© 2025 JETIR May 2025, Volume 12, Issue 5 www.jetir.org (ISSN-2349-5162)

JETIR.ORG
serie » JOURNAL OF EMERGING TECHNOLOGIES AND

~L“ >a hy

INNOVATIVE RESEARCH (JETIR)

An International Scholarly Open Access. Peer-reviewed, Refereed Journal

LUMBAR SPINE DISEASE DETECTION

Pati Sandeep Reddy, M Rithwik Reddy, Roshan Mahapatra

Student , Student , Student
Computer Science and Engineering,
Sreenidhi Institute of Science and Technology, Hyderabad, India

Abstract: This study proposes an Al-powered diagnostic system for detecting lumbar spine diseases using deep learning. The
system addresses challenges such as prolonged diagnostic times, inter-observer variability, and limited access to specialists by
leveraging a fine-tuned ResNet-18 model to analyze MRI scans. Key features include multi-class severity classification
(Normal/Mild, Moderate, Severe), an interactive medical Al for real-time consultations, and a user-friendly web interface. The
model achieved 92% overall accuracy, with sensitivity and specificity exceeding 0.91, demonstrating its potential to streamline
workflows and improve patient outcomes in clinical settings.

IndexTerms — Deep Learning, Medical Imaging, Lumbar Spine, ResNet-18, Diagnostic Automation.

. INTRODUCTION

The diagnosis of lumbar spine diseases, such as Spinal Canal Stenosis, Neural Foraminal Narrowing, and Subarticular Stenosis,
is critical for effective patient management, yet it remains fraught with challenges in accuracy, efficiency, and accessibility.
Traditional diagnostic workflows rely heavily on manual interpretation of lumbar spine MRI scans by radiologists, a process that
consumes 30—45 minutes per case and is susceptible to inter-observer variability rates of 15-20% (Litjens etal., 2017). This variability
often stems from the subjective nature of qualitative assessments, where subtle anatomical anomalies may be overlooked or
misclassified. Compounding these issues are systemic constraints, including rising patient volumes, limited availability of specialized
radiologists, and geographic disparities in healthcare access, particularly in rural and underserved regions. These factors contribute
to prolonged waiting times, delayed treatments, and escalating healthcare costs, underscoring the urgent need for innovative solutions
to augment clinical workflows.

Recent advancements in artificial intelligence (Al) and deep learning have demonstrated transformative potential in medical
imaging, offering tools to automate complex diagnostic tasks while maintaining high precision. Convolutional Neural Networks
(CNNSs), such as ResNet architectures, have emerged as particularly effective for image classification, leveraging hierarchical feature
extraction to identify pathological patterns in MRI scans (He et al., 2016). Despite these advancements, the application of Al to
lumbar spine imaging remains underexplored, with few systems addressing multi-class severity grading or integrating interactive
decision-support tools for clinicians.

This study introduces an Al-powered diagnostic system designed to address these gaps. The system employs a fine-tuned ResNet-
18 model to analyze lumbar spine MRI scans, classifying three primary conditions—Spinal Canal Stenosis, Neural Foraminal
Narrowing, and Subarticular Stenosis—into severity categories (Normal/Mild, Moderate, Severe) with 92% overall accuracy. Beyond
detection, the system incorporates an intelligent medical specialist Al capable of simulating real -time consultations through natural
language processing (NLP), providing clinicians with contextual insights and tailored treatment recommendations. A modern web
interface further enhances accessibility, enabling rapid image uploads, dynamic visualizations of results, and seamless integration
into existing clinical workflows.

The development of this system is driven by three core objectives:

1. Automating Diagnostic Workflows: Reducing manual analysis time from 45 minutes to under 3 seconds per scan, thereby
alleviating radiologist workloads and diagnostic backlogs.

2. Standardizing Diagnoses: Mitigating inter-observer variability through quantitative, data-driven assessments of MRI
scans.

3. Improving Accessibility: Enabling remote diagnostics viaa cloud-based platform, particularly for regions lacking specialist
expertise.

