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Every revolution in science—from
Copernican heliocentric model to the
rise of statistical and quantum
mechanics, from Darwin’s theory of
evolution and natural selection to the
theory of the gene—has been driven
by one and only one thing: access to

data.

—-John Quackenbush



@johnquackenbush-Every revolution in
the history science has been driven by
one and only one thing: access to data.

Twitter version, 115 characters with spaces



@notrealdonaldtrump-We have the best
data. Fantastic Bigly! The other
scientists. losers So sad #fakedata
#failedscientists

Twitter version, 123 characters with spaces



Essentially, all models are wrong,
but some are useful.

— George E. Box



How NOT to do Network Analysis
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How NOT to do Network Analysis (2)

Correlation

Network .t.<$.

Conditions

Genes

Expression data
(Phenotype I)

Statistical
Analysis

Conditions

Color and Start
Bio-Poetry

Genes

* Are things that are correlated
Differentially functionally connected?
Expressed » Are correlations the same in
Genes different phenotypes?

Expression data
(Phenotype II)



How we do Network Analysis
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Starting Assumptions

* There is no single “right” network

 The structure of the network matters and network
structure often changes between states.

 The “atom” of the network is the edge.

 We have to move from asking “Is the network right?”
to asking “Is the network useful?”

* The real question is “Does a network model inform our
understanding of biology?”
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The Methodological Zoo
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Integrative Network Inference:

PANDA

OPEN @ ACCESS Freely available online @PLOS | one

Passing Messages between Biological Networks to Refine
Predicted Interactions

Kimberly Glass'?, Curtis Huttenhower?, John Quackenbush'?, Guo-Cheng Yuan™**

1 Department of Biostatistics and Computational Bielogy, Dana-Farber Cancer Institute, Boston, Massachusetts, United States of America, 2 Department of Biostatistics,
Harvard School of Public Health, Boston, Massachusetts, United States of America

Abstract

Regulatory network reconstruction is a fundamental problem in computational biology. There are significant limitations to
such reconstruction using individual datasets, and increasingly people attempt to construct networks using multiple,
independent datasets obtained from complementary sources, but methods for this integratinn are lacking. We developed
PANDA (Passing Attributes between Networks for Data Assimilation), a message-passing model using multiple sources of
information to predict requlatory relationships, and used it to integrate protein-protein interaction, gene expression, and
sequence motif data to reconstruct genome-wide, condition-specific requlatory networks in yeast as a model. The resulting
networks were not only more accurate than those produced using individual data sets and other existing methods, but they
also captured information regarding specific biclogical mechanisms and pathways that were missed using other
methodologies. PANDA is scalable to higher eukaryotes, applicable to specific tissue or cell type data and conceptually
generalizable to include a variety of regulatory, interaction, expression, and other genome-scale data. An implementation of
the PANDA algorithm is available at www sourceforge.net/projects/panda-net.
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doi: https://doi.org/10.1101/089003

This article is a preprint and has not been peer-reviewed [what does this mean?].
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Abstract

Specific cellular states are often associated with distinct gene expression patterns.
These states are plastic, changing during development, or in the transition from

health to disease. One relatively simple extension of this concept is to recognize that

we can classify different cell-types by their active gene regulatory networks and that,
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GTEX:
A Sandbox
for Methods Development



We need a big sandbox

RESEARCH

RESEARCH ARTICLE

HUMAN GENOMICS

The Genotype-Tissue Expression
(GTEX) pilot analysis: Multitissue
gene regulation in humans

The GTEx Consortium™t

Understanding the functional consequences of genetic variation, and how it affects
complex human disease and quantitative traits, remains a critical challenge for
biomedicine. We present an analysis of RNA sequencing data from 1641 samples
across 43 tissues from 175 individuals, generated as part of the pilot phase of the
Genotype-Tissue Expression (GTEx) project. We describe the landscape of gene
expression across tissues, catalog thousands of tissue-specific and shared regulatory
expression quantitative trait loci (eQTL) variants, describe complex network relationships,
and identify signals from genome-wide association studies explained by eQTLs.
These findings provide a systematic understanding of the cellular and biological
consequences of human genetic variation and of the heterogeneity of such effects
among a diverse set of human tissues.

ver the past decade, there has been a marked
increase in our understanding of the role

are for any given GWAS locus or disease. Hence,
understanding the role of regulatory variants,

statistical power, we prioritized RNA sequencing
of samples from nine tissues that were most fre-
quently collected and that routinely met mini-
mum RNA quality eriteria: adipose (subcutaneous),
tibial artery, heart (left ventricle), lung, muscle
(skeletal), tibial nerve, skin (Sun-exposed), thyroid,
and whole blood (Table 1) (14).

