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Abstract 

Radiographs are the most common imaging tool for identifying spinal lesions. The detection of these 

lesions can be challenging for radiologists. This work details the development and evaluation of a 

deep learning framework, named HealNNet-Lesions, for the detection of spinal lesions. It also 

explores the use of artificial intelligence and deep learning to potentially serve as an alternative for 

diagnosis and initial screening of specific findings in radiology instead of expensive and less 

accessible Magnetic Resonance Imaging (MRI) and Computed Tomography (CT) scans with more 

affordable and accessible X-ray scans, particularly in rural and sub-urban India and other low-middle 

income countries (LMICs). A training dataset was constructed using 4502 Spine X-ray images from 

the VinDr-SpineXR Dataset. This dataset included findings in eight categories, six of which were 

unique spinal lesions, along with "Other Lesions" and "No Finding" categories. Using this dataset, a 

deep learning classifier was trained to determine if a spine scan was abnormal or normal, and a 

detector, named HealNNet-Lesions, was also trained to localize the lesions. The classifier was 

evaluated on a test dataset of 468 X-ray scans and achieved an area under the receiver operating 

characteristic curve (AUROC) of 88.84% and an accuracy of 71.37% for the image classification task. 

For lesion detection, HealNNet-Lesion achieved a mean average precision (mAP@0.5) of 43.73%. 

Since spinal lesions often require MRI and CT scans for their diagnosis, this framework demonstrates 

how deep learning can reduce the need for these expensive and less accessible imaging methods by 

supporting clinical decision-making where MRI/CT are unavailable with an X-Ray. These results 

establish a benchmark and serve as a proof of concept to encourage future research in this area. 

Keywords: Spine X-rays · Classification · Detection · Deep learning 

 

1. Introduction 

1.1. X-Ray Interpretation for Spinal Lesion 

Conventional radiography or X-ray are used for assessment of spinal lesions [4]. It has been the 

most widely-used tool used to identify and monitor various abnormalities of the spine. In clinical 

practice, radiologists usually interpret and evaluate the spine on X-ray scans stored in Digital 

Imaging and Communications in Medicine (DICOM) standard. Abnormal Findings indicate a 

difference in the appearance of lesions compared to normal areas. Sometimes these differences can 

be very small or negligible. This makes diagnosis of spinal lesions complex and time-consuming. 

The swift progress in machine learning, particularly in deep neural networks, has shown 

significant promise in detecting diseases through medical imaging data [3]. This study presents 

HealNNet-Lesions, a deep learning-based computer-aided diagnosis (CAD) framework. The system 

is designed to classify and localize abnormal findings from spine X-rays, aiming to enhance the 

efficiency and accuracy of clinical diagnosis and treatment. The development and validation of 

HealNNet-Lesions are conducted using VinDr-SpineXR dataset, where radiologist annotations serve 
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as the ground truth [1]. This research contributes to the integration of advanced computational 

systems into daily clinical routines. 

1.2. Contributions 

There are two major contributions of this work. First, we develop and evaluate HealNNet-

Lesions – a deep learning framework that is able to classify and localize multiple spinal lesions. 

Second, we explore how AI and deep learning can help in replacing MRI or CT scans with X-Rays as 

the diagnosis of some specific spinal lesions and other medical diseases require an MRI or CT scans 

in some conditions [4], which are far less accessible and more expensive than an X-Ray, especially in 

context of many low-middle income countries like India [5,6]. HealNNet-Lesions demonstrates that 

some spinal lesions, which might otherwise require an MRI or CT for diagnosis, can be successfully 

detected, from X-rays using a deep learning framework. 

2. Proposed Method 

2.1. The Framework 

The proposed deep learning framework (see Figure 1) shows (1) a classification network, which 

accepts a spine X-ray as input and classifies it as normal or abnormal. (2) a detection network that 

predicts the location of abnormal findings. If implemented in clinical practice, the classification 

network can speed up segregation of patients between those who possess an abnormal finding and 

those who do not. The detection network, HealNNet-Lesions, can further find abnormalities in scans 

of patients who were classified as abnormal. The DL framework proposed does not follow this 

approach and primarily focuses on separate and standalone detection and classification networks. 

The detection network identifies and draws bounding boxes around all lesion detected. 

 

Figure 1. Overview of the two deep learning models developed. The Binary Classifier takes input as spine scan, 

and predicts the probability of it being abnormal. The detector, HealNNet-Lesions, takes the same type of input 

and provides bounding boxes along with prediction of abnormal findings. The text ‘HealNNet’ on top-right is a 

logo for visual and creative illustration only. 
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2.2. Dataset 

Data Collection Spine X-ray with annotation of spinal lesions is required to develop a lesion 

detection and classification system. The data was collected from the VinDr-SpineXR Dataset [1,2]. 

The original dataset has more X-ray images than used in the development for this work. A total of 

4502 X-ray images were used to train the detection and classification network and a total of 468 

images for the testing dataset which was used to evaluate the deep learning network. To keep 

Protected Health Information (PHI) secure, all patient-identifiable information associated with the 

images was removed in the dataset. [1]. 

Data Annotation In the VinDr-SpineXR dataset, all the images were already annotated. For the 

part of the dataset that was used develop this deep learning network, No. of annotations represent 

total annotations in each category, as there can be multiple annotation in a single image. The data 

characteristics including number of images used from each category in the training data is 

summarized in Table 1 and for testing data, it is in Table 2. 

