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Abstract
Purpose

This study aimed to develop and evaluate a deep learning approach for distinguishing spinal hemangiomas from
thoracolumbar spinal metastases (breast, lung, prostate, renal cell carcinoma, and multiple myeloma) across MRI
sequences and assess sequence-dependent sensitivity.

Method

Radiological data from a university hospital (2016—2023) were collected from 352 adults (mean age 61.3 years): 109
hemangiomas and 243 metastases (histopathologically confirmed). Lesions were labeled and regions of interest annotated
using VGG Image Annotator, cropped, converted to grayscale, and resized to 256x256 pixels across four sequences (T1, T2,
STIR, contrast-enhanced). A unified CNN (three convolutional layers with 32/64/128 filters, max pooling, batch
normalization, 128-neuron fully connected layer, dropout 0.5, softmax output) was trained with downsampling-based class
balancing and a 60/40 stratified train—test split (Adam, categorical cross-entropy, 40 epochs, batch size 16), with
hyperparameter optimization over learning rate, batch size, epochs, and dropout. Performance varied markedly by sequence
and comparison.

Results

T1 and T2 yielded the most robust discrimination; the best result occurred on T1 for hemangioma versus multiple myeloma
(accuracy 0.89, AUC 0.93). Across all T2 datasets, performance was balanced and high (accuracy 0.84, sensitivity 0.93,
specificity 0.75, AUC 0.87). In contrast, STIR and contrast-enhanced sequences showed reduced and inconsistent
performance (overall STIR accuracy 0.57, AUC 0.54; contrast-enhanced accuracy 0.68, AUC 0.72), including occasional near-
random classification and pronounced sensitivity—specificity imbalances.

Conclusion

Deep learning-based differentiation of hemangiomas from spinal metastases is feasible using conventional MRI, with T1/T2
sequences providing reliable features, while STIR and post-contrast imaging may need larger datasets and advanced
architectures to improve robustness.

1. Introduction

Back pain is a prevalent phenomenon that affects a significant proportion of the global population. It accounts for
approximately one-third of all daily outpatient visits and ranks second only to the common cold and upper respiratory

infections’. Additionally, it is the third most common indication for surgical procedures and the fifth most common cause of

hospitalization?. In the majority of low back pain cases, imaging is deemed necessary. Magnetic resonance imaging (MRI) is
typically the preferred modality because of the absence of radiation exposure, superior soft tissue contrast resolution, and

sensitivity to bone marrow abnormalities®. Intraosseous hemangiomas are incidentally identified during magnetic resonance
imaging (MRI) scans of the spine. It has been documented that the incidence of haemangioma in spinal MRl is 27%*.

Vertebral hemangiomas are typically readily discernible by radiologists and clinicians on magnetic resonance imaging (MRI)
scans. However, atypical hemangiomas, which exhibit distinct signal patterns, can present as metastatic lesions, particularly

in patients with a history of malignancy®. This may necessitate repeated MRI examinations, the utilization of advanced
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imaging techniques (such as scintigraphy and positron emission tomography (PET)), and even biopsy, which can induce
significant anxiety in patients.

In the present era, in addition to sophisticated examinations, evaluation can be conducted with the aid of artificial
intelligence. This study aimed to utilize a deep learning-based algorithm to differentiate the diagnosis of spinal hemangioma
from that of the most common spinal metastatic tumors (including breast, lung, and prostate cancers, multiple myeloma,
and renal cell cancer) using conventional MRI and to investigate the sensitivity of the algorithm.

2. Materials and Method

A retrospective collection of radiological data was performed for patients diagnosed with spinal lesions at a university
hospital between 2016 and 2023. All patients were required to provide informed consent prior to their participation in the
clinical study as part of the process leading up to their radiological evaluation and subsequent admission to the outpatient
clinic. The following inclusion criteria were adopted: Inclusion criteria were as follows: (1) age above 18 years, (2) presence
of at least one bone metastasis lesion in the thoracolumbar spine, (3) diagnosis of primary cancer (lung, renal cell, multiple
myeloma, breast and prostate cancers) in a patient with spinal metastases, (4) availability of complete radiological data
including contrast-enhanced MRI, and (5) diagnosis of spinal metastasis or spinal hemangioma by both a radiologist and an
orthopedist. Patients who had undergone MRI at least twice at separate times to diagnose hemangioma and for whom there
had been no alteration in the recorded images were selected for this study. Patients diagnosed with metastatic spinal
disease, who constituted the sample population of this study, were histopathologically diagnosed. MRIs of hemangiomas
were obtained from patients without a pathological diagnosis of hemangioma.