We performed 76-base pair (bp) paired-end
mRNA sequencing on a total of 1749 samples, of
which 1641 samples from 43 sites, and 175 do-
nors, constituted our final “pilot data freeze”
reported on here (74). Median sequencing depth
was 82.1 million mapped reads per sample (fig.
S3A). The final data freeze included samples from
43 body sites: 29 solid-organ tissues, 11 brain sub-
regions (with two duplicated regions), a whole-
blood sample, and two cell lines derived from
donor blood [EBV-transformed lymphoblastoid
cell lines (LCLs)] and skin samples (cultured fi-
broblasts) (Table 1 and tables S1 and S2). Median
sample size for the nine high-priority tissues was
105; median sample size for the other 34 sampled
sites was 18.5.

Gene expression across tissues

We examined the patterns of expression of 53,934
transeribed genes across tissues [on the basis of
Gencode V12 annotations] (14, 15). The number of
biotypes [protein-coding genes, pseudogenes, and
long noncoding RNAs (IncRNAs)] that were tran-
scribed above a minimal threshold [reads per kilo-

ncemag.org/ on May 10, 2016
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GTEXx: A lot of sand
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Tissue-Specific Expression Data
- from GTEXx
j"§’ GTE;(,*_\  GTEX: Genotype-Tissue
l i Expression project.
 Version 6 includes ~10,000
expression assays representing

Multi-tissue transcriptomes

S postmortem samples collected
. from ~550 individuals across
Data QC, merging & normalization ~5O dlﬁ:erent bOdy Sltes

(38 primary sites, 9435 samples from
549 individuals)

 Downloaded, pre-processed

S and normalized this data.
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Step 1: Filter Samples
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Step 2: Merge Tissues to Increase Power

Preprocessing and normalization workflow
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Step 3: Filter Genes with Few Reads

Preprocessing and normalization workflow ° P e rfo rm ed a S pa rS e-awa re fi Ite r
GTEx muti e T that allowed us to retain tissue-

55,019 genes

; mﬁ;f 53 conditions SpeCifiC genes.
| * Removed genes with <1 CPM
9,464 samples in fewer than half Of the number

55,019 genes

Eildme eommmenloe
FHIET ballipies

poor annotation

quaiity iti 53 conditions
5.2 teromous of samples of the smallest
, tissue.
Meress f S . 9,435 samples
R - = 55,019 genes
SRS RN 38 conditions SMcP
| Filter genes | 15+ é
i - ;
: Ew— 8 o ° !
f ' ¢ i L a
- I I i o
Filter genes i by 9,435 samples 3 o 2 :
while preserving hnillflllll l'llllllll 30,333 genes & s il ° s ” . v 9 wme ©
tissue specificity - : . 38 conditions 9 ] g i 8. aval B o %0 o' & goto LI
] B o LS VI | e - ' : 1 o
| Normalize | - ?TTET?:BE?".':ET*g: $:*T1TT"?T:§§;:*B
TR [ O P SN (e R Loyt T, o L 1 Ly _:_ [ L.
\ i = 1 £ ﬁ ok A ﬁ B II e £ 4 HE
1 . — o
-]
.| 00Bmo00; ooodlooooteeotAoHonBoeton . ao:
O O OLOROEFRIPE PO OXASTOOIITOL D SRTSEIT Dy
Normalize 9,435 samples "?‘?3 AR vé}"é'q‘}‘q?\?‘t ‘YG’GQ%Q&‘* ‘-}\?J? g‘f}gq "?‘5‘? "g:%‘@"?‘b o
retaining global v 30,333 genes
distribution i 38 conditions

