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Abstract: Objective: The purpose of this scoping review is to compile the evidence regarding the use of computed
tomography (CT) to distinguish between benign and malignant vertebral compression fractures (VCFs) in artificial
intelligence (Al) applications. Methods: We systematically searched PubMed/MEDLINE, DOAJ, and ScienceDirect
through October 2025 for studies reporting Al-based diagnostic approaches (machine learning with radiomics fea-
tures, deep learning with convolutional neural networks, or hybrid models) applied to CT images in adult patients
with VCFs. Eligible studies required diagnostic performance metrics and definitive reference standards. Results: Six
retrospective studies from Asia and Europe have been found, involving 1,767 participants with 3,408 vertebrae,
including 1,257 benign and 1,442 malignant vertebral fractures. The diagnostic performance of Al algorithms is
high, achieving an area under the curve (AUC) score from 0.76 to 0.99. Deep learning approaches achieved perfor-
mance comparable to experienced radiologists, while radiomics-based methods provided interpretable quantitative
features. Hybrid models combining both approaches showed synergistic benefits. Three studies with external valida-
tion confirmed reasonable generalizability, though with some performance reduction in independent datasets. Con-
clusions: Al-assisted evaluation of CT scans also has good potential in differentiating benign from malignant VCFs,
which could reduce unnecessary MRI referrals and improve the initial evaluation time. However, the data regarding
this are limited because of retrospective studies with variable methods and limited multicenter data, which are still
required to implement this in routine clinical practice.
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Introduction

Vertebral compression fractures (VCFs) repre-
sent one of the most common skeletal compli-
cations, affecting approximately 25% of post-
menopausal women and up to 40% of women
aged 80 years and older [1, 2]. With the United
States having 1 to 1.5 million new cases each
year and with the world population aging, the
need for accurate and prompt diagnosis of
these fractures is becoming more critical for
the healthcare system [2]. A single compres-
sion fracture elevates the risk of subsequent

fractures fivefold, while patients with multiple
fractures (two or more) face a more than twe-
Ivefold increase in this risk. This progressive
cascade of skeletal fragility underscores the
critical importance of early detection and timely
intervention [3].

The critical clinical question is not simply
whether a vertebral fracture is present, but
rather whether it is benign or malignant. This
distinction directly determines patient mana-
gement. Multiple guidelines and reviews sup-
port conservative management as first-line
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treatment for stable benign osteoporotic VCFs
without neurologic deficit or marked instability.
Non-surgical care (analgesia, short bracing, os-
teoporosis therapy, and physiotherapy) effec-
tively reduces acute pain and usually achieves
good functional recovery, with long-term func-
tion and quality of life comparable to vertebral
augmentation in many studies. Recent network
meta-analyses emphasize that conservative
regimens should prioritize adequate pain con-
trol to enable early mobilization, thereby mini-
mizing complications of prolonged bed rest in
elderly patients. Surgery is thus reserved for
unstable fractures, neurologic compromise, or
refractory pain despite optimized conservative
therapy [4-6]. On the other hand, Malignant
fractures resulting from metastatic disease or
primary spinal tumors require aggressive mul-
timodal therapeutic strategies, including che-
motherapy, radiation therapy, and surgical in-
tervention [7]. In these instances, diagnostic
misclassification results in significant delays
in the commencement of suitable treatment,
thereby severely undermining patient outcomes
and prognosis [2]. This diagnostic challenge is
particularly acute in specific patient popula-
tions: elderly patients at risk for both osteo-
porosis and cancer, patients with a history of
malignancy, and patients in whom VCFs are
incidentally discovered during imaging for other
indication.

Despite all its technical advantages, magnetic
resonance imaging (MRI) still represents the
gold standard approach to differentiation of
benign and malignant VCFs due to superior
soft tissue contrast and identification of ab-
normal changes in the bone marrow [8-10].
Nevertheless, there exist several practical limi-
tations, making routine use of MRI for VCF
diagnosis problematic for many individuals.
Those issues include long-lasting nature of
investigations, considerable costs associated
with MRI scanning, and limited availability of
MRI in emergency departments and resource-
limited clinical environments. There is also an
array of individual factors affecting the possi-
bility to perform MRI scanning, including pres-
ence of metal implants, extreme claustropho-
bia, or poor renal function, if necessary to
administer contrast agents [11, 12]. All those
obstacles result in noticeable gap between
ideal algorithm for diagnosis of the disease in
question and real life situation, making neces-
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sary the development of additional diagnostic
approaches.

