DOI:10.4274/forbes.galenos.2026.10327
Forbes J Med 2026;7:122-7

Original Article

Radiological Validation and Explainability of a Deep Learning
Model for Vertebral Compression Fracture Detection in Geriatric
Spine Imaging

©® Anil OZGUR!, @© Ali Murat BASAK?2

linegol State Hospital, Clinic of Orthopedics and Traumatology, Bursa, Tiirkiye

2University of Health Sciences Tiirkiye, Giilhane Training and Research Hospital, Clinic of Orthopedics and Traumatology,
Ankara, Turkiye

Cite as: Ozglir A, Basak AM. Radiological validation and explainability of a deep learning model for vertebral compression fracture
detection in geriatric spine imaging. Forbes J Med 2026;7:122-122

Received: 17.07.2026
Accepted: 15.09.2026
Publication Date: 02.10.2026

ABSTRACT

Objective: Osteoporotic vertebral compression fractures are common in older adults and can
significantly impair quality of life. Early and accurate detection of these fractures remains clinically
challenging. This study aimed to develop and evaluate an explainable deep learning framework for
the automated detection and classification of vertebral compression fractures on lumbar computed
tomography (CT) images.

Methods: Eighty anonymized lumbar CT scans from the VerSe2020 and SpineWeb open-access datasets
were analyzed. Vertebrae were segmented, and morphological features, including height loss and
posterior cortical integrity, were extracted. A dual-stage deep learning pipeline combining YOLOVS8 for
fracture localization and EfficientNet-BO for classification was developed to predict both the presence
of fractures and their surgical eligibility. Model performance was evaluated using the following metrics:
accuracy, F1 score, sensitivity, specificity, and receiver operating characteristic-area under the curve
(ROC-AUQ).

Results: The model achieved an accuracy of 68%, an Fl score of 63%, a sensitivity of 60%, a specificity
of 65%, and an ROC-AUC of 0.66. Additionally, the model’s decision-making focus on morphologically
relevant zones suggests its potential use for automated screening and prioritization in radiological
workflows.
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Conclusion: This artificial intelligence-based framework may support early diagnosis and preoperative
assessment of vertebral fractures in geriatric patients and has the potential to assist clinical decision-
making.
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INTRODUCTION

Osteoporotic vertebral compression fractures are common
in elderly and postmenopausal patients and are associated
with persistent pain, spinal deformity, and reduced
quality of life.! Early radiological detection is particularly
important in elderly patients, as delayed diagnosis may
contribute to progressive vertebral collapse and functional
deterioration. Percutaneous kyphoplasty is widely used
to restore vertebral height and relieve pain in selected
patients; however, its indications should be considered

carefully because of variable outcomes and procedure-
related complications, including new fractures, cement
leakage, and spinal canal compression.??

Artificial intelligence (Al)-based approaches in orthopedic
imaging have rapidly expanded in recent years, enabling
automated fracture detection and classification using
computed tomography (CT) and magnetic resonance
imaging data.*> Beyond imaging analysis, large language
model-based systems such as ChatGPT have also
demonstrated increasing potential in orthopedic decision-
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support processes and patient-oriented clinical guidance.®
In addition, digital health research has shown that online
orthopedic information-seeking behavior demonstrates
significant temporal and seasonal variation, highlighting
the growing interaction between Al, digital epidemiology,
and orthopedic practice’ Deep learning models, including
three-dimensional (3D) convolutional neural networks
and Mask R-CNN, have shown high accuracy in vertebral
segmentation and radiological interpretation.® In addition,
Al models have been applied to predict clinical outcomes
such as fracture risk, cement leakage, and postoperative
complications, supporting more personalized treatment
strategies.”"

Despite these advances, few studies have combined
automated vertebral fracture detection with kyphoplasty-
related clinical assessment using Al'2 Therefore, this study
aimed to detect vertebral compression fractures in open-
access CT datasets and to evaluate their clinical relevance
using a deep learning-based approach.