The initial cohort comprised patients diagnosed with spinal hemangioma via magnetic resonance imaging (MRI) by an
orthopaedic specialist and a radiologist with expertise in the musculoskeletal system. All images were reviewed and labeled
by an experienced radiologist as either hemangioma or non-hemangioma.

The dataset consisted of MRI images acquired using four different imaging sequences: contrast-enhanced, T1-weighted, T2-
weighted, and STIR sequences. To improve the generalizability and robustness of the proposed convolutional neural network
(CNN) model, images were obtained from multiple anatomical regions and under various pathological conditions.

Hemangioma images constituted the positive class, whereas the non-hemangioma class included images from various
organs and pathologies, namely the lungs, breast, prostate, renal cell carcinoma (RCC), and multiple myeloma. Images were
available for all four MRI sequences for each anatomical region and pathology.

All images were stored in NumPy (. npy) format and resized to a uniform input dimension before being fed into the CNN
model. The numerical distribution of images across categories and MRI sequences is summarized in Table-1.

The VGG Image Annotator (VIA), a platform-independent JavaScript application, was used to label the images and mark the
regions of interest. The regions marked by the experts were cropped, and all images were resized to a resolution of 256 x
256 pixels. This process formed the dataset used to develop the deep learning model. A visual sample of the dataset is
presented in Figure-1.

Programming Environment

The dataset was created, and preprocessing tasks on the images were performed using a computer with an Intel i7
processor and 16 GB of RAM, alongside the Python programming language.

Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) have proven to be a highly effective architecture within deep learning, particularly
excelling in image analysis and classification tasks. A CNN is generally structured with multiple layers, each fulfilling a
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unique role that enhances the overall performance of the network. Gaining an understanding of these layers is essential to
comprehend how CNNs function and their applications across various domains, such as medical imaging, facial recognition,
and object detection®

The core component of a CNN is the "convolutional layer." This layer applies convolution operations to the input data using a
series of trainable filters. Each filter is crafted to identify particular features, such as edges or textures, by moving across the
input image and calculating the dot products. The convolutional layer greatly reduces the number of parameters in the
model compared to fully connected layers, as the same filter is applied to various regions of the input, taking advantage of

weight sharing”- 8.

After the convolutional layer, CNNs usually incorporate a “pooling layer.” Pooling is used to downsample the feature maps
produced by the convolutional layers, reducing their dimensionality and computational complexity while preserving key
information. The two most common forms of pooling are max pooling and average pooling, which involve selecting either

the maximum or average value from a group of values in the feature map, respectively®.

The Batch Normalization (BN) layer is another important component used in CNNs. In deep learning architectures, each
layer acts as the input for the next, meaning that the learning of one layer must be completed before the next layer begins.
While normalization is generally applied to standardize input values at the start, the intermediate layers do not benefit from
this early normalization. Consequently, problems such as slower training, instability, or gradient vanishing, where learning

progresses very slowly, can occur. BN was introduced to address these issues and enhance training efficiency and stability®.

Following several convolutional, pooling, and batch normalization layers, the architecture moves into “fully connected layers.”
These layers resemble those in standard neural networks, in which each neuron is linked to every neuron in the preceding
layer. The primary function of the fully connected layers is to analyze the features extracted by the convolutional and pooling

layers, ultimately generating the final output, such as class probabilities in classification tasks”.

In addition to the primary layers, CNNs often include “non-linear activation functions,” such as Rectified Linear Units (ReLU)
(Eq. 1) and softmax (Eq. 2), applied after each convolutional layer. These activation functions introduce non-linearity to the
model, enabling it to capture and learn more complex patterns in the data [9]. In addition, dropout layers are frequently used
to enhance training stability and prevent overfitting. By randomly deactivating a subset of neurons during training, dropout
helps the model generalize better and reduces the risk of overfitting the training data'®.

