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Abstract
Background

Well-informed decisions about how to best treat patients with axial spondyloarthritis (SpA) regularly
include an evaluation of the sacroiliac joints (SIJ) on plain radiographs. However, grading radiographic
�ndings correctly has proven to be a considerable challenge to expert readers as well as to state-of-the-art
convolutional neural networks (CNNs). A method to reduce image information to the clinically relevant
core would undoubtedly lead to more accurate results. We, therefore, trained a CNN only to detect SIJs on
radiographs and evaluated its potential as a preprocessing pipeline in the automated classi�cation of
SpA.

Materials and Methods

We employed a CNN of the RetinaNet architecture, which was trained on a total of 423 plain radiographs
of the sacroiliac joints (SIJs). Images were taken from two completely independent datasets. Training
and tuning were performed on image data from the Patients With Axial Spondyloarthritis (PROOF) study
and testing was executed using images from the German Spondyloarthritis Inception Cohort (GESPIC).
Performance was evaluated by manual review and standard object detection metrics from PASCAL and
Microsoft COCO.

Results

The CNN produced excellent results in detecting SIJs on the tuning (n =106) and on the holdout dataset
(n =140). Object detection metrics for the tuning data were AP = 0.996 and mAP = 0.538; values for the
independent holdout data were AP = 0.981 and mAP = 0.515.

Conclusions

The developed CNN was highly accurate in detecting SIJs on radiographs. Such a model could increase
the reliability of deep learning-based algorithms in detecting and grading SpA.

Introduction
Plain radiographs of the sacroiliac joints together with magnetic resonance imaging (MRI) play an
important role in detecting axial spondyloarthritis (SpA) (1, 2). However, accuracy particularly in grading
pathological �ndings in radiographs according to the modi�ed New York criteria can differ signi�cantly
between observers (3, 4). Deep learning-based methods using convolutional neural networks (CNN) have
recently demonstrated precision levels of human experts in reading medical images (5-7). They may
therefore aid diagnosis of SpA as they have proven to excel when confronted with a speci�c task (8).

Such an approach was recently pursued by training a CNN to detect de�nite radiographic sacroiliitis on
plain radiographs (9). The results demonstrated a high accuracy of the developed CNN. While these are
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excellent results and comparable to the accuracy of domain experts, performance may still have been
compromised: Firstly, computational capacity put a limit on the resolution of the radiographs included in
the study, resulting in a signi�cant downsizing. Although downsizing is a common practice in deep
learning this entails the risk of losing crucial image information (10). Secondly, studies have shown that a
CNN may not base its prediction solely on clinically relevant features (11). An excellent way to visually
track a model’s decision is to use Gradient-weighted Class Activation Mappings (Grad-CAMs) (12). Grad-
CAM highlights regions that have a strong in�uence on the model’s decision. In reviewing images that
were incorrectly predicted in the holdout dataset of our previous study, several images were found where
the model had based its decision on aspects unrelated to SpA features.

The aim of this study was therefore to train and validate a CNN in the detection and segmentation of
both sacroiliac joints on plain radiographs by drawing bounding boxes around the region of interest. If
proven to be accurate, this CNN could be integrated in a future preprocessing pipeline augmenting the
actual detection or classi�cation of SpA no longer restrained by low image resolution or irrelevant
information. To test the generalizability of our results, image data for training and testing were taken
from two completely independent datasets.

Methods

Data
In this study, we used plain radiographs retrieved from two completely separate image collections: a)
Patients With Axial Spondyloarthritis: Multicountry Registry of Clinical Characteristics (PROOF) is a
continuous study involving medical facilities in 29 countries. Overall 2170 adult patients diagnosed with
SpA (non-radiographic or radiographic) ≤12 months before study enrolment and ful�lling the ASAS
classi�cation criteria for SpA are included (13). B) German Spondyloarthritis Inception Cohort (GESPIC) is
a multicenter inception cohort study conducted in Germany that includes 646 patients with SpA (14).

