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Outline

¢ Integromics

— Definition and motivation
— Building blocks / Bottom up versus top down?
e A novel integrated analysis framework based on dim. reduction
— How does it work?
— Issues
— Simulation results
e Bonuses of the novel framework “genomic MB-MDR”

— Gene-based testing
— From SNP x SNP to Gene x Gene Interactions
- Integrated networks

e In Conclusion
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Integromics
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Data integration: Definition

Vol. 25 no. 21 2009, 2855-2856
APPLICATIONS NOTE ™ a0 iosabioinformetics/oio51s

Systems biology

integrOmics: an R package to unravel relationships
between two omics datasets
Kim-Anh L& Cao'-*, Ignacio Gonzalez? and Sébastien Déjean®

1Institute for Molecular Biosciences and ARC Centre of Excellence in Bioinformatics, The University of Queensland,
Brisbane QLD 4072, Australia, 2Plateforme Biopuces, Genopdle Toulouse Midi-Pyrénées, Institut National des

Sciences Appliquées, F-31077 and ®Institut de Mathématiques de Toulouse, UMR 5219, Université de Toulouse et
CNRS, F-31062, France

e Joint analysis
e Challenging statistics — Regularized - Generalized
e Integrating different types of variables
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What’s in a name?

e Data fusion refers to fusing records on the same entity into a single
file, and involves putting measures in place to detect and remove
erroneous or conflicting data (Wang et al., 2014).

e Some definitions for “data fusion” use “data integration” in their
definition. Although some data integration efforts will rely on data
fusion processes, data fusion and data integration are not equivalent.

e Oxley and Thorsen (Oxley & Thorsen, 2004) concluded that fusion can
be defined as the process of optimally mapping several objects into a
single object. In contrast, integration is the process of connecting
systems (which may have fusion in them) into a larger system.
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Multidisciplinary, interdisciplinary, transdisciplinary research

e An omics multidisciplinary approach divides the initial problem in
data-specific sub-problems
— disperse pieces of information are combined or integrated in a
limited way /later stage in the study
e Interdisciplinary efforts adopt discipline-specific perspectives in a
joint effort to solve a common problem
e A trans-disciplinary approach involves an active synergy between
disciplines, to create a solution to the problem that otherwise could
not have been found.
— requires cross-talk between disciplines and a unified language
that is accessible to all parties involved .y cett, 2013; Woods, 2007)
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Data integration: Motivation and Opportunity

e The identification of causal or predictive variants/genes/mechanisms
for disease-associated traits is characterized by “complex” networks
of molecular phenotypes.

e Present technology and computer power allow building and
processing large collections of these data types = Next Generation

Sequencing.
2005 — 1%t Commercial
platform (Roche 454) 2008 — 1KGP begins 2012 — HiSeq 2500
2006— Illumina’s 2010 — 1stsingle
Genome Analyzer molecular seq (3"
(GA) lIx Generation)
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Is there room for data integration?

e Observation 1: the super-rapid data generation is counterweighted
by a slow-pace for data integration methods development.

e Observation 2: Most currently available integrative analytic tools
pertain to pairing omics data and focus on between-data source
relationships, making strong assumptions about within-data source
architectures.

. DNA methylation «» Phenotype
, DNA methylation <> S

Gene expression <« Phenotype

CANDIDATE
LOCI

Université
de Liege




K Van Steen GMDS, Gottingen, 2014

Is there room for data integration?

e A limited number of initiatives exist aiming to find the most
optimal ways to analyze multiple, possibly related, omics data
bases, while fully acknowledging the specific characteristics of
each data type.
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Is there room for data integration?

e Reasons?
- There is an advantage in out-of-the-box thinking
" Integrative methodologies have been developed in different
sciences (e.g., computer science, engineering)
- It is essential to thoroughly understand underlying assumptions
of integrative methods in order to draw sound conclusions
" Helps in minimizing the gap between bio and theoretical
model
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Is there room for data integration?

Perspectives on Data Integration in

Human Complex Disease Analysis

Kristel Van Steen””” and Nuria Malats’, on behalf of the COST Action BM1204
participants’.

! Systems and Modeling Unit, Montefiore Institute, University of Liége, Liége, Belgium

° Bioinformatics and Modeling, GIGA-R, University of Liege, Avenue de 1’'Hépital 1, Liége,
Belgium

’Genetic & Molecular Epidemiology Group, Spanish National Cancer Research Centre
(CNIO), Madrid, Spain

? hitp://mww.cost.euw/domains _actions/bmbs/Actions/BM1204

(Book chapter in “Big Data Analytics in Bioinformatics and Healthcare”, 2014 - accepted)

Université
de Liege




K Van Steen GMDS, Gottingen, 2014

So we have the motive, and the opportunity ...
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Building blocks of a “data integration” pipeline