http://tinyurl.com/qgtex01




Step 4: Normalize Data

Preprocessing and normalization workflow

GTEx multi-tissue
transeriptomes

chooge tissues of
interest

3

s os el e
Saivipnes
1

annotation
nuality
Juality

T R——

Mlosrran
wmarge

Y
HLGUES Wyt

Fiiter genes
while nrese
LLARLLASE SOl ot

tissue specificit

's]
=l
v

Filter samples l

9,464 samples
55,019 genes
53 conditions

L

9,464 samples
55,019 genes
53 conditions

1

9,435 samples
55,019 genes
38 conditions

1

9,435 samples
30,333 genes
38 conditions

Normalize
retaining global
distribution

9,435 samples
30,333 genes
38 conditions

http://tinyurl.com/qgtex01

Density

0.15

0.10

0.05

0.00

Raw expression

B brain-0

10 165

Log-transformed counts




-
Step 4: Normalize Data
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Question 1:
What is
“Tissue Specificity?”
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Integrative Network Inference:

PANDA

OPEN @ ACCESS Freely available online @PLOS | one

Passing Messages between Biological Networks to Refine
Predicted Interactions

Kimberly Glass'?, Curtis Huttenhower?, John Quackenbush'?, Guo-Cheng Yuan"**

1 Department of Biostatistics and Computational Biology, Dana-Farber Cancer Institute, Baston, Massachusetts, United States of America, 2 Department of Biostatistics,
Harvard School of Public Health, Boston, Massachusetts, United States of America

Abstract

Regulatory network reconstruction is a fundamental problem in computational biology. There are significant limitations to
such reconstruction using individual datasets, and increasingly people attempt to construct networks using multiple,
independent datasets obtained from complementary sources, but methods for this inte-gratinn are Iacking We developed
PANDA (Passing Attributes between Networks for Data Assimilation), a message-passing model using multiple sources of
information to predict requlatory relationships, and used it to integrate protein-protein interaction, gene expression, and
sequence motif data to reconstruct genome-wide, condition-s pecific requlatory networks in yeast as a model. The resulting
networks were not only more accurate than those produced using individual data sets and other existing methods, but they
also captured information regarding specific biological mechanisms and pathways that were missed using other
methodologies. PANDA is scalable to higher eukaryotes, applicable to specific tissue or cell type data and conceptually
generalizable to include a variety of regulatory, interaction, expression, and other genome-scale data. An implementation of
the PANDA algorithm is available at www sourceforge.net/projects/panda-net.
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A Simple Idea: Message Passing

Transcription Factor
O The TF is Responsible for
communicating with its Target
R(t) N A(v-l)ch A(O) /chh A(O)

Downstream Target

The Target must be Available
to respond to the TF

A(") ZR(t—i)Ck}R(O) / E R(o}

Kimberly Glass, GC Yuan




Message-Passing Networks: PANDA
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Glass et. al. “Passing Messages Between Biological Networks to Refine Predicted Interactions.” PLoS One. 2013 May 31;8(5):e64832.
Code and related material available on sourceforge: http://sourceforge.net/projects/panda-net/



Reconstructing Tissue-Specific Networks
GTEx Expression Data from 38 Tissues/Tissue-Sites

(1) Integrate Regulatory
Information (PANDA)

'$,+§%+

PPI Motif Co-expression l

Re ulatory Networks for 38 Tlssues/Tlssue Sltes

 In PANDA, an “edge” is an inferred regulatory association
between a TF and a target gene.

 The “edge weight” represents the “strength” of the
inferred regulatory interaction.

 Drawing a network = setting an edge weight threshold.

http://tinyurl.com/gtex05
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Identifying Tissue-Specific Edges

We compared the weight of an edge between a transcription factor (/) and a
gene (j) in a particular tissue () to the median and interquartile range (IQR)
of its weight across all 38 tissues:

l(Jt) _( l(]t) med( (all)))/IQR( (all))

An edge with an edge specificity score s(t) > N was identified as specific to
tissue t.

