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What is gene-set analysis (GSA)?
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Rationale to conduct set-based
analyses

The polygenic nature of most complex phenotypes

Focus on the combined effects of many loci, each making a small contribution to overall
disease susceptibility

The reported significant SNPs at 5e-8 explained limited heritability and phenotype
variation

~85 — 90% of GWAS reported significant SNPs are located in non-coding regions and
have low to moderate effect sizes



Testing for functional clustering of
SNP associations

. . - GWAS
Single SNP analysis - single (candidate) SNPs

SNP-set analysis with gene as
unit of analysis

- whole genome

- candidate gene

Gene-based analysis

SNP-set analysis with sets of

genes as unit of analysis
y : - targeted gene-sets/pathways
Gene-set analy5|5 - all known gene-sets/pathways




Aggregation at different levels

Gene-based

Region-based

Pathway- or gene-set-based analysis: aims to provide insight into the biological processes involved by
aggregating the association signal observed for a collection of SNPs into a pathway level signal.

This is generally carried out in two steps: first, individual SNPs are mapped to genes and their
association p-values are combined into gene scores; second, genes are grouped into pathways and
their gene scores are combined into pathway scores.

Existing tools vary in the methods used for each step and the strategies employed to correct for
correlation due to linkage disequilibrium.

> Pre-defined, canonical pathways
> Define gene sets from scratch or by guidance of genetic signals



Why gene-set analysis (GSA)?

Interpretation of genome-wide results

Gene-sets are (typically) fewer than all the genes and have more descriptive names
Difficult to manage a long list of significant genes

Detect patterns that would be difficult to discern simply by manually going through e.g.
the list of differentially expressed genes

Integrates external information into the analysis
Less prone to false-positives on the gene-level

Top genes might not be the interesting ones, several coordinated smaller changes
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Map SNPs to genes

Function Function Function Function Function Function




Structure of a gene

Regulatory sequence Regulatory sequence

Enhancer
/silencer Promoter 5'UTR Open reading frame /silencer
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modification Protein coding region
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Reference

populatlon No access to individual
1000 Genomes Project data needed

Gene-based analysis

Instead of testing single SNPs and annotating

GWAS-significant ones to genes, gene-based 9 - SNP p-values :

analyses test for the joint association effect of all et ” e

SNPs in a gene, taking into account LD (correlation 2l ._._'.'" S e .---" o
® : Bl

between SNPs)

“IFER Sed

No single SNP needs to reach genome-wide : R
significance, yet if multiple SNPs in the same gene 4
have a lower p-value than expe_cted under the null, . SNP coirélationiatrie
the gene-based test can result in low p-values. l

Gene 00

scoring {3}

—max of x3 or

—sum of X3

Fast, accurate



Different statistical algorithms test
different alternative hypotheses

Strategy Alternative hypothesis

Minimal P-value At least one SNP in the gene or
gene-set is associated with the
trait

Combined P-value The combined pattern of

individual P-values provides
evidence for association with the
trait



Factors impacting gene-based p-
values
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Gene region definition

Transcription is the process in which a gene's
DNA sequence is copied (transcribed) to make
an RNA molecule.
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Transcription begins when RNA polymerase l
binds to a promoter sequence near the
. : ANA
beginning of a gene (directly or through helper polymexase

proteins). N VAR, oo sl N
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Transcription ends in a process

called termination. Termination depends on

sequences in the RNA, which signal that the
transcript is finished.
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Gene region definition
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Reference

populatlon No access to individual
1000 Genomes Project data needed

Available methods

Pascal: Fast and Rigorous Computation of Gene SNP p-values
and Pathway Scores from SNP-Based Summary 81 . e .. ;
Statistics S|% e
. . . w i 1
Magma: Multi-marker Analysis of GenoMic S— —
Annotation ¥z % -~’;~.:"’
> Uses a multiple regression approach to properly >
incorporate LD between markers and to detect multi- > SNP correlation matrix
marker effects l
Use LD information from reference population Gene 00
scoring {3}
Allow for summary statistics data (no requirement — max of x} or
. 2
on raw genotyping data) —sum of x;

Fast, accurate
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Gene-based analysis

Unit of analysis is the gene

Pros
o Reduce multiple testing correction from 2.5M SNPs to 22k genes

> Accounts for heterogeneity in genes
> Immediate gene-level interpretation

Cons
o Disregards regulatory (often non-genic) information when based on location based annotation

o Still a lot of tests
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Do all implicated genes have different
functions or are they functionally related?

