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Abstract. In an attempt to aid the subtyping of spondyloarthritis (SpA), this
work assessed neural nets and magnetic resonance imaging (MRI) features to
predict SpA. Patients underwent SPAIR and STIR MRI sequences. Radiologists
manually segmented sacroiliac joints images for extracting MRI features. A neu-
ral net used these features to predict SpA. The STIR-based model yielded higher
performance than SPAIR to diagnose SpA, although no statistical difference was
found between them. The SPAIR model yielded an area under the curve of 0.83
to differentiate axial and peripheral subtypes, while STIR yielded 0.57 (p < 0.05
on curves difference). Therefore, neural nets modeled with SPAIR-extracted fea-
tures distinguished SpA using a single MRI exam of the sacroiliac joints.

1. Introduction
Spondyloarthritis (SpA) comprises a set of diseases sharing common clinical manifes-
tations, such as inflammatory axial pain, enthesopathy, and peripheral arthritis, which
can cause joint damage to work disability [Lambert et al. 2016]. Treatment proto-
col for SpA considers, among other factors, the subtype of it as axial or peripheral,
which makes the diagnosis and subclassification crucial for the therapy decision making
[Malaviya et al. 2017].

Magnetic resonance imaging (MRI) plays an important role in the diagnosis
and follow-up of SpA. This technique can identify key findings for SpA, like sub-
chondral bone marrow edema, which corresponds to an early stage of the disease
[Sieper et al. 2009]. The sequences short tau inversion recovery (STIR) and spectral at-
tenuated inversion recovery (SPAIR) are the current MRI standards for SpA evaluation
(Figure 1) [van der Heijde et al. 2017].

In this era of personalized medicine, radiomics has markedly grown as a precision
imaging tool for the improvement of diagnosis, assessment of prognosis, and prediction
of therapy response [Gillies et al. 2016]. Radiomics currently consists of modeling quan-
titative features from medical images into a machine-learning method to improve clinical
decision support systems [Ferreira Junior et al. 2020]. Once the model has been designed,
it can be used as a radiomics-aided support system for precision medicine and SpA eval-
uation.
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Figure 1. Example of images from the same patient on different MRI sequences
for SpA assessment: (a) SPAIR, (b) STIR. Sacroiliac joints are in circles.

Therefore, this work performed a radiomic study to develop machine-learning
models using quantitative MRI features from sacroiliac joints to aid the early diagnosis
and subtyping of SpA. Besides that, this work also compared statistically the performance
of neural networks modeled with features extracted from both MRI sequences of SPAIR
and STIR on the prediction of SpA. Previous works have already recognized inflamma-
tory patterns from sacroiliac joints to predict SpA, but they used a single MRI sequence
(either STIR or SPAIR), and hence, did not compare the performances of different imag-
ing acquisition protocols [Faleiros et al. 2020, Tenorio et al. 2020].

2. Material and Methods

We performed a retrospective study approved by our institutional review board1 with a
waiver of the patient’s informed consent. This study comprised 47 patients with suspected
SpA who underwent MRI examinations. All 47 were imaged with SPAIR and 45 patients
with STIR. A diagnosis of SpA was established after clinical and laboratory follow-up
using additional radiography when necessary [Sieper et al. 2009].

After anonymization, this work selected six consecutive images from each MRI
exam to be used in the analysis, as previously used in other studies [Faleiros et al. 2020,
Tenorio et al. 2020]. Each image had the sacroiliac joints manually segmented by a mus-
culoskeletal radiologist and processed by the warp geometric transform for feature ex-
traction. A total of 115 first-, second-, and higher-order texture features were extracted
from each segmented image, and each exam was characterized by the mean and standard
deviation of each feature value obtained, resulting in 230 features per patient. Table 1 lists
all variables calculated for this radiomic analysis.

A machine-learning algorithm based on the ReliefF feature selection method and
radial basis function network (RBFN) used the quantitative MRI features as input to pre-
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Table 1. List of quantitative texture features extracted from each MRI image. The
mean and standard deviation were calculated for each variable, resulting
in 230 extracted features per patient.

Type Category Features

First-order Histogram Mean, Variance, Standard deviation, Coefficient of devia-
tion, Kurtosis, Skewness, Maximum value.

Second-order
Haralick

Angular second moment, Contrast, Correlation, Variance,
Inverse difference moment, Sum average, Sum variance,
Sum entropy, Entropy, Difference of variance, Difference
of entropy, Information correlation (2 measures), Maxi-
mum correlation coefficient.

Tamura Contrast, Granularity, Directionality (16 orientations).

Higher-order

Fourier Mean, Variance, Standard deviation, Coefficient of devia-
tion, Kurtosis, Skewness, Maximum value.

Gabor Mean, Standard deviation.

Wavelet Energy.

