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Abstract— Ankylosing spondylitis (AS) is a chronic inflammatory arthritis that mainly affects
the spine and sacroiliac (SI) joints. AS causes severe pain and stiffness, which can greatly limit a
person's ability to perform daily activities. Early diagnosis of AS is important for effective
treatment and to prevent or delay irreversible damage. However, due to the rarity of the disease
and the lack of available data, developing accurate diagnostic tools remains a challenge. AS
patients are frequently misdiagnosed due to the lack of awareness about AS and the
overlapping symptoms with other common conditions. In this research, we propose a method
for the early diagnosis of ankylosing spondylitis using MRI scans of the Sl joint. Given the
limited dataset available for AS, we use transfer learning techniques to leverage knowledge
from a large dataset of sacroiliitis MRI scans, which may not necessarily be caused by AS.
Specifically, we fine-tune a pre-trained model, originally trained to classify a diverse set of
arthritis cases as sacroiliitis or not, to better recognize AS-specific patterns in the Sl joint MRI
images. Our approach has achieved an accuracy of 96%. Being able to detect and differentiate
AS from other similar conditions, among which it is often misdiagnosed, represents a significant
advancement in the diagnosis of AS.

Index Terms—Ankylosing Spondylitis, Transfer Learning, Medical Image Classification,
Magnetic Resonance Imaging.

|. INTRODUCTION

Ankylosing spondylitis (AS) is a chronic condition that causes inflammation primarily in the spine and sacroiliac
joints (SI). It's known for its distinctive: inflammatory lower back pain that often worsens with rest and improves
with activity. Despite this, AS is frequently misdiagnosed, leading to significant delays in getting the right
treatment in time. The cause for this disease is still unknown although genetics, particularly the HLA-B27 gene,
play a role, environmental factors also contribute. One of the biggest hurdles in diagnosing AS is the time it
takes to confirm diagnosis, which can average between 8 to 11 years from when symptoms first appear. Several
reasons contribute to this delay, including the gradual onset of symptoms, which can be mistaken for typical
back pain, especially in the early stages. Many healthcare providers may not be familiar with AS to recognize its
symptoms, particularly in primary care settings. Most people are not familiar with rheumatologists and do not
reach the right specialist for their disease. Traditionally, X-rays have been the method for diagnosing AS,
focusing on structural changes in the sacroiliac joints and spine. However, X-rays often miss the early signs of
inflammation in the SI joint. MRI scans can pick up on subtle inflammatory changes, even before structural
damage occurs.
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This early detection can help treatment decisions and potentially prevent or delay irreversible damage. The
power of artificial intelligence (Al) can be harnessed for AS diagnosis. Al classifiers, trained on vast amounts of
data, can identify patterns and abnormalities in MRI scans that might be missed by the human eye. By
combining these Al insights with patient symptoms and medical history, healthcare providers can make more
informed decisions, potentially speeding up diagnosis and treatment. Al will enhance but not replace, the skills
of experienced healthcare professionals. Diagnosing AS early is crucial for preventing long-term complications,
delaying progression of disease, and improving quality of life. Advancements in Al technology, hold significant
potential for speeding up diagnosis and getting patients the treatment, they need. By raising awareness about the
disease and using innovative tools, we can reduce diagnosis time and improve quality of life for those who are
living with AS.

A. Literature review

In recent literature, various studies have explored the diagnosis of diseases using MR images [7-11].
Specifically, research focused on ankylosing spondylitis (AS) includes Han et al. [12], who developed an
automated algorithm using MRI for quantifying and grading AS and hip arthritis. This deep learning-based
system identifies inflammatory regions and evaluates severity levels in MRIs. The algorithm reported accuracies
of 85.7%, distinguishing between grades of bone marrow edema. Navarani et al. [13] explored the effectiveness
of machine learning in assessing cardiovascular risks in AS patients. Li et al. [12] introduced an Al-based system
for the diagnosis and treatment of AS, employing an ensemble deep learning model. Zunti et al. [14] used
medical imaging, specifically CT scans, with machine learning to detect erosion, an early indicator of AS. Lin et
al. [15] applied a deep learning algorithm using STIR sequences in MRIs to detect active inflammatory
sacroiliitis, involving 326 patients diagnosed with axial spondylarthritis and 63 with non-specific back pain. The
algorithm matched a radiologist's sensitivity and specificity and surpassed the performance of a rheumatologist,
confirming its potential for diagnosing SA and assessing disease activity. Bressem et al. [16] employed an
artificial neural network (ANN) to identify sacroiliitis in axial spondylarthritis using conventional radiographs of
the sacroiliac joints. Involving 2011 radiographs, the ANN showed outstanding performance, with AUCs of
97.00% and 94.00% for validation and test datasets, respectively. Shenkman et al. [17] used a supervised
machine learning algorithm for detecting and grading sacroiliitis in CT scans. Bressem et al. [18] and Nevsun et
al. [19] reported significant advancements using deep learning for diagnosing axial spondylarthritis and AS,
respectively, with Nevsun's ASNET achieving a 99.8% accuracy on their dataset.