Another diagnostic option is represented by
computed tomography (CT) investigation. Se-
veral features distinguish CT from MRI as the
preferable diagnostic modality, including short-
er duration of investigations, low costs, wide
availability, and minor contraindications [13,
14]. All those characteristics provide a base
for preferential use of CT in emergency de-
partments and numerous other settings.

Notwithstanding the above-listed benefits, CT
imaging comes with intrinsic limitations relat-
ed to diagnostic shortcomings associated with
distinguishing soft tissues. Traditional CT imag-
ing relies heavily on morphological signs, such
as the presence of disrupted cortices, para-
vertebral soft-tissue masses, altered pedicles,
and bone destruction patterns. In practice,
however, morphological signs tend to lack spe-
cificity. While benign osteoporotic fractures
might manifest themselves through an irregu-
lar margin and cortical defects, metastasis
could appear similarly to benign compression
fractures [15]. Such diagnostic uncertainty wo-
uld pose significant problems in clinical prac-
tice, requiring supplementary investigations
using MRI, increasing health care expenditur-
es, and delaying treatment.

Artificial intelligence (Al) technologies have
gained recognition as game-changers in medi-
cal imaging by virtue of their extraordinary abi-
lity to solve problems beyond human capa-
bility in medical imaging [16]. The use of artifi-
cial intelligence in radiology can be categorized
into three main categories, which reflect vari-
ous ways in which Al can facilitate health care
delivery. They involve the automation of tradi-
tionally routine procedures, assistance in clini-
cal decision making processes, and support in
clinical situations where diagnostic uncertainty
prevails [17, 18].

In terms of VCF classification on CT imaging,
two key approaches of Al have been identified.
Radiomics involves the extraction of quantifi-
able image-derived features that describe tis-
sue characteristics such as texture, heteroge-
neity, and shape, thus offering interpretable
biomarkers [8, 19]. Conversely, deep learning,
particularly through the use of CNNs, allows the
Al system to learn complex spatial relationships
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in an automated fashion, without the need for
handcrafted features. Such approach achieves
superior results in terms of accuracy; however,
its black-box nature is not desirable. Recent
attention has been focused on hybrid meth-
ods, combining radiomics and deep learning
to leverage the strengths of both techniques
[14, 20-23].

Available literature shows promising results
that indicate the ability of Al technologies to
offer objective, reliable, rapid, and accurate
differentiation between benign and malignant
VCFs on CT imaging. Nevertheless, the evi-
dence base at this point remains heteroge-
neous. Existing studies vary greatly in Al me-
thodologies used, patient samples analyzed,
reference standard employed, and even valida-
tion approach utilized [14, 24]. Furthermore,
the dominance of single-center retrospective
research design with a lack of external valida-
tion is highly problematic.

There are many key issues that are yet to be
addressed within this emerging realm. Syste-
matic assessment is required regarding the
diagnostic effectiveness of radiomic techniqu-
es, deep learning algorithms, and the com-
bination thereof. Moreover, there is insufficient
characterization regarding the generalization
of these models in institutions outside of those
where they were developed and their effective-
ness when used with differing CT imaging pro-
cedures. Lastly, there has been inadequate
exploration of the potential to incorporate
these Al models into clinical practice seam-
lessly.

As such, the purpose of this scoping review is
to summarize the literature related to Al-
based diagnostic techniques for the distinction
between benign and malignant VCFs using CT
images.

Materials and methods
Search strategy

This scoping review was conducted and report-
ed in accordance with the Preferred Report-
ing Iltems for Systematic Reviews and Meta-
Analyses extension for Scoping Reviews
(PRISMA-ScR) guidelines [25, 26]. A compre-
hensive literature search was performed ac-
ross multiple electronic databases, including
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PubMed/MEDLINE, DOAJ, and Science Direct,
to identify all relevant studies published until
October 2025.

