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The Immune System
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Systems Immunology
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« signalling response

« cell-type abundances

» cell-cell spatial interactions
* RNA/protein levels

» cytokine production

Adapted from Nature Reviews Genetics 17, 160-174 (2016)
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Immune Cell Profiling: Flow Cytometry and Gene Expression
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Fig. 1] Milestone methods in immunology. Timeline of the most important technological developments in immunology research, with a special focus on
the evolution of omics from the advent of microarrays to current single-cell approaches.

Nature Immunology volume 23, pages1412-1423 (2022)




Gene Expression in “Bulk” Samples
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Next Generation Sequencing — The lllumina Platform

Sanger sequencing
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Lots of sequenced reads...

lllumina NovaSeq 6000: up to 20 billion reads, 3.000Gb data, less than 2 days




What do we do with them ?

Reads ]
denovo Assembly Reference based
analysis
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Reads Alignment

Genome of individual re-sequenced
by aligning short reads against the
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PRSI TN S S —
~ mar : .
= N9 -

l‘ i
arearacky
AR *_‘.
\"t
\
i reference genome sequence
¥



Genome Sequencing: Variant Calling

Genome of individual re-sequenced
by aligning short reads against the
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Genome Sequencing: Copy Numbers

2 copies

3 copies

1 copy

The number of aligned reads on a
given regions is proportional to
the number of starting DNA
copies of that region

This information can be used to
infer DNA copy number variations
(CNVs)



RNA Sequencing

DNA
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RNA
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RNA

 The number of aligned reads on a given RNA is proportional to
the number of its starting molecules

 This information can be used to infer RNA abundances
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Dissecting tissue heterogeneity at single-cell level
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Single-Cell Analysis
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Tang et al. 2009
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Basic workflow in 10X Chromium

Individual cells must be trapped within a space that is not continuous with spaces
containing any other individual cells.
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Nature Reviews Drug Discovery volume 22, pages496—520 (2023)

* 10X: combines an aqueous flow of cells, barcoded primers carried in beads, lysis buffer and reverse transcription
enzymes with oil to create microdroplet reaction chambers.

* Plate-based technologies perform this step in microwells

* Automated microfluidic devices use other forms of microchamber.



InDrop: Barcoding process

Co-encapsulation of cells, barcodes (delivered by hydrogel bead), and RT—lysis reagents
into microfluidic droplets.
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Single-cell multi-omics

Multimodal and integrative methods for single- cell analyses
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Systems Biology Through Single-Cell Multi-omics

“Rosetta Stone”: deciphering the different immune populations and states across datasets
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Applications To Drug Discovery

What is the drug doing at the bedside?

Monitor disease progression and
response to therapy with single-cell
sequencing to identify mechanisms
of action linked to clinically
desirable response

Why do patients present and respond
differently?

Identify prognostic factors and
markers to stratify patients into
actionable subtypes using single-
cell methods
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Target identification

Drug response and
and credentialling

disease progression
monitoring

Single-cell approaches for drug
discovery and development

Preclinical model

Disease subtyping
selection

and patient
stratification

Drug candidate selection
Which drugs affect disease
mechanisms selectively?

Identify drugs matched to disease
subtypes with single-cell studies

What drives disease and is suitable
for pharmacological intervention?

Identify disease-relevant cell types
and targets by using single-cell
differential expression analysis and
validate them in functional

genomics single-cell studies (e.g.
CROP-seq, Perturb-seq or CRISPR-seq)

What can be tested and what are the
relevant models?

Identify models at the single-cell level
associated to relevant disease
subtypes and mechanisms

Nature Reviews Drug Discovery volume 22, pages496—-520 (2023)




Applications To Drug Discovery

Compound screening

a Standard high-throughput chemical screens
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Single-Cell for Biomarker Discovery and Patient Stratification
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Single-Cell-Based Biomarker of response in anti-TNF therapy
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Understanding dual targeting: TNF/IL23 in Chron’s Disease

Results of Novel Clinical Study

Show Adults with Moderately f single-cell
to Severely Active Ulcerative ll'onyphase 2a
MNfreseonder | Colitis Achieved Higher Rates
- | of Clinical Response, Clinical
"“‘g\ "I Remission, and Endoscopic
‘ Improvement at 12 Weeks with janssen
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Guselkumab and Golimumab
Combination Therapy Versus
Either Monotherapy Alone

The VEGA Phase 2a proof-of-concept study shows 83.1 percent of

19 M patients who received combination therapy achieved the primary

endpoint of clinical response and 36.6 percent of patients achieved
clinical remission at week 12

The VEGA study represents a first-of-its-kind biologic combination
assessment of an interleukin (IL)-23p19 subunit antagonist with a
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Worklng Hypo tumor necrosis factor-alpha (TNFa) antagonist in ulcerative colitis
responders

Feagan BG, Sands BE, Sandborn W] et al. VEGA Study Group. Gusel kumab plus golimumab combination therapy versus
guselkumab or golimumab monotherapy in patients with ulcerative colitis (VEGA): a randomised, double-blind, controlled, phase
2, proof-of-concept trial. Lancet Gastroenterol Hepatol. 2023;8(4):307-320



Human Cell Atlas

HUMAN
CELL mHomey About HCA ~ COVID-19 - Research  News - Publications  Data ~ Resources *  Joln/Contact -
ATLAS

MISSION

To create comprehensive reference maps of all human cells—the
fundamental units of life—as a basis for both understanding human
health and diagnosing, monitoring, and treating disease.

https://www.humancellatlas.org/
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Single-Cell Cross-Tissue Comparisons
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Neural cells (from

CNS, PNS vs ENS)

Myocytes (from skeletal
versus cardiac muscle)

Primary cells
Generally perform organ-specialized functions

Cell—cell
interactions

Core-shared
expression
————————— > programme

Unique tissue

o memory
Potential to resolve commonalities between
different subsets of specialized cells
Ba Tissue-specific disease mechanisms
GWAS gene expression mapping
30
FAS
20
o 10 GWAS gene |
By — = 0 expression FADD FADD

Individuals.. x = ¢

Endothelial and
vascular cells

Fibroblasts Immune cells

Supportive cells

Generally perform supportive functions and are
omnipresent across all organs

Unique
recruitment
modules

—

Tissue
adaptations

Potential to resolve tissue-specific
programmes of shared cells

10 — @D (active)
: ¥

Organs.. x =

Tissues.. x 30-20-10 0 10 20 30 = )

Cell types.. x t-SNE1

yF PARP (2N
c (active) (inactive)
1O |
7
2 | . .
o Responsive cell types
S Cell-type specific and disease Druggable cell-cell based on drug target
@ activated pathways interactions expression
1 A AA
Genotype

Bb Therapeutic avenues

Predict
best drug
delivery
route

Stratify patients and responses

Diagnosis and disease
monitoring based on

Tissue-specific
entry molecules

=) /

Target tissue-resident immune cells

cell type markers

Elmentaite R, Dominguez Conde C, Yang L, Teichmann SA.Nat Rev Genet. 2022 Feb 25.



Immune System Heterogeneity: Reclassification of DCs and
monocytes by scRNA-Seq
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Novel pathological cell types:

expanded peripheral Th subsets In
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Immune cell landscape in kidneys of patients with lupus nephritis
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DATA AGGREGATION AND VISUALIZATION



Data Dimensionality

» Gene/protein expression
* Methylation
 Epigenetics markers P
« Genetics SNPs S,
« Metabolomics

image credit: Nature http://www.nature.com/ng/journal/v45/n10/fig_tab/ng.2764 F1.html



http://www.nature.com/ng/journal/v45/n10/fig_tab/ng.2764_F1.html

Data aggregation is any process in which
information is gathered and expressed in a summary
form, for purposes such as statistical analysis

| took a speed-reading course and read War and
Peace in twenty minutes. It involves Russia.

