces cumulative error, a limitation often cited in earlier-generation systems.
Likewise, the eCential Robotics Spine Suite consolidates planning, navigation, and
execution into one environment, enabling continuous recalibration across modalities
and surgical phases [105-107].

Importantly, the trend is toward self-improving systems. Cloud-based federated
learning allows robotic platforms to assimilate global datasets, tracking outcomes across
institutions, while maintaining patient privacy [108]. This collective intelligence could even-
tually normalize performance across centers, reducing variability that currently depends
heavily on surgeon skill and institutional resources.

Early experimental work suggests where this is heading: DRL-driven robotic frame-
works that autonomously adjust trajectories in real time. These models learn to adapt to
intraoperative conditions such as tissue deformation, with built-in safeguards to ensure
error containment [101]. While still investigational, their translation into clinical robotics
could herald a new era of semi-autonomous intraoperative adaptation.

4.3. Integration with Advanced Navigation and Guidance Systems

Navigation technologies remain the backbone of precision in spine surgery, but Al
is fundamentally reshaping how guidance is achieved. Brainlab Curve Navigation, for
example, now couples intraoperative CT and fluoroscopy with Al-based registration to
accelerate setup and improve accuracy in pedicle screw placement [109]. This reduces not
only operative time but also the radiation burden from repeated imaging.

Stryker’s NAV3i expands this model through automatic landmark recognition, which
simplifies registration in anatomically complex cases such as scoliosis [27]. Medtronic’s
StealthStation S8 similarly enhances adaptability by continuously correcting navigation
drift using Al-driven error modeling [28]. These advances address one of the most persis-
tent problems in spine navigation: progressive misalignment during surgery.

Zimmer Biomet’s ROSA ONE Spine and NuVasive’s Pulse platforms add further layers
with Al-enabled augmented reality (AR) overlays. These overlays visualize planned screw
paths directly in the surgical field, while feedback systems dynamically warn surgeons
of deviation from optimal parameters [110-112]. Such human-machine synergy enables
surgeons to anticipate complications in real time rather than respond reactively.

Emerging techniques now bypass traditional markers altogether. A deep neural
network was recently used to segment the lumbar spine directly from RGB-D camera
input, enabling AR-guided navigation with registration errors averaging ~1.2 mm and
100% pedicle screw accuracy in ex vivo testing [113]. Similarly, a modular hybrid system
achieved ~1.1 mm accuracy using as few as three C-arm images per screw, underscoring
the feasibility of combining Al-guided efficiency with reduced radiation exposure [114].

Together, these approaches illustrate the convergence of Al, robotics, and AR/VR into
fully integrated surgical ecosystems, where each component strengthens the accuracy and
safety of the others.

4.4. Functional Outcome Prediction and Treatment Optimization

Beyond intraoperative execution, Al is increasingly applied to predicting recovery and
optimizing long-term outcomes. This is particularly relevant in spine surgery, where radio-
graphic success does not always correlate with patient satisfaction or functional improvement.

Recent work with Graph Neural Networks (GNNs), GAN, and Transformer models
demonstrates the potential of integrating diverse datasets, ranging from imaging biomark-
ers to psychosocial indices, to predict complications, pain persistence, or quality-of-life
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outcomes [115-118]. These models extend beyond statistical regression, uncovering nonlin-
ear patterns invisible to conventional analytics.

NLP represents another frontier. By mining clinical notes, postoperative journals, or
patient-reported text, NLP algorithms can quantify subtle psychological factors such as anxiety,
resilience, or depressive sentiment that heavily influence recovery (Figure 3) [119-121]. Such
insights could individualize rehabilitation strategies in ways radiographic assessment cannot.

Computer
Science

Human
Language

Artificial
Intelligence

Figure 3. Diagram showing the hierarchy of Natural Language Processing. The depicted text is
ineligible for copyright and therefore in the public domain because it is not a “literary work” or other
protected type in sense of the local copyright law [122].

Wearable technology provides the data backbone for these predictive frameworks.
Devices such as ActiGraph GT9X and WHOOP Strap 4.0 generate continuous physiolog-
ical, activity, and sleep data [123,124]. When analyzed through Al models, these datasets
create dynamic recovery profiles, guiding interventions like physiotherapy intensity
or pain management titration. Edge Al and federated learning approaches allow such
analyses while preserving patient privacy, enabling multicenter datasets to inform global
predictive models [125].

Early pilot studies suggest that integrating intraoperative robotic performance metrics
(e.g., screw placement accuracy, time to completion) with postoperative wearable-derived
physiology may produce holistic predictions of recovery trajectories. Such models could ul-
timately drive adaptive, individualized rehabilitation regimens, optimizing both functional
outcomes and patient satisfaction.

4.5. Cost-Effectiveness Analysis

Despite these technical advances, the sustainability of Al in spine surgery depends
on its economic justification. Health systems operating under value-based care frame-
works increasingly demand demonstration that technology improves outcomes relative
to costs [126]. Yet, spine surgery lacks disease-specific quality-of-life (QOL) instruments
that adequately capture its unique blend of functional, neurological, and psychoso-
cial outcomes [74,127,128].

Cost-effectiveness studies of navigation and robotics generally report improved ac-
curacy, shorter operating times, and reduced complication rates. However, high acqui-
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sition and maintenance costs, coupled with steep training curves, remain major barriers
to adoption [129]. These findings underscore the need for comprehensive cost models
that incorporate both direct (equipment, training, OR time) and indirect (rehabilitation,
reoperation avoidance) variables.

Future frameworks may need to incorporate behavioral economics and complexity
theory, assessing not just cost per procedure but how surgeon learning, institutional adop-
tion, and interdisciplinary workflows evolve in response to Al integration [9,129]. Coupling
these models with predictive outcome analytics could allow reimbursement structures that
tie financial incentives directly to demonstrated patient-centered improvements.

5. Genomic Applications and Precision Medicine
5.1. Genome-Wide Association Studies in Spine Surgery Risk Assessment

Large-scale genome-wide association studies (GWAS) leveraging national biobanks
(e.g., UK Biobank, FinnGen) are beginning to clarify the heritable architecture of spinal
disease and perioperative risk. In surgically managed adult spinal deformity (ASD),
a study of 540 patients identified 21 single-nucleotide polymorphisms (SNPs) associ-
ated with surgical risk, with the LDB2 variant (rs12913832) showing the most robust
signal and implicating ectodermal differentiation pathways in spinal morphogenesis
and repair [21,130-134]. Parallel meta-analyses for lumbar disk herniation (LDH) across
three biobank cohorts reported 41 novel loci, implicating genes central to inflamma-
tory signaling (IL6R), extracellular matrix composition (COL11A1), and Wnt/ 3-catenin
regulation (DKK1)—pathways that mechanistically influence disk integrity and biome-
chanical behavior. For lumbar spinal stenosis (LSS), replicated associations near GFPT1
and AAKI point to roles for glycosylation and synaptic vesicle trafficking in modulating
neural vulnerability to compressive forces [132-136].

Translating these associations into clinical utility requires aggregation and contex-
tualization. Polygenic risk scores (PRS) that combine genome-wide variant weights with
clinical covariates (body-mass index, radiographic severity, comorbidity indices) now
permit probabilistic stratification of patients for adverse outcomes, examples include
heightened predicted risk for pseudarthrosis tied to SMAD3-related signaling and ele-
vated reoperation probability in certain genetic strata [137,138]. Importantly, integrating
GWAS signals with phenotypic features using machine learning models, where genomic
data are fused with radiomics and clinician notes parsed by large language models, has
improved prediction of early neurological deterioration and postoperative sepsis in ASD
cohorts, enabling earlier, preemptive resource allocation [139]. Clinically actionable
findings are emerging: carriers of CHST3 variants, which associate with degenerative
disk phenotypes, may be prioritized for intensified rehabilitation or considered for
targeted biologic strategies (e.g., matrix metalloproteinase inhibitors in MMP2-linked
stenotic disease). These represent early but concrete instances of genomics informing
individualized perioperative plans.

Beyond risk assessment, the field is exploring interventional genomics. Ongoing
translational efforts and early-phase trials investigate gene-editing (e.g., CRISPR-Cas9)
and small-molecule modulation of GWAS-implicated targets such as NFU1 in stenosis and
GSDMC in inflammatory disk degeneration, highlighting a therapeutic horizon where geno-
type guides targeted molecular therapy in conjunction with surgical management [140].

5.2. Pharmacogenomics and Personalized Pain Management

Pharmacogenomics is increasingly relevant to postoperative analgesia and medica-
tion safety in spine surgery. Allelic variation in cytochrome P450 enzymes—principally
CYP2D6 and CYP3A4—substantially influences opioid pharmacokinetics and clinical
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response: CYP2D6 poor metabolizers risk inadequate conversion of prodrugs such as
codeine, whereas ultra-rapid metabolizers face overdose risk from active metabolites,
a nuance critical for perioperative prescribing [141]. Clinical decision support systems
(e.g., PharmCAT) and consensus resources from CPIC translate genotype (including
OPRMI1 rs1799971) into EHR-integrated prescribing guidance, enabling clinicians to
tailor opioid selection or choose alternatives such as tapentadol or non-opioid adjuncts
(e.g., duloxetine for COMT Val158Met carriers) [142-144]. Similarly, polymorphisms
in inflammatory mediators, IL6 rs1800795 and TNF-« rs1800629, have been associ-
ated with differential NSAID efficacy and adverse-event profiles, informing safer anti-
inflammatory choices in at-risk patients [145]. For bone healing, genetic variation in
BMP2 (rs235768) and the vitamin D receptor (VDR rs731236) have been used to triage
patients who may benefit from anabolic agents such as teriparatide to reduce nonunion
risk following fusion [146,147]. Commercial pharmacogenomic panels (e.g., OneOme
RightMed) are broadening their gene coverage and are increasingly incorporated into
pre- and postoperative workflows to mitigate adverse events and optimize analgesic ef-
ficacy. Together with the shift toward non-addictive agents (gabapentin for neuropathic
pain; SNRIs for centralized pain syndromes), these genomic tools support individualized,
safer multimodal pain regimens in the post-opioid-epidemic era [148,149].

5.3. Multi-Omics Analysis

Integrative multi-omics platforms operationalize complex molecular datasets to de-
lineate pathobiology and predict therapeutic response. Cloud-enabled pipelines (Seven
Bridges, DN Anexus) now permit the harmonized analysis of genomics (GWAS/PheWAS),
proteomics (e.g., Olink Target 96 inflammation assays), metabolomics (Metabolon HD4),
and single-cell transcriptomics (10x Genomics) to map dysregulated pathways in spinal
disease [150]. Proteomic profiling by proximity—extension assays has repeatedly identi-
fied elevations in IL-6 and COMP in degenerative disk disease, while high-throughput
proteomics (Somalogic SomaScan 7K) has associated increased MMP-3 expression with
subsequent pseudarthrosis, suggesting candidate biomarkers for failed fusion risk [151].
Machine learning frameworks such as DeepOmics now integrate these modalities, linking
specific genomic variants (e.g., COL1A1 mutations) to downstream collagen dysregulation
and ACAN variants to proteoglycan depletion and disk desiccation, thereby predicting
which molecular phenotypes may respond to particular biologic or regenerative interven-
tions [22]. As these multiomic signatures are validated longitudinally and embedded into
clinical decision pipelines, they will enable precision stratification of patients for targeted
biologics, optimized surgical timing, and personalized rehabilitation regimens.

6. Clinical Decision Support and Documentation Systems
6.1. Ambient Clinical Intelligence and Documentation Automation

Ambient clinical intelligence (ACI) platforms have substantially reconfigured docu-
mentation workflows in contemporary practice. Systems such as Nuance Dragon Ambient
eXperience (DAX) and Suki Al combine advanced speech recognition with natural language
processing to generate clinical notes directly from physician—patient conversations [23].
These platforms can diarize encounters, identify salient clinical findings, and structure
documentation according to specialty-specific templates and guideline-driven frameworks.
When integrated with electronic health records (EHRs), ACI tools enable scribes, nurses,
and physician assistants to document more efficiently and with greater consistency, reduc-
ing duplication of effort across the care team.

Specialty-focused charting solutions further extend these capabilities. For example,
Ambience Healthcare provides co-pilot functionality for pre-charting, real-time scribing,

24



Bioengineering 2025, 12, 967

and automated post-visit summaries [48]. Its connectivity with major EHR vendors sup-
ports bidirectional data exchange and richer secondary analysis of clinical information [48].
Similarly, DeepScribe and Notable Health illustrate how deep learning-based systems can
be tailored for orthopedics and spine care. These platforms are trained on large, domain-
specific datasets so that their output reflects spine anatomy and pathology in addition
to surface linguistic features; this allows for more clinically relevant error detection and
correction than grammar-only dictation tools.

Across implementations, the principal reported benefit is a reduction in after-hours
documentation and associated clerical burden, which can improve clinician work-life
balance and reduce the risk of burnout. Importantly, these technologies are positioned as
augmentative rather than replacement tools: clinicians retain supervisory control, review-
ing and validating algorithm-generated content. This human-AlI collaboration functions as
a check-and-balance that both streamlines documentation and mitigates charting errors,
while preserving clinician accountability and the integrity of the medical record.

6.2. Clinical Decision Support Systems

Al-enabled clinical decision support systems (CDSS) deliver real-time, evidence-based
guidance to assist diagnosis, therapeutic selection, and management optimization in spine
care. IBM Watson for Clinical Decision Support exemplifies the marriage of cognitive
computing and clinical expertise, mining large bodies of medical literature together with
patient-level data to produce tailored treatment recommendations [14,152]. Such systems
can synthesize complex presentations to generate differential diagnoses, suggest treatment
options, and estimate prognoses that reflect both current best evidence and individual
patient characteristics.

Critical to their utility is the ability to integrate heterogeneous data streams (e.g., imaging
features, demographics, comorbidities, and operative variables) to perform comprehensive
risk stratification and outcome prediction. Continuous learning mechanisms permit these
systems to incorporate new research findings and real-world outcomes, progressively refining
their recommendations. Moreover, real-time analytics deliver dynamic risk updates as a
patient’s status evolves or as intraoperative information becomes available, enabling proactive
adjustments to management plans that aim to optimize clinical outcomes.

7. Current Challenges, Limitations, and Implementation Barriers
7.1. Technical and Algorithmic Limitations

The adoption of novel Al technologies into routine spine care remains constrained by
several interrelated technical and algorithmic limitations. Prominent examples illustrate
limited generalizability: systems developed for cervical spine fracture detection (e.g.,
Aidoc) and joint assessment (e.g., Zebra Medical Vision’s HealthVCF) have demonstrated
performance drops when applied to imaging produced under different protocols or scanner
vendors. Variations in slice thickness, field of view, and contrast administration commonly
degrade model performance when these algorithms encounter unfamiliar datasets. In
practice, complete harmonization across major vendors (e.g., GE, Siemens, Philips) is
unrealistic, and algorithm robustness must therefore be addressed through design and
deployment strategies rather than idealized standardization [15,153,154].

Hardware-related artifacts further complicate reliable performance. Metallic implants,
frequent in revision spine surgery, produce signal distortions that have led to segmen-
tation failures in systems such as SpineNet when processing MRI scans with titanium
hardware [155]. These fragilities raise both patient-safety and economic concerns, because
models require ongoing surveillance, periodic retraining, and software maintenance to
remain clinically useful, increasing implementation and lifecycle costs.
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Algorithmic limitations also arise from the intrinsic heterogeneity and rarity of certain
pathologies. SpineNet and similar tools exhibit weaker performance in grading disk degen-
eration and quantifying spondylolisthesis for less common conditions; examples include
sacral chordomas, which present atypical anatomy, histopathology, and metastatic patterns
that are poorly represented in training sets [156-158]. Although enlarging and diversifying
training datasets can mitigate some failures, it is neither practical nor feasible to expect any
system to achieve perfect sensitivity and specificity across every rare presentation.

Dataset bias and representativeness are additional, persistent problems. Publicly
available collections (e.g., CTSpinelK) and many institutional repositories disproportion-
ately reflect urban, academic practice populations, leaving rural and underserved patient
presentations underrepresented. Geographic, linguistic, and practice-pattern variations
therefore create sampling biases that limit external validity. Retrospective curation further
compounds the issue through selection effects. Consequently, no training corpus can be
entirely comprehensive or error-free, an unavoidable constraint that must be acknowledged
during model evaluation and clinical deployment.

Longitudinal assessment poses yet another technical challenge. Many current mod-
els are cross-sectional by design, inhibiting consistent tracking of disease progression
across pre- and postoperative intervals. This limitation is particularly consequential
for practices without access to high-performance computing resources. Smaller private
groups and many community hospitals may be unable to bear the USD 500,000-USD
1 million capital costs associated with real-time processing infrastructure, a disparity
that persists alongside the closure of over 140 U.S. hospitals since 2010 [159-161]. Finally,
limited model interpretability, the so-called “black box” problem, can obscure deci-
sion rationale, impairing clinician trust and complicating the translation of algorithmic
outputs into patient-centered care [162].

7.2. Regulatory and Validation Challenges

Regulatory pathways and validation requirements introduce additional barriers.
The FDA'’s evolving framework struggles to accommodate continuous learning systems,
such as those embedded in platforms like Mazor X Stealth Edition, where post-market
performance may change as algorithms adapt. Worryingly, a 2022 analysis found that
226 of 521 FDA-cleared Al devices lacked peer-reviewed clinical validation, raising
questions about the evidence base supporting many deployed tools and the potential
risks to patient safety [51].

Robust, multi-institutional validation, necessary to demonstrate generalizability
across heterogeneous care settings, is logistically and financially demanding. Collabora-
tive validation efforts that coordinate datasets across rural and urban hospitals have been
estimated to cost on the order of USD 250,000 annually, limiting participation by resource-
constrained centers and slowing generation of high-quality external evidence [163]. The
ALIGNMENT study provides a cautionary precedent: despite guideline dissemination,
uptake of short-course radiotherapy did not increase substantially, illustrating how
dissemination alone cannot substitute for practical validation and institution-specific
implementation work [164].

Physician skepticism compounds these challenges. Concerns about workflow dis-
ruption, loss of autonomy, and uncertain reimbursement influence adoption decisions,
small practices are particularly sensitive to economic pressures, and recent Medicare pay-
ment reductions for spine procedures (2024) have further constrained capital investments
such as robotic platforms (e.g., ExcelsiusGPS) [165]. Regulatory and documentation bur-
dens, reporting requirements that can add an estimated 10-15 administrative hours per
week, further disincentivize adoption in understaffed clinics. Collectively, these forces
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create a conservative adoption environment where only well-validated, cost-effective, and
workflow-friendly solutions are likely to gain traction.

7.3. Clinical Integration and Workflow Challenges

Finally, integrating Al into the clinical ecosystem challenges established workflows
and cultural norms. Intergenerational differences shape expectations: some senior clin-
icians view tools like automated scribes (e.g., DeepScribe) as encroachments on clinical
autonomy, while newer clinicians expect seamless EHR integration and interoperability
to reduce clerical burden [166]. Patient acceptance is equally critical and increasingly
fragile; high-profile healthcare data breaches in 2024 have heightened privacy concerns and
made patients more cautious about the use of AI/ML tools, especially those that perform
sentiment analysis or rely on extensive, linked datasets. Addressing these integration
barriers requires not only technical robustness and regulatory clarity but also transparent
governance, clear communication about data stewardship, and implementation strategies
co-designed with clinicians and patients to preserve trust and clinical utility.

7.4. Data Quality, Generalization, and Statistical Stability

Despite promising diagnostic accuracy in controlled research settings, Al-driven
spine imaging tools remain fundamentally constrained by data quality and representa-
tiveness. Convolutional neural networks (CNNs) implicitly assume that training and
clinical images share the same statistical properties; any distribution shift (e.g., different
scanner vendors, acquisition protocols, or patient populations) can markedly degrade
performance [167,168]. Studies consistently report that models trained at one center often
underperform on external data, with accuracy drops when applied to images from unfa-
miliar sites or devices [167,168]. In short, the “garbage in, garbage out” principle holds:
CNNss learn superficial statistical cues in the training set and therefore rely critically on
high-quality, well-curated data [24,167]. If data are noisy, biased, or limited in scope, model
outputs become unreliable; for instance, mislabeled cases or subtle imaging artifacts in the
training set will propagate directly to model errors, since CNNs are not inherently robust to
annotation errors [24,167]. Additionally, large-scale datasets can increase statistical power
but also introduce distinct risks when data provenance, sampling biases, or measurement
semantics are not explicitly handled. Roccetti et al. describe a useful cautionary example:
training an RNN on ~15 million water-meter readings from >1 million meters initially
produced non-positive results until the authors defined a clear “semantics of validity” and
curated a representative subset, at which point model accuracy rose from roughly 60% to
the 80-90% range [169]. This work illustrates a practical paradox: more data does not
automatically resolve bias, and indiscriminate upscaling can amplify noise or confounders
rather than improve real-world performance. Consequently, we emphasize the need for
(i) careful data provenance reporting, (ii) explicit criteria for inclusion/exclusion and se-
mantic validation of records, and (iii) external validation across heterogeneous cohorts
before asserting clinical or operational generalizability [169].

Typical medical datasets are often small, imbalanced, and collected under narrow
conditions. High-quality labels require expert effort and are expensive, so many available
datasets contain annotation errors, ambiguity, or limited case diversity [24,170]. Rare spine
pathologies and uncommon patient demographics may be underrepresented, causing
CNNi s to overfit common patterns and miss atypical cases. This problem has been high-
lighted by Alizadehsani et al. and others, who show that data scarcity and class imbalance
significantly impair CNN robustness and generalizability [167,170]. Ensuring statistical
stability and that training data truly reflect real-world variability is therefore a major ob-
stacle. Practical remedies include continuous external validation, assembling multicenter
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training cohorts, and applying domain-adaptation techniques to maintain performance
across diverse clinical settings [168,170]. Without such rigorous data curation and ongoing
model refinement, Al systems risk failing in non-ideal conditions and should be applied
with caution.

Training data should be expertly annotated to cover the full spectrum of disease
presentations and patient demographics to ensure reliability and clinical relevance. In
reality, datasets vary widely in annotation quality and scope: multi-site collections can
suffer from inconsistent protocols and labeling conventions, and retrospective curation
often favors easily obtainable cases (e.g., urban hospitals or clear-cut pathology), thereby
omitting rare presentations or underrepresented populations [171]. This dataset bias,
when training data do not fully reflect the target patient population, produces models that
perform well on familiar cases but degrade on new scenarios [171]. Recent reviews therefore
emphasize the need to standardize data collection and annotation across institutions and
to explicitly document dataset provenance (e.g., imaging vendor and patient mix) so users
can assess generalizability [171].

Beyond data composition, statistical rigor in model evaluation is essential for stability
and trust. Models trained on small or narrow datasets are prone to overfitting, and
a number of systematic reviews have found that many published Al studies rely solely
on cross-validation with small samples and omit sample-size calculations, a significant
methodological shortcoming [171]. Without proper power analysis or independent test
sets, reported accuracies may be inflated or highly variable. Developers should therefore
compute confidence intervals for performance metrics and, whenever possible, reserve
a held-out test set or perform external split-validation. Larger, multi-institutional datasets
are also needed: empirical evidence suggests that increasing sample size often yields lower,
but more realistic, accuracy estimates, implying that some earlier small-sample reports
were over-optimistic [171]. Reporting only a single metric (e.g., a solitary AUC) without
confidence bounds obscures the potential range of true performance and can undermine
clinical trust.

Finally, AI systems must remain statistically stable over time. After deployment,
data distributions commonly drift because of changes in equipment, protocols, or patient
populations; even well-calibrated models can misbehave on shifted inputs. Responsible im-
plementations therefore include ongoing data monitoring and drift detection (e.g., checking
input histograms or outcome rates), with retraining or recalibration triggered as needed.
Regulatory guidance is beginning to address these concerns: for adaptive or continuous
learning systems, an Algorithm Change Protocol is advised to specify retraining criteria
and requisite validation steps after any update [24]. In sum, ensuring high data quality
(i.e., comprehensive, consistently annotated training sets), applying rigorous statistical vali-
dation, and explicitly quantifying uncertainty (e.g., with confidence intervals and external
testing) are cornerstones of robust, generalizable Al in healthcare.

7.5. Bias, Fairness, and Subgroup Performance

Al tools can unintentionally perpetuate or worsen healthcare disparities when training
data reflects historical biases. Experts caution that deployment must assess not just overall
accuracy but performance across demographic subgroups [172]. For example, recent
studies have found that chest X-ray classifiers tend to systematically underdiagnose disease
in Black patients [172]. Deep learning models have even been shown to infer sensitive
attributes (race, gender, age) from imaging data, using them as “shortcuts” [172], learning
correlations that exist in the data but have no true causal basis. If unaddressed, such biases
can lead to unequal care (e.g., delayed treatment for one group), defeating the equitable
intent of AL
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To uncover and mitigate these biases, subgroup performance must be reported ex-
plicitly. Recent reporting guidelines (i.e., TRIPOD-AI) now require that model evaluations
include metrics with confidence intervals for each key subgroup (e.g., race, sex, age, or other
clinically relevant categories) [173]. In practice, this means a developer should present, say,
the sensitivity and specificity separately for men vs. women or for different racial groups.
This can reveal hidden failures: for instance, a model with 90% sensitivity overall might
have only 75% sensitivity in a minority subgroup. Encouragingly, TRIPOD-AI explicitly
embeds fairness in its checklist with the “issues of fairness” in the interpretation section
and advises the use of subgroup plots or heterogeneity analyses [173]. By contrast, many
older studies omitted such details, making it impossible to know if an algorithm is safe for
all populations. Demanding transparent subgroup reporting is thus a practical step toward
fairness in spine imaging and beyond.

When biases are identified, steps should be taken to mitigate them. These steps might
include rebalancing training data (e.g., adding more examples from underrepresented
groups) or incorporating fairness-aware algorithms that penalize disparate error rates.
Importantly, even good fairness performance in the training context is not guaranteed to
hold after deployment: models must also be tested for bias under distribution shifts [172].
Ultimately, ensuring equitable Al in medicine requires both (a) rigorous measurement of
subgroup outcomes and (b) thoughtful adjustment of models and workflows to correct
any unfairness.

7.6. External Validation, Robustness, and Failure-Mode Testing

Demonstrating an AI model’s robustness requires testing beyond its own training
environment. Numerous systematic reviews have found that radiology Al algorithms suffer
performance drops when tested on external data. In one review, fully 81% of published
external validations showed a decline in accuracy on new datasets, with about a quarter
showing large (>0.10) drops in AUC [174]. This drop is strong evidence that models often
“overfit” to the specifics of one site. For this reason, current best practice is to perform
multi-center external validation before deployment. Ideally, developers should evaluate
their model on data from several hospitals or vendors that were not used in training, to
ensure it generalizes across scanners and patient populations. Indeed, experts urge a shift
from single-center studies to multi-center trials and prospective evaluations [29,56]. Such
validation might include, for example, scanning new MR images from a partner institution
to see if the Al’s performance holds steady.

Robustness to edge cases and data shifts is also critical. Al systems should be explicitly
stress-tested with challenging cases. A concrete illustration of the pitfalls of scale comes
from Roccetti et al. (2019), who found that training on a very large, uncurated time-series
initially produced poor results until the dataset’s “semantics of validity” and inclusion cri-
teria were defined and a representative subset curated, after which performance improved
substantially [169]. This example highlights that stress-testing should include checks for
dataset validity and semantic consistency in addition to the usual perturbation/failure-
mode analyses. Domain experts recommend failure-mode analysis by identifying scenarios
where the model fails and why as part of validation [29]. For instance, specialized testing
of a spine fracture detection model revealed that false negatives clustered in patients with
severe degenerative changes or metallic hardware, common in spine surgery [30]. These
were “stress tests” the model had not seen. By systematically generating or collecting such
cases, teams can quantify how performance degrades. Similarly, models should be checked
for sensitivity to common perturbations (e.g., motion artifact, different slice thicknesses,
etc.), since real-world images are often noisier than textbook examples. Reporting robust-
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ness measures (e.g., worst-case error or uncertainty estimates on outlier inputs) provides
critical context for safe use.

A further layer of validation comes from shadow deployments. Before entrusting
Al with patient care, many institutions run it in parallel: the model receives real imaging
data and makes predictions, but clinicians do not act on them. This “shadow mode”
allows observation of the Al’s real-time performance and failure modes without any
risk to patients [31]. During this phase, developers can monitor for calibration drift
(i-e., changes in accuracy over time) and gather user feedback. Regulatory experts
suggest that even low-risk automation tools undergo shadow evaluation, while higher-
risk systems (like autonomous decision-making) ultimately need prospective trials [31,
32]. In practice, this staged rollout (i.e., silent shadowing to supervised testing to live
use) has been a common feature of successful Al integrations, as it catches issues that
retrospective tests may miss.

7.7. The Gap Between Promising Research and Clinical Reality

Despite promising results on curated datasets, Al models have inherent limitations
that temper their clinical utility. First, most Al algorithms do not truly “understand”
disease the way humans do; they learn statistical patterns, which may not hold outside
the training context [171]. In medical imaging, this is manifested as dataset bias: available
data often do not fully represent the clinical spectrum of patients. For example, one review
notes that common practice is to train on convenience samples (e.g., cases from academic
centers) that only partially reflect real patient populations [171]. In consequence, a model
that performs well on a benchmark can “fail catastrophically” when faced with a new
hospital’s images [171]. In fact, a systematic review of COVID-19 imaging Al found none
of 62 studies had demonstrable readiness for clinical use [35], illustrating how overfit
solutions on limited data may not translate to practice. These findings underscore that
Al is not a panacea; models should always be seen as supporting, not replacing, clinical
judgment, especially in novel scenarios. More broadly, scale cannot substitute for semantic
validation: studies found that increasing dataset size without explicit semantics of validity
can amplify noise and confounders rather than improve real-world performance [171].
Therefore, practical deployment strategies should pair dataset expansion with rigorous
semantic curation and transparent inclusion/exclusion rules.

Second, many technical challenges remain. Deep learning models are often “black
boxes” with limited interpretability. This opacity can hinder trust and obscure failure
modes; currently there is no guarantee that a given model will behave sensibly on a rare case
or under adversarial perturbations. Relatedly, most Al studies focus on single-timepoint
classification and do not model patient longitudinally or causally; they lack an understand-
ing of progression over time. There is also the issue of calibration: Al confidence scores
can be poorly calibrated, giving a misleading sense of certainty. Handling domain shifts
and adversarial examples, intentional or not, remains an active research problem. In short,
current models do not self-correct when facing truly new challenges.

Finally, practical deployment limitations cannot be ignored. Regulatory pathways
for Al are still evolving, and most models enter the clinic with limited evidence: few
have randomized trial validation or real-world outcome studies. Even with validation,
implementation requires robust IT infrastructure, privacy safeguards, and user training,
which are obstacles that many hospitals struggle with. Economic and workflow factors
(e.g., cost of hardware, integration into PACS, clinician workload) often become rate-
limiting. In the spine imaging domain in particular, the relatively small volume of cases
and the diversity of pathologies mean that algorithmic improvements have to overcome
a high bar of cost and complexity. In sum, Al promises much but also has real constraints:
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its outputs must be interpreted in the context of clinical judgment, sound data practice, and
ongoing surveillance. Only through acknowledging and addressing these limitations can
safe, effective Al tools be realized.

8. Discussion

The body of evidence synthesized in this review demonstrates that artificial intel-
ligence (AI) and machine learning (ML) are no longer exploratory curiosities in spine
care; they are operational technologies that touch imaging pipelines, preoperative plan-
ning, intraoperative navigation, postoperative monitoring, and even early translational
genomics [3,9-11,13,16,17,19,43,63,70,71,83-85,96,97]. Across these domains, the recurring
theme is one of tremendous potential tempered by real-world limits: algorithmic brittleness
when exposed to heterogeneous data, infrastructural and economic barriers to equitable
deployment, gaps in external validation and regulatory oversight, and non-trivial cultural
and workflow frictions among clinicians, patients, and institutions. Below we synthesize
the clinical implications of the evidence, examine mechanistic reasons for persistent perfor-
mance gaps, and propose a pragmatic translational roadmap that aligns technical priorities
with regulatory and health-system realities.

From a practical standpoint, Al has already demonstrated clinically meaningful
benefits where tasks are structured, repetitive, and well-defined. Automated frac-
ture and acute-pathology triage systems shorten time-to-diagnosis in emergent set-
tings [29-32,56], opportunistic screening algorithms identify otherwise-missed fragility
fractures [63], and segmentation/morphometric pipelines markedly reduce measure-
ment variability for alignment metrics such as Cobb angle and sagittal vertical axis
(SVA) [13,44,63,83-85]. In preoperative planning and robotics, predictive modeling and
finite-element-assisted planning improve the precision and reproducibility of screw
trajectories and implant selection [88-95]. Meanwhile, emerging multimodal prognostic
models that integrate imaging, wearable data, and genomic signals offer a new av-
enue to personalize perioperative risk-reduction strategies, rehabilitation intensity, and
pharmacologic plans [3,9-11,43,70,71]. Collectively, these capabilities point to a hybrid
clinical model in which Al augments clinician judgment, automates low-value work,
and provides earlier, finer-grained signals to inform decision-making.

