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Abstract

We have reached the take off point in the generation of massive datasets from
individuals and across populations, both of which are necessary for personalized
precision medicine. | will give an example of my N=1 self-study, in which | have my
human genome as well as multi-year time series of my gut microbiome genomics and
over one hundred blood biomarkers. This is now being augmented with time series of
my metabolome and immunome. These are then compared with hundreds of healthy
people's gut microbiomes, revealing major shifts between health and disease. Multiple
companies and organizations will soon be carrying out similar levels of analysis on
hundreds of thousands of individuals. Machine learning techniques will be essential to
bring the patterns out of these exponentially growing datasets.
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Calit2’s Future Patient Project: How Does

Medicine Transform in a Data-Rich World?
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| Decided to Track My Internal Biomarkers
To Understand My Body’s Dynamics
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Only One of My Blood Measurements

Was Far Out of Range--Indicating Chronic Inflammation
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Adding Stool Tests Revealed

Oscillatory Behavior in an Immune Variable Which is Antibacterial
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Confirming the IBD (Colonic Crohn’s) Hypothesis:

Finding the “Smoking Gun” with MRI Imaging

Ly . s Colon | Obtained the MRI Slices
From UCSD Medical Services
and Converted to Interactive 3D
Working With Calit2 Staff
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To Understand the Autoimmune Dynamics of the Immune System

We Must Consider the Human Microbiome

Your Microbiome is
Your “Near-Body” Environment
and its Cells
Contain 100x as Many DNA Genes
As Your Human DNA-Bearing Cells

Inclusion of the “Dark Matter” of the Body
Will Radically Alter Medicine



We Downloaded Metagenomic Sequencing of the Gut Microbiome

of Healthy and IBD Patients and Compared with My Time Series

Each Sample Has 100-200 Million lllumina Short Reads (100 bases)

“Healthy” Individuals Inflammatory Bowel Disease (IBD) Patients

250 Subjects

1 Point in Time 2 Ulcerative Colitis Patients,

Larry Smarr 6 P0|ntS in T|me
(Colonic Crohn’s) o
7 Points in Time
Over 1.5 Years

5 lleal Crohn’s Patients,
3 Points in Time

Total of 27 Billion Reads
Or 2.7 Trillion Bases

J. Craig Verlt_e_!' Source: Jerry Sheehan, Calit2
INSTITUTE Weizhong Li, Sitao Wu, CRBS, UCSD




To Map Out the Dynamics of Autoimmune Microbiome Ecology

Couples Next Generation Genome Sequencers to Big Data Supercomputers

Source: Weizhong Li, UCSD Illumina HiSeq 2000 at JCVI

Our Team Used 25 CPU-years
to Compute
Comparative Gut Microbiomes
Starting From
2.7 Trillion DNA Bases
from My Time Samples
and 255 Healthy and 20 IBD Controls

Dell Solutions Center
Industry Solutions Lab
SANGER DSU
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Results Include Relative Abundance of Hundreds of Microbial Species

Average Over 250 Healthy People
From NIH Human Microbiome Project

‘ Note Log Scale

Healthy Average (US) - Count=200 - 98%
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Using Microbiome Profiles to Survey 155 Subjects

for Unhealthy Candldates
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We Found Major State Shifts in Microbial Ecology Phyla

Between Healthy and Three Forms of IBD
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In a “Healthy” Gut Microbiome:
Large Taxonomy Variation, Low Protein Family Variation

Over 200 People
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Verrucomicrobia
™7

Source: Nature, 486, 207-212 (2012)

Central carbohydrate meatabolism

Cofactor and vitamin biosynthesis
Oligosaccharide and polyol transport system
Purine metabolism

ATP synthesis

Phosphate and amino acid transport system
Aminoacyl tRNA

Pyrimidine metabolism

Ribosome

Aromatic amino acid metabolism




We Supercomputed ~10,000 Microbiome Protein Families (KEGGS)

Which Clearly Separate Disease Subtypes Using PCA

Implies That
Disease
Subtypes
Have Distinct
Protein
Distributions

SDSC

PC2

PC1

Source: Computing Weizhong Li, PCA Mehrdad Yazdani,
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Using Machine Learning to Identify Protein Families

That Are Over or Under Abundant in Disease State

10,012 KEGGs from
healthy and sick cohorts

50% random
Training set

50% random
Hold out

|\

Select top 100 KEGGs
with highest KS scores

A

] Develop
Random Forest
, . Classifier

L S—

Evaluate
Classifier

Split KEGGs into 50% Training and Holdout Sets

In Training set, Compute Kolmogorov-Smirnov Test
to Find Statistically Most Significant KEGGs That
Differentiate Healthy and Disease States

Train a Random Forest as a Probabilistic Binary
Classifier on 100 KEGGs with Highest KS Scores

Use Trained RF to Classify all KEGGs as Over or
Under Abundant
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PCA Plot of the Random Forest Classifier Probability Confidence Level

Applied to All 10,012 KEGGs
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Examples of the Most Statistically Significant KEGGs