The significance of this work lies in its holistic approach to addressing both technical and practical challenges in lumbar spine
diagnostics. By combining state-of-the-art deep learning with user-centric design, the system not only enhances diagnostic accuracy
but also democratizes access to advanced medical imaging analysis. Furthermore, the integration of explainable Al (XAl) techniques
ensures transparency in decision-making, fostering trust among healthcare providers.

The remainder of this paper is structured as follows: Section Il details the methodology, including model architecture, training
protocols, and system integration. Section Il presents performance metrics and comparative analyses, while Section 1V discus ses
clinical implications and future directions. This work contributes to the growing body of research on Al in radiology, offering a
scalable solution to improve patient outcomes in spinal healthcare.
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PROBLEM STATEMENT

The diagnosis of lumbar spine conditions presents several significant challenges that hamper effective patient care and treatment.
This section outlines the primary issues encountered in the diagnostic process

TIME AND RESOURCE CONSTRAINT

One of the most pressing challenges is the time required for manual analysis of MRI scans. Radiologists typically spend 30 to 45
minutes per case interpreting images, which can lead to significant delays, especially in high volume settings. As patient numbers
continue to rise, the backlogs increase, resulting in longer waiting times for diagnosis and treatment. Additionally, the limited
availability of specialized radiologists exacerbates these time constraints, further straining healthcare resources and contributing to
escalating healthcare costs

DIAGNOSTIC VARIABILITY

Another critical issue is the diagnostic variability that arises from human interpretation. Studies have shown that inter-observer
variability among radiologists can range from 15% to 20%, leading to inconsistent severity assessments and potential misdiagnoses.
The subjective nature of image interpretation means that subtle conditions may be overlooked or misclassified, undermining the
reliability of diagnoses. This variability is often compounded by a lack of standardized quantitative measurements, making it difficult
to ensure uniformity in diagnostic practices across different healthcare providers.

ACCESSIBILITY ISSUES

Accessibility to spine specialists remains a significant barrier to effective diagnosis and treatment. In many rural areas, patients
face limited access to specialists, resulting in long wait times for consultations. Geographic disparities in healthcare quality further
complicate matters, as patients in underserved regions may not receive the same level of care as those in urban centers. These issues
are often exacerbated by the high costs associated with specialist consultations, which can deter patients from seeking necessary
medical attention

TECHNICAL LIMITATIONS

Lastly, the technical limitations surrounding MRI image analysis contribute to the challenges faced in diagnosing lumbar spine
conditions. The complexity of image preprocessing is a significant hurdle, as different image formats and quality levels can affect
diagnostic outcomes. Furthermore, the lack of automated analysis tools means that radiologists often rely on manual processes, which
are not only time-consuming but also prone to human error. Additionally, the integration of advanced imaging systems with existing
healthcare infrastructures remains a challenge, limiting the potential for widespread adoption of innovative diagnostic technologies.
Addressing these challenges through the implementation of an Al-powered diagnostic system could significantly improve the
efficiency, accuracy, and accessibility of lumbar spine condition diagnoses, ultimately enhancing patient care and outcomes.

Il. OBJECTIVES

The primary objectives of the Al in Lumbar Spine Imaging project are centered around the development of an advanced diagnostic
system that leverages artificial intelligence to enhance the analysis of lumbar spine MRI scans. These objectives aim to address key
challenges faced in the current diagnostic landscape, ensuring improved accuracy, efficiency, and accessibility for healthcare
professionals and patients alike.

DEVELOPMENT OF Al ANALYSIS SYSTEM
The first objective is to create a robust Al analysis system capable of accurately detecting and classifying various lumbar spine
conditions. This involves:

» Building a Deep Learning Model: Implementing a fine-tuned ResNet-18 architecture that achieves over 90% accuracy in
the detection and classification of three primary spinal conditions: Spinal Canal Stenosis, Neural Foraminal Narrowing, and
Subarticular Stenosis.