Function

Function



Do all implicated genes have different
functions or are they functionally related?

Function Function




Gene-set analysis

Unit of analysis is a set of functionally related genes

Pros

- Reduce multiple testing by prioritizing genes in biological pathways or in groups of (functionally)
related genes

> |Increases statistical power
> Deals with genic heterogeneity
> Provides immediate biological insight

Cons
> Crucial to select reliable sets of genes

o Different levels of information
o Different quality of information



Choosing gene-sets

Depends on the research question

Several databases/resources available providing gene-set collections (e.g. MSigDB, Enrichr)
Included directly in some analysis tools

Gene-sets can be based on
o GO-terms (probably one of the most widely used gene-sets)

o Pathways (KEGG)

o Chromosomal locations

> Protein-protein interaction subnetworks
> Co-expression network

° Transcription regulatory network

o Known disease genes

o efc...



Gene-set example
Gene ontology (GO) terms
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Terms get more and more detailed moving down the hierarchy

Genes can belong to multiple GO terms
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Gene-set example:
Metabolic pathways or metabolites
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Gene-set example:
Transcription factor targets
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Where to get gene-set collections?

http://software.broadinstitute.org/gsea/msigdb/index.jsp

http://amp.pharm. mssm.edu/Enrichr/#stats

S Enrichr

Login | Register

1,052,595 lists analyzed

= MSigDB
| == Molecular Signatures
=== Database

Molecular Signatures Database v5.1

Analyze  What's New? Find a Gene  About  Help
Overview Collections
The Molecular Signatures Database (MSigDB) is a collection of The MSigDB gene sets are divided into 8 major collections: G G
annotated gene sets for use with GSEA software. From this web Gene-set Library Terms &wer:n: ene:epr::
site, you can hallmark gene sets are ccherently expressed - L4
H signatures derived by aggregating many MSigDB Achilles_fitness_decrease 216 4271 1280 X
¥ Semrch for. garie sets Ly keyword. gene sets to represent well-defined biological states Achilles_fitness_increase 216 4320 1290 &
* Browse gene sets by name or collection. ik Aging Perturbations_from_GEO_down 286 16129 2920 &
» Examine a gene set and its annotations. See, for pl : ” Aging_Perturbations_from_GEO_up 286 15309 3080 X
. it sets ch h h .
the ANGIOGENESIS gene set page. c :::rc;::;er::;-baﬂd‘ or eas uman chromosome Allen_Brain_Atlas_down 2192 13877 3040 &
> Dovmlond gene selx. Allen_Brain_Atlas_up 2192 13121 3050 &
Investigat ts: i
= AR gone o e o BioCarta_2013 249 1295 18.0 X
* Compute overlaps between your gene set and gene cz databases, publications in PubMed, and knowledge BioCarta_2015 239 1678 210
sets in MSigDB. of domain experts. BioCarta_2016 237 1348 190 &
*: Citegoriza menbers of 2 'gane.set by gane Cancer_Cell_Line_Encyclopedia 967 15797 1760 &
> :J:ew the :u:ru;li.on nwﬁtf of a gene :g: in any of the c3 "'°::f ?'" mets basc: e m:lselrw:it:ls‘:gulﬂiorv BN 333 41172 i
ree provide IC expression compendia. motifs from a comparative analysis of e human,
A pendt St A DA sl ChEA_2015 395 48230 14290 &
Chromosome_Location 386 32740 850 &
Registration c computational gene sets defined by mining large CORUM 1658 2741 50 &
Please register to download the GSEA software and view the collections of cancer-oriented microarray data. dbGaP 345 5613 360 &
MSigDB gene sets. After registering, you can log in at any time Disease_Perturbations_from_GEO_down 839 23939 2930 X
using yotir emall address. Reglstrationis free. Its only purpose GO gene sets consist of genes annotated by the Disease_Perturbations_from_GEO_up 839 23561 3070 X
12 t0 elp s rack usage for reports to our funding sgences. C5 wnisorems! Disease_Signatures_from_GEO_down_2014 142 15406 3000 &
Current Version Disease_Signatures_from_GEO_up_2014 142 15057 3000 &
oncogenic signatures defined directly from :
MSigDB database v5.1 updated January 2016. Release notes. CG microarray gene expression data from cancer gene Dmg‘Penurbanons—ﬁom—GEO—zm4 0 4noz 5090 &
GSEA/MSigDB web site v5.0 released March 2015 perturbations. Drug_Perturbations_from_GEO_down 906 23877 3020 X
Drug_Perturbations_from_GEO_up 906 24350 299.0 X
Contributors A e A e T ENCODE_and_ChEA_Consensus_TFs_from_ChIP-X 104 15562 8870 &
The MSigDB is maintained by the GSEA team with the support of c microarray gene expression data from immunologic ENCODE_Histone_Modifications_2013 109 15852 9120 &
our MSigDB Scientific Advisory Board. We also welcome and e ENCODE_Histone_Modifications_2015 412 29065 21230 &