Pre-processing and Segmentation
Both PROOF and GESPIC datasets contain radiographs of sacroiliac joints in DICOM format (Digital
Imaging and Communications in Medicine). All grey-scale values were adjusted to a uni�ed
representation state using the Horos Project DICOM Viewer (version 4.0.0, www.horosproject.org).
Afterward, all images were converted to the Tagged Image File Format (TIFF). Annotations for training,
tuning and holdout datasets were done using the COCO Annotator (https://github.com/jsbroks/coco-
annotator). Bounding boxes were placed by one expert radiologist (JLV) separately around each of the
sacroiliac joints (SIJ) on every radiograph. A total of 529 annotated images from the PROOF dataset was
available and then randomly split into a training dataset (80%, n=423) and a tuning dataset (20%, n=106).
A total of 140 annotated images from GESPIC was available and taken to form the holdout dataset (see
�owchart in Figure 1).
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Model Training
We used a RetinaNet with a ResNet-50 backbone, pre-trained in ImageNet, speci�cally suited for object
detection (15). Model training was performed using IceVision (https://airctic.com, version 0.5.2), which is
an object-detection framework built on top of Python (https://www.python.org, version 3.8), as well as the
Fastai (https://fast.ai, version 2.2.5) and PyTorch (https://pytorch.org, version 1.7.0) libraries. Training
was executed on a dedicated Ubuntu 18.04 Workstation with two Nvidia GeForce RTX 2080ti Graphic
cards. All input images were resized and cropped to 512 x 512 px. Random transformations were used to
augment training data. During model training, an early stopping approach was utilized to avoid
over�tting. As we used a pre-trained ResNet50 as a backbone, we disabled weight updates for the
backbone during the �rst 53 training epochs. Then we trained for 27 more epochs, updating all weights of
the model. The model with the best performance on the tuning data was exported and used for inference
on the holdout data.

Statistical Analysis
Model performance was evaluated using two separate approaches: �rst, in a swift manual review, two
expert readers (NFG, YNM) independently checked the results of the model on the holdout data and
counted all images in which the model either partially or completely failed to detect the SIJs (see Table
1). Second, average precision (AP) and mean average precision (mAP) were calculated based on
Intersection over Union (IoU). This metric is commonly used in object detection competitions such as the
PASCAL Visual Object Classes 2012 (VOC 2012) challenge (16) or in the Microsoft Common objects in
context (COCO) challenge (17). IoU is an expression for the overlap of the predicted area and the actual
image (ground truth) divided by the area enclosed by both (see Figure 2). A standard requirement to
identify a prediction as a true positive is a ratio of 0.5 (17).

Results
In a manual review of the inferred segmentations in the tuning data, both observers found no instances
and only one instance in the holdout data in which the model had only partially captured the SIJ. In the
tuning dataset, one instance was found in which the model had missed the SIJ, and seven instances in
the holdout dataset. All remaining 105 (tuning data, 99.1%) and 132 (holdout data, 94.3%) instances were
counted as fully captured by both observers. There was no disagreement between the two observers in
assigning each image to the above categories.

Object detection metrics calculated from IoU were at 0.538 for mean average precision and 0.996 for
average precision in the tuning dataset. In the holdout dataset, values were 0.515 for mean average
precision and 0.981 for average precision. The results are summarized in Table 1.

Discussion
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Our model showed excellent results both in the manual review and displayed by high AP and mAP values.
In addition, we would like to highlight that the manual review revealed only one instance of a partial
capture of the SIJ. This underlines the fact that the model was very accurate and that a further increase
in AP and mAP values would not necessarily re�ect a more precise capture of the actual SIJ. Also, it
should be noted that in the majority of cases where the model failed on holdout data radiographs
included X-ray protective devices commonly absent in all the training and tuning data (see examples in
Figure 3). All of this suggests that such a model could very well serve as a reliable pre-stage placed
ahead of a second CNN charged with detecting speci�c features relevant to SpA.

