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Purpose: To explore the application of deep learning (DL) methods based on T2 sagittal MR images for discriminating between 
spinal tuberculosis (STB) and spinal metastases (SM).
Patients and Methods: A total of 121 patients with histologically confirmed STB and SM across four institutions were retro-
spectively analyzed. Data from two institutions were used for developing deep learning models and internal validation, while the 
remaining institutions’ data were used for external testing. Utilizing MVITV2, EfficientNet-B3, ResNet101, and ResNet34 as 
backbone networks, we developed four distinct DL models and evaluated their diagnostic performance based on metrics such as 
accuracy (ACC), area under the receiver operating characteristic curve (AUC), F1 score, and confusion matrix. Furthermore, the 
external test images were blindly evaluated by two spine surgeons with different levels of experience. We also used Gradient-Class 
Activation Maps to visualize the high-dimensional features of different DL models.
Results: For the internal validation set, MVITV2 outperformed other models with an accuracy of 98.7%, F1 score of 98.6%, and AUC 
of 0.98. Other models followed in this order: EfficientNet-B3 (ACC: 96.1%, F1 score: 95.9%, AUC: 0.99), ResNet101 (ACC: 85.5%, 
F1 score: 84.8%, AUC: 0.90), and ResNet34 (ACC: 81.6%, F1 score: 80.7%, AUC: 0.85). For the external test set, MVITV2 again 
performed excellently with an accuracy of 91.9%, F1 score of 91.5%, and an AUC of 0.95. EfficientNet-B3 came second (ACC: 85.9, 
F1 score: 91.5%, AUC: 0.91), followed by ResNet101 (ACC:80.8, F1 score: 80.0%, AUC: 0.87) and ResNet34 (ACC: 78.8, F1 score: 
77.9%, AUC: 0.86). Additionally, the diagnostic accuracy of the less experienced spine surgeon was 73.7%, while that of the more 
experienced surgeon was 88.9%.
Conclusion: Deep learning based on T2WI sagittal images can help discriminate between STB and SM, and can achieve a level of 
diagnostic performance comparable with that produced by experienced spine surgeons.
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Introduction
Spinal tuberculosis (STB) and spinal metastasis (SM) are common spinal disorders characterized by symptoms such as 
pain, pathological vertebral fractures, spinal kyphosis, and spinal cord compression, potentially leading to neurological 
deficits or even paralysis.1–3 STB, also known as Pott’s disease, is a benign condition resulting from the hematogenous 
spread of Mycobacterium tuberculosis. The spine is one of the most common sites of extrapulmonary tuberculosis, 
constituting over 50% of all cases of tuberculosis affecting bones and joints. STB is more prevalent in developing 
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countries, and early detection and treatment lead to a good prognosis.4–6 In contrast, SM is a malignant condition that 
manifests in over 20% of patients diagnosed with cancer. SM requires a diverse range of treatment methodologies, 
including surgery, radiation therapy, and chemotherapy. However, the prognosis for most individuals with SM is poor.

The similarity in symptomatic presentation between STB and SM often leads to diagnostic ambiguity or delays.7,8 

Furthermore, this overlap could result in the selection of inappropriate treatment strategies, thereby exacerbating the 
patient’s condition. Given the starkly different treatment approaches required for STB and SM, an accurate preoperative 
diagnosis is essential in informing the selection of the most effective treatment methods. The gold standards for 
diagnosing STB and SM are Mycobacterium culture growth and pathological tissue biopsies, respectively. However, 
these diagnostic procedures are invasive, potentially leading not only to increased patient discomfort, but also to an 
elevated risk of further disease dissemination.9,10 Consequently, prioritizing the development and refinement of non- 
invasive diagnostic techniques is of paramount importance in the field of spinal disease management.