(Woody Allen)

izquotes.com




Data Aggregation

« Clustering and Geometrical Representation of Data
 Dimensions Reduction

« Pathways and Gene Sets



Clustering

Finding a partition such that:

— Distance between objects within the same cluster is
minimised

— Distance between objects from different clusters is

maximised
-.:J £ ,
T
o, e
N e

mm) Requires defining a similarity measure




Geometrical Distances as measures of similarity

Samplell | Sample2
GenelX 2 3
Genel¥ 5 1

| Euclidean distance: 14 +3° =5

- Manhattan distance:4 + 3 =

-
-"sup" distance : max{4.3} =4

sample 2

sample 1

 Similarity among genes/samples is expressed as a mathematical
distance

» Genes/samples close in the “expression space” have similar
expression profiles



Geometrical Distances as measures of similarity

gene 1
o . e
Sampled | Sample[ b ¥
Geneld 2 3 gc,o «
Genel2 5 1 -
Gene® 7 4 o, She
d v
7 &
samplei /& — Qg’
sample j

d N genes = N dimensions

1 each sample can be represented as a point in the N-dimensional
space



Similarity based on correlation

Gene expression
Gene expression

N
% ~ N\

' >
Samples Samples
positive correlation negative correlation
- - - correlation distance: cov(a,b)
o(r,y) = E [(z — E[z])(y — E[y])], “ std(a)-std(b)




Unsupervised Methods: Hierarchical Clustering

At the beginning, each object (gene) is a cluster.
In each of the subsequent steps, the two closest
clusters are merged into one cluster until there is
only one cluster left.



Hierarchical Clustering

Similarity distance: color



Hierarchical Clustering

Similarity distance: color




Hierarchical Clustering

Similarity distance: color




Hierarchical Clustering

Similarity distance: color

o
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Hierarchical Clustering

Similarity distance: color
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Hierarchical Clustering

Similarity distance: color
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Supervised Clustering (Classification)

— use pre-existing biological information (e.g. tumor type,
immune cell type, responders/non-responders etc.)

— Are used to infer which class an unknown sample belongs to

— Machine learning methods: k-nearest neighbors, SVM,
Random forests, Bayesian networks, Deep Learning



k-nearest neighbors classification (k-NN)

An object is classified by a majority vote of its neighbours, with
the object being assigned to the class most common among its
kK nearest neighbours (k is a positive integer, typically small).

If k =1, then the object is simply assigned to the class of that
single nearest neighbour.

A

A A




Supervised and Unsupervised Machine Learning

a Unsupervised machine learning: learning structures

Dimensionality reduction

Properties

Objects

b Supervised machine learning: learning from examples

Classification

Clustering

Seriation
_—- -...
o e N\ 9
., [ B}
“d 1
.\'I- P
L (™
i-. L ]
[ | &
:iu‘i ¢, ."ll
|09
.-.

Regression

;.i

Survival analysis

Nature Reviews Immunology 16, 449-462 (2016)
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Deep Dive into Case Studies:

Systems Immunology to Novel Therapeutic
Insights

JUNE 24.27

Emanuele de Rinaldis

Workshop in Systems Immunology
June 23, 2025




Exploring connections between Genetics, Immune Phenotypes

and Clinical Phenotypes

Cellular phenotype

GWAS Data _
» Gene transcription

i ‘ F « Pathway activation
o Q,;;;:;;;_.r'g;:‘ o * Histone modifications
\J/ y * protein—protein interactions
SLE, RA :
i

Adapted from Nature Reviews Genetics 17, 160-174 (2016)



Leveraging on integration of orthogonal data sets to identify
genes of therapeutic interest in RA (R. Plenge’s)

T 1 1
— —
A A
doi:10.1038/naturel2873

Genetics of rheumatoid arthritis contributes to
biology and drug discovery

Nature. 2014 Feb 20;506(7488):376-8

Understanding SLE biology and stratifying patients using

blood bulk gene expression data (V. Pascual’s)

Personalized Immunomonitoring Uncovers
Molecular Networks that Stratify Lupus Patients

Cell. 2016 Apr 21;165(3):551-6



https://www.ncbi.nlm.nih.gov/pubmed/27040498
https://www.ncbi.nlm.nih.gov/pubmed/24390342

Genetics and Drug Discovery in RA — Study Workflow
LETTER

Genetics of rheumatoid arthritis contributes to
biology and drug discovery

doi:10.1038/nature12873

Assessment of
the workflow
using validated
targets

|dentification of SNPs T SINFS 1 e Characterization Data integration
genes through gene- of results and genes

mapping prioritization

associated to RA

» Novel loci associated to RA

» New hints on disease biology

» Novel candidate targets

» Repositioning of existing drug targets

58



Genome Wide Association Studies (GWAS) and Meta-

Analysis

Genome variability and SNPs
Logistic Regression

Linkage Disequilibrium
Imputation

Manhattan Plots

Multiple Testing

Network Analysis

Fine-mapping and data integration

Epigenetics data

 Transcriptional data = eQTLs

o Statistical enrichment
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Polymorphism  gNP: common (>1%) variant
"Paoly” many "marphe” form . .
of one Single Nucleotide
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population
0%

Single nucleotide

polymorphism
(SNP)
5
e Mutation: typically a rare variant,
Mutation associated with a disease
m1%



Chromoszome 9

— Personl

Logy, PValue
~ - &

Extraction of germline DNA (e.g. Ll
blood) R AT e sl

N Engl J Med. 2010 Nov 18;363(21):2076-7.
Genome-wide association study: An approach used in genetics research to

look for associations between many - typically hundreds of thousands - specific
genetic variations - most commonly single-nucleotide polymorphisms - and

particular diseases




Why Pharma Is Investing in Genetics

The support of human genetic evidence for approved
drug indications
Matthew R Nelson!, Hannah Tipney?, Jeffery L Painter!, Judong Shen!, Paola Nicoletti, Yufeng Shen®4,

Aris Floratos™, Pak Chung Sham®, Mulin Jun Li®7, Junwen Wang®7, Lon R Cardon®, John C Whittaker? &
Philippe Sanscau?

~2-fold increase in
success for genefic
fargets

Over a quarter of o limical devel i
Target x OMIM gene —_——
"': Target x OMIM or GWASdb top gene — -
Target x GWASdb top gene —_—i— é
%]
Target x GWASdb any gene —e—— =
targets could double
bbbt | Target x RVIS quartile ——
impact o the sugoss 1
I lI 1 I 1
1 2 3 5 10
Odds ratio (log scale)
Lessons learned from the fate (f Phase Il project:\ Phase lla projects

of AstraZeneca'’s drug pipeline:

Ratio of projects (%)

Percentage

I

O safety  HEPK/PD
[l Efficacy M Strategy

100 -
a five-dimensional framework
David Cook, Deang Brown, Robert Alexander, Ruth March, Poul Morgan,

Gemma Satterthwaite and Menelas N. Pangaios
b Project closures T X
35
62 ;
| | 82
57 ¥
0

18
5
71
No Yes No
(15) (21) (17) (7

Yes

15
1 E
L JQL 1
o l9 n 8 | W | Projects with human genetic | Projects with efficacy

Preclinical Phase| Phasella Phase llb inkage of the target to biomarkers available
(33) /1] 126 18) \Ehe disease indication ) at start of phase

[ Closed M Active or successful

RESEARCH ARTICLE

Are drug targets with genetic support twice
as likely to be approved? Revised estimates
of the impact of genetic support for drug
mechanisms on the probability of drug
approval

Emily A. King»*, J. Wade Davis, Jacob F. Degner

Department of Computational Genomics, AbbVie, North Chicago, lllinois, United States of America

* emily king@ abbvie.com

U When causality is clear (Mendelian traits or
coding variants) fold increase for success
greater than 2 folds

U Limited contribution to GWAS genetic
evidences not in OMIM =» undetermined
function




Lessons Learnt from Human Genetics

GWAS hits
& ,
Trait Gene with GWAS hits Known or candidate drug
Type 2 Diabetes SLC30AS/KCNI11 ZnT-8 antagonists/Glyburide
Rheumatoid Arthritis PADI4/IL6R BB-Cl-amidine/Tocilizumab
Sp?)rr‘\':iyyllci’tsl.sr(‘iS) TNERY/FIGERG/TYRZ inhibitors/ Nsxll;s-/fostamatinib
Psoriasis(Ps) IL23A Risankizumab
Osteoporosis RANKL/ESR1 Denosumab/Raloxifene and HRT
Schizophrenia DRD2 Anti-psychotics
LDL cholesterol HMGCR Pravastatin
AS, Ps, Psoriatic Arthritis IL128 Ustekinumab

Visschner et al. (2017) 10 Years of GWAS
Discovery: Biology, Function, and Translation. AJHG

sanofi



Genetic Dataset "

SNPs
>
0 1 1 1
1 2 2 0
0 1 1 2
2 2 2 2
0 0 0 1
Samples 0 1 1 2 Number of minor
0 2 2 . T alleles for a given
0 1 1 1 SNP
0 2 1 1
2 2 2 2 AA=0
0 0 0 1 aAorAa=1
0 1 1 2 aa=2




Single test for association "“

Do people carrying a certain genotype have an
increased probability of having the disease?