However, these practical benefits are often undermined by persistent performance
gaps, particularly when models are deployed beyond their development environments.
Recent reports showing markedly higher diagnostic accuracies than older studies likely
reflect multiple converging factors, not solely algorithmic breakthroughs. Larger, better-
curated training corpora, improved network architectures and transfer-learning methods,
and more sophisticated image-reconstruction pipelines have raised retrospective test
metrics. At the same time, reporting practices (e.g., use of internal test sets, selective
case sampling, and the occasional presence of data leakage) and publication bias toward
positive results can inflate apparent performance. Crucially, prospective and external
evaluations frequently reveal lower, more clinically realistic performance (see, e.g.,
external evaluations of triage algorithms), underscoring that headline accuracy numbers
should be interpreted in the context of dataset provenance, validation methodology,
and deployment environment. For deployment decisions and regulatory assessment,
emphasis should be placed on multi-center prospective validation, calibration reporting,
and transparent failure-mode analysis.

Additionally, several interlocking technical realities explain the recurring drop
in performance when models leave their development environments. First, domain
shift is pervasive: scanner vendors, slice thickness, acquisition protocols, contrast
timing, and local reporting conventions create distributional differences that degrade
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generalizability [15,153,154]. Second, the presence of metallic hardware or unusual
anatomy produces imaging artifacts and edge cases that were underrepresented in train-
ing sets, generating catastrophic failure modes in segmentation and measurement algo-
rithms [155]. Third, many current models are trained on retrospective, single-center cohorts
that overrepresent tertiary-care populations; the result is geographic and socio-economic
selection bias that erodes external validity [156-158]. Fourth, cross-sectional model designs
hamper longitudinal monitoring; a model trained for single-timepoint classification strug-
gles to track progression or the effects of serial interventions [159-161]. Finally, opaque
model explanations, the “black box” problem, hamper clinician trust and obstruct effective
failure-mode analysis [162]. These technical deficits are compounded by human and or-
ganizational factors: clinicians resist workflows that feel unstable or require substantial
retooling, administrators balk at high upfront capital costs for compute and devices [163],
and patients worry about privacy and data misuse [164-166].

Beyond these technical and human challenges, current regulatory pathways were not
designed for adaptive, continuously learning systems deployed across thousands of vari-
able clinical contexts. Analyses show that many Al devices entered the clinical domain with
limited peer-reviewed validation and that post-market performance monitoring is inconsis-
tent [20,51]. For safe, equitable scaling, regulators and clinical stakeholders must converge
on practical expectations for premarket evidence (external, multi-institutional validation),
transparent reporting, and robust post-market surveillance. A key step in this moderniza-
tion is for the FDA to mandate several guidance upgrades for spine Al. A risk-stratified
evidence model is needed: low-risk tools such as automated measurements should demon-
strate analytic validity across multiple sites and undergo a supervised “shadow mode”
deployment before approval. Moderate-risk systems, like diagnostic triage and surgical
planning assistants, should be required to prove external validity across diverse patient
groups, include calibration analyses by demographic and technical subgroups, and report
at least one prospective clinical impact study. High-risk tools, particularly autonomous or
closed-loop robotic systems, must meet the most stringent standards, such as randomized
or controlled prospective trials paired with robust post-market surveillance. Beyond these
evidentiary thresholds, guidance should mandate disclosure of dataset provenance, includ-
ing geographic distribution, vendor diversity, and patient demographics, so that reviewers
can gauge generalizability. For adaptive systems, an Algorithm Change Protocol should be
required, specifying retraining conditions, validation steps after updates, rollback proce-
dures, and clinician/end-user notifications when performance shifts occur. To safeguard
clinical use, vendors should also provide regular real-world performance dashboards,
including sensitivity, specificity, and calibration metrics broken down by demographic
categories, and be subject to mandatory adverse-event reporting when misclassification
leads to harm or near-miss events.

While governance is critical, evidence also suggests that requiring a technology to be
clinically useful is not the same as designing it to be deployable. Successful implementa-
tions share several features: native interoperability with EHRs (FHIR/HL7 compliance),
minimal workflow disruption (e.g., integration that populates structured report fields rather
than forcing transcription changes), clinician-facing explainability (clear, concise model
outputs with uncertainty estimates), and a staged roll-out with shadow mode, supervised
use, and then live deployment [14,23,48,152]. Change management also matters: clinician
champions, multidisciplinary Al governance committees, and clear metrics of clinical utility
(turnaround time, diagnostic yield, patient-centered outcomes) accelerate adoption. Eco-
nomic models that account for total cost of ownership, including retraining, maintenance,
and regulatory reporting, better predict institutional willingness to adopt [163].
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To address the issue of equitable access, the promise of Al magnifies existing in-
equities if models are trained and validated on narrow cohorts. Federated learning and
privacy-preserving analytics provide technical pathways to broaden training datasets
while minimizing raw data movement, but these must be paired with deliberate in-
clusion strategies (such as incentives for rural/underserved centers to participate in
consortia) and prospective audits of model calibration across demographic strata [47].
Patient trust hinges on transparent data governance, explicit consent for secondary
uses, auditable data lineage, and rigorous cybersecurity measures; the high-profile
breaches of recent years have demonstrably eroded public confidence and must guide
any implementation strategy [164-166].

Ultimately, to move the field forward, research must shift from single-center optimiza-
tion to multi-center external validation and prospective impact trials. Priority areas include
robustness engineering (domain-adaptation methods, uncertainty quantification, and ex-
plicit failure-mode detection for edge cases such as metal hardware and severe deformity);
longitudinal modeling frameworks for consistent tracking of disease state across serial
imaging and clinic visits; explainability and human-Al interaction studies that produce
clinically meaningful visualizations of model reasoning; federated and distributed learning
initiatives to improve representativeness without compromising privacy; cost-effectiveness
and outcomes research that couples clinical outcomes, quality-of-life instruments, and
economic impact; and open benchmark datasets with reporting checklists (e.g., TRIPOD-AI,
CONSORT-AI adaptations) [159-161].

The FDA should also emphasize transparency and explainability: models should
disclose interpretability methods, provide standardized uncertainty metrics, and include
clinician-facing output templates that clearly distinguish prediction, confidence, and sug-
gested action. Interoperability standards (e.g., HL7 /FHIR compliance, standardized label-
ing) must be enforced to reduce integration costs and ensure comparability across platforms.
Finally, equity and cybersecurity must be central. Systems should report subgroup-level per-
formance, incentivize validation that includes underrepresented populations, and adhere
to rigorous encryption, penetration testing, and vendor transparency standards. Through
these measures, FDA guidance can both protect patients and accelerate innovation in Al
for spine care [51,163].

9. Conclusions

Al and ML technologies have reached a point of clinical maturity in specific, high-value
tasks within spine care: emergent triage, standardized morphometrics, surgical planning
assistance, and nascent prognostic modeling [3,9-11,13,16,17,19,43,63,70,71,83-85,96,97].
These technologies promise measurable improvements in diagnostic speed, reproducibility,
and personalization of perioperative care. However, the translation of algorithmic promise
into broad, safe clinical benefit is not automatic. Persistent technical fragilities, including
domain shift, hardware artifacts, limited longitudinal modeling, and underrepresentation
of diverse populations, combined with unequal access to infrastructure, insufficient external
validation, and regulatory gaps, constrain equitable deployment [15,51,153-159,162].

To move from demonstration to durable clinical impact, the field requires aligned
action on three fronts. First, technical innovation must prioritize robustness, explain-
ability, and longitudinal fidelity, not just peak accuracy on curated datasets. Second,
implementation science must make Al a practical clinical collaborator through seam-
less interoperability, clinician-centered interfaces, staged rollouts, and careful change
management [14,23,48,152,163]. Third, regulators and health systems must modernize
governance frameworks with risk-proportionate evidentiary requirements, transparent
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dataset reporting, algorithm-change protocols, mandatory post-market surveillance, and
equity safeguards [51].

Concretely, an upgraded FDA approach, one that combines stratified premarket stan-
dards, adaptive system governance, enforced external validation, ongoing real-world
performance auditing, and interoperability mandates, will both protect patients and accel-
erate clinically meaningful adoption. Parallel investments in federated learning, subsidized
computational infrastructure for resource-limited centers, and incentives for multi-center
prospective validation studies will prevent a two-tiered system in which Al-enhanced care
is only accessible in well-resourced institutions [159-161].

In sum, Al is poised to become an integral, augmentative element of contemporary
spine care. Yet the pathway to safe, equitable, and effective scale depends as much on
governance, workflow design, and economic strategy as it does on algorithmic advances.
A coordinated effort among developers, clinicians, regulators, payers, and patients, guided
by transparent validation, robust monitoring, and explicit equity goals, will be essential to
realize Al’s promise while minimizing foreseeable harm.
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Appendix A. Technical Background on CNNs
Appendix A.1. Rationale and Overview

At the core of many of these applications are Convolutional Neural Networks (CNNs),
a class of deep learning models specially designed to mimic the human visual cortex in
how they process and analyze visual data. They can ingest large image datasets and
automatically extract spatial features from raw pixels to hierarchically learn subtle patterns
of disease [24].

Appendix A.2. Architecture, Layers and Feature Hierarchy

CNNss are built from repeating blocks of convolutional and pooling layers, often
followed by one or more fully connected, dense layers [24,25]. To start, each convolu-
tional layer applies a set of trainable filters across the image, producing feature maps that
highlight where certain patterns (e.g., an edge, texture, shape) occur. Pooling layers then
downsample these feature maps, reducing spatial resolution while preserving the strongest
signals. This pooling confers spatial invariance: small shifts in the image do not drastically
change the pooled characteristics [25]. By alternating convolution and pooling layers, the
network builds a hierarchy of features; early layers capture simple structures (e.g., lines
or edges) while deeper layers combine them into complex shapes or pathology-specific
patterns [24,52]. In practical terms, low-level convolutional filters might respond to simple
edges or blobs, whereas higher-level filters in deeper layers respond to organs or lesions.
Finally, one or more fully connected layers aggregate these features to produce a predic-
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tion [24,25]. In summary, CNNs automatically learn to detect and synthesize the relevant
spatial features in an image, mimicking the brain’s hierarchical visual processing [24].

Appendix A.3. Training, Tasks, and Outputs

CNN models are trained on large, annotated imaging datasets (e.g., MRI, CT or
X-ray scans labeled by experts) split into training and test sets (e.g., an 80:20 training—
test split) [53]. During training, the network’s filter weights are iteratively adjusted via
backpropagation and gradient descent to minimize the difference between the network’s
predictions and the ground-truth labels [24]. For classification tasks, the final output of
the CNN is a categorical label (e.g., “tumor present” vs. “absent,” or disease severity
grading); the network learns to output class probabilities. In localization or detection
tasks, the network produces spatial outputs. For example, object-detection CNNs (e.g.,
Faster R-CNN) regress bounding-box coordinates to surround each abnormality, while
segmentation CNNs (e.g., U-Net) output pixel-wise masks delineating the lesion [26,54].
Some networks also produce heatmaps that highlight the image regions most influential
for the decision [55]. In practice, CNNs excel at both pixel-level tasks (e.g., identifying
the exact region of a tumor) and image-level tasks (e.g., classifying an entire scan), often
achieving high sensitivity and specificity once well-trained. Their fully connected layers
effectively translate the hierarchical features into final predictions, enabling breakthroughs
in diagnostic accuracy and patient care [25,52].
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Abstract

Machine learning is an evolving branch of artificial intelligence that is being applied in
neurosurgical research. In spine surgery, machine learning has been used for radiographic
characterization of cranial and spinal pathology and in predicting postoperative outcomes
such as complications, functional recovery, and pain relief. A relevant application is
the investigation of patient-reported outcome measures (PROMs) after spine surgery.
Although a multitude of PROMs have been described and validated, there is currently no
consensus regarding which questionnaires should be utilized. Additionally, studies have
reported varying degrees of accuracy in predicting patient outcomes based on questionnaire
responses. PROMs currently lack standardization, which renders them difficult to compare
across studies. The purpose of this manuscript is to identify applications of machine
learning to predict PROMs after spine surgery.

Keywords: artificial intelligence; machine learning; patient-reported outcomes; spine
surgery; outcome measures; literature review; health informatics

1. Introduction

Research in spine surgery has been impacted by the recent rise in artificial intelligence
(AI). Machine learning (ML) is a subset of Al that functions to predict outputs based on
given inputs. In medical research, input data may include any combination of the following:
patient demographics, spinal pathology, imaging characteristics, surgical characteristics,
comorbidities, and patient-reported outcome measures (PROMs) [1]. Examples of outputs
are complications, functional outcomes, surgical success, hospitalization characteristics,
readmission rates, reoperation rates, survival prediction, cost prediction, and rehabilitation
needs. One outcome in which ML is particularly applicable is in predicting PROMs after
spine surgery.

When being evaluated for spine surgery, an important consideration is the degree of
improvement that a patient experiences after surgical intervention. This question can be
answered by comparing preoperative and postoperative PROMs. The original PROMs
developed for use in spine surgery are currently referred to as “legacy outcome measures”
and include the Oswestry Disability Index (ODI), Neck Disability Index (NDI) [2], Visual
Analog Scale (VAS), Short Form Health Survey (SF-36 or SE-12), Japanese Orthopaedic
Association (JOA) score, Roland-Morris Disability Questionnaire (RMDQ), EuroQol-5D
(EQ-5D), and Scoliosis Research Society (SRS) questionnaire [3]. These surveys provided the
foundation for defining patient-oriented, clinically significant outcomes that assess quality
of life after spine surgery [4]. To quantify a standard for expected PROM improvements,
clinicians defined the Minimal Clinically Important Difference (MCID) for these PROMs [5].
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Due to variations in spinal pathology, surgical interventions, patient demographics, and
the intrinsic disadvantages of PROMs such as time to completion, there has been a lack
of consensus on which PROMs to utilize. A 2022 literature review reported the presence
of 206 unique spine-specific PROMs [6]. To address this, the National Institute of Health
developed the Patient-Reported Outcomes Measurement Information System (PROMIS) in
an attempt to standardize PROMs and simplify their administration [7].

The decision to proceed with spine surgery is often complex, largely because there
are no definitive guidelines or universal indications for when surgery is appropriate. The
use of ML to accurately predict patient outcomes grants surgeons another tool to more
confidently advise patients on surgical outcomes [8]. The purpose of this manuscript is to
describe the extent to which ML has been used to predict PROMs after spine surgery.

2. Materials and Methods

A scoping review of the literature per the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses for Scoping Reviews (PRISMA-ScR) guidelines [9] was car-
ried out in Web of Science, PubMed, and EMBASE on October 8, 2024. A combination
of MeSH terms and keywords related to patient-reported outcomes and spine surgery
were used. The search criteria for PubMed were as follows: (“Machine Learning” [MeSH]
OR “Artificial Intelligence”) AND (“Patient Reported Outcome Measures” [MeSH] OR
“Patient-reported outcomes”). The search criteria for Web of Science were as follows: (“Ma-
chine Learning” OR “Artificial Intelligence”) AND (“Patient Reported Outcome Measures”
OR “Patient-reported outcomes” OR “PROMs” OR “Quality of Life” OR “Health Out-
comes”) AND (“Spine” OR “Spinal Surgery”). The search criteria for EMBASE were as
follows: (‘machine learning’/exp OR ‘machine learning” OR ‘artificial intelligence’/exp
OR “artificial intelligence’) AND (‘patient reported outcome’/exp OR “patient reported
outcome’” OR ‘quality of life’/exp OR “quality of life” OR ‘patient-reported outcomes” OR
‘proms’ OR “health outcomes’/exp OR ‘health outcomes’) AND (‘spine’/exp OR ‘spine” OR
‘spinal surgery’/exp OR ’spinal surgery” OR “spine surgery’/exp OR ‘spine surgery’) AND
[english]/lim.

English articles published from 1994 to 2024 were selected. One researcher (C.Q.)
assessed the manuscripts for eligibility under the supervision of another researcher (D.K.).
In cases of disagreements or uncertainties requiring further clarification, the senior author
(S.H.) was consulted and a consensus was reached during research team discussions. The
inclusion criteria consisted of studies that utilized ML tools to predict postoperative PROMs
for patients who underwent spine surgery. Studies that did not employ ML to predict
PROMs were excluded. Data extracted included the ML method used, spine pathology,
number of patients, features used for model prediction, and ML performance.

3. Results
3.1. Search Results

The initial search yielded 648 articles; 60 repeats were removed, resulting in 588 unique
articles for screening. Of the 37 articles that met the initial screening criteria, twelve
non-surgical studies were excluded. The remaining 25 articles were further assessed for
eligibility, with 3 excluded for not predicting postoperative PROMs [10-12]. A total of
22 articles were included in the qualitative synthesis (Figure 1).
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Figure 1. Literature search strategy.

3.2. Study Details

Seven articles predicted outcomes in cervical spine pathologies [13-19]. Three articles
predicted outcomes for thoracolumbar pathologies [20-22]. Eleven articles predicted
outcomes for lumbar spine pathology [23-33]. One study predicted outcomes for all levels
of spinal pathology [34]. The postoperative timeline for PROM prediction ranged from
6 weeks to 24 months (Table 1).

A total of twenty-one PROMs were reported. Seven articles reported the
ODI [19,20,23-26,31], and four articles reported the VAS [13,23,25,29], mJOA [14,15,18,19],
and numeric rating scale (NRS) [20,24,30,31]. Three reported the JOA [13,25,29],
NDI [13,15,17], core outcome measure index (COMI) [26,27,34], and SF-36 [15,16,26]; two ar-
ticles reported the EQ-5D [13,17] and SRS [21,22]; and one article reported the EuroQol [25],
Physical Component Summary (PCS) [26], PROMIS-PF [28], SF-6D [14], Mental Component
Summary (MCS) [15], Mental Disability Index (MDI) [15], Disabilities of the Arm, Shoulder,
and Hand (DASH) [15], North American Spine Society (NASS) [15], Japanese Orthopedic
Association Back Pain Evaluation Questionnaire (JOABPEQ) [29], neck pain [17], and pain
symptoms specific to quality of life, social disability, and work disability [34]. Table 2
provides a categorical breakdown and brief description of PROMs.
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Table 2. Description of common patient—reported outcome measures.

Domain PROM Description
Modified Clinical Response Index (MCRI) evaluates pain, functional capacity, quality of life, and
MCRI S . . . . .
outcomes in spinal surgery patients with Persistent Spinal Pain syndrome
4 NASS North American Spine Society (NASS) assesses outcomes and pain related to lumbar spine
g disease
g E EuroQol-5 Dimensions (EQ-5D) measures health status across five dimensions: mobility,
Q-5D 5 o S . .
b self-care, usual activities, pain/discomfort, anxiety /depression
o
= COMI Core Outcome Measures Index (COMI) measures the impact of back and leg pain, assessing pain,
unction, and quality of life
S functi d quality of lif
SRS Scoliosis Research Society (SRS) assesses function, pain, self-image, mental health, and
satisfaction
NDI Neck Disability Index (NDI) evaluates disability related to neck pain and its impact on daily
activities
JOA Japanese Orthopaedic Association Score (JOA) assesses neurological function in patients with
cervical myelopathy
g mJOA Modified JOA (mJOA) evaluates functional impairment in cervical spine conditions
E ODI Oswestry Disability Index (ODI) assesses disability due to lower back pain
3
- PROMIS- Patient-Reported Outcomes Measurement Information System (PROMIS)-Physical Function (PF)
8 PF assesses physical function and the ability to perform physical activities
2]
_E PCS Physical Component Summary (PCS) is a subscore from SF36 measuring physical health
DASH Disabilities of the Arm, Shoulder, and Hand (DASH) measures upper-extremity function, pain,
and work and social activity participation
Mental Component Summary (MCS) assesses psychological
< MCS .
= well-being
E Mental Disability Index (MDI) measures mental health-related
= MDI o
s disability
=
§ PCIC Patient Global Impression of Change (PGIC) measures a patient’s overall perception of
improvement or change in condition
- Short Form-36 Health Survey (SF-36) assesses overall health-related quality of life across multiple
1S SF-36 ) . .
= domains (physical, mental, and social)
=38
Tg s SF-6D Short Form-6 Dimensions (SF-6D) is a condensed version of SF36 that measures a single index for
o health-related quality of life
k= VAS Visual Analog Scale (VAS) measures intensity of pain using a 0-10 visual scale
S
~ NRS Numeric rating scale (NRS) quantifies pain on a 0-10 scale
:‘% JOABPEQ Japanese Orthopaedic Association Back Pain Evaluation Questionnaire (JOABPEQ) evaluates the
&K impact of back pain on physical and social functioning

The features used for model prediction were demographics in all but one study [33].
Surgical characteristics were used in ten studies [13,14,18,19,21,23,27,29,32,34]. Spinal
pathology characteristics were used in ten studies [13,14,16,18,19,21,23,26,28,31]. American
Society of Anesthesiologist (ASA) classification was used in six studies [13,20,23,24,28,31].
Physical exam findings were used in seven studies [13—-19]. Past medical history (including

surgical history) was used in five studies [19,26,30,31,34]. Preoperative opioid use was used
in four studies [22,24,28,32]. Hospitalization details were used in three studies [22,24,27].
Social history (including employment details) was used in two studies [23,25]. One study

used geographic details [28].
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Sixty unique ML models were used in the relevant studies. The most frequently used
model was support vector machine (SVM), which was used in eight studies [13-16,18,25,28,29];
logistic regression (LR), which was used in seven studies [13,14,16,21,23,27,29]; and RF, which
was used in six studies [14,16,22,26,27,31]. Decision tree was used in four studies [13,14,21,25],
and elastic net (EN) was used in three studies [22,28,32]. Least absolute shrinkage and selection
operator (LASSO) regression was used in three studies [17,30,34], and neural network was
used in three studies [14,28,31]. The remaining ML models included Bayesian generalized
linear models (BGLMs), boosted LR, extra trees, extreme gradient boosted trees, regression
tree, Tree—AS, boosting, chi-squared, deep learning, dimensionality reduction factor analysis,
EN penalized LR, EN regularization, EN, generalized additive models, generalized boosted,
generalized boosted machines, generalized linear mixed model, k-nearest neighbors, linear—
AS, multilayer perceptron, multivariable adaptive regression splines, multivariate linear
regression, partial least squares, principal component analysis, ridge regression, simple
BGLMs, single-layer artificial neural networks, stepwise regression, and stochastic gradient
boosting. Model performance was most frequently reported as Area Under the Curve (AUC),
which was reported in sixteen studies [13-16,18,20,22-28,31-33]. Model performance was
also reported as the mean absolute error (MAE) in three studies [21,29,34]. The remaining
performance measures included mean bootstrapped R2 [30], MMA [19], and coefficients [17].

3.3. Key Results

Park et al. best predicted 3- and 24-month VAS after cervical spine decompression
with LR with an AUC of 0.762 and 0.773, respectively [13]. Pedersen et al. used seven
ML models to predict EQ-5D, ODI, VAS leg pain (LP), VAS back pain (BP), and return
to work after lumbar spine surgery with a mean AUC of 0.82, 0.75, 0.73, 0.81, and 0.84,
respectively [25]. Ve et al. employed a deep learning model to predict the ODI with an
AUC of 0.84 and NRS BP improvement with an AUC of 0.9 [23]. Berjano et al. predicted
postoperative ODI with a combination of preoperative ODI, SF-36 Physical Component
Summary (PCS), and COMI Back with an AUC of 0.808 [26]. Halicka et al. used LR to
predict an AUC of 0.63, 0.72, and 0.68 for COMI, BP, and LD, respectively [27]. Karhade et al.
utilized LR, neural networks, and EN penalized LR to predict PROMIS physical function,
pain interference, and pain intensity, achieving AUCs of 0.75, 0.71, and 0.71, respectively,
with the EN penalized LR achieving an AUC of 0.69 [28]. Merali et al. used random forest
random forest (RF) to predict SF-6D and mJOA with an of AUC of 0.85, 0.83, and 0.87 at
6,12, and 24 months, respectively [14]. Rigoard et al. found that changes in the Modified
Clinical Response Index were the most accurate indicator of Patient Global Impression of
Change, with an AUC of 0.853 [33]. This was higher compared to the AUC for changes in
the Hospital Anxiety and Depression Scale (HADS) (0.780), ODI score (0.737), Numerical
Pain Rating Scale (NPRS) (0.704), EQ-5D index (0.698), and Pain Mapping Intensity score
(0.672). Grob et al. used EN regularization to predict ODI, NRS BP, and LP with an AUC
of 0.70, 0.72, and 0.70, respectively [20]. Zhang et al. used SVM to predict SF-36 PCS and
Mental Component Summary (MCS) with an AUC of 86.4 and 89.8, respectively [15]. Gupta
et al. used gradient boosting to predict an MAE of 0.47 and 0.55 for SRS-pain prediction
and SRS self-image prediction, respectively [21]. Yagi et al. used an assemblage of the top
five performing algorithms to predict JOABPEQ and VAS scores following lumbar spine
surgery, with MAE values ranging from 9.3 to 16.5 [29]. Muller et al. used LASSO to predict
COMI subdomains for back and neck pain with an MAE of 2.1 and 1.8, respectively [34].
Khan et al. used generalized boosted models and multivariable adaptive regression models
to obtain predictions with an AUC of 0.77 and 0.78 for 24-month postoperative MCS and
PCS, respectively [16]. Finkelstein et al. used LASSO regression to predict NRS after lumbar
surgery with a mean bootstrapped R2 of 0.12 [30]. Liew et al. was the only study evaluating
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cervical radiculopathy [17]. This same study used four ML models to predict the NDI and
EQ-5D. In this study, stepwise regression yielded the highest accuracy for the NDI, EQ-5D,
and neck pain 12 months after cervical spine surgery. Siccoli et al. employed eight ML
models to predict the ODI and NRS scores for BP and LP [31]. The 6-week postoperative
AUC values were as follows: ODI 0.75, NRS LP 0.79, and NRS-BP 0.92 (boosted trees
model). At 12 months postoperatively, the AUC values were ODI 0.68, NRS-LP 0.72, and
NRS-BP 0.79. Ames et al. used seven ML models to predict individual SRS-22R questions,
achieving AUROC values for individual SRS-22R questions as high as 86.9% (extreme
gradient boosting tree) [22]. Staartjes et al. used EN regularization to predict the ODI and
COMYI, achieving an AUC of 0.67 [32]. The model yielded an AUC of 0.72 for BP and 0.64
for LP. Khan et al. utilized a polynomial SVM model to predict an AUC of 0.834 [18]. Khor
et al. applied three binary regression models to predict outcomes, achieving the following
AUC values: ODI 0.66, BP 0.79, and LP 0.69 [24]. Hoffman et al. reported a mean absolute
accuracy (MAA) of 0.0283 with the use of support vector regression (SVR) [19].

4. Discussion

Predicting clinically relevant outcomes after spine surgery has been increasingly
performed with patient-reported outcomes [35]. These questionnaires evaluate subjective
and objective measures that aid surgeons in measuring a patient’s quality of life before and
after surgical intervention, ultimately allowing for a better understanding of the physical
and psychological burden of spinal pathology. By identifying subtle patterns in pathology,
patient characteristics, and populations, ML has the potential to predict PROMs after spine
surgery. There has been a significant volume of studies describing PROMs, yet the clinical
relevance has yet to be determined due to the significant degree of heterogeneity [35]. To
improve the consistency and completeness of prediction model studies, the Transparent
Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis
(TRIPOD) was devised. This TRIPOD criteria serves as a set of evidence-based guidelines
designed to improve the consistency and completeness of prediction model reporting [36].
Only eleven studies [15,17,20,22,23,26,27,31,32,34] in the review claimed to adhere to the
TRIPOD criteria.

PROMs often assess pain, functional status, and other relevant factors. Consistent
with past literature reviews [6], the mJOA, ODI, and SRS-22 were the most frequently
predicted PROMs for cervical, lumbar, and spinal deformity pathologies, respectively. This
fact highlights the emphasis placed on a patient’s physical function. For assessment of pain,
tools like the VAS and NRS are commonly used to measure back and leg pain. Although
both measure pain, some studies have found the VAS assessment to be more useful. For
example, Bielewicz et al. found that VAS scores decreased to a greater degree than NRS
scores three months after surgery [37], attributing the poor reproducibility of the NRS to its
less detailed incremental changes [37].

The features used to predict PROMs included demographics, surgery characteristics,
preoperative PROMs, spinal pathology characteristics, mental health evaluations, employ-
ment details, social history, ASA classification, comorbidities, imaging findings, fine motor
function, hospital characteristics, and surgeon characteristics. Several physical exam find-
ings have been identified as predictors of functional improvement after surgery [16]. For
example, upper motor neuron signs have been associated with a decreased likelihood of
recovery after lumbar spine surgery [18]. In addition to objective clinical findings, Finkel-
stein et al. found that cognitive factors accounted for 40% of the variance in PROMs after
spine surgery [30]. This finding is consistent with a randomized control trial reporting that
lumbar spine surgery patients who participated in cognitive behavioral-based physical
therapy had greater improvements in pain and disability compared to those who received
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physical therapy-related educational training [38]. Preoperative opioid use has been identi-
fied as another factor that affects patient-reported outcomes after spine surgery. Given that
unmanageable pain is often a primary reason for surgical intervention [39], this variable
should be further investigated for its role in predicting PROMs.

In this report, the AUC was the most frequently reported performance metric. The
AUC can be thought of as the overall performance of an ML model with values ranging
from O to 1. Values closer to 1 indicate better performance [40]. The study reporting the
highest AUC for cervical spine pathology was that by Khan et al., who used a polynomial
SVM to predict mJOA with an AUC of 0.834 [18]. Siccoli et al. applied boosted trees
to predict NRS-BP after lumbar spine surgery, achieving an AUC of 0.92 [31]. For adult
spinal deformity, Ames et al. used extreme gradient boosting trees to predict individual
SRS-22R questions, with AUC values as high as 0.869 [22]. Despite successful ML model
performance, the clinical applicability of these models is limited due to the complexity of
shared decision making between a patient and the provider. A review by Christodoulou
et al. evaluated 71 studies investigating clinical prediction models and found no evidence
of superior ML performance over LR [41].

A primary limitation of this review was the exclusion of articles not containing the term
“machine learning” in the abstract or title. This may have excluded studies that employed
ML to predict PROMs but did not explicitly mention “ML" in their terminology. As a result,
this introduced a potential selection bias and reduced the overall comprehensiveness of the
review. Another contributing limitation was the minimal volume of high-quality evidence.
Due to the negligible amount of evidence and large degree of heterogeneity amongst
studies, a comprehensive systematic review or meta-analysis was unable to be performed.

5. Conclusions

PROMs continue to be a valuable tool for assessing the impact of spine pathology
on physical and mental health, but surgeon expertise remains pivotal when counseling
patients. Providers should be aware of the evolving application of these technologies in
both clinical and academic pursuits. Although ML models have the potential to accurately
predict PROM, their clinical applicability is severely limited by the variation in ML mod-
els, spinal pathology, input variables, and output variables across studies. Surgeons and
researchers should collaborate to establish standardized outcome measures and evalu-
ation metrics. This joint effort would harness the predictive potential of ML to predict
postoperative PROMs.
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Abstract: Diagnostic imaging, particularly MRI, plays a key role in the evaluation of many spine
pathologies. Recent progress in artificial intelligence and its subset, machine learning, has led to
many applications within spine MRI, which we sought to examine in this review. A literature search
of the major databases (PubMed, MEDLINE, Web of Science, ClinicalTrials.gov) was conducted
according to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines. The search yielded 1226 results, of which 50 studies were selected for inclusion. Key data
from these studies were extracted. Studies were categorized thematically into the following: Image
Acquisition and Processing, Segmentation, Diagnosis and Treatment Planning, and Patient Selection
and Prognostication. Gaps in the literature and the proposed areas of future research are discussed.
Current research demonstrates the ability of artificial intelligence to improve various aspects of this
field, from image acquisition to analysis and clinical care. We also acknowledge the limitations
of current technology. Future work will require collaborative efforts in order to fully exploit new
technologies while addressing the practical challenges of generalizability and implementation. In
particular, the use of foundation models and large-language models in spine MRI is a promising area,
warranting further research. Studies assessing model performance in real-world clinical settings will
also help uncover unintended consequences and maximize the benefits for patient care.

Keywords: artificial intelligence; machine learning; spine; spinal cord; magnetic resonance imaging

1. Introduction

The spine is an important site of pathology and can be affected by a variety of con-
ditions, including degenerative, neoplastic, infectious, traumatic and inflammatory de-
myelinating diseases. Diagnostic imaging often plays a key role in the diagnosis of spinal
diseases. In addition, imaging is also vital for planning treatments such as surgery and min-
imally invasive procedures as it allows for the localization and quantification of underlying
pathologies [1].

Various imaging modalities can be used in spine imaging. Radiographs often provide
initial assessment of symptoms that may be attributed to a spinal pathology, such as neck
or back pain, radiculopathy, or myelopathy. They are a cost-efficient and widely available
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diagnostic tool that can provide rapid assessment of spinal alignment, fractures, and
degenerative changes. Erosive changes can also be detected and may suggest the presence
of neoplasms or underlying infection, albeit with a relatively low sensitivity. Radiographs
also offer a relatively low-cost method for the dynamic assessment of spinal instability [1,2].
Computed tomography (CT) provides a superior delineation of complex spinal anatomy,
which can be challenging to accurately assess using radiographs. In the setting of trauma,
CT is the modality of choice for evaluating fractures and dislocations in the cervical spine as
it allows for the rapid imaging of patients who may have significant traumatic injuries and
be in an unstable clinical condition. It also allows for a good visualization of the cortical
bone [3]. CT scans can also be used for pre-operative planning as certain pathologies, such
as ossification of the posterior longitudinal ligament (OPLL), are readily visualized [4].

