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Introduction

Methodology

= Hip osteoarthritis (HOA) is a chronic disease affecting the hip joint cartilage and bones,
causing pain and stiffness, and with no permanent cure [6].

= Joint space width (JSW) is one key parameter for grading OA severity on radiographs. It is
estimated manually by measuring the narrowest point across the articulation the as the
minimum JSW (mJSW) [5]12][?]. However, there can be clinically significant inconsistencies
between readers when measuring the JSW for the same patient [5][1].

= Automated tools for estimating JSW represent one solution to the reader variability problem,
thanks to the expected increase in measurement precision and consistency with this approach

2][1].

Research Question

How accurate is a ResUNet based deep learning approach for predicting the minimum joint space
width along the weight-bearing part of the hip joint in a 2D image, in comparison to ground-truth
data generated by the BoneFinder algorithm?

In other words, this research aims to develop a pipeline that:

1. preprocesses X-ray images and automatically generates true labels (i.e., segmentation
masks);

2. trains a Residual U-Net (ResUNet) deep learning architecture to segment pelvic radiographs;

3. uses the ResUNet segmentations to estimate the mJSVV;

4. compares predicted segmentation masks and mJSW estimates to the ones extracted from
the ground-truth labels.
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Figure 1. Successfully predicted mask (left) versus failed prediction (right).

This research employs deep learning approach for image segmentation, which is trained on auto-
matically generated labels to highlight the hip joint components in X-ray images. Then, an addi-
tional algorithm identifies the contours of the segmented joint bones and computes the mJSWV.

= The BoneFinder algorithm [8][7] produces a set of points outlining the various objects to be
segmented in the image. Ground-truth labels (i.e., segmentation masks) are generated using
these landmarks.

= The Residual U-Net (ResUNet) deep network used for highlighting objects in radiographs is a
modified version of U-Net, an encoder-decoder CNN-based architecture widely adopted for
medical image segmentation [10]. Residual blocks replace the convolution units in the original
U-Net, addressing the “degradation problem” associated with very deep architectures (i.e.,
decrease in performance for networks with larger number of layers) [4].

= Minimum JSW is estimated as the smallest point-to-point distance between the lower and
upper borders of the joint space (i.e., between the femoral head and acetabular roof)
identified in the segmentation masks predicted by ResUNet.

= The X-ray data used in this research was acquired from the CHECK and OAl initiatives [11][3].

Two sets of experiments were conducted, (1) for analysing the ResUNet performance using a
selected set of model configurations and (2) for comparing the segmentation masks and mJSW
estimates predicted using ResUNet to those extracted from the BoneFinder ground-truth labels.
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Figure 2. Left: experiment pipeline. Middle: pixel-by-pixel contrasts between predicted mask (warm colours) and
ground-truth mask (cold colours) for (a) a good segmentation and (b) a worse segmentation. Right: differences in
MJSW measurements estimated from (c) ground-truth mask (mJSW = 0.2986 mm) and (d) predicted mask
(mJSW = 0.9658 mm,).

Experiment Results

Experiment Results

The second set of experiments trained and evaluated the baseline configuration on all the data
available, giving a high Dice score. Using this final model, relatively small differences in mJSW
estimations between predicted masks and real labels were observed (see table 5).

Testing dataset size | Validation dataset size | Test mean Dice metric
23544 2944 0.9136
1600 200 0.8877
Table 1.
Testing dataset size | Validation dataset size | Test mean Dice metric
1600 200 0.8877/
160 200 0.7717
Table 2.

Loss function Test mean Dice metric
Dice 0.8877/
Dice + Cross-Entropy 0.8/90
Cross-Entropy 0.8672

Table 3.

Output layer activation| Test mean Dice metric
Softmax 0.8877/
Sigmoid 0.8859

Table 4.

Mean mJSW | mJSW standard deviation
0.0/63 0.08/4

Table 5.

Conclusion

The automated tool for mJSW estimation, based on the ResUNet model and using automatically
generated ground-truth labels, produced accurate predictions for the segmentation masks. At

the same time, relatively small differences were observed for the mJSW estimations between
the ground-truth labels and predicted masks. One advantage of this approach Is that it offers
the possibility of visualizing where the mJSW was measured, as opposed to a less explainable

model. Nevertheless, this approach presents some limitations, such as false penalization to the
loss function unrelated to the inherent structure of the X-ray bones, large contribution to the loss
function from the central part of the object masks and less from the bordering regions.
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