*Understand
the biological (statistical) problem

*Know
your data
J
. /Data Integration > va— \
*Preprocess Stage
cleanse, prepare for step 4 ¥ Data fusion, similar data types, increase
power, weights
-
eIntegrate . . ‘ Dissimilar data types, ialternative data
select analytic tool, validate, replicate, report representions
J
~ “ Post-analysis, combine analytic results
eInterpret \ )
reconcile statistics with biology, visualize
_J
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Building blocks of a “data integration” pipeline

e Formulating the biological (statistical)
problem

e Traditional biological research questions are for the most part
hypothesis-driven: performing experiments to answer specific
biological hypotheses

e In modern genomics, it is increasingly accepted to generate data in a
relatively hypothesis-free setting: different questions can be
formulated on the pool of data; data are mined with a variety of
computational and statistical tools
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Systems information by integration (Joyce andPalsson 2006)

Genomics Transcriptomics | Proteomics Metabolomics Protein-DNA Protein-protein | Fluxomics Phenomics
interactions interactions
Genomics = ORF validation | = SNP effecton * Enzyme = Binding-site = Functional = Functional = Functional
(sequence * Regulatory protein activity annotation identification™ annotation’® annotation annotation’"**
annotation) element or abundance = Biomarkers'**
identification™
Transcriptomics = Protein: * Enzyme = Gene-regulatory | = Functional = Functional
(microarray, SAGE) | transcript annotation™™ networks™ annotation® annotation®

correlation®

» Protein complex
identification®

Proteomics
(abundance, post-
translational
modification)

(Joyce and Palsson 2006)

= Enzyme * Requlatory = Differential * Enzyme capacity | = Functional
annotation® complex complex annotation
identification formation
Metabolomics * Metabolic- * Metabolic * Metabolic
(metabolite transcriptional pathway flexibility
abundance) response bottlenecks * Metabolic
engineering™
Protein-DNA = Signalling * Dynamic
interactions cascades® '™ network
(ChlP—chip) responses™
Protein—protein » Pathway
interactions identification
(yeast 2H, activity™
coAP-MS)
Fluxomics » Metabolic

(isotopic tracing)

engineering

Phenomics
{phenotype arrays,
RMNAi screens,
synthetic lethals)
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Building blocks of a “data integration” pipeline

e |dentifying the (characteristics of the)
data types

e Current data integration methods fall into two different categories:
- similar data types (across studies) or
- heterogeneous data types (across studies as well as within
studies).

e Heterogeneous: if two or more fundamentally different data sources
are involved.
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e |dentifying the (characteristics of the)
data types

e Data characterization (in my opinion) refers to finding first evidences

for
- intrinsic properties (e.g., small sample sizes, standard formats)
- layers of information; hierarchies; dimensionality
- noise patterns (related to perus | e
technology, platform, the Precise y
lab; systematic and random
errors) preciss
reproducibiity srron

(http://saturn.cis.rit.edu/)
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e |dentifying the (characteristics of the)
data types

e Whether data are of similar or heterogeneous type, the issue of
quality (each data sources is unavoidably subject to different levels
of noise) and informativity is of great importance.

e Therefore, the concept of weighting the data sources with quality
and/or informativity scores becomes an essential component of the
framework?

e Step 2 to data integration is as important as a classical Exploratory

Data Analysis (EDA) in statistical inference practice.
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Building blocks of a “data integration” pipeline

e Data preprocessing ]

e Approaches for preprocessing vary depending on the type and nature
of data:
- e.g., arrays: background correction, normalization, quality
assessment, which may differ from one platform to another
e Data (pre)processing can be done at any step of the data integration
process:
- e.g., at the initial stage
- e.g., prior to statistical analysis (related to model assumptions)

Université
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Building blocks of a “data integration” pipeline

e |nterpretation (after integrative
analytics)

e |s about “understanding” the problem that was initially posed.

¢ Involves post-linking to several external biological data bases

e Interpretation often involves functional explanation (as part of
functional genomics)

e There is a huge challenge in visualizing the steps of and the results
from an integrated analysis: visual analytics

e (Experimental) validation helps in the “understanding”, but becomes
cumbersome in integromics settings
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e |nterpretation ]

e Non-standard TODOs (?) when “integrating” evidences from
biological data bases:

- Assess and incorporate “optimal” scoring systems to accumulate
evidence from these data bases

- Allow for uncertainty involved in the data source entries

- Acknowledge the complementary characteristics of each of the
available data sources

- Allow for different assignment strategies (e.g., from genetic
variants to genes)
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Integrative analytics

Top down versus bottom up

~N
Start with candidate
genes, pathways and
build up

J
~N

Start with x-ome and
filter down
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Integrative analytics

Crude division:

Kernels
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Outliers Diagnostics groups omics data
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Patient Monitoring Disease progression instrumentation Correlation spectroscopy
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Finding the most appropriate method for your research question
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Discriminating between
groups
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Comparing blocks of
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Genomic

Correlation spectroscopy
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(http://www.metabolomics.se)
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Visual analytics