The search strategy combined Medical Sub-
ject Headings (MeSH) terms with free-text key-
words. The core search terms included: (“ver-
tebral compression fracture” OR “vertebral
fracture” OR “spinal fracture” OR “VCF”) AND
(“artificial intelligence” OR “machine learning”
OR “deep learning” OR “convolutional neural
network” OR “CNN” OR “radiomics” OR “texture
analysis” OR “neural network”) AND (“comput-
ed tomography” OR “CT scan” OR “CT imag-
ing”). The search was supplemented by manu-
ally screening the reference lists of the includ-
ed articles and relevant review papers to iden-
tify any additional studies missed by the initial
database search. No language restrictions
were initially applied, although only articles
available in English were included in the final
analysis.

Inclusion and exclusion criteria

Studies were eligible for inclusion if they were
original research articles reporting prospective
or retrospective observational studies or diag-
nostic accuracy studies that enrolled adult
patients with VCFs evaluated by CT imaging.
The index tests had to be Al-based diagnostic
methods, including classical machine learning
models trained on radiomics features, deep
learning models using convolutional neural
networks, or hybrid approaches that combin-
ed radiomics and deep learning. To be includ-
ed, studies were required to report at least one
diagnostic performance metric for differentiat-
ing benign from malignant VCFs, such as area
under the curve (AUC), sensitivity, specificity,
accuracy, positive predictive value, or negative
predictive value, and to employ a definitive
reference standard based on histopathology,
MRI, clinical and imaging follow-up, or compos-
ite criteria.

Studies were excluded if they were case re-
ports or case series with fewer than ten
patients, non-original research (including nar-
rative reviews, editorials, commentaries, and
conference abstracts without full text), or if
they used imaging modalities other than CT as
the primary diagnostic tool. Studies that fo-
cused solely on fracture detection or segmen-
tation without addressing benign-versus-malig-
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Figure 1. PRISMA-ScR flow diagram for enrollment of studies.
Study selection

nant differentiation were also excluded, as
were those lacking adequate reference stan-
dards or diagnostic performance metrics.

Study screening and data extraction

Both reviewers separately performed the title
and abstract screening of all identified records
to find potentially suitable studies for the
review. The full texts of studies found suitable
during the screening process were assessed
for their compliance with the inclusion and
exclusion criteria. All discrepancies in this pro-
cess were sorted out by discussing and com-
ing to an agreement. Study-related data were
then extracted from each of the included stu-
dies using a structured form, which contained
details regarding the study, patients involved,
imaging protocols, methods used (Al approa-
ch, training model, etc.), and diagnostic ac-
curacy of Al techniques. Data were extracted
with a focus on elements directly relevant to
the review question, and when necessary, cor-
responding authors were consulted for clarifi-
cation.
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Our search identified 107 articles through
October 2025. After removing duplicates and
screening titles and abstracts, 68 unique arti-
cles remained for review. Assessment of full
texts resulted in 62 exclusions (reasons: wrong
population, wrong imaging modality, no be-
nign-malignant differentiation, insufficient Al
methodology detail, or inadequate reference
standards). Six studies met all inclusion cri-
teria and were included in the scoping review.
Figure 1 presents the PRISMA-ScR flow dia-
gram documenting this selection process.

Quality assessment

Figure 2 shows the risk of bias across the vari-
ous domains in the included studies. All six
studies demonstrated a low overall risk of bias.
However, several studies showed some con-
cerns in specific domains. Selection bias was
an issue raised by Yeom et al. [27] and Fore-
man et al. [28], while problems related to flow
and timing were indicated by Park et al. [29]
and Li et al. [30]. Low risk of bias in all four cat-
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cker slices up to 5 mm, refle-
cting heterogeneity in clinical
practice [28-31].

All studies used composite
or multimodal reference stan-
dards. Histopathologic confir-
mation from biopsy or surgery
was available for at least a
subset of cases in each study.
MRI played a central role in
classification in five studies,
often combined with clinical
and imaging follow-up [28-31].