Only a few studies have tried to use deep learning approaches to either detect SpA in a simple binary task
or to grade them according to the modi�ed New York Criteria. The study by Türk et al. is the only one
known to us that relied on conventional radiographs to grade SpA (18). In their work authors report that
while their model performed well compared to human observers accuracy still dropped when asked to
differentiate between early stages of SpA (grade 0 and grade 1). Notably, no segmentation of the
included images was performed. Therefore, we are con�dent that isolating SIJs on radiographs before
predicting grades of SpA will boost model performance, especially in detecting these early stages.

We base this judgment on the possibility to reduce the need for downsizing images that contain rather
subtle image information relevant to a correct prediction. By automatically cropping bounding boxes
containing the SIJ and resizing the snippet to its original high resolution, we could achieve an e�cient
pipeline layout. Such an e�cient pipeline is very important in grading SpA as the anatomy of SIJs is
complex and features are often di�cult to detect even for expert readers (19, 20). Also, lowering image
resolution to facilitate model training can lead to unnecessary bias (10).

Deep learning models are known to be susceptible to various confounders in medical image data, such
as the gender or age of the participants. (21, 22). Such confounders pose a serious problem as they can
lead to overestimating the generalizability of the results (10). Furthermore, the frequently described “black
box nature” of deep learning-based algorithms carries the risk that further systematic errors may be
overlooked (23, 24). We are convinced that reducing image information to the clinically relevant core will
help to decrease these errors.

An important prerequisite to verify the generalizability of the results is to check the performance of a CNN
on holdout data from external datasets (25). As with our previous study, we have chosen two completely
independent datasets for training and testing. Detection metrics used to evaluate the tuning and the
holdout data (AP and mAP) were very close and therefore imply a robust performance of our model.

Beyond the application of detecting SpA, our study promises to be valuable in the broader �eld of digital
applications in Rheumatology. Radiographic diagnostics in Rheumatology often rely on very subtle
changes in radiographs such as small bony erosions, soft tissue swelling, or joint space narrowing. A
similar approach could, therefore, potentially enhance any automated detection of more delicate �ndings
on plain radiographs.
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Conclusions
Convolutional neural networks are highly accurate in detecting sacroiliac joints on plain radiographs and
may therefore aid in a more focused image analysis of these regions.

Abbreviations
AP: Average precision; ASAS: Assessment of Spondylarthritis international Society; CNN: Convolutional
neural network; COCO: Microsoft Common objects in context; DICOM: Digital Imaging and
Communications in Medicine; GESPIC: German Spondyloarthritis Inception Cohort; IoU: Intersection over
union; mAP: mean Average precision; MRI: Magnetic Resonance Imaging; PASCAL VOC 2012: Pascal
Visual Object Classes Challenge 2012; PROOF: Patients With Axial Spondyloarthritis (study); SIJ:
Sacroiliac joint; SpA: axial Spondyloarthritis
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Tables
Table 1 summarizes values for Average Precision (AP) and mean Average Precision (mAP) in both the
tuning and holdout dataset as well as results from a manual review by two expert readers in categories of
fully or partially captured SIJs as well as missed predictions. Judgment of both reviewers was identical
and is therefore not further differentiated in this summary.

  SIJ captured (Manual review) Calculated metrics

  Fully Partially Missed AP mAP

Tuning data (n=106) 105 0 1 0.996 0.538

Holdout data (n=140) 132 1 7 0.981 0.515

Figures

Figure 1

demonstrates the allocation of all images used in this study. Training and tuning data were retrieved from
the PROOF dataset and split randomly as shown above. The holdout data was exclusively taken from the
GESPIC dataset.
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Figure 2

demonstrates the mathematical concept of the term Intersection over Union (IoU). The area of
intersection (grey) between the predicted area (red) and the ground truth (green) is divided by the area
enclosed (union) by both the predicted area (red) and the ground truth (green).



Page 13/13

Figure 3

shows two examples from the holdout data. The top row images display ground truth (left) and
prediction (right) of a case in which the left SIJ was missed. The bottom row images demonstrate an
example where the left SIJ was only partially captured.