That Differentiate Between the Disease and Healthy Cohorts

Selected
from
Top 100
KS
Scores

Selected
by
Random
Forest
Classifier
From
Holdout
Set

K06351~
K03753-
K03750~
K03483-
K03480~

K13683-
K12257-
K01847-
K00971-
K00712-

K10793-
K07757-
K04028~
K03475"
K02794-

K07696"
K02199-
KO1711-
K01412-
K00957~

-8 -/

Training set over abundant

o LN L S s e oS O 00CHTIO B9 I

" » o D D 0 TEREE 0 S0 R DO ome »
L a8 e e &0 * e O NI G0N a0 a0
° O SOR NI E MW ¢ R e Do o
Q k] SO SDE © BN 0NN o e a0

Training set under abundant

00 @8 @ & O Do o CuEED G
- & ot TS
80 6 50 000N OO u
COO0IEJ/>O OEESS T3 THEEN OO

B e I 4 IS IS 00

Hold out set over abundant

o o LA L N «© LR s oo8e LB AL - o
Bl e @ » B b e om0 o9 =0
L e o™ O 29 = © 0000 I o O e
o B - L L W S0 9 s »

e e e v

o L o e o ©

Hold out set under abundant

> o 4 @O P . TENND L)

= T O IR0 ¢ CMMIDENPOe
< <3 < 3 0 S  EEEIUCDED © ©
‘DPeC. 3 | WED o
LR GO O T I o
-6 =5 -4 -3

3

log10(1e-08 + value)

Source: Computing Weizhong Li, PCA Mehrdad Yazdani, Calit2

e TR _1JF N ° NI

cD
® HE
® IS
uc

Note: Orders
of Magnitude
Increase or
Decrease in
Protein
Families
Between
Health and
Disease



So Which Protein Families

Define My Disease State?

We Ran a Linear Classifier for Each of the 10,012 KEGGs
And Chose the Ones with the Lowest Error

K00150
K0796

T111313IITIITY BARPRRRARARERS T11 . . Tl T

Next Step: Investigate Biochemical Pathways of Key KEGGs

Source: Computing Weizhong Li, PCA Mehrdad Yazdani, Calit2



To Expand IBD Project the Knight/Smarr Labs Were Awarded

~ 1 CPU-Century Supercomputing Time

8x Compute Resources
Over Prior Study

Smarr Gut Microbiome Time Series
— From 7 Samples Over 1.5 Years
— To 75 Samples Over 5 Years

 |IBD Patients: From 5 Crohn’s Disease and 2 Ulcerative
Colitis Patients to ~100 Patients

* New Software Suite from Knight Lab

— Re-annotation of Reference Genomes, Functional / Taxonomic
Variations

— From 10,000 KEGGs to ~1 Million Genes
— Novel Compute-Intensive Assembly Algorithms from Pavel Pevzner
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We are Genomically Analyzing My Stool Time Series

in a Collaboration with the UCSD Knight Lab

) 10CALTOPICS | SCIENCES ENVIRONMENT | SCIENCE

UGSD hires star hiologist Rob
Knight {_

Larry’s 40 Stool Samples Over 3.5 Years 24 V.
to Rob’s lab on April 30, 2015 "t’



Lessons from Ecological Dynamics:

Gut Microbiome Has Multiple Relatively Stable Equilibria

A Shift in “state” variables alters the community directly

Antibiotics,
oral hygiene
Community state \
landscape
Q

Q@ \
(@]
o9 /o) oodOj;’;//)

o 8 Q Alternative state 1

Alternative state 2

“The Application of Ecological Theory Toward an Understanding of the Human Microbiome,”
Elizabeth Costello, Keaton Stagaman, Les Dethlefsen, Brendan Bohannan, David Relman
Science 336, 1255-62 (2012)



LS Weekly Weight During Period of 16S Microbiome Analysis

Abrupt Change in Weight and in Symptoms at January 1, 2014

200 Source: Larry Smarr, UCSD
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My Microbiome Ecology

Time Series Over 3 Years

o PC1 (13.75%)

PC3 (7.00 %)

Source Justine Debelius, Knight Lab, UC San Diego



Coloring Samples Before (Blue) and After (Red) January 2014

Reveals Clustering

PCI(7.08 %)

Source Justine Debelius, Knight Lab, UC San Diego



An Apparent Sudden Phase Change
In the Microbiome Ecology Occurs

PC1 (1378 %)

Source Justine Debelius, Knight Lab, UC San Diego



My Gut Microbiome Ecology Shifted After Drug Therapy

Between Two Time-Stable Equilibriums Correlated to Physical Symptoms

Weekly Weight 7/1/12 to 12/1/14
Frequent IBD Symptoms Few IBD Symptoms
Weight Loss > Weight Gain > e
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PCoA by Justine Debelius and Jose Navas, A D
Knight Lab, UCSD

Weight Data from Larry Smarr, Calit2, UCSD



What | Have Measured Is Rapidly Being Superseded

to Include Deep Characterization of the Human Body

Precision Medicine
Put to the Test:
UnDx Consortium
Gathers to
Examine New
Hypotheses for
Undiagnosed
Patients