Spinal magnetic resonance imaging (MRI) allows visualization of the spine, spinal cord, and surrounding soft tissues 
across multiple sequences, parameters, and planes.11 This methodology is highly sensitive to changes in tissue signal, 
making it an excellent tool for locating and characterizing soft tissue lesions. It has become the preferred method for 
diagnosing spinal diseases.12 However, early differential diagnosis of STB versus SM can be difficult under some 
conditions, for example when there is no formation of a paravertebral abscess or involvement of the intervertebral disc, 
when the lesion is atypical (manifesting as isolated vertebral involvement), or when there is a history of both tuberculosis 
and tumor.13–15 Positron Emission Tomography-Computed Tomography (PET/CT) carries good discriminatory power, 
however its high cost and radiation exposure restrict its application in clinical contexts.16 In recent years, deep learning 
(DL) methods have been applied to convert visual features from images into high-dimensional features, which can then 
be used for disease localization, diagnosis, and discrimination, particularly in the field of medical imaging.17,18 Prior 
studies have demonstrated the proficiency of convolutional neural network (CNN) models in accurately classifying 
lesions in the breast, prostate, kidney, and brain based on MRI scans, achieving high levels of sensitivity and 
specificity.19,20 Artificial intelligence (AI)-assisted diagnostic tools could optimize clinical practice by offering an 
advanced, precise, and patient-friendly diagnostic solution while reducing the need for uncomfortable and risky invasive 
biopsies. In this study, we evaluated the ability of deep learning methods to discriminate between STB and SM using T2- 
weighted imaging (T2WI), and compared their performance to that of two spinal surgeons with differing levels of 
experience in diagnosing these conditions.

Materials and Methods
Study Participants
The study was ethically approved (Ethic number, IRB: #KY2020-073-02) by the Human Investigations Committees at 
Beijing Tiantan Hospital of the Capital Medical University, and the other three participating sites. All patients signed 
informed consent for matters regarding participation in the clinical study during hospital admission. We recruited patients 
diagnosed with spinal metastasis or spinal tuberculosis who were admitted to the four institutions between January 2020 
and January 2021. We adopted the following inclusion criteria: (1) age between 18 and 70 years old, (2) STB or SM 
diagnosis based on pathological findings, (3) presence of complete clinical data and pre-operative MRI. Our exclusion 
criteria were: (1) concomitant severe infectious diseases or other types of infectious spondylitis, (2) history of spinal 
trauma or spinal surgery, (3) no pathological diagnosis, and (4) presence of established spinal epidural abscess. The age, 
gender, and location of the vertebral lesions for each patient were obtained from the electronic medical records.

Image Segmentation and Preprocessing
We obtained complete imaging sequences, including T2WI images. For image preprocessing, we initially employed N4 
bias correction and intensity normalization using SimpleITK.21 To ensure accuracy and reliability, spinal lesions were 
manually segmented and delineated on T2WI images using Labelme software by a radiologist with 10 years of 
experience. The segmentations were subsequently reviewed and verified by a spine surgeon with 10 years of experience. 
In cases of disagreement between the two experts, the segmentations were further evaluated by an additional experienced 
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surgeon until a consensus was reached. These procedures were repeated until all regions of interest (ROI) for relevant 
lesions were fully identified. Following this process, we utilized computer software to automatically segment the 
rectangular images containing the largest lesioned region.

Deep Learning Models
In this research, our aim was to assess the efficacy of deep learning models in distinguishing between STB and SM. To 
accomplish this, we built models utilizing four widely used neural networks as backbones: Multiscale Vision 
Transformers V2 (MVITV2), EfficientNet-B3, ResNet101, and ResNet34. We adopted the following training parameters: 
200 training cycles, AdamW optimizer, learning rate of 0.0125, and batch size of 32. We leveraged image data from two 
institutions to train and validate our deep learning models. Patients were randomly assigned to either training or 
validation sets, with a ratio of 80% to the former and 20% to the latter set. Data from two other institutions were 
reserved for external testing.

Input images for the model were augmented with random affine transformations, including random translation, 
rotation, flipping, zooming, and scaling, to expand the dataset by a factor of 20. We used a 5-fold cross-validation 
technique to assess the diagnostic performance of the models. We analyzed and compared the diagnostic performance of 
different models using the receiver operating characteristic curve (ROC), the area under the curve (AUC), accuracy 
(ACC), precision, sensitivity, F1 score, and confusion matrix. We used Gradient-Class Activation Maps (Grad-CAM) to 
visualize the high-dimensional semantic features of different neural network models.

Manual Evaluation
Image assessment was blind to the clinical features of the associated patients, including medical history, and laboratory tests. 
Test images were evaluated by two spine surgeons, one with one year of clinical experience (surgeon 1), the other with eight 
years of experience (surgeon 2). They were tasked with producing a diagnosis of spinal tuberculosis or spinal metastasis. We 
computed their accuracy and confusion matrix, and compared them with corresponding results from deep learning models.