While radiographs and CT remain significant imaging tools, magnetic resonance
imaging (MRI) has surpassed both in the range of pathologies that it is able to image. MRI
scans have the advantage of being able to evaluate bone marrow signal thus allowing for
an accurate detection of pathologies that alter the normal bone marrow, such as fractures
or contusions, neoplastic disease or infection. In addition, MRI scans provide superior
evaluation of soft tissue structures, such as the intervertebral disc, spinal ligaments, as
well as the spinal cord and surrounding dural and epidural spaces [5-7]. Thus, MRIs have
become widely recognized as the preferred modality to evaluate many spinal pathologies.
CT myelography is an alternative modality used to assess the spinal cord and neural
foramina. However, it requires the injection of contrast material into the spinal canal via
lumbar puncture, making it more invasive and less widely used [8]. It is typically reserved
for cases with MRI contraindications, such as patients with incompatible pacemakers.

Despite its many advantages, an important limitation of MRI is its relatively long
acquisition times. To accommodate a growing number of scans, more time-efficient MRI
pulse sequences have been developed. However, there is often a trade-off between diagnos-
tic quality and time savings, resulting in faster sequences with lower resolution or tissue
contrast [9]. More recent developments such as parallel imaging and compressed sensing
have partially mitigated this [10,11], but scan time remains a pertinent issue. In addition,
interpreting these MRIs can be a tedious and time-consuming process for the reporting
radiologist. Each spinal level must be carefully examined for evidence of pathology. Addi-
tionally, there is significant interobserver variability in evaluating the severity of observed
pathology [12]. The lack of standardized grading systems, particularly in the cervical and
thoracic spine, further complicates this process. Finally, certain spinal pathologies present
diagnostic challenges due to overlapping imaging characteristics. Differentiating between
various types of spinal neoplasms or infections can be particularly difficult, especially for
inexperienced radiologists, potentially impacting subsequent treatment decisions.

Artificial intelligence (Al) has been increasingly explored as a solution to many of
these challenges, with widespread applications across medicine. Machine learning (ML)
is a subset of Al that utilizes a combination of algorithms and statistical models to make
predictions on new data [13-15]. Deep learning (DL) is a further subset of ML which has
garnered significant interest in recent years. Compared to other types of ML, DL algorithms
are generally more complex, requiring larger amounts of data and computational power.
Such algorithms have been developed with the promise of impacting various areas of
radiology. Most algorithms in radiology are ‘supervised’ via labeled datasets. Using labels
provided by human readers, the DL model learns to identify patterns in a dataset, and
its performance is studied using a separate test/validation dataset [14,15]. The number
of applications for Al in radiology, including its subset ML, has increased significantly
over time, now spanning areas such as image interpretation, protocolling scans, and
optimizing workflows. Additionally, many of the challenges in spine imaging are not
unique. Various Al techniques have been successfully applied across a broad spectrum of
tasks in radiology and medicine, including endoscopic image analysis and image feature
fusion and enhancement [16-18]. Many of these advancements have helped inform the
innovations in spine imaging Al
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While several studies have examined the use of Al in specific aspects of spine imaging,
our goal is to provide a comprehensive overview of the full spectrum of use cases in spine
MRI by examining the available literature on a wide variety of applications. Additionally,
we aim to identify gaps in the existing literature and propose areas for future research in
the field.

2. Materials and Methods

Given the anticipated large number of studies that would be extracted, a scoping re-
view was performed to adequately represent the breadth and depth of the current literature.

2.1. Literature Search Strategy

We performed a literature search of the major databases (PubMed, MEDLINE, Web
of Science, ClinicalTrials.gov) on 8 February 2024, according to the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. The following
medical subject headings (MeSH) and keywords were utilized: (“artificial intelligence”
OR “AI” OR “machine learning” OR “ML” OR “deep learning” OR “DL"”) AND (“spine”
OR “spinal cord” OR “cord” OR “vertebra” OR “vertebral column” OR “spinal column”
OR “intervertebral disc” OR “intervertebral disk) AND (“MRI” OR “MR” OR “magnetic
resonance imaging”). Limits were applied to include only English language studies from
the past eight years.

2.2. Study Screening and Selection Criteria

A two-stage screening process was used. Studies were first screened independently
by two authors (A.L. and W.O.) by title and abstract. A full text review was then performed
for any potentially eligible studies. Any controversies at either stage were reviewed by a
third author (J.T.P.D.H.).

The inclusion criteria were as follows: studies on the use of Al or ML on MRI im-
ages focusing on spine-related applications, English studies, and studies performed on
human subjects. The exclusion criteria were as follows: non-original research (for example,
review articles, editorial correspondence), unpublished work, conference abstracts, and
case reports. Studies that primarily focused on other imaging modalities (for example,
radiographs, CT, or nuclear medicine imaging) or other body regions were excluded.

2.3. Data Extraction and Reporting

The selected studies were extracted and compiled onto a spreadsheet using Microsoft
Excel Version 16.81 (Microsoft Corporation, Washington DC, USA). The following data
was extracted:

Study details: authorship, year of publication and journal name;
Application and primary outcome measure;

Study details: sample size, spine region studied, MRI sequences used;
Artificial intelligence technique used;

Key results and conclusion.

SRR

3. Results
3.1. Search Results

Our initial literature search identified 1226 studies, which were screened according
to the specified criteria. Subsequently, 149 studies which did not meet the date range,
44 with an incorrect article type and 2 non-English language studies were initially excluded.
This led to 1031 studies selected for full text screening, and the inclusion of 50 studies in
the present review (see Figure 1 for a detailed flowchart). The studies are summarized in
Table 1. Given the heterogeneity of the included studies, a formal meta-analysis could not
be meaningfully performed.
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Figure 1. PRISMA flowchart showing the two-step study screening process. Adapted from PRISMA
Group, 2020.
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We classified the included studies based on the following themes: Image Acquisition
and Processing (6/50, 12%), Segmentation (8/50, 16%), Diagnosis (27/50, 54%), Treatment
Planning, Patient Selection and Prognosis (6/50, 12%) and Others (3, 6%) (Figure 2). We fur-
ther sub-divided the Diagnosis theme into Degenerative (13/50, 26%), Neoplastic Diseases
(7/50, 14%), Infection (3/50, 6%), Trauma (2/50, 4%), and Spondyloarthropathy (2/50, 4%).

Image Acquisition and
Processing

Segmentation

Treatment Planning,

Patient Selection and _ _
Prognostication Diagnostics

Figure 2. Key themes identified through the literature search representing potential areas where
advances in artificial intelligence and machine learning can improve the field of spine MRL

3.2. Image Acquisition and Processing

Al has demonstrated promise in the area of image acquisition and processing, with
multiple studies demonstrating the ability of deep learning (DL)-assisted acquisition and
reconstruction techniques to reduce image acquisition times while maintaining similar
image quality to conventional protocols. Kashiwagi et al. (2022) studied an ultrafast
cervical spine MRI protocol (sagittal T1-, T2-weighted, short-tau inversion recovery (STIR),
and axial T2*-weighted sequences) using a convolutional neural network (CNN)-based
reconstruction which reduces the matrix size, oversampling rate, and number of excitations
by applying a noise reduction algorithm. Scan quality was rated by three neuroradiologists,
who graded various degenerative changes including central canal stenosis, foraminal
stenosis and disc degeneration. Compared with a conventional MRI protocol, the DL-based
reconstruction technique reduced scan time from 12 min 54 s to 2 min 57 s (achieving a
time reduction of 9 min 57 s, 77% faster), with high levels of agreement (k = 0.60-0.98)
between the protocols [50]. In another study by Awan et al. (2024), the authors evaluated
a lumbar spine MRI DL-accelerated protocol (sagittal T1-, T2-weighted, STIR, axial T2-
weighted sequences) that was 57% faster compared to a conventional protocol (287 s versus
654 s). This protocol employs an unrolled variational network and neural networks to
reduce the number of signal averages needed while preserving high image fidelity. The
DL-accelerated protocol demonstrated non-inferiority for the assessment of foraminal
and spinal canal stenosis, nerve compression, and facet arthropathy. However, there was
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increased artifact perception in the DL group. The authors proposed that further work
could focus on other pathologies, such as spinal cord evaluation, to ensure the broad
applicability of such protocols across various clinical scenarios [22]. Such protocols promise
to generate significant time- and cost-savings for radiology departments. In addition,
reducing examination time would potentially improve patient comfort, especially for those
who may not be able to fully cooperate with long examination times due to pre-existing
medical conditions or claustrophobia.

Al can also be applied to generate synthetic MRI sequences. In a multi-center trial,
Tanenbaum et al. (2023) used existing sagittal T1- and T2-weighted MRI images to generate
STIR images, which is the preferred MRI sequence to assess certain pathologies such as ver-
tebral fractures and infection. The authors demonstrated that both acquired and synthetic
STIR sequences were diagnostically equivalent; five radiologists (four subspecialists and
one general radiologist) had similar interobserver agreements for both the conventional
and Al-generated sequences for the detection of three findings (prevertebral fluid collec-
tions, fracture-related bone edema, and posterior soft tissue/ligamentous injury) against
the reference standard. Additionally, synthetic images had a higher mean image quality
score. Nonetheless, the authors acknowledged that artifacts in the input images could
potentially affect synthetic image quality [42]. Thus, while synthetic MRI sequences could
also help reduce scan times, further work is necessary to better understand the effects of
MRI artifacts, such as metal or susceptibility artifacts on such algorithms.

Furthermore, certain DL models such as generative adversarial networks (GANs)
have been successfully deployed to generate MRI-like images from CT data, and vice
versa [41,59]. Gotoh et al. (2022) utilized a conditional GAN (pix2pix) to generate synthetic
T2-weighted MRI images from lumbar spine CTs. They achieved a modest peak signal-to-
noise ratio of 18.4 dB, although, on qualitative evaluation by two radiologists, there was
no significant difference in the image quality with conventional MRI images [59]. These
models can be potentially useful for patients who have contraindications to MRI, such as
non-MRI compatible implants.

3.3. Segmentation

Segmentation comprised the second highest proportion of studies reviewed. Notably,
many early studies concentrated on segmentation. Various regions of the spine, including
the vertebrae, intervertebral discs, and spinal cord, have been studied for this application.
Recently, more sophisticated and complex models have been employed to achieve higher
levels of accuracy across a broader range of tasks. Mohanty et al. (2023) demonstrated the
use of a novel segmentation technique that initially segments the spinal cord into different
regions. A combination of multiple mask regional CNNs (MRCNNSs) is then used for
each spinal cord segment, which provides a higher overall accuracy of 99% compared to
accuracies of 81-96% for the other models (a CNN, deep neural network, and statistical
parametric mapping) [45]. Newer models are also able to segment a larger number of
structures, improving granularity. Yilizati-Yilihamu et al. (2023) employed a SAFNet-
based model to segment 17 unique spinal structures, overcoming issues posed by intra-
and inter-class differences across a range of spinal levels. This method extracted low-,
mid- and high-level features on MRI images which were then processed separately before
being concatenated. The model achieved an overall mean Dice score of 80% against a
radiologist, surpassing other models whose Dice scores ranged from 75-79%, with 3D
UNet performing the worst. However, SAFNet exhibited relatively poor segmentation for
certain structures, such as the L5 vertebra and sacrum. While SAFNet had high Dice scores
on most vertebrae, it struggled with accurately depicting the borders of L5 and the sacral
intervertebral discs [36]. The sacrum’s unique shape and poorly formed intervertebral
discs may have contributed to these difficulties. In contrast, models like 3D DeepLabv3 and
ResUNet, which employ superior boundary detection techniques, were more successful
in achieving accurate segmentation in these challenging areas. Despite these challenges,
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SAFNet demonstrated better generalization and overall performance, making it a robust
choice for segmentation tasks.

Interpreting MRIs with spinal abnormalities presents a significant challenge for ac-
curate segmentation due to distorted anatomy and altered relationships between normal
structures. To address this, several models have been developed for segmentation in spe-
cific clinical scenarios, such as spinal cord trauma. Specifically, Masse-Gignac et al. (2023)
employed an attention-gated U-net to segment injured spinal cords. The attention gating
mechanism helped the architecture focus on the most relevant features while reducing the
number of feature maps, leading to a considerable Dice score of 0.95, even in the presence
of distorted segmentation boundaries [35].

Additionally, segmentation has been expanded beyond normal anatomical structures
to include pathology itself. For instance, Lemay et al. (2021) trained a cascaded neural
network for segmentation of intramedullary tumors across different spinal regions. The
study included 343 patients with various tumors (namely, astrocytomas, ependymomas
and hemangioblastomas) and utilized T2-weighted and T1-weighted post-contrast images.
A Dice score of 62% was achieved for segmentation of the tumor itself compared to
radiologists’ segmentation, with a higher Dice score of 77% when the tumor cavity and
edema were also included. Compared to a single model architecture (a 3D U-net), the
cascaded architecture demonstrated increased Dice scores of 30% for edema, and 5% for
tumor and tumor cavity [61]. The segmentation of pathology is potentially useful in clinical
practice to allow more accurate quantification and post-treatment follow-up.

3.4. Diagnostics

There has been considerable interest in using Al for diagnostic applications in spine
MRI, and this represented the largest proportion of studies in our review. To provide more
focus, we have further categorized the studies based on the type of disease examined.

3.4.1. Degenerative Disease

Degenerative disease along the spine is found in a sizeable proportion of all MRIs
performed. Multiple studies have investigated the use of Al models in the detection and
classification of degenerative pathologies. These mainly focused on the cervical [20,38,63]
and lumbar [33,47,64,68] spine, given the relatively higher incidence in these regions
compared to the semi-rigid thoracic spine [1]. Models have also been utilized to allow for
the detection of specific pathologies on MRI, such as OPLL [25], which is typically assessed
on CT.

A number of studies have focused on identifying the sites of spinal cord or nerve
compression. Merali et al. (2021) trained a CNN (ResNet50) to classify cervical spine MRIs
for the presence or absence of cord compression on axial T2-weighted images, achieving a
high AUC of 0.94. While this model could be used to quickly classify patients with high
accuracy, the authors noted that a more precise model that stratifies the severity of spinal
cord compression (for example, partial versus circumferential compression, with the latter
being more severe) would offer greater clinical utility [63].

In a study by Hallinan et al. (2021), the authors examined the ability of a CNN-based
model to perform automated grading of lumbar spinal stenosis at different regions of
interest. The model was trained on axial T2-weighted and sagittal T1-weighted sequences
and achieved high levels of agreement compared with the reference standard (an expert
radiologist with 31 years of experience). Its performance was comparable to that of sub-
specialist radiologists for dichotomous grading at the central canal (x = 0.96 versus 0.98
for radiologists) and lateral recesses (k = 0.92 versus 0.92-0.95 for radiologists) but slightly
lower at the neural foramina (k = 0.89 versus 0.94-0.95 for radiologists) [64]. In a follow-up
study, Lim et al. (2022) assessed whether this model could enhance radiologist performance.
The authors evaluated the performance of eight radiologists (comprising subspecialists,
general radiologists, and in-training radiologists) with and without DL model assistance.
They found that DL model assistance generated significant time savings (reduced inter-
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pretation time by 76-203 s, p < 0.001), with the greatest benefit for in-training radiologists.
DL-assisted readers had improved or similar performance compared to the baseline [53].
Such studies that assess the real-world impact of DL models are useful in identifying
the areas of greatest benefit and potential problems. In this context, using Al alongside
radiologists during image interpretation has the potential to enhance both the efficiency
and consistency of reporting by reducing variability in their assessments.

Other studies have focused on specific degenerative pathologies, such as intervertebral
disc degeneration. Liawrungrueang et al. (2023) trained a CNN (YOLOV)) to classify
lumbar discs on sagittal T2-weighted images using the Pfirrmann classification system [69],
a widely used system for communicating the severity of disc degeneration and destruction.
Compared to a musculoskeletal radiologist, the model achieved accuracies of more than
95% [47]. Recent work by Xie et al. (2024) employed a combined model using MedSAM
followed by radiomics analysis to perform Pfirrmann grading for degenerate cervical discs.
The model was trained on sagittal T1- and T2-weighted images and achieved an AUC
of 0.95 on a test set, compared against an orthopedic radiologist. It demonstrated the
highest accuracy of 90% when using T1- and T2-weighted images in combination (versus
81-86% when trained on either sequence alone) [20]. The ability to classify degenerative
pathologies using standardized grading systems can allow for the rapid identification of
cases with more severe disease. The use of established criteria would also help facilitate
communication among different specialists.

3.4.2. Neoplastic Diseases

Neoplastic disease can affect different structures along the spine including the verte-
bral column and epidural space with risk of spinal cord compression, potentially leading
to significant disability. Bone neoplasms include metastases, myeloma, and primary neo-
plastic lesions [70]. Additionally, neoplasms can involve the thecal sac/dura and spinal
cord. Several models have been utilized to address diagnostic challenges in spine oncol-
ogy [32,49,51,65], facilitating the distinction between different pathologies with overlapping
imaging characteristics. For example, Zhuo et al. (2022) employed the MultiResUNet and
DenseNet121-based models to differentiate demyelinating disease from neoplasms (namely
ependymoma and astrocytoma) on sagittal T2-weighted MRI alone, without contrast-
enhanced sequences. Scans were evaluated by seven neuroradiologists, with the model
achieving high accuracies of 79-96% (AUC 0.85-0.99), which was similar or superior to the
performance of the neuroradiologists (accuracies of 67-97%). Accuracy for differentiating
between the types of demyelinating diseases (multiple sclerosis versus neuromyelitis optica
spectrum disorders) was the lowest. This pipeline could potentially be useful for cases
where intravenous gadolinium contrast is contraindicated, for example, in patients with
renal impairment. However, the authors also performed lesion segmentation and noted
relatively poor Dice scores of 0.50-0.58 for the segmentation of demyelinating lesions
(versus Dice scores of 0.77-0.80 for neoplasms), suggesting that further work in this area is
necessary before Al-based quantification can be applied to clinical practice [49].

Other models have been applied to evaluate complications resulting from neoplastic
diseases. For instance, Liu et al. (2023) used a Two-Stream Compare and Contrast Network
(TSCCN) model to differentiate between benign and malignant vertebral compression
fractures on sagittal T1-weighted and T2-weighted fat-saturated images, a common diag-
nostic dilemma. In clinical practice, malignant fractures (usually due to metastases) may
require surgical management, and the primary malignancy must also be sought. In their
study, all cases of malignant fractures were confirmed histologically (total of 14 cancer
types). The model achieved higher accuracies of 90-96% (highest accuracy using both
MRI sequences in combination) relative to clinical radiologists (accuracies of 81-90%). The
TSCCN model does not require the manual segmentation of fractures and allows for the
rapid identification of malignant fractures. The authors, however, acknowledge that the
generalizability of the model may be limited for other cancer types not included in the
study [46].
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Additionally, in routine practice, radiologists also evaluate the extent of spinal cord
compression resulting from neoplastic disease as it helps guide management and identify
patients at risk of neurologic compromise. To this end, Hallinan et al. (2022) used a
CNN to grade the severity of metastatic epidural spinal cord compression (MESCC) using
the Bilsky classification on axial T2-weighted images. Compared against an experienced
musculoskeletal radiologist as the reference standard, the model achieved an almost-
perfect agreement for dichotomous grading on internal validation (k = 0.92) and external
testing (k = 0.94). It was also compared to three clinicians who had similar performance
(k-range = 0.94-0.98). This could be used to identify patients with severe cord compression
for prompt specialist review [54]. In a separate study, the authors also demonstrated the
feasibility of automated MESCC grading (normal/low /high-grade) on a matched set of
contrast-enhanced CT images that had corresponding MRIs. The CT model had a high
agreement (k = 0.87-91) with the expert and was superior to two radiologists (k = 0.73-0.82).
This would potentially allow for even earlier diagnosis on staging CT scans which are
routinely performed for patients with cancer [71-73].

3.4.3. Infection

MRI is the modality of choice for evaluating spondylodiscitis, allowing for an accurate
diagnosis, characterization of the extent of infection, and assessment of complications.
However, infections can present a diagnostic challenge as degenerative or inflammatory
lesions may exhibit similar MRI findings.

Mukaihata et al. (2023) developed an algorithm to differentiate pyogenic spondylitis
from Modic endplate changes, a common diagnostic dilemma. Using a CNN backbone, the
authors assessed the model’s performance on sagittal T1-, T2-weighted, and STIR images
against a radiologist and specialist orthopedic and spine surgeons. The model demon-
strated comparable performance to the clinicians and had a high AUC (0.94-0.95) [48].
Additionally, MRI can be useful in suggesting the likely causative organism for spine
infections, helping guide treatment and follow-up. Several studies have applied Al to
this effect [37,69]. Wang et al. (2023) evaluated a combined model to predict whether
Brucella or Tuberculous spondylitis was more likely using sagittal T1-, T2-, T2-weighted
fat-saturated, and axial T2-weighted sequences. Various Al models were used to assess
images against the reference standard (defined by clinical and microbiological diagnostic
criteria). A random forest model achieved the highest AUC of 0.95, higher than a support
vector machine (AUC 0.90-0.94) [37]. Such models are potentially useful as the choice
of microbiological therapy and management strategy differs significantly between these
conditions.

3.4.4. Trauma

MRI is often used in the assessment of traumatic injuries, providing a detailed visual-
ization of soft tissues including the spinal cord and vertebrae, aiding in the detection of
subtle injuries and fractures crucial for accurate diagnosis and treatment planning. Wang
et al. (2024) demonstrated that CNNs (YoloV7 and ResNet50) may be used to evaluate
for acute vertebral fractures. In their study, sagittal STIR images were used, with the
model demonstrating a high accuracy of 98% (sensitivity of 98%, specificity of 97%) against
assessments by spine surgeons. While the performance on an external dataset was slightly
poorer, this was still relatively high at 92% (sensitivity of 93%, specificity of 92%) [21].

In another application, Jo et al. (2023) developed a two-step algorithm (Attention
U-net and Inception-ResNet-V2) for the diagnosis and localization of posterior ligamentous
complex injury in patients with thoracolumbar fractures on midsagittal T2-weighted fat-
saturated images, which can be particularly difficult for inexperienced readers. Assessment
by two experienced musculoskeletal radiologists was used as the reference standard. The
algorithm demonstrated comparable performance (AUC 0.93 on internal testing, 0.92 on
external testing) to a musculoskeletal radiologist (AUC 0.93), and higher performance than
a radiology trainee (AUC 0.83). In addition, they showed that the performance of the
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radiology trainee was significantly improved when aided by the model (improved from
AUC 0.83 to AUC 0.92) [28]. Such models can be used to improve diagnostic confidence for
junior readers.

3.4.5. Spondyloarthropathy

MRIs play an important role in the diagnosis and monitoring of spondyloarthropathies,
such as ankylosing spondylitis, given its increased sensitivity over conventional techniques
like radiographs and CT. It can identify lesions in the pre-clinical stage of the disease and
guide the decision on the use of disease-modifying drugs. Tas et al. (2023) demonstrated
the use of a multi-stage CNN-based model (termed “ASNet”) in the diagnosis of ankylosing
spondylitis with high accuracy (96-100%) on both non-contrast (axial and coronal STIR) and
contrast-enhanced T1-weighted MRI sequences. All the included ankylosing spondylitis
patients had a clinico-radiological diagnosis and were on follow-up with a rheumatologist.
The authors achieved higher accuracies compared to previous similar studies which used
ResNet and U-net models (accuracies of 88-92%). Of note, the authors demonstrated the
highest accuracy with non-contrast images (99% on coronal and 100% on axial images),
which may obviate the need for intravenous contrast in the future [34]. This could improve
diagnosis for patients with contraindications such as contrast medium allergy or impaired
renal function. In another sample of 330 patients with axial spondyloarthritis, Lin et al.
(2024) employed a UNet-based model to detect inflammatory lesions on sagittal STIR
images, using combined assessment by an experienced radiologist and rheumatologist as
the ground truth. The DL model demonstrated similar results (sensitivity 80%, specificity
88%, on a per-image basis) to a radiologist of four years’ experience (sensitivity 82%,
specificity 87%) [23].

3.5. Treatment Planning, Patient Selection, and Prognostication

Another growing application of Al is its use in patients who are being evaluated for
specific treatments. Models have been developed to predict outcomes for patients under-
going various spinal procedures or surgeries, such as lumbar disc surgery [31], lumbar
nucleoplasty [44], and cervical spine surgery [56,60]. Of note, Goedmakers et al. (2021)
employed three CNNs (VGGNet19, ResNet19, and ResNet50) to predict which patients
would develop adjacent segment disease (on clinical and radiologic follow-up) after under-
going cervical radiculopathy surgery (anterior discectomy and fusion). Conventionally, the
prediction of this relatively common complication relies on subjective clinical assessment.
The authors used sagittal T2-weighted images and demonstrated a higher accuracy of 95%
(using ResNet50) compared to 58% by the clinicians (a neurosurgeon and neuroradiologist).
This model offers to provide useful prognostic information and can guide decisions on
patient selection, although future work could also account for other variables such as
patient demographics and surgical technique [60].

Apart from surgery, other treatments can also be analyzed using predictive algorithms.
Chen et al. (2023) investigated an ML-based radiomics algorithm to evaluate sagittal
T1-, T2-weighted, STIR, and axial T2-weighted MRIs for radiotherapy prognostication.
Follow-up data on tumor progression were classified into “progressive disease” and “non-
progressive disease” groups based on established tumor response criteria. The clinical
model achieved an AUC of 0.73 (based on features such as multiplicity of tumors, Bilsky
score, symptoms) whereas a combined clinical-radiomics model had an improved AUC
of 0.83. Although this study was relatively small, with only 52 lesions in the progressive
disease group, and benefits over the conventional model were relatively modest, it shows
the potential applicability of radiomics models to assist radiation oncologists in treatment
selection for difficult cases [30].

3.6. Others

A variety of other applications exist. These include various non-interpretative tasks
such as vetting MRI requests. Alanazi et al. (2022) compared the performance of experi-
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enced radiographers to various Al models in determining whether a lumbar spine MRI
request was indicated or not. A random forest model was found to achieve the highest
area under the curve of 0.99 [52]. Further models have also been applied to tasks such
as processing radiology reports. For instance, Jujjavarapu et al. applied various natural
language processing methods to analyze lumbar spine radiograph and MRI reports. High
accuracy was achieved (AUC 0.96 with n-grams) for the identification of 26 radiologic
findings. The authors also showed reliable extraction of potentially clinically important
findings (AUC 0.95 with document embeddings). Such models could be employed to
facilitate early clinical review for patients with time-critical pathology [58].

3.7. Al and ML Techniques

The reviewed studies employed various Al and ML techniques, with CNNs being the
most frequently used, both appearing in studies from the earlier years to the most recent.
CNNs are versatile and have been applied across a wide range of tasks, including segmen-
tation, detection, and classification. In more recent years, advanced CNN architectures
(such as ResNet, DenseNet, YOLO) have been developed. These architectures incorporate
new mechanisms to overcome several limitations of conventional models (including the
vanishing gradient problem and overfitting), allowing for deeper networks and better
performance [21,25,27,28,33,34,45].

U-nets are another common technique, being particularly favored in image seg-
mentation tasks for their precision and efficiency. In later studies, U-net variants (such
as 3D U-net, Attention U-net, and MultiRes U-net) were employed to further enhance
their capabilities [19,28,49,57]. For instance, 3D U-nets enable the segmentation of volu-
metric data like MRI scans, preserving spatial information across slices and leading to
greater accuracy.

Some studies also implemented ensemble models, where outputs from multiple indi-
vidual models are aggregated to produce superior results than each model alone. Common
ensemble models in this review include Random Forest and boosting models (XGBoost,
AdaBoost), which were used to improve the performance for advanced classification tasks
such as predicting outcomes after spinal surgery or stereotactic radiotherapy [30,31,39,44].

Overall, there was a noticeable transition from simple, single-model approaches to
more sophisticated models over time. Hybrid and ensemble models became increasingly
common, reflecting the need for more robust models capable of effectively handling com-
plex tasks.

4. Discussion

Al and ML in spine MRI have the potential to address several shortcomings of conven-
tional technology and assessment. However, there remain important gaps and limitations
that need to be addressed and studied.

As previously alluded to, one of the major challenges that modern radiology depart-
ments face is the significant time required to perform MRIs, despite ongoing advances
in MRI technology, acceleration techniques, and pulse sequences. The ability of DL re-
constructions to significantly reduce imaging time has the potential to improve scanner
utilization and patient comfort [74]. These are pertinent issues, given the increasing de-
mand for advanced imaging such as MRI and the longer examination times compared
to other imaging modalities. Many DL reconstruction algorithms promise minimal to no
degradation of image quality, ensuring high diagnostic accuracy, and some are already
commercially available. In particular, the synthetic MRI sequences generated from CT
images could allow clinicians to leverage the speed of the CT with the superior soft tissue
resolution of MR, facilitating more accurate diagnoses for patients who cannot undergo
MRI (e.g., patients with MRI-incompatible implants or claustrophobia) [59]. Conversely,
synthetic MRI-generated CT sequences can eliminate radiation exposure. However, there
are limitations to the current DL technology. Reconstruction algorithms, especially those
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used for denoising, can exaggerate artifacts and may cause instability in output images,
potentially leading to small lesions being overlooked [74,75].

Advances in spine segmentation have served as an important foundation on which
more complex applications can be built. Most recently, models developed to segment
pathology have given rise to new clinical applications [61]. The segmentation of other
diseases such as neoplasms could also lead to more objective and accurate monitoring
for treatment response. Further work in this area is necessary to determine the impact on
patient outcomes.

With advances in diagnostics, interpretative tasks conventionally performed by trained
radiologists can be augmented by Al. An important area of potential impact is increased
efficiency and productivity leading to time savings. Given the ever-increasing radiology
workloads, Al could potentially be used to reduce interpretation times and reader fatigue,
allowing radiologists to focus on more complex cases and patient care [76]. Additionally,
Al tools may supplement radiologists by improving their diagnostic accuracy. Al augmen-
tation has been shown to improve radiologists” performance, particularly those with less
experience [28,53]. Another area of particular interest is the synergy between radiomics and
deep learning. This field involves quantitative image analysis, offering more precise and
accurate lesion characterization or classification than what is possible by human readers
alone [20,77]. Additionally, Al models, such as those applied to spondyloarthropathy [34],
have the potential to reduce the need for intravenous gadolinium contrast, which is com-
monly used to enhance diagnostic quality in MRI scans. This reduction could lead to
significant cost savings and minimize the potential risks of gadolinium toxicity.

In the field of treatment planning, patient selection, and prognostication, predictive
algorithms have shown promise in allowing for the better anticipation of patient outcomes
and complications. Spinal surgery and interventions carry significant risks and should be
offered to patients who are likely to benefit the most. While existing clinical decision sup-
port and predictive tests are available, these often lack consensus and can have conflicting
evidence [78,79]. Al systems that accurately predict outcomes can improve patient care
and resource optimization.

However, despite widespread optimism about the purported benefits of these Al
technologies, there are important limitations and potential areas for further study, which
we will address in the next sections.

4.1. Generalizability

Generalizability refers to the ability of an Al model to perform its intended function on
a new set of data that was not part of the model development process [80]. While models
may exhibit high levels of accuracy on test sets, developing a generalizable model presents
unique challenges. Ethical, legislative, and practical concerns often lead to the development
of models based on patient data from a single healthcare institution or country. Variability
in institutional imaging protocols, MRI equipment, and pulse sequences introduces signifi-
cant challenges to consistent Al model performance. In addition, variations in treatment
approaches further complicate the development of generalizable models. These factors
collectively limit the performance of Al models when applied in different settings [81,82].

Several strategies can be employed to improve generalizability. Firstly, ensuring
the availability of data from varied populations is crucial. For instance, Xu et al. (2023)
used a large training dataset to develop an Al model for thyroid nodule classification on
ultrasound. They utilized data from 10,023 patients across 208 hospitals and 12 equipment
vendors, achieving a high AUC of 0.90. The use of scans from a heterogeneous patient
population was cited as an important factor for the model’s strong performance [83]. Large
medical image datasets, including RadIlmageNet, MedPix, CheXpert, have been made
available in recent years. Additionally, the Radiological Society of North America (RSNA)
and the American Society of Neuroradiology (ASNR) recently launched a publicly available
dataset of cases annotated by 50 expert radiologists across eight institutions, with the goal
of encouraging the development of Al tools for degenerative lumbar spine MRIs [84].
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Improving the availability of diverse, high-quality data can potentially overcome some of
the challenges posed by limited diversity in training datasets, potentially resulting in more
robust models.

Secondly, techniques such as transfer learning can be employed. Transfer learning,
which includes domain adaptation, involves making modifications to a model in order
to improve its performance on previously unseen tasks [85]. Xuan et al. (2023) employed
transfer learning on CNNs (YOLOv3, YOLOvV5, PP-YOLOV2) that were pre-trained on
general image datasets. Transfer learning was applied by using these models to train a CNN,
together with sagittal T2-weighted MRI images labeled by experienced spinal surgeons for
evaluation of various features (including disc bulges and spondylolisthesis). The model
had a higher accuracy (98%) compared to three spine doctors (accuracies ranging from
70 to 88%) [86]. Similar approaches could be applied to other spine Al models, ensuring
their validity when applied to varied settings.