mnmrasiaba sanbrihitiane ba bhis charad sacaiess snd ansaiesan




Online databases vs. manual

Information in online databases tends to be

Somewhat biased
> Not all genes included — disease genes tend to be investigated more often

o Genes that are investigated more often will have more interactions

Not always reliable

o Interactions often not validated, sometimes only predicted. If experimentally seen, unknown
how reliable that experiment was



Statistical issues in gene-set
analyses

Different statistical algorithms test different alternative hypotheses

Different statistical algorithms have different sensitivity to LD, number of genes, number
of SNPs, background h2

Self-contained vs. competitive tests

Self-contained:
> HO: the gene sets are not associated with the trait

Competitive:
° HO: the genes in the gene-set are not more strongly associated with the trait than the genes not
in the gene-set



SNPs

Schematic of the two a
tier structure of GSA

a | A measure of association with the phenotype cRkain
is computed per gene from the genotype data.

s |ndividuals

Cene
association |

b | This results in a gene-level data matrix, with
each row corresponding to a gene and the gene
set encoded as a binary indicator variable (coding

genes in the gene set as 1 and the rest as 0). b GenelD Geneset Gene associ
The gene-set analysis (GSA) then takes the form 1 1 132 i
of a bivariate test with the genes as units of 2 1 -0.76 kel
analysis, testing whether the joint association of 3 1 0.48 - 6, 6, > 07
genes in the gene set is greater than if those 4 1 112
genes were not associated at all (self-contained 5 1 -0.02 )
analysis) or whether it is greater than the 6 0 ~1.04 Il
association of genes not in the gene set 7 0 0.86 T S )
(competitive analysis). SNPs, single nucleotide 8 0 -1.27 -8, 6,>6,?
polymorphisms. 9 0 0.41

10 0 0.11 il
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Table 1 | General clazsification of GSA methodsz*

Mean-based
M et Fisher's method Self-contained Tests mean of dog or transformed Pvaluesinthe set  KGG-HYST, PLINK=,

against the nulF mean SetScreen™ and JAG*

Fishersmethod  Competitive Tests mean of dog or transformed Pvaluesintheset  JAG
against mean outside of the set

Single sample Self-contained Tests mean of probit transformed Pvalues intheset ~ FORGE* and

I-test against the nulff mean MAGMA®*

Two-sample Competitive Tests mean of probit transformed Pvalues intheset  FORGE

t-test against mean outside of the set

Linear Competitive Tests whether being in the set or not is a predictorof  MAGMA

regression® having higher probit transformed Pvalues

Count-based"

Binomial test Self-contained Tests whether proportion of Pvaluesin the set below  SNP Ratio Test™
the threshold is greater than the null proportion

Hypergeometric Competitive Tests whether proportion of Pvalues below the ALIGATOR*, INRICH*

test threshold in the set is greater than the proportion and MAGENTA®
outside the set

Logistic Competitive Tests whether being in the set or not is predictor of —

regression® having P values below the threshold

Rank-based

Two-sample KS Competitive Tests whether genes in the set are overrepresented -

test at the top of the list of all genes ranked by P value

Rank + mean-based

G5EA Self-containedor  Modified KS test, weight ranks by -og or GenGen®®

_ competitive transformed P values _



Different algorithms: LD and #genes

-] Gene size f Linkage dizequilibrium between genes

1.0 — 1.0 4
Cene size Linkage

% 0.8~ | [l Verysmall % 0.8 - | disequilibrium

C B Smalt e B Baseline

E 0.6 [ Baseline g 0.6 [ Moderate

TR B Large T E Strong

E‘ B very large ‘é

> = 0.4 -

= = 0.2 -

FORGE JAG MAGMA  ALIGATOR  INRICH  MAGENTA FORGE JAG MAGMA  ALIGATOR  INRICH MAGENTA
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Different algorithms: LD and #genes

=]

Type-1error rates
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Biological networks

Protein-protein interaction (physical
interaction)

‘; & coPS5

KIAA0101

Kinase-substrate & phosphorylation-
related interaction network (KSIN)

