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The Lifetime Probability of Developing Cancer for Men,
2009-2011*

Site Risk

All sitesT 1in2

Prostate 1in7

Lung & bronchus 1in13
Colon & rectum 11in 21
Urinary bladder? 1in 26
Melanoma of the skin® 1in 34
Non-Hodgkin lymphoma 1in42
Kidney & renal pelvis 11in 49
Leukemia 11in 59
Oral cavity & pharynx 1in 65
Pancreas 11n 66

* Forthose free of cancer.

T All sites exclude basal cell and squamous cell skin cancers andin situ cancers excepturinary bladder.
I Includes invasive andin situ cancer cases

& Statisticfor white men.

Source: DevCan: Probability of Developing or Dying of Cancer Software, Version 6.7.1 Statistical Research and Applications Branch, Mational
CancerInstitute, 2014.




Estimated Cancer Deaths in the US in 2015

Men Women
Lung & bronchus 28% 312150 277.280 26% Lung & bronchus

Prostate 9% 15%  Breast
Colon & rectum 8% 9%  Colon & rectum
Pancreas 7% 7% Pancreas
Liver.& intrahepatic 5% 5%  Qvary
bile Fiuct 4% Leukemia
Leukemia o% 4%  Uterine corpus
Esophagus 4% 3%  Non-Hodgkin
Urinary bladder 4% lymphoma
Non-Hodgkin 4% 3% Liver & intrahepatic
lymphoma bile duct

2% Brain & other nervous
system

23% All other sites

Kidney & renal pelvis 3%
All other sites 24%




Overdiagnosis is harming patients and action is
required, says chief medical officer

By Kate Aubusson
15 October 2018 — 12:00am

Australia’s chief medical officer has backed moves to protect patients and safeguard the

sustainability of the health system against the growing problem of too much medicine.

f v = A A A Overdiagnosis is exposing healthy people to tests and treatments that are at best useless, and at
worst trigger aggressive procedures with devastating side effects, a formidable alliance of peak

doctors colleges, researchers, advocates and public health experts warned.

Michael Shirley was diagnosed with prostate cancer and told he needed a radical prostatectomy. Thirteen years after
saying no to the surgery he wants men to know they have other options. WOLTER PEETERS




Need for Better Diagnostic, Predictive Tools

Diagnostic ldentifying presence alisease
Prognostic Predicting Disease Outcome, progression

Predictive Predicting Response to treatment

Precision MedicineUsing Prognostic and Predictive Tools for
Tailoring Therapy for a given patient based off specific risk profil
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Imagebased Risk Scorto(is)

Sectioning, Staining

Digitization

Oncological
Treatment
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Stacked Sparse Auto-encoder for Nuclei Detection

Output layer: Softmax classifier detect
input patches as nuclei or non-nuclei
patches

L Input layer ' : : :
i (d, x Tunits) i( 5, units) ; (5, units)

Input pixel intensities of Softmax classifier for nuclei detection
selected patch with sliding

windows

XuJS (i Stdcked Sparsdutoencoderd { { ! 90 0
Xu Jet al. &Stacked Sparskéutoencoderd { { ! 90 T
Zhang X, Dou Bku JZhangS@ Cdza Ay 3 | SG SN2 3S
Informatics,2015

Lu C, Xu KKu JMandal M, andMadabhushl = dadzf GALIX S t I daSa ! RI LIHistesthlogigali X i JISEEQEInd ozBidnedical arsl i A 2y Ay

Informatics, (Under Preparing)

SR CNIYSg2N] F2NJ bdzOf SA t | (1098I12014. aaAFAOI GA2Y 2y . NBlLad /1|
J b

S a
w
N
E.f
()
e
B
o
«Q
8:\
%
Qi
o
S
®
5
ax
124
m
ﬂé
%
&
&
o
:
=3
o
=8
<8}
>
o
T
¢}
=2
=



A deep learning classifier identifies patients with heart

failure using WSI of H&E tissue biopsies

a Cardiac histopathology in heart failure b Training a deep convolutional neural network

ROI extraction Model training Test on held-out data

Training dataset
104 patlents

Non-Failing

Failing

Deep Learning

et

Testing dataset
105 patients

C Detection of clinical heart failure d Algorithms identify tissue pathology in normal patients
! patlent Ievel_m Performance evaluation Patient 1 Patient 2
=, Panoogs: CNN Pathologists e T T
2> e Accuracy  0.94+001 0.75 0.75
;_;__' 1 Sensitivity  0.99+0.01 0.81 0.64
Z’ Specificity  0.89+0.01 0.71 0.85
) PPV 0.88+0.01 069 0.77
a AUC 0974001 075 073

Table 1. Patient level performance metrics on
the test set (105 patients). Mean + SD of three
models or individual results from each pathologist.

0
0 010203040506070809 1

Specificity ‘
€ Detection of heart failure or severe pathology f An example of a feature learned from the CNN
Image-level Patient-level

. E@ ' l ' The original H&E stained image

ss s shown on the left. The hidden
b layer activations for one
) { feature, shown on the right, is
E ¥ strongest in myocyte tissue.

q Thus, the CNN learned that

y segmenting myocyte tissue is a
useful feature to detect patients
t with heart failure

Accuracy Sensitivity PPV GMPR AUC Accuracy Sensitivity PPV GMPR AUC
Evaluation Metric Evaluation Metric
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Business | Technology

Is there a smarter path to artificial intelligence?
Some experts hope so

Originally published June 24, 2018 at 5:00 pm | Updated June 25, 2018 at 12:59 am

But now some scientists are asking whether deep learning is really so deep
after all.

In recent conversations, online comments and a few lengthy essays, a
growing number of Al experts are warning that the infatuation with deep
learning may well breed myopia and overinvestment now — and
disillusionment later.

“There is no real intelligence there,” said Michael 1. More on Al

Jordan, a professor at the University of California,

. . . IBM’s robot debater i dyt i
Berkeley, and the author of an essay published in April > TObo ,e areris ready fo convinee
you that you’re wrong

intended to temper the lofty expectations surrounding Al.

“And I think that trusting these brute-force algorithms IBM pits computer against human
too much is a faith misplaced.” debaters




Husky or Wolf? Using a Black Box Learning Model to Avoid

Adoption Errors
Past Tides
August 24, 2017 By Wendy Wolfson

Say you want to adopt a dog, from a picture, and you task your machine learning system to classify the
image as either a husky, which would be safe to adopt, or a wolf, which probably is not a good idea.
Can you get that photograph classified with certainty? “Because researchers don’t have insights into
what is going on they can easily be misled,” said Sameer Singh, assistant professor in the UCI
Department of Computer Science. “Classification is core to machine learning,” said Singh, describing
‘black box’ machine learning predictions at the Association for Computing Machinery (ACM) July 12
meeting at the Cove. Machine learning is pervasive in our lives—from email to games. “It's in our
phones,” said Singh, a machine learning and natural language processing expert. “It is in our houses. It
is basically everywhere.”One of his students created a wolf/dog classifier in a few hours that seemed to

work—at first.
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Nuclel segmentation and sub graph constitution

Stromal region

. Epithelial region
o——as Cancer cell clusters
O—0

Stromal cell clusters

== Tumor infiltrating lymphocytes

Stromal tumor infiltrating lymphocyt:
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Collagen fiber detection
Epithelium siegmentation
Collagervectors in tumorassociated stroma

y
Collagen fiber orientation disorder calculatlon » High degree of disorde
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