Thirdly, “stress testing” involves evaluating an Al model under varied or extreme
conditions to identify potential weak points [81]. In radiology, this may include modifying
the input image by rotating, cropping, or adjusting the brightness. Such tests help simulate
clinical variability. Santomartino et al. (2024) recently evaluated a bone age prediction
algorithm on external images before and after applying transformations to simulate real-
world variations (for example, rotating or flipping the image, altering brightness and
contrast). The algorithm performed well on the external dataset with a mean absolute
difference of 6.9 months and 16.2% clinically significant errors (CSEs) when compared to
radiologists. However, its performance significantly worsened when tested on the altered
images; when the image resolution was altered, the mean absolute difference increased to
118.3 months. This process helped demonstrate the important pitfalls of the model [87].
Stress testing allows for the simulation of real-world variations in image quality that can
significantly impact model performance.

As more Al models become commercially available, it is crucial that they are rigorously
validated before they can be applied to new healthcare settings, ensuring their accuracy
and safety for patient use.

4.2. Implementation

Implementing Al in clinical practice involves overcoming several hurdles. Most re-
cently, a multi-society statement was released by several radiological organizations (ACR,
CAR, ESR, RANZCR, RSNA) that provided guidance on the application of Al tools, from
development to implementation and use [88]. The statement highlighted the need for rigor-
ous evaluation to ensure patient safety and supported the integration of Al into existing
healthcare information technology (IT) infrastructure. Other authors have emphasized
the importance of using vendor-neutral platforms, which can streamline algorithms from
multiple developers and facilitate end-user access to Al-generated results [89]. Addressing
these concerns will ensure that Al algorithms are reliable and effective.

A key challenge in healthcare is maintaining patient confidentiality while leveraging
large volumes of medical data for Al training and deployment. Privacy concerns arise
due to the sensitive nature of medical data, and the risk of data breaches or misuse could
compromise patient trust and legal compliance. Designing Al systems that protect patient
identities through techniques like data anonymization and encryption is essential [90].

The use of Al in healthcare settings such as radiology also raises ethical concerns.
Patient well-being, equity, privacy, and dignity should be prioritized. Responsible use of Al
includes ensuring that patient data are properly regulated and kept secure. Al models may
also exaggerate pre-existing biases in healthcare, particularly the effects of selection bias.
Such bias is inadvertently introduced when algorithms are applied to patient data that
differ from the data on which they were trained, where the incidence of various pathologies
may differ. For example, an Al model trained primarily on data from urban hospitals may
underperform when used in rural settings, where the prevalence of certain conditions and
patient demographics differ significantly. Even within a single health system, Al systems
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may inadvertently introduce bias against minority populations due to unrepresentative
training data. This can potentially lead to less accurate predictions for certain groups
and increase healthcare disparity. Minimizing bias is crucial to ensuring fairness and
accuracy [88,90-94].

Trust is another key factor in the successful implementation of AI models into clinical
care. Radiologists’ trust in Al has been identified as one of the most common barriers to its
adoption [95]. Many commonly used algorithms operate as “black box” solutions, making
it difficult to fully understand how conclusions are derived. Building patient trust in Al
is also important for its role to be widely accepted in patient care. Clear communication
about how Al works and its benefits can foster this trust. Involving end-users and patients
in the Al development process and addressing their concerns is also vital [96]. For example,
saliency maps (heat maps) can be used to improve model explainability. These are visual
representations that highlight parts of the image that are most relevant to a DL model’s
predictions. Brima and Atemkeng (2024) used various saliency methods (GradCAM, Score-
CAM, XRAI) on datasets comprising MRI scans depicting brain tumors and COVID-19
chest radiographs. Employing both qualitative visual assessment and quantitative (Accu-
racy and Softmax Information Curves) metrics, they showed that saliency maps can offer
accurate representations of a model’s decision-making process [97].

Ongoing research and close collaboration between researchers, healthcare providers,
and regulatory bodies is necessary to ensure the smooth implementation of Al in routine
practice. Establishing robust regulatory frameworks and continuously monitoring Al
systems will be essential to addressing any emerging issues and maintaining high standards
of patient care.

4.3. Study Limitations

While this review provides a comprehensive analysis of the current applications of
Al and ML in spine MRI, several limitations should be acknowledged. Firstly, the hetero-
geneity of the included studies and lack of inferential statistics limit the robustness and
ability to draw generalized conclusions. Differences in study designs, patient populations,
MRI protocols, and models make it difficult to directly compare outcomes between studies.
Nonetheless, we sought to provide a comprehensive overview across the range of appli-
cations that have been studied in this field, with the aim of highlighting current trends
and identifying key gaps in the literature which could serve as targets for further research.
Secondly, a majority of the studies reviewed were retrospective in nature, which limits
the ability to assess the real-world applicability of these Al tools in prospective clinical
settings. Another notable limitation is the lack of standardized evaluation metrics across
studies, making it challenging to objectively compare the performance of different Al
models. Finally, the review did not consider the potential biases that could be introduced
by Al models, such as those related to patient demographics, which could impact the
fairness and equity of Al-driven healthcare solutions.

4.4. Proposed Areas of Future Research

Firstly, the exploration of foundation Al models in healthcare presents an exciting
opportunity. These models are trained on varied and much more extensive datasets than
the conventional models, making them adaptable for a wide range of tasks. Furthermore,
they have the potential to integrate multiple data types to provide comprehensive insights.
However, there are several limitations, including the increased complexity in training and
validating these generalist models [98,99]. Thus, further work is necessary to evaluate
potential applications in spine MRL

One such application is the development of comprehensive models for image in-
terpretation. Such models have already been developed and validated for applications
like interpreting chest radiographs, where the detection of multiple pathologies is pos-
sible [100-102]. However, in this application, many existing models focus on detecting
a single pathology or differentiating between a small number of pathologies. Currently,
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many of these models still require radiologist input for image interpretation. Compre-
hensive Al models that can detect and classify a wide range of pathologies—including
degenerative disease, fractures and vertebral malalignment, marrow signal abnormality,
spinal cord abnormalities and incidental extra-spinal findings—will significantly enhance
the diagnostic process. These advanced models could also integrate information from
the patient’s electronic medical records. Multidisciplinary collaboration among computer
scientists, radiologists, and clinicians is necessary to identify areas where clinically relevant
models can provide the greatest benefit for patients [103].

Another area where foundation models can improve patient care is through large
language models (LLMs). Privacy-protecting LLMs (PP-LLMs), which can manage large
volumes of healthcare data while ensuring patient privacy and security, are particularly
promising. In radiology, LLMs have already been employed for a range of tasks. For exam-
ple, they have been used to determine the most appropriate imaging protocol for different
types of scans [104], generate radiology reports, and summarize reports [105,106]. Spine
MRI reports are a suitable area for LLM assistance as they are typically structured by spinal
level, which can make the reporting process tedious and time-consuming. LLMs could
automate much of this work, generating consistent and accurate reports more efficiently
than manual methods. In addition, LLMs have the potential to enhance the understanding
of radiological findings by both referring clinicians and patients. LLMs can help translate
complicated medical jargon into language that is accessible to patients, helping them to
better understand their diagnosis [107,108]. As the performance of LLMs continues to
improve, their range of applications in healthcare is likely to expand. Future advancements
could include more varied diagnostic tasks. In particular, recent multimodal LLMs which
can interpret both text and images are particularly useful in radiology, with the potential to
aid in tasks such as identifying errors in radiology reports [109]. Such algorithms could be
developed for spine imaging thus ensuring patient safety.

A final key area of future research is the evaluation of real-world applications of Al,
particularly its impact on diagnostic accuracy, productivity, and patient outcomes. Studies
like those by Lim et al. (2022), where the radiologist’s performance in interpreting the
lumbar spine MRI was assessed with and without a DL model, provide valuable insight.
The largest improvements in time and accuracy were seen for in-training and general
radiologists, with subspeciality radiologists achieving the least productivity gains [53].
Studies on the application of Al systems for other diseases have helped demonstrate
unexpected or unintended consequences. A recent study by Yu et al. (2024) examined
the impact of Al assistance on 140 radiologists who were tasked with interpreting chest
radiographs. The authors found that the impact of Al assistance on radiologist performance
was variable, and that Al errors significantly impacted treatment outcomes [110]. Similar
studies will be useful in evaluating other interpretative tasks, such as spine imaging, to
understand the influence of Al more holistically.

5. Conclusions

Our review has highlighted the significant potential that Al and ML have in revolu-
tionizing spine MRI by addressing important challenges in image acquisition, diagnostic
accuracy, and treatment planning. We have examined key advancements in Al including
the development of DL reconstruction algorithms that allow for faster image acquisition,
and models that allow for improved diagnostic performance. We also acknowledge the
limitations of current Al technology. Future work will require collaborative efforts to
fully exploit new technologies and address practical challenges related to generalizability
and implementation.
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Abstract

Ultrasound examination using the Graf method is widely applied for early detection
of developmental dysplasia of the hip (DDH), but intra- and inter-operator variability
remains a limitation. This study aimed to quantify operator variability in hip ultrasound
assessments and to validate an Al-assisted system for automated x-angle measurement
to improve reproducibility. Thirty participants of different experience levels, including
trained clinicians, residents, and medical students, each performed six ultrasound scans
on a standardized infant hip phantom. Examination time, iliac margin inclination, and
x-angle measurements were analyzed to assess intra- and inter-operator variability. In
parallel, an Al-based system was developed to automatically detect anatomical landmarks
and calculate x-angles from static images and dynamic video sequences. Validation was
conducted using the phantom model with a known x-angle of 70°. Clinicians achieved
shorter examination times and higher reproducibility than residents and students, with
manual measurements systematically underestimating the reference x-angle. Static Al
produced closer estimates with greater variability, whereas dynamic Al achieved the highest
accuracy (mean 69.2°) and consistency with narrower limits of agreement than manual
measurements. These findings confirm substantial operator variability and demonstrate
that Al-assisted dynamic ultrasound analysis can improve reproducibility and reliability in
routine DDH screening.

Keywords: Developmental Dysplasia of the Hip (DDH); ultrasound imaging; Artificial
Intelligence (Al); x-angle measurement; operator variability

1. Introduction

Although ultrasound examination using the Graf method is widely employed for
the early detection of developmental dysplasia of the hip (DDH), concerns regarding the
reliability of its measurements remain [1,2]. Both intra-operator variability—where re-
peated measurements by the same examiner yield inconsistent results—and inter-operator
variability—differences between examiners—have been recognized as significant limita-
tions. Contributing factors include probe angulation, applied pressure, transducer posi-
tioning, and subjective interpretation of anatomical landmarks [3-5]. Even experienced
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examiners are susceptible to such variability, and prior studies have demonstrated that
key diagnostic parameters, particularly the «- and 3-angles, are highly sensitive to subtle
deviations in technique [4,6]. Despite efforts to reduce these discrepancies through stan-
dardized training, a moderate degree of inconsistency persists, underscoring the inherent
difficulty in achieving fully reliable and reproducible ultrasound-based assessments of the
infant hip [3,7].

In response to these challenges, recent research has turned to artificial intelligence
(Al) as a means to improve diagnostic consistency and reduce operator dependence in
DDH ultrasound assessments [8]. Deep learning-based models have shown promising
performance in automating critical components of the Graf classification, including land-
mark detection, standard plane identification, and x-angle measurement, with diagnostic
accuracy comparable to that of expert clinicians [9-11]. These Al-assisted systems offer the
potential to standardize assessments, improve reproducibility, and expand access to high-
quality screening. Previous Al-assisted approaches for DDH ultrasound have primarily
relied on static image analysis, often using manually selected frames to detect anatom-
ical landmarks or estimate x-angles. While these studies demonstrated the feasibility
of applying deep learning to DDH diagnosis, they did not capture operator-dependent
variability or provide real-time diagnostic support. Our study builds on this body of
work by introducing a dynamic, video-based Al system capable of frame-by-frame x-angle
measurement during continuous scanning and validating its accuracy against a phantom
with a known reference angle. This provides both real-time applicability and objective
benchmarking that have been lacking in previous reports. However, before the benefits
of such technologies can be accurately evaluated, it is essential to establish a quantitative
understanding of the variability that exists among human examiners with different levels
of training and experience.

To that end, we designed a two-part study to explore these issues. First, we conducted
a phantom-based experiment (Study 1) to assess diagnostic accuracy and examination time
among medical students, residents, and experienced physicians, thereby quantifying intra-
and inter-operator variability under controlled conditions. Second (Study 2), we developed
and validated an Al-based system capable of automatically selecting diagnostic-quality
frames and calculating x-angles from both static ultrasound images and video sequences.

Previous studies have mainly addressed operator variability or Al-assisted systems in
isolation, without integrating both perspectives within a unified framework. This has left
two key gaps: (1) a limited quantitative understanding of how examiner experience affects
measurement accuracy and reproducibility, and (2) insufficient validation of Al-assisted
methods against objective reference standards under controlled conditions. Our two-part
design was chosen specifically to address these gaps: Study 1 established a benchmark
of human performance, and Study 2 directly evaluated an Al-assisted solution under the
same conditions, enabling meaningful comparison between human and Al performance.
In particular, the novelty of this work lies in extending x-angle measurement to dynamic
video-based ultrasound and validating its accuracy against a phantom with a known
reference angle.

2. Materials and Methods
2.1. Study 1

This study investigated the diagnostic accuracy and efficiency of Graf method ul-
trasound assessments across different levels of clinical experience using a standardized
phantom model. Participants were divided into three groups: the trained group (T group),
comprising seven individuals who had completed a specialized infant hip ultrasound
seminar; the resident group (R group), consisting of seven orthopedic residents without
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formal ultrasound seminar training; and the student group (S group), composed of sixteen
medical students without prior specialized ultrasound education.

All ultrasound examinations were performed using the same ultrasound device
(Hitachi-Aloka, Mitaka, Japan) and a pediatric hip phantom model (Kyoto Kagaku Co., Ltd.,
Kyoto, Japan) simulating the anatomical structure of an infant hip (Figure 1). Participants
conducted the examinations according to the Graf method, with the phantom positioned
in the lateral decubitus position. Each participant was instructed to align the iliac outer
margin vertically, identify key anatomical landmarks, and acquire an appropriate image
for subsequent x-angle measurement. A total of four independent measurements were
obtained per participant.

(b)

Tilt ofilliac crest

« angle

Figure 1. (a) Standardized infant hip phantom model (Kyoto Kagaku Co., Ltd., Kyoto, Japan) used for
ultrasound examination and demonstration of the scanning procedure according to the Graf method.
(b) Representative ultrasound images of the phantom hip. The x-angle is defined as the angle
between the baseline along the iliac outer margin and a line extending to the bony acetabular rim.
The tilt of the iliac crest relative to the vertical axis was also measured to evaluate probe positioning
and image acquisition quality.

The evaluation focused on three key parameters: the time required to obtain a
diagnostic-quality image, the inclination of the iliac outer margin relative to the verti-
cal axis, and the measured x-angle. Examination time was recorded for each trial, and
the iliac inclination angle was assessed to verify correct probe positioning. x-angles were
measured from the acquired images according to the standard Graf technique [12].

This study was a phantom-based experiment designed to evaluate the effect of clinical
experience on operator variability. The sample size was intentionally limited to repre-
sentative participants from three experience levels within our institution (trained clini-
cians, residents, and medical students), which was considered sufficient to demonstrate
experience-related trends rather than clinical outcomes. Participants were randomly se-
lected from available rotating clinicians and medical students during the study period.
No exclusion criteria were applied, and each participant performed five independent
examinations per hip joint to allow intra-operator analysis.

2.2. Study 2

To address the operator-dependent variability identified in Study 1, we evaluated
the performance of an automated x-angle measurement system using static ultrasound
images acquired from the same standardized hip phantom. A different group of orthopedic
residents, not involved in Study 1, performed four independent measurements each,
following the Graf method under standardized conditions. Four static ultrasound images
per participant were collected for analysis.

Manual measurements of the a-angle and iliac outer margin inclination were per-
formed by the same physicians who acquired the ultrasound images, strictly following
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Graf’s method. The baseline was defined along the iliac outer margin, and a second
line was extended to the bony acetabular rim. The a-angle was then calculated using
the built-in angle measurement tool of the ultrasound system. Each participant repeated
the measurements independently, and duplicate trials per hip joint were used to assess
intra-operator consistency.

2.2.1. Static-Image-Based Diagnostic Algorithm for DDH

Subsequently, the same static ultrasound images were analyzed using an automated
algorithm developed in accordance with a previously published method [13]. The images
were first preprocessed to enhance quality and suppress noise, followed by automatic detec-
tion of key anatomical landmarks, including the bony acetabular rim using a convolutional
neural network [14] (Figure 2a). After landmark detection, the system segmented relevant
bone and cartilage regions and applied line fitting based on the Hough transform to con-
struct a baseline along the iliac outer margin (Figure 2b). The x-angle was then calculated
as the angle between this baseline and a line extending to the tip of the labrum (Figure 2c).

(©)

Color mapping ° e

/3,

Outer magin of the ilium

Figure 2. Schematic illustration of the Al-assisted x-angle measurement system. (a) Original ultra-
sound image of the hip joint and corresponding color-mapped image highlighting structural features,
with the bony acetabular rim indicated. (b) Automatic extraction of anatomical landmarks: detection
of the outer margin of the ilium and localization of the bony acetabular rim. (¢) Determination of
the baseline along the iliac outer margin and the bony acetabular roof line, followed by automated
calculation of the x-angle on the reconstructed ultrasound image.

All automated measurements were generated without human intervention. For vali-
dation, manual measurements were obtained independently by the same physicians who
acquired the ultrasound images, strictly following Graf’s method. Both manual and auto-
mated measurements were performed in a blinded manner, and agreement and consistency
between the two approaches were subsequently evaluated.

2.2.2. Dynamic-Image-Based Diagnostic Algorithm for DDH

To extend the capabilities of static image analysis to real-time ultrasound video se-
quences, we developed a novel diagnostic system capable of automatically extracting
diagnostic-quality frames and calculating key angular measurements during continuous
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scanning. This system was built upon an enhanced image-processing pipeline based on
our previous work [13], with critical modifications for real-time application.

First, a deep learning model based on YOLO v3 was employed to perform bounding
box inference on each frame [15]. The model simultaneously detected key anatomical
features, specifically the bony acetabular rim (osseous acetabular beak) and the lower limb
of the ilium. By using bounding box predictions instead of traditional point detection
methods, the computational burden was significantly reduced, enabling near real-time
analysis (Figure 3a). Subsequent processing steps included: (1) extraction of local maxima
from grayscale ultrasound images to identify high-intensity bone surfaces; (2) application
of intensity-based filtering to eliminate minor peaks and improve landmark reliability;
(3) linear approximation using screened local maxima to construct the iliac outer wall line;
and (4) establishment of a baseline parallel to the iliac outer margin that passes through the
detected acetabular rim (Figure 3b).

(a) Bony acetabular rim (b) v

Lower limb of the ilium

Bounding box

BO}MLJL’t ular roof line
| Y s
| ‘

Figure 3. Al-assisted a-angle measurement process. (a) A deep learning model based on YOLO
v3 was employed to perform bounding box inference on each frame, simultaneously detecting key
anatomical features including the bony acetabular rim (osseous acetabular beak) and the lower
limb of the ilium. (b) Subsequent image processing steps: (1) extraction of local maxima from
grayscale ultrasound images to identify high-intensity bone surfaces; (2) screening of local maxima
through intensity-based filtering to remove minor peaks and improve landmark reliability; (3) linear
approximation using screened local maxima to construct the iliac outer wall line; and (4) establishment
of a baseline parallel to the iliac outer margin passing through the detected acetabular rim.

The x-angle was calculated in each extracted diagnostic-quality frame by measuring
the angle between the constructed baseline and the identified acetabular rim line. This
bounding box-based approach, combined with optimized peak screening, reduced pro-
cessing time by approximately 100 to 200 milliseconds per frame compared to previous
methods. These enhancements allowed for near real-time guidance during ultrasound
examinations, assisting operators in identifying appropriate frames for diagnosis and
enabling continuous automated assessment of hip morphology. All calculations were
performed automatically without human intervention, and the results were compared with
manual measurements under blinded conditions to ensure consistency.
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2.3. Statistical Analysis

Statistical analyses were performed using JMP Pro version 17.0 (SAS Institute, Cary,
NC, USA). For Study 1, group differences were assessed by one-way ANOVA. In addition
to p-values, the observed effect size (n> and Cohen’s f) and post hoc statistical power were
calculated to evaluate the adequacy of the sample size. For reliability analyses, intra- and
inter-operator consistency was assessed using intraclass correlation coefficients (ICCs), and
95% confidence intervals were reported together with point estimates. For Study 2, agree-
ment with the phantom reference (70°) was evaluated by comparing mean x-angle values
and the variability of measurements across methods, with bias and variability reported as
the most relevant metrics. A p-value < 0.05 was considered statistically significant.

3. Results
3.1. Study 1

Manual Ultrasound Measurements Across Different Experience Levels in Study 1,
30 participants (7 trained clinicians, 7 residents, and 16 medical students) each performed
six independent ultrasound measurements on a standardized phantom model with a
known reference x-angle of 70°. The mean examination time was significantly shorter in
the trained group compared to the resident and student groups (T group: 5.1 £ 2.3 s; R
group: 11.4 + 5.55; S group: 21.6 & 15.0 s; p < 0.001), with a large effect size (n? = 0.291;
Cohen’s f = 0.64) and adequate post hoc power (0.85). The inclination of the iliac outer
margin relative to the vertical axis was closest in the trained group, with greater deviations
observed in the resident and student groups (p < 0.01). Intra-operator variability, assessed
by intraclass correlation coefficients (ICCs), was highest in the trained group (ICC = 0.92
(95% CI: 0.89-0.95)), followed by the resident group (ICC = 0.85 (95% CI: 0.79-0.91)) and the
student group (ICC = 0.78 (95% CI: 0.69-0.87)). Inter-operator reproducibility followed a
similar trend (T group ICC = 0.89 (95% CI: 0.83-0.95); R group ICC = 0.81 (95% CI: 0.74-0.87);
S group ICC = 0.74 (95% CI: 0.69-0.79)).

3.2. Study 2: Comparison of Manual and Automated n-Angle Measurements
3.2.1. Manual Measurements

The mean a-angle measured manually was 64.0° (SD = 4.7°), substantially under-
estimating the reference value of 70°. Bland—Altman analysis indicated a mean bias of
—6.0°, with 95% limits of agreement ranging from —15.2° to +3.2°, confirming systematic
underestimation by manual measurement.

3.2.2. Static-Image-Based Automated Measurements

The static-image-based diagnostic algorithm yielded a mean wx-angle of 69.3°
(SD =10.4°). Although the mean value closely approximated the reference, Bland-Altman
analysis against the phantom reference (70°) showed a small mean bias of —0.7°, but
with wide 95% limits of agreement (—21.1° to +19.7°), indicating considerable variability
despite acceptable mean accuracy. Error distribution plots confirmed the wide dispersion
of static-image measurements around the reference, reflecting limited reproducibility.

3.2.3. Dynamic-Image-Based Automated Measurements

The dynamic-image-based diagnostic system analyzed continuous ultrasound video
sequences. The mean x-angle measured from automatically extracted diagnostic-quality
frames was 69.2° (SD = 2.4°), demonstrating both high accuracy and low variability.
Bland-Altman analysis against the phantom reference (70°) showed a mean bias of —0.8°,
with narrow 95% limits of agreement (—5.5° to +3.9°), indicating excellent agreement and
reproducibility. Compared to static-image analysis, the dynamic system achieved greater
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consistency and precision. The diagnostic success rate was 100% (40/40 frames correctly
assessed), with a mean absolute error of 0.8° relative to the reference value. The process-
ing time per frame was reduced by approximately 100-200 milliseconds, enabling near
real-time assessment. Error distribution plots confirmed that dynamic Al measurements
were tightly clustered around the true value with minimal variance, whereas manual
measurements systematically underestimated and static-Al assessments exhibited wide

variability (Figure 4).
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Figure 4. Comparison of manual, static Al, and dynamic Al measurements of the x-angle using
a phantom model. (Left): Distribution of x-angle measurements. The dashed horizontal line
indicates the true reference value (70°). Manual measurements underestimated the reference, static
Al approximated the reference but with large variability, and dynamic AI clustered tightly around the
true value. (Right): Distribution of measurement errors relative to the reference value (70°). Dynamic
Al demonstrated the lowest median error and smallest variability, highlighting its superior accuracy
and reproducibility compared with manual and static AL

4. Discussion

Early and accurate diagnosis of DDH is critical for preventing long-term sequelae and
reducing the need for invasive interventions [16]. Although ultrasound examination using
the Graf method has become the standard for infant hip screening 16, its reliability remains
significantly influenced by examiner technique. Recent systematic reviews and studies have
emphasized persistent intra- and inter-operator variability in «- and 3-angle measurements,
even among trained practitioners [17-19]. Minor deviations in probe angulation, pressure,
and landmark identification can significantly impact diagnostic outcomes, highlighting the
inherent difficulty of achieving fully reproducible manual assessments.

Our first study confirmed that operator variability persists across different levels of
clinical experience. Trained clinicians demonstrated significantly shorter examination times,
better iliac margin alignment, and more consistent x-angle measurements compared to res-
idents and medical students. These findings align with previous reports showing that even
novice operators can achieve high reproducibility after brief, structured training programs,
typically consisting of 1.5-2 h of instruction and supervised practice [3,7,20]. Intraclass
correlation coefficients exceeding 0.9 have been reported after such interventions [3,7].
However, our results also suggest that a major source of measurement variability may lie
not only in the angle measurement itself, but in the ability to acquire an appropriate stan-
dard plane for evaluation. Since x-angle accuracy is inherently dependent on the quality of
the acquired image, especially the alignment of the iliac margin and identification of key
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landmarks, acquiring the correct standard plane appears to be a particularly critical and
experience-sensitive skill. Supporting operators in obtaining such images may therefore be
essential to improving reproducibility in DDH screening.

To address these limitations, several strategies have been proposed. Immediate feed-
back during scanning, continuous quality assurance programs, and refresher training are
essential to sustain diagnostic accuracy and minimize technical drift over time. Common er-
ror sources, such as misalignment of the iliac margin and incorrect landmark identification,
continue to affect measurement reliability, particularly among less experienced operators.
Adjunctive technologies, including computer-aided diagnosis (CAD) systems and three-
dimensional (3D) ultrasound, have shown promise in further reducing operator-dependent
variability [4,21]. These tools can provide real-time feedback, enhance standardization, and
support novice examiners in acquiring diagnostic-quality images.

Building on these observations, we evaluated an Al-assisted system for automated
a-angle measurement using static ultrasound images and dynamic video sequences. The
system showed high accuracy: static-image results closely matched the reference, and
dynamic analysis achieved even greater consistency with narrower Bland—-Altman limits
of agreement. These findings support the utility of Al in DDH screening, where prior
studies have reported classification accuracies of 90-98% and mean absolute errors of
1.7-2.5°. Compared to earlier methods such as that by Chen et al. [22], our system focuses
specifically on a-angle measurement—central to early DDH diagnosis—and enables real-
time processing by combining bounding box inference with local peak detection. Phantom-
based validation with a known reference angle allowed for the objective assessment of
measurement error, independent of clinical variability. A principal strength of this study
is the novelty of applying a dynamic, video-based Al system for a-angle measurement,
moving beyond previously reported static-image approaches. This real-time capability is
particularly relevant to clinical practice, as continuous frame analysis can support consistent
identification of diagnostic-quality planes. Moreover, validation against a phantom with
a known reference angle provides a robust and objective benchmark, reinforcing the
reliability of both human and Al performance. Although clinical validation is still needed,
these results suggest that Al tools may improve reproducibility and standardization in
ultrasound-based DDH screening.

Several limitations of this study should be acknowledged. First, the validation of the
Al-assisted system was conducted using a phantom model rather than clinical ultrasound
images. Although the use of a phantom with a known reference x-angle enabled objective
quantification of measurement error, the performance of the system in real-world clinical
settings remains to be evaluated. Clinical images typically present greater variability due
to patient movement, anatomical diversity, and differences in operator technique, which
could affect the system’s accuracy and robustness. Second, the number of participants
involved in the manual ultrasound assessments was relatively limited. While significant
differences were observed between groups with different levels of experience, larger
sample sizes across diverse institutions would be necessary to generalize the findings
regarding operator-dependent variability. Third, the Al algorithm focused exclusively on
a-angle measurement without incorporating 3-angle evaluation. Although x-angle is the
primary determinant for early DDH classification, comprehensive assessment following
Graf’s original methodology also considers [3-angle measurements, which may contribute
additional diagnostic information in certain cases. Finally, this study did not directly assess
the system’s usability or integration within real-time clinical workflows. Future work
should include prospective clinical trials to evaluate not only diagnostic accuracy but also
the practical impact on workflow efficiency, examiner confidence, and training effectiveness
when Al-assisted tools are deployed in routine DDH screening programs. Future work
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should therefore include prospective clinical trials to evaluate not only diagnostic accuracy
but also the practical impact on workflow efficiency, examiner confidence, and training
effectiveness when Al-assisted tools are deployed in routine DDH screening programs, as
well as investigations of system performance under real-world conditions of patient motion,
anatomical variability, and variable image quality. Moreover, extending the algorithm to
incorporate (3-angle analysis and optimizing it for seamless integration into daily practice
will be important next steps to maximize clinical applicability.

5. Conclusions

This study confirmed that substantial operator variability persists in infant hip ultra-
sound despite structured training, with trained clinicians achieving shorter examination
times and more reproducible measurements than residents and medical students. Using a
phantom model with a known reference a-angle, we demonstrated that manual measure-
ments systematically underestimated the true value, static Al achieved closer estimates
with higher variability, and dynamic Al provided the highest accuracy and consistency
with near real-time performance. Compared to previous frameworks, our system therefore
offers improved reproducibility and real-time diagnostic support, focusing on the most
clinically critical parameter. In practical terms, these findings suggest that integrating
Al-assisted x-angle measurement into routine DDH screening could reduce operator de-
pendence, improve diagnostic reproducibility, and support the training of less experienced
examiners. Future clinical validation will be essential to establish its broader applicability
for standardized DDH screening.

6. Patents

A Japanese patent application related to the methodology described in this manuscript
has been filed by the authors.
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Abstract

(1) Background: This study aimed to develop a deep learning model using a convolutional
neural network (CNN) to automate Risser grade assessment from pelvic radiographs. (2)
Methods: We used 1619 pelvic radiographs from patients aged 12-18 years with scoliosis
to train two CNN models—one for the right pelvis and one for the left. A multimodal
approach incorporated 224 x 224-pixel regions of interest from radiographs, alongside
patient age and gender. The models were optimized with Adam, weight decay, rectified
linear unit (ReLU) activation, dropout, and batch normalization, while synthetic data
augmentation addressed class imbalance. Performance was evaluated through accuracy,
precision, recall, F1-score, and area under the receiver operating characteristic curve (ROC
AUC). (3) Results: The right pelvis model achieved 83.64% accuracy; the left pelvis model
reached 80.56%. Both models performed well for Risser Grades 0, 2, and 4, with the right
pelvis model achieving a microaverage F1-score of 0.836 and ROC AUC of 0.895. The left
pelvis model achieved a microaverage F1-score of 0.806 and ROC AUC of 0.872. Challenges
arose from class imbalance in less frequent grades. (4) Conclusions: CNN models effectively
automated Risser grade assessment, reducing clinician workload and variability.

Keywords: Risser grade; pelvic bone; bone age; radiograph; deep learning; artificial
intelligence

1. Introduction

Bone age assessment (BAA) is a clinical approach that evaluates skeletal development
stages in children [1-3]. BAA for boys and girls relies on findings from hand and elbow
radiographs up to ages 15 and 13, respectively [1-3]. Beyond these ages, bone age is
measured using ossification and fusion levels of iliac crest apophyses, following the Risser
grading system, which includes the following stages [4,5]: Grade 0 indicates no ossification
center at the level of an iliac crest apophysis; Grade 1 represents an apophysis under 25%
of the iliac crest; Grade 2 corresponds to an apophysis over 25-50% of the iliac crest; Grade
3 indicates an apophysis over 50-75% of the iliac crest; Grade 4 reflects an apophysis over
75% of the iliac crest; and Grade 5 means complete ossification and fusion of the iliac
crest apophysis. This classification provides a standardized method for assessing skeletal
maturity in adolescents.

BAA with the Risser grading system presents several challenges that limit its effi-
ciency and consistency in clinical practice [6]. The process is inherently time-consuming,
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necessitating detailed visual inspection and manual grading by trained radiologists or
pediatricians. Additionally, BAA has low inter- (0.46) and intra-observer variability (0.49),
meaning that different practitioners—or even the same practitioner at different times—may
arrive at varying conclusions based on the same radiographic images [6]. Such subjectivity
introduces uncertainty in clinical decisions, particularly when treatment plans hinge on
precise skeletal maturity assessment.

Recent advancements in deep learning technology have revolutionized medical image
analysis [7-9]. In particular, convolutional neural networks (CNNs) have shown significant
promise in enabling automated diagnoses through complex pattern recognition in medical
imaging [10-12]. Recent advancements in CNNs have significantly improved image tasks
and focus on enhancing model performance by combining features from different layers or
modalities, including transformer-based models, efficient architecture, multiscale feature
fusion, and early and late fusion [10-12].