Table 1. 

Lesion Type No. of X-ray Images No. of Annotations 

Other Lesions 108 128 

Osteophytes 678 2683 

Spondylolisthesis 257 289 

Disc space Narrowing 602 924 

Foraminal stenosis 271 387 

Surgical implant 18 27 

Vertebral collapse 28 35 

No finding 3491 NA (Same as No. of X-Ray 

Images) 

Table 2.  

Lesion Type No. of X-ray Images No. of Annotations 

Other Lesions 0 0 

Osteophytes 154 609 

Spondylolisthesis 62 69 

Disc space Narrowing 148 231 

Foraminal stenosis 60 95 

Surgical implant 0 0 

Vertebral collapse 0 0 

No finding 234 NA (Same as No. of X-Ray 

Images) 

3. Model Development 

The object detection framework was utilized for automated lesion detection in spinal X-Ray 

scans. The architecture is based on Faster R-CNN with a ResNet-50 backbone [9] and Feature Pyramid 

Network (FPN), implemented using PyTorch [15] and TorchVision [16]. Faster R-CNN operates as a 

two-stage detector: the Region Proposal Network (RPN) first generates candidate object regions, 

followed by a region-of-interest (ROI) head that classifies these regions and refines their bounding 

box coordinates. The ResNet-50 backbone, pre-trained on ImageNet [8], serves as a robust feature 
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extractor, while the FPN enhances multi-scale feature representation, improving detection 

performance for lesions of varying sizes. 

To adapt the model for the specific application, the final classification head was replaced to 

accommodate eight custom classes, corresponding to different lesion types and a "No finding" 

category. The model was initialized with pre-trained weights and subsequently fine-tuned on a 

custom dataset, which follows the COCO format [10] and includes precise bounding box annotations 

for each lesion. Images were pre-processed by converting them to RGB and normalized to match the 

requirements of the pre-trained backbone. During training, stochastic gradient descent was used for 

optimization, and data augmentation techniques such as random horizontal flipping were applied to 

improve generalization and data imbalance handling. 

4. Evaluation and Results 

The model was evaluated on a test set of spinal X-ray images with COCO-format annotations. 

Each image was preprocessed and passed through the trained Faster R-CNN with ResNet-50 FPN. 

Predictions included bounding boxes, class labels, and confidence scores. 

Quantitative performance for the localization model was measured using mean Average 

Precision (mAP) at an IoU threshold of 50%, computed with the torchmetrics library. The Classifier 

demonstrates an area under the receiver operating characteristic curve (AUROC) of 88.84% and an 

Accuracy of 71.37% for the image classification task. For HealNNet-Lesion, mean average precision 

(mAP@0.5) of 43.73% for the lesion localization task. These results serve as a PoC (Proof of Concept) 

for further work in this direction. 

5. Accessibility and Affordability of MRI and CT in LMICs 

The widespread reliance on Magnetic Resonance Imaging (MRI) and Computed Tomography 

(CT) as the gold standards for diagnosing a multitude of spinal pathologies. Many findings including 

but not limited to, Compression fracture [11], Osteoporosis [12], Spinal stenosis [13], Degenerative 

Disc Disease [14] etc. may require an MRI or CT scan for diagnosis. The proposed model is designed 

to detect findings associated with the aforementioned conditions, such as Compression fracture, 

Osteoporosis, and others. The implementation of such deep learning models trained on a large 

enough dataset, thus, achieving a good performance may help in diagnosis or initial screening of 

such findings through X-Rays rather than an MRI or CT scan. Deep learning frameworks can help 

recognize patterns that are too small to be noticed by physicians. Although, it is X-Rays have their 

limitation including lack of soft tissue visualization, particularly in critical structures such as discs, 

ligaments, and the spinal cord [17].  In Low-and Middle-Income Countries (LMICs) the high capital 

and operational costs of MRI and CT scans severely limit their availability. Research highlights a 

substantial deficit in number of MRI machines per capita in these regions, with specific data from 

India illustrating this disparity where the number of MRI Machines per million people in India was 

3, far less than countries like USA and Japan with 55 and 40 machines per million people respectively 

[6]. The cost of MRI and CTs are very high, a paper analysing the costs of MRI and CT scans in a 

hospital in India demonstrates how the patient charge of MRI and CT scans is around 2500 INR and 

900 INR respectively [7], posing a significant economic burden on for an average person in India. 

This is true for most of the LMICs, the costs for MRIs pose an economical challenge considering how 

expensive they are [5]. 

6. Conclusions 

This paper presents HealNNet-Lesions, a deep learning framework that successfully detects 

spinal lesions from X-ray images, achieving an AUROC of 88.84% and an Accuracy of 71.37% for the 

classification network and a mAP@0.5 of 43.73% for the detection network. By demonstrating the 

potential to diagnose complex spinal issues from more accessible X-rays, this work serves as a proof 

of concept for using Deep Learning to create affordable diagnostic tools. Although, X-Ray images do 
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have their limitations compared to MRI and CTs, more performant deep learning networks for 

medical diagnosis trained on X-Ray images can allow for diagnosis or initial screening of such 

findings. The results set a benchmark demonstrating that in future, with a larger and more relevant 

dataset, more performant deep learning networks can be created for medical diagnosis. This work is 

particularly significant for improving healthcare accessibility and reducing the financial burden of 

expensive MRI and CT scans in LMICs. 
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