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The Plan

Clinical [Secure] deployment

Question gL i of KNIME in AWS

Machine Learning
Assisted
HistoPathology




Prediction in Medicine
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Out of every 100 men...

16 will be diagnosed
with prostate cancer in their
lifetime

In reality, up to 80 will have
prostate cancer by age 70

And 3 will die from it.
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The goal: diagnose patients that have
aggressive disease
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The need for precision oncology

Impact of Prostate Cancer Treatments: Of the men treated by prostatectomy
Differences in Treatment Responses a significant portion experience

recurrence
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Multiple treatment options
are available for these men

On average, the probability
responding to treatment is the
same, however,...

Not every patient will
respond equally
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Who responds to
what treatment?
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Computer-guided image analysis in pathology
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The Source Data
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Why use KNIME?



Why use KNIME

Establish an open computational environment to provide direct access across all relevant expertise.
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Why go to the “Cloud”

Scalability
Accessibility
Security
Cost



The challenges and opportunities of single-cell analysis
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Configuration:
KNIME 3.2
MacPro

12-core
64GB RAM

1TB SSD M2 HD (scratch)

4TB Spindle HD
4-20mb/sec transfer

200 x 9.5 megapixel x 4 ->

Vg
» ..
» »
ot N S
mage Mowins »
. Node S
oa»m
T3
wage Meade
.
- >
o > ¢
wage Mesder *
.
L.

12 gb->

Project scale:
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Cloud Requirements

Requirement Solution

Highly Scalable Multiple configuration, eg.: rdx4 vs R4x2; Data repository on S3

Remotely Accessible Enable VPN

4 part: a) server-less trigger, b) ssh, c) Direct Connect,

Highly Secure d) primary data lives on local S3 bucket

Manageable Cost Easy “on/off” + automated reporting on costs

Ease of Use Server-less trigger for start/stop, VPN remote access



Vanderbilt University IT AWS Configuration
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Vanderbilt University IT AWS Secure Access
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Performance



Project

A

Scenario Per image
1 slide 9.5 megapixel
8 slides 9.5 megapixel
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Production Workflows for Large Scale Image Analysis

Image Segmentation
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Why go to the “Cloud”

Make the processing of large images possible
Accelerate analysis of any size image (factor of 10)
Improve security

Facilitate access by team members

Enable remote access

Facilitate monitoring

Manage costs
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