CNN models are extensively utilized in various medical applications. For instance,
SpineNet employs intervertebral disk volumes as input and is trained with disk-specific
class labels to automatically interpret the radiological grades from lumbar spine magnetic
resonance images [13]. Furthermore, a multimodal CNN-based regression model has
been developed to automatically perform BAA by learning from hand X-ray images in
conjunction with patient age and gender. The developed model demonstrates robust
overall performance in BAA. Specifically, it achieves an overall mean absolute error of 0.410
years, a root mean square error of 0.637 years, and an accuracy of 91.1% [3].

Recent CNN models, such as ConvNeXt, offer significant advantages for vision tasks
by automatically learning hierarchical features and leveraging inherent spatial inductive
biases. They contradict traditional ML models, such as support vector machine and
random forest, which necessitate manual feature engineering and often lose spatial context.
When compared to transformer models, the ConvNeXt CNN model retains crucial vision-
specific inductive biases that can lead to good sample efficiency, while its architectural
design promotes computational efficiency, providing a strong performance-to-resource
ratio through optimized convolutional operations.

Feature fusion in a CNN enhances performance by aggregating information from
diverse sources, such as multimodal data or different network layers [14-16]. This allows
for a more comprehensive representation of input data, capturing both fine-grained details
and the global context, leading to improved performance in various tasks [14-16]. We
hypothesize that a CNN-based deep learning model can achieve comparable or superior
accuracy in Risser grade assessment compared to traditional expert-based evaluation while
significantly reducing assessment time and observer variability. Therefore, this study
developed a deep learning algorithm using CNN to automatically determine Risser grades
of pelvic bones and evaluated its efficacy.

2. Materials and Methods
2.1. Subjects

This study was approved by the Institutional Review Board of Yeungnam University
Hospital (2024-06-005). The requirement for informed consent was waived by the institu-
tional review board of Yeungnam University Hospital owing to the retrospective nature of
the study. The data were accessed from 14 June 2024 to 31 December 2024. The authors had
access to information that could identify individual participants during data collection.

The study cohort comprised patients aged 12-18 years who were confirmed to have
scoliosis in the screening conducted at Yeungnam University Hospital from January 2010
to December 2022. Posteroanterior pelvic radiographs were utilized for algorithm devel-
opment. The exclusion criteria were as follows: (I) radiographs with interference from
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extracorporeal objects and (II) radiographs with surgical implants. The radiographs were
retrieved from the institution’s picture archiving and communication system, anonymized,
and exported as JPEG images. A radiologist with over 20 years of clinical experience
determined Risser grades from posteroanterior pelvic radiographs.

2.2. Deep Learning Model Development

This study developed two deep learning models for automated Risser grade assess-
ment using Python 3.10.15 and TensorFlow 2.16.2 with Keras. To address the challenges
posed by class imbalance and limited data, a multimodal approach incorporating both ra-
diographic images and patient clinical data was implemented. Specifically, 224 x 224-pixel
regions of interest from right and left pelvic radiographs, along with patient age and
gender, were used as input. The synthetic minority oversampling technique (SMOTE)
was used to address class imbalance [17], and traditional image augmentation techniques
(tf.image random_flip_left_right, random_flip_up_down, and random_brightness with
max_delta = 0.05) were applied to enhance data diversity.

Class imbalance, a prevalent challenge in medical research, can significantly hinder
the performance of classification algorithms. SMOTE addresses this issue by augmenting
the minority class through the generation of synthetic samples. Unlike simple duplication,
which risks overfitting, SMOTE interpolates between existing minority instances and their
k-nearest neighbors in the feature space. This process effectively expands the minority
class representation, enhancing the classifier performance on imbalanced datasets and
improving the prediction of rare yet clinically significant events.

The deep learning models determining Risser grades of the right and left pelvises
utilized a ConvNextTiny CNN architecture [18], which was optimized with Adam with
weight decay (AdamW) and rectified linear unit (ReLU) activation. Regularization was
achieved through dropout and batch normalization. The system also employed a separate
deep neural network (DNN) to process clinical data. Features extracted from the CNNs
and DNN were fused using a concatenation layer, followed by additional dense layers
culminating in an output layer generating Risser grade predictions. Furthermore, iterative
hyperparameter optimization, guided by performance metrics (accuracy, precision, recall,
F1-score, and area under the receiver operating characteristic curve [ROC AUC]), was
conducted to refine the model performance. This integrated multimodal approach provides
a comprehensive and automated pipeline for Risser grade assessment. Figure 1 provides
an overview of the model development process for Risser grade determination.

Pelvis ROI Detection and Extraction: Right & Left ROI Detection and Extraction:
ReDet Model ReDet Model (Resized 224x224)

2 CNN Model
1 Optimizer Learning Rate
£ ; Activation Batch
- Size Drop Rate
g § 8 Accuracy
X = oy
l“ 8 a ] Precision
b= = Recall
AL F1Score
Simple DNN (2|8 ROC AUC
Input clinical data
Age A
Gender Optimization Measurement

(0 for men,
1 for women)

Figure 1. Summary of the model development process for assessing Risser grades.

2.3. Statistical Analyses

Statistical analyses were conducted using Python (version 3.10.15) with the Scikit-learn
library (version 1.5.2) [19]. The diagnostic performance of the deep learning classification
model for Risser grade assessment was evaluated by calculating accuracy, precision, recall,
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F1-score, and ROC AUC. These metrics were reported separately for models determining
Risser grades on the right and left pelvises.

3. Results

A total of 1619 pelvic radiographs were used for the development of the deep learning
model. The mean age of the subjects was 13.13 £ 1.73 years, comprising 582 males and
1037 females. Of these images, 1295 (80%) were used for training, whereas 324 (20%)
were utilized for validation. The dataset exhibited a marked class imbalance, wherein the
number of data for Risser Grade 4 was the largest (right and left sides: 42.1%), and that for
Risser Grade 1 was the smallest (right side: 5.4%, left side: 5.8%). The specific ratios of each
Risser grade are presented in the “Sample class size and ratio” columns of Tables 1 and 2.
During training, the model for determining Risser grades of the right pelvis (RT model)
reached 100% accuracy while achieving a validation accuracy of 83.64%. In comparison, the
model for the left side (LT model) obtained a training accuracy of 98.07% and a validation
accuracy of 80.56%. Tables 1 and 2 show the details of the developed models.

Evaluation metrics derived from the validation dataset indicated generally robust
performances for both the RT and LT models. Specifically, the RT model demonstrated a
microaverage Fl-score of 0.836, a macroaverage Fl-score of 0.727, and a microaverage ROC
AUC of 0.895 (Figure 2). Meanwhile, the LT model achieved a microaverage F1-score of
0.806, a macroaverage Fl-score of 0.708, and a microaverage ROC AUC of 0.872 (Figure 2).

The confusion matrices for the RT and LT models (Figure 3) revealed specific patterns
in Risser grade classification. The RT model showed prediction accuracies of 96%, 71%,
and 93% for Risser Grades 0, 2, and 4, respectively, with lower accuracies of 47%, 66%,
and 55% for Grades 1, 3, and 5, respectively. Similarly, the LT model showed accuracies of
95%, 77%, and 87% for Grades 0, 2, and 4, respectively, with lower prediction accuracies of
53%, 57%, and 53% for Grades 1, 3, and 5. These matrices highlighted the impact of class
imbalance. Both models demonstrated strong performance in identifying Risser Grades
0, 2, and 4. However, both models exhibited challenges in accurately classifying Grades
1, 3, and 5, which were often misclassified as adjacent grades. In particular, the models
frequently assigned lower grades than the actual values for Grades 1 and 5, which had the
least training data.

Table 1. Details of the model for determining Risser grades of the right pelvis (RT model).

80% for training: 1295; 20% for validation: 324; total: 1619

s Sar{‘Plf size and ratio - Class 0, 394 (24.3%); Class 1,94 (5.8%); Class 2, 158 (9.8%);
ample class size and ratio Class 3, 194 (12%); Class 4, 682 (42.1%); Class 5, 97 (6%)
Gend . - Male: 582 (35.9%); Female: 1037 (64.1%)
A eg. er.f)a“.o - 9(42,2.59%); 10 (80, 4.94%); 11 (161, 9.94%); 12 (285, 17.6%); 13 (349, 21.56%);
ge distribution 14 (308, 19.02%); 15 (236, 14.58%); 16 (133, 8.21%); 17 (23, 1.42%); 18 (2, 0.12%)
- ConvNextTiny CNN model

- AdamW optimizer, ReLU activation, batch size 16
- Image input: right pelvis ROI (224 x 224)

RT model - Clinical data for input: age and gender
- Dropout and batch normalization layer for regularization
- Training accuracy: 100%; validation accuracy: 83.64%
Model performance Class Precision Recall F1-score Support ROC AUC
0 0.894 0.962 0.927 79 0.963
1 0.533 0.472 0.500 17 0.724
2 0.649 0.706 0.676 34 0.831
- 3 0.758 0.658 0.704 38 0.815
(Validation data) 4 0.914 0.934 0.924 136 0.935
5 0.733 0.550 0.629 20 0.768
Microaverage 0.836 0.836 0.836 324 0.895
Macroaverage 0.747 0.713 0.727 324 0.839

CNN, convolutional neural network; AdamW, Adam with weight decay; ReLU, rectified linear unit; ROI, region
of interest; ROC, receiver operating characteristic; AUC, area under the curve.
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Table 2. Details of the model for determining Risser grades of the left pelvis (LT model).

- 80% for training: 1295; 20% for validation: 324; total: 1619

o Sa“]f‘Plle size and ratio - Class 0, 402 (24.8%); Class 1, 87 (5.4%); Class 2, 149 (9.2%),
ample class size and ratio Class 3, 202 (12.5%); Class 4, 682 (42.1%); Class 5, 97 (6%)
Gend . - Male: 582 (35.9%); Female: 1037 (64.1%)
A eg. ‘t*r.}r)at;.o - 9(42,2.59%); 10 (80, 4.94%); 11 (161, 9.94%); 12 (285, 17.6%); 13 (349, 21.56%);
ge custribution 14 (308, 19.02%); 15 (236, 14.58%); 16 (133, 8.21%); 17 (23, 1.42%); 18 (2, 0.12%)
- ConvNextTiny CNN model

- AdamW optimizer, ReLU activation, batch size 32
- Image input: left pelvis ROI (224 x 224)

LT model - Clinical data for input: age and gender
- Dropout and batch normalization layer for regularization
- Training accuracy: 98.07%; validation accuracy: 80.56%
Model performance Class Precision Recall Fl-score Support ROC AUC
0 0.906 0.951 0.928 81 0.959
1 0.692 0.529 0.600 17 0.758
2 0.657 0.767 0.708 30 0.863
3 0.639 0.575 0.605 40 0.765
(Validation data) 4 0.869 0.869 0.869 137 0.886
5 0.556 0.526 0.541 19 0.750
Microaverage 0.806 0.806 0.806 324 0.872
Macroaverage 0.720 0.703 0.708 324 0.830

CNN, convolutional neural network; AdamW, Adam with weight decay; ReLU, rectified linear unit; ROI, region
of interest; ROC, receiver operating characteristic; AUC, area under the curve.

Validation: RT Risser Grade Receiver Operating Characteristics Validation: LT Risser Grade Receiver Operating Characteristics
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Figure 2. ROC AUC of the RT and LT models.
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Figure 3. Confusion matrix of the RT and LT models.
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Precision

Precision

Furthermore, precision—recall analysis evaluated the RT and LT models across Grades

0-5, revealing significant grade-specific performance disparities (Figure 4). Both models

achieved optimal performance in early skeletal maturity detection, with Grade 0 demon-

strating the highest average precision scores (RT: 0.849, LT: 0.897) and Grade 1 maintaining

relatively weak performance (RT: 0.271, LT: 0.380). However, intermediate grades (2-3)

showed markedly reduced performance, with Grade 4 exhibiting particularly superior

results (RT: 0.891, LT: 0.820), while Grade 5 demonstrated relatively weak performance

(RT: 0.493, LT: 0.315).
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Figure 4. RT vs. LT model precision-recall curves by grade.

4. Discussion

0.4 06
Recall

Herein, we developed an automated deep-learning-based system for assessing Risser

grades of pelvic bones using CNN to analyze radiographs and patient clinical data. The

results demonstrated the potential of deep learning in assessing skeletal maturity using the

Risser grading system, traditionally reliant on expert assessment. The model showed good

performance in determining Risser grades, especially for the more common grades (Risser

Grades 0, 2, and 4).

Regarding the performance of our deep learning model for both right and left pelvic

radiographs, the RT model achieved a validation accuracy of 83.64%, whereas the LT model

had a validation accuracy of 80.56%, indicating that the models can reliably predict Risser

grades. Evaluation metrics such as F1-score, precision, recall, and ROC AUC revealed the

models” overall good classification performance, with the RT and LT models achieving
microaverage Fl-scores of 0.836 and 0.806 and microaverage ROC AUC of 0.895 and 0.872,
respectively, indicating good model sensitivity and specificity [20,21].

This study identified class imbalance in the dataset as a major challenge. Risser Grade

4 was the most prevalent class, representing a substantial portion of the training data (42.1%

for both right and left pelvic images). Conversely, the data portion for Risser Grade 1 was

low at 5.4% for the right pelvic images and 5.8% for the left pelvic images. This imbalance

caused misclassification, particularly for Risser Grades 1, 3, and 5, which were frequently
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predicted as adjacent grades. The lower accuracies for these grades (i.e., 47%, 66%, and 55%
for Risser Grades 1, 3, and 5, respectively, in the RT model and 53%, 57%, and 53% for Risser
Grades 1, 3, and 5, respectively, in the LT model) seemed to be due to their lower amount of
data compared to Risser Grades 0, 2, and 4. Despite the use of SMOTE to address the data
imbalance by generating synthetic samples for underrepresented classes, the models still
tended to classify less common grades as more prevalent ones. These findings highlight
the need for a balanced dataset to enhance the model’s accuracy in classifying less frequent
Risser grades.

Several studies have addressed class imbalance using focal loss, cost-sensitive learning,
or ensemble methods [22-24]. Additionally, Kim et al. developed a deep learning model
that predicts bone age in hand radiographs [3]. They showed that a multimodal regression-
based model integrating radiographic and clinical data can achieve high accuracy (91.1%),
despite significant imbalance in gender distribution (2162 females vs. 812 males). We
addressed the data imbalance issue using SMOTE, which generates synthetic examples for
minority classes by interpolating between existing minority class samples. This approach
helps balance class distribution without simply duplicating data, thereby reducing the risk
of overfitting [19]. Furthermore, SMOTE is known to enhance classifier performance on
underrepresented classes by providing a more diverse and informative training set [19].

The development of an automated system for Risser grade assessment has important
clinical implications. As the manual measurement of Risser grading is time-consuming,
highly dependent on physician experience, and prone to interobserver variability [25],
automating this process using deep learning models can help reduce the workload of
clinicians and provide more consistent and accurate assessments.

A limitation of this study is the residual overfitting in our models, despite employing
mitigation strategies such as early stopping, regularization (dropout and batch normaliza-
tion), and SMOTE-based data augmentation. The persistent discrepancy between training
and validation accuracies for both the RT and LT models indicates limited generalization to
unseen data. This factor warrants consideration when interpreting the study’s findings.

To enhance the model’s classification of Risser grades accurately, it is necessary to bal-
ance datasets by increasing representation of less frequent grades or employing advanced
oversampling techniques. Although our model currently determines Risser grades, future
research should focus on developing a model to assess potential height increase using
longitudinal data on height change. In addition, the dataset used for model training is
limited to a single institution, potentially reducing the model’s generalizability to other
patient populations or institutions. Additionally, a larger amount of training data can
improve the model’s performance. Moreover, a study comparing time saved using the
developed model versus manual assessment would demonstrate the model’s effectiveness.

5. Conclusions

Our study demonstrated the potential of deep learning models, particularly CNN-
based architectures, for automating the assessment of Risser grades in pelvic radiographs.
The right pelvis model achieved an accuracy of 83.64%, with a microaverage F1-score of
0.836 and ROC AUC of 0.895. The left pelvis model reached an accuracy of 80.56%, with
a microaverage Fl-score of 0.806 and ROC AUC of 0.872. Both models performed well
for Risser Grades 0, 2, and 4. The model performed well in identifying common Risser
grades, but addressing class imbalance is necessary to improve accuracy across all grades.
Overall, the findings suggest that deep learning can effectively enhance the efficiency and
consistency of BAA in clinical practice.
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Abstract: Biportal endoscopic spine surgery (BESS) is minimally invasive and therefore benefits both
surgeons and patients. However, concerning complications include dural tears and neural tissue
injuries. In this study, we aimed to develop a deep learning model for neural tissue segmentation to
enhance the safety and efficacy of endoscopic spinal surgery. We used frames extracted from videos
of 28 endoscopic spine surgeries, comprising 2307 images for training and 635 images for validation.
A U-Net-like architecture is employed for neural tissue segmentation. Quantitative assessments
include the Dice-Sorensen coefficient, Jaccard index, precision, recall, average precision, and image-
processing time. Our findings revealed that the best-performing model achieved a Dice-Sorensen
coefficient of 0.824 and a Jaccard index of 0.701. The precision and recall values were 0.810 and 0.839,
respectively, with an average precision of 0.890. The model processed images at 43 ms per frame,
equating to 23.3 frames per second. Qualitative evaluations indicated the effective identification
of neural tissue features. Our U-Net-based model robustly performed neural tissue segmentation,
indicating its potential to support spine surgeons, especially those with less experience, and improve
surgical outcomes in endoscopic procedures. Therefore, further advancements may enhance the
clinical applicability of this technique.

Keywords: endoscopic spine surgery; neural tissue; image segmentation; computer vision; deep

learning

1. Introduction

In spinal surgery, biportal endoscopic spine surgery (BESS) is a significant advance-
ment over conventional open surgery owing to its advantages [1-3], which include smaller
incisions, reduced muscle and bone damage, less postoperative pain, and shorter recovery
times [4]. High-quality endoscopic equipment markedly enhances image clarity and pro-
vides significant assistance to surgeons during procedures. The increased magnification in
modern endoscopy allows for the more detailed visualization of critical structures, further
enhancing surgical precision. However, despite these advancements, complications, such
as dural tears and neural tissue injuries, persist and pose significant challenges during
surgery [5,6]. These complications are particularly common among younger surgeons who
have not yet reached the learning curve. Among these, dural tears remain the most com-
mon and significant complication of endoscopic spinal surgery [5]. The rate of dural tears
is reported to be approximately 2.7% [5]. These tears are often managed during surgery by
suturing or sealing with specialized products. However, if unnoticed, patients may experi-
ence postoperative headaches, nausea, prolonged bed rest, and increased hospitalization
and, in severe cases, may require revision surgery. The steep learning curve associated
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with these complications further limits their widespread clinical adoption, necessitating
more experience and skills from surgeons.

Recently, the incorporation of artificial intelligence (AI) into healthcare has been
promising, particularly in medical imaging analysis. Deep learning, a subset of Al, has
demonstrated remarkable performance in clinical diagnosis and treatment owing to its
self-learning capabilities and the ability to extract key features from large datasets [7-9].
Semantic segmentation, which is one of the most actively studied fields in computer vision,
classifies each pixel of an image into a predefined class. Architectures such as fully convolu-
tional networks (FCN), DeepLab, and Mask R-CNN have been developed and have shown
promising results for image datasets comprising common objects [10-12]. Studies have
demonstrated the effectiveness of deep learning-based segmentation in various medical
imaging domains, such as retinal vessel segmentation, tumor detection [13], and instrument
tip recognition in spinal surgery [14]. These studies established the foundation for our
approach by illustrating the potential of U-Net and similar models for precise segmentation
in challenging imaging scenarios [9,13,15].

Despite these advancements, research on the application of deep learning in spinal
endoscopy remains limited. Given the critical need to minimize complications, such as
dural tears and neural tissue injuries, it is necessary to develop and implement deep
learning algorithms for neural tissue recognition in spinal endoscopy. In particular, U-
Net and its variants have been widely adopted in biomedical imaging, particularly for
small datasets [16,17]. FCN have laid the foundation for pixel-wise segmentation, whereas
DeepLab and Mask R-CNN have shown robust performance in handling complex images
and multi-object segmentation [15,17-19]. We chose U-Net owing to its effectiveness with
small biomedical datasets and its capability to capture fine details, thereby making it
suitable for neural tissue segmentation in spinal endoscopy [17,20,21].

The use of deep learning in spinal endoscopy is relatively new. Studies such as
that of Cho et al. [14] focused on the automatic detection of surgical instrument tips
to achieve high precision. However, challenges such as differentiating between neural
tissues and surrounding structures have not been addressed. Studies on other biomedical
images [16,17] have demonstrated the efficacy of U-Net architectures for segmentation,
which motivated our choice of model. This study aimed to explore the feasibility of
deep learning for neural tissue recognition during spinal endoscopy. By establishing a
foundational understanding of how effectively deep learning can identify neural tissues,
we hope to pave the way for advancements in real-time tissue recognition, ultimately
enhancing the safety and efficacy of endoscopic spinal surgery.

2. Materials and Methods
2.1. Dataset

The patient cohort comprised 28 patients, including 21 with lumbar interlaminar
decompressions, 5 with lumbar foraminal decompressions, and 3 with cervical foramino-
tomies. The procedures involved levels 1-2, with six cases involving 2-level surgeries. This
dataset is diverse and encompasses a range of demographic profiles, including sex and
age. Frames were extracted from each video at 10 s intervals, resulting in approximately
4000 frames. Among these, 2942 frames contained neural tissues that could be detected at
the human level. Segmentation labeling was performed using LabelMe by a spinal surgeon
(H.R.L., one of the authors.) with >4 years of experience in spinal endoscopic surgery.
The dataset was then divided into training, validation, and test sets, with 2307 images
(78%) from 22 patients (79%) and 635 images (22%) from 6 patients (21%). We performed
a threefold cross-validation on the training/validation set, with each fold comprising
1538 images (52%) for training and 769 images (26%) for internal validation.

The patient demographics for each set are listed in Table 1. The training/validation
and test sets did not have overlapping patients, ensuring appropriate validation and
preventing the overestimation of performance measures. This study was approved by the
Public Institutional Review Board (IRB) of the National Bioethics Policy Institute through
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the public e-IRB system. The IRB approval number and approval date for this study is
“2024-1010-001"” and 16 August 2024. The requirement for informed consent was waived
by the IRB because of the retrospective nature of this study.

Table 1. Patient demographics for training/validation and test sets.

Training/Validation Set Test Set
Number of images 2307 (78%) 635 (22%)
Number of patients 22 (79%) 6 (21%)
Age (years) 65.4 +10.7 63.8 £ 14.1
Sex
Male 9 3
Female 13 3

2.2. The U-Net Architecture

In this study, we trained a deep neural network resembling the U-Net architec-
ture, which has been reported to perform well on the segmentation tasks of small image
datasets [16,17]. We selected a U-Net-like architecture based on its demonstrated effec-
tiveness in medical image segmentation, particularly with small datasets [16,17]. U-Net
variants can effectively handle limited labeled data, making them suitable for application in
spinal endoscopy. As shown in Figure 1, the model had an input shape of (256, 256, and 3)
and an output shape of (256, 256, and 1). An input image first undergoes a down-sampling
process, also known as the left branch, to extract the features. The bottommost layer
or bridge of the network contains the most compressed images with the thickest layers.
Subsequently, an upsampling step, or right branch, was performed to recover the original
resolution and provide a set of segmentation masks. Skip connections at each level allow
for the faster convergence and stability of the deep learning models.

316 64 128 16 64 1 1

Feature shape
(256, 256)

32 128 256

J o]
|

Feature shape
(128, 128)

l 64 256 512 128 256'

Feature shape
(64, 64)
Conv2D

6 128 512 I MaxPool2D
‘ |:| ‘ ‘ Conv2DTranspose
Skip and concatenate
Figure 1. Architecture of the deep learning model. The model accepts an input of shape (256, 256,
3) and produces an output of shape (256, 256, 1). The number of channels is indicated above each

block. This architecture is a modified version of the original U-Net, designed to reduce the number of

parameters and enable faster learning.

Left branch of U-Net
Right branch of U-Net
Bridge of U-Net

Feature shape
(32,32)
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2.3. Model Training

No preprocessing methods other than resizing or rescaling were applied. We aimed
to evaluate the performance of the model under raw conditions to provide more gener-
alized applicability across diverse clinical settings. Data augmentation, which consists
of random rotation from —180 degrees to +180 degrees, random flip, and random zoom
from 1.0 times to 1.2 times, was applied only during the training of each fold. No augmen-
tation was applied during the internal validation and testing. Unlike common practice,
where the training set is expanded by fivefold to tenfold, we did not expand the train-
ing set but instead applied random image transforms for each epoch, as illustrated in
Figure 2, allowing the model to experience multiple random variations of the original
training sample.

Training/validation set Test set
(2,307 images, 22 patients) (635 images, 6 patients)
| A | B | © | | Test |
Model training Internal validation Holdout validation

Fold 1 | A B > C = Test |
Fod2| B | C |l A  jpl Test |
Fod3| ¢ | A |T>| B | Test |

Training Random Random Random
sample rotation flip zoom

Train epoch #1

Train epoch #2

Figure 2. Threefold cross-validation and data augmentation processes with random transform
are illustrated.

The convolutional layers are randomly initialized with a uniform Glorot distribution,
with batch normalization applied before nonlinear activation [22,23]. The full neural net-
work aimed to minimize dice loss, defined as Equation (1), where indices i and j refer
to the indices of the rows and columns of pixels, and it was trained for a maximum of
100 epochs (the maximum number of epochs was determined empirically because most
trials were terminated before completing 100 epochs owing to early stopping mecha-
nisms) [24]. To prevent overfitting and promote adequate convergence, we incorporated
early stopping and learning rate reduction mechanisms. Hyperparameter optimization was
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performed through a random search of 25 trials, and the search space summarized in Table 2
was determined based on initial experimentation and commonly accepted practices [25].

2 X Y YijYij

~ 1)
Y., jYij T Uij

Dice Loss =1 —

Table 2. The search space for a random search of hyperparameters is summarized.

Hyperparameter Search Space
Batch size {4, 8,12, 16}
Initial learning rate loguniform (0.001, 0.1)
Optimizer {Adam, SGD}
Patience for learning rate reduction {3,4,5,6,7}
Reducing factor for learning rate reduction uniform (0.05, 0.15)

After training the models for each fold in the threefold cross-validation process, we
generated an ensemble model that averaged the outputs of the models and measured their
final performance. All training and testing were performed with TensorFlow 2.14 and
Python 3.11, running on a PC with an Intel(R) Core(TM) i9-14900KF CPU, an NVIDIA RTX
4090 24GB graphics card, and 64GB of DDR5 RAM.

2.4. Performance Assessment

The performance of the trained model was evaluated using various methods, each of
which is described in the following subsections. In this context, a true positive (TP) refers
to the intersecting area of the ground truth and predicted masks, a false positive (FP) is
defined as the region inside the predicted mask but outside the ground truth mask, and a
false negative is the region inside the ground truth mask but outside the predicted mask.
In this study, the Dice-Sorensen coefficient (DSC), Jaccard index (IoU), precision, and recall
were evaluated for the test set. The image-processing time was also measured to assess the
feasibility of the model for analyzing real-time video frames.

2.4.1. Dice-Sorensen Coefficient

The DSC is defined in Equation (2) and is equivalent to the Fl-score of a typical two-
by-two contingency table. The DSC ranged between 0 and 1, with higher values indicating
better performance as the TP increased. Notably, the dice loss is a continuous analog of the
negative DSC, and the Dice Loss decreases as the model performance increases.

2x TP
DSC_ZXTP+FP+FN @)

2.4.2. Jaccard Index

The intersection over union (IoU), defined in Equation (3), is the ratio of the intersecting
area of the ground truth and prediction masks to their union. Similar to the DSC, its value
is always between 0 and 1, and a higher score indicates better performance.

TP

loU =75 P FN

®)

2.4.3. Precision and Recall

Precision and recall are defined in Equations (4) and (5) and are widely adopted to
measure a model’s performance. Given that their values are dependent on the decision
boundaries, the precision—recall curve and the area underneath were also assessed. The
area under the precision—recall curve (AUPRC) is also known as average precision (AP).
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2.4.4. Qualitative Assessment

The model performance was qualitatively assessed by exploring the prediction masks
obtained from the test set images. This analysis aimed to identify the strengths and weaknesses
of our model and discuss strategies for improving its performance in the future.

3. Results
3.1. Quantitative Results

Table 3 lists the sets of hyperparameters that resulted in the top-10 DSC during the
holdout validation with their respective ensemble models. The model that performed the
best was trained with a batch size of 12 on an Adam optimizer, with an initial learning rate
of 0.00136. The learning rate was reduced by a factor of 0.079 when the loss did not decrease
after 7 epochs, and the entire process was terminated when the loss did not decrease after
21 epochs. This set of hyperparameters is in line with commonly accepted practices in
medical image segmentation tasks.

Table 3. Sets of hyperparameters that resulted in top-10 DSC in the holdout validation of the ensemble
model are shown. Boldfaced numbers indicate the best performance among all trials.

Hyperparameters Performance Measures (Holdout Validation)
Trial Batch Size  Initial LR  Optimizer Patience I;Z‘:r:: DSC IoU Precision  Recall mAP
1 12 0.00136 Adam 7 0.079 0.824 0.701 0.810 0.839 0.890
2 16 0.00868 Adam 7 0.123 0.817 0.690 0.790 0.845 0.844
3 16 0.00108 Adam 7 0.079 0.815 0.687 0.814 0.815 0.894
4 4 0.01101 SGD 7 0.107 0.814 0.687 0.786 0.845 0.864
5 12 0.00183 Adam 6 0.083 0.809 0.679 0.779 0.842 0.877
6 8 0.09321 SGD 5 0.090 0.809 0.679 0.766 0.857 0.846
7 8 0.03990 SGD 5 0.105 0.803 0.670 0.756 0.856 0.839
8 12 0.00711 Adam 6 0.149 0.798 0.664 0.759 0.842 0.820
9 12 0.01099 Adam 7 0.122 0.797 0.663 0.756 0.845 0.855
10 4 0.00103 Adam 3 0.146 0.794 0.659 0.746 0.849 0.865

Table 4 lists the performance measures evaluated from internal and holdout validation,
including the performance of all three folds, as well as the ensemble model. The holdout
validation performance of each fold did not significantly differ from that of internal valida-
tion, and we confirmed that the ensemble model, which is defined by averaging the outputs
of models from each fold, generally outperforms each model. The ensemble model exhib-
ited a test DSC and test IoU of 0.824 and 0.701, respectively, and a test precision and test
recall of 0.810 and 0.839, respectively. Figure 3 depicts the plotting of the precision—recall
curve and AUPRC of the ensemble model and models obtained from each fold.
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Table 4. Internal validation and holdout validation results of the trial with the best DSC are shown.
Results of models trained from each fold as well as the ensemble model are provided.

Internal Validation DSC IoU Precision Recall AUPRC
Fold 1 0.818 0.692 0.808 0.828 0.849
Fold 2 0.815 0.688 0.821 0.809 0.868
Fold 3 0.810 0.680 0.805 0.814 0.870
Holdout validation DSC TIoU Precision Recall mAP
Fold 1 0.827 0.705 0.813 0.841 0.865
Fold 2 0.820 0.694 0.810 0.829 0.871
Fold 3 0.792 0.656 0.806 0.780 0.841
Ensemble 0.824 0.701 0.810 0.839 0.890
1.0
0.8
c 0.6
o
0
O
()
a
0.4
0.2 A “
—— Fold 1 (AUPRC = 0.865)
—— Fold 2 (AUPRC = 0.871)
—— Fold 3 (AUPRC = 0.841)
—— Ensemble (AUPRC = 0.890)
0-0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 3. Precision—recall curve obtained from the best-performing trial is shown. Narrow lines
indicate the performance of the models trained from each fold on the test set, and the thick line
indicates that of the ensemble model.

3.2. Qualitative Results
3.2.1. Well-Performing Samples

Figure 4 shows a few well-performing test samples. In contrast to the rigid and
relatively crude polygon-shaped ground truth masks generated manually using LabelMe,
the prediction masks tended to be smoother and more descriptive. Moreover, Figure 4a—c
show that the deep learning model effectively learned to exclude perineural fat, which
often overlaps with neural tissue. Additionally, the model performed well on challenging
samples, where only a small portion of the neural tissue was observed, as depicted in
Figure 4d,e. Therefore, it can be concluded that the model successfully learned the distinct
features of the neural tissues during spinal endoscopic surgery.
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Figure 4. Well-performing test samples. For each sample, the input raw image, ground truth mask,
overlapped image of the ground truth mask, prediction mask, and overlapped image of the prediction
mask are shown from left to right (a—c). The deep learning model demonstrated superior accuracy and
precision compared to manual annotations. The boundaries predicted by the model are significantly
smoother and more precise. Notably, the model accurately identifies epidural fat tissue as non-neural
tissue, a distinction that manual annotations often fail to make. This accuracy is evident in the
predicted masks (d,e). Despite the neural tissue being only partially visible in the endoscopic images,
the deep learning model accurately detects and represents these small segments of neural tissue. This
highlights the model’s impressive performance in recognizing neural tissue in challenging scenarios.