%108 Edge
: “multiplicity”
the number of
tissues in which a
edge is identified as
specific

m;j —z (©) >N]

t

[=2]
T

—_— —_— —_—
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- [ 5+
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o
T

#Edges Associated with N Tissues
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IQR-cutoff for calling TS-Edges
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Interpreting Edge Multiplicity

Edge multiplicity

http://tinyurl.com/gtex05




Interpreting Edge Multiplicity

Edge multiplicity
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Interpreting Edge Multiplicity

Edge multiplicity
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78.7% of aorta edges have multiplicity>1

These edges are shared across many tissues,
including the tibial artery (14.8%), testis
(11.2%), brain (9.8%), coronary artery (9.3%),
and ovary (8.5%)
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Defining Node Tissue-Specificity

We compared the median expression level (ej(t)) of a gene (j) in a particular
tissue (t), to the median and interquartile range of its expression across all

samples:
Sj(t) = (med (ej(t)) — med (ej(a”))) /IQR (ej(a”))
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Complex Patterns of Shared-Specifici

% of Genes Specificin Tissue Y
that are also Specific in Tissue X
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The amount of shared specificity among genes and transcription
factors is much more complex than that of the edges.

http://tinyurl.com/gtex05
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Defining Tissue-Specificity

We compared the median expression level (ej(t)) of agene (j) in a

particular tissue (t), to the median and interquartile range of its expression
across all samples:

Sj(t) = (med (ej(t)) — med (ej(au))) /IQR (ej(a”))

A gene with a specificity score sj(t) > N was identified as specific to tissue

t. «104
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Edge vs Node Multiplicity

Edge multiplicity
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Some Take-Home Messages

* Network edges are more likely to be

identified as specific to only a single tissue
(multiplicity=1) compared to genes.

» Transcription factors are more likely to be
identified as “specific” in multiple different

tissues (multiplicity>1) compared to genes.

« A smaller percentage of transcription
factors are identified as tissue-specific than

genes.

Tissue-specific regulation is
likely caused by changes in
regulation and regulatory edges
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Structure of Tissue-Specific Regulation

Look at the targets of TS edges and map these gene targets to function.

4 ID Pa s Tissues Top Category (most significant associations in community)
1 ‘ z: i 22 IMMUNE RESPONSE
2 27 RIBONUCLEOPROTEIN COMPLEX BIOGENESIS AND ASSEMBLY
3 3 37 13 SYNAPTIC TRANSMISSION
4 17 17  SYNAPTOGENESIS
5 17 19 EPIDERMIS DEVELOPMENT
) 6 13 19  CELLULAR RESPIRATION
7 10 6 CHROMATIN REMODELING
9 8 9 16  COFACTOR METABOLIC_PROCESS
é 9 8 7 PROTEIN MODIFICATION BY SMALL PROTEIN CONJUGATION
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How is Tissue-Specificity
Maintained?

« Our network analysis so-far has focused on tissue-specific
edges (or edges that appear in one or a few tissues).

* These edges are part of a larger network that also includes
common edges, which exist across all tissues.

« We wanted to know where tissue-specific genes are
located within this larger network context.

GTEx Expression Data from 38 Tissues/Tissue-Sites

__ : N |
(1) Integrate Regulatory .
Information (PANDA) ( h) ‘>

!
Regulatory Networks for 38 Tissues/Tissue-Sites Ne'!:WOI'k for Ne'!'.WOrk for ‘
e e e el e el e e e e e e Tissue A Tissue B

LE B TS L BHE S B E BE T2
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Degree of Tissue-Specific Genes

Network Centralities Ratio of Median Centrality
(TS vs. non-TS genes in Each Tissue-Network)
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» Calculated the degree of genes (number of edges connected to a
gene) in each of the 38 PANDA-predicted networks.

« Compared the degree of tissue-specific genes to the degree of non-
tissue-specific genes in each of these networks.

» Tissue-specific genes are depleted for regulatory edges.
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« Calculated the betweenness of genes (number of paths through a
gene) in each of the 38 PANDA-predicted network.

« Compared the betweenness of tissue-specific genes to non-tissue-
specific genes in each of these networks.

» Tissue-specific genes are enriched for regulatory paths.
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What we discover about

Tissue-Specific Regulation

« “Universal” (high multiplicity) genes are concentrated in
the center of the network and have high degree and high
betweenness.

« “Tissue-Specific” (low multiplicity, TS) genes have
iIntermediate betweenness

« This means that TS genes exist toward the edge of the
network

 However, TS genes increase their betweenness in their
“target” tissues, meaning that as they increase their
expression, there are more regulatory paths running
through them.