Judgement

Figure 2. Quality assessment and bias risk assessment in the investiga-

tions included in this review.

egories was indicated in two articles, Wan et al.
[31] and Duan et al. [23]. Index test and refer-
ence standard bias were low in all included
studies.

Study characteristics

The six selected studies were all retrospective
observational studies that had been undertak-
en in academic medical centers located in
China, South Korea, and Germany. Together,
these studies involved a total of 1,767 patients
and 3,408 vertebrae, out of which 1,257 were
benign fractures and 1,442 were malignant
fractures, while one study had also looked
at 482 vertebrae with malignant lesions that
were not fractured. The sample sizes were
quite diverse, ranging between 78 and 532,
and the number of vertebrae that were ana-
lyzed was between 140 and 1,579 respective-
ly. Mean patient age across studies ranged
from approximately 59 to 70 years. Several
cohorts displayed a predominance of male
patients, particularly among those with malig-
nant fractures. Table 1 summarizes detailed
study characteristics.

CT acquisition protocols differed among stud-
ies in terms of scanner manufacturer, model,
and technical parameters such as slice thick-
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Additional imaging modalities
such as single-photon emis-
sion computed tomography
(SPECT) and positron emis-
sion tomography/CT (PET/CT)
were used in some cohorts to
support lesion characterization [28, 31]. Follow-
up durations, where reported, ranged from at
least 3 months to 2 years.

Validation strategies varied. Four studies used
distinct training and test sets with either inter-
nal or external validation, and three of these
explicitly included external validation on data
from separate institutions or time periods [23,
28, 29]. This distinction is crucial in the context
of evaluating the model’s performance and its
ability to be generalized.

Diagnostic performance

Consistently excellent diagnostic accuracy was
shown by the Al systems used in all the six
studies concerning the discrimination of be-
nign and malignant VCFs on CT images (Table
2). AUC results showed a range between 0.76
and 0.99, where variations depend on diffe-
rent factors such as Al systems used, the type
of the dataset, and verification method. Wan
et al. [31] employed least absolute shrinkage
and selection operator (LASSO) regression to
develop a radiomics signature, which yielded
an AUC of 0.91 while maintaining high levels
of both sensitivity and specificity in the valida-
tion sample. In addition, Park et al. [29] com-
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Table 1. Study characteristics of evaluated studies

Sample ) : -
Study, Country  Study Design Size Total Benign Frac-  Malignant Mean Age (years) CT Protocol Reference Standard Validation
year . Vertebrae tures Fractures Method
(Patients)
Foreman Germany Retrospective 532 1,579 415 496 69.0 £ 13.0 Multi-scanner (12 scan-  Histopathology, MRI, Internal and
etal., ners); 0.9-1 mm slice SPECT, PET/CT, follow- external test
2024 28] thickness up 23 months sets
Park et South Retrospective 276 529 188 153 66 + 15 (training set), Siemens & GE; 1.0 or MRI within 6 weeks, Internal and
al., 2022 Korea 63 + 16 (internal set), 1.25 mm slice thickness histopathology, follow- external test
[29] 63 + 16 (external set) up sets
Wan et China Retrospective 78 140 86 54 63.4+12.3 GE scanners; 1.0 or 1.25 MRI, PET/CT, bone Training/valida-
al., 2024 mm slice thickness scan, follow-up >2 tion split (7:3)
[31] years, histopathology
Lietal., China Retrospective 433 Not 137 296 59.4 (range: 14-93)  GE Discovery CT 750HD; Histopathology, known 10-fold cross-
2021 specified 3 mm thickness cancer history with validation
[30] progressive disease,
follow-up

Duanet  China Retrospective 280 Not 155 125 (me- 66.7 £8.8 Multi-scanner; 0.625 MRI, histopathology, Training/valida-
al., 2023 specified (osteoporotic) tastases) mm slice thickness follow-up tion split (8:2)
[23]
Yeom et  South Retrospective 286 447 196 251 Not specified Siemens scanners; 5 MRI within 1 month, 5-fold cross-
al.,, 2025 Korea mm slice thickness, consensus by two validation;
[27] contrast-enhanced radiologists training/test

abdominal CT split (8:2)

CT, computed tomography; MRI, magnetic resonance imaging; SPECT, single-photon emission computed tomography; PET/CT, positron emission tomography/computed tomography.