SRl 0 0 1 0 1 0
0 0 0 0 0
1 0 0 0 2 1
0 0 0 1 0 1
° 0 L : . : Other variable of
Zz interest like
& : ) ethnicity, age, sex
can be added to
Log(3 f p) = Bo + Prsnp + Bapel + Bape2 + Baped + ... the model

The tool used was “plink”, What we get back is: \
the value of B1, and T .
Logistic regression

a p-value for B1 being different than zero. 11



Multiple tests in the same cohort W

Test all SNPs for
association independently

Correct for multiple
testing

Instead of using 0.05 as a threshold for significance divide it by the
total number of independent tests (0.05/1M=5x10-8 for genome-wide
studies) 67



- early in the lifetime of the mutation, only three out of the four possible haplotypes will be observed in the population. The b
allele will always be found on a chromosome with the A allele at the adjacent locus

- The association between alleles at the two loci will gradually be disrupted by recombination between the loci.

- This will result in the creation of the fourth possible haplotype and an eventual decline in LD among the markers in the
population as the recombinant chromosome

Set of alleles inherited together

haplotypes from a single parent

__
—+m
-
m

a 8 A b |
e | [ p——— -
Non-random association of alleles at different loci
a B

(genetic positions) ) ‘

A =] l
:] A s ] u A B

Genotypes are not independent but correlated

e

Meture Reviews | Genetics

K. G. Ardlie, L. Kruglyak, M. Seielstad, Nature reviews Genetics 3, 295-30% {2002)



Multiple tests in the same cohort |

Test all SNPs for
association
independently

Correct for

multiple testing

Divide usual threshold (0.05) by the total
number of independent tests

$

Due to linkage disequilibrium the number of
independent SNPs in the genome is estimated

at~1M

Genome-wide threshold = 5x10®

69



Imputation

hcoxcl

00101110031212121310

l

Ethnicity-matched
reference haplotypes
(HapMap/1000 genomes)

Assayed
SNPs (array)

I I W, i A o e s 1 s e L B o e e e e

Inferred haplotypes
Inferred

haMonmes 1227121702222 270 1N 1 2 L 6o 2 2 [0F@ 2 20
. e olR 202120 223 2120 ol 22002222220
(WlthmISSlng 1.??2?2?02.?72:c 1111232°\C~1::1’§0
1222210122892 188250 221 01 2 2 [ @212 3o
2iona o201 2 12832 20 22220 z:012 102220
122212191229 %220 1R 1 2 1 R 2 2 R 2 B0
122222220212%2221 1 RARE 2 i 2 0l o 2 1 [N o 1
222w 1lP 11z 1@ 221 2 @R 1 1 01 2 1 [ o B 1
1222020%2222%3220 12270 02002 2 282220
Imputation of non-assayed
Assayed SNPs
SNPs Imputed genotypes

J. Marchini, B. Howie, Nature Reviews. Genetics 11, 499-511 (2010)

70
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Digestive system disease
Cardiovascular disease

Metabolic disease

Immune system disease

Nervous system disease

Liver enzyme measurement

Lipid or lipoprotein measurement
Inflammatory marker measurement
Hematological measurement
Body measurement
Cardiovascular measurment
Other measurement

Response to drug

Biological process

Cancer

Other disease

Other trait

:

www.genome.gov/GWAStudies

— www.ebi.ac.uk/fgpt/gwas/
W Coren e EVBLEB

Institute




Study Design

Stage 1 : Trans-ethnic GWAS meta-analysis

19,234 RA cases and 61,565 controls
(EUR : 14,361 RA cases and 43,923 controls)
(ASN : 4,873 RA cases and 17,642 controls)

57 loci (17 _novel) pval<10-8

G 146 loci with P < 5.0x 108 in
trans-ethnic/EUR/ASN study

Stage 2 : In silico replication study

3,708 RA cases and 5,535 controls
(EUR : 2,780 RA cases and 4,700 controls)
(ASN : 928 RA cases and 835 controls)

@ 20 loci with the highest statistical power
for EUR and ASN separately (in total 32 SNPs)

Stage 3 : De novo replication study

6,938 RA cases and 6,658 controls
(EUR : 995 RA cases and 1,101 controls)
(ASN : 5,943 RA cases and 5,557 controls)

"

Combining 1-3: 42 novel loci with P < 5% 108

100 Total RA risk loci (58
known + 42 novel),
including 377 gene®

Nature. 2014 Feb 20,506(7488):376-81



https://www.ncbi.nlm.nih.gov/pubmed/24390342
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Fine-Mapping: overlaying different information to identify causal

16 17 18 19

IS TS SRR T 7 AR P
Gene 1+ Gene2+> Gene3 <

- e

Position on chromosome 5

Correlation

No correlation

95
| 4.0 0
} ) - ;
< i 2 :
1 g %, :
: 4 5 ; :
3 % ~ 7 . ¥
% ¥ o - 3 ¥
+ ] g 3.0 ¢ <
v i i i
i v $ { ¥
80 ; . L :
; 25 i 55 i
AA AB BB AA AB BB AA AB BB
Peak SNP genotype Peak SNP genotype Peak SNP genotype

d Gene 3
———— L

ENCODE data on the corresponding region of chromosome 5

Histone marks .

Transcription
factor binding

DNase clusters . ‘ i

Nature Reviews | Genetics

M. Civelek & A. J. Lusis — Nat. Rev. Genetics

(2013)



Combining DNA and RNA information — eQTLs and Causal Networks

a SNP Transcript
7 N J
'_
Cis-eQTL
b Transcr.pt/\ Transcript
SNP __T - _T
Trans-eQTL {
N — —
Gene A Gene B
c Phenotype Phenot;pc Pheno )pe Phet otvpe
SNP RNA SNP RNA SNP RNA SNP Rr\.
Correlation Causal Reactive Independent

MaclLellan WR, et

al. Nat Rev Cardiol. 2012

 DNA/RNA
combined
analysis can
highlight eSNPs

 eSNPs exert an
effect on genes’
transcription

Using the SNP as a
'‘causal anchor,
causal relationships
between the three
can be modelled:
Causal Networks



Cell type-specific eQTLs in B-cell and monocytes

a
a
2 3 Significance (P value)
=2 L] Bcells Monocytes
: 4 e s R
: EW s Wit
5 ' SELLy 2 oire  Wio
E ‘:' . OID’?OW 10000
g 0 . 8 iy - o0 10
- "
2 4 o *DFNAS
5 . .
Cis associations Trans associations 3 o] .
o L] :. °
3 3] o ofERAPZ
- []
3 2 40 1 2 3
b Log, fold change expression in B colls
B calls Monocytes
13.0 i . k
} il i i
o 125 ‘? e L
BNEE -8k
c 120 ! i?‘ ] 3
g :
a b .
L
I’g_ 1.5 T 4 - =
1.0
CC CT 1T cC CT 71T
Monocytes B-cells s2239205 rs2299206

Circos Plots

J. Knight et al. - Nat Genet. 2012 Mar 25;44(5):502-10.



http://www.ncbi.nlm.nih.gov/pubmed/22446964
http://www.ncbi.nlm.nih.gov/pubmed/22446964
http://www.ncbi.nlm.nih.gov/pubmed/22446964

Assessment of enrichment of 100 non-MHC RNA risk loci in

epigenetic chromatin marks

100 RA risk loci

13 14 15 1617 1819 21

10 11 12
Chromosome

Gene 3

&
tho C

LACONE d .

