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Precision Medicine at the interface of translational science

and systemsnedicine

PrecisionMedicine
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{ Thelndividual as a&System
{'Need for a Paradigm Shift
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[ Takehome messages
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PrecisionMedicine
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Precision Medicine
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and genotypes (e.g., molecular profiling, medical imaging, lifestyle
data) for tailoring the right therapeutic strategy for the right person at
the right time, and/or to determine the prasposition to disease
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(HORIZONZ2020 Advisory Group
EU Health Ministerg December 201pb
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PM & Prevention: a dynamical process
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PM & Individual Characterizatiorpatient ecosystem

Patient Clinician

Electronic health record

!

Case-level database
Researcher - Genotypes Clinical laboratory

» Phenotypes and outcomes
. < Familyt)énd medical history ‘

» Environment and exposures
S |
>

Research database
» Research-derived data

- (Aronson& Rehm2015)

¢ Knowledge sharing
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PM & Data acquisition: the more the better?
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Data acquisition: the more the better?
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Systemsdefining boundaries
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PM: the Individual
as a System
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Interactions

Buzz wordsinteraction information, synergyinteractome> X

Theinteractomerefers to the entire
complement of interactiongetween
DNA, RNA, proteins and metabolite
within a cell.
These Iinteractions are influenced
by genetic alterations
and environmental stimuli.
Mind the context!
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Perturbations link to individualto-individual heterogeneity

| Perturbations to thanteractome are individuaspecific.

Genotype Systems Phenotype
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(Moore 2005) (adapted from Vidal et al. 2011)

1 For Precision Medicinehe link between perturbations in network
and systems properties and phenotypagyht be as important as
that betweengenotypes and phenotypes.
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Example 1: perturbatios of PPl networks

Genotype 1 Genotype 2 Genotype 3 Genotype 4 Genotype 5

! } | } |

4 N %}3 N N N
-

7 TYA TYL Y )

Edgotype 1 Edgotype 2 Edgotype 3 Edgotype 4 Edgotype 5

: Node Edgetic Pseudo- Gain of
Wildtype removal perturbation wildtype interaction
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Phenotype1  Phenotype2  Phenotype3  Phenotyped4  Phenotype 5

@ Macromolecules

{J  Interactors

Y Mutation

— Biochemical or biophysical interactions

Current Opinion in Genetics & Davelopmeant

(Sahni et al. 20X&dgotype$
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Example 2environmentalinteractions with human SNPs

11X 6 KSNB S yngyindiBepredaivie for phenotyp@torrison et
al. 2007; Dudbridge et al. 2017)

IX 6KSNB ISYy20e8LIS YI & V2 {Toopééa. LINS F
2013)C Incomplete penetrangeacommonphenomenon

- What: The expected phenotype of a particular genotype is not
expressed

- Why: Environmental factors as well as the effect of other genes may
alter the phenotypic expression of a particular genotype

T Compensatory genes contribute to variatiomiatural and human
populations it is intuitive to assume that they should not béraited
phenomenon
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Example3: human SNFSNPnteractions

TFew success storieRSTAY S dadz00S4aa¢é

T Awidely accepted protocol to perform a Genordéide Association
Interaction Study (GWAI®)still lackng:

- many difficulties / attention points (technical, statistical,
computational the big pictureg data integratior) involved In
performing largescaleSNPSNP interactiolscreening

- andin inferring biological evidence from statistical findings

1 Role in Personalized Mediciref T KS A Y S NIugarew &t@lS | & S
2014 with a discussion about biological translation and
repercussion®f the identifiedepistasian Ebbert et al. 2015.

Blgﬁ



GBIO0002 Bioinformatics theory & case studies

Epistasis

1 The original definitiorfdriven by biologyjefers to a variant or allele
at one locus prevemgthe variant at another locus from manifesting

Its effect(william Bateson 1861926).
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(Moore 2005)

T Grown into a moreeneral theory andapplications frameworkfor
the analysis of interactions across and betweemics strata.
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Lessons learned: moving from DNA networks to interactomes

Human Genetics (2019) 138:293-305
https://dol.org/10.1007/500439-019-01987-w

REVIEW 4')

Chaeck for
updates

How to increase our belief in discovered statistical interactions
via large-scale association studies?

K.Van Steen'2(® . J, H. Moore®

Received: 26 July 2018 / Accepted: 20 February 2019 / Published online: 6 March 2019
© The Author(s) 2019

Abstract

The understanding that differences in biological epistasis may impact disease risk, diagnosis, or disease management stands in
wide contrast to the unavailability of widely accepted large-scale epistasis analysis protocols. Several choices in the analysis
workflow will impact false-positive and false-negative rates. One of these choices relates to the exploitation of particular
modelling or testing strategies. The strengths and limitations of these need to be well understood, as well as the contexts in
which these hold. This will contribute to determining the potentially complementary value of epistasis detection workflows
and is expected to increase replication success with biological relevance. In this contribution, we take a recently introduced
regression-based epistasis detection tool as a leading example to review the key elements that need to be considered to fully
appreciate the value of analytical epistasis detection performance assessments. We point out unresolved hurdles and give
our perspectives towards overcoming these.
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Integration

BuzzwordsCdza Ay 3% YSNAEAY3IZ O2YOAYAYy3IX

1 Analytic level
Atransdisciplinaryapproachshould provide generic frameworks

and should provide organizing principles for the interaction of diff

types ofanalytics
(Van Steen, Cju2015)

| Data level
Integrationis the process of connecting systems (which may have
fusionin them) into a larger systeixley & Thorsen, 20044\
accounting for interactions

Blgﬁ
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1 Example: Transcription Factors (TFs)
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Need for aparadigm shift
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Paradigm shift at the level of integratiarsystems and granularity

1 Analytic integration(modelling paradigms) INFANCY

{ Data integration(heterogeneous data typeg)WELL PROGRESSING

Example: revised unitsfor MB-MDR)1Danalyses

while being as comprehensive as possible within systems

- Componentbased
- Kernetbased
Dimension = Umt'
Clusters = Similar gene profiles - Network-based

(Fouladi et al. 201:2018;
‘'@ O Ocira et al- DESIRCT grant
Walakira et al. 202p

Blgﬁ



GBIO0002 Bioinformatics theory & case studies

BIO3

trait.