ReLU (z) = max(0,z) °

o(z)=—=—or=12,...,K’

Zf:l e’

Metrics Used

In deep learning, especially for classification tasks, evaluating model performance using various metrics is crucial. These
metrics provide valuable insights into the effectiveness of the model and enable comparisons between different models.
The key performance indicators included accuracy, sensitivity (recall), specificity, F1 score, and AUC.

3. Results

A total of 352 patients were included in the study, comprising 187 men (53.1%) and 165 women (46.9%), with a mean age of
61.3 years. The hemangioma cohort had a mean age of 55.6 years and consisted of 63 men and 46 women (n =109). The
lung cancer cohort had a mean age of 60.2 years, with 6 males and 23 females (n = 29). The breast cancer cohort had a
mean age of 53.6 years, including 1 male and 40 females (n = 41). The multiple myeloma cohort had a mean age of 64.2
years, with 34 males and 36 females (n = 70). The renal cell carcinoma cohort had a mean age of 61.6 years and comprised
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16 men and 20 women (n = 36). The prostate cancer cohort, consisting entirely of males, had a mean age of 72.6 years (n =
67) (Table-2).

A unified convolutional neural network (CNN) architecture was employed across all experimental datasets. The same model
configuration was used without modifications to ensure a consistent comparison across the MRI sequences and dataset
combinations. Each dataset corresponding to a specific MRI sequence and diagnostic category was independently
processed. The CNN model was trained and evaluated using identical preprocessing steps, class balancing, and training
protocols for each dataset. This resulted in multiple experimental runs equal to the prepared datasets, with the performance
metrics calculated separately. To investigate robustness, hyperparameter optimization experiments were performed to
explore variations in the learning rate, batch size, epochs, and dropout rate. The impact on the classification performance
was analyzed, and the best-performing configurations were used in the final CNN model. The CNN architecture consisted of
three convolutional layers with 32, 64, and 128 filters, followed by max-pooling layers, a fully connected layer with 128
neurons, and a dropout layer with a rate of 0.5. The output layer used softmax activation to classify the images into
hemangioma and non-hemangioma classes. The experiments used grayscale images resized to 256 x 256 pixels. The deep
learning network is illustrated in Fig. 2.

A downsampling strategy was used to address class imbalance before model training, ensuring equal samples from each
class. The balanced datasets were divided into training and test sets using a 60%—40% stratified split. The model was
trained for 40 epochs with a batch size of 16 using the Adam optimizer and categorical cross-entropy loss function. The
performance was evaluated using a held-out test set. For each dataset, the accuracy, sensitivity, specificity, F1-score, and
area under the ROC curve (AUC) were calculated. The quantitative results are summarized in Table-3. The CNN model's
performance was evaluated across datasets representing different MRI sequences (T1-weighted, T2-weighted, STIR, and
contrast-enhanced) and diagnostic comparisons between hemangiomas and non-hemangioma conditions using accuracy,
sensitivity, specificity, F1-score, and AUC metrics.

The highest classification performance was observed for the T1- and T2-weighted MRI sequences. In T1-weighted images,
the model achieved an accuracy of 0.89 and an AUC of 0.93 in the hemangioma versus multiple myeloma comparison,
representing the best performance. High performance was also observed for hemangiomas versus RCC (AUC = 0.90) and
hemangiomas versus breast lesions (accuracy = 0.85). The performance across all T1-weighted datasets showed an
accuracy of 0.75 and an AUC of 0.79. T2-weighted images showed strong results across comparisons. The hemangioma
versus breast and hemangioma versus lung datasets achieved accuracies of 0.88 and 0.87, respectively, with AUC values
exceeding 0.88. Across all T2-weighted datasets, the model achieved an accuracy of 0.84, sensitivity of 0.93, and AUC of
0.87, indicating robust performance (Fig. 3-6). STIR and contrast-enhanced sequences showed reduced and variable
performances. While some STIR comparisons, such as hemangioma vs. lung, yielded high sensitivity (0.92) and acceptable
AUC values (0.82), the overall STIR performance was limited, with an accuracy of 0.57 and an AUC of 0.54. Some STIR
datasets showed extreme imbalances between sensitivity and specificity, with sensitivity decreasing to 0.00 despite perfect
specificity. The contrast-enhanced datasets produced inconsistent classification results. Although some comparisons
achieved high sensitivity, this often came with low specificity, yielding a modest overall performance. The general contrast-
enhanced dataset achieved an accuracy of 0.68 and an AUC of 0.72, while certain comparisons, such as hemangioma vs.
RCC, showed an AUC below 0.50, indicating near-random classification.