Histone marks

U TEt) e

Transcription
factor binding

DNase clusters

R Dl ||

Nature Reviews | Genetics

P for H3K4me3 enrichment

" Smooth muscle, stomach

Cell types
f Toeg Primary cells £1.0x10°®
," CD4" memory primary cells 3.0x10°8
/ CD4" naive primary cells 0.0041
/ CD8* memory primary cells 0.0065
/ TGO muscle, rectal U034
! Mucosa, colon 0.038
/ CD8" naive primary cells 0.12
! Mucosa, stomach 0.13
’:' CD34" primary cells 0.18
H CD34" cultured cells 0.19
Mobilized CD34° primary cells 0.19
' CD19" primary cells 024
CD3" primary cells 0.30
Mucosa, duodenum 0.40
Muscle satelite cultured cells 0.46
Cingulate gyrus (brain) 0.53
Skeletal muscle 0.77
Mucosa, rectal 0.77
Smooth muscle, colon 0.79
Mesenchymal stem cells (adipose) 0.81
Adipose nuclei 0.84
Smooth muscle, duodenum 085
Mid frontal lobe (brain) 0.86
Hippocampus middle (brain) 0.91
Mesenchymal stem cells (bane marrow) 0.91
Pancreatic islets 0.93
Inferior temporal lobe (brain) 0.93
N\ Substantia nigra (brain) 0.93
% Adult kidney 0.94
N Adult lrver 0.85
", Mesenchymal stem cells (adipocyte) 0.98
'\ Mesenchymal stem cells (chondrocytes) 0.99
‘. Anterior caudate (brain) 0.9%
0.99




Example: Fine Mapping of CTLA4

f
P St Regional (trans-ethnic, European, Asian)
¥ b . SNP associations of the CTLA4 locus in
Sl oo | e gal Firens stage 1 GWAS meta-analysis
. ..,;...2,‘:‘ ,’::’;‘., ’q‘“ ‘.&&‘i . of ‘%TK
uq’ ] @ L 8} In EUR . . .
5" | 1. functional non-coding variant of CT60
'] 1L STl M (rs3087243) showed the most significant
pIOBIENI R arie association with RA.
}}'«6‘:’:<.‘ f“:lc @{W ~ o, ,& w o

il ket 1 2. Trans-ethnic fine mapping of candidate causal
S ey o f variants decreased the number of candidate
: T Sy variants from 44 (LD in Asians) and 27 (LD in
R T R R B Europeans) to 21 (LD in both populations).

K TP SR e hen s, :é"_ P ) ( POP )

R R 3. Selected the 9 candidate variants included
W macieslind. (RN TR in Treg H3K4me3 peaks, including CT60
e | (close to H3K4me3 summit)
i...; LD ) nEU ' 3
: -
codng SNF lli:'; 78

rs3087243 (CTE0)
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Characterization of Results (100 loci, 377 genes)

a PID categories and RA risk genes

(7
MVK PTPRC
RAG1/2
Mo HA risk ChD40
gene
ATM
IFNGR2 —T TYKZ
IBFs&
CASPs
CASP10 CD40
AIRE UNG
IL2RA
b
BA risk gene Haematological
g cancer
miiﬁp,} = Hodgkin lymphoma
DOXE ———____ B-cell non-Hodgkin
FCRL4 — ymphoma
FGFRTOP —— Mon-Hodgkin
HSPODABT — mphona
FCGR2B Acute lymphooyti
—____Acute lymphocytic
f;;‘; — aukasmia

O

-Log, ,(FOR g) for pathways
incurent RA GWAS

| : Combined immunodeficiencies
Il : Well-defined syndromes

Il : PrAimary antibody deficiencies
IV : Immune dysregulation

V : Phagocyte defects

V1 : Innate immunity

VIl : Autoinflammatory

VIl : Complement deficiencies

B-cell-ralated pathway
4 |

. T-z=ll-related pathways

. =7
Cytokine signalling |::a1hw37~"-._
%\ *

—Log,,(FDR g) for pathways
in previous A GWAS
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In-silico genes prioritization

100 RA risk loci including 377 genes
(outside of the MHC region)

&

Trans-ethnic and functional annotation of SNPs
Trans-ethnic comparisons of RA risk SNPs
H3K4me3 histone peak overlap
Trans-ethnic and functional fine-mapping

Region-based / allele-based pleiotropy

O

In silico pipeline to prioritize
biological candidate genes (n = 98)

RA risk missense variant

Cis-eQTL in PBMC / T cell /monocyte
PubMed text-mining

Protein -protein interaction

Primary immunodeficiency
Hematological cancer somatic mutation
Knockout mouse phenotype

Molecular pathway

O

Qverlap analysis with drug target genes

(
(
(
(
(
(
(
(

1)
2)
3)
4)
5)
6)
7)
8)

Nature. 2014 Feb 20;506(7488):376-81
82


https://www.ncbi.nlm.nih.gov/pubmed/24390342

Prioritization of biological candidate genes from RA risk loci

L
i
™

(1]
)
(3]
14)
12)
|6)
(7)
(8]

Biclogical RA risk gene
prioritization criteria

RA risk missense variant (n = 19)
Cis-2QTL (7 = 51)

PubMed text-mining (1 = 80)
Protein-protein intaraction (o = 83)
Primary immunodaficiancy (n = 15)
Hematological cancer (n = 17)
Knockout mouse phenotype (n = BG)
Molecular pathway (n = 35)

Mo, BA nsk ganes

100 150

50

200

201

98 biclogical RA risk genes

e

78 ‘
A5

HE'lD
BR.-oo

2 3 4 5 6 T 8
E iological gene score

83



Data Integration and Gene Prioritization

Owerlap with H3K4me3 peaks

Biological gene criteria
o
e
E:‘ wr
2 -
RA risk SNP E o I =
[ =
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Assessment of the workflow using validated targets

« 98 biological RA risk genes (score >=2)
« +2.322 genes in PPI

b 98 biclogical
RArisk genes
+
2,332 genes
in direct PPI

18 overlapping genes

247 overlapping genes
3.7-fold enrichment

1.7-fold enrichment

2.2-fold enfchment

P=35x102
27 drug target 871 drug target
genes of HA genes from drug
Biological RA risk genes treatment drugs databases
@ Drug target genes
—— Direct PPI
18 247
(3.7 f.c.) (1.7 f.c.)

=>» Strong enrichment for RA approved drugs (extracted from DrugBank
TherapeuticTargets Database - TTD)



Mapping RA risk SNPs to drug targets

Example: PPI link to known RA drugs

Hiological genes Ganes in
c HA risk SNPs within the loci direct PPI Targeted drugs Diseazes

[_re6715284 (3g33)  }— CFL"'H___K___ Etanercept, infiimab, adalimumab

The MHC ragion  +--- golimumab, certolizumab pegol

[ reB57075 (5g31) |
|
[ re2228145 (1g21) ILGR = Tocilizumab
[chrl 7-38031857 (17q12)
[ re34536443 (10p13) p—d  TYKZ |
[rei080422 2g33) | CD28 ﬁ COA0 >
— - Abatacapt
[ rs3087243(2g33) |}—d CTiA4 CD86
[ retzzor0z pogis) - coeo  { msaAr ] Fitwamab BA
[ r=1877030 (17q12) p—d MEDT | PPARG i Sulfasalazine
[C=i0774624 (12g2a) {_ FIPNIT_ | FKBPIA | Tacrolimus
[ 13RAn=kSNPs __ |—{ 13genes |— JAK1/23 || Tofacitinib (CP-690, 550)
[chr 728021857 [17g12] CaF2 ELANE iguratimod (1-614)
[ r=f233424 [6p21) | HSPO0ABT |}
— — e LY
[_=73013527 (11g24) | ETST |
- — - NRICT = Prednisclons, mathylprednisckons|
[ rei877080 (17gi2) b=  MEDT g

