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Rationale: Post-COVID Subtyping
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CT Scan with
Background removed

Average of the Slices 2D Simulated X-ray
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« Simulated X-rays provide more detalls than X-rays.
* CT scans are more expensive and the dose is higher.
« X-rays are easier to obtain, but more noisy.

 What iIf we can remove the backgrounds of the X-rays?

Public Dataset Example

CheX

et

A Large Chest X-Ray Dataset And Competition
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Pix2PiXx: A Generative Adversarial Network (GAN)

Labels to Street Scene Labels to Facade BW to Color

input output nput output
Day to Night __ Edges to Photo Source:

https://arxiv.org/abs/1611.07004

output input output

Isola, P., Zhu, J. Y., Zhou, T., & Efros, A. A. (2017). Image-to-image translation with
conditional adversarial networks. In Proceedings of the IEEE conference on computer
vision and pattern recognition (pp. 1125-1134).
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Wasserstein Loss (W-Loss)

* The discriminator gets too good — vanishing gradient L~ |
* Makes the GAN less prone to mode collapse and vanishing gradient

radien
BCE Loss .J close to zero

Earth Mover’s Distance Gradient not close to
] A zeroevenfor very
f( )J\ Generated ~ Real different distributions!
T Distribution Distribution

Arjovsky, M., Chintala, S., & Bottou, L. (2017,
July). Wasserstein generative adversarial
networks. In International conference on
machine learning (pp. 214-223). PMLR.

Figure Source:
deeplearning.ai

=

-
Hgenerated Hreal o Difference between distributions

rr}qin max E(d(x)) —E (d(g(z))) + Regularization

www.BMES.org/annualmeeting #BMES2022



BMES

2022 ANNUAL MEETING

OCTOBER 12 - 15 | SAN ANTONIO, TX

Results

Input Translated Real Target | Translated — Real |

Simulated
X-ray

~ Real X—ra
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Conclusion

* The preliminary result seems promising.

 This techniqgue may serve as a data augmentation to the CT images and
help us to better understand Post-COVID subtypes.

« Larger sample size may help improving the performance.
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