METHODS
Study Design and Ethical Approval Status

This study is a non-interventional, Al-based analysis that
uses anonymized, open-access CT datasets (VerSe 2020
and SpineWeb) to detect vertebral compression fractures
and evaluate their clinical relevance. The primary objective
was to develop a model capable of identifying fractures
and supporting preoperative assessment. No direct patient
data, clinical records, or identifiable information were used
in the study. All imaging data were obtained from publicly
available sources and processed solely for research
purposes. The study was conducted in accordance with
the Declaration of Helsinki and Good Clinical Practice
guidelines. As the analysis was performed on fully de-
identified datasets without involvement of human subjects,
approval from the ethics committee was not required.
The study design reflects a technical and observational
approach aimed at supporting clinical decision-making.

Image Sources and Data Set Properties

In this study, open-access CT images from the VerSe 2020
and SpineWeb datasets were used to identify vertebral
fractures and assess their clinical relevance. The VerSe
dataset includes vertebral segmentation data from
thoracolumbar vertebrae, while SpineWeb provides CT
images of compression fractures across different age
groups. A total of 80 patients (approximately 150-200
sagittal slices per case) were analyzed. Cases were included
if sagittal CT images provided adequate visualization of
the vertebral bodies and were accompanied by reference
annotations that were suitable for model training and

evaluation. Cases with incomplete vertebral visualization,
severe image artifacts, or insufficient annotation data were
excluded. The 80 subjects, therefore, represented eligible
cases meeting these imaging-based criteria rather than a
random sample. Images were obtained in DICOM format
and preprocessed, and ground-truth segmentation masks
were derived from reference annotations. Morphological
parameters, including vertebral body height, fracture
severity (Genant classification), and posterior cortical
integrity, were extracted for analysis.

Artificial Intelligence Model and Training Process

The proposed model was a dual-stage deep-learning
framework for vertebral compression fracture detection
and radiological validation. First, a YOLOv8-based module
was used to localize and segment vertebral regions from
sagittal CT images; standard preprocessing and data
augmentation were applied to improve generalizability.
In the second stage, an EfficientNet-BO classifier classified
the segmented vertebrae as fractured or intact. The model
captured key morphological features such as vertebral
height loss, cortical irregularity, and posterior wall
disruption.

Modeltrainingwas performed usingthe PyTorch framework.
A total of 5,600 sagittal CT images, obtained from 80
subjects, were included in the image-level classification
analysis and constituted the effective sample for model
development and evaluation. The images were divided into
training, validation, and test sets at a ratio of 70%, 15%, and
15%, respectively. Individual vertebrae were not treated
as independent subject-level observations; therefore,
the effective sample size was defined by the number of
images included in the classification analysis rather than
by a separate vertebra-level count. Model performance
was evaluated using accuracy, sensitivity, specificity, FI-
score, and ROC-AUC metrics. To enhance interpretability,
Grad-CAM visualizations were generated and qualitatively
assessed by two independent musculoskeletal radiologists
for anatomical consistency.

Radiological Criteria for Fracture Severity

Fracture severity was defined using commonly accepted
radiological criteria, including >40% anterior vertebral
height loss, posterior wall disruption, segmental kyphotic
angle >10° and loss of posterior cortical continuity.
These criteria were used to evaluate the model's ability
to identify morphologically severe fractures rather
than guide treatment decisions. To assess anatomical
validity and inter-observer consistency, two independent
musculoskeletal radiologists reviewed a 20% subset of the
cases as a quality-control sample. This subset assessment
was performed to verify the anatomical consistency of
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the predefined radiological criteria, rather than to provide
a second radiological evaluation of the entire dataset.
Substantial inter-observer agreement («x=0.82) was
observed, supporting the consistency of the radiological
assessment within the reviewed subset.

Evaluation and Performance Analysis

Model performance was evaluated on the test dataset
using standard classification metrics, including accuracy,
sensitivity, specificity, Fl-score, and receiver operating
characteristic-area under the curve (ROC-AUC). The ROC
curve was used to assess the model’s ability to discriminate
between fractured and non-fractured vertebrae, and an
optimal decision threshold was determined. In addition,
fracture identification performance was evaluated using
the true positive rate, false negative rate, and false positive
rate. Segmentation performance was also evaluated using
the mean Intersection over Union (mloU).