Question 2:

Can we solve the
“GWAS Puzzle?”
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ARTICLES
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Defining the role of common variation in the genomic
and biological architecture of adult human height

Using genome-wide data from 253,288 individuals, we identified 697 variants at genome-wide significance that together
explained one-fifth of the heritability for adult height. By testing different numbers of variants in independent studies, we show
that the most strongly associated ~2,000, ~3,700 and ~9,500 SNPs explained ~21%, ~24% and -29% of phenotypic variance.
Furthermore, all commaon variants together captured 60% of heritability. The 697 variants clustered in 423 loci were enriched for
genes, pathways and tissue types known to be involved in growth and together implicated genes and pathways not highlighted in
earlier efforts, such as signaling by fibroblast growth factors, WNT/B-catenin and chondroitin sulfate—related genes. We identified
several genes and pathways not previously connected with human skeletal growth, including mTOR, osteoglycin and binding

of hyaluronic acid. Our results indicate a genetic architecture for human height that is characterized by a very large but finite
number (thousands) of causal variants.

697 SNPs explain 20% of height
~2,000 SNPs explain 21% of height
~3,700 SNPs explain 24% of height
~9,500 SNPs explain 29% of height
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ARTICLE

doi:10.1038/nature 14177

Genetic studies of body mass index yield
new insights for obesity biology

A list of authors and their affiliations appears at the end of the paper

Obesity is heritable and predisposes to many diseases. To understand the genetic basis of obesity better, here we conduct
a genome-wide association study and Metabochip meta-analysis of body mass index (BMI), a measure commonly used to
define obesity and assess adiposity, inup to 339,224 individuals. This analysis identifies 97 BMI -associated loci (P < 5 x 107%),
36 of which are novel. Five loci demonstrate clear evidence of several independent association signals, and many loci have
significant effects on other metabolic phenotypes. The 97 loci account for ~2.7% of BMI variation, and genome-wide
estimates suggest that common variation accounts for =20% of BMI variation. Pathway analyses provide strong support for
arole ofthe central nervous system in obesity susceptibility and implicate new genes and pathways, including those related
to synaptic function, ghutamate signalling, insulin secretion/action, energy metabolism, lipid biology and adipogenesis.

97 SNPs explain 2.7% of BMI
All common SNPs may explain 20% of BMI

Do we give up on GWAS, fine map everything,
or think differently?
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Rare Variants = Dust

ARTICLE

The genetic architecture of type 2 diabetes

A list of authors and affiliations appears in the online version of the paper

doi:10.1038/naturel8642

Simulated models of T2D

The geneti

contribute Empirical T2D Rare-variant model Intermediate model Common polygenic model

variants as: Low-frequency and Low-frequency and Low-frequency and

Here, to te rare variants explain rare variants explain rare variants explain

consortia - ~75% of heritability ~50% of heritability ~25% of heritability
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...large-scale sequencing does not support the idea that lower-frequency
variants have a major role in predisposition to type 2 diabetes.



e
eQTL Analysis

Use genome-wide data on genetic variants
(SNPs = Single Nucleotide Polymorphisms)
and gene expression data together

Treat gene expression as a quantitative trait

Ask, “Which SNPs are correlated with the degree of
gene expression?”

Most people concentrate on cis-acting SNPs

What about trans-acting SNPs?

John Platig
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eQTL Networks: A simple idea

« Representing eQTLs as a network and analyzing
its structure should provide insight in the complex
interactions that drive disease.

» Perform a “standard eQTL” analysis:
Y=8,+B,ADD + ¢

where Y is the quantitative trait and ADD is the
allele dosage of a genotype.

John Platig
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eQTL Networks: A simple idea

Many strong eQTLs are found near the target
gene. But what about multiple SNPs that are
correlated with multiple genes?

Can a network of SNP-
gene associations

(cis and trans) inform
the functional roles of
these SNPs?

SNPs

Genes



A Hairball

The Result

Some random hairball | grabbed. | was too lazy to make one.
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What about GWAS SNPs?

SNP Degree Distribution

10°
[

+ GWAS SNPs
« AIl SNPs

- The “hubs’
EE_ are a
GWAS desert!
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John Platig Degree




Can we use this network to identify
groups of SNPs and genes that play
functional roles in the cell?