GlobeMNewswire * August 15, 2006

The five technology providers that have donated their services to the UnDx Consortium include:

« Genome Profiling, LLC of Wilmington, DE, providing epigenetic analysis;

« The Lab of Rob Knight and the American Gut Project at the University of California San Diego
(UCSD), providing microbiome analysis;

« KromaTiD, Inc. of Fort Collins, CO, providing a chromosomal imaging platform for the detection of
chromosomal rearrangements;

« Metabolon, Inc. of Durham, NC, providing metabolomic analysis; and

» ORIG3N, Inc. of Boston, MA, providing both the sample collection and stem cell analysis.
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The Future Foundation of Medicine

iIs an Exponential Scaling-Up of the Number of Deeply Quantified Humans

g. Eric Topol X

These days it's sequencing 100K people or
you don't show up @RegeneronPharma
Dhumanlongevity @GenomicsEngland ?

others
Genomics =, The 100K "";j“‘ Source: @EricTopol
sa=iie PP ek, Twitter 9/27/2014
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Building a UC San Diego High Performance Cyberinfrastructure

to Support Big Data Distributed Integrative Omics

Knight 1024 Cluster
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Big Data Requires Big Bandwidth

How long does it take to transfer 1 Petabyte
of data across various speed networks?

§ 3.4 Years
1Gb Institutions —> g’ 4 Months
10Gb Institutions ==—> é 10 Days
" .“ —_—
v 5
M § 1 Day
AARNet4 =—> ~

=2 2 V’
@ aarnet http://news.aarnet.edu.au/data-movement-do-you-know-what-your-campus-network-is-actually-capable-of/ " t



Next Step: The Pacific Research Platform Creates

a Regional End-to-End Science-Driven “Big Data Freeway System

NSF CC*DNI Grant
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Cancer Genomics Hub (UCSC) is Housed in SDSC:

Large Data Flows to End Users at UCSC, UCB, UCSF, ...

Aggregate Outbound Firewall Bandwidth May 2012
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The Future of Supercomputing

Will Need More Than von Neumann Processors

“High Performance Computing Will Evolve
Towards a Hybrid Model,

Integrating Emerging Non-von Neumann Architectures,
with Huge Potential in Pattern Recognition,
Streaming Data Analysis,
and Unpredictable New Applications.”

Horst Simon, Deputy Director,
U.S. Department of Energy’s
Lawrence Berkeley National Laboratory
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Calit2’s Qualcomm Institute Has Established a Pattern Recognition Lab
On the PRP, For Machine Learning on non-von Neumann Processors

UCSD ECE Professor Ken Kreutz-Delgado Brings
the IBM TrueNorth Chip
to Start Calit2’s Qualcomm Institute
Pattern Recognition Laboratory
September 16, 2015

| L

s only limited by money, not imagination,’ Modha says.”

Source: Dr. Dharmendra Modha
Founding Director, IBM Cognitive Computing Group




Dan Goldin Announced His Company KnuEdge June 6, 2016 -

He Will Provide Chip to PRL This Year
tom'sHARDWARE

THE AUTHORITY ON TECH

KnuEdge Announces 'KnuVerse'
Voice Authentication
Technology And 'KnuPath'
Neural Chip

By Lucian Armasu JUNE 6, 2016

nsP
3 25558

8 tDSPs per Chip 8 Chip Clusters 4 Superclusters “Hermosa"

deslgn. It contains 256 digital signal

nrocessing cores (tDSPs) and 64
processing cores (tDSPs) and € www.tomshardware.com/news/knuedge-announces-knuverse-and-knupath,31981.html

programmable DMA engines.

>

Hermosa's performance-advantaged

architecture "can deliver acceleration

of targeted workloads far beyond legacy KNb
architectures,” according to the company. :
{ E ) g ]
[Photos courtesy KnuEdge, Inc.] - DGE "t‘)

www.calit2.net/newsroom/release.php?id=2704




Our Pattern Recognition Lab is Exploring Mapping

Machine Learning Algorithm Families Onto Novel Architectures

. Deep & Recurrent Neural Networks (DNN, RNN)

. Graph Theoretic

. Reinforcement Learning (RL)

. Clustering and other neighborhood-based

. Support Vector Machine (SVM)

. Sparse Signal Processing and Source Localization
. Dimensionality Reduction & Manifold Learning

. Latent Variable Analysis (PCA, ICA)

. Stochastic Sampling, Variational Approximation

| W,
Snatite C (g

. Decision Tree Learning



Large Corporations

Are Already Using Non Specialized Accelerators

* Microsoft Installs FPGAs into Bing Servers

Project Catapult

Established: February 2, 2015 Be Microsoft

www.microsoft.com/en-us/research/project/project-
catapult/

Google supercharges machine learning tasks with TPU
custom chip

Madmnaardaty Aa
‘\‘ I‘f.__J(J' |':‘~:-(!-:3I'vy, "-’::l‘:‘ ]‘_.‘, \

https://cloudplatform.googleblog.com/2016/05/Google-supercharges-machine-learning-tasks-with-custom-chip.html
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