[ rerai94058 @1ges) —| IFNGRZ

» 98 biological RA risk genes (score >=2)



Drug Repurposing

Connections between RA genes and drugs
indicated for other diseases

Hiological ganes

d AA rizk SNPs within the loci Targeted drugs Discaszas
- — Breast cancer |
- Palbociclib [PD-03329401 =
_____---';#fi abocieb | L ] Mantle call kmphoma |
| eA272 (7g21) =] CDRB  Je e

T T — Advanced solid tumows |

e — Capridine-F il —
" _‘“_HJ,_H_---" 1 el ) — Pzonatic disorders |
[ r=1633360 (12q13-14) COk4 '::-_—_______ . _~{_Chronic lymphocytic leukasmia |

E— Flavopindol, alvocidib [ Lymphoma

Hepatocellular carcinoma




Study Summary

» Comprehensive genetic study with.100,000 subjects:
» identified 42 novel RA risk loci
= provided novel insights into RA pathogenesis.
» demonstrated role of genetics for drug discovery

» Systematic approach to derive disease biological insights

and novel drug candidates by integrating human genetic
data with different layers of orthogonal information
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Take Home Messages

» GWAS can be used to identify candidate regions and genes associated
with risk of RA

» Testing millions of hypotheses implies hunting for very low p-values

» Using a series of strategies and additional data to understand the
functions of associated genes to disease and prioritize them as
possible targets

= Epigenetics
= PPI Network analysis
» Link genetics to intermediate phenotypes (e.g. eQTLS)

» Enrichments for existing RA and other drugs supports the pipeline

» If new candidate RA genes can be targeted by existing drugs, drug
repositioning opportunities can be evaluated
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Similar Approaches to Data Integration

Genetics, functional Genetics, functional
genomics, network genomics, immune-related
connectivity. RA annotations,
network connectivity. 30
immune traits

Genetics, animal models, text-
mining, druggability, animal
models, text mining,
pathways. All diseases

Overlap with H3K4me3 peaks
g 2.3 § d About~ Helpv API~ Downloads Blog Q
H 3 E < % 4 ﬁ % Plmnk  Piming ‘Senomic pradictors Ssed Annotation predicior: S
RA risk SNP s seore | 2 E £ 5 . ] : ] nGene cGene BGENE gene  MGeN@ pGene  dGene
(eytoband) ene wlg ¢ L. s E8¢ ] ICAMT 5 i3 3163 targets associated with atopic eczema
iz 5 £ R §38% L §- TRAF1 & 434 © viewascase proie
Ees 231 i LR STATS 8 419
2% E g g T2 o6 2 PTPNz 9 4.00
fiigeli; §8288 sEE cD#0 10 402
Chr1:2523811 (1p36) TNFRSFT3 T
oo bty A chosa 11 4o
2476601 (113) PTPNz2 CXCR5 15 385 R reme——
2228145 (12 &R IKEKE 18 373 aralx Selecta nioad csv
chr1:161644258 (123) FCGR28 ILesT 19 an al
rs17668708 (1g31) |PTPRC . &
rs34695044 (2p16-p15) e CcD4 20 370 §
59655442 (2011) s
11500541 (g2} STaTs IAFs 21 3e8 8
sl ok pe B i /s
= & ¢
Fesoerasa ) TEas NFKEI 24 350 £
245475795 (4026-027) iz TLAs 25 357
657075 (531) L HIF1A 27 358 _—
57075 (5631) 2 ATFeB 28 355
rs2233424 (6p21) \NFKBIE .
o ) iz BGlz 29 353 =
1571878 6027) s STATt 31 348 e
rs4272 (7921, |CDKs:
e R AF1 33 348
rioss07 s aF1 ACca 34 345
510885070 (8053 THNEAIR3 37 Fp
706776 (10p15) IL2RA
E g am
P L2 47 337
rsS08970 (11g12) |CDs
Chrii-o7seTas0 (116221 |ATHE IAF9 48 338
775125 (12019) Soke JaKs 52 333
1633360 (12q13-014
e HzBs STATsA 55 an
chr17:38031857 (17q12-021) gF; JAKT 56 a3
chr17:38031857 {17q12-621) RELA 86 e
8083786 (18p11) |PTPNZ -
feestnd Pgm]a; /Tcy?(m EGFR 74 318
534536443 (12p13) 2 s 84 314
4236702 (20a13) cpa0
7014058 (2922) IFNGR2 LCK - 312
r=2236868 (2122) icoste TRAF2 157 290
re2236568 (21022
eamaoa: (e i PLCGY 183 280 ]
ssan7 10 (oze) ipaks

R. Plenge Nature 2014 J.Knight Nat Genetics Open Targets

2019
https://www.targetvalidation.org/
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SLE Molecular Immune Monitoring — Study Workflow

Personalized Immunomonitoring Uncovers
Molecular Networks that Stratify Lupus Patients

Romain Banchersau,’” Seunghee Hong,'” Brandi Cantarel,’ Nicole Baldwin,! Jeanine Baisch,” Michelle Edens,?
Alma-Martina Cepika,’ Peter Acs," Jacob Turner,! Esperanza Anguiano,’ Parvathi Vinod,! Shaheen Khan,?
Gerlinde Obermoser,’ Derek Blankenship,’ Edward Wakeland,® Lorien Nassi,*? Alisa Gotte,>** Marilynn Punaro 2~
Yong-Jun Liu,* Jacques Banchereau,® Jose Rossello-Urgell,’ Tracey Wright,™? and Virginia Pascual 2.
'Baylor Instiute for Immunology Reasarch, Dallas, TX 75204, USA

AT Southwestern Medical Center, Dallas, TX 75235, USA

*Taxas Scottish Rite Hospital for Children, Dallas, TX 75219, USA

“Wanderbiit Univeraity School of Medicine, Mashville, TH 37232, USA

Medimmune, Gatheraburg, MD 30878, USA

“The Jackson Leboratory for Genomic Medicing, Farmington, CT 06030, USA

TCo-frat author AT
Swhesith.org ‘1 SLE Cohort

Clinical and transcriptional profiling of
158 lupus pediatric patients, up to a
period of 4 years

*Comespondence: vinginis =
http:/icx. dolong/ 10, 1016/.cell. 20 03008

Cell. 2016 Apr 21;165(3):551-65

Supervised Analyses
Linear Mixed Models
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hways Driving SLE

C1
Disease Pathway: Cf
FcRg
Innate receptor sensing
Defective immune clearance c’b Apoptotic
cell
T/B activation
Organ damage ¢ ‘
J/ Necrotic
Clinical molecules Neutroohi eel
with phase 2 eutroph!
efficacy data
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Trex1
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Y Antibodies
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Lih-Ling Lin - Adapted from Tsokos et al., Nat Rev Rheumatol. 2016



Analytical Study Workflow

Iﬁj{" SLE Cohort

Supervised Analyses Personalized
Linear Mixed Models Immunomonitoring

""""""""""""""""" Gm up 1 Group 2 Group 3

WGCNA
modules for

Genes associated to

SLE, DA, Race, From genes to blood )
each patient and

correlation with
SLEDAI

Treatment, disease modules
subtypes

Clinical and transcriptional

Linking WGCNA

to blood modules

T profiling of 158 lupus pediatric
' patients, up to a period of 4 years
;'iji;;;;'é}i&}{r}i["""""; \’\’\’“‘”
o :% ’Mﬂ.% Individual SLEDAI
FHE Correlate Aggregation
'“‘E' Plasmablasts
IFM Response
Nephritis . . | i i I !Neump:.s
e : ™ Plasmablasts
I L
TP & o
T Neutrophils | ﬂﬁ%ﬁ ‘

Stratification of

Patients into
Groups
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 Gene Expression Analysis

Multivariate linear regression modelling

Heat maps and Hierarchical Clustering

Aggregating gene expression through modules
« WGCNA modules
* Blood modules

Gene Set Enrichment Analysis



SLE Blood Transcriptional Fingerprint

WGCNA Linking WGCNA
modules for to blood modules Stratification of
each patient and for inference of patients into

correlation with biological groups
SLEDAI function

Genes associated to
SLE, DA, Race, From genes to "blood
Treatment, disease modules”
subtypes




Gene Signatures

<—— samples >
> 2 ! o » 2 . A =
L & N < < <
‘(\v “_Q " ‘_‘\' ‘{\Q \\‘
R » P ) > )
Gene 1§ 1235| 546 943 263 136/ 314
Gene 2 ] 1266 12 aob | 435 687 | 2718
Gene3 | 947 |2829 | 389|3820 (2039|1414 | =
Gene4 | 392 (2398 | 84| 829 (4392 512
2]
o
C
o
(@]

« Group of genes whose expression
values, altogether, are associated with
a given feature.