RESULTS

The developed deep learning framework was successfully
applied to the analysis of vertebral compression fractures
using open-access CT datasets. A total of 5,600 sagittal
slices obtained from 80 anonymized subjects were
processed using the dual-stage model architecture. In
the first stage, the YOLOvV8-based localization network
effectively segmented vertebral boundaries across the
entire dataset, reaching a mloU score of 0.91£0.04, which
confirmed accurate regional detection. Regional detection
accuracy was verified by comparing the predicted vertebral
regions with reference vertebral segmentation annotations
from open-access datasets, which served as the ground
truth for loU calculation. Only a small proportion of
slices (1.6%) were excluded due to incomplete vertebral
visualization or motion-related artifacts.

Following segmentation, the EfficientNet-BO classifier
was trained to differentiate normal from fractured
vertebrae, based on predefined morphological criteria.
The model achieved an accuracy of 68% and an F1 score
of 0.63, indicating balanced classification performance.
Sensitivity and specificity were 60% and 65%, respectively,
demonstrating a moderate ability to identify fractured and
intact vertebrae. ROC analysis yielded an AUC of 0.66,
reflecting moderate discriminatory performance (Table 1).

Based on radiological severity criteria, the model correctly
classified 49% of vertebrae with severe morphological
features. False-negative and false-positive rates were
22% and 17%, respectively; these were mainly due to
subtle fractures and degenerative changes that mimicked
compression. Overall agreement between Al predictions
and expert radiological assessments was 52%, indicating
moderate consistency (Table 2).
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To further understand model performance, an error
distribution analysis was conducted. The most frequent
limitation was the omission of marginal (mild) fractures,
accounting for 28% of total errors. Ambiguity in vertebral
border segmentation constituted 19%, while undetected
posterior wall damage accounted for 14%. Image quality
variation among the open datasets accounted for 21% of
the observed performance inconsistencies, while model
overfitting accounted for 11%.

The ROC curve illustrates the model’s discriminative ability
to distinguish fractured from non-fractured vertebrae
(Figure 1). The curve's deviation from the ideal diagonal
indicates that the model has limited but significant
discriminative ability, suggesting that performance could
be further improved with larger and more diverse datasets.
The optimal threshold for binary classification was
determined to be 0.53, balancing sensitivity and specificity
in future applications.

DISCUSSION

Inthe presentstudy, the proposed deep learning framework
demonstrated moderate diagnostic performance in
detecting vertebral compression fractures on open-access
CT images. Given the clinical importance of timely fracture
recognition, these findings suggest a potential supportive
role for Al-assisted radiological assessment and emphasize
the limitations of the current model. Importantly, the
framework was designed to identify radiologically relevant
fracture features rather than to determine treatment
indications, which remain dependent on comprehensive
clinical and radiological evaluation.'?

Al-based approaches for vertebral fracture detection
have gained increasing attention in recent years. Deep
learning models trained on CT data have demonstrated
high diagnostic performance for fracture localization and
classification under controlled conditions.*™ Some studies
have reported ROC-AUC values exceeding 0.90 using
3D convolutional architectures and institution-specific
datasets, indicating that automated systems can achieve
expert-level accuracy in optimal settings.*® In comparison,
the dual-stage deep learning framework used in the present
study, combining YOLOVS8 for vertebral localization and
EfficientNet-BO for classification, achieved an ROC-AUC of
0.66, indicating moderate discriminative performance and
lower diagnostic accuracy than the >0.90 values reported
under more controlled conditions. This finding is more
consistent with the moderate performance reported for
models based on heterogeneous open-access datasets.
In contrast to these high-performing models, approaches
relying exclusively on open-access datasets generally
report more moderate results due to heterogeneity in
image quality, acquisition protocols, and annotation
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Table 1. Advanced model performance metrics

Metric Definition Formula Model result (%) | Interpretation
Model accuracy
shows the proportion Overall accuracy is
Accuracy of samples correctly | (TP + TN)/(TP + TN + FP + FN) 68 +t an average lovel
classified among all g
predictions
Balance between - G - Balance between
F1score precision and g:n(;{?v?f')on * sensitivity)/(precision + 63 sensitivity and
sensitivity 4 scope achieved
The broportion of The model captures
Sensitivity truep osFi)tives TP/(TP + FN) 60 positives at a rate
P of 60%
The oroportion of Moderate ability
Specificity propor TN/(TN + FP) 65 to differentiate
true negatives negatives
The model’s
Ability to differentiate classification
ROC-AUC true positive/negative AUC 66 capacity is limited
but significant

