network-based analyses of transcriptomics data:
new approaches to define cell signatures from
tissue data

Prof Tom Freeman
Systems Immunology Group,
The Roslin Institute,
University of Edinburgh

{ROSLIN KAJEKA

CLARITY FROM COMPLEXITY




Immune Cells

Mast Cell Natural Killer Cell

Basophil

Neutrophil Monocyte

Macrophage Dendritic Cell Eosinophil

tissues cells



What does the expression pattern of a gene tell you
about its likely function?

What is the difference between the expression profile of
tissues and cells, and how does this reflect their different
functions?

How is their expression profile changed during disease? —
disease classification, patient stratification, drug
targeting
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transcriptomics analyses

10,000’s

10’s-1000’s



@ resources of gene
rrayExpress .
Genel:ul:lressionomnihus expre55|on data

&= GTEXPortal

Total samples in all eQTL tissues: 10294

Whole Blood Adipose - Subcutaneous

Thyroid h\ Adipose - Visceral (Omentu
R W .,'

Sun Exposed (Lower leg) "‘\.4? Artery — Tibial

Nerve — Tibial - Cells - Transformed fib
N

Muscle - Skeletal N ‘/ Esophagus - Mucosa
e l...k“‘/

Lung
Esophagus - Muscularis

HUMAN
CELL m) THE CANCER GENOME ATLAS
AT LAS ::::g::: ﬁf.':ae; Ig::\l;lr:: Research Institute




-Logi D p-value

what is different?

-100

]
Lag2 fald change

Lung

-100 -50 0
tSNE 1

what groups?

what does it mean?



super computer super visualisations



biological networks

interacts with
binds to
is regulated by
is correlated with

Prioritizing cancer-related genes with aberrant methylation based on a weighted
protein-protein interaction network.

% C t LiuH, SuJ, LiJ, LiuH, Lv J, Li B, Qiao H, Zhang Y - BMC Syst Biol (2011)




network analysis tools

developed over 15 year period with by scientists in
Cambridge and Edinburgh, now by Kajeka Ltd.
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plotting the statistically improbable:
principles of correlation networks
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data analysis pipeline

layout, dynamic visualisation and

clustering of graphs (10’s thousands nodes,

millions of edges) in 2D or 3D

data integration and exploration
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advantages of network approaches

e data agnostic

e fast

e scalable — big data sets

 visualisation of 1,000,000s of data points

e powerful pattern finding — ideal for complex data
 visually engaging

* hypothesis free - explorative
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Network visualisation and :
clustering of the sheep gene “
expression atlas 5
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Clark EL et al. (2017) A high resolution atlas of gene expression in the domestic sheep (Ovis aries). PLOS Genetics 13(9): e1006997.
https://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1006997
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data deconvolution

computational approaches that can identify specific signals within
heterogeneous data signals

in our case identify transcriptional signatures of cells and pathways from mixed
cell populations, i.e. tissue samples

where a signature is a module (cluster) of genes that are robustly coexpressed
because they are specifically transcribed by a given cell type or coregulated as
they encode proteins that are part of the same pathway or process

variation in clinical samples @ ﬁ %

every sample is a little different




an expression atlas of human skin
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Derivation of marker gene signatures from human skin and their
use in