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A dynamic, evolutionary framework

FIGURE 23.18. The Fisher—-Muller argument. (A)

With asexual reproduction, favorable mutations must be
established sequentially. For example, if allele A is destined to
replace a, then any favorable alleles that occur at other loci (B,
for instance) can only be fixed if they occur within a genome

carrying A__ ]
Fisher 1930; Muller 1932; Nordling 1953; Knudson 1971



Mutation rates in cancer and “simple” evolving cell populations
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Quantitative Genetics and Cancer

TCGA/TARGET and GWAS

Phenotype (P) =G + E +G*E
CancerC=G+E+M+ G*E+ G*M + E*M + G*E*M.
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Genetic Interaction Screening:
Validating recurring allelic combinations from TCGA

e Gena A Gene B
’ ("‘\ o
De + HNA' A1 :|-
/8 'ﬂla \._/
30000600 / |
Q0000000 Interaction
00000000 L.
l!:)ii‘;ﬂgi" i’; g+ RNAIZ = score ( )
00000000 h
00000800 ’
" (’ 2\
‘1 gsﬁg R2)-
i g B2+ RNAI 192\
$38845" -
Imaging and Modeling of
Combinatonial ANAI Image analysis genetic interactions
Horn et al. Nat. Methods 2011 -
Value

ERBB2

CCNY

CCND1

CSMD1

GATA3

SBNO1

BAP1

RB1

PALB2

MAP2K4

SPOPL

PIK3CA

EP300

. %555%6&@§%§§§
Wang et al., in prep 585838 Eig gk



Research Informatics

Small Data Users Big Data Users

Novice Users Expert Users

Service and Infrastructure Informatics



Research Informatics
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Data and Scale

Genome Sequencing

Other ‘omics

Literature

Text EMRSs




The Root of 215t Century Genome Science
Exponential Growth of DNA sequencing

Growth of GenBank
(1982 - 2005)
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Projected sequencing capabilities world-wide
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Google’s computing
infrastructure uses
260 MW / hour.

Google manages
hundreds of PB of
data.



= NCBI

Maticnal Center for
Bictechnology Information

In 2012 NCBI had >2PB of data. But
genome sequencing data is growing
exponentially.



( "c 7

EIastic Clouds

= E
Large Data Clouds Goal: Minimize cost
| of virtualized
machines & provide

on-demand.

Goal: Maximize data
(with matching
compute) and control
cost.

Goal: Maximize
processing



Big Data Biology

Think of big data biology as the
academic discipline studying how to
extract useful information from all
available data relevant to biology.

>

Petabytes

unstructured data = structured data



All data potentially relevant to cancer

The Biomedical
Enterprise

(e.g. other disease-
centric projects, ENCODE
and like type, EMR, non-
cancer trials data, etc...)

Genome Sequencing Orthogonal data

(e.g. social networking,
internet search, purchasing
patterns, gaming, etc..)

Other ‘omics




Google Flu
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Google Flu vs. Centers for Disease Control Monitoring

® Google Flu Trends

Published CDC reports,

about two weeks behind,

dor't yet show this increase.
: Google Flu Trends detects a

: significant increase in flu activity.

/\//\f



Sedentary lifestyle and cancer risk

Cancers are associated with being
overweight and/or sedentary lifestyle:

Breast cancer among postmenopausal faCEbOOk

women

Colorectal cancer
Endometrial cancer
Esophageal adenocarcinoma
Kidney cancer

Pancreatic cancer M Zynga




‘Omics Data
= l Production l

Public internet

Researcher

Medical research centers and hospitals
offering personalized medicine.

Physician



Bob Grossman, IGSB/U.Chicago
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Local ‘Omics
Data

Production Scales to tens of

thousands/millions of

genomes (exabyte sized
data)

10Gbps
llurninar Complete | amazon
webservices"

Genome Centers

Beijing Institute of Genomics,
++ Chinese Academy of Sciences
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Eight requirements for a Biomedical Cloud:

1. Appropriate security.

2. Secure communications with private clouds.

3. On-demand and scalable storage.

4. On-demand and scalable analysis.

5. Scalable ingestion of data.

6. Support data liberation.

/. Peer with other private and community clouds.
8. Peer with public clouds.

Grossman and White, JIM 2012
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