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Early detection is critical
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6.3 billion smartphones
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Skin Cancer Classification
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~130,000 images of skin
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Skin Cancer Classification
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Skin Cancer Classification

Epidermal Lesions Melanocytic Lesions

Malignant

Melanocytic Lesions
(Dermoscopy)
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Skin Cancer Classification

Deep Convolutional Neural
Network (Inception-v3)

------ HE60608000)
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Skin Cancer Classification

Skin Lesion Image Deep Convolutional Neural Training Classes
Network (Inception-v3) (757)
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Skin Cancer Classification

Skin Lesion Image Deep Convolutional Neural Training Classes Inference Classes
Network (Inception-v3) (757) (varies by task)
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kin Cancer Classification
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Dermatologist-level performance
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Skin Cancer Classification

Validation set
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Skin Cancer Classification

Validation set
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Skin Cancer Classification

Val IdatIOn Set Classifier Three-way accuracy
Dermatologist 1 65.6%
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Classifier Nine-way accuracy
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CNN 48.9%
CNN - PA 55.3%

Disease classes:
nine-way classification
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2. Non-neoplastic lesions
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Skin Cancer Classification

Test set
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Skin Cancer Classification

Test set: Dermatologist Comparison (376 images)
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Specificity

Test set: Dermatologist Comparison (376 images)

Carcinoma: 135 images

Algorithm: AUC = 0.96
® Dermatologists (25)
’ Average Dermatologist

Sensitivity

Specificity

Melanoma: 130 images

Algorithm: AUC = 0.94
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0 Average Dermatologist
0
0

Sensitivity

Melanoma: 111 dermoscopy images
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Skin Cancer Classification

Test set: Total (1942 images)

Melanoma: 225 images Melanoma: 1010 dermoscopy images

Specificity

Carcinoma: 707 images

1 ' 1 T 1
> >
= =
2 S
= =
(&) (&)
o V)
Q. Q.
n n

= Algorithm: AUC = 0.96 | Lo —— Algorithm: AUC = 0.96 | w i —— Algorithm: AUC = 0.94 \
0 - 0 - 0

1 0 1 0 1
Sensitivity

0
Sensitivity Sensitivity

35



How does the algorithm work?
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T-SNE Visualization

Van der Maaten & Hinton, 2008
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T-SNE Visualization
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T-SNE Visualization
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What is the network fixating on?
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Malignant Melanocytic Lesion

Simonyan, Zisserman, 2014
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What is the network fixating on?

Malignant Melanocytic Lesion Benign Melanocytic Lesion

Inflammatory Condition

Genodermatosis
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What does the network misclassify?
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What does the network misclassify?
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Community
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Questions?

esteva@cs.stanford.edu
@andreesteva
cs.stanford.edu/people/esteva
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