Il. THE PROPOSED METHOD

In this study we propose a transfer learning approach for the detection of AS. As the disease is rare and getting
diagnosed at an early stage is rarer, we found out that creating a large dataset is extremely difficult. We created a
large dataset of sacroiliitis caused by various reasons for the initial training of the model. Then finetuned the
same model on a dataset containing MRI of Sl joints of AS patients. This improves accuracy for small datasets,
this can be very helpful in other rare diseases with less research and awareness.

A. The dataset

Two datasets were utilized in this study:

» General Sacroiliitis Dataset: Comprising 1,000 MRI scans of the Sl joint from various inflammatory causes,
not limited to AS.

» Specific AS Dataset: Consisting of 300 MRI scans from confirmed AS patients.

AS Patients Healthy. Patients

Figure 1. MRI of Sl joint of AS patient (on the left) and of healthy patient (on the right)
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Both datasets underwent preprocessing, including greyscale conversion and resizing to a uniform dimension of
1000x1000 pixels to facilitate efficient processing by the CNN.

B. The proposed method
We employed a two-phase training approach using a CNN architecture:

Training Phase 1 - Generalization

The model is trained using a learning rate of 1e-4 and batch size of 32 on the general sacroiliitis dataset. This
training aims to create a model which can handle variety of cases of Sl joint MRI and distinguish between
healthy and unhealthy patients. With the completion of this training our model can identify the region of interest
(ROI) in the SI joint, and also is able to identify corroded articular surfaces. The model is also able to distinguish
between healthy S joints and inflamed SI joints using MRI.

Training Phase 2 — Fine tuning

This is the finetuning phase, here the pretrained model will be trained again, but this time on the AS dataset with
a reduced learning rate of 1e-6 and batch size of 16. This phase aims to train the model to differentiate AS from
other diseases as well as healthy MRI. The previous phase helps the model to train efficiently and avoid
overfitting before attaining good validation accuracy.

Layer (type) Output Shape Param #
conv2d_9 (Conv2D) ( , 998, 998, 16) 160
max_pooling2d_4 (MaxPooling2p) ( 5 499, 499, 16) 2]
conv2d_1@ (Conv2D) ( , 497, 497, 32) 4,640
conv2d_11 (Conv2D) ( » 495, 495, 64) 18,496
max_pooling2d_5 (MaxPooling2p) ( s 247, 247, 64) 2]
max_pooling2d_6 (MaxPooling2D) ( 1235 1235 64) (2]
conv2d_12 (Conv2D) ( 5 A9 194, 198) 73,856
conv2d_13 (Conv2D) ( , 119, 119, 128) 147,584
max_pooling2d_7 (MaxPooling2D) ( , 59, 59, 128) 2]
max_pooling2d_8 (MaxPooling2D) ( ; 29, 29; 128) 2]
conv2d_14 (conv2D) ( , 27, 27; 256) 295,168
conv2d_15 (Conv2D) ( 51255 125; 756) 590,080
max_pooling2d_9 (MaxPooling2D) ( , 12, 12, 256) (2]
max_pooling2d_1e (MaxPooling2D) ( 5 6, 6, 256) 2]
flatten_1 (Flatten) ( 5 9216) 2]
dense_2 (Dense) ( 5i.32) 294,944
dense_3 (Dense) ( 52 66

Total params: 1,424,994 (5.44 MB)
Trainable params: 1,424,994 (5.44 MB)

Non-trainable params: @ (8.00 B)
Figure 2. Model Summary

This model is designed to scale down images of 1000x1000 pixels while extracting useful characteristics. Max
Pooling layers are used to reduce the scale of the image after few Convolutional operations. This method is
repeated until the images are scaled down to 256 6x6 pixel images. Then the images are flattened and sent to the
Dense layers. The Dense layers process the inputs to output 2 floating point numbers. These numbers are
interpreted as confidence of the model for the two classes.

