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Deep learning pitfall

» Deep learning models have limited generalization to different data or domain
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Datasets and testing
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Results
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Adapted
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Conclusion

Conventional testing

O§§O | O O ~+ Lower confidence
A . gher error

QOO O A

OO O O

OO O O -

OO O O « More robust predictions

: OO O O » + Improved performance
US exams from an OO O O  Better accuracy for
external source OO O detection of steatosis

>
o
Q
o°
—~+
QV
.
o
-

12° JOURNEE UNIVERSITAIRE du département de radiologie, radio-oncologie Université f'”\
et médecine nucléaire de la Faculté de médecine de I'Université de Montréal de Montréal



Conflicts of interest:

None

Thank you!



	Diapositive numéro 1
	Deep learning pitfall
	Domain adaptation
	Datasets and testing
	Results
	Conclusion
	Thank you!