Operating system Architecture

Mac
Mac
Linux

Linux

64-bits
32-bits
64-bits
32-bits

HOME  OURSIGNATURE ~ WHOAREWE?  OUR RESEARCH [ESISIERULN=RYS

MB-MDR (new release expected in fall/winter
2020 - Aldo.Camargo@uliege.be )

MBMDR-4.4.1

MBMDR-4.4.1 is a software that is able to detect multiple sets of significant gene-gene and/or gene-environment
interactions in relation to a trait of interest, while efficiently controlling type | error rates. It is mainly used to
analyse data were the trait is expressed either on a binary or continuous scale, but can also handle a censored

MBMDR-4.4.1
mbmdr-4.4.1-mac-64bits.out
mbmdr-4.4.1-mac-32bits.out
mbmdr-4.4.1-linux-64bits.out

mbmdr-4.4.1-linux-32bits.out

Blgﬁ\
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Expectedbenefits in the context of PM
1. Increased replicabilitg robustnessvhen used in models for

- prediction
- diagnosis
- treatment management

2.Less granularity, yet based on deep levels of detall

3. Well suited tocreate individuakpecific (gene interaction) networks

Blgﬁ
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Paradigm shift at the level of interactionsndividualspecific edges

group-based iIndividual-based

Height

05 06 0.7 08 09 1.0

-04 -02 00 02 04

-04 -02 00 02 04

(Oldham et al 2006) (Duroux et al 202@ use of bio knowledge
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Types ofindividual-specificnetworks

T Omicsdriven individuai LIS OA FA O & & ivshofiektT.oO | Y (0 €
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Expectedbenefits in the context of PM
1. Assessing individuabecific (systemievel) properties
2. Comparing individuals in a systemic way, enhancing

- patient subtypingor stratified medicineor
- molecular reclassification of disease

od / 2YLINBKSYaA@dS @OASga 2y az2dzif @
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Major hurdles?

1 Computation time
- F.I.Leaveone out requires following the same underlying
analytics that generated the source network

- In moredetail:
A Createa network based on thousands of individuals
A Leave one out and rebuild the network
A Use the developed statistical tool to assess significance and to
rebuild an individuakpecific network

1 Robust networks
1 Contributing data
- Informativity versus redundancy
-{ YL S&a O2yuUNROdzOAY3I G2 (0KS
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Example SENs & robustness

1 Aggregating networks that are partial representations of a true
network (Duroux et al 2020

True network Generating data Estimated network Partial networks
p
HERE 1 \\4
=) Obs1 - -)
p \.

\%. Obs m \.\é‘_—‘ 2 ‘\/

0.3

e ek type

02- E — '“"‘--*_____m * k-means
s 0.1- e ~ LCA
iy .y e, = SNF
= 0.0 1—

01- e o precision X recall

. . I =2 precision+recall

20 40 60 80
Percent
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Example: SENs & computation time

{ Multiple testing correction via 3 | YMAKE in MBMDR4.2.2

Sequential version Parallel workflow Sequential version Parallel workflow
SNPs Binary trait Binary trait Continuous trait  Continuous trait
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
105 64 hours 35 min 22 min 15 sec 70 hours 03 min 20 min 28 sec
106 ~ 270 days 25 hours 12 min ~ 290 days 24 hours 06 min

The parallel workflow was tested on a 256-core computer cluster (Intel L5420 2.5 GHz 1333 MHz
FSB). The sequential executions were performed on a single core of this cluster. The results prefixed

by the symbol “~” are extrapolated.

(Van Lishout et al. 2015)
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Example.SENs &ine-scale structure

1 Identifying influential or extrem@atients
1 Build onipP CA(ntarapanich et al. 209d0r population samples
- Performs PCA with genotype data

- If substructure exists in PC space individuals are assigned to one
of two clusters (zneans algorithm / fuzzy-means)

- Iteratively performs test for
substructure and clustering on | s ,
nested datasets untiltepping N A
criterium is satisfied ' "N\L
(no substructure)

LAl
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IPCAPS

Node 1
EigenFit=-1.86
CHB (84)
JPT (886)
Node 3 Node 4 Node 5
under cutoff FEigenFit= -3.57 EigenFit= -3.54
(<10)

CHB (82) CHB (1)

C CHB (1) > JPT (3) JPT (82)

JPT (1)
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RubkClust for
outlier separation
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(Chaichoompet al.2019
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/ Genotyps data /

/ subgroups /

]
Pre-analysis step
¥
For each cluster: zero-mean and
unit variance normalization
'
Covariance matrix construction
]
Principal Component Analysis
_'___,_-—'-'_'_-_F-_\--_\--_"-‘—-_,_\__\_\_ NO
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e v
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IPCAPS e

]
Pre-analysis step
¥
For each cluster: zero-mean and
unit variance normalization
¥
Covariance matrix construction
]
Principal Componant Analysis
_— TT—____  No
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