« Genes in signatures often show
coordinated expression levels although
this is not a requirement.

v
Controls ' SLEbAI l . Arthritis
025 | 40
- . Annu. Rev. Immunol. 2010. 28:535-71

Fold normalized expression



Differential Expressed Genes: Multivariate Linear Model

Example: 2 groups — SLE and Healthy Controls

Ygi = Bg+ B@+f&@+ +B@+ €,
J } J

Explanatory Variables (e.g. SLE/Healty, Disease Activity,
Treatment etc.)

Expression of gene A

» Values of B coefficients
» P-value of B coefficients being different than 0



Genes Associated with SLE

Dallas Pediatric SLE Cohort
158 SLE subjects (SLE)
48 healthy controls (H)

972 samples

Interferon response

TR ARTHIETISA

.Lmﬁmmm&m&wm&mﬁzmmﬁméwm -

. o8 e
2
o
S
o
&
'_
@
@©
R o ) um T \ur tﬂmun 11:,{:‘;!?!" ,g
H SLE Normalized
lcg ratio
14.6%
IFN Response 1 6
Incidence 84.8%
22-fol
( d) Hualthy

Cell. 2016 Apr 21;165(3):551-65

B

1,052 Transcripts

1,052 Transcripts

Bl Healthy EESLE

Training Set
106 SLE / 31 healthy / 649 samples
. m!'"ﬂ' 'wmﬁra“w;wp:;r

Test Set
52 SLE / 17 healthy / 323 samples

Normalized log ratio

= 3
01 6
99

= 1.052 genes differentially expressed in SLE vs Healthy



p

486 Transcripts

Genes Associated With SLE Disease Activity

DA Race  Treatment Race * DA Treatment * DA e .
AA: African-American Standard least-
J— C: Caucasian squares mean
E H: Hispanic E ']
; — NT: No Treatment ™ 89
E HC: Hydroxychloroguine only
0OS: Oral Steroid
E MMF: Mycophenclate Mofetil + any
CIV: Cyclophesphamide / IV steroids

oS MMF CIv

DA1
DA2
DA3 |

AA
c
8

NT

HC

0s

MMF
CIV

sl increasing disease activity

DA1 DA2 DA3

486 Transcripts Differentially Expressed between DA1 (SLEDAI: 0-2) and DA3
(SLEDAI >7)

Results stratified by Race, Treatment

100



SLE Blood Transcriptional Fingerprint

* % of genes up/down
* QuSage fold-change

WGCNA
modules for
each patient and

correlation with
SLEDAI

Genes associated to
SLE, DA, Race,
Treatment, disease
subtypes

From genes to “Blood
Modules”

Linking WGCNA
to blood modules
for inference of
biological
function

Stratification of
patients into
groups



Expression

239 Blood Samples:

BIOOd Module 1 - systemic juvenile idiopathic arthritis (n = 47)
- systemic lupus erythematosus (n = 40)
\ - type | diabetes (n = 20)

- metastatic melanoma (n = 39)

- acute infections (Escherichiacoli [n = 22]

- Staphylococcus aureus [n = 18], Influenza A [n = 16])

- liver-transplant recipients undergoing immunosuppressive
therapy (n = 37).

. ,~~_ Blood Module 2
=~ 260 blood modules

identified
Blood Module 3

Blood Samples (239)

Table 1. Functional Interpretation of Transcriptional Modules

Number of

Module 1.D. Probe Sets Keyword Selection Interpretation

M1.1 76 lg, Immunoglobulin, Plasma cells. Includes genes coding for Immunoglobulin
Bone, Marrow, PreB, chains (e.g., IGHM, IGJ, IGLL1, IGKC, IGHD) and the plasma
IgM,Mu. cell marker CD38.

M1.2 130 Platelet, Adhesion, Platelets. Includes genes coding for platelet glycoproteins
Aggregation, (ITGA2B, ITGB3, GP6, GP1A/B) and platelet-derived immune
Endothelial, mediators such as PPPB (pro-platelet basic protein) and PF4
Vascular (platelet factor 4).

Immunity. 2008 Jul 18;29(1):150-64


https://www.ncbi.nlm.nih.gov/pubmed/?term=A+Modular+Analysis+Framework+for+Blood+Genomics+Studies:+Application+to+Systemic+Lupus+Erythematosus

W7

Modules perturbed in SLE vs Healthy

Training Set -

SLE vs Healthy: From Genes to Modules

Blood Module Fingerprint

1 2 3 4 5 6 7 8B 9 10 171 12 13 14 15 16 17 18 19 20
T
M2
w190 000
o [@e] e

Ms COROE0OE0 L
M ® ® [ ® ®
O ® 0
1-35 .I

T ] @ % of module franscripts

E % % % ﬁ =1 ﬁ = % g averlunder axprassed

Blood Module Functional Map

1 2 3 4 65 & 7 & 8 1011 12

13 14 16 16 17 18 18 20

O Myelo'd Lineage

] Monocytes
Meutrophils /
Granulocyles

M inflammation

B iFn Response
EA Lipid Synthasis

B Lymphoid Lineage
BT calis

[ Coytatonicity § MK Cells
E = ceis

& Plasmatblasts

W call Cycle | Proliferation

O Coagulation / Platelets

= Erylhropoiesis

B Histones / Epigenslics

B Frotain Synthesis

[ Mitechondria | Proteasome
[ Undeterminad

Blood Module Fingerprint Reproducibility

Test Set (%)

p=0.0001
R?=0,94

Training Set (%)

Over-expression of IFN response, neutrophil,
inflammation, cell cycle, erythropoiesis, and
histone modules.

Down-regulation of NK cell/cytotoxicity,
lymphoid lineage, B cells, T cells, and protein
synthesis

Cell. 2016 Apr 21;165(3):551-65
103



Over-expression of IFN, plasmablast and neutrophil module

genes

E

M1.2 - IFN Response M4.11 - Plasmablasts M5.15 - Neutrophils

I

Ll

m
- ——

o bl i n&u“nnu)‘

Aheld I 72y S TR iy Y
H SLE H SLE
9.4% 0%
69.4%

B overexpressed (median ratio >= 2)
[ ] unchanged (0.5 < median ratio < 2)
I underexpressed (median ratio <= 0.5)

Cell. 2016 Apr 21;165(3):551-65
104



Genel
Gene2
Gene3 Leading-edge subset
Gene4 T Copre 50t 5
Gene5 ] '
Geneb Ceesne st databases '__ ‘ I ‘ _,.'I
Gene7 KEGG B
Gene8 b AFD E B E
g:::io BeoCarta I i Uorrmeda 5o v i POl
Genell . ’ I‘I____';__ —
Genel2 ftngenaticlocl i i B ____‘-.I
Genel3 Aamplifications ! !
Geneld i L __i_ ______ i E arekonin el
Genel5 | I e !
Genel6 e -llrl-"" ! e e N
Genel7 ﬂ[ i :.I'- : i
Genel8 L .i_-_----.i.-_----_-- - -L_----_-_-::'.-._._._,
ST \ g:z:;g Macimum destagan
Phenatype classes \ 4 Frmim zera prosedes the
en rikchim ent soone £505)