I1l. EVALUATION

A. Experimental Design

To validate the effectiveness of our proposed transfer learning approach, we meticulously designed an

experimental framework that compares the performance of our model against conventional training

methodologies. Specifically, we focused on two baseline models:

» Direct CNN Training on AS Dataset: This model was trained solely on the AS-specific dataset without
leveraging any prior knowledge or pre-training. The purpose of this baseline is to simulate a scenario where
a model is developed specifically for AS using a limited dataset, representing a common challenge in
medical imaging tasks where specialized data is scarce.

142



» ResNet Pre-Trained Model: For this, we used a ResNet architecture, which is widely recognized for its deep
residual learning framework. We used the same dense layers as in the proposed models after the
convolutional layers. The ResNet model was also trained directly on the AS dataset. Given ResNet's
capabilities in handling complex image recognition tasks, this comparison was intended to compare the
performance with our proposed model.

» DenseNet Pre-Trained Model: For this, we used a DenseNet architecture, which is widely known for its
picture classification capabilities. We used the same dense layers as in the proposed models after the
convolutional layers. The DenseNet model was also trained directly on the AS dataset. This comparison was
intended to compare the performance with our proposed model.

B. Training Details

Both baseline models and the proposed transfer learning model followed the same data preprocessing steps,
which included resizing images to 1000x1000 pixels and converting them to greyscale. This standardization
ensured that any observed performance differences could be attributed to the model architecture and training
strategy rather than external factors.

» Direct CNN Model: Trained from scratch with a learning rate of 1e-4, using the proposed CNN architecture.

» ResNet Model: Implemented using a pre-trained ResNet-50 architecture with the final layers adapted to our
specific task. The model was fine-tuned with a learning rate of 1e-4 to adjust the deep layers to the specific
dataset of the AS MRIs.

» DenseNet Model: Implemented using a pre-trained DenseNet model with the final layers adapted to our
specific task. The model was fine-tuned with a learning rate of 1e-4 to adjust the dense layers to the specific
dataset of the AS MRIs.

» Proposed Transfer Learning Model: Initiated training on the general sacroiliitis dataset with a learning rate
of 1e-4, followed by fine-tuning on the AS-specific dataset at a reduced learning rate of 1le-6.
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C. Evaluation Metrics

The primary metrics used to evaluate and compare the performance of each model were accuracy, sensitivity
(recall), and specificity. These metrics are particularly pertinent in medical diagnostic applications where both
the identification of true positives and the accurate exclusion of negatives are crucial. The definitions are as
follows:

» Accuracy: The proportion of true results (both true positives and true negatives) in the total population.

» Sensitivity: The ability of the model to correctly identify patients with AS (true positive rate).

» Specificity: The ability of the model to correctly identify patients without AS (true negative rate).

D. Results

The results from the experiments were as follows:
» Direct CNN Model achieved an accuracy of 51%, sensitivity of 59%, and specificity of 53%.

34
B 3
<) 27 5 20
- 30
-28
precision recall fi-score  support
- 24 34
-6 o 0.53 0.44 0.48 62
: ! 0.49 0.59 0.54 58
accuracy 0.51 120
1 -24 macro avg 0.51 0.51 0.51 120

:
0 weighted avg 0.51 0.51 0.51 120

Figure 8. Confusion Matrix of CNN Figure 9. Classification Report of CNN Model

» ResNet Model showed improved performance with an accuracy of 88%, sensitivity of 90%, and specificity

of 87%.
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Figure 10. Confusion Matrix of ResNet Model
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Figure 11. Classification Report of ResNet Model
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» DenseNet Model showed good performance with an accuracy of 82%, sensitivity of 80%, and specificity of
84%.
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Figure 12. Confusion Matrix of DenseNet Model Figure 13. Classification Report of DenseNet Model

The proposed Transfer Learning Model outperformed both baselines, attaining an accuracy of 96%, sensitivity of
98%, and specificity of 94%.
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accuracy 0.96 120
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Figure 14. Confusion Matrix of Proposed Model Figure 15. Classification Report of Proposed Model

These results show the advantage of using a transfer learning approach in scenarios where direct training on a
specialized, limited dataset might cause overfitting or undertraining.