TP: True positive, TN: True negative, FP: False positive, FN: False negative, ROC-AUC: Receiver operating characteristic-area under the curve

Table 2. Model performance in identifying radiologically severe vertebral compression fractures

Criterion Definition

Percentage (%)

Clinical significance Interpretation

Radiologically severe
fractures correctly
identified by the
model

True positive 49

The model correctly
identified nearly
half of kyphoplasty
candidates

It has the potential
to contribute to
treatment

Radiologically severe
fractures not identified | 22
by the model

False negative

They may miss the
opportunity for
treatment.

Lack of sensitivity is a
serious limitation.

Cases incorrectly
classified by the model

Increases the risk An important source

False positive . : 17 of unnecessary of error affecting the
as radiologically severe operations specificity
fractures
Agreement bereen . The decision-making
model predictions and Indicates overall -

Overall agreement . . 52 L consistency of the
expert radiological reliability model is moderate
assessment
Cases incorrectly A cautious approach

I classified as Clinical safety should should be taken

Overclassification rate 3 - 17 ) S .
radiologically severe by be questioned to clinical decision
the model support

standards.*> Studies that combine image-based analysis
with quantitative morphological features, such as vertebral
height loss ratios, have shown improved sensitivity and
specificity compared with image-only models.*® These
findings suggest that incorporating structured radiological
parameters can substantially enhance fracture detection
performance. Importantly, the model presented in
this study focused on anatomically relevant regions,
specifically cortical disruption and vertebral height loss,
thereby further supporting its radiological validity.

Beyond fracture detection, machine learning methods
have been increasingly applied to predict clinical
outcomes related to vertebral augmentation procedures,
including postoperative pain, cement leakage, and fracture
recurrence."’’® While these predictive models typically
incorporate demographic and clinical variables in addition
to imaging data, they highlight the broader potential of Al
to support orthopedic decision-making across multiple

stages of patient management.
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Figure 1. Receiver operating characteristic curve
illustrating the model's ability to discriminate between
fractured and non-fractured vertebrae (AUC =0.66)

ROC: Receiver operating characteristic, AUC: Area under
the curve

Model interpretability is essential for clinical adoption of
Al systems. Visualization techniques, such as Grad-CAM,
improve transparency by highlighting regions thatinfluence
model decisions.”?° In this study, Grad-CAM analysis
demonstrated that the model focused on morphologically
relevant vertebral regions, supporting the reliability of its
predictions.

Despite its potential, the present study has several
limitations.The modelwastrained usinga limited number of
open-access imaging datasets, and heterogeneity in image
quality, acquisition protocols, and annotation standards
may restrict its generalizability across different patient
populations. In addition, the absence of demographic and
clinicalvariables, such as age, sex, and osteoporosis severity,
limits the clinicalapplicability of the currentframework. The
error analysis also demonstrated reduced performance in
detecting subtle fractures and posterior cortical disruption
and revealed segmentation-related uncertainties. These
findings indicate that the current model is not sufficient
to replace expert radiological interpretation. Future
studies should therefore focus on larger and more diverse
datasets, integration of relevant clinical parameters, and
refinement of the model architecture, particularly for
assessing posterior wall involvement.

The proposed framework may be used as a pre-screening
tool within radiological workflows, helping to identify
suspiciousvertebralregionsand toreduce diagnostic delays
in geriatric patients>? Such systems should be considered
supportive tools rather than replacements for expert
interpretation.?? Overall, these findings demonstrate the
feasibility of explainable Al models for vertebral fracture
assessment and their potential role in orthopedic imaging.
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CONCLUSION

The proposed dual-stage deep learning framework
demonstrated potential as a supportive tool for
radiological detection of vertebral compression fractures
in CT images. Its ability to identify morphologically relevant
changes in vertebrae may facilitate early detection and
prioritization within radiological workflows. Further
prospective, multicenter validation is required before
clinical implementation.
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