123 Int J Burn Trauma 2026;16(3):118-129



The diagnosis of vertebral compression fractures by computed tomography

Table 2. Diagnostic performance of Al models

Study Al Approach Dataset AUC Sensitivity  Specificity ~ Accuracy

Foreman et al. [28] Deep Learning Internal Test 0.91 0.94 0.87 NR
External Test 0.75-0.76 0.80 0.70 NR

Park et al. [29] Machine Learning Internal Test 0.80 0.75 0.70 0.71
External Test 0.83 NR NR NR

Wan et al. [31] Machine Learning Validation 0.911 0.647 0.920 0.810

Li et al. [30] Deep Learning Cross-validation 0.88 0.95 0.80 0.88

Duan et al. [23] Machine Learning Validation 0.93 0.84 0.97 0.91

Deep Learning 0.89 0.88 0.87 0.88

Combined 0.97 0.92 0.94 0.93

Yeom et al. [27] Machine Learning  Cross-validation 0.759 NR NR 0.683

Deep Learning 0.776 NR NR 0.713

Al, artificial intelligence; AUC, area under the curve; NR, not reported.

bined automatic segmentation techniques with
an extensive radiomics feature set to obtain
an internal AUC of 0.80 and an external AUC
of 0.83.Yeom et al. [27] used random forest
feature selection and classification achieved
an AUC of 0.92.

The deep learning-based approaches with CNN
architecture also showed good performance.
Li et al. [30] trained the model with the Res-
Net50 architecture using CT images and
obtained an AUC of 0.88 and an accuracy of
88% for the benign/malignant classification
problem, via ten-fold cross-validation. Foreman
et al. [28] proposed the model based on the
3D U-Net architecture, and they used it for
both segmentation and classification and got
an AUC of 0.91 for the internal validation, and
an AUC of 0.76 for the external validation
(showing good performance, although not as
good as when using internal data). Duan et al.
[23] employed the deep CNN model and
reached AUCs of 0.97 for internal and 0.89 for
temporal validation.

The hybrid model with radiomics features and
deep learning representations reached the
best performance among a small number of
articles investigating such a combination. Duan
et al. [23] reported that a combined clinical-
radiomics-deep learning model achieved an
AUC of 0.99 in the training set and 0.99 in
the validation set for differentiating osteopo-
rotic from malignant VCFs, outperforming ei-
ther radiomics- or deep learning-only models.
In the present CT scoping dataset, a hybrid
model that combined radiomics embeddings
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with CNN-derived features reached an AUC of
0.98, surpassing the performance of the ra-
diomics model alone (AUC 0.92) and the stand-
alone deep CNN (AUC 0.97). Correlation analy-
ses in that study suggested that radiomics
and CNN-derived features captured largely
complementary information, providing a me-
chanistic basis for the observed performance
gains with hybrid modeling.

Comparison with radiologist performance

Three of the studies compared the perfor-
mance of the Al models with that of the radio-
logists, which gives an idea of the potential
influence of the Al models in clinical practice
[28-30]. The research carried out by Li et al.
[30] revealed that ResNet50 based deep learn-
ing algorithm was able to classify benign versus
malignant vertebral fractures with 88% accu-
racy. On the other hand, three radiologists with
up to five years’ experience were more accurate
with their diagnosis, achieving 92.8% to 99%
accuracy in this case, which is better than the
Al algorithm. The study conducted by Park et al.
[29] tested the radiomics pipeline with both
automated and manually segmented images.
They found that the performances of the two
methods (automated and manual radiomics
models) were not significantly different from
each other. This indicates that semi- or fully
automated workflows are viable without signifi-
cant compromise in accuracy.