CABIN:Collective Analysis of Biological Interaction Networks

Mudita Singhal & Kelly Domfico
ivati Computational Biology and Biocinformatics
Abstract anc Motivation Pacific Northwest National Laboratory.
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Methodological challenges

A toy example
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Methodological aspects: scaling up from GWAs to GWAIs

4 meta-GWAIs l

2 meta-GWA 3 GWAIs

IT

method
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Methodological aspects: scaling up from GWAs to GWAIs

IT

(o)
Computational methods
for detecting statistical Tree- MARS
epistasis Two Stage based

MegaSNPHunter

FastChi ﬁ HFCC SetAssociation

method

(Kilpatrick 2009)
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Methodological aspects: complexity

Nonlinear Effects e Few SNPs with moderate to

. The High-Hanging Fruit

large independent and additive
main effects

e Most SNPs of interest will only
be found by embracing the
complexity of the genotype-to-
phenotype mapping

| unearecs relationship: nonlinear gene-

The Low-Hanging Fruit

gene interactions, gene-
environment interaction, locus
(Moore and Williams 2009) heterogeneity...
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Methodological aspects: integration
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GWAIs as a toy example

e Integrative analytics e GWAI analytics
- Kernel-theory -----------------ocmemmn- - Kernel-based methods to
detect rare variant
associations in the presence
of interactions

- Components-theory = ----------------- - PCA to capture population
stratification

- Network theory - - Statistical epistasis
networks
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Bio3’s research lines

Research line 1

GxG and GxE
interactions

Research line 2

INTEGROMICS

AN

Research line 3

P-STRUCT

region of Cisfrans, meta- ancestry-
o — SNPs eQTL [ replication [— : Y
interest " . analysis dependence
epistasis
statistical )
—— network . netwc?rk- network omics
O —— perturbation differentiation fusion integration
epigenetic omics patient population
markers integration heterogeneity stucture

Université
de Liege




K Van Steen GMDS, Gottingen, 2014

Towards a novel integrated framework
“(gen)omic MB-MDR”
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Historical notes about MIB-MDR

e Start: Multifactor Dimensionality Reduction by MD Ritchie et al. (2001)

Locus 6

STEP 1

—_—

6 5
L —
Locus 1
Al Aa aa
BB
- 0 o 2 1 2
BEb
B - 1 0 2 0
bb
1 0O 0o 2 | 2 1

STEP 2 —. STEP 3
Factor Locus 3
Ab, Aa aa
Locus 1 P
Locus 2 BB | 12 10 8 7
Locus 3 . A =
Locus 4 :
LOCUSEHE Bp | 15 &2 | 12 s | B 3
Locus 6 =l J_—__._—_
-
=3
. bb 14 19 13
7
Locus N o 0 l . .
STEP & g — STEP 4
Locus 3
Models Ab, Aa aa
Factors Error
1. 6 19.25 EB 3.00 0.42 1.14
1.3 22,12 -
2,4 24,33 s
2,3 28,14 E Bb 0.75 4,00 2.66
L 3
-4
bb 1.27 0.54
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Historical notes about MIB-MDR

e Follow-up: Model-Based MDR by Calle et al. (2007)

Unlike other MDR-

like methods
(right), MB-MDR
breaks with the
tradition of cross-

validation to select

optimal multilocus
models with significant

daCcuracy estimates

E"‘x.h -

No l

MDR

('/'—IH-\-H"'\-\._\_\_
No ~Kre there pedigree
< pedig =
~—_structures? _—
T
Ves
hd
f(_,-‘ K\-\‘_
el - Mo
<___Dichotomous? =
— _’-"
—
=
Ytsl
_—-/ﬁx-""a /'.___,f H"“H-.,,_
T . ~ -
<7 Covariate(s )7 = <__Covariate(s)? ==
™ " Rt

M“"'-\.,_\_‘_,.-"-'-)
Yes/MNo
Yes/MNo

GMDR

T

T e
<__Dichotomous? =
o —

Yes

o

e
-

o -H"‘-\-._
-
AT

~_sib-pairs?_—
e

Yes/MN QJ

.
o S

.

e there discordant

Mo

- -

T
= it
— . .
< Cowvanate(s )7 ==
-H--H"H. _r"-"

—
R

No

L J

MDR-PDT

e
- -
- —

R
< Covariate(s)? =
T

- _r/
— -
_ o
YesMNo -
Yes/MNo
4

PGMD

Université
de Liege




K Van Steen GMDS, Gottingen, 2014

Historical notes about MB-MDR
e Model-Based MDR by Calle et al. (2008)

- Computation time is invested - At the same time, a
in optimal association tests to “quantification” of
prioritize multilocus genotype “interaction” signals can be
combinations (e.g., high, low, obtained above and beyond
no evidence) and in lower order effects
statistically valid
permutation-based methods : " i
to assess joint statistical e f’ Mt
significance. gf