» Multi-Class Severity Assessment: Developing a system that not only identifies conditions but also categorizes their severity
into Normal/Mild, Moderate, and Severe, providing a comprehensive overview of the patient's condition.

» Probability Scoring System: Implementing a reliable scoring mechanism that quantifies the likelihood of each condition,
allowing for better-informed clinical decisions

INTEGRATION OF MEDICAL SPECIALIST Al
Another key objective is to integrate an intelligent medical specialist Al into the system, which enhances the functionality and
usability of the diagnostic tool:
» Natural Language Processing: Utilizing advanced NLP techniques to facilitate context-aware medical consultations,
enabling the Al to interpret queries and respond with relevant medical insights.
> Interactive Consultations: Designing an interactive interface where healthcare professionals can engage in real -time
discussions with the Al, receiving detailed interpretations of results and tailored treatment recommendations.
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» Comprehensive Reporting: Generating thorough diagnostic reports that summarize findings, probability assessments,
and suggested next steps in patient management.

USER INTERFACE DEVELOPMENT
The final objective focuses on the development of an intuitive user interface that ensures ease of use for healthcare providers:

» Web Interface Design: Creating a modern, user-friendly web interface that allows for seamless image uploads, real-
time processing, and easy navigation through results and reports.

»  Responsive Design: Ensuring that the interface is accessible across various devices, accommodating the needs of users
in different healthcare settings.

» Interactive Visualization Tools: Implementing dynamic visualization features that enhance the interpretation of MRI
scans and the corresponding Al-generated results, facilitating better communication of findings to patients and
colleagues. Through these objectives, the project aims to significantly improve the diagnostic processes for lumbar
spine conditions, ultimately enhancing patient care and outcomes in the healthcare system

I1l. LITERATURE REVIEW

TRADITIONAL METHODS IN SPINE CONDITION ANALYSIS

Traditionally, the diagnosis of lumbar spine conditions such as Spinal Canal Stenosis and Neural Foraminal Narrowing has relied
on manual interpretation of MRI scans by radiologists. This process involves qualitative assessments based on anatomical land marks,
visual grading of stenosis severity, and subjective clinical judgment. Studies highlight significant limitations in this approach,
including inter-observer variability rates of 15-20% (Litjens et al., 2017), leading to inconsistent diagnoses. For instance, subtle
anatomical changes or early-stage conditions are often misclassified due to the lack of standardized quantitative metrics. Additionally,
the labor-intensive nature of manual analysis—requiring 30-45 minutes per scan—creates bottlenecks in high-volume clinical
settings, delaying patient care and increasing healthcare costs.

DEEP LEARNING IN MEDICAL IMAGING

The advent of deep learning (DL) has revolutionized medical imaging, offering automated, data-driven solutions to overcome
traditional limitations. Convolutional Neural Networks (CNNs), particularly architectures like ResNet (He et al., 2016) and DenseNet,
have become cornerstones for image classification tasks. ResNet’s residual connections mitigate vanishing gradient problems,
enabling deeper networks without compromising training stability. Transfer learning has further accelerated adoption, allowing
models pre-trained on large datasets (e.g., ImageNet) to be fine-tuned for medical applications with limited annotated data (Litjens
et al., 2017). For example, ResNet-18, with its balance of depth and computational efficiency, has been widely adopted for MRI
analysis, achieving accuracies exceeding 90% in detecting spinal pathologies (Zhang et al., 2022).

Current Al Applications in Spine Condition Analysis

Recent studies demonstrate the efficacy of Al in spine imaging. Zhang et al. (2022) developed a CNN-based system for lumbar
spine MRI analysis, achieving 92% accuracy in classifying stenosis severity. Key advancements include:

1. Multi-Class Severity Grading: Al models categorize conditions into Normal/Mild, Moderate, and Severe, providing
granular insights for treatment planning.

2. Integration with NLP: Systems like IBM Watson Health leverage natural language processing to generate contextual
reports and simulate clinician consultations, enhancing decision-making (Wang et al., 2023).