Fractal Dimension estimation.

dict the diseases. This algorithm finds the highest performance for the combination of
x selected features and y RBFN hidden-layer neurons, which x varied from 1 to all 230
features, and y varied from 1 to the number of samples of the majority group investigated,
as already previously employed [Tenorio et al. 2020].

The area under the receiver operating characteristic (ROC) curve (AUC) assessed
the analysis using the leave-one-out cross-validation method. The DeLong’s test mea-
sured the statistical difference in ROC curves. A test with p < 0.05 was considered
statistically significant. Statistical analysis was performed with the R v3.4.4 package.

3. Results

The SPAIR-based model selected 32 quantitative MRI features to distinguish SpA and
other diseases (i.e., fibromyalgia, osteoarthritis, or mechanical bone injury), from which
30 were extracted after the application of Gabor filters on the image. This SPAIR model
yielded an AUC of 0.623 (95% confidence interval - CI: 0.469–0.777).

On the other hand, using two STIR-extracted features, i.e., variance and standard
deviation calculated after the application of a fast Fourier transform on the image, the
STIR model yielded higher AUC of 0.764 (CI: 0.591–0.937), but no statistically signifi-
cant difference was identified.

To distinguish axial and peripheral subtypes, the machine-learning model yielded
AUCs of 0.831 (CI: 0.677-0.986) using the SPAIR sequence (with 26 selected features)
and 0.573 (CI: 0.413-0.734) with 173 selected STIR-extracted features. A statistically
significant difference between their ROC curves was found (p < 0.05).



All mutual features selected by both SPAIR and STIR MRI sequence models
developed to predict the subtype of SpA were Wavelet HL3 M, Histogram Skewness M,
Tamura D4 SD, Tamura D9 SD, Tamura D9 M, Tamura D1 M, Tamura D8 M,
Tamura D11 M, Tamura D10 M, Tamura D2 M, Tamura D7 M, Tamura D5 M, and
Tamura D6 M. The texture directionalities from Tamura were markedly selected by
the ReliefF method. No mutual features were used by the MRI sequences models to
distinguish SpA from other diseases.

4. Discussion

The diagnosis of SpA in its early stage and the rapid referral of the individual affected by
SpA are essential for a better therapeutic result and patient prognosis [Sieper et al. 2009].
There is great difficulty in diagnosing SpA because of its various forms of presen-
tation, requiring several clinical and laboratory assessments that may not be able to
be visually performed on the MRI [Lambert et al. 2016]. Radiomics, by contrast,
can capture additional information from the MRI that can predict clinical outcomes
[Gillies et al. 2016, Santos et al. 2019]. Radiomics could be a tool to aid physicians in
clinical decisions because it can identify fine texture details on medical images. Based
on the analysis here presented, it is feasible to use radiomics models applied to the MRI
assessment of sacroiliac joints to support the diagnosis and subtyping of SpA.

In general, several first-order, second-order, and higher-order texture features were
significantly identified for the clinical outcomes studied, showing the potential of texture
MRI features to identify SpA patterns. Moreover, the developed radiomic models were
able to distinguish the subtypes of the disease using a single imaging exam of the pelvic
girdle region. SPAIR and STIR fat suppression sequences were essential to machine
learning and SpA association, corroborating with the current clinical protocol, which uses
both sequences for SpA evaluation [Lambert et al. 2016, van der Heijde et al. 2017].

The study has limitations that deserve mention. First, this was a retrospective
study with a small dataset. Due to its retrospective nature, some clinical parameters could
not be obtained, which could improve machine learning. Moreover, external validation
datasets were not included. However, this study performed cross-validation to decrease
the limitation of the lack of an independent external validation dataset.

Furthermore, this work still needed a prior image segmentation step in order
to perform machine learning. Here, the sacroiliac joint segmentation was performed
manually, which was a costly process for the radiologists. Therefore, an automatic
method for image representation and training of neural networks could bring signifi-
cant benefits to the radiomics approach. One alternative to it is deep learning and con-
volutional neural networks. Deep learning features are extracted directly from MRI
pixels/voxels without relying on image segmentation and handcrafted feature extrac-
tion methods [Santos et al. 2019, LeCun et al. 2015]. Deep convolutional neural net-
works have been shown an efficient method in medical image analysis and radiomics
[Litjens et al. 2017, Lee et al. 2017], and hence, they are intended to be used in future
works and compared with the developed RBFN models.



5. Conclusion
The proposed radiomics approach was able to distinguish axial and peripheral subforms
of SpA. Radiomics could identify SpA even when active inflammation on sacroiliac joints
was not present in the MRI. The results encourage future studies to investigate radiomics
texture-based MRI parameters as potential biomarkers. For future directions, we propose
to extend the analysis for patient prognostic assessment and therapy response prediction,
including the evaluation with deep learning.
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