Université
de Liege




K Van Steen GMDS, Gottingen, 2014

Historical notes about MIB-MDR

e Model-Based MDR by Cattaert et al. (2010) - fine-tuning MB-MDR

against data snooping

(R ) 05 0o 03 10

oo E o
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i 1 z - — i 1 z
0 B E-]
=0 I i
=] |:| I:I I:l r sz _ |
L =
1 i i _— £ i i
T ] N 1 z z i 0 i T
= [ a0 £ m o f k-
o [ g £ | J 5
5 e g ] 5
L 0 0 0 = " D D D
o 1 L — - | o 1 2
fin] - = = -
=0 r =3
s [
R I |1 1 I JH% : o — - 2
TS5 00 05 10 0Os500 05 10 0= [x]1) o= 1o = 0 2
i id W

¥

- Stable score tests, one multilocus p-value and permutation-based
strategy (Cattaert et al. 2010), rather than Wald tests, and MAF

dependent empirical reference distributions (calle et al. 2008)

Université D
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STEP 1
MB-MDR
The possible multifactor classes of k (e.g., 2) factors are represented in a k- dimensional space. Each cell
(e.g., the cell with O copies at locus 1 and 2 copies at locus 2) is tested against the (8)others for association
with the trait Y, leading to 9 test statistics, W; and associated p-values, p; . . . .
T e wh s Step 1: organization of data in
: | 3 I : | 02 other multi-locus celis g I f i ;
«© % (3] | H .
S (A |8 & | 8 multi-locus cells (here: 2D) and
o L= 1', 4 A‘h.._ [_. A'_iA_ - e - 5 1 ! " .
3 ) 1 2 2 ) 1 2 . |
s 1 8 \ 2 3 1 r i assessing relevance.
BE "HN N S | i3
& o o i 9 2 1] Y [y [ Yo
0 1 | 2 [ 1
. ' ¢ ’ l 1 l 8 '
f:; ” _I[r S N A—— g%
0500 05 10 0500 0% 10 9% 00 05 10 * 0 2 < 0 2
y Y w,
High (@ ), Low (@ ) and No Evidence (blank) labeling is determined by inspecting the direction of the
cell’'s test statistic for association and its significance, using a liberal threshold (e.g., 0.1). High risk cells, .
low risk cells, and no evidence cells are pooled and tested for association with Ste p 2 . I_a be | a n d re d U Ce
Y, resulting in a single test statistic, W for the k-selected factors.
e dimensionality by pooling
.
ol
HE equally-labelled cells.
[ 1 | 1 | 1 ]
0 1 2mesess | »
s . 0%
0 i o | 0
0 1 2
os
oo
02
e 2 0 2 2 0 2
w,
Another set of k factors is chosen and steps 1-2 are repeated until no more factors
need to be investigated.
1 Step 3: Assess joint significance
over all multi-locus models
Assessing significance of the k-factor models, here by correcting for multiple testing.
Université

de Liege




K Van Steen

GMDS, Géttingen, 2014

Historical notes about MB-MDR

e Power: Model-Based MDR by Cattaert et al. (2011) - genetic heterogeneity

power

075

0.25

Maodel 2, p = 0.5
. B8 | Bb | bb
laa | o | o |01
| Aa | 0 J005) O |

aa _':I'l 0 | 0
Ritchie Model 2 (p=0.5)

- HVsSL

= maxfHvsLHVSLO, Lvs HO)
* MDR

- Both pars
= First pair
= Al least one pair

005 01 02 0% 1
e

== maxyHvsLO, LvsHO) .

power

AA | 0.09 | 0.001 | 0.02
Aa | 008 | 0.07 |0.005 |

075

025

Model 6, p = 0.1
88 | B | Bb |
|
|

aa | 0003|0007 0.02 |

Ritchie Model 6 (p=0.1)
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Historical notes about MIB-MDR

e Power performance

(example: pure epistasis scenario’s; unpublished — 2010-2014)

Model R1, no GH

Model R2, no GH

Model R3, no GH

Model R4, no GH

Model RS, no GH

Model RG, no GH

1.0
IR}
L&
04
0.z
oo

10

R

1401

[F: B

0.8

0B

104
&
0 0E 06 0.6 0.6
D4 04 0.4 0.4 0.4
024 02 024 0.2 o2
o G u BRI 9.0 iRi]
Madel R1, GH both Model R2, GH both Model R3, GH baoth Model R4, GH baoth Model RS, GH both Model RE, GH both
1.0 1.04 1.0 1 1401 1.0 1 1.0
0s VER 08 4 0.8 0.8 4 0.8
0E R 06 06 1 06 &
0.4 FER 04 0.4 04 04
0.z LB 0z I I 0.2 I I I 0.2 02 I I I
- . . nlls

Do

0.0

BOOST (dark blue)
EpiCruncher optimal options (light blue)

MB-MDR (green)

PLINK epistasis (dark yellow)