Foreman et al. [28] compared their deep le-
arning model with two radiology residents and
one fellowship-trained radiologist. In internal
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testing, the model achieved an AUC of 0.91, the
residents achieved AUCs of 0.69 and 0.71, and
the fellowship-trained radiologist achieved an
AUC of 0.86. In external testing, the model
achieved an AUC of 0.76; the residents achie-
ved AUCs of 0.70 and 0.71, and the fellow-
ship-trained radiologist achieved an AUC of
0.71.

External and temporal validation

Four studies reported some form of validation
beyond a single training set [23, 28, 29, 31].
Park et al. [29] found the AUC values to be 0.80
for internal validation and 0.83 for external
validation, respectively, using the radiomics
model that used automated image segmenta-
tion. On the other hand, Foreman et al. [28]
found the AUC values for internal validation to
vary from 0.85-0.91 and for external validation
to be from 0.75-0.76. Duan et al. [23] reported
temporal validation with AUCs between 0.89
and 0.97 when training on earlier and testing
on later cases within the same institution. Wan
et al. [31] reported a simple training-validation
split (7:3) with an AUC of 0.91 in the validation
cohort for their radiomics model.

Discriminative features and model outputs

Several studies reported the most important
radiomics features contributing to model per-
formance. Wan et al. [31] identified five key
features, including first-order statistics and
texture measures derived from gray-level co-
occurrence, run-length, and dependence matri-
ces. Yeom et al. [27] reported that Run Varian-
ce (GLRLM) and Dependence Non-Uniformity
Normalized (GLDM) had the highest relative
importance in their radiomics model. Park et al.
[29] reported a subset of 12 selected features
spanning morphological, intensity, and texture
categories but did not detail all coefficients in
the main text.

Two studies described interpretability methods
for deep learning models. Yeom et al. [27] used
integrated gradients to generate saliency maps
highlighting voxels that contributed most to
each prediction and reported that correctly
classified cases tended to show concentrated
saliency over the fractured vertebral body. Fo-
reman et al. [28] used attention mechanisms
within a 3D U-Net framework and displayed
attention maps that visually emphasized verte-
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bral bodies and adjacent soft tissues; they
also implemented a three-category output that
included a model-generated “indeterminate/
recommend MRI” category in addition to “be-
nign” and “malignant”.

Discussion

This scoping review integrates the latest find-
ings on the application of Al to distinguish
benign from malignant VCFs on CT scans using
Al. This is important because the key takeaway
is important from a clinical perspective: with
an aging population, osteoporotic fractures are
becoming increasingly prevalent, and spinal
metastases are also increasing in individuals
who are living longer due to advances in cancer
care. In reviewing all the literature, the diag-
nostic performance of Al-assisted CT analysis
is excellent. The AUC range is between 0.76
and 0.99, which suggests that artificial intelli-
gence is an effective alternative solution, es-
pecially in cases when MRI scanning is impos-
sible to be applied [23, 27-31]. A recent meta-
analysis showed that VCF differentiation using
Al-based models has the pooled AUC values
[14, 19]. Thus, Zheng et al. [14] stated that
the performance in differentiating benign and
malignant vertebral VCF based on Al-based
model was about 0.88-0.92 of pooled AUCs,
which means that the best radiomics studies
presented in our review have achieved at least
this level of performance; however, some deep
learning models have performed better on
internal analysis but lower on external. The
same observations were made by Li et al. [19]:
they concluded that machine learning models
provide high accuracy of vertebral fractures
detection, being no more effective than MRI in
most cases. These observations support our
reviewed studies; Al applied to CT might help
to bridge the gap between Al and MRI, but can-
not fill it.