Protein 3D structure-based PPIN
(3DPPIN)

Innate immunity PPIN (INPPIN)

Protein functional relations in
pathways

Co-expression network

Other cancer TSG Oncogene TSG & Essential MDG ODMG MDG & Others
genes oncogene ODMG




Resources for human biological

networks

L ~10,000
BioGRID 21,008

10,349

HumanNet, base 5,236
HumanNet join 16,117

Pathway Common 16,305

~50,000
280,910
166,776

52,663
269,410

474,714

369,884

Networks  |Nodes |Edges |Links and description

Human Protein Reference Database
Interaction repository with curated data.
Integrative PPI data from six public curated databases:

IntAct, BioGRID, MINT, DIP, HPRD, and MIPS/MPact.
Physical PPIs: A combined dataset of STRING and HPRD

A reference set of gene pairs sharing Gene Ontology
biological process annotations

Predicted gene association pairs based on a Naive Bayes
approach
Physical PPIs: An aggregated repository of gene

interactions from several sources including BioGrid, HPRD,
IntAct, and the NCI cancer specific pathways.




Characteristics of biological networks

Degree: how many edges it is connected to
- E.g., degree of node A=5
> Important genes tend to have large degree

LOW Betweenness
Centrality

Path and shortest path

> E.g., shortest path between nodes B and F = HIGH Betweenness
(B-Aand A-F)

Betweenness
> Defined for both nodes and edges




Algorithms in network-assisted analysis of GWAS data

(a) Binary Quantitative (b) Topologically oriented Genetically oriented

GWAS /  HPIN
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dmGWAS: dense module searching for genome-wide
association studies in protein-protein interaction

networks

A FOGFR2 POLR1A

o ®
PRECA L
PIKIRT [ ]
\ STEBP1 GSK3IB TCERG1

PTCD3 . - .

& HGS PRECE SFag1
Q o L

~ _ GWAS / HPIN /

Cleaning

;

Node-weighted
PPI network

= Connected
= Combined score

Dense modules
PR
¢ ®
@ @ @
9.

i

=11) remove modules with size <=5

2) remove identical modules

Candidate module selection

Single GWAS dataset Multiple GWAS datasets

Y
Permutation of GWAS dataset

HZm (p)>Zm }
#{Total permutations }

Nominal P=

Normalization

7. = Z,, —mean(Z (m))

sd(Z,(m))




Application

Gene-based score S
R s _ GWAS data Self-contained null hypothesis (Q2): Method:
Minimum P value Network and pathway analysis || The genes in the gene-set are not Permutation
o Combining multiple SNPs associated with the disease. test
— - = e > M
Competitive null SNP list |||
hypothesis (Q1):

Sianifi The genes in the SNP, \ \l ll I
Ignl \cance gene set have no SNP, =

o Permutation: randomize different SNP,

association
case/control sample IDs e T

remaining genes
in the genome.

Trait/disease

v ,_ SR
Method: Significant |

Enrichment test subnetworks
(gene sets) |




Application in schizophrenia
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GOID Term Size Count P P.qj
G0:0045202 Synapse 167 16  1.44x10"° 2.44x10°
G0:0045211 Postsynaptic membrane 91 7  3.88x10° 6.60x10™
G0:0001666 Response to hypoxia 67 6  3.94x10° 6.70x10™
G0:0006816 Calcium ion transport 69 6 4.77x10°  8.12x10™
G0:0006897 Endocytosis 78 6  1.05x10* 1.79x10°
G0:0005516 Calmodulin binding 109 7  1.41x10* 2.39x10°
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EW-dmGWAS: node- and edge-weighted dense module
search for GWAS and gene expression profile

Node weight: z-score from B [Feman PP [Gonw sxpression | [~ GRS
GWAS p-value | i ek tseapvaseen
Differentially gene || Genes with
Edge weight: Fisher’s eo-expression ||_pages
transformation on Pearson —
Correlation Coefficient
( P C C) Node- and e':g;:::l'?;ted network
M r

. TP Nom'lali::::il l:utc‘;zl: score
Gene expression profile: a e
set of disease samples [ Significant module list |

and a set of control,
suggested to use the
disease-relevant tissues.