PLINK fast epistasis (light yellow)
EPIBLASTER (red)
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Historical notes about MIB-MDR

e FWER performance

(example: pure epistasis scenario’s; unpublished —2010-2014)

BOOST (dark blue)

Model R1, no GH

Model R2, no GH

Model R3, no GH

Model R4, no GH

Model RS, no GH

Model R6, no GH

10
- III|

0.00

R T ] """""" I” 05
0.00 I I 0.00

m_1

0.10 01
05 -I ------ I ---------- I'- D08 pommasmaa ] """""" I -1 005
0.00 l 0.0 I I 00

Model R1, GH

Model R2, GH

Model R3, GH

Model R4, GH

Model RS, GH

Model R6, GH

0.10 0.10
[ “IAI‘i“A“V““IL -
0.00 000

[T 1 L

: AI“IAI-““““
0.0a

l“ - “l“l‘i“““““‘lu
0.00

EpiCruncher optimal options (light blue)
MB-MDR (green)

PLINK epistasis (dark yellow)

PLINK fast epistasis (light yellow)
EPIBLASTER (red)
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From GWAs to exomes: speed

e Situation in 2014 (van Lishout et al. - manuscript in preparation)

SNPs MBMDR-4.2.2 MBMDR-4.2.2 MBMDR-4.2.2 MBMDR-4.2.2
Binary trait Binary trait Continuous trait Continuous trait
sequential execution parallel workflow sequential execution parallel workflow
103 13 min 33 sec 20 sec 13 min 18 sec 18 sec
104 52 min 15 sec 1 min 05 sec 56 min 14 sec 53 sec
10° 64 hours 35 min 22 min 15 sec 70 hours 3 min 20 min 28 sec
106 ~ 270 days 25 hours 12 min ~ 290 days ~ 24 hours

The parallel workflow was tested on a 256-core computer cluster (Intel L5420 2.5 GHz).
The sequential executions were performed on a single core of this cluster.

e Situation < 2013 (van Lishout et al. 2013)

MB-MDR-3.0.2 binary trait sequential execution (input 10> SNPs): 1.5 years
MB-MDR-3.0.2 cnt trait sequential execution (input 10° SN Ps): 3 years
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Population and patient substructures
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Detecting structure in patients: subphenotyping

OPEN @ ACCESS Freely available online ~"PLoS Onhe

Molecular Reclassification of Crohn’s Disease by Cluster
Analysis of Genetic Variants

Isabelle Cleynen', Jestinah M. Mahachie John?*?3, Liesbet Henckaerts®, Wouter Van Moerkercke', Paul
Rutgeerts’, Kristel Van Steen*3, Severine Vermeire'

1 Department of Gastroenterology, KU Leuven, Leuven, Belgium, 2 Systems and Mg

Controls

Liege, Liége, Belgium, 3 Bioinformatics and Modeling, GIGA-R, University of Liege
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Find subgroups
within cases
based on
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"

Université
de Liege




K Van Steen

GMDS, Géttingen, 2014

Detecting structure in patients: subphenotyping

OPEN 8 ACCESS Freely available online

OPLOS | o

Molecular Reclassification of Crohn’s Disease: A
Cautionary Note on Population Stratification

Barbel Maus'?, Camille Jung?34%, Jestinah M. Mahachie John'2, Jean-Pierre Hugot*4%, Emmanuelle
Génin’8, Kristel Van Steen'?

Ho: 1grp |H,: 2 grps Hy: 8 grps |Hy: 9 grp
Hy: 2 grps |H,: 3 grps H,: 9 grps |H,: 10 grps

897 5524 489.0997

140.6088 84.8221

m <0.0001 <0.0001 <0.0001 0.4640

e, Lieg
rt Deb
Géng

(Bootstrap p-value ; AIC : 9 groups ; BIC: 3 groups)

e Latent class modeling
applied to continuous pop-
adjusted SNP data requires
Gaussian distribution ...
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Detecting structure in patients: subphenotyping

Unadjusted Adjusted
LCA PAM HC PAM HC
Unadjusted LCA 0.49 0.30 0.12 0.23
PAM 0.23 0.20 0.13
HC 0.04 0.54
Adjusted PAM 0.04
HC

e Adjusted Rand Index between latent class analysis (LCA), PAM clustering and

hierarchical clustering using Ward linkage and squared Eucl. distance (using population

unadjusted and adjusted SNP data)

e Clusters ~ Clinical features: focus on populations with a similar

genetic background
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Detecting structure in patients / populations

e Orthogonal linear transformation of the data

& & - v o w . - =

» 4 4 4 2 O 2inEd ¢ & w0

e Non-linear PCA (e.g., based on an auto-associative neural networks)

Université
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Detecting structure in patients: sub-phenotyping

Hum Genet
DOI 10.1007/s00439-014-1480-y

REVIEW PAPER

Practical aspects of genome-wide association interaction analysis
Elena S. Gusareva * Kristel Van Steen