The initial training on a more diverse, general dataset allowed our model to develop understanding of the Sl joint
and identify the region of interest, which when fine-tuned to the AS-specific dataset, improved its ability to
accurately classify AS conditions. Also, we showed that general pre-trained models trained on unrelated datasets
are not best suited for specific scenarios.

This not only highlights the utility of transfer learning in medical imaging but also demonstrates its potential in
improving diagnosis accuracy for rare diseases like AS.

V. DISCUSSION

The findings of this study show the potential of transfer learning to enhance the diagnostic capabilities of
machine learning models in medical image classification, especially for conditions such as ankylosing
spondylitis (AS), where data availability is limited, and early detection is rare.

The training approach used in this study shows several benefits and implications for both AS diagnosis and the
broader context of rare diseases.

A. Benefits of Transfer Learning in Medical Image classification

Transfer learning offers several advantages in medical image classification tasks:
» Optimized Model Performance: Transfer learning allows for the utilization of important features learned
from related tasks, leading to improved model performance.
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» Efficient Use of Limited Data: In the case of AS and other rare diseases, where obtaining large, annotated
datasets is challenging, transfer learning enables the use of available data by adapting models trained on
larger datasets to specific conditions.

» Reduced Training Time and Resources: Transfer learning requires less computational resources and training
time compared to training models from scratch, making it a more practical approach, especially in medical
research where resources are limited.

B. Challenge of Scarce Data in AS Diagnosis

Accurate diagnosis of AS is a challenge due to the scarcity of available data and the complexity of early

symptoms:

» Limited Dataset Availability: The rarity of AS and the delay in diagnosis result in limited annotated datasets
for training machine learning models. This scarcity hampers the development of accurate diagnostic tools,
hindering efforts to improve patient outcomes.

» Complexity of Disease Progression: AS is a complex disease with varied symptoms and progression
patterns, making it challenging to accurately identify specific biomarkers for early detection. This
complexity further increases the difficulty of training reliable machine learning models.

C. Implications for Other Rare Diseases

The findings of this study have broader implications beyond AS, particularly for other rare diseases facing

similar scarcity in data:

» Generalizability: The transfer learning approach employed in this study can be applied to other rare diseases
where data is limited. By using pre-trained models trained on other related disease datasets and adapting
them to specific conditions, this method can improve accuracy and reduce training time of models
significantly.

» Research and Awareness: By highlighting the importance of innovative approaches like transfer learning in
addressing diagnostic challenges, this study sheds light on the need for increased research and awareness for
rare diseases. Collaborative efforts among researchers and healthcare institutions are essential for advancing
diagnostic techniques and improving patient quality of life.

Transfer learning represents a powerful tool for improving the early diagnosis of rare diseases such as AS, where

data scarcity is the biggest challenge for training accurate models. By leveraging existing knowledge from

similar diseases and then adapting it to a specific disease.

V. CONCLUSIONS

In conclusion, this study provides a promising approach for transfer learning in the medical imaging field to
improve the early diagnosis of rare diseases such as AS and other rare conditions where data availability is
limited due to the difficulty in early diagnosis.

Using a transfer learning approach, we have demonstrated that diagnostic accuracy and efficiency can be
improved, especially for AS, where early diagnosis is important for timely intervention. To overcome the
challenge of data shortage in AS, our proposed approach uses a larger general dataset of Sl joint which is the
region of interest. Our model develops a deep understanding of related

diseases through a dual phase training approach, which allows our model to easily understand the patterns
present in the limited AS dataset.

We proved that models trained on related diseases outperform popular pretrained models trained on general
image classification datasets. This reduces computational power as the proposed model can be a lot smaller than
other pretrained models for image classification. The benefits of transfer learning for rare diseases go beyond AS
and offer a promising approach to improve diagnostics for other rare diseases. Combined efforts of researchers
can further improve and create innovative ideas for diagnosis of AS and other rare diseases.
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