Try clustering the nodes into
‘communities” based on the
network structure



(!,ommunities are groups o!

highly intra-connected nodes

« Community structure algorithms group nodes
such that the number of links within a community
Is higher than expected by chance

 Formally, they assign nodes to communities such
that the modularity, Q, is optimized

Q = Z(eiz’ — 6122)

/

Fraction of network
links in community |

Fraction of
links expected
by chance

Newman 2006 (PNAS)



Communities in COPD eQTL networks

SNP

e I T NS
: _ SACHE AT G P
il '
i e ‘g{‘ )
- . 1 ¥y o - .

i mwwﬁm S
oS AT

Gene




Communities in COPD eQTL networks

. We identified 52 communities, with Q = 0.79 (out of 1)

- Of 34 communities in the giant connected component, 11 are
enriched for GO terms (P<5x10-4)




Communities in COPD eQTL networks
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Ildentifying community cores

« Score each SNP by its contribution to the modularity of its
community
* Do these “core scores” reflect known biology?

Newman 2006 (PNAS)
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What about COPD GWAS SNPs?

- Use a meta-analysis by Cho et. al. and consider
34 COPD GWAS SNPs (FDR < 0.095)

Cho, Michael H., et al. "Risk loci for chronic obstructive pulmonary disease: a
genome-wide association study and meta-analysis." The Lancet Respiratory
Medicine 2.3 (2014): 214-225.
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Core Scores for COPD GWAS SNPs

The median core score for the 34 FDR-significant GWAS SNPs is
20.3 times higher than the median for non-significant SNPs

107"
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1073

LI 0 B S R R MR R R
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SL
=TT

FDR < 0.05 FDR >=0.05
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What does this tell us

 The SNPs that are global hubs are not GWAS hits.

 The SNPs and genes group into communities that
make sense—a family of SNPs regulate a function.

« GWAS SNPs map to communities whose genes have
functions that make biological sense.

« “Core” SNPs are far more likely to be disease SNPs.

* The structure of the network is informative in ways that
individual SNP-gene eQTL associations are not.



How general is this?



GTEx eQTL Workflow

&= GTEX

12 tissues, 450 individuals, 4904 samples
Imputed Genotypes (5,640,985 SNPs)
RNAseq data (29,242 genes)

¥

Data Preprocessing

Genotype filtering (plink)
MAF = 0.5 & SNP calling > 0.9
RNAseq data QC & normalization (qgsmooth)

¥

eQTL mapping

a8 )

cis- and trans-eQTLs mapping (MatrixEQTL)
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Genomic localization of eQTLs
Enrichment in biological functions,
pathways, association with diseases

Communltles detection
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eQTL networks are highly modular
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eQTL networks are not co-expression networks
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eQTL communities are functionally enriched
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Functionally Enriched Communities
Span Many Chromosomes
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GWAS SNPs are cores, but not hubs
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GWAS SNPs not Hubs—in every tissue
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Core SNPs are more likely

to be functionally annotated

A TF binding + matched TF motif + matched DNase footprint + DNase peak
B TF binding + any motif + DNase footprint + DNase peak
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H Motif hit
| No Information
Brain
A - : : * : 270
B - 5 —— 2,612
C - : & | 176
D S 3,403
E - —_— | 50
F - — 9,036
G+ A 29,712
H - 1 32,311

00 05 10 15 20 25 3.0 35



Core SNPs are different from Hubs:
Roadmap Epigenomics Project
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Core SNPs map to open chromatin
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 We find tissue-specific eQTLs map to
tissue-specific communities

 And those tissue-specific communities are
enriched for SNPs in tissue-specific open
chromatin
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GTEx eQTLs tell us more

 There are many cis-eQTLs that are shared across
tissues.

 There are many eQTL communities shared across
tissues.

* There are also tissue-specific eQTLs and these often to
map to tissue-specific functional communities.

 These are enriched for SNPs from tissue-specific
active chromatin.

* Irrespective of tissue, we have modular, functionally
enriched communities with Core SNPs most likely to
be disease associated.
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Why Science Matters




The future is here.
It's just not widely distributed yet.

- William Gibson



Before | came here | was confused
about this subject.
After listening to your lecture,
| am still confused but at a higher level.

- Enrico Fermi, (1901-1954)
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