¢ = }\Zeeg edgeweight(e) n il . }‘i Y ey nodeweight(v)
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Gene-property analysis

Single SNP analysis

Using quantitative
Gene-based analysis characteristics of genes
: e.g. expression levels or
probability of being a
member of a gene-set

Gene-set analysis Gene-property analysis



1PM

What is tissue-specificity

800+

600

400

200+

Bulk tissue gene expression for ASGR1 (ENSG00000141505.11)
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The tissue selectivity of heritable diseases
and traits and their associated genes

a 1,200

2
1

Number of Mendelian diseases
-
2
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Germline aberrations that underlie diseases are present Data from 1,252 Mendelian diseases
throughout the body (red diamonds) yet often manifest




Can we find in which tissues that the GWAS-
implied genes are actively expressed

ANALYSIS

https://doi.org/10.1038/541588-018-0081-4

Heritability enrichment of specifically expressed
genes identifies disease-relevant tissues and
cell types
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Different mechanisms underlying tissue-selective
manifestation of heritable traits and diseases

1. Expression-based mechanisms

Single SNP analysis

2. Regulatory mechanisms

3. Tissue-disrupted networks

Using quantitative
Gene-based analysis characteristics of genes
: e.g. expression levels or
probability of being a
member of a gene-set

Gene-set analysis Gene-property analysis

4. Non-cell-autonomous mechanisms




Different mechanisms underlying tissue-selective
manifestation of heritable traits and diseases

1. Expression-based mechanisms

Exclusive expression of the causal gene in
susceptible tissues

> CAV3 (caveolin 3) encodes the muscle-specific form
of the caveolin protein family and is expressed
primarily in heart and skeletal muscle. When
mutated, causes cardiomyopathies and skeletal
muscle disorders.

Preferential expression of the causal gene

o CFTR, causal for Cystic fibrosis, is highly expressed
in a rare cell type found in the mouse respiratory
system.

> Cystic fibrosis (CF) is an inherited disorder that
causes severe damage to the lungs, digestive system
and other organs in the body.

Mechanism Affected tissue Unaffected tissue
a Expression-based mechanisms
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Preferential expression
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1. Expression-based mechanisms

Tissue-specific post-transcriptional processes

Mechanism Affected tissue Unaffected tissue

o Posttranscriptional processing affects the halflife

a Expression-based mechanisms

and function of genes, making the relationship ) exclusive expression * o *
between transcript levels, protein levels and * % %k
protein activity complicated and tissue-specifiC. @ preferential expression ** ** .
: *
- COL10A1 gene encoding collagen X expressed * X
. . (3) Post-transcriptional NINTINTNTN TN NS TN TN TN TN TN TN TN TN N
in cartilage cells. processes ‘N\% |
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ldentifying Causal Cell-type for
Complex Disease From Expression

Negative control: simulation from random set of SNPs

P-value: proportion of simulations exceeding the observed enrichment

A Normalize gene expression data B For each tissue, identify the mast C Assess significance of tissue across
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Rheumatoid Arthritis implicates CD4+ Effector
Memory T-cell Subsets
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Application to Immune Diseases
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Application: multi-trait GWAS summary

statistics

T [ER] EN|
Iy 1
- 18 o ot o [
[ . 1111
4_'i..l
B | | S Y I
(= . . I I ]
! S| i o ] 11 1 | S (S AN . |
2 = | I D N G
| . é__l. |- | I I S . . ..:.
L | = 1 L |
—— | | O O I
T | | (5 1 | Il | |
& : ! (2 P I I B
o i : . —
= .
- | | N Y Y I O EE |
o ! ! T | B B A |
I = ! ] —1 I — i3 1 L 1
| | [ 1 .
i Em—— e
1L I 1 1T .
Moooaonsooskroo<olEaor 2 2uno
JIo@agEssarogeSEse “DAFF =
Eq = ?mwg; = & - =
1 (]
£9

Trait
AdAdianv_ Suhﬁl,lltsncm:s
ipose = Wisceral (Omenium) s—
) —— ALZ
rbery = Aoria
Artery - Comnary ADHD
B‘-:rmrs'ﬁ— Tihjjalla
—e Bran = AT S —
= Brain - Antenor cingulate cortes }'\BAZﬂ - ASD
—— Brain - Ca (basal ganglia) ——
—— Brain - Cerebellar Hermsphere — BD
— BrdEm = Cc&\uhg&;m
—e Hrain = Corbey
| = Brain - Frontal Cortex (BAS) — MDD
Brain — Hippocampus
—————— Brain = Hypothalamus ———— SCZ
—Elramé N_u:]ags ?mum[mba Iil:laaallga]n;ha]—
—— Brain - Putamen (basal ganglia) —
e EirmnB— _Splnglucgd (?Brl.'?;l c=1) - BMI
rain - tanta nigra
Breast = Mammary Tisswe FN-BMD
Cﬂi:\bn —TSigmuid
————— Calon - Transwarse ———————
= Esophagus - Gastroesophageal Junction = LS-BMD
—Es-:l aguws — Mucoga————
us = Muscularis EDU
Hila‘t LEH:_;R ndage  =——
mart - Left Ventricle ————
Kidney = Corey ——— HEIGHT
Iver
inar S-aer"u? Gland WHR
Muscle — Skeletal CD
Merdse — Tibial
namar;.' | BD
Fancreas
Pituitary
Prosiate RA
— 5kin — Mot Sun Expoased (Suprapubic) —
| = Skin = Sun Exposed (Lower leg) ——
—  Small Intesting — Terminal fleum  —— uc
Stomah
st AAM
LHarus CAD
Wagina
th& Blood FG
Fl
HDL