4. Discussion

The discriminative performance of the proposed CNN model depends on both the MRI sequence and the diagnostic
comparisons. T1- and T2-weighted sequences exhibited superior performance, offering stable morphological characteristics
for automated hemangioma classification. The high AUC values in the T1- and T2-based comparisons indicate the effective
capture of spatial and intensity patterns associated with hemangiomas. Deep learning algorithms have demonstrated strong
performance in detecting spinal metastases across various tasks and imaging modalities. Motohashi et al. developed an Al

model for detecting osteolytic spinal metastases using 475 CT scans from patients with and without metastases'". The
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model showed sensitivity, accuracy, and F1-scores of 0.68, 0.68, and 0.72 per slice and 0.75, 0.36, and 0.48 per lesion.
Studies indicate that the Al model improved residents' sensitivity while matching specialists' performance. The model shows
promise for clinical practice, despite requiring accuracy improvements. Fan et al. evaluated AdaBoost and Chan-Vese
algorithms using MRI images from 87 lung cancer patients with spinal metastases'?. AdaBoost achieved 96.55% accuracy,
whereas CV showed superior segmentation with a Dice index of 0.8591. Liu et al.'s study of 514 patients’® found the expert-
based features model outperformed the deep learning model in accuracy (88% vs. 69%) and AUC (0.80 vs. 0.71), particularly
for lung and kidney metastases. The DL model exhibited better recall for rare sites. In our study of 352 patients' MRI scans,
the model showed superior classification in T1- and T2-weighted sequences, with T1 being optimal for differentiating
hemangiomas from multiple myelomas. T2 sequences showed consistently high accuracy, whereas STIR and contrast-
enhanced sequences performed poorly, with imbalanced sensitivity and specificity.

Hemangiomas are the most prevalent spinal lesions and are often misdiagnosed as metastatic disease. Er et al. used the
YOLO-v8 deep learning model to identify vertebral hemangiomas'#, achieving 73% accuracy in T1- and T2-weighted MRI. This
lower accuracy was due to the limited training data and signal intensity variations. Hemangiomas present diagnostic
challenges owing to their similarity to metastases and compression fractures. Yeh et al. developed a decision support
system using ResNet50 to distinguish between benign and malignant spinal fractures'®. The system, tested on 140 benign
and 50 malignant cases, improved diagnostic performance, particularly for less-experienced clinicians, with one resident's
sensitivity increasing from 78% to 94%. In our study, T1 and T2 sequences showed the highest accuracy (0.75-0.89) and
AUC values for differentiating hemangiomas from tumors, while STIR and contrast-enhanced images performed worse.
T1/T2 sequences achieved high sensitivity in distinguishing hemangiomas from multiple myeloma and breast cancer,
although performance decreased for prostate cancer and RCC. The T2 sequence exhibited the most balanced performance
overall, with an accuracy, 0.932 sensitivity, 0.750 specificity, and AUC of 0.841, 0.932, 0.750, and 0.865 AUC. Although high
sensitivity indicates effective hemangioma detection, some cases showed reduced specificity, suggesting false-positive
predictions.

The results demonstrate that the discriminative performance of the CNN model depends on the MRI sequence and
diagnostic comparison. T1- and T2-weighted sequences showed superior performance, providing stable morphological
features for the automated classification of hemangiomas. High AUC values in T1- and T2-based comparisons indicate
effective capture of spatial and intensity patterns associated with hemangiomas. Although high sensitivity values suggest
effective hemangioma detection, some cases showed reduced specificity with false-positive predictions. STIR and contrast-
enhanced sequences showed reduced performances. STIR's fat signal suppression and emphasis on edema-related
changes in STIR may increase the visual similarity between hemangiomas and other conditions, explaining the sensitivity
and specificity instability. The heterogeneous enhancement patterns of contrast-enhanced images vary with lesion type,
vascularity, and timing, challenging CNN feature learning. Despite hyperparameter optimization, the STIR and contrast-
enhanced dataset performances remained below the T1- and T2-weighted results, suggesting limitations beyond the training
parameters. The contributing factors include the reduced dataset size from class balancing, shallow CNN architecture
insufficient for complex feature capture, and single-sequence inputs limiting cross-modality information. Future
improvements may involve larger datasets, advanced augmentation, deeper CNN architectures, multimodal fusion, transfer
learning, and attention-based mechanisms to enhance the classification performance and robustness.