Three major Al models were studied in this
context, and all had their strengths and per-
formances. The first category consisted of
ResNet-based and 3D U-Net deep learning
models used by Li et al. [30] and Foreman et al.
[28]. These deep learning models managed to
demonstrate performances close to those of
expert radiologists using complex spatial pat-
tern recognition and 3D automatic segmen-
tation capabilities to identify cortical break-
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throughs and tissue extensions. As for their
performance, the ResNet50 model ufsed by Li
et al. [30] demonstrated an accuracy of 88%
against radiologists with experience of one to
five years demonstrating accuracies ranging
from 92.8% to 99%. This suggests that at pres-
ent, deep learning models can compete with
radiologist’s performance but cannot exceed
it. The 3D U-Net model, on the other hand,
demonstrated an internal AUC of 0.91 outper-
forming residents in radiology (AUC 0.69-0.71),
coming close to experienced fellows’ perfor-
mance (AUC 0.86). Unfortunately, when exter-
nally validated, its performance dropped con-
siderably down to 0.76 AUC value. As per Duan
et al. [23], some of the issues surrounding the
generalization problem were mitigated through
the presentation of AUC values of 0.97 and
0.89 for internal and external temporal valida-
tions, respectively. This is evidence that deep
learning algorithms can be extremely robust
over time in their own institutional settings but
may not always retain this robustness across
multiple healthcare settings.

Whereas the deep learning paradigm favors
pattern recognition and high prediction perfor-
mance, the use of radiomic machine learning
algorithms brings about the added advantage
of extracting quantitative features that directly
correlate with pathophysiologic phenomena.
As evidenced by the high discriminatory capa-
bility of the latter method, Wan et al. [31]
obtained an AUC of 0.91 using a total of five
important features (Maximum, Skewness, and
relevant GLCM, GLRLM, and GLDM measures).
Similarly, Yeom et al. [27] managed to obtain
an AUC of 0.92 with Run Variance (GLRLM)
and Dependence Non-Uniformity Normalized
(GLDM) being the most significant features
among those extracted. The clear explanation
of the features used to make predictions is
what forms the basis of the superiority of ra-
diomics compared to the black box approach,
even if the latter is able to produce slightly
higher accuracy rates in some cases [32, 33].

Recognizing the possible advantages of each
approach led to studies that used combina-
tions of radiomics with deep learning tech-
niques to exploit their complementary informa-
tion. For example, Park et al. [29] highlighted
the value of fully automated techniques by
comparing automatic and manual segmenta-
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tion-based models, where the former yielded
an AUC of 0.80 and 0.83 for internal and exter-
nal validations, respectively, compared to the
latter, with an AUC of 0.87 and 0.80, respec-
tively. This result clearly shows the potential of
fully automated strategies without compromis-
ing the accuracy. More importantly, Duan et al.
[23] showed that there was only a weak over-
lap between radiomics and deep CNN-derived
features, with 44 feature pairs having a corre-
lation coefficient >0.5, although the correlation
coefficients were low. This complementary rela-
tionship provides mechanistic justification for
the superior performance of their combined
clinical-radiomics-deep learning model, which
achieved an AUC of 0.99 in both training and
validation sets - substantially outperforming
either radiomics-only models (AUC 0.92) or
standalone deep CNN models (AUC 0.97). The
synergistic gains from hybrid modeling suggest
that future clinical implementation should con-
sider multimodal Al frameworks that strategi-
cally combine the interpretability of radiomics
with the pattern recognition power of deep
learning to optimize both performance and
clinical transparency.

From both theoretical and applied perspec-
tives, this research provides additional knowl-
edge about the ways different types of artifi-
cial intelligence could be used effectively in
VCF diagnostics. For example, deep learning
algorithms have an ability to identify complex
spatial features and context-specific informa-
tion in imaging data, whereas radiomic algo-
rithms provide users with easily interpretable
and clinically relevant quantitative features
[23]. From the clinical point of view, there is a
huge number of applications of artificial intelli-
gence, including, but not limited to, triaging of
patients with ambiguous diagnostic results on
CT scan, excluding patients from performing
MRI examinations, and making rapid patient
stratification to detect patients with severe
conditions that require immediate treatment
[28]. The design of hybrid models based on
combining CT characteristics with clinical/bio-
chemical parameters will potentially result in
improving the specificity of the algorithms by
exceeding 0.94 [23]. The integration of artifi-
cial intelligence in picture archiving and com-
munication systems (PACS) could potentially
result in the standardization of interpretations
for radiologists with different expertise, increas-
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ing access to advanced image analysis in dis-
advantaged areas, and minimizing unneces-
sary invasive procedures in patients with be-
nign disorders. Such implementation could
potentially accelerate the management of
malignant cases, especially in settings with a
high patient volume or in settings where re-
sources are limited [34, 35].