Received: 21 May 2014 / Accepted: 18 August 2014
© Springer-Verlag Berlin Heidelberg 2014

Abstract Large-scale epistasis studies can give new clues  Introduction

to system-level genetic mechanisms and a better under-

standing of the underlying biology of human complex
disease traits. Though many novel methods have been pro-
posed to carry out such studies, so far only a few of them
have demonstrated replicable results. Here, we propose a
minimal protocol for genome-wide association interaction
(GWAI) analysis to identify gene—gene interactions from
large-scale genomic data. The different steps of the devel-

Genome-wide association (GWA) studies have been very
successful in identifying predisposing genetic variants to a
variety of complex traits (e.g., GWAS Diagram Browser for
exploring GWA studies at http://www.ebi.ac.uk/fgpt/gwas/
and the Catalog of Published Genome-Wide Association
Studies at http://www.genome.gov/page.cfm?pageid=26
525384 &clearquery=1#result_table). Still, yet to identify
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Meta-analysis

Université
de Liege




K Van Steen

GMDS, Géttingen, 2014

Meta-GWAIs

Neurobiology of Aging xxx (2014) 1-8

Contents lists available at ScienceDirect

Neurobiology of Aging

journal homepage: www.elsevier.com/locate/i

Genome-wide association interaction analysis for Alzh
disease™

a, b, * d,e,f
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Imputation
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Imputation: a blessing or a curse?

e When aligning two independent datasets by imputing missing
markers, one SNP in a SNP-pair may be imputed in one dataset,
whereas it is actually observed in another dataset.

- So even when the same SNP pair is highlighted in a significant
genetic interaction in this setting, can we really talk about
“replication”?

e Imputation in GWAs is based on LD-blocks
- Imputation can therefore induce increased LD between markers

and hence “redundant epistasis” (should be dealt with
appropriately)

Université [
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Interpretation
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Statistical versus biological epistasis

-~

0. Data collecting and genotyping

1. Samples and markers quality control

Exhaustive epistasis screening (a) |

Selective epistasis screening (b)

}

23 || p pruning (r? threshold 0.75)

|
Adjustment for confounders
(optional): family structure and
population stratification

I
Exhaustive genome-wide screening for
pair-wise SNP interactions

meta-analysis

-

\

2b | Marker selection based on | | Marker selection based Selection of markers basing on their

biochemical networks and | | on available knowledge function and their location in the genome
complex biological about marker- or gene- (e.g., non-synonymous variants of coding
architectures based association signals exons) genome-wide or in candidates genes

e, it il il i sl

LD pruning (r? threshold 0.75)
I
Adjustment for confounders (optional):
family structure and population stratification
I
(Genome-wide) screening for pair-wise SNP
interactions on reduced/prioritized data set

| 3. Replication and validation in independent data,

4. Biological and functional validation

e Protocol for GWAIs (analytic blocks are highlighted)

(Gusareva et al. 2014)
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Statistical epistasis networks with MB-MDR

e Motivation:

Statistical epistasis networks can reduce the computational

complexity of searching for higher (>2) order genetic models

NEDDS Oty

y |
HsD1784 (8  erc3 (2

AXIN2_@R /|
02
L\ Y 4
5313_0% FTHO 03
[}
u MBD2 02
Aoz G { M1LD1
AW,
I NS |
B oSTMI Oy,
| . —
GsTM3 B8 | =

INSR j\u“ﬁkfw 3
3 .

I AKR1C!

3®

ABCC2.08,

st & e B

ERCCI D4
NR1HA g5 rerr2 fi
& &
ARy Y
NG b secu g
i y
Il ‘m‘;;awwm
AKRY p——_s
SLC23A2_ ZEMSEEEEE | .
Becia 2
1
|
SEC14L2 T8

(Hu et al. 2013)
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Replication and validation
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Unable to replicate is a bad thing?

OPEN 8 ACCESS Freely available online st PLOS one

Failure to Replicate a Genetic Association May Provide
Important Clues About Genetic Architecture

Casey S. Greene', Nadia M. Penrod’, Scott M. Williams?, Jason H. Moore'-%3%>-6%

1 Department of Genetics, Dartmouth College, Lebanon, New Hampshire, United States of America, 2 Vanderbilt University, Center for Human Genetics, Nashville,
Tennessee, United States of America, 3 Department of Community and Family Medicine, Dartmouth Medical School, Lebanon, New Hampshire, United States of America,
4 Department of Computer Science, University of New Hampshire, Lebanon, New Hampshire, United States of America, 5 Department of Computer Science, University of

Vermont, Burlington, Vermont, United States of America, 6 Translational Genomics Research Institute, Phoenix, Arizona, United States of America