Statistical Analysis
This study used Python 3.8 language for coding, and Pytorch for developing deep learning networks. The Scikit-learn 
toolkit was used to implement model comparison and perform related analyses, such as ROC curve plotting and AUC 
calculation. We defined p<0.05 as significant.

Results
Study Participants
We included a total of 121 patients in this study, comprising 54 patients with STB (male/female: 36/18, average age: 44.8 
±14.1 years) and 67 patients with SM (male/female: 36/31, average age: 62.4±12.6 years). Among the 92 patients from 
Tiantan and Chest hospitals, 42 were diagnosed with STB (28 males, 14 females, average age 46.0±14.1 years, 65 
vertebral lesions, 265 lesion images) and 50 with SM (27 males, 23 females, average age 61.8±12.3 years, 75 vertebral 
lesions, 416 lesion images). We randomly allocated 80% of the patients (34 STB and 40 SM) to the training set, and the 
remaining 20% (8 STB patients and 10 SM patients) to the internal validation set. Imaging data of 29 patients (12 STB 
patients with 14 vertebral lesions and 45 lesion images, and 17 SM patients with 19 vertebral lesions and 54 lesion 
images) from JT and XA hospitals were used for the external testing set. As shown in Table 1 and Table 2, age and 
gender ratio differed significantly between groups (P<0.05). Patients with lesions in different spinal regions were 
distributed as follows: 6 cases of cervical vertebrae, 32 cases of thoracic vertebrae, and 29 cases of lumbar vertebrae 
in the SM group; 4 cases of cervical vertebrae, 24 cases of thoracic vertebrae, and 26 cases of lumbar vertebrae in the 
STB group. The primary lesions in the SM group were: 37 cases of lung cancer, 8 cases of breast cancer, and 22 cases of 
other cancers (including liver cancer, prostate cancer, and thyroid cancer).
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Comparison of Diagnostic Accuracy Across Different Deep Learning Models and 
Experienced Surgeons
As shown in Table 3 and Figure 1, the MVITV2 model outperformed all others, achieving an accuracy of 98.68%, 
precision of 98.4%, sensitivity of 98.9%, an F1 score of 98.6%, and an AUC of 0.98. The EfficientNet-B3 model 

Table 1 Patient Characteristics Comparison Between the STB and SM 
Groups

ALL STB SM

Age 54.5 ±15.9 44.8 ±14.1 62.4±12.6

Gender (female/male) 49/72 18/36 31/36

Number of patients in 

different spinal regions

Cervical 10 4 6

Thoracic 56 24 32

Lumbar 55 26 29

Table 2 Comparison the Clinical Characteristics of Training, Validation and External Test Set

Set Group Age Gender (Female/Male)

Training set All (n=74) 55.4 ±15.3 31/43

STB (n=34) 46.6 ±14.8 13/21

SM (n=40) 62.9 ±11.4 18/22

Internal validation set All (n=18) 51.3 ±15.1 6/12

STB (n=8) 43.5 ±10.9 1/7

SM (n=10) 57.6 ±15.5 5/5

External test set All (n=29) 54.2 ±17.9 12/17

STB (n=12) 40.4 ±13.8 4/8

SM (n=17) 63.9 ±13.7 8/9

Table 3 Performances of the DL Models on the Validation and External Test Set

Models Accuracy Precision Sensitivity F1 Score

Internal validation set

Resnet34 81.6 80.7 80.7 80.7

Resnet101 85.5 85.0 84.6 84.8

EfficientNet-B3 96.1 95.7 96.2 95.9

MVITV2 98.7 98.4 98.9 98.6

External test set

Resnet34 78.8 74.0 82.2 77.9

Resnet101 80.8 76.0 84.4 80.0

EfficientNet-B3 85.9 80.4 91.1 91.5

MVITV2 91.9 87.8 95.6 91.5
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came second with an accuracy of 96.1%, precision of 95.7%, sensitivity of 96.2%, an F1 score of 95.9%, and an AUC of 
0.99. It was followed by the ResNet101 model (achieving an accuracy of 85.5%, precision of 85.0%, sensitivity of 
84.6%, an F1 score of 84.8%, and an AUC of 0.90) and the ResNet34 model (accuracy of 81.6%, precision of 80.7%, 
sensitivity of 80.7%, F1 score of 80.7%, and AUC of 0.85).