5. Conclusion

This study employed artificial intelligence analysis of magnetic resonance images to differentiate between the five most
prevalent types of cancer that metastasize to the spine and the most common benign lesion, hemangiomas. In this study,
T1- and T2-weighted sequences demonstrated superior discriminatory performance, with the T1 sequence exhibiting a
particular efficacy. The T1 sequence achieved an accuracy rate of 89% and an AUC of 0.93 in differentiating between
hemangioma and multiple myeloma, while also producing robust results for renal cell carcinoma and breast metastases. In
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contrast, STIR and contrast-enhanced sequences exhibited significantly lower performance (STIR AUC 0.54; contrast-
enhanced AUC 0.72) and, in several instances, yielded results similar to random classification.
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Tables

Table-1: Numerical distribution of the dataset across MRI sequences and diagnostic categories.
Category / Diagnosis T1 T2 Contrast STIR Total
Hemangioma 109 109 109 109 436
Lung cancer 29 29 29 29 116
Breast cancer 41 41 41 41 164
Multiple Myeloma 70 70 70 70 280
Prostate cancer 67 67 67 67 268
Renal Cell Carcinoma (RCC) 36 36 36 36 144
Total 352 352 352 352 1408

Table-2: Distribution of age and gender between the groups.

Mean age+SD  Female/Male
Hemangioma group 55,6 £13 63/46
Lung cancer group 60,2 +9,3 6/23
Breast cancer group 53,6 + 10,1 1/40
Multiple Myeloma group 64,2 + 10,6 34/36
Renal cell cancer group 616114 16/20
Prostate Group 72,6 84 0/67
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Table-3: Performance metrics of the CNN model across MRI sequences and datasets.

Dataset Comparison

Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
All Sets

Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
All Sets

Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
All Sets

Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
Hemangioma vs.
All Sets

Hemangioma vs.

Hemangioma vs.

Multiple Myeloma
Breast
Lung

Breast

RCC
Prostate
Multiple Myeloma

Prostate

Lung
RCC
Lung

Prostate

Prostate

Multiple Myeloma
Lung

RCC

Multiple Myeloma

Breast

RCC

Breast

MRI Sequence

T1

T2

T2

T1

T2

T1

T1

T2

T2

T1

T1

T2

STIR

STIR
Contrast-enhanced
Contrast-enhanced
Contrast-enhanced
Contrast-enhanced
Contrast-enhanced
STIR
Contrast-enhanced
STIR

STIR

STIR

Accuracy
0.893
0.879
0.875
0.848
0.841
0.828
0.815
0.804
0.796
0.750
0.750
0.724
0.708
0.704
0.682
0.667
0.643
0.625
0.621
0.607
0.606
0.568
0.552
0.515

Sensitivity
0.964
0.875
0.833
1.000
0.932
0.929
0.741
0.714
0.926
0.773
0.917
0.714
0.917
0.778
0.682
1.000
0.714
0.333
0.214
0.964
0.750
0.705
0.429
0.000

Specificity
0.821
0.882
0.917
0.706
0.750
0.733
0.889
0.893
0.667
0.727
0.583
0.733
0.500
0.630
0.682
0.333
0.571
0.917
1.000
0.250
0.471
0.432
0.667
1.000

F1 Score
0.900
0.875
0.870
0.865
0.854
0.839
0.800
0.784
0.820
0.756
0.786
0.714
0.759
0.724
0.682
0.750
0.667
0.471
0.353
0.711
0.649
0.620
0.480
0.000

AUC
0.929
0.912
0.882
0.794
0.865
0.905
0.866
0.883
0.855
0.786
0.764
0.729
0.819
0.701
0.717
0.705
0.626
0.590
0.490
0.536
0.596
0.537
0.467
0.482
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Figure 2

Legend not included with this version.
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Legend not included with this version.
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