Abstract

Replication has become the gold standard for assessing statistical results from genome-wide association studies.
Unfortunately this replication requirement may cause real genetic effects to be missed. A real result can fail to replicate for
numerous reasons including inadequate sample size or variability in phenotype definitions across independent samples. In
genome-wide association studies the allele frequencies of polymorphisms may differ due to sampling error or population
differences. We hypothesize that some statistically significant independent genetic effects may fail to replicate in an
independent dataset when allele frequencies differ and the functional polymorphism interacts with one or more other
functional polymorphisms. To test this hypothesis, we designed a simulation study in which case-control status was
determined by two interacting polymorphisms with heritabilities ranging from 0.025 to 0.4 with replication sample sizes
ranging from 400 to 1600 individuals. We show that the power to replicate the statistically significant independent main
effect of one polymorphism can drop dramatically with a change of allele frequency of less than 0.1 at a second interacting
polymorphism. We also show that differences in allele frequency can result in a reversal of allelic effects where a protective
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Replication using tagSNPs (often no functional consequence)

e Genome-wide SNP genotyping platforms consist predominantly of
tagSNPs from across the genome.

e When two or more tagSNPs are combined in a genetic interaction
model, is it reasonable to assume that the same combination of
tagSNPs interacts in an independent dataset?

e “Due to variation in allele frequency and underlying linkage
disequilibrium patterns between two datasets, it is highly unlikely
that the same combination of tagSNPs would be associated in the
same statistical model.”

e “We would expect that the combination of underlying signals that
those SNPs are tagging would replicate across datasets, rather than
the tagSNPs themselves” (Ritchie and Van Steen 2014 — under review)

5
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No replication without an analytic consensus

e Multiple testing handling / speedy algorithms (Francois Van Lishout)
e Multi-stage designs incl marker selection (Kirill Bessonov)
e Meta-analysis (Elena Gusareva)

e LD between markers and long-distance between-marker associations
(Jestinah Mahachie)
e Population stratification assessments by —omics (Kridsadakorn

Chaichoompu)
e Non-linear relationships in population genetics (Ramouna Fouladi)
e Within- (Silvia Pineda) and between-gene architectures (K Bessonov)
e Missing data handling (Kristel Van Steen)
e Gene-based or set-based testing (Elena Gusareva, Ramouna Fouladi)
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Combining it all: genomic MB-MDR
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Gene-based or set-based testing

MB-MDR
Individuals may be -
similar wrt 2-locus >
genotypes: AAbb ©
(red)
O
O

AA Aa aa

1 dimension = 1 genetic maker

(grouping based on 2-locus genotypes)

Genomic MB-MDR

Individuals may be
Sim”ar wrt .::-

“features” (common 1 dimension = 1 RO

__and rare variants, (grouping on features mapped to the ROI)

epigenetic markers)
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An integrated framework based on MB-MDR

Step 1: Descriptor filtering

e At the end of this step, only descriptors that have “acceptable”
representation and/or correlation with other descriptors are
kept in the data

(don’t throw away rare variants)

Step 2: Choice of clustering approach

e Flexible integration of heterogeneous data (scaling)
e Flexible integration of data interdependencies
e Allowing low-variance descriptors

(Scalability, significant number of clusters from large-scale data)

Step 3: Application of “classic” MB-MDR

N0 — << 0Oz m®Oo

MB-MDR
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Genomic MB-MDR step 1 + step 2

(Bryant et al. 2010)

protein function prediction)

Dissimilarity
Matrix 1

....................................... Kernel

Similarity Hierarchical

Matrix

Transform to a positive definite kernel

PCA Clustering

Dissimilarity
Matrix 2

Make a Gaussian kernel

. * How many PCs should we pick up? :

............................

Gave us a sense of

nonlinearity of genes : : Mixtures of probabilistic

_____________________________

principal component
analysers", Neural
computation 11(2), 1999

(adapted slide from Fouladi 2014)

1
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Genomic MB-MDR results

Selection probability (200 replicates) for MB-MDR 1D for 81 genes on
chromosome 4

1D (gene-based association)

KDR All other genes
‘ 166 times out of 200 ‘87 times out of 200x80 ‘
(87/80 ~1 out of 200 per gene)
SKAT-O
KDR ‘All other genes

130 times out of 200 1396 times out of 200x80
(396/80 ~5 out of 200 per gene)

(Burden tests ©: most variants are causal, with effects in same direction; SKAT ©: large
fraction of the variants are non-causal or the effects of causal variants are in different
directions; SKAT-O: joins the best of both)
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In conclusion
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Genomic MB-MDR

e Genomic MB-MDR seems to be a flexible tool in different contexts
e Filtering: assigning “weights” to alleles > MAF in a control
population, possible alterations in protein function, including
measures produced by f.i. eXtasy (SIFT, Polyphen2,...) (zuk et al. 2014)
e Interpretation

- clusters (step 2), dimensionality reduced cells (step 3)

“If we identify a bird’s species from its bodily shape,
that predicts many other attributes:
its coloration, its song, when it mates, whether and where it migrates,
what it eats, its genome, etc.
Bird species, then, is a good cluster.”