Genes are ranked
according to their fold-
change

An enrichment score is calculated for
each pathway, taking into account the
directionality of the input list

Aravind Subramanian et al, PNAS 2005



Genel
Gene2
Gene3
Gene4
Gene5
Geneb
Gene7
Gene8
Gene9
GenelO
Genell
Genel2
Genel3
Genel4d
Genel5
Genelb
Genel7
Genel8
Genel9
Gene20

List of perturbed
genes (differentially
expressed between

class A and B)

LEC P A BT
KEGG

Coenbd AP

o Cairta
[Exgpre=ssinn shgn aiunes
Cytog e Tic kool

Amiplifcations
Eic

Hj - Apoptosis (p-val=0.001)
- Cell Cycle(p-val=0.00004)

List of perturbed
pathways

Bioinformatics
analysis using

pathway DBs



From Genes to Modules Associated with Disease Activity

B C D E
Upin DA3 vs. DA1 (383 transcripts) o 1.3
. Up in DA3 vs. DA1 E Plasmablast Count
@ 3 = 0.7
£ e 157 o
2 5 -
g o i"‘ 1.2 - IFN Response =
7 78 M4.11 - Plasmablasts 2 104
E: 2 M3.4 - IFN Response =
2 R M5.15 - Neutrophils 2 T
g TE = M5.12 - IFN Response 5
j: @ £ M3.3 - Cell Cycle =
W —_—rr T 20 S e B s e e e e e _5 MT.16-HiSTDnES a -
= M4.10 - B Cells ) ) T
. . DA1  DAZ DA3
Down in DA3 vs. DA1 (103 transcripts) i, MB.186 - Cell Cycle (n=17) (n=14)  (n=5)

£ = M7.7 - Plasmablasts
2 7 & M4 .4 - Erythropoiesis
@ B | M5.4 - Protein Synthesis
g go g MB.9 - Lymphoid Lineage
c-,ﬁ:r ‘g E w M4.15 - Cylotoxicity / NK Cells
¥ 8 a M4 5 - Protein Synthesis
=z Eg- M5.9 - Protein Synthesis
& 2= ] M4.3 - Protein Synthesis
T 5 -2 L
& & | R?=0.55 M3.1 - Erythropoiesis
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z2439 €I0AGA C H NT HC OS MMFCIV woe e : M3.6 - Cytotoxicity / NK Cells

—_—— standard least-squares

DA RaceTreatment Race * DA Treatment * DA meaan - Training set

il

E DA 1 2 3

=» (Genes associated with DA are enriched for IFN and Plasmablast
modules

Cell. 2016 Apr 21:165(3):551-65 107



Genes and Modules Associated With Race
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Modules Associated With Treatment
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The plasmablast signature was decreased by

all treatments compared to no treatment, but
most strongly by (MMF) and CIV, two cytostatic

drugs that suppress activated lymphocyteg)



Modules associated with Disease Types
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Modules associated with treatment in different nephritis sub-

classes
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Distinct treatment response signatures across different nephritis
subclasses: PLN (proliferative nephritis ) vs MLN (membranous nephritis) ,
treated with MMF (mycophenolate mofetil)
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WGCNA — Weighted Gene Correlation Network

Aim of WGCNA: summarizing individual genes into modules, based on
correlation

Modules found in WGCNA:
Groups of co-expressed genes (with similar expression profiles over a large
group of individuals)

\ Gene
group A

E Gene
group B

xpression level

[

Gene
group C

S sl Source: Daniel H. Geschwind & Genevieve Konopka.
ampie Neuroscience in the era of functional genomics and
systems biology, Nature 461, 908-915

Central Hypothesis:

Genes with similar expression patterns are of interest because they may be
* tightly co-regulated
* functionally related
* members of the same pathway
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Pathway analysis

WGCNA — Workflow

Gene expression data

Weighted correlation network of genes

Modules of genes with similar profiles

Correlation of modules with clinical traits

Identification of potential “driver” genes

Trait data



Measuring Modules with One Metrics: Eigengenes

WGCNA MODULE X
Genel Gene2 Gene3 Gened4 Gene5 Gene6 Gene7 Eigengene Value
sample 1 17 55 80 41 3 70 70 A
sample 2 43 100 56 91 72 22 2 B

Kim and Lanier — Curr Opin
Immun 2013

« Module’s “eigengene” is the first principal component of the
‘ expression matrix of the corresponding module
« It can be used as summary score for a vector of genes in a

sample 15



Patient 55:Linking WGCNA modules to clinical traits by correlation

Patient- specific modules of co-expressed transcripts over time are identified by WGCNA.
Analysis run on WGCNA modules (eigengenes) correlated with continuous clinical traits

A SLE-55 - Clinical Traits
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Stratification of SLE Patients Based on Transcriptional Correlates

of SLEDAI

matrix of correlation between the SLEDAI WGCNA and blood modules, for all patients

A Best
Average WGCNA
Corr, Transcript  SLEDAI Patient

Interindividual SLEDAI Correlation Matrix 0.4 Owverlap Correlates Group

» 7 patient groups identified
5 based on the combination of
blood immune signatures that
best correlate with the SLEDAI-
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Genetic Analysis of Patients Groups
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» To find a genetic basis for these clusters, SNP
analysis was conducted (135 patients + HCs)
» SNPs differentiating between PG2/3 and PG/4/5

were found

> Intersection with eQTL SNPs (SNPs associated
with DA genes expression) points to IFN-inducible

genes

PGHE vs. PGHS
12,127 SNPs

PG23 vs, Healthy _|_"}{ 7454
12,283 SNF‘B/“ |

eQTL
B TE3 ENPs

T78sE )\ PGAfSvs. Healthy

A~ 12,401 SNPs
238 H\'

ABR, ARD, ALDHIBT, ANEMY2, AMKRDS, APHBED,
EEIWZ, C120rfS, CI80red, CACNATE, CCDCE0A, CCRT,
CORLE, CO3M0LE, CXCL16, OTXZ, EF3l, ENTPDE,
FLI4107, GALNT12, GLTID1, GRIMA, HYALZ ICT1,
TSNZ, LOCH43B0Z. LFINZ, MOMZ, NARF, NODZ, OLIGZ,
P2HTM, PFELD, PFPPICA, FTPNTZ FYGE, RABIF,
RBCK1, RPPH1, BMGLECA, ERORATZ, SUMO2, SVIL,
TMEMED, THFAIPZ, TRIBZ, TETD2, UEEZJZ, INFEAE

ADPRH, ANOE, BAMK1, BATF, BRP44, C19orf28,
CTorle9, CAT, CCDCSS, COPGY, CENFE, CLECTDA,
COPSE, CRYLT, DDX11, DISC, DOCKS, ERICHT, F2R,
FAMI0AAT, FAMI3LE, FAMCL, GRAMD4, GRIPZ,
HIATLZ, HF. KLHLT, LARP4, LILRE3. LZIC, MBDATT,
MOLUFST, PabDl, PARKY, PELO, PLSCRAE, PR,
PTR4A3,  SIGLECS, TSC22D2, TXML4AE, TYKz2,
SCIHNMA, ZMF133, ANFSED, ZNFS1T

Cell. 2016 Apr 21;165(3):551-65
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Let’'s Recap

SLE Cohort

Supervised Analyses
Linear Mixed Models

Disease / ’.
Healtfw

SLE

Disease Activity

& o & B o o
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- Plasmablasts
Nephritis

Personalized
Immunomonitoring

[

i—F Modules Clinical Traits

Individual SLEDAI
Correlate Aggregation

IFM Response
MNeutrophils
i Plasmablasts

® 6 o

Group 1 Group 2 Group 3

» Supervised analysis, linear

models and blood module
analyses led to identification of:
i) IFN response module in SLE
ii) Plasmablasts associated to
DA iii) neutrophils associated to
nephritis

Different immune signatures
correlating with SLEDAI (7

groups)

Groups supported by different
genotypes

Supports the development of
customized treatment strategies.