3.2.2. Poorly Performing Samples

To illustrate the limitations of the deep learning model, we present a few poorly
performing samples in Figure 5. As shown in Figure 5a,b, the model mistakenly classified
some parts of the surgical instruments as neural tissue. Interestingly, the FP regions
often correspond to reflections of the neural tissue, suggesting that the model struggled
to distinguish between the true neural tissue and its reflections, as both display similar
positive features. Similar issues were observed in Figure 5c, where areas with similar
morphology and texture to the neural tissue were incorrectly identified. Additionally, as
shown in Figure 5d, certain surgical instruments with smooth and tubular shapes, which are
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typical characteristics of neural tissue, were also misidentified by the model. Furthermore,
the model exhibited reduced effectiveness in scenarios with excessive bleeding, as shown
in Figure 5e, which affected its overall accuracy in these exceptional cases.

Overlapped image - Overlapped image
(Ground truth) Prediction mask (Prediction)

DSC 0.7867  Precision 0.7406
loU 0.6484 Recall 0.8389

Input raw image  Ground truth mask

DSC 0.7095  Precision 0.6378
lo 5498  Recall  0.7993

DSC 0.69 Precision 0.5316
loU ecall  0.9873

DSC 0.4103  Precision 0.2652
loU 02581  Recall 0.9059

(d)

DSC 0.0000  Precision 0.0000
loU 0.0000 Recall 0.0000

"y
%

Figure 5. Poorly performing test samples. For each sample, the sequence of images is presented from
left to right: the input raw image, ground truth mask, overlapped image of the ground truth mask,
prediction mask, and overlapped image of the prediction mask (a,b). The model misclassified metallic
surgical instruments as neural tissue owing to reflections of neural tissue on the metal surfaces (c).
The model incorrectly identified bloody cancellous bone as neural tissue (d). A white instrument
used for ablation was also misclassified as neural tissue (e). In a highly bloody surgical field, the
model failed to detect neural tissue.

4. Discussion
4.1. Comparison with Related Studies

Our study highlights the potential of U-Net-based deep learning models for segment-
ing neural tissues in endoscopic spinal images. With a test DSC of 0.824 and IoU of 0.701,
our model demonstrated competitive performance, particularly given the complexity of
neural tissue recognition. In comparison to the previous study by Bu et al. [26], which
employed Mask R-CNN for tissue segmentation, our U-Net-based approach achieved a
higher DSC, which indicates superior neural tissue detection capabilities in endoscopic
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images. Despite the more challenging context of neural tissue segmentation, the higher
AP in our model underscores the efficacy of our methodology. In contrast to the aforemen-
tioned study, our deep learning model identified neural tissue, which was more challenging
owing to overlapping features with other tissues; therefore, we consider our results notable.
Additionally, in clinical settings, accurately distinguishing neural tissue from other soft
tissues, such as ligaments and fat, is crucial because they can be confused during surgery.
Given the complexity of this task and the clinical necessity of accurately differentiating
neural tissue from the surrounding tissues, our study is highly significant as a pilot study,
highlighting the feasibility and importance of neural tissue recognition for improving
surgical precision and patient outcomes.

Another study utilized Solov2 and Mask R-CNN for tissue and instrument segmen-
tation in spinal endoscopic images, with the best mean AP of 0.735 at approximately
28 frames per second. Our model achieved a better AP with a comparable computational
burden, although it may not be a fair comparison considering the differences in task ob-
jectives and image resolution. While the 23.2 frames per second achieved by our model
may not be sufficient for real-time videos at 30 fps, it could be effective for videos with
low sampling rates, such as 15 or 20 fps. Therefore, we conclude that the proposed model
can robustly segment neural tissues in real time. Implementing such technology could
greatly benefit less-experienced spinal surgeons by providing enhanced guidance during
procedures, ultimately serving as an educational tool for junior surgeons.

4.2. Clinical Significance

Our qualitative analysis provides valuable insights into the ability of the model
to distinguish neural tissues from other tissues, even in scenarios with limited tissue
visibility. The deep learning model, trained on manually labeled ground truth masks
using LabelMe, demonstrated superior accuracy by correctly excluding fat tissue, which is
often mislabeled as neural tissue in manual annotations, as shown in Figure 4a—c. It also
performed impressively in recognizing small segments of the neural tissue that are only
partially visible in the surgical field. However, the model exhibited limitations, as shown in
Figure 5a,b, where metallic surgical instruments were misclassified as neural tissue owing
to the reflections of the neural tissue on the metal surfaces. This misclassification, although
a shortcoming, indicates that the model has the potential to recognize complex visual
patterns, including neural tissue reflections on metals, which extend beyond direct visual
cues. These observations highlight the model’s advanced capability in feature detection
but also underscore the need for further refinement to reduce false positives associated
with instrument reflections and similar tubular structures.

The high positive predictive value (PPV) demonstrates its effectiveness in accurately
identifying true neural tissues, which is crucial to ensuring that neural structures are not
overlooked during surgery. Our results may not be immediately acceptable for direct
application in routine clinical settings. However, this study represents an early exploration
of applying deep learning to neural tissue detection, a complex task with high variability in
endoscopic images. Even the most skilled surgeons experience fatigue or face challenging
surgical environments, which can increase the risk of errors. Our model aims to provide
an additional layer of support, ultimately serving as a tool to assist surgeons in reducing
preventable mistakes. With further development, including improved model performance
and real-time implementation, we believe that such Al-based assistance can complement
a surgeon’s expertise and contribute significantly to enhancing patient safety. This high
PPV is encouraged, as it reduces the risk of surgeons overlooking critical neural tissues.
Therefore, despite the need for improvement in reducing false positives, as highlighted by
the challenges associated with the negative predictive value (NPV), the model’s current
ability to reliably identify neural tissue remains clinically significant. Its existing capabilities
suggest that the model is sufficiently robust to be considered for deployment in clinical
settings, offering valuable support during surgical procedures.
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Neural tissue recognition during surgery is particularly crucial because many surgical
complications, such as dural tears or direct neural injuries, often occur when surgeons fail
to detect small, partially obscured neural fibers. The ability of our model to recognize these
critical but minimally visible neural structures suggests that it has substantial potential
to reduce such surgical risks. Surgeons are more likely to make fewer mistakes when
neural structures are fully visible and distinct from the surrounding tissues. However,
errors are more common when neural structures are only slightly visible or overlap with
other tissues. The success of our model in these nuanced detection tasks highlights its
significance, suggesting that it can serve as a valuable tool for enhancing surgical accuracy
and reducing the likelihood of complications associated with misidentification.

4.3. Limitations and Future Work

A notable limitation of our model was the low NPV, despite the high PPV. We hy-
pothesized that this issue may be influenced by the loss function used during training.
Specifically, the dice loss places a greater emphasis on TP regions and does not account
for true negative (TN) areas. As a result, TN pixels may not have been adequately trained,
potentially leading to a reduced NPV. Implementing binary cross-entropy loss instead of
dice loss could potentially improve the NPV, although this might occur at the expense
of decreased PPV. Another drawback was the relatively small dataset, which may have
affected the generalizability of the model. The current focus on neural tissues limits their
applicability in more complex scenarios. Enlarging the dataset by expanding the cohort
is the preferred option. However, improvements can also be achieved through enhanced
data preprocessing and augmentation techniques. For instance, histogram equalization
methods, such as global histogram equalization and contrast-limited adaptive histogram
equalization, emphasize the borders of different tissues more prominently, which can result
in the improved learning of important features. Additionally, extensive augmentation
techniques, such as CutMix and color jittering, may contribute to improved performance
because they aid the model in learning more generalized features [24]. Diversifying label
entities not only confined to neural tissue may positively affect the model’s performance,
because it would be able to learn complicated spatial and temporal relations among dif-
ferent types of objects, allowing them to “think” more like surgeons, who are also heavily
dependent on anatomical clues, to distinguish between different types of tissue.

We present this study as a baseline reference and plan to extensively investigate other
architectures in the future. Since the publication of U-Net, many of its variants have
emerged and have produced better results in segmentation tasks [17]. Residual U-Nets
manipulate skip connections within the network to enhance gradient propagation, and
the utilization of recurrent convolutional blocks has been reported to improve the perfor-
mance [25,27]. R2U-Net incorporates these two concepts to achieve superior results [20].
Another variant, named Attention U-Net, uses an attention mechanism to aid the neural
network in learning where to “pay attention,” and this method allows the model to have
more explainability, which is a crucial aspect of Al, especially in the clinical setting [21].

In this study, we chose not to include preprocessing steps because our primary objec-
tive was to develop a model that could perform robustly under raw surgical conditions,
thereby increasing its generalizability across diverse clinical environments. By using raw
input data, we aimed to validate the model’s effectiveness without relying on preprocessing,
which might introduce biases or dependencies that are difficult to standardize in practice.
However, in certain scenarios, preprocessing methods such as image normalization, con-
trast enhancement, or noise reduction could enhance the model performance, particularly
for challenging or inconsistent imaging conditions. Future research could explore the
addition of preprocessing techniques for specific applications where standardized imaging
environments are available, and these methods could help to further improve segmentation
accuracy and reduce variability.
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5. Conclusions

Our study demonstrates the promising potential of U-Net-based deep learning models
for neural tissue recognition in spinal endoscopy, achieving a DSC of 0.824 and a Jaccard
index of 0.701. These metrics indicate competitive performance compared to similar medical
image segmentation tasks. The precision and recall scores of 0.810 and 0.839, respectively,
further demonstrate the robustness of our model in accurately identifying neural tissues,
even in challenging surgical environments. While the results are encouraging, further
research is necessary to enhance the model performance and expand its applicability to
diverse tissue types. These advancements could provide significant support to spine
surgeons, particularly those with less experience, and ultimately improve the surgical
outcomes and patient safety during endoscopic procedures.
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Abstract: This study aimed to evaluate walking independence in acute-care hospital patients using
neural networks based on acceleration and angular velocity from two walking tests. Forty patients
underwent the 10-m walk test and the Timed Up-and-Go test at normal speed, with or without a
cane. Physiotherapists divided the patients into two groups: 24 patients who were monitored or
independent while walking with a cane or without aids in the ward, and 16 patients who were not.
To classify these groups, the Transformer model analyzes the left gait cycle data from eight inertial
sensors. The accuracy using all the sensor data was 0.836. When sensor data from the right ankle,
right wrist, and left wrist were excluded, the accuracy decreased the most. When analyzing the data
from these three sensors alone, the accuracy was 0.795. Further reducing the number of sensors to
only the right ankle and wrist resulted in an accuracy of 0.736. This study demonstrates the potential
of a neural network-based analysis of inertial sensor data for clinically assessing a patient’s level of
walking independence.

Keywords: neural network; inertial sensor; level of walking independence; 10-m walk test; timed
up-and-go test

1. Introduction

The recent global aging trend has led to an increased number of elderly patients
admitted to acute-care hospitals. Consequently, many patients exhibit inherent walking
impairments due to underlying illnesses and frailty [1]. Given the risk of further decline in
walking function resulting from post-hospitalization treatments and prolonged bed rest, it
becomes imperative to maintain or restore walking function through appropriate rehabil-
itation assessments and exercise therapies [2,3]. One approach to increasing ambulation
practice during hospitalization involves physiotherapists allowing patients in the process of
regaining ambulation to walk within the ward, either under the supervision of medical staff
or independently. Thus, promoting ambulation independence at an appropriate juncture is
significant for mitigating the adverse effects of rest-related disuse syndrome and facilitating
early hospital discharge. However, switching to walking with a cane or without an aid can
be complex for patients with advanced walking with a walker. This is because, unlike using
a walker, walking with a cane or no aid increases the risk of falls owing to the reduced
support surface.

The 10-m walk test (10 MWT) and Timed Up-and-Go test (TUG) are commonly used
in clinical practice to assess gait function objectively. The 10 MWT involves walking 10 m in
a straight line at a comfortable pace, with the time taken to calculate walking speed using a
stopwatch. Previous research on community-dwelling elderly individuals has identified a
10 MWT time of 10 s or longer, corresponding to a walking speed cutoff value of 1.0 m/s or
less, as a diagnostic criterion for frailty [4,5] and a predictor of long-term care needs [6].
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Conversely, the TUG starts from a seated position and involves rising from the chair upon
cue, walking at a comfortable or maximum speed to a designated point 3 m away, changing
direction at that point, returning to the chair, and measuring the time taken to complete
the task [7]. Research on community-dwelling older adults has associated a TUG cutoff
value of 13.5 s or more with an increased risk of falls in daily living [8]. Therefore, shorter
completion times for both tests indicated better walking and balance functions. However,
it is essential to note that the hospital environment, a controlled space without steps or
obstacles, may not necessarily require patients to meet these cutoff values to determine their
level of walking independence. In clinical practice, physiotherapists may permit patients
with slower movement speeds who do not meet the cutoff values to walk in the hospital
ward after evaluating their movement techniques. Thus, the assessment of the level of
walking independence considers not only movement speed but also the actual method
of movement, highlighting the importance of subjective judgment by physiotherapists.
However, the evaluation of the movement techniques lacks objectivity.

Various devices are available to assess movements objectively; however, inertial
sensors are simple and versatile. In this approach, a small and lightweight sensor is affixed
to the patient’s body, and the acceleration and angular velocity are recorded during walking
to evaluate movement characteristics. Numerous prior studies have utilized inertial sensors
to evaluate the 10 MWT and compare healthy individuals with patients [9-11], but few
studies have compared differences in physical function among patients. For instance, one
study examined patients with cerebrovascular disease (CVD) within 1-6 months after
illness onset [12]. In this study, patients wore inertial sensors on the head, chest, and lower
back and were categorized into monitoring and independent groups based on their level
of walking independence. The results indicated that patients in the monitoring group
exhibited significantly lower acceleration amplitudes and symmetry in these three regions
than those in the independent group. Similarly, inertial sensors have been employed in
the TUG, enabling data segmentation from the lumbar and ankle regions into six sub-
phases: sit-to-stand, two walking phases, two turning phases, and stand-to-sit [13]. A study
comparing different fall risks in patients with CVD at least 6 months post-onset found that
those requiring more than 20 s to complete the TUG exhibited significantly longer walking
and turning times as well as lower angular velocities during turning [14].

Therefore, the acceleration and angular velocity data during these tests reflect the
clinical fall risk and level of walking independence. Hence, inpatients with various diseases
undergoing rehabilitation interventions performed the TUG at maximum speed using an
inertial sensor attached to the lower back [15]. Patients were categorized into three groups
based on their level of walking independence and a TUG time cutoff of 13.5 s. Results
revealed that, consistent with previous findings, the monitoring and independent groups
requiring more than 13.5 s demonstrated significantly longer total TUG times than those
requiring less than 13.5 s. However, differences in walking time and angular velocity
during turning were only observed between the monitoring group and the independent
group, which required less than 13.5 s, with no significant differences observed between
the latter and the independent group, which required more than 13.5 s. This suggests that,
even among patients with slower movement speeds, distinctions based on their level of
walking independence were discernible.

In recent years, acceleration and angular velocity data analysis using machine learning,
especially neural networks (NN), have been increasingly used for further data analysis.
This approach allows for a more comprehensive and detailed evaluation of gait function,
including the interrelationships among different measurement items. In a previous study
involving healthy subjects, smartwatches with built-in inertial sensors were worn on the
left and right wrists [16]. The participants were instructed to perform a 15-m walk at
normal speed with and without visual field restrictions. The classification accuracies
of these conditions were compared using four methods: random forest (RF), support
vector machine (SVM), convolutional neural network (CNN), and recurrent neural network
(RNN). The results indicated that the CNN and RNN models outperformed traditional
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machine learning methods. Another study investigated the use of NN to predict differences
in fall risk among community-dwelling elderly individuals aged 65 years or older [17]. The
participants performed the TUG with inertial sensors attached to their necks and feet. The
data were analyzed using SVMs and CNN, with the CNN model showing higher sensitivity,
particularly when analyzing the angular velocity of the neck. Similarly, in another study, a
55-year-old community resident performed the TUG with an inertial sensor attached to the
waist [18]. The fall risk level classification accuracy was compared among machine learning
methods such as RF, SVM, and CNN. The CNN model exhibited the highest accuracy.

These findings suggest that NN-based analysis can be applied to classify walking
independence among hospitalized patients, as the acceleration and angular velocity during
walking tasks vary depending on the patient’s physical function and fall risk. However, no
such studies have been conducted to date. Therefore, this study aimed to develop an NN
model to evaluate the level of walking independence of patients admitted to an acute-care
hospital based on acceleration and angular velocity data collected during the 10 MWT and
TUG. The anticipated outcome was that the model’s accuracy would be comparable to that
of judgments made by physiotherapists.

2. Materials and Methods
2.1. Patients

A total of 40 patients (mean age 78.2 years, range 52-94 years) were enrolled in this
study, comprising 19 men and 21 women. These patients were admitted to the acute-care
hospital for emergency or surgical purposes related to medical and surgical conditions and
subsequently received rehabilitation intervention. The inclusion criteria were as follows:
(1) patients who were independently ambulating with a cane or unaided before admission;
(2) patients who were capable of ambulating with a walker, at least independently, at
the time of measurement; and (3) patients who had initiated practicing walking with a
cane or no aid within one week. The exclusion criteria included evident cognitive decline,
comorbidities, or medical history that would impede gait practice or measurement.

Patients were classified into two groups: the “Walking Acquired” (WA group) com-
prised those who ambulated with a cane or unaided within the ward, with or without
monitoring, while the “Not Acquired” (NA group) included patients who still required a
walker for ambulation.

2.2. Measurement Procedure

Before testing, using Velcro bands, eight inertial sensors (Xsens DOT, Xsens) equipped
with built-in triaxial acceleration and angular velocity sensors were attached to the patient’s
body. The sensors were affixed to the chest over the sternum lower back at the level of
the third lumbar vertebra, above the right and left wrists, midfront of the right and left
thighs, and above the right and left ankles. These sensors had a measurement range of
16 G for acceleration and 2000 °/s for angular velocity, with a sampling frequency of
120 Hz. Six acceleration and angular velocity signals were continuously recorded for each
sensor during both 10 MWT and TUG. The signals include three acceleration axes: anterior-
posterior acceleration (X-axis), mediolateral acceleration (Y-axis), and vertical acceleration
(Z-axis), and three angular velocity axes: roll, which is the rotation around the X-axis;
pitch, which is the rotation around the Y-axis; and yaw, which is the rotation around the
Z-axis. The sensors were connected to a tablet device (iPad Mini, Apple) via Bluetooth and
operated using a dedicated application.

After explaining the method of each test to the subjects, we commenced the 10 MWT.
A straight line of 16 m, including acceleration and deceleration paths of 3 m each, was
used, and the time required to cover the central 10 m was measured using a stopwatch.
Subsequently, the TUG was performed. The TUG used a chair with a seat height of 43 cm
and one cone. Using a stopwatch, we measured the time required to stand up from the
chair, walk 3 m, turn at the cone, return, and sit down again. Figure 1 shows an actual
TUG measurement scene with an attached inertial sensor. Both tests were conducted twice
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at normal speed, and the patients were instructed to walk with or without a cane. The
decision regarding the mode of walking was made in consultation with the physiotherapists
in charge and the patients themselves. Other physical functions assessed included grip
strength and the Frailty Screening Index (FSI) [19]. Patients were also asked about any falls
they may have experienced in the past year.

l
43 cm seat height chair

-

X-axis (Roll)

Inertial sensors
with Velcro bands

Cone

Figure 1. Sensor attachment sites and TUG measurement scene.

2.3. Signal Processing

After the measurement, the data from each sensor were transferred to a laptop using
dedicated software to synchronize the data between the sensors. The 10 MWT data from
both trials were analyzed, excluding the first and last steps and including data from the
acceleration and deceleration paths. The TUG followed the method of a previous study [13],
with the sub-phases of sit-to-stand and stand-to-sit, as well as the start and end points of
the two turning phases, identified. Specifically, the sit-to-stand and stand-to-sit phases were
identified by the maximum and minimum values of the pitch angle of the lumbar angular
velocity, respectively (see the pitch angle in the lower part of Figure 2). Additionally, the
two turning phases were identified as the maximum absolute value of the yaw angle,
followed by locating the range before or after this value and below a threshold value of 0.1
(see the yaw angle in the lower part of Figure 2). The first walking phase was defined as
the period from the end of the sit-to-stand phase to the start of the first turn. The second
walking phase was defined as the period from the end of the first turn to the start of the
second turn. In this study, only these walking phases were used in both tests to analyze the
data while walking in conjunction with the 10 MWT.

Pre-processing for use with the NN input data was performed as follows: First, the
acceleration data were high-pass filtered at 1 Hz to exclude the effects of gravitational
acceleration. Next, to use the data for each gait cycle, the combined accelerations of the right
and left ankles, as shown in Equation (1), were calculated, respectively. These calculations
were then differentiated from one sample neighbor, and the periodic peak value was
defined as the initial contact (IC) for each cycle (Figure 3). For example, if the right gait
cycle is 4 steps in the first walking phase of the TUG and three steps in the second phase,
seven data sets for the right gait cycle were obtained. This study used left gait cycle data in
the analysis because more left gait cycle datasets were obtained than right.

Combined Acceleration = ¢Acceleration§7uxis + Acceleration? ..+ Acceleration? . 1)
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Figure 2. Example of acceleration and angular velocity of the lumbar during TUG.
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Figure 3. Example of identifying ICs from the combined acceleration of the ankle during 10 MWT.
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Furthermore, as a method of normalization, the acceleration and angular velocity were
set to a range of 0 to 1 so that the baseline of each dataset was 0.5, as they varied in both the
positive and negative directions. Specifically, for each of the three axes of acceleration and
angular velocity for each subject, the value of each sensor was divided by the maximum
absolute value of all sensor values, then by 2, and a 0.5 was added. Depending on whether
the maximum value used for the division is positive or negative, the normalized data will
satisfy either a minimum value of zero or a maximum value of one for any sensor in any
gait cycle within a trial. Finally, to align the lengths of all data sets, a 0.5 was added to
the end of the data set shorter than 276, the longest walking cycle (Figure 4). All the data
processing steps were performed using Python and its libraries.

Chest Lumbar Right Wrist Left Wrist

—X-axis —X-axis —X-axis —X-axis

—Y-axis —Y-axis —Y-axis —Y-axis
—Z-axis —Z-axis —Z-axis —Z-axis

—Roll —Roll —Roll —Roll
—Pitch —Pitch —Pitch —Pitch
—Yaw —Yaw —Yaw —Yaw
Right Thigh Left Thigh Right Ankle Left Ankle
—X-axis —X-axis
—Y-axis —Y-axis

—Z-axis

| g —Z-axis

—Roll —Roll

—Pitch —Pitch

—Yaw —Yaw
100 200 100 200 100 200 100 200
Sample Sample Sample Sample

Figure 4. Example of normalized data for all 48 channels in one left gait cycle.

2.4. Neural Network

Transformer was implemented using PyTorch version 2.0.0, a Python library. The
Transformer is a machine-learning model [20] known for its strong performance in natural
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language processing and image recognition tasks. It is built around an attention mechanism
(attention) that selectively highlights important feature information by computing the
association between each input element and the other elements. This enabled the model to
effectively capture long-distance dependencies and flexibly learn feature combinations at
different locations. The architecture of the Transformer model used in this study included
an input layer, Input Embedding, Positional Encoding, Transformer Block, Fully Connected
(FC) layer, Softmax Function, and an output layer. The Transformer Block comprises a
multihead attention module, feed-forward module, Layer Normalization, and residual
connection, which were repeated five times in this study for deeper learning. The program
defined a class using nn.Module and nn.TransformerEncoder, which incorporated the
embedding layer, Positional Encoding layer, Transformer’s encoder layer, and FC layer.
The structure of the Transformer network is illustrated in Figure 5, and the specifics of the
parameters for each network layer are listed in Table 1. The input and output sizes from
the input data to the Transformer Block in Table 1 represent the batch size, data length, and
number of channels, respectively. Details regarding the batch size and number of channels
are described below.

Input Data

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
J

| A '
[ Input Embedding | s 1T i
1
v L 7 i | | Multi-Head Attention !
Positional % ! l :
Encoding / ! I
| ’ i L>| Add & Layer Norm. | i
1

Transformer Block i |
X5 I !
heads=4 . i i
l . | | Feed Forward | |
L re T ! | ;
| N —>| Add & Layer Norm. | |
| Softmax | \i | H
l ______________________ 4

| Label Output |

Figure 5. Transformer network architecture diagram.

Table 1. Detailed parameters for each network layer.

Layer Input Output
Input Embedding (64, 276, 48) (64, 276, 48)
Positional Encoding (64, 276, 48) (64, 276, 48)
Transformer Block (64, 276, 48) (64, 276, 48)
FC (64, 13248) (64, 2)

To augment the total input data, this study included the original dataset and four
additional datasets, each with random noise ranging from —0.1 to 0.1 added to every value.
This approach resulted in a five-fold increase in data points compared with the original
dataset. The data ratio between the two groups was balanced in the training and test
datasets, with a test data ratio of 0.1. The training process utilized 130 epochs, a batch size
of 64, and a learning rate of 1 x 10~°. The final accuracies of the training and test datasets
were recorded. For evaluation, the leave-one-out-of-one cross-validation (LOOCV) method
was employed, wherein each subject was iteratively excluded from the training, and the
resulting model was used to predict the omitted subject. This process yielded 40 models,
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corresponding to the number of subjects in the dataset. A confusion matrix was generated
for each inference according to Table 2, and the accuracy, sensitivity, and specificity, as
expressed in Equations (2)—(4), were calculated. In the present study, the NA group was
defined as positive.

Accuracy = TP+ TN 2)
YT TP+ TN+ FP+FN
TP
Sensitivity = ———— 3
ensitivity TP+ EN 3)
TN
Table 2. Confusion matrix.
Predicted Label
True Label
Positive (NA Group) Negative (WA Group)
Positive (NA group) True Positive (TP) False Negative (FN)
Negative (WA group) False Positive (FP) True Negative (TN)

The input data consisted of 48 channels comprising six axes of acceleration and angu-
lar rate meters for each of the eight sensors per subject. To propose a more straightforward
method for clinical applications, this study assessed the model’s performance with a re-
duced number of sensors. Specifically, the average accuracy of LOOCV was evaluated
by excluding one sensor at a time. When excluded, five sensors were identified as im-
portant sites based on a significant decline in accuracy. Subsequently, two to five sensors
were used for validation. All excluded sensor data were replaced with a value of 0.5 to
maintain consistency.

2.5. Statistical Analysis

Statistical methods were used to compare basic information between the groups. The
chi-square or Fisher’s exact test was used to compare categorical variables such as sex ratio,
outcome (discharge or transfer), and history of falls in the past year. For other items, an
unpaired t-test or Mann-Whitney U-test was used after checking each data point’s normal
distribution and homogeneity of variance for group comparison. Statistical analyses were
performed using a two-tailed test with Modified R Commander version 4.2.2 [21]. The
level of statistical significance was set at a p value < 0.05. Descriptive statistics (means and
standard deviations) were used to summarize the results.

3. Results

All trials were completed without adverse events in 26 and 14 patients in the WA and
NA groups, respectively. The patient characteristics for each group are shown in Table 3.
The diseases included spinal compression fractures, postoperative femoral neck fractures,
postoperative knee or hip osteoarthritis (OA), postoperative lumbar spinal canal stenosis
(LCS), CVD, and other medical conditions. The WA group was significantly younger than
the NA group, had a significantly higher proportion of patients discharged home as the
outcome destination, and the 10 MWT and TUG times were significantly shorter. The
walking speeds calculated from the 10 MWT times of the WA and NA groups averaged
0.85m/s and 0.61 m/s, respectively. There were no differences in the number of days from
admission to measurement or the length of hospital stay between the groups.
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Table 3. Basic information for each group (M: male, F: female). Data are shown as the mean (standard
deviation) except where noted. p values less than 0.05 are highlighted in bold.

WA Group (n=26) NA Group (n=14) p Values

Age (years) 76.4 (10.3) 81.6 (3.8) 0.029
Gender 14 M, 12 F 5M,9F 0.270
Height (cm) 158.1 (10.0) 156.5 (11.7) 0.671
Weight (kg) 56.5 (13.5) 58.4 (13.7) 0.672
Measurement since admission (days) 16.8 (8.5) 19.8 (7.1) 0.254
Total length of stay (days) 23.2(8.1) 29.1 (10.2) 0.072
Discharge and transfer 22,4 1,13 <0.001
Diseases:
Postoperative LCS 6 2
Postoperative femoral neck fracture 2 6
Postoperative knee or hip OA 5 1
CVD 1 3
Others 12 2
10MWT time (s) 12.4 (2.8) 18.1 (6.4) 0.006
TUG time (s) 14.7 (2.9) 21.2 (6.6) 0.003
Grip strength (kg) 22.4 (8.8) 19.2 (10.4) 0.339
FSI (from 0 to 5) 1.5(1.2) 2.1 (1.3) 0.148
Faller, % 5,19.2 7,50.0 0.071

Because two patients had missing TUG measurement data, we analyzed 40 patients
for the 10 MWT and 38 patients for the TUG. The total number of gait cycles analyzed
was 1684, with 981 in the WA and 703 in the NA groups. The dataset size was increased
fivefold at each training iteration, resulting in approximately 8000 datasets. When trained
with all eight sensors, the accuracy, sensitivity, and specificity were 0.836, 0.876, and 0.780,
respectively. The confusion matrix and inference results for each subject are shown in
Figure 6. Most subjects had an accuracy of 0.5 or better, but subjects 18 in the WA group
and 1 and 3 in the NA group did not improve with further changes in the hyperparameters
during learning. Next, we checked accuracy by excluding one sensor at a time to identify
the critical sensor attachment sites for learning and inference. The results show that the
accuracy decreased significantly for the right ankle (0.709), left wrist (0.730), right wrist
(0.735), right thigh (0.801), and chest (0.812), as shown in Figure 7. Training with these
five sensors yielded a slightly lower accuracy of 0.830, whereas the specificity improved
to 0.821 compared to all eight sensors (Figure 8). Using three sensors (right ankle, left
wrist, and right wrist) resulted in an accuracy of 0.795, which was lower than that achieved
using five sensors (Figure 9). Finally, when comparing the accuracies of the two sensor
combinations (right ankle/left wrist and right ankle/right wrist), the latter was superior,
with an accuracy of 0.736 (Figure 10). The four LOOCV performance metrics are listed in
Table 4.

Table 4. LOOCYV performance metrics for each input data.

Input Data Accuracy Sensitivity Specificity
All 8 sensors 0.836 0.876 0.780
5 sensors (right ankle, left wrist, right wrist,
right thigh, and chest) 0.830 0.837 0.821
3 sensors (right ankle, left wrist, and right wrist) 0.795 0.784 0.809
2 sensors (right ankle and right wrist) 0.736 0.728 0.748
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4. Discussion

In this study, 40 patients admitted to an acute-care hospital in the early stages of gait
practice after beginning cane or unassisted walking were fitted with eight inertial sensors
to perform the 10 MWT and TUG. Acceleration and angular velocity while walking were
measured to evaluate the patient’s level of walking independence using Transformer. The
results showed that the accuracy was 0.836 using all sensors, although this was not as
good as the evaluation by the physiotherapists. Even when the number of sensor sites was
reduced to three and two, the accuracies remained at 0.795 and 0.736, respectively.

In a previous study analyzing inertial sensor data using an NN, 101 community-
dwelling elderly people with an average age of approximately 75 years were assessed
by clinicians for fall risk, achieving an accuracy of 0.865 based on the angular velocity of
the neck during the TUG using a CNN [17]. Additionally, in predicting the occurrence of
falls in 73 nursing home residents with an average age of approximately 83 years, a CNN
achieved an accuracy of 0.750 using the acceleration and angular velocity of the lower
back during a 6-min walk test [22]. Despite the small sample size of the present study
(40 patients) and the comparable mean age, the achieved accuracy was similar to that of
these studies. On the other hand, the physiotherapists’ assessment of the patient’s level of
walking independence was based on an overall assessment of the time required for the two
walking tasks and the actual method of movement. Nevertheless, there were significant
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group differences in age and time required for the 10 MWT and TUG. This reflects the
physical functional decline due to aging and suggests that minimal walking speed may
also be important for the possibility of independence.

Additional analyses were conducted for three subjects, 18 in the WA group and one
and three in the NA group, who exhibited poor accuracy even with all sensors. Specifically,
the first half of the walking phase of these three subjects (corresponding to the first half of
the total number of steps of the 10 MWT and the first walking phase of the TUG) and data
from all other subjects were used for training. In contrast, the second half of the walking
phase of these three subjects (representing the second half of the total number of steps of the
10 MWT and the second walking phase of the TUG) was used to assess accuracy. Although
the data extraction points differed, both training and inference involved information from
the same subjects. Consequently, the accuracy of the number 18 in the WA group and
number 1 in the NA group notably improved, whereas the accuracy of the number 3 in
the NA group remained largely unchanged. This suggests that the poor accuracy of the
two subjects may be due to the limited sample size. Conversely, it is possible that the
motor skills of subject #3 in the NA group were sufficiently high to enable him to practice
walking in the ward; however, this capability may not have been recognized. This oversight
could be partly attributed to the limited time for physiotherapists to conduct repeated
assessments. This study relied on data collected within the first week of walking practice,
reflecting the participants’ level of walking independence at that specific time.

