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How | diagnose a skin tumor?

»Intuition», «automatic» probability analysis




How | diagnose a skin tumor?

»Intuition», probabllity analysis

systematic analysis of visual data and integration
Into existing models



1. Network (/ines)

2. Globules (clods, color)

| Negative network

¢

symmetrical, round to oval, well demarcated
structures

(

> 0.1mm diameter

nests of pigmented melanocytes at dermo-
epidermal junction, or in dermis

, black, , White (

4. Blotch (structureless zone)

3 Strea kS (/I-nes radia/ = Large concentration of melanin pigment

= Throughout epidermis (with or without
melanin in dermis)

. Encom paSSGS' radial Streaming = Visually obscuring the underlying structures
—radial streaming

—pseudopods

UdOpOd 5 Blue Whlte Vell (structureless zone, blue)

= Bluish blotch with overlying white ground—glass haze

= Not associated with scar-like depigmentation or
peppering/granularity

= Usually associated with palpable (raised) portion of
the lesion



PATTERN ANALYSIS
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MACHINE ANALYSIS: COMPUTERS ANALYSE
IMAGINES ACCORDING TO ALGORITHMS

ARTIFICIAL THAT | HAVE PROGRAMMED
INTELLIGENCE MACHINE LEARNING: COMPUTERS LEARN AND

PERFORM TASKS WITHOUT HAVING TO BE
SPECIALLY PROGRAMMED BEFOREHAND

DEEP LEARNING: THE FUNCTION OF THE
HUMAN BRAIN IS IMITATED WITH ARTIFICIAL
NEURONS

Deep Learning

Hidden Layers

an artificial neuron

Weighted
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A.l. does not mean
«conscliousness»

Rather, it Is about

Machines that learn and derive
Machines that do not think and act like a human being

But can still play GGO or chess, drive a car or
recognize melanomas




DeepCare

YOLO Graph Convolutional Neural Network /

Long Short-Term Memory

*roposal Network Holistically Nested Network

Gated Recurrent
Seg-Net

DeepSEA
Convolutional
U-Net Neural DeepTRIAGE
Network

Bidirectional

VGGNet

Boltzmann Mac

l

Restricted Boltzmanr

ResNet

AlexNet

Deep Learning

models o

Autoencoder

Vari
work

Generative

Adversarial
Network
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GAIN FROM
DIFFERENT TYPES OF

Al based multiclass
probabilities

DECISION SUPPORT
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GAIN FROM Al based multiclass
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NET GAIN OF BENEFIT
INTERACTION FROM

DIFFERENT TYPES OF
DECISION SUPPORT
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Good-quality Al-based support of clinical decision-making
Improves diagnostic accuracy over that of either Al or

physicians alone

Al-based support has utility in simulations of second opinions
and telemedicine triage

Faulty Al can mislead the entire spectrum of clinicians,
iIncluding experts
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Artificial intelligence and melanoma diagnosis:
ignoring human nature may lead to
false predictions

Aimilios Lallas', Giuseppe Argenziano®

Al does not work reliably on out-of distribution images

Faulty Al could result from the application of Al
algorithms on examples beyond the domain of images
on which the Al was trained or the more remote
possibility of adversarial attacks

The optimal operating points to balance the potential
benefits of Al based triage with the risks of filtering out
patients with skin cancer remain to be determined

Improvement with not-pigmented lesions is needed



