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1. Background 4. Results & Discussion
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data augmentations, compared against Base Model classifier.

Compared to the base model, all other models

2. Research Questions Since all classifiers, including the Base model

SR S Despite the minor difference in accuracy and
show a less stable validation loss. This indicates one exhibit rather poor performance, it cannot P y

How does using anatomy-aware data augmentation techniques impact problems with generalization, which could be he attributed to the differon e 318 AUC ROC scores, DelLong's test reveals a

downstream task performance of Contrastive Self-supervised learning attributed to the small batch size used during augmentations, but rather the encoders'feature statistically significant difference between
models on X-ray images? ’

training and the reduced strength of the custom the Base and Geometrical models.

Do ROI-excluding data augmentation techniques benefit more than data augmentations.
non-ROI-excluding ones when given additional anatomical information?

extracting abilities.

5. Conclusions

3. Methodology Model Architecture: SImCLR framework [2] - minimizes the distance between Utilizing our anatomy-aware approach for a larger number of chained

positive pairs and maximizes it between negative pairs. The two views of an image image transformations may hinder the learning process and lead

are considered a positive pair, all others - a negative one. The encoder used is to less discriminative representations. However, when used

ResNet18, a projection head is added on top of it during pre-training. in moderation, this approach could be beneficial, particularly for

geometric transformations, such as crop and erase.

Projectin Data augmentations: Two types of augmentations are used and compared -

5 Geometric (Crop and Random Erasing) and Appearance-based (Gaussian Blur and

Contrast Enhancement). Custom versions are implemented, preserving the joint space. 6. Limitations & Future Work

Encoder

I Joint Space Segmentation: BoneFinder was used to obtain points that trace

(d)

» Due to limitations in data availability and computational power, the batch
the curves of the bones. A bounding box is defined around the points outlining the
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