3. Real-Time Processing: Modern frameworks such as PyTorch and TensorFlow enable GPU-accelerated inference,
delivering results in under 3 seconds (PyTorch Documentation, 2023).

Despite these advancements, challenges persist. Most existing systems focus on binary classification (e.g., presence/absence of
stenosis) rather than multi-class severity assessment. Additionally, interoperability with hospital EHR systems remains limited,
hindering widespread clinical adoption.

Gaps Addressed by This Work

This project bridges critical gaps in the literature by:

1. Implementing a fine-tuned ResNet-18 model for multi-class severity classification (Normal/Mild, Moderate, Severe).

2. Integrating an NLP-driven medical Al for interactive consultations and personalized reporting.

3. Ensuring compatibility with DICOM and standard image formats, addressing technical limitations in existing tools.

The system’s 92% overall accuracy and sub-3-second processing time (see Table 1) demonstrate its potential to outperform
traditional methods and existing Al solutions.

Metric Traditional Existing Al
Accuracy 80-85% 88-90%
Processing Time 30-45 minutes 5-10 seconds

Table 1: Performance comparison across diagnostic methods.
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IV. METHODOLOGY

SYSTEM ARCHITECTURE

The architecture of the Al-powered lumbar spine disease detection system is composed of two primary components: the frontend
and backend systems, each designed to ensure seamless interaction between users and the underlying Al technologies.

Frontend Development
The frontend is developed using modern web technologies, specifically leveraging HTML5 and CSS3 for layout and design,
while JavaScript enhances interactivity. The Ul adopts a glass morphism design, creating a visually appealing interface that allows
users to upload images easily and view results in real-time. The web application is responsive, ensuring optimal usability across
various devices, including smartphones and tablets.
Key functionalities include:
> Image Upload System: Users can upload MRI scans in both DICOM and standard image formats.
» Real-Time Result Visualization: As images are processed, users receive immediate feedback, accompanied by
interactive visualizations that represent the Al-generated diagnostic results.

Backend Imple mentation
The backend is built on Flask, a lightweight web framework for Python. This component is responsible for managing user requests,
processing images, and interfacing with the Al model. The backend architecture includes:
» Flask Server: Handles incoming requests and routes them to appropriate functions for processing.
> Image Processing Script: Prepares uploaded images by converting them into a format suitable for analysis by the Al
model.
» Model Inference Logic: Executes the Al model to generate predictions based on the processed images

MODEL ARCHITECTURE
The core of the system lies in its deep learning model, specifically the fine-tuned ResNet-18 architecture. ResNet-18 is chosen
for its ability to effectively handle image classification tasks while mitigating issues like vanishing gradients through residual
connections.
The model is trained to detect and classify three spinal conditions, outputting predictions for each class along with a probability score
indicating the severity of the condition.
» Model Training: The model undergoes rigorous training with a diverse dataset of lumbar spine MRI scans, using data
augmentation techniques to enhance robustness. Multi-Class Classification: Each predicted condition is categorized into
severity levels: Normal/Mild, Moderate, and Severe.

IMAGE PROCESSING PIPELINE
The image processing pipeline is crucial for ensuring the quality of input data fed into the Al model. This pipeline includes several
steps:
1. Preprocessing: Images are resized to 224x224 pixels and normalized to standardize their pixel values.
2. Quality Checks: Automatic assessments are performed to ensure that images meet predefined standards, filtering out
suboptimal scans that could lead to inaccurate predictions.

MEDICAL SPECIALIST Al INTEGRATION
The integration of an intelligent medical specialist Al enhances the system's interactivity and usefulness. This Al component
employs advanced natural language processing techniques to enable real-time consultations.

Key features include:

1. Context-Aware Interactions: The Al engages users in dynamic dialogues, interpreting medical inquiries and providing
relevant insights based on the diagnostic results.

2. Detailed Result Interpretation: The Al can generate comprehensive reports summarizing the findings and suggesting
potential treatment paths, enhancing the healthcare provider's decision-making process.