When the accuracy of LOOCV was examined by excluding one sensor at a time, a
significant decrease in accuracy was observed, particularly when the sensors attached to
the right foot, left hand, and right hand were excluded. This decrease can be attributed
to the crucial role of the right lower limb in the left gait cycle. Specifically, in the left gait
cycle, the right lower limb underwent an initial swing phase, followed by the IC and stance
phases [23]. The range of motion was greater during the swing phase than during the
stance phase because of the forward swing of the limb. The IC phase also involved the
lower leg muscles, which supported the floor reaction force [23]. Hence, it is plausible that
the acceleration and angular velocity of the contralateral lower limb, encompassing these
phases and the transitional phase with a significant range of motion and floor reaction force,
are pivotal in determining the level of walking independence. In contrast, the transition of
the left lower limb from the stance to the swing phase appeared less critical. This finding
is consistent with the fact that instability during gait tends to occur at the IC or shortly
after that in clinical situations. Although the ankle is a common site analyzed in previous
studies [10,11,15,17], including its relationship with the gait cycle is a novel finding.

Similar to the results for the ankle sensors, the accuracy decreased when sensors
attached to the left and right wrists were excluded; however, this could be attributed to the
fact that the wrists are also endpoints with a considerable range of motion. The arms swing
during walking, as calculated from the inertial sensor data attached to the wrists, decreases
with slower walking speed [24] and aging [25]. Additionally, individuals with a history
of falls may not increase their arm swing in response to increased walking speed [26].
Therefore, wrist data can reflect a person’s gait function. However, most previous studies
that analyzed the inertial sensor data using NN in elderly individuals and patients focused
on sensors attached to the waist or feet. To our knowledge, only one study validated wrist
sensor data conducted on healthy young adults [19]. This study achieved a classification
accuracy of 0.889 for the two visibility conditions, although no sensors were worn at other
locations. Therefore, the results of our study suggest that wrist acceleration and angular
velocity may be essential factors in determining a patient’s level of walking independence.

In contrast, data from the lower back, which has been a focal point in prior stud-
ies [18,22], exhibited less significance in determining the level of gait independence in
this study than data from the wrist and ankle. This discrepancy can be attributed to the
normalization method employed in this study. Specifically, the maximum value among
all eight normalization sensors consistently originated from the wrist or ankle across all
subjects. Consequently, relatively minor acceleration and angular velocity fluctuations
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were observed in the chest and lower back, as illustrated in Figure 4. This normalization
method was selected based on the premise that the interplay between acceleration and
angular velocity across different anatomical sites plays a crucial role in determining walk-
ing independence. Therefore, modifying the normalization method, such as by adopting
regional normalization, may yield diverse outcomes in future investigations.

The limitations of this study include an insufficient sample size and the fact that
only walking cycles were used. Concerning the former, further validation with a larger
sample size is needed before the results of this study can be generalized. In particular, the
latter excluded the sit-to-stand, two-turn, and stand-to-sit sub-phases, which could have
provided more critical information. However, focusing on the walking cycle allowed us
to consider which body parts were crucial for the classification and why. As in previous
studies, future analyses based solely on TUG data should encompass all phases.

5. Conclusions

Through the utilization of eight inertial sensors on hospitalized patients and the anal-
ysis of data from the 10 MWT and TUG walking phases with Transformer, one of the NN,
we achieved notable accuracy in determining the patient’s level of walking independence,
with an accuracy of 0.836. This accuracy closely approximated the evaluation accuracy
achieved by physiotherapists. Furthermore, the accuracy was maintained at 0.795, even
when the number of sensors was limited to three, positioned at both wrists and right ankle.
This approach is valuable for mitigating the patient burden during measurements.

Based on the results of this study, this analysis method can support physiotherapists
in clinical settings. Specifically, the inference results of the model can supplement the
assessment findings of physiotherapists who struggle with deciding whether to allow
patients to practice walking in the ward. Additionally, it can be beneficial when a different
or less experienced physiotherapist than the one in charge evaluates a patient’s walking.
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Abstract: This study measured parameters automatically by marking the point for measuring each
parameter on whole-spine radiographs. Between January 2020 and December 2021, 1017 sequential
lateral whole-spine radiographs were retrospectively obtained. Of these, 819 and 198 were used for
training and testing the performance of the landmark detection model, respectively. To objectively
evaluate the program’s performance, 690 whole-spine radiographs from four other institutions were
used for external validation. The combined dataset comprised radiographs from 857 female and
850 male patients (average age 42.2 & 27.3 years; range 20-85 years). The landmark localizer showed
the highest accuracy in identifying cervical landmarks (median error 1.5-2.4 mm), followed by
lumbosacral landmarks (median error 2.1-3.0 mm). However, thoracic landmarks displayed larger
localization errors (median 2.4—4.3 mm), indicating slightly reduced precision compared with the
cervical and lumbosacral regions. The agreement between the deep learning model and two experts
was good to excellent, with intraclass correlation coefficient values >0.88. The deep learning model
also performed well on the external validation set. There were no statistical differences between
datasets in all parameters, suggesting that the performance of the artificial intelligence model created
was excellent. The proposed automatic alignment analysis system identified anatomical landmarks
and positions of the spine with high precision and generated various radiograph imaging parameters
that had a good correlation with manual measurements.

Keywords: artificial intelligence; deep learning; radiography; spine

1. Introduction

Recently, there has been a remarkable surge in the availability of biomedical data,
presenting challenges and opportunities for healthcare research. This wealth of data
includes extensive collections of medical images, such as computed tomography (CT) scans,
magnetic resonance imaging (MRI), and radiographs, which play a crucial role in various
medical tasks, such as pathology detection and classification, as well as pinpointing vital
anatomical landmarks. Spine imaging, in particular, holds significant clinical importance
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as it enables the precise characterization of spinal alignment through angles, distances, and
shapes, proving invaluable for tasks such as surgical planning and monitoring of deformity
progression [1]. Traditionally, these parameters are measured either manually using tools
such as rulers and protractors on physical images or with specialized software for digital
images [2]. However, this approach is prone to inaccuracies and inconsistencies due to
variations in measurements by different observers.

To address these challenges, there has been a growing emphasis on developing
computer-aided diagnosis systems over the past few years. These systems aim to re-
duce errors and enhance the efficiency of image analysis; however, they often require
manual input [3]. The advent of fully automated software tools promises to eliminate
these shortcomings and revolutionize both medical research and clinical practice. Recent
advancements in deep learning (DL) technologies, coupled with the high computational
capabilities of graphics processing units (GPUs), have made it feasible to develop tools
capable of autonomously measuring spinal parameters [4,5]. These technological advances
not only streamline the analysis process but also enhance its accuracy, paving the way for
more precise and reliable medical diagnostics and treatments.

In medical imaging, the integration of artificial intelligence, particularly DL, has
significantly increased in recent times, often surpassing the expertise of human observers
in terms of performance. One notable advancement was the development of an automatic
tool for identifying vertebrae in CT scans [6]. This tool accurately pinpointed vertebral
centroids but fell short of providing practical clinical applications. In a study by Jacobsen
et al., DL was employed for the automatic segmentation of cervical vertebrae [7]. However,
their methodology exhibited non-negligible errors in locating the vertebral corners, and
the focus was limited to the cervical area with a relatively small dataset, hindering its
practicality in routine clinical environments.

To address the limitations of these studies, we aimed to develop an artificial intelli-
gence model to accurately identify points from which to perform key measurements on
whole-spine radiographs. This study aimed to measure each parameter automatically by
accurately marking the point for measuring each parameter on whole-spine radiographs.

2. Materials
2.1. Dataset

Between January 2020 and December 2021, a comprehensive collection of 1017 se-
quential lateral whole-spine radiographs was retrospectively gathered. In adherence to
the guidelines of our hospital’s institutional review board (IRB no. 2023218), a waiver for
informed consent was granted for this study. A leading radiologist meticulously reviewed
the entire set of images and excluded several categories: (1) insufficient length, failing
to capture either the C2 dens or both femoral heads; (2) anatomical variances, such as
spinal columns with less or more than the standard 25 vertebrae; and (3) compromise by
suboptimal contrast, hindering clear identification of pelvic structures.

Of the 1017 radiographs, data from 819 and 198 were used for training and testing
the performance of the landmark detection model, respectively. To objectively evaluate
the performance of the program, 690 whole-spine radiographs from four other institutions
were used for external validation. The annotated landmarks contained 26 points, as
shown in Table 1 and Figure 1. The demographic profile for these 1707 annotated images
revealed a mean patient age of 42.2 & 27.3 years (age range: 20-85 years) at the time of the
radiographic examinations.

Table 1. Names and descriptions of landmarks annotated on whole-spine lateral X-ray.

Name Description
FH_1 Center of the Femur head
FH_2 Center of the Femur head
S_1 Anterior point of the upper endplate of the sacrum
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Table 1. Cont.

Name

Description

S 2
L1_1
L1.2
L4 1
14 2
T4_1
T4_2

T12_1
T12_2
T1
Forehead
FM_1
FM_2
ODT

Jaw
C2_1
C2.2

Cc7
C7_1
C7.2
C7_3
T1_1
T1_2

Posterior point of the upper endplate of the sacrum
Anterior point of the upper endplate of the L1 vertebra
Posterior point of the upper endplate of the L1 vertebra
Anterior point of the upper endplate of the L4 vertebra
Posterior point of the upper endplate of the L4 vertebra
Anterior point of the upper endplate of the T4 vertebra
Posterior point of the upper endplate of the T4 vertebra
Anterior point of the lower endplate of the T12 vertebra

Posterior point of the lower endplate of the T12 vertebra
Center of the T1 vertebral body
Forehead
Anterior point of the foramen magnum
Posterior point of the foramen magnum
Odontoid
Jaw
Anterior point of the lower endplate of the C2 vertebra
Posterior point of the lower endplate of the C2 vertebra
Center of the C7 vertebral body
Anterior point of the lower endplate of the C7 vertebra
Posterior point of the lower endplate of the C7 vertebra
Posterior point of the upper endplate of the C7 vertebra
Anterior point of the upper endplate of the T1 vertebra
Posterior point of the upper endplate of the T1 vertebra

Figure 1. Landmarks annotated on a whole-spine lateral radiograph.
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2.2. Learning of Heatmap-Based Landmark Detection

The model for detecting landmarks used U-Net [8], and learning was conducted based
on a heatmap. The heatmap-based method indirectly learns coordinates through heatmaps
instead of directly learning them. This method is widely used in landmark detection for
pose estimation [9] or face landmark detection [10]. Heatmap-based learning is slower
than the direct prediction of coordinates, but it is less sensitive to slight differences that
may occur owing to human annotations because it accepts the surroundings of coordinates
more generously. The proposed heatmap-based landmark detection model used a Gaussian
heatmap generated around landmark coordinates as the ground truth (Figure 2), and the
dice coefficient loss (L ;..) and weighted L1 loss (L,,;) were used as the loss functions [11].

L = aLgice + PLui 1

Z! 1.0
Q)
-30 20 20 30
7 04
0.2
0.0

A (B)

o
@

1=
o

Figure 2. As an example, if the point located in the center of 100 x 100 as in (A) is expanded to
Gaussian values and normalized to values O to 1, a heatmap like (B) is created. In this example, o
was set to 10, thresholded in the +20 range, and visualized with a jet colormap.

L1 loss, which is the absolute difference between the ground truth and the prediction,
leads to a predicted heatmap (Y) similar to the ground truth (Y). However, compared with
the overall image size, a single point is very small. Therefore, we categorized the area of the
point as the foreground and the area outside the point as the background. Subsequently,
we applied the weighted L1 loss by assigning weights that were inversely proportional to
each foreground and background area. The background (bg) and foreground (fg) were
determined based on 20 of the simulated Gaussian.

0, x <20
f8(x) = {1, x> 20
1, x <20
bg(x) - {O, x> 20 )

Loy = Z(W* |Y—Y|)
W = fg(Y)/ Y _(fg(Y))+bg(Y)/)_(bg(Y))

Dice loss was added to bring the predicted heat map closer to the ground-truth
Gaussian-distributed heat map. This loss is inversely related to the dice similarity coefficient
(DSC), which measures the similarity between two samples.

y=fg(Y)xY
g=fg(Y) Y ®)
£dice =1- DSC(y, 9)
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DSC has a value between 0 and 1. The higher the similarity, the closer it is to 1, and
the lower the similarity, the closer it is to 0. DSC calculates only the foreground area of each
sample, and in this case, the foreground is an area divided by 20 as a boundary, similar to
weighted L1 loss.

7)x (yx17 >0
DSC(y, 9) = Z[(y+g)y+(}/wy> )l @

Finally, the landmark coordinate outputs from the model were the center points of the
maximum values from the predicted heatmap.

2.3. Workflow of the Landmark Detection in Whole-Spine Lateral Radiographs

The landmark detection model in whole-spine lateral radiographs was divided into
two steps: detection of the upper cervical area above T1 and the lower thoracic-femur
area (Figure 3). This aimed to achieve precise detection of densely clustered landmarks
in the cervical area, which have a higher density than the resolution of the entire image.
The detection of the cervical area was further divided into two steps. First, the cervical
region of interest (ROI) within a whole-spine radiograph was identified. The cervical ROI
range was specified with a margin of 30% of the horizontal margin in a tightly bound box
from 13 landmarks above T1 detected on the whole-spine radiograph. In the second step,
detection was performed at a higher resolution in the cervical ROI. Finally, the predicted
landmarks of the whole-spine radiograph were derived by combining the prediction
points of the detection model in the thoracic—femur area and the detection model in the
cervical ROL

Detection
Cervical

Landmark
Localizer
1024x1024 1026x1024

—

workflow
448x1024

Figure 3. Operational flow of the landmark detection model in whole-spine lateral radiographs. For
automatic landmark detection in a single radiograph, the thoracic-lumbar and cervical spine are
localized separately. The outputs of landmark localizers for each image input are all heatmaps, and
the final output of the model is the coordinates (orange points) restored to match the original image
resolution derived from the heatmaps.

2.4. Training Details

The input image size was set to 448 x 1024, whereas the cervical ROI training model
used a 1024 x 1024 resolution image as the input. All the inputs were resized while
maintaining the aspect ratio (height/width), and pixel values were rescaled by referring to
the windowing information in the whole spine radiograph DICOM header, after which
contrast limited adaptive histogram equalization (CLAHE) was applied. All inputs were
resized by maintaining the aspect ratio and then rescaled and inputted after applying
CLAHE. Augmentation during training was shift (£10%), zoom (+10%), and rotation
(£10°). The sigma (o) for heatmap generation was set to 10 and 15 for the whole-spine
lateral radiograph and cervical ROI, respectively. Dice loss could be applied after a certain
amount of training, so the « in the loss function started from 0 and increased by 0.002
per epoch, while p was set as 1 — a. All models were trained in an Ubuntu 22.04.4 LTS,
Intel® Core™ i9-9900X CPU @ 3.50GHz x4ea, a single GPU environment [Quadro RTX 8000
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(48 GB)], and the TensorFlow 2.11 version was used as a framework. Of the 819 training
sets, 794 were used to update the model’s weights, and 25 were used as validation sets
during training. After running 300 epochs with a batch size of 10, the weight at the epoch
with the lowest average validation loss in the cumulative 10 epochs was selected as the
final weight of the detection model. Figure 4 shows the loss and accuracy graph monitored
for each 100 steps during the learning process.

(A) (B)

Thoracic-femur
landmarks in the
whole-spine

Cervical
landmarks in the
whole-spine

Cervical
landmarks in the
cervical ROI

© (D)

Figure 4. These are loss and accuracy curve graphs for 300 epochs of the training set and validation
set: (A) Accuracy curve graphs of training set; (B) accuracy curve graphs of validation set; (C) loss
curve graphs of training set; (D) loss curve graphs of validation set. The x-axis represents steps and
is plotted at every 100 steps. Blue is the curve of the model that finds thoracic—-femur landmarks in
the whole spine, orange is the curve of the model that finds cervical landmarks in the whole spine,
and green is the curve of the model that finds cervical landmarks in the cervical ROIL

2.5. Measurement of Spinal Parameters

Fifteen spinal parameters were measured from the landmarks detected in whole-spine
lateral radiographs using the landmark detection model. The names and measurement
methods for these parameters are listed in Table 2.

Table 2. Names and measurement methods of spinal parameters measured from landmarks detected
in whole-spine lateral X-ray.

Name Measurement

The angle between the line connecting the center of femur heads and the center of

PI Pelvic Incidence the sacrum’s upper endplate, and the perpendicular line of the sacrum’s
upper endplate.
PT Pelvic Ti The angle between the line connecting the center of the femur heads and the center
elvic Tilt , ;
of the sacrum’s upper endplate, and the vertical.
SS Sacral Slope The angle between the sacrum’s upper endplate and the horizontal.
LL Lumbar Lordosis The angle between the upper endplate of L1 and the endplate of the sacrum.
L4S1 L4S1 Lordosis The angle between the upper endplate of L4 and the endplate of the sacrum.
TK Thoracic Kyphosis The angle between the upper endplate of T4 and the lower endplate of T12.
The angle between the line connecting the center of the T1 vertebral body and the
TPA Tlpelvic Angle center of the femur heads, and the line connecting the center of the femur heads
and the center of the sacrum’s upper endplate.
CBVA Chin-Brow Vertical Angle The angle between the line connecting the forehead and chin, and the vertical.
Cc2C7 C2c7 Angle (Cervical The angle between the lower endplate of C2 and the lower endplate of C7.
Lordosis Angle)
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Table 2. Cont.

Name Measurement
TS T1 Slope The angle between the upper endplate of T1 and the horizontal.
TS-CL T1 Slope—Cervical Lordosis T1 slope minus cervical lordosis.

ODHA Odontoid hip axis angle The angle between the line connecting the odont01d to the center of femur heads,
and the vertical.

PI-LL Pelvic Inc1dence.— Lumbar Pelvic Incidence minus Lumbar Lordosis
Lordosis
The angle between the line connecting the center of the C7 body and the center of
the sacrum’s upper endplate, and sacrum’s upper endplate.
Distance between the vertical line at the center of the C7 body and a posterior

point of the sacrum’s upper endplate.

SSA Spino-Sacral Angle

SVA Sagittal Vertical Axis

2.6. Statistical Analysis

The landmark localization errors were used to evaluate the performance of the trained
landmark localizer. Interrater reliability was used to determine the level of agreement
among the following three raters:

Rater 1 (R1): Senior neurosurgeon

Rater 2 (R2): Junior neurosurgeon

Proposed DL model (landmark localizer and numerical algorithm)

In this study, Pearson correlation coefficients were employed to assess the relationships
between the predicted radiographic parameters using a DL model and the actual ground
truth values. To determine the numerical discrepancies between the model predictions and
ground truth, Wilcoxon signed-rank tests were utilized, with a p-value threshold of <0.05
indicating statistical significance. Furthermore, the intraclass correlation coefficient (ICC)
was used to measure the interobserver reliability of three human evaluators (junior resident,
spine fellow, and senior surgeon), the DL model, and ground truth. This analysis was based
on a dataset of 198 images specifically chosen for interobserver reliability evaluation. The
reliability was categorized into four levels based on the ICC value: excellent (0.9-1.0), high
(0.7-0.9), moderate (0.5-0.7), and low (0.25-0.5). All statistical analyses and procedures in
this research were performed using SPSS version 25.0 (SPSS Inc, Chicago, IL, USA)

3. Results
3.1. Dataset Demographic

The dataset comprised radiographs from 857 female and 850 male patients, with an
average age of 42.2 & 27.3 (range: 20-85) years. In this dataset, spinal implants were present
in 170 images (approximately 10%), with the range of instrumentation extending from C4
to the ilium, averaging 8.2 4= 3.0 levels per image.

3.2. Performance of the Landmark Localizer

The landmark localizer showed the highest accuracy in identifying cervical landmarks,
with a median error of 1.5-2.4 mm. This was followed by the lumbosacral landmarks, which
exhibited a median error of 2.1-3.0 mm. In contrast, the thoracic landmarks displayed larger
localization errors, with median values of 2.4—4.3 mm, indicating slightly reduced precision
compared with the cervical and lumbosacral regions. Figure 5 shows a visualization of
localized landmarks in the test set.
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Figure 5. Examples of landmarks automatically localized in the test set.

3.3. Inter-Rater Reliability between the Two Human Experts and Developed Deep Learning Model

Table 3 shows the inter-rater reliability of the spinal curvature characteristics between
the two human experts and the developed DL model. The consistency in measurements
between the senior and junior neurosurgeons was outstanding across all spinal curvature
characteristics, with all ICCs exceeding 0.9, indicating excellent agreement. When compared
with the evaluations made by human experts, the proposed DL model showed slightly
lower reliability in accurately predicting the cervicothoracic junction point and the degree
of thoracic kyphosis. However, its performance in determining the thoracolumbar junction,
cervical and lumbar points, and lumbar lordosis was comparable with that of human
experts. Overall, the agreement between the DL model and the two experts ranged from
good to excellent, with ICC values exceeding 0.88.

Table 3. Inter-rater reliability between the two human experts and developed deep learning model.

Parameters R1 versus R2 DL versus R1 DL versus R2

PI(°) 0.978 0.891 0.889
PT (°) 0.981 0.923 0.915
SS (°) 0.962 0.905 0.897
LL (°) 0.957 0.921 0.915
L1451 (°) 0.961 0.901 0.894
TK (°) 0.979 0.945 0.931
TPA (°) 0.945 0.894 0.884
CBVA (°) 0.951 0.907 0.901
C2C7 (°) 0.947 0.887 0.881
TS (°) 0.923 0.915 0.909
TS-CL (°) 0.914 0.909 0.897
ODHA (°) 0.928 0.903 0.891
PI-LL (°) 0.927 0.896 0.884
SSA (°) 0.944 0.945 0.925

SVA (mm) 0.957 0.912 0.902

PI, pelvic incidence; PT, pelvic tilt; SS, sacral slope; LL, lumbar lordosis; L4S1, L4S1 lordosis; TK, thoracic kyphosis;
TPA, T1 pelvic angle; CBVA, chin-brow vertical angle; C2C7, C2C7 angle; TS, T1 slope; TS-CL, T1 slope—cervical
lordosis; ODHA, odontoid hip axis angle; PI-LL, pelvic incidence—lumbar lordosis; SSA, spino-sacral angle; SVA,
sagittal vertical axis.

3.4. Performance Evaluation of the Spinal Parameters of the Deep Learning Model

The performance of the DL model in estimating spinopelvic parameters was rigorously
evaluated using a test dataset comprising 198 spinal radiographic images. The results,
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outlined in Table 4, show mean errors for these parameters, considering the non-normal
distribution of error values. The mean errors were accompanied by the standard deviation.

Table 4. Performance evaluation of the spinal parameters of the deep learning model.

Correlation Analysis Wilcoxon Signed-Rank Test
Parameters Ground Truth Parameter Error
R p Value p Value
PI(°) 53.8 +18.8° 2.6 £3.1° 0.982 0.497
PT (°) 14.8 +£11.3° 1.8 +22° 0.917 0.512
SS (°) 39.4 +7.9° 2.2 +34° 0.912 0.459
LL (°) 41.2 £17.3° 5.7 £3.5° 0.991 0.279
L4S1 (°) 30.7 £11.6° 45+28° 0.857 0.247
TK (%) 27.2+11.2° 55+ 45° 0.812 0.078
TPA (°) 249 £ 23.2° 1.8+ 1.1° 0.792 0.758
CBVA (°) 1.8 £5.2° 0.7 £0.6° 0.984 <0.001 * 0.678
C2C7 (%) 13.6 £9.7° 55+ 6.5° 0.845 0.598
TS (°) 22.8 £10.2° 57 £6.2° 0.784 0.084
TS-CL (°) 9.8 £24° 414£59° 0.809 0.097
ODHA (°) 43 £54° 0.240.2° 0.978 0.594
PI-LL (°) 121+ 75° 3.0 £4.5° 0.962 0.596
SSA (°) 120.1 = 12.4° 3.3 £25° 0.927 0.492
SVA (mm) 22.1 +19.2 mm 3.0+29mm 0.986 0.745

PI, pelvic incidence; PT, pelvic tilt; SS, sacral slope; LL, lumbar lordosis; L4S1, L4S1 lordosis; TK, thoracic kyphosis;
TPA, T1 pelvic angle; CBVA, chin-brow vertical angle; C2C7, C2C7 angle; TS, T1 slope; TS-CL, T1 slope—cervical
lordosis; ODHA, odontoid hip axis angle; PI-LL, pelvic incidence—lumbar lordosis; SSA, spino-sacral angle; SVA,
sagittal vertical axis; * p value < 0.05.

All predicted radiographic parameters demonstrated significant correlations with the
ground truth values, with p-values less than 0.001. For core spinopelvic parameters, the
mean error varied from 0.16° for odontoid hip axis angle (ODHA) to 5.69° for lumbar
lordosis. Notably, no significant differences were found between the model predictions and
ground truth values, as evidenced by all p-values > 0.05 in the Wilcoxon signed-rank tests.
The predicted Chin-Brow Vertical Angle (CBVA) and pelvic incidence (PI) were particularly
well correlated with the ground truth, exhibiting Pearson correlation coefficients (R) > 0.9.
When examining regional spinal parameters, performance varied across anatomical regions.
In the cervicothoracic region, the mean errors spanned from 0.66° for cervical CBVA to
5.66° for T1 slope (TS). In the thoracic region, the mean errors for thoracic kyphosis were
5.53°. For the lumbosacral parameters, the mean errors were 1.87° for pelvic tilt (PT) and
5.69° for the lumbar lordosis angle.

3.5. Predicted Spinal Parameters of the External Validation Dataset

A comparative analysis was performed with four external validation datasets (Table 5).
There were no statistical differences between datasets in all parameters, suggesting that the
performance of the artificial intelligence model created was excellent.

Table 5. Predicted spinal parameters of the external validation dataset.

External- External- External- External-
Parameter Validation Validation Validation Validation
Parameters Ground Truth Error Dataset 1 Dataset 2 Dataset 3 Dataset 4 p-Value
Error Error Error Error

PI(°) 53.8 + 18.8° 2.7 +3.1° 3.3 +2.1° 2.2 4+3.9° 42 +24° 3.6 +2.1° 0.479
PT (°) 14.8 +11.3° 19 £22° 2.7 £2.0° 22 4+27° 25+ 1.2° 2.3 4+1.3° 0.545
SS (°) 394 +7.9° 2.2+ 3.4° 2.3 +33° 3.6 +£2.2° 3.8 +2.4° 3.6 +3.0° 0.471
LL (°) 41.2 +£17.3° 5.7 +3.5° 5.1 +3.0° 6.2 + 4.4° 5.6 + 3.6° 42 +33° 0.784
L4S1 (°) 30.7 & 11.6° 45 +2.8° 52 +25° 4.2 +2.6° 44+ 3.1° 5.0 £ 2.4° 0.612
TK (°) 272 +11.2° 5.5+ 4.5° 59 +4.4° 5.9 4+ 5.2° 42 +38° 5.0 +4.4° 0.274
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Table 5. Cont.

External- External- External- External-
Parameter Validation Validation Validation Validation
Parameters Ground Truth Error Dataset 1 Dataset 2 Dataset 3 Dataset 4 p-Value
Error Error Error Error

TPA (°) 249 + 23.2° 1.8 £1.1° 14 +1.8° 19+1.7° 19 £1.9° 1.5+1.1° 0.798
CBVA (°) 1.8 £5.2° 0.7 £ 0.6° 0.6 £ 0.4° 0.4 £0.2° 0.8 +1.4° 0.8 +1.0° 0.571
C2C7 (°) 13.6 £9.7° 5.5+ 6.5° 4.6 £44° 5.4 +5.2° 4.8 £54° 5.8 +£4.0° 0.435
TS (°) 22.8 +10.2° 5.7 £ 6.2° 44 +44° 5.1+ 6.1° 5.7 £4.6° 5.4 + 6.4° 0.645
TS-CL (°) 9.8 £2.4° 41 +59° 45+ 6.3° 4.1 +53° 3.9 +4.4° 3.7 +4.8° 0.421
ODHA (°) 43 +54° 0.2 +0.2° 0.1 +0.4° 0.1 +0.2° 0.1 £0.3° 0.3 £0.9° 0.764
PI-LL (°) 121 £7.5° 3.0 £4.5° 3.1+£49° 2.0 £27° 2.4 +48° 2.1 +£32° 0.841
SSA (°) 120.1 £ 12.4° 3.3 +25° 3.2 +26° 4.0 +2.48° 3.1 +24° 3.9 £25° 0.623
SVA (mm) 221£192mm 3.0+29mm 20+£25mm 29+£25mm 27+1.1mm 29+15mm 0.812

PI, pelvic incidence; PT, pelvic tilt; SS, sacral slope; LL, lumbar lordosis; L4S1, L4S1 lordosis; TK, thoracic kyphosis;
TPA, T1 pelvic angle; CBVA, chin-brow vertical angle; C2C7, C2C7 angle; TS, T1 slope; TS-CL, T1 slope—cervical
lordosis; ODHA, odontoid hip axis angle; PI-LL, pelvic incidence—lumbar lordosis; SSA, spino-sacral angle; SVA,
sagittal vertical axis.

4. Discussion

Adult spinal deformity (ASD) affects a significant proportion of the elderly popula-
tion, with 32-68% of individuals over 65 experiencing this condition [12-14]. The causes of
ASD are diverse, including conditions such as de novo scoliosis, progressive adolescent
idiopathic scoliosis, degenerative hyperkyphosis, and iatrogenic flat back deformity [15].
A comprehensive radiographic assessment of the entire spine, including the hip joints, is
crucial for evaluating sagittal balance in ASD. Various studies have established the relation-
ship between key spinopelvic parameters and health-related quality of life outcomes, as
well as the success of ASD corrective surgeries [16]. These parameters, both regional and
global, are vital for disease classification and preoperative planning, offering insights into
the overall sagittal balance by considering factors such as cervical hyperlordosis, thoracic
hypokyphosis, and pelvic retroversion, independent of postural changes and body size
differences [17]. However, manually measuring these parameters can be time-consuming
and subject to interobserver variability. Our study introduced a DL model that shows
performance comparable to that of human observers in accurately measuring 15 critical
sagittal spinal parameters across various spinal conditions.

Numerous studies have applied DL techniques to analyze plain radiographs of the
lateral spine automatically. For instance, in a study conducted by Weng et al. [18], a
DL model based on an advanced ResUNet architecture was developed for the automatic
measurement of the sagittal vertical axis (SVA), demonstrating exceptional reliability
compared with human expert assessments. The scope of automatic measurements in whole-
spine lateral radiographs has been broadened to include various spinopelvic parameters,
such as pelvic incidence, sacral slope, and PT. These measurements have shown not only
acceptable error margins but also robust correlations with ground truth values [19]. Further,
a study by Yeh et al. [20] reported that the automatic predictions of spinopelvic parameters
utilizing a sophisticated two-stage DL model were on par with the reliability of human
experts, even in cases involving complex spinal disorders. This underscores the increasing
efficacy and reliability of DL applications in spinal radiographic analyses. Galbusera et al.
attempted to calculate the spine angles automatically using standardized biplanar images
from the EOS system [19]. Despite standardization, this approach also demonstrated
the potential for improvement in angle calculation. Other initiatives have focused on
3D spinal reconstruction using both automatic and semiautomatic models. One such
study applied a statistical model and a convolutional neural network to reconstruct the
shape of the spine precisely, assessing the model accuracy through the Euclidean distance
between predictions and actual measurements. Manual intervention was required before
the relevant parameters could be calculated.
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A key benefit of DL in medical imaging is its ability to provide rapid, objective, and
consistent interpretations. Despite advancements in Picture Archiving and Communication
Systems (PACS) and specialized commercial software, such as Surgimap (Nemaris, MA,
USA), manual identification of points still requires significant professional input and
considerable time. While a few studies have reported automatic curvature feature analyses
in various spinal imaging modalities [21], these have not been widespread. A notable
advancement in this area is the use of annotated vertebral centers for spline-based curve
angle measurements. As demonstrated in a recent study [22], this approach yields higher
intrarater and interrater reliability than traditional manual Cobb angle measurements,
especially in anteroposterior spinal radiographs. However, it is important to note that much
of this research has predominantly concentrated on analyzing the frontal plane curvature,
with less emphasis on the sagittal plane, highlighting a potential area for development in
spinal imaging analysis.

Weng et al. created an artificial intelligence model that analyzed the curvature of the
entire spine by detecting the inflection points and apices [23]. Point detection in spinal
sagittal curvatures has been the subject of extensive research in both healthy and patho-
logical contexts [24]. Biomechanically, inflection points signify transitional areas between
different sagittal curves, while apices influence the distribution of lumbar lordosis [25].
Therefore, achieving accurate relocation of the inflection points and apices and restoring
the ideal sagittal profile are critical for spinal surgical procedures. However, because it
does not find points to accurately measure parameters, it has the limitation of estimating
parameters using a virtual curvature line through inflection points and apices. In this study,
we increased the efficiency of angle measurements by directly detecting the points required
for angle measurement using artificial intelligence. Although our DL model significantly
reduces manual labeling efforts, incorporating a human review process into real clinical
settings is advisable.

This study had some limitations. First, although radiological examinations from a
multicenter study were used for external validation, the overall dataset size was small.
Second, images with atypical vertebral counts were excluded, implying that the model
may not accurately predict cases with anomalies such as lumbosacral transitional vertebrae.
Third, the predictions were based solely on lateral radiographs, whereas a biplanar EOS
system with 3D reconstruction might offer more comprehensive assessments of spinal
deformities. Fourth, the performance of the DL model may vary across different spinal
conditions as radiographs include a wide range of spinal issues. Despite these limitations,
our DL model demonstrated the ability to interpret sagittal spinal curves automatically
and consistently.