On the external test set, the MVITV2 model also outperformed all others with an accuracy of 91.9%, precision of 87.8%, 
sensitivity of 95.6%, F1 score of 91.5%, and an AUC of 0.95, as shown in Table 3 and Figure 2. The EfficientNet-B3 model 
achieved an accuracy of 85.9%, precision of 80.4%, sensitivity of 91.1%, an F1 score of 91.5%, and an AUC of 0.91. It was 
followed by the ResNet101 model (achieving an accuracy of 80.8%, precision of 76.0%, sensitivity of 84.4%, F1 score of 

Figure 1 ROC curves for all models on internal validation set.

Figure 2 ROC curves for all models on external test set and surgeon assessment.
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80.0%, and AUC of 0.87) and the ResNet34 model (accuracy of 78.8%, precision of 74.0%, sensitivity of 82.2%, F1 score of 
77.9%, and AUC of 0.86). Additionally, two spine surgeons independently and blindly diagnosed images from the external test 
set, achieving ACC values of 73.7% (surgeon 1) and 88.9% (surgeon 2).

The confusion matrix (Figure 3) and ROC curves show that the neural network models were superior to the level of 
junior resident doctor, and could reach or exceed the level of experienced spine surgeon. We used the Grad-CAM scheme 
to aid visualization of high-dimensional semantic features associated with neural network models. As shown in Figure 4 

Figure 4 Grad-CAM images of different DL models: (A) a SM image, (B) a STB image.

Figure 3 Comparison of results between DL models and surgeons using confusion matrix.
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higher model accuracy is associated with more precise and focused attention onto the vertebral lesioned area and the 
intervertebral disc area.

Discussion
Spinal tuberculosis (STB) and spinal metastases (SM) are common diseases in developing countries, with different 
treatment strategies and outcomes. Early and accurate diagnosis of these conditions is critical for successful intervention. 
As there are no specific clinical symptoms for STB and SM in the early stages, imaging diagnosis plays an important role 
in their differentiation. MRI is the preferred advanced imaging technique to assess the suspicious vertebral lesions before 
proceeding with percutaneous biopsy or other medical intervention. However, for atypical or early lesions, especially 
those that have not formed abscesses or involved intervertebral discs, vertebral body bone destruction and signal changes 
represent the main manifestations on MRI, making differential diagnosis difficult.7,8 In this study, we developed and 
validated deep learning models for discriminating between STB and SM using information from routine T2WI sagittal- 
sequence images of the spine. Our results demonstrate that the deep learning model achieved an accuracy of 91.9% and 
an AUC of 0.95 on the external test set, highlighting the potential clinical utility of this approach in diagnosing spinal 
pathologies. When compared with two spinal surgeons of different seniority levels, the deep learning models demon-
strated diagnostic capabilities that met or exceeded those of experienced spinal surgeons. As a non-invasive technique, 
deep learning-based algorithm can aid young spinal surgeons or primary care physicians in accurately and rapidly 
distinguishing between STB and SM.

In recent years, artificial intelligence (AI) methods have been increasingly applied in the medical field, particularly in 
medical image analysis, with reports of lesion localization, disease diagnosis, tumor classification, and even disease 
progression prediction models based on deep learning or transfer learning.17,18,22,23 Liu et al18 developed a Faster R-CNN 
model that employs MRI images to differentiate between benign and malignant spinal tumors. Similarly, Marentakis 
et al24 demonstrated that deep learning models could predict the histology classification of lung cancer, specifically 
differentiating between adenocarcinoma and squamous cell carcinoma. Li et al25 extracted deep learning features from 
MRI images using ResNet18 and showed that the model can predict the molecular subtypes of gliomas. Furthermore, 
Chen et al26 demonstrated that DL models based on attention mechanisms can accurately distinguish between multiple 
myeloma and spinal metastases. Our recent study showed that deep learning models are capable of identifying the 
primary tumor source of spinal metastases.27 Neural network models emulate the structure and function of human neural 
networks, transforming two-dimensional or three-dimensional medical image data into high-dimensional semantic 
features. By leveraging these features, neural network models can perform tasks such as lesion classification, localization, 
and even pixel-level segmentation. These techniques have broad applications in medical image analysis, including tumor 
detection, organ segmentation, and pathological analysis.28