Implications of these points also apply in the
field of health care policies. The need for inter-
pretability and external validation of machine
learning algorithms is one of the crucial fac-
tors in the process of regulatory approval and
clinical adoption [36]. In cases where clinical
applicability of artificial intelligence becomes
necessary in older patients or under conditions
of scarce access to MRI imaging, reimburse-
ment techniques can be used to increase the
clinical utility of Al models. Nevertheless, regu-
latory systems will have to develop according-
ly, as technology progresses [37]. A significant
contribution towards the closing of the inter-
pretability gap was made by Yeom et al. [27] by
using the concept of deep learning attention
mechanisms based on the interpretation pat-
terns followed by radiologists, showing the
effectiveness of integrated gradient maps as
they focus on fractured vertebral bodies for
correctly classified cases. Such explainable
approaches can be considered significant de-
velopments towards the improvement of the
acceptance and use of the technique in differ-
ent healthcare settings.

Results from this review must be considered
under the weight of important methodological
flaws that compromise the validity of evidence
available and limit the application of results in
clinical practice. In all studies reviewed, a re-
trospective, single center design was used,
making these studies prone to bias on account
of a wide range of patient populations and cli-
nical scenarios. The unbalanced nature of the
datasets and the diverse array of classes in-
cluded in these studies is also an issue that
can lead to overfitting, particularly in smaller
samples. The significant variability in the ima-
ge acquisition protocols used, such as slice
thickness, varies between 0.6 and 5 millime-
ters, and the varying reference standards,
such as the use of MRI, histopathology, and
clinical criteria, limit the ability to conduct a
meta-analysis and generalize the results [28-
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31]. The demographic variability of the popula-
tions used in the studies, such as the under-
representation of women, with fewer than 40%
of women in some cohorts, also raises con-
cerns about the performance of the algorithms
in a wide variety of demographic populations.
Besides, the English-only full-text inclusion
might introduce publication bias, though miti-
gated by broad abstract screening. The gener-
alizability to non-metastatic primary spinal tu-
mors, rare pathologies, or specific demograph-
ic populations remains incompletely charac-
terized.

Despite these limitations, this scoping review
identifies several critical priorities for advanc-
ing the field toward clinical implementation.
Therefore, prospective studies that are multi-
center in nature, with standardized imaging
studies and reporting schemes, are needed to
confirm the applicability of the models in a
wide range of clinical settings. Moreover, there
exists the possibility of avoiding any biases
that might occur in certain groups of patients,
as well as enhancing the validity of the models
by using a diverse range of diseases, both met-
astatic and non-metastatic, and different types
of demographics. The performance of the mod-
els could be improved further by integrating dif-
ferent kinds of data sets, for instance, data
sets comprising of CT and PET scans, as well
as demographic and lab biomarker data, com-
pared to using one kind of data set only.
Furthermore, the usefulness and regulatory
acceptance of the models can also be impro-
ved because of advances made in methods to
make the models more interpretable, including
attention maps, feature attributions, interpret-
ability frameworks, as well as three-dimension-
al image segmentation.

Conclusion

Al-enhanced CT assessment holds substan-
tial promise for distinguishing between benign
and malignant VCFs, while demonstrating diag-
nostic performance that approaches that of
expert radiologists. Deep learning, radiomics,
and hybrid approaches all have different ad-
vantages; thus, it may be possible to rapidly
stratify the risk and avoid unnecessary MRI
referrals, particularly when MRI is unavailable
or is contraindicated. However, the current evi-
dence base is limited by retrospective single-
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center designs and methodological heteroge-
neity. It is essential to conduct prospective
multicenter validation studies with standard-
ized imaging protocols and diverse patient
populations to establish clinical utility and pro-
vide guidance on the responsible integration
of Al-based CT diagnostics into routine clinical
practice.
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