Trait Full Name
Alzheimer’s disease
Attention deficit-hyperactivity disorder
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Height
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2. Regulatory mec

Disruption of gene-specific requlatory
elements

> Obesity-associated locus FTO:

> Analysis of the chromatin state of FTO
across 127 human cell types revealed that it
harbors an enhancer that is specific to pre-
adipocyte cells.

> The rs1421085 T-to-C disrupts a conserved
motif for the ARIDSB repressor, which leads
to derepression of a potent preadipocyte
enhancer and a doubling of IRX3 and
expression during early adipocyte
differentiation.

Relative mRNA Level

b Regulatory mechanisms

(D) Disrupted regulatory
elements

(2) Effects of eQTLs

(3) Disrupted chromatin
contacts
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Gene 1 Gene 2 Gene 3

GWAS SNP, trait i
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Nerve _5:
Effects of eQTLs L
> A study testing enrichment for 18 complex traits using 44 tissue . s
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o Example results: aortic artery for systolic blood pressure (SBP), '/'
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3. Tissue-disrupted networks

C lissue-disrupted networks

Disrupted tissue-specific molecular
(1) Disrupted molecular

interactions e A ‘ * ‘ ________ ®
> Disease-causing genes have a significantly
higher tendency for tissue-specific interactions in

their disease tissues (2 Disrupted pathway @ «x © O 7S O
> Alarge-scale yeast two-hybrid analysis of 220 g g - g O
causal genes revealed that 61% of the disease- .
causing alleles exhibited partial loss of their wild- @,?.’SS’U‘IE?.?;;?S; o ” & . ” .@
type PPls % Ky o8 o ¢
Disrupted tissue-specific pathways and gene
modules Pathways are biological processes performed by subsets of gene
- Disease module connectivity was significantly products and other molecules, and may involve metabolic reactions,
high particularly in disease-related tissues as in glycolysis, or regulatory and protein interactions, as in signaling
> A study of 37 GWAS traits showed that risk cascades.
alleles often perturb regulatory gene modules E.g., the glycogenolysis pathway, whereby the polysaccharide
that were highly specific to disease-relevant glycogen is degraded, takes place mainly in liver and muscle, and
tissues thus glycogen storage diseases manifest primarily in those tissues.



Trait-associated genes tend to cluster in modules
for different types of networks and GWAS traits

Five types of networks are C , B , ek |
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4. Non-cell-autonomous
mechanisms

Tissue-specific responsiveness to signals

Tissue-specific microenvironment

> Cells continuously interact with their microenvironment by cell—cell physical contacts and by
processing chemical signals in the form of diffusible molecules.

> E.g., blood-brain barrier leakage was observed in patients with Alzheimer disease
> Tissue microenvironment is also critical for therapy.



A schematic flow chart illuminating tissue-
selectivity mechanisms

Tissue-selective Experimental models
trait/disease
. Cellline
J Tia:?:-et (cellular focus)
DifferentialNet Reactome [ |
OMIM GTEx
NHGRI—EBIGWAS\ ( HPA HumanBase Q?
HPO/DO Neviork L_ )
i Pathw d
) Expression s rganos
1 Coding (tissue focus)

/ | Q-E ’/';’n 1]
) / AR §\\
Z ‘. if r,,,(’ é»
} TS 3 ==
R \ \ W E
. ’ Non-coding
| | k Animal model

Regulato Chromatin ivofinter-ti
| lM® ;gmmry Contart (invivo/inter-tissue focus)
/ eQTLs I
/ ENCODE 3D Genome “'
/ Roadmap Epigenomics GTEx
FANTOMS
IHEC