Through this multifaceted methodology, the project aims to create a robust Al-powered diagnostic system that significantly
streamlines the analysis of lumbar spine MRI scans while improving accuracy, efficiency, and accessibility for healthcare
professionals.

IMPLEMENTATION

The implementation of the Al-powered lumbar spine disease detection system involves several critical components, including
software requirements, core technologies, key libraries, and detailed code implementation strategies that ensure optimal performance
and functionality.

SOFTWARE REQUIREMENTS

The successful deployment of the system necessitates specific software configurations, including: Core Technologies:

* Python 3.8+: The primary programming language used for developing the backend and Al model. Flask 2.0+: A web framework
that facilitates the development of the web server and API endpoints.

» CUDA 11.0+: Required for GPU acceleration to enhance model training and inference speeds.

Key Libraries:
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* PyTorch 1.9+: The deep learning library for building and training the AI model. Albumentations: For advanced image
augmentations during preprocessing. Timm: Contains pre-trained models, including the ResNet architecture used in this project.

* Pydicom: To handle DICOM image formats critical for medical imaging. NumPy and Pandas: For numerical operations and data
manipulation. Matplotlib and Seaborn: For visualizing results and performance metrics.
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Figure 1. System Architecture

V. RESULTS AND DISCUSSION
The performance of the Al-powered lumbar spine disease detection system has been rigorously evaluated, yielding promising
results across various metrics. This section outlines the accuracy metrics for each spinal condition, including sensitivity,
specificity, precision, and F1-score, while also incorporating relevant flowcharts and visual data representations to enhance
understanding.

MODEL PERFORMANCE METRICS

The Al system was tested on a comprehensive dataset of lumbar spine MRI scans, specifically targeting three primary conditions:
Spinal Canal Stenosis, Neural Foraminal Narrowing, and Subarticular Stenosis. The results are summarized in the table below

C N T

Spinal Canal Stenosis 93%

Neural Foraminal Narrowing  91% 0.92 0.93 0.90 0.91
Subarticular Stenosis 92% 0.93 0.94 0.91 0.92
Overall Performance 92% 0.91 0.93 0.92 0.92

DISCUSSION OF RESULTS

Accuracy: The overall accuracy of the system stands at 92%, indicating a robust capability in correctly diagnosing lumbar spine
conditions. Each condition shows strong individual performance, particularly Spinal Canal Stenosis, which achieved an accuracy
of 93%.

Sensitivity and Specificity: Sensitivity values, ranging from 0.91 to 0.94, demonstrate the model's effectiveness in correctly
identifying positive cases. Specificity scores above 0.92 further reinforce the system's reliability in ruling out negative cases, crucial
for minimizing false diagnoses.

Precision and F1-Score: The precision metrics highlight the system’s ability to return true positive results among all positive
predictions, with values reaching up to 0.92. The F1-score, a harmonic mean of precision and recall, reinforces the model's balanced
performance across conditions, ensuring that both false positives and negatives are minimized.
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To provide a visual representation of the model's performance, below is a heatmap that illustrates the severity predictions for each
condition: This heatmap displays the probability distributions for the detected conditions across various severity levels
(Normal/Mild, Moderate, Severe), allowing for a clear interpretation of the Al's diagnostic outputs. The results fromthe Al-powered
system demonstrate a significant advancement in the diagnostic capabilities for lumbar spine diseases, promising enhanced acc uracy
and efficiency in clinical settings. The integration of deep learning techniques not only streamlines the diagnostic process but also
supports healthcare professionals in making informed decisions for patient management.