A Targeted Panel for SLE Patient Stratification

Can we find a gene panel which allows direct patients stratification ?

» Hierarchical clustering of the 797 transcripts differentially » Assignment of novel 12 patients
correlating with SLEDAI between the seven patient groups to each of the groups “guilt-by-
A association”
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Study Summary

» Clinical and transcriptional profiling of 158 lupus patients
up to a period of 4 years

» IFN, Plasmablast and Netrophil signatures driving SLE

» Neutrophil-related signatures associate with progression
to active nephritis

» Molecular correlates of disease activity stratify patients
into seven major groups

» Molecular stratification may improve the outcome of
clinical trials in SLE

Cell. 2016 Apr 21;165(3):551-65 123



Take Home Messages

Interpreting biological meaning of ~25K genes in a heterogeneous sample such as blood —
starting from bulk data — is extremely complex!

One way to address this is to aggregate this information into functional building blocks (i.e.
dimensionality reduction):
> “blood modules” : of general use, obtained from previous analysis of 239 disease
blood samples
> “WGCNA modules”: patient specific and obtained from correlation analysis of the SLE
study data set
Blood modules can be (tentatively) assigned a biological meaning looking at their gene
content

Patient-specific WGCNA modules can be associated to clinical phenotypes based on
longitudinal correlation

For each sample, each module can be measured with one number (e.g. % of genes up- or
down-regulated in the module, or eigenvalue). This approach has the statistical advantage
of reducing number of tests

> Patients’ SLEDAI can be associated with different modules. On this basis patients can be

stratified into classes, presumably having different underlying biology and needing different
treatments
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Motivation: how can single cell data support decision making in

target discovery?

a Project success rates Industry Success Rates 2012-2016
1007 AstraZeneca (AZ) performance 1007 gy W s .
[ 2005-2010 (industry) | [ 2005-2010 (AZ) . ( ) P R . . | a Safety 2012-2016 reasons for failure by
i [ 2013-2015 (industry) | [ 2012-2016 (AZ) |mprovement after |nst|tut|ng a gig‘?gv project phase There exists a
385 / .
new drug development $ [ Strategy persistent need for new

framework focusing on 5 priority L information to inform drug
areas: target, tissue, safety, L ! development work

patient, potential (5Rs). Note , Il
bl b o leol s that Phase Il success rates — g‘glrga” et al. Nat Rev Drug Discov
remain below half of projects.

33 el
2] o s+ 4+ Morgan et al. Nat Rev Drug Discov 15 =
0

! ! 2018 T T

T T
Preclinical Phase | Phase Il Phase Il Overall

Percentage

Percentage

71 |66 |71 [ 88

Preclinical Phase | Phase Il
(6/47) (13/43) (13/22)

90% of drug development failures stem from inadequate target selection for a disease

Discovery Development
(5-15 years) (5-10 years)
1T |
Disease or . Cand!date First-in-human to
Srrneiae . Tgrget‘ - T.arge.t Tractab!e hit .selef-ctlon to e Fthfase IITIII
: identification validation to candidate first-in-human 7 clinical trials
selection studies studies

How can single-cell RNA-seq boost the selection of promising drug targets ?
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scRNAseq support: cell type-specific expression in disease-

relevant tissue

Gene
expression

o "
Cell type specific targets & 5 D D 00 @
Normal tissue Diseased tissue oL, . . <o 'Y X Cell type
Ak n NG e %.0. s o0 s - ® specific

q ©

A — AAN (A cg

AA 44 >

-

=,

T

@ / Pathological cell Pseudo-bulks (Donor + celltype)

A A Drug targets

Cell type specific support defined as differential expression across cell types in disease.
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scRNAseq support: cell type-specific expression in Disease (D)

versus Normal (N)

Gene
expression

Disease cell specific targets

(2]
) 2 : @ .
Normal tissue  Diseased tissue s D D D 00
3 .. . s 0 [ X X Cell type
@ - XX s s @ s s e specific
©
. +0® s S —
@@ > 'YX 'YX | Disease cell
.% L oo specific
2
T
@ / Pathological cell Pseudo-bulks (Donor + celltype)

A A Drug targets

Disease cell specific support defined as differential expression in cell types in disease vs
normal.
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Approach: Evaluating scRNA-seq support for known drug targets

(1) Differential expression analysis (2) Collect target evidence (3) Compute odds of success
x 30 diseases Omic  Clinical with omic support
Gene support success Clinical
) expression r 1
@ ) 5 (@00 eee success
s D D D 0@ 8 e0® 00O
S (X Cell type =~ |c00 eo0o0 Yes| No
e e @ . o @ ifi OeO0 0O R
gece spectie > 82080 000 o5 Yes A | B
g oe® oo Disease cell é’ e S §
2 ¢ o . o0 specific @ @ No| C | D
=] = ,
- © veg ===
Pseudo-bulks (D I 3% % % 2 F l
seudo-bulks (Donor + celltype) 2 g-g o @
w o g = Q_-g-_
838 Lo G-D pair universe
E‘ : % “E’, g = (A+B+C+D pairs)
Single-cell RNAseq derived target- 8§5 285 ome support] |+ AI(AO)
disease evidence then integrated 8. 32 k5 1
. [&] .
with Open Targets Known_drug o2 &’gﬁ(fgfg)
and Genetic direct associations. ; <
+
S hen Targets |

\_v

\
N
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Targets with single-cell support have 3x higher odds of clinical

SUCCESS

Omic support o Significant enrichment
t 1,
B Both supported / total (Fisher's test p—value < 0.05)
B Genetic support = 2
B scRN A—segpsupport Protein-coding genes SM tractable genes AB tractable genes Known drug targets
Neither (588600 G-D pairs) (196500 G-D pairs) (375810 G-D pairs) (43830 G-D pairs)
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© 71e O " . : .
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Drug clinical status
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Single-cell support identifies a target space complementary to

direct genetic evidence

486 - 272 c c
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Retrospective analysis of association between cell type-specific expression and target success.
scRNA-seq support is found to be associated with greater odds of clinical trial success
scRNA-seq support identifies a target space complementary to genetics, with distinctive

molecular and druggability characteristics.

Next steps:
* Expand the number of diseases included in the analysis by matching to disease-relevant tissue

(not all will have disease versus control evidence analysis)
* scRNAseq is a rich data source — additional association evidence approaches can be considered

sanofi
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My Best Reference for Systems Immunology: ImmunoScope
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Why Pharma Is Investing in Genetics

Population Genetics & Genomics

Key Pillars of Target ID Strategy — 2015-2025

The support of human genetic evidence for approved
drugindications

Matthew R Nelson 8, Hannah Tipney, Jeffery L Painter, Judeng Shen, Pacla Nicoletti, Yufeng Shen, Aris

Floratos, Pak Chung Sham, Mulin Jun Li. Junwen Wang, Lon R Cardon. John C Whittaker & Philiooe
Analysis

Nature Genetics 47, 856-860 (2015) | Cite this article R?ﬁ.nlng the lmpa(:t Ofgenetlc eVldence on
clinical success

47k Accesses | 1005 Altmetric | Metrics

hitpe:/fdoi.org/10.1038/s41586-024-07316-0  Eric Vallabh Minikel' Jeffery L. Painter**, Caco Chengliang Dong* & Matthew R. Nelson*'

News & analysis

Biobusiness briefs https: /doi.org/10.1038/d41573-023-00158-x
Genetic support for FDA-appr ™regenetics
the pastdecade

Geneticfactors associated with reasons for
clinical trial stoppage

RESEARCH OPen ACCESS| |\ - onDunhor 0avid Oohoat™

Leveraging large-scale multi-omics
evidences to identify therapeutic targets
from genome-wide association studies

Estimating the impact of single-cell RNA sequencing of human tissues on drug
target validation
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% Genetically supported targets have
twice the chances of success in
clinic

% 2/3 FDA approved drugs are
supported by genetics

% Genetics predicts safety of drug
targets

% Genetics predicts drug target
direction of effect

% Single cell data identifies targets
more likely to enter in clinical
development
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