5. Conclusions

The landmark localizer showed the highest accuracy in identifying cervical landmarks,
with a median error of 1.5-2.4 mm. External validation was performed using data from
four other institutions and good results were obtained. The proposed automatic alignment
analysis system identified the positions of the anatomical landmarks of the spine with
high precision and generated various radiograph imaging parameters that had a good
correlation with manual measurements.
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Abstract: Objective: Develop two fully automatic osteoporosis screening systems using deep learning
(DL) and radiomics (Rad) techniques based on low-dose chest CT (LDCT) images and evaluate their
diagnostic effectiveness. Methods: In total, 434 patients who underwent LDCT and bone mineral
density (BMD) examination were retrospectively enrolled and divided into the development set
(n =333) and temporal validation set (n = 101). An automatic thoracic vertebra cancellous bone
(TVCB) segmentation model was developed. The Dice similarity coefficient (DSC) was used to evalu-
ate the segmentation performance. Furthermore, the three-class Rad and DL models were developed
to distinguish osteoporosis, osteopenia, and normal bone mass. The diagnostic performance of
these models was evaluated using the receiver operating characteristic (ROC) curve and decision
curve analysis (DCA). Results: The automatic segmentation model achieved excellent segmentation
performance, with a mean DSC of 0.96 £ 0.02 in the temporal validation set. The Rad model was
used to identify osteoporosis, osteopenia, and normal BMD in the temporal validation set, with
respective area under the receiver operating characteristic curve (AUC) values of 0.943, 0.801, and
0.932. The DL model achieved higher AUC values of 0.983, 0.906, and 0.969 for the same categories
in the same validation set. The Delong test affirmed that both models performed similarly in BMD
assessment. However, the accuracy of the DL model is 81.2%, which is better than the 73.3% accuracy
of the Rad model in the temporal validation set. Additionally, DCA indicated that the DL model
provided a greater net benefit compared to the Rad model across the majority of the reasonable
threshold probabilities Conclusions: The automated segmentation framework we developed can
accurately segment cancellous bone on low-dose chest CT images. These predictive models, which
are based on deep learning and radiomics, provided comparable diagnostic performance in automatic
BMD assessment. Nevertheless, it is important to highlight that the DL model demonstrates higher
accuracy and precision than the Rad model.

Keywords: bone mineral density; osteoporosis; deep learning; tomography; X-ray computed;
radiomics

1. Introduction

Osteoporosis, a commonly occurring musculoskeletal disease, is characterized by a
decrease in bone mineral density (BMD) and damage to the microstructure of bone tissue,
leading to heightened bone fragility and an increased risk of fractures [1]. Often termed
a “silent disease”, osteoporosis typically exhibits no discernible signs or symptoms until
fractures manifest [2]. Notably, osteoporosis-related fractures are the primary cause of
morbidity and mortality in the elderly. It is estimated that globally, approximately 9 million
new cases of osteoporosis-related fractures occur annually, leading to a substantial burden
on public health systems [3,4]. Given these circumstances, it is imperative to prioritize
early warning and screening for osteoporosis.
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Radiomics (Rad), a quantitative technique that utilizes high-throughput radiomics
features, has provided substantial evidence in assessing diseases. Specifically, it has been
shown that radiomics can effectively extract BMD information from thoracic vertebrae
within chest CT images, enabling the provision of quantitative heterogeneity measures [5].
This approach holds promise for opportunistic and preventive osteoporosis screening,
as it eliminates the need for additional costs and radiation exposure. In addition, there
is growing concern regarding the radiation risks associated with CT scans, given the
increasing utilization of CT imaging and the public’s heightened awareness of radiation
protection [6,7]. Low-dose chest CT (LDCT), particularly with a tube voltage of 80 kVp,
has been widely applied in clinical practice for lung cancer screening among the high-risk
population, as well as routine physical examination [8,9]. However, it is worth noting that
modifying the tube voltage setting can potentially impact the stability of the radiomics
model [10-12]. To the best of our knowledge, the Rad model of BMD assessment based on
80 kVp images has not been well established.

Recently, the field of artificial intelligence has witnessed a surge of interest in deep
learning (DL) techniques. DL utilizes deep convolutional neural networks (CNN) to
automatically extract high-dimensional features from CT images, enabling end-to-end
learning without requiring manual feature extraction [13,14]. DL has exhibited remarkable
performance in image analysis and has proven advantages in differentiating between
benign and malignant vertebral compression fractures [15]. Although both Rad and DL
methods have demonstrated promising diagnostic capabilities in relevant aspects, there
exists a dearth of studies comparing their performance in BMD assessment based on chest
LDCT images, especially 80 kVp CT images. Can the novel deep learning network surpass
traditional radiomics models in accurately diagnosing bone density?

It is worth noting that both Rad and DL methods require manual delineation of the
region of interest, which can be a burdensome workload for radiologists and may introduce
observer variability that can impact image analysis. Fortunately, advancements in deep
learning architectures have enabled the development of automatic segmentation models
that can mitigate these challenges and provide satisfactory segmentation results [16,17].
Therefore, this study had dual objectives. Firstly, we endeavored to train an automatic
segmentation model using VB-Net architecture specifically for thoracic vertebra cancellous
bone (TVCB). Secondly, we aimed to develop and compare the diagnostic performance of
two predictive models—a deep learning-based model (DL model) and a radiomics-based
model (Rad model)—for BMD assessment based on low-dose chest CT images acquired at
80 kVp. We hypothesize that the novel DL model may outperform traditional Rad models
in accurately assessing bone mineral density.

2. Materials and Methods

This retrospective study received approval from the Ethics Committee, which also
waived the requirement for informed patient consent (IRB No. PJ-KS-KY-2023-276).

2.1. Study Population

A total of 687 patients who underwent chest LDCT scans and BMD examination were
retrospectively retrieved from the picture archiving and communication system from May
2021 to April 2023. Patients with the following conditions were excluded: (1) the time
interval between LDCT and BMD was more than one month (n = 138); (2) the scanning
range failed to cover the required thoracic vertebra (n = 9); (3) a history of surgery and
metal implants in the lower thoracic vertebrae (1 = 36); (4) bone metastasis of malignant
tumors (n = 38); (5) abnormal vertebral morphology in the lower thoracic vertebrae, such
as compression fracture, severe degenerative changes or deformities (1 = 29); and (6) recent
use of drugs affecting bone metabolism (1 = 3). Eventually, 434 patients were enrolled
and divided into a development set (n = 333, examined between May 2021 and June
2022) and a temporal validation set (n = 101, examined between July 2022 and April
2023) according to the examination time. This development set was utilized for training
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automatic segmentation models as well as BMD assessment models. During the training
of the BMD assessment models (Rad and DL model), the development set was randomly
partitioned into two subsets for BMD assessment models training and internal evaluation,
with 80% allocated for the internal training set and the remaining 20% for the testing
set. The temporal validation set was used to evaluate the performance of all models.
A detailed enrollment flowchart is shown in Figure 1, and the overall workflow of this
study is illustrated in Figure 2. The automatic segmentation framework construction, Rad
model, and DL model were developed and validated on the uAl Research Portal V1.1
(United Imaging Intelligence, Co., Ltd. (Shanghai, China)). The design of uAl Research
Portal architecture takes a modular and layered approach [18]: (1) The lower level is
composed of hardware drivers, such as graphics processing unit (GPU) accelerated using
NVIDIA CUDA, and cloud servers, such as Amazon web services (AWS); (2) At the middle
level, there is an application programming interface (API), primarily Python and C++,
contributing a range of algorithms (e.g., segmentation, classification); (3) the higher level
presents build blocks to the end users for domain-specific analysis.

Participants underwent low-dose chest scans and
bone mineral density examination at our institution
from May 2021 to April 2023 (n=687)

Exclusion criteria:

I
[
1.The time interval was more than one month (n=138). I
2. Incomplete coverage of the thoracic vertebra (n=9). :
3. History of surgery and metal implants in T10-T12 (n=36)
4. Bone metastasis of malignant tumor (n=38). 1
5. Abnormal vertebral morphology, such as compression |
fractures, severe degenerative changes or deformities (29). :
6. Recent use of drugs affecting bone metabolism (n=3). |

Y

A total of 434 participants were finally enrolled

Y
Development set Temporal validation set
(n=333) (n=101)
A
Radiomics model Deep learning model Radiomics model Deep learning model

Figure 1. A detailed flowchart of patient enrollment.

2.2. Image Acquisition and BMD Assessment

All CT images were acquired on a 256-row CT scanner (Revolution CT, GE HealthCare,

Milwaukee, WI, USA). The chest LDCT scans were acquired using a low tube voltage of
80 kV, smart mA (noise index: 10, 50400 mA), rotation speed of 0.5 s/rot, detector width
of 80 mm, pitch of 0.992, and scanning slice thickness and slice interval of 5 mm. The scan
coverage started from the lung apexes to 2 cm below the diaphragm. All images were
reconstructed using the standard kernel, adaptive statistical iterative reconstruction-Veo
(ASIR-V) at 40% strength, and reconstruction thickness and interval of 1.25 mm.
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Figure 2. The overall flowchart of this study. The construction of the radiomics model utilizes
a random forest classifier, while the deep learning model adopts the Res-Net architecture. REF,
Recursive Feature Elimination; MRMR, Minimum Redundancy Maximum Relevance; LASSO, the
Least Absolute Shrinkage and Selection Operator.

BMD examinations were performed using a standardized protocol following the man-
ufacturer’s guidelines for the quantitative computed tomography (QCT) workstation. The
details of the QCT scanning protocol can be found in Supplementary S1. Patient abdominal
data were transferred to a QCT Pro workstation (version 6.1, Mindways Software, Inc.
(Austin, TX, USA)), and BMD measurements were taken at two consecutive vertebral
bodies (L1 and L2). Compared to conventional methods, QCT measures volumetric BMD,
reflecting BMD in different regions (trabecular and cortical) of the skeleton. This gives
QCT an advantage in assessing osteoporosis severity, guiding treatment strategies, and
monitoring treatment efficacy. According to clinical guidelines for BMD assessment [19], os-
teoporosis was defined as a BMD below 80 mg/cm?, osteopenia as a BMD between 80 and
120 mg/cm3, and normal status as a BMD above 120 mg/cm3. For this study, the diagnostic
performance was analyzed through the construction of receiver operating characteristic
(ROC) curves, employing QCT data as the diagnostic standard. The ROC curve assesses a
classification or diagnostic model’s performance by plotting the true positive (sensitivity)
and false positive rate (1-specificity) against various thresholds [20]. This provides an
overview of the model’s performance in predicting bone status.
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2.3. TVCB Auto-Segmentation Framework and VOI Delineation

Budoff et al. suggested that the cancellous bone of the lower thoracic vertebrae (TVCB),
specifically T10-12, closely correlates with lumbar vertebrae in providing information about
bone mineral density (BMD), making it a viable target for BMD assessment [21]. Therefore,
the volume of interest (VOI) of TVCB was manually delineated on the axial images and
carefully avoided vertebral venous plexuses and cortical bone. The boundary was placed
along the inner edge of the vertebral cortex. In addition, 100 patients were randomly
selected to assess the interobserver repeatability in the manual segmentation, and VOI was
independently delineated on CT images by two readers (W. Wei and Y. Liu, with 5 and
12 years of experience in musculoskeletal radiology, respectively). The Dice similarity
coefficient (DSC) was employed to assess the consistency of inter-observer segmentation. If
a satisfactory agreement was achieved, the junior radiologist would complete the remaining
cases under the supervision of the senior radiologist.

For the auto-segmentation framework, we trained a cascade model with two VB-
Nets based on the coarse-to-fine principle, including a coarse-scale segmentation network
for rapidly locating the target area and a fine-scale segmentation network for precisely
delineating target and optimization. The detailed architecture of the VB-Net is shown
in Supplementary Figure S1. In pre-processing, it was normalized by subtracting the
window level (WL: 100) and dividing by the window width (WW: 300). For training the
coarse-scale segmentation network, global sampling was used. The images were resampled
to 3 x 3 x 3 mm using B-Spline interpolation. In the fine-scale segmentation network,
images were resampled to crop high-resolution local images with a resampling voxel
size of 1 x 1 x 1 mm, and mask sampling was used. The learning rate was 1 x 104, the
batch size was 8, the number of epochs was set to 1001, and the optimizer was Adam.
We used the focal loss function to monitor the convergence of the training model and
optimize the network. The detailed settings of the coarse-scale segmentation network are
given in Supplementary S2. DSC and volume difference (VD) were used to evaluate the
segmentation performance of the model. The DSC coefficient is a measure of similarity
between the segmentation results and the reference criteria. Its calculation method is
based on the overlapping area between the segmentation result and the reference standard.
The VD was defined as the absolute value of the manually segmented volume minus the
automatically segmented volume.

2.4. Radiomics Model Construction

After establishing the auto-segmentation model, the model was used for automatic
cancellous bone segmentation in the development and temporal validation sets.

2.4.1. Radiomics Features Extraction

All images were normalized using Z-score and resampled, the voxel spacing to
1 x 1 x 1 mm using B-Spline interpolation, and the image gray level was discretized with
25 binwidth. Z-score normalization is a widely utilized technique for standardizing data
to make it comparable across different features. This is accomplished by subtracting the
mean from each data point and dividing it by the standard deviation of the feature’s data
within the given sample. A total of 90 features in six categories were extracted from the
original images, including first-order features and texture features. Details of the extracted
radiomics features are provided in Supplementary Table S1.

2.4.2. Features Selection and Model Construction

The development set was randomly divided into the internal training and testing sets
at a ratio of 8:2. The Z-score normalization was conducted to pre-process the features and
ensure the comparability between the data before the feature selection and Rad model
construction. A step-wise feature selection strategy was used to determine the optimal
features (Supplementary S3).
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Finally, random forest was performed to establish a three-classification model to
distinguish osteoporosis, osteopenia, and normal BMD. Random forest is a widely used
ensemble technique in radiomics classification tasks. It is based on a collection of decision
trees, forming a “forest”, and incorporates random feature selection and bootstrap sampling
during training and prediction. The ROC curve was conducted to evaluate the efficacy
of the Rad model in diagnosing osteoporosis, osteopenia, and normal BMD. The area
under the receiver operating characteristic curve (AUC), sensitivity, specificity, precision,
and accuracy were calculated to evaluate the performance of training, internal test, and
temporal validation set.

2.5. Deep Learning Network Construction

The DL model was trained using the residual network (Res-Net), which integrates
residual learning to prevent gradient dispersion and precision loss in deep networks,
achieving enhanced accuracy as the network depth increases [22]. The Res-Net is com-
posed of four simple residual blocks, which enable the network to learn more efficiently
and effectively; each residual block consists of two convolutional layers followed by a
skip connection, which can effectively learn both low-level and high-level features simul-
taneously. During the training process, all images were resampled with voxel spacing of
1 x 1 x 1 mm and normalized by min-max normalization. Figure 3 shows the detailed
architecture of the Res-Net. The batch size was set to 8, and the IO threads were set to
4. The focal loss function and Adam optimizer were used to monitor the convergence of
the model with an initial learning rate of 1 x 107#, and the “step” learning rate strategy
was applied to accelerate convergence. The diagnostic performance of the deep learning
classification model was evaluated on the internal test and temporal validation sets using

ROC analysis.
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Figure 3. The Residual Network Structure.

2.6. Statistical Analysis

SPSS version 24.0 (IBM Corp., Armonk, NY, USA) and MedCalc version 20.022 (Med-
Calc Ltd., Ostend, Belgium) were used for statistical analysis. The data were tested for
normality using the Kolmogorov-Smirnov test, and continuous variables were expressed
as mean + standard deviation or medians (25-75th percentile). The chi-square test was
used for gender and bone status distribution in development and temporal validation sets.
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An independent sample t-test was used to test the age difference between the development
and the temporal validation sets. The DeLong test was used to assess the difference in
diagnostic performance between the Rad model and the DL model. The clinical application
value of the Rad model and the DL model was evaluated in the temporal validation set by
constructing decision curve analysis (DCA).

3. Results
3.1. Participant Demographics

A total of 434 patients were enrolled in the study, including 333 patients in the devel-
opment set (mean age: 62.89 + 11.55 years) and 101 patients in the temporal validation
set (mean age: 60.76 = 10.41 years). In both sets, there were no significant differences
in the distributions of age, gender, and BMD distribution. The detailed demographic
characteristics are shown in Table 1.

Table 1. Participant demographics.

Characteristic Development Set Temporal Validation Set p-Value
All (n) 333 101
Male (n) 170 57
Female (n) 163 44 0.404
All (years) 62.89 + 11.55 60.76 + 10.41 0.098
Male (years) 65.37 £ 10.37 62.60 £9.14 0.073
Female (years) 60.30 = 12.17 58.39 +11.54 0.350
Osteoporosis (1) 84 20
Osteopenia (1) 134 34
Normal BMD (n) 115 47 0.094

Data are presented as the number of patients except for mean + standard deviation for age.

3.2. Automatic Segmentation Model

The cancellous bone segmentation was in good agreement between the two observers,
with a mean DSC of 0.96 £ 0.02. The automatic segmentation model demonstrated excellent
performance with a mean DSC of 0.96 £ 0.02 in the temporal validation set. The detailed
distribution of DSC is shown in Figure 4. The VD did not exceed 1 cm® with a mean of
0.50 (0.17, 0.69). The segmentation performance of TVCB for different BMD populations is
illustrated in Table 2.

DSC histogram
100

Frequency
= N W b OO O ~l (o] [(e]
o O O O O O o o o

o

0.88 089 0.90 091 0.92 0.93 0.94 0.95 0.96 0.97 0.98
DSC

Figure 4. Histogram of the DSC. DSC, Dice similarity coefficient.
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Table 2. The Dice similarity coefficient and volume difference of manual and automatic segmentation.

Category DSC VD (cm?)
All 0.96 + 0.02 0.50 (0.17, 0.69)
Osteoporosis 0.97 + 0.01 0.44 (0.09, 0.68)
Osteopenia 0.96 + 0.02 0.53 (0.19, 0.63)
Normal BMD 0.96 £+ 0.02 0.50 (0.18, 0.80)

DSC, Dice similarity coefficient; VD, volume difference; BMD, bone mineral density.

3.3. The Comparison of the Rad Model and DL Model

In the Rad model, 6 radiomics features were selected, including 1 first-order feature
and 5 texture features (Supplementary Table S2). The AUCs in predicting osteoporosis,
osteopenia, and normal BMD were 0.919, 0.873, and 0.976, respectively, in the internal test
set. In the temporal validation set, the AUCs were 0.943, 0.801, and 0.932, respectively.

As for the DL model, the AUCs in predicting osteoporosis, osteopenia, and normal
BMD were 0.942, 0.866, and 0.972, respectively, in the internal test set. In the temporal
validation set, the AUCs were 0.983, 0.906, and 0.969, respectively.

The two models achieved similar performance in distinguishing osteoporosis, os-
teopenia, and normal BMD for the temporal validation set, with no significant difference
demonstrated by the DeLong test. The results of more detailed metrics are summarized in
Table 3, and the ROC curves are shown in Figures 5 and 6. DCA showed that the DL model
had a higher net benefit than the Rad model across the majority of the range of reasonable
threshold probabilities in the temporal validation set, indicating that the DL model has
good clinical utility (Figure 7).

Table 3. Overall performance of BMD assessment for the Rad model and DL model.

o Sensitivity Specificity Precision Accuracy
Model Set Category AUC 95%CI (%) %) (%) (%)
Osteoporosis 0.959 0.927-0.979 88.1 92.0 88.9
Internal training set Osteopenia 0.881 0.835-0.917 90.7 75.5 67.3
Normal BMD 0.977 0.95-0.991 84.8 98.9 96.3
Overall 79.0
Osteoporosis 0.919 0.826-0.971 88.2 86.0 71.4
Osteopenia 0.873 0.769-0.942 81.5 85.0 60.0
Rad Model Internal test set Normal BMD 0976  0.906-0.998 100.0 93.2 90.0
Opverall 70.2
Osteoporosis 0.943 0.878-0.979 90.0 90.1 85.7
Temporal validation set Osteopenia 0.801 0.709-0.874 82.4 67.2 58.1
Normal BMD 0.932 0.864-0.972 93.6 85.2 84.3
Overall 73.3
Osteoporosis 0.975 0.948-0.990 95.5 96.5 87.7
Internal training set Osteopenia 0.936 0.900-0.962 89.7 95.6 93.2
Normal BMD 0.972 0.944-0.988 96.7 94.8 95.6
Overall 92.5
Osteoporosis 0.942 0.857-0.985 100.0 76.0 75.0
Osteopenia 0.866 0.760-0.937 74.1 85.0 71.4
DL Model Internal test set Normal BMD 0972  0.900-0.997 100.0 90.9 87.0
Opverall 77.6
Osteoporosis 0.983 0.935-0.998 100.0 92.6 84.2
Temporal validation set Osteopenia 0.906 0.831-0.955 85.3 80.6 68.3
Normal BMD 0.969 0.914-0.993 95.7 85.2 92.7
Overall 81.2

DL, deep learning; Rad, radiomics; AUC, area under the receiver operating characteristic curve; CI, confidence
interval; BMD, bone mineral density.
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Figure 5. The receiver operating characteristic curves of the radiomics model on the internal training
(A), the internal testing set (B), and the temporal validation set (C). The AUC values of the radiomics
model on the internal training set for osteoporosis, osteopenia, and normal BMD were 0.959, 0.881,
and 0.977, respectively. As for the internal testing set, these values were 0.919, 0.873, and 0.976,
respectively. As for the temporal validation set, these values were 0.943, 0.801, and 0.932, respectively.
The red, blue, and green lines represent predicted osteoporosis, osteopenia, and normal BMD,
respectively. AUC, area under the receiver operating characteristic curve; BMD, bone mineral density.
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Figure 6. The receiver operating characteristic curves of the deep learning model on the internal
training (A), the internal testing set (B), and the temporal validation set (C). The AUC values of
the radiomics model on the internal training set for osteoporosis, osteopenia, and normal BMD
were 0.975, 0.936, and 0.972, respectively. As for the internal testing set, these values were 0.942,
0.866, and 0.972, respectively. As for the temporal validation set, these values were 0.983, 0.906, and
0.969, respectively. The red, blue, and green lines represent predicted osteoporosis, osteopenia, and
normal BMD, respectively. AUC, area under the receiver operating characteristic curve; BMD, bone
mineral density.

Furthermore, we compared the performance of the proposed method with several
benchmark methods. The comparison reveals that our DL model demonstrates superior
performance in detecting osteoporosis, osteopenia, and normal BMD (Table 4).
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Figure 7. DCAs of the Rad model and DL model in the temporal validation set. (A) DCA of the Rad
model and DL model in predicting abnormal BMD. (B) DCA of the Rad model and DL model in
predicting osteopenia. (C) DCA of the Rad model and DL model in predicting osteoporosis. Rad
model, radiomics model; DL model, deep learning model; DCA, decision curve analysis; BMD, bone
mineral density.
Table 4. The performance of our proposed method is compared with several benchmark methods.
Authors(methods) Key Findings AUC Sensitivity (%)  Specificity (%) Accuracy (%)
N Detecting abnormal BMD 0.944 95.8 - -
Xue etal. (Radiomics) [23] Detecting osteoporosis 0.866 83.3 - -
Lo Detecting abnormal BMD 0.960 93.0 89.0 91.0
Chen et al. (Radiomics) [24] Detecting osteoporosis 0.980 95.0 93.0 94.0
Wang et al. (Radiomics) [25] Detecting osteoporosis 0.914 90.7 75.0 89.8
Detecting abnormal BMD 0.932 93.6 85.2
Ours (Radiomics) Detecting osteopenia 0.801 82.4 67.5 73.3
Detecting osteoporosis 0.943 90.0 90.1
. Detecting osteopenia 0.831 73.6 80.5 _
Yang etal. (Deep learning) [5] Detecting osteoporosis 0.972 95.6 88.0
Detecting abnormal BMD 0.969 95.7 85.2
Ours (Deep learning) Detecting Osteopenia 0.906 85.3 80.6 81.2
Detecting osteoporosis 0.983 100 92.6

BMD, bone mineral density.

4. Discussion

In this study, we developed an automatic TVCB segmentation model using the VB-Net
network architecture and a coarse-to-fine cascade training strategy based on 80 kVp chest
LDCT images. The model achieved segmentation accuracy comparable to that of manual
depiction, with mean DSC surpassing 0.90. In addition, we compared the classification
performance between the Rad and DL models for BMD assessment. The AUCs of the
Rad and DL models were 0.943 and 0.983 for predicting osteoporosis, 0.801 and 0.906 for
predicting osteopenia, and 0.932 and 0.969 for predicting normal BMD in the validation
set, respectively. The Delong test showed that for diagnostic performance, there was no
statistically significant difference between the Rad and DL models. However, the DL model
demonstrated superior sensitivity, specificity, precision, and overall accuracy in evaluating
various performance metrics compared to the traditional Rad model. In addition, the
end-to-end learning strategy employed in the DL model eliminated intermediate steps
such as Rad model data pre-processing, feature extraction, and classifier selection, which
reduces human intervention and improves the efficiency of model construction and the
objectivity of the results.

LDCT is primarily accomplished by reducing the tube current or tube voltage. As the
radiation dose is directly proportional to the square of the tube voltage, reducing the tube
voltage can effectively decrease the radiation dose [26]. This is particularly advantageous
for the Asian population, which typically has smaller body sizes. Lower tube voltage scans
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do not significantly compromise diagnostic confidence but provide more cost-effective and
radiation-dose-efficient imaging for patients [27].

To the best of our knowledge, no attempt has been made to establish automatic
segmentation of TVCB on LDCT using 80 kVp. Previous segmentation models have
been constructed using 120 kVp images in a complex or error-prone manner. Chen et al.
initially used CNN networks to identify the entire thoracic vertebrae and subsequently
applied an erosion algorithm to remove the bone cortex [24]. However, the working
process of this method to obtain TVCB was complex. Wang et al. used a fixed-size
cylindrical shape to identify TVCB, leading to incomplete segmentation in cancellous
bone and introducing bias in the BMD assessment [28]. In our study, we employed
the VB-Net to construct an automatic segmentation model for TVCB. The VB-Net is a
modified version of CNN that incorporates a bottleneck structure in place of convolutional,
normalization, and activation layers. This modification not only reduces the number of
model parameters but also improves inference efficiency and robustness [28]. The VB-Net
has been demonstrated to produce satisfactory segmentation results, with established
applications in cervical and lung cancer segmentation [29,30]. Additionally, the uneven
distribution of BMD in the thoracic vertebrae can reduce the sensitivity of osteoporosis
assessment if the entire vertebrae are segmented. However, some researchers found that
utilizing the lower thoracic vertebrae (T10-12) for BMD assessment yields high levels of
accuracy and repeatability [21]. Therefore, we used a cascade approach utilizing VB-Net
in this work. The 10-12th vertebrae were initially identified at a “coarse” resolution to
achieve accurate spatial localization, followed by the detailed delineation of bony cortex
and cancellous bone at a “fine” resolution. It is worthwhile to emphasize the advantages of
our method, as it efficiently and accurately identifies the TVCB in chest LDCT images. Our
method achieved DSC results exceeding 0.90 in the temporal validation set.

Radiomics encompasses the extraction of high-dimensional tissue data from medical
images, which can be further integrated with machine learning techniques to establish
radiomics signatures. The radiomics features extracted from TVCB can reflect the trans-
formation of bone microstructure and accurately assess BMD [31]. Notably, Chen et al.
pointed out that the performance of radiomics in assessing BMD significantly decreased in
the external validation set, with a 20% lower accuracy compared to the internal validation
set [24]. This phenomenon occurs because the stability of radiomics features depends on
image acquisition parameters. Altering factors such as tube voltage or slice thickness can
indeed impact the effectiveness of existing radiomics models [32]. Therefore, we deem it
imperative to establish a novel Rad model in 80 kVp chest CT images for BMD assessment.
To ensure the stability of the feature selection process and the generalization ability of the
Rad model, we employed a step-wise feature selection strategy to select 6 highly effective
features. Encouragingly, these 6 features have been closely related to bone quantity, mi-
crostructure, and loss in relevant studies [23,25]. Our Rad model could provide valuable
information in BMD assessment and demonstrate comparable or superior performance
compared to recent research results.

Deep learning has emerged as a highly promising approach for achieving accurate
diagnostic outcomes in medical imaging. Recent advancements in artificial intelligence
have been crucial in driving this progression. Mehdi et al. developed a DL model that was
capable of distinguishing tumor invasiveness, achieving accuracy comparable to pathology
results [33]. Li et al. developed a DL model based on CT images using Res-Net, achieving
faster convergence and high accuracy in diagnosing vertebral fractures [34]. Kitamura
et al. [35] discovered that Res-Net convolutional neural networks demonstrated strong
performance in ankle fracture detection with small sample sizes. Therefore, we selected
Res-Net to build a three-classification BMD assessment model. The core concept of Res-
Net is to learn residuals, which involves the network learning the difference between
inputs and outputs. To tackle the challenges of vanishing and exploding gradients in
training deep neural networks, Res-Net introduces “residual blocks” [34]. These blocks
enable the network to efficiently capture the disparity between input and output through
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shortcut connections, resulting in faster convergence and improved accuracy [36]. With
this innovative network architecture, Res-Net empowers models to train deeper neural
networks, effectively addressing complex visual tasks like image classification, object
detection, and semantic segmentation.

In our study, the DL model utilized automatic segmentation of TVCB as an input, elim-
inating the need for time-consuming, manually segmented regions of interest. Furthermore,
the DL model enabled the extraction and analysis of high-level semantic features in an end-
to-end manner, facilitating the automatic learning of pertinent and robust features without
human intervention. Consequently, the overall approach mitigated human bias arising
from artificial features. Our DL model yielded satisfactory outcomes in BMD assessment.

Previous studies have compared the performance of Rad and DL models across vari-
ous tasks. Mehdi et al. [33] discovered that the Rad model outperformed the DL model in
predicting malignancy of pulmonary nodules from chest LDCT images. Li et al. [37] ob-
served that their DL model outperformed the Rad model in classifying molecular subtypes
of diffuse gliomas. In our study, we developed Rad and DL models based on relatively
large samples. To the best of our knowledge, this is the first study to investigate and
compare the performance of DL networks against traditional Rad models in assessing
BMD. The main findings of our study demonstrate that the novel DL model outperformed
the traditional Rad model in the precise assessment of BMD. The DL model exhibited
enhanced sensitivity, specificity, precision, and overall accuracy across various performance
metrics relative to the traditional Rad model. Zhou et al. [37] obtained similar results when
distinguishing between benign and malignant breast lesions using Rad and DL models.
In the Rad model, it is necessary to determine the most suitable features for the BMD
assessment task in advance. In contrast, the DL model does not require predefined features
and can automatically determine the nuanced features of the target task with almost no
human intervention, ensuring objectivity and efficient classification performance. Conse-
quently, our results indicate that deep learning has the potential to serve as a diagnostic
tool for BMD assessment in clinical practice. The improved performance of the DL model
can provide enhanced diagnostic accuracy, thus leading to better clinical decision-making
and improving patient outcomes. By accurately predicting BMD status, clinicians can
identify individuals at high risk of fractures and tailor intervention strategies accordingly.
This approach can lead to early interventions that prevent or mitigate the progression
of bone diseases, ultimately improving patient outcomes and reducing healthcare costs.
Furthermore, the successful application of DL networks in assessing BMD highlights the
potential for similar approaches in other medical domains.

This study has some limitations. Firstly, our proposed Rad and DL models were
developed using chest LDCT images acquired from a single center, which may restrict their
applicability of the models to the LDCT in other institutions. Additionally, while residual
networks have shown significant success in enhancing performance, the architecture can
also suffer from black-box effects stemming from the complexity caused by convolutional
layers and non-linear activation functions. Finally, the selection of the random forest
classifier, although informed by a comprehensive literature review, was not accompanied
by comparative analysis against other potential classifiers in our study, which leaves room
for exploration regarding optimal classification strategies.

5. Conclusions

In conclusion, we developed and evaluated a model for automatic TVCB segmentation
using 80 kVp chest LDCT images, which laid the foundation for future fully automated
BMD assessment programs. In addition, we developed deep learning-based and radiomics-
based predictive models, which provided similar excellent diagnostic performance in
BMD assessment. Nevertheless, it is important to highlight that the deep learning model
demonstrates higher accuracy and precision compared to the radiomics model. Future
research should investigate whether variations in CT scan parameters would affect the
performance of DL models in assessing bone mineral density.
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Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390 /bioengineering11010050/s1, Supplementary S1: The BMD scanning
protocol and measurement; Supplementary S2: The detailed settings of the coarse-scale segmentation
network; Supplementary S3: Radiomic features extraction methods; Figure S1: VB-Net architecture.
VB-Net is a variant segmentation network structure of V-Net that utilizes a bottleneck structure (B
stands for bottleneck) instead of the convolution, normalization, and activation layers within the
Down Block and Up block. A bottleneck structure in a neural network has fewer neurons than its
adjacent layers, which helps compress feature representations to fit in the available vector space. The
bottleneck structure consists of three convolutional layers. The first and third convolutional layers
use the unit convolution kernel and match the dimensions of the preceding and succeeding layers,
respectively. The second convolution layer performs spatial convolution on the feature image that
has been reduced in dimension by the first convolution layer. This reduction in dimensionality helps
reduce the number of model parameters, leading to increased efficiency; Table S1: Radiomics features
extracted from original images; Table S2: Selected features for constructing radiomics model.
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