DATA VISUALIZATION

CONCLUSION

The Al-powered lumbar spine disease detection system represents a transformative leap in the field of medical diagnostics,
particularly for conditions affecting the lumbar spine. By harnessing advanced deep learning techniques, this project addresses
critical challenges faced by healthcare professionals, such as lengthy diagnostic times, inter-observer variability, and accessibility
issues. The significant accuracy achieved—92% across primary conditions—underscores the reliability of this system, positioning
it as a valuable tool in contemporary medical practice. The integration of an intelligent medical specialist Al further enhances the
system's effectiveness by providing real-time consultations and personalized treatment recommendations. This interactive
component not only improves the user experience for healthcare providers but also empowers them with insights that can lead to
better patient outcomes. Moreover, the user-friendly web interface facilitates seamless image uploads and dynamic result
visualizations, making the system accessible to a broader range of users, including those in remote or underserved areas. This
accessibility is paramount, as it helps bridge the gap between patients and specialized care, ensuring timely intervention for spinal
conditions. As the healthcare landscape continues to evolve, the potential impact of this Al-based diagnostic tool extends beyond
mere accuracy; it promises to streamline workflows, reduce costs associated with prolonged diagnostic processes, and enhance the
overall quality of care provided to patients with lumbar spine diseases. By fostering a more efficient and reliable diagnostic
environment, this project sets a precedent for future innovations in medical imaging analysis and Al applications within heal thcare.

FUTURE WORK

The Al-powered lumbar spine disease detection system has established a solid foundation for improving diagnostic accuracy and
efficiency. However, several avenues for future improvements and extensions can enhance its capabilities and usability further.
These enhancements aim to address both the technical and user experience aspects of the system, ultimately contributing to better
patient care.
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ENHANCED MODEL TRAINING

Expanding the Dataset: Increasing the diversity and volume of the training dataset can improve the model's robustness.
Incorporating images from various demographics and clinical settings will help the model generalize better and reduce biases
associated with specific populations.

Transfer Learning with More Models: Exploring other state-of-the-art architectures, such as EfficientNet or DenseNet, could
yield better performance compared to ResNet-18. These models may offer improved accuracy and efficiency, especially when
finetuned on the dataset.

Continuous Learning: Implementing a continuous learning framework where the model is regularly updated with new data can
enhance its predictive capabilities over time. This approach ensures the model adapts to emerging trends in medical imaging and
diagnostics.

USER INTERFACE IMPROVEMENTS

Mobile Application Development: Developing a mobile application version of the web interface can increase accessibility for
healthcare providers, allowing them to analyze MRI scans and receive diagnostic results on the go.

Customizable Dashboards: Offering users the ability to customize their dashboards can enhance user experience. Features could
include personalized settings for displaying results, preferred metrics, and quick access to frequently used functionalities. Enhanced
Visualization Tools: Integrating advanced visualization techniques, such as 3D representations of MRI scans, could provide deeper
insights into the spinal conditions diagnosed, aiding healthcare professionals in their assessments.

INTEGRATION WITH HEALTHCARE SYSTEMS

Interoperability with Electronic Health Records (EHR): Developing APIs to integrate seamlessly with existing EHR systems
would facilitate data sharing and improve workflow efficiency in clinical settings. This integration can streamline the process of
patient management from diagnosis to treatment.

Telemedicine Capabilities: Incorporating telemedicine features would enable remote consultations with specialists. This allows
for collaborative decision-making among healthcare providers, enhancing patient care even in remote areas.

Automated Reporting Systems: Implementing automated report generation that includes detailed analyses and recommendations
can save time for healthcare professionals, allowing them to focus on patient interaction rather than administrative tasks.

RESEARCH AND DEVELOPMENT

Longitudinal Studies: Conducting longitudinal studies to assess the long-term impact of Al-assisted diagnostics on patient
outcomes will provide valuable insights into the effectiveness and reliability of the systemin real world settings.

Patient Feedback Mechanisms: Establishing a feedback loop from both patients and healthcare providers can identify areas for
improvement and provide insights into user satisfaction, ultimately guiding future development efforts.

Exploration of Additional Conditions: Expanding the system to include the analysis of additional spinal conditions or related
disorders could enhance its utility, making it a more comprehensive diagnostic tool in spinal health. By pursuing these future work
initiatives, the Al-powered lumbar spine disease detection system can evolve into an even more powerful tool for healthcare
professionals, ultimately leading to improved diagnostic accuracy, efficiency, and patient care.
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