Deep learning models used for image classification diagnosis in medical applications typically belong to supervised 
learning algorithms.29 During the training process, image data and associated labels (disease categories) are fed to the 
model. In this particular study, four popular deep learning network models were selected for training and validation. 
Among them, ResNet is a CNN that employs residual block structures to address the vanishing gradient problem faced by 
deep neural networks. ResNet101, with its more intricate structure and increased layer count, has the potential to perform 
image tasks more effectively than ResNet34.30 EfficientNet-B3 is a convolutional neural network that scales depth, 
width, and resolution uniformly using a compound coefficient. This optimization leads to a smaller model size and 
reduced computation cost while maintaining high accuracy.31 The MVITV2 model incorporates a multi-head self- 
attention mechanism to capture richer image features, enabling it to achieve state-of-the-art performance on various 
visual recognition tasks. The distinct structures of these models result in different high-dimensional features being 
extracted or selected for the same image sets, which can significantly impact the accuracy of deep learning models. The 
extracted features are crucial in determining the model’s ability to accurately classify and recognize images. In 
comparison to CNNs, MVITV2 can automatically learn more complex and abstract features from raw image data, 
making it particularly effective for tasks such as object detection, semantic segmentation, and image classification.

The Grad-CAM method was utilized in this study to visualize the distinct features of each model. We found that 
models with higher accuracy focused more accurately on the intervertebral disc and vertebral lesion areas. Previous 
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studies have shown that spinal tuberculosis affects vertebral bodies in more than 98% of cases, resulting in destruction of 
vertebral bone (47%) or osteolytic changes (34%), often with concomitant involvement of intervertebral discs.32–34 This 
is because of the vertebral nutrient artery is a terminal artery, and tuberculosis bacillus can easily infiltrate the vertebral 
body through the vertebral artery or venous plexus. While Spinal Metastasis (SM) can also manifest as destruction of 
vertebral bone (osteogenic or osteolytic), it mainly involves the middle and posterior parts of the vertebral bodies and 
vertebral pedicles. They often appear as flattened bone destruction with increased anteroposterior diameter of the 
vertebral body, with intervertebral disc involvement being rare. Focused attention of the neural network to key areas 
of the vertebral body and intervertebral disc is thus critical for successful differentiation.

Previous studies have demonstrated that incorporating clinical features such as gender, age, laboratory indicators, and 
medical history into the model improves its diagnostic efficiency.35 However, the inclusion of different types of spinal 
metastases in various studies, such as the number of breast or prostate cancer patients, can significantly affect the gender 
ratio and age of the population being studied. Additionally, the age and gender ratio for STB and SM are still 
controversial.35–37 Moreover, a history of tumors or tuberculosis is not always reliable: more than 50% of spinal 
tuberculosis patients present no evidence of pulmonary tuberculosis, and 10–45.6% of SM patients show no clear 
evidence of primary cancer.38 Therefore, in our study, we focused more on radiological features and neglected the 
inclusion of clinical information parameters. It was found that, in the absence of disclosed medical history and laboratory 
results, the diagnostic accuracy of deep learning models can reach the diagnostic level of experienced spine surgeon.

This study presents the following limitations. First, the generalization ability of our network models maybe limited by 
the relatively small sample size of our dataset. Further training and validation with larger sample sizes from multiple 
centers are needed. Second, the neural network models developed in this study did not perform lesion localization and 
automatic segmentation. In the future, we therefore plan to expand the functional capabilities of our models. Third, this 
study only included metastatic tumors, leaving out primary spinal tumors, plasmacytoma, and multiple myeloma. In 
future studies, we will expand our sample size and range to enhance the generalization ability of our models.

Conclusion
Deep learning models can be used to distinguish between spinal tuberculosis and spinal metastasis using T2-weighted 
sagittal images. The adoption of DL models not only improves the diagnostic accuracy of spinal surgeons, but also 
enhances work efficiency and reduces medical costs. These findings could potentially facilitate the development of 
computer-aided diagnostic tools, which may reduce unnecessary referrals from community clinics to specialized centers 
and limit the need for unnecessary biopsies.
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