(http://www.stat.cmu.edu/~cshalizi/)
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Genomic MB-MDR applied to ...

e Gene-based association analysis
(“GWiS - Huang et al 2011)

e Gene-gene statistical Gokden strdard e
interactions )
(~ GGG — Ma et al. 2013) *e
e Gene-gene statistical =%
interaction networks “’&*

(~ correlation-based networks/differential LI

network analysis, machine learning based
or “forest”-based network construction)

e Integrating different types of omics data

(genetic + epigenetic variants)

Université
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Methodological aspects in integromics

e A series of challenges will need to be overcome:
- protocol development for standardizing data generation and pre-
processing or cleansing in integrative analysis contexts,
- development of computationally efficient analytic tools to extract
knowledge from dissimilar data types to answer particular research

guestions,
- the establishment of validation and replication procedures, and tools to

visualize results.
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Mission ... possible

(Mission Impossible @ google)

o

Jdo %
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From SNPs to genes with baby steps - rare variants setting

e Rare variants may help to explain some of the missing heritability of
complex diseases; mixed messages towards their importance (when not

considered with other structural variation in the genome)

e The low frequency of these rare variants raises issues about how best
to analyze them (Bodmer and Bonilla 2009)

e In the general context of biostatistics, the low-frequency problem is
known as the imbalance in the covariate distributions

e Several rare variants analysis methods have been evaluated during
the GAW17 (Bailey-Wilson et al. 2011)

e All methods largely group into a few classes (Dering et al. 2011, Tachmazidou
et al. 2012)
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Rare variants setting

e Use aggregation of single rare
variants (RVs) into meaningful - Weighted burden tests (e.g., Liu

groups or regions of interest and Leal 2010 - KBAC)

(ROIs). Examples: genes >— - Use collapsed constructs in a

regression framework (e.g.,
Lasso — Zhou et al. 2010 )

pathways, ...

o I - Use multi-marker test while
e Use similarities between . , ,
combining single-variant stats

(Wu et al. 2011 - SKAT: ideas from
sequence data kernel theory and regression)

individuals based on their -
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Prototype development - clustering

J Similarity (Liu et al. 2011 —inverse prob weighted clustering for RV/LFV/CV assoc.

analysis)

Individual 2 Individual 1

aa aA AA
aa i 1 B 1 B 1
P pa 2p,(1-p,) pa(1-1,)
” 1 1 1 J_+ 1 B 1 1 B 1
pa  204(1-Pa) 2“P§ (1-p,)° m(lm} (1-p)2 p.(1-p.)
AA B 1 1 B 1 2
p.(1-p,) (1-p2)7  Pa(1-p,) (1-p,)°

pa is the population frequency of minor allele a.

e Distance between individuals i and j:

A ) = e FmED,  simi )= Y sim(ij;k)
k egene
e PCA on distance features (Bryant et al. 2010 — protein function prediction)

Mixture modeling for model-based clustering (Mclust in R; Fraley et al. 2012)
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Extensive simulation study (work in progress) - methods

e KBAC (Liu and Leal 2010): each unique pattern of multi-locus genotypic
configurations is tabulated, and the associated risk of disease for
each configuration is modeled via a mixture distribution (estimated via

non-parametr. kernel density)

e SKAT-O (Lee etal. 2012): optimized SKAT

e CLUSTER (Lin 2014): combines the association signals of variants that
are more likely to be causal / incorporates the spatial information of
variants (same direction or spatially close = optimal)

e |L-K (lonita-Laza et al. 2012): scan-statistic approach that identifies clusters
of rare disease variants / extension to Kulldorff scan statistic
(deleterious effects); RBT (lonita-Laza et al. 2011) max of 2 KBAC tests
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Extensive simulation study (work in progress) — real-life data

ExomeChip v1.1 data

e BBMRI-NL
- UMCU (Utrecht, the Netherlands) — ~8000 individuals
- UMCN (Nijmegen, the Netherlands) — ~1900 individuals
e BioMe Biobank data (Mount Sinai School of Medicine, USA)
- ~10,000 individuals
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K Van Steen

Imputation: a blessing or a curse? Part B: multiple testing?

Figure 3. A) Relation betwesn the number of single nucleotide polymomhisms (SNPs) seleded for replication and replication sample size.
Unexpactedly, the number of SNPs selecied for replication does notincrease with fhe increass in the replicaion sample size. B) Relaton betwesn

the proportion of replicated SMPs and the number of SNPs selected for replication. The proportion of SNPs successfully replicated increases with
the decraase in the numberof SMPs selected for replication.
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Other references
URLs:

Kernel plot: http://www.ipam.ucla.edu/publications/ccstut/ccstut_9744.pdf
Network plot: http://www.nature.com/nmeth/journal/v11/n3/full/nmeth.2810.html

Components plot :
http://www.metabolomics.se/Courses/MVA/MVA%20in%200mics Handouts Exercises S

olutions Thu-Fri.pdf

GWA related plots (levels of complexity): http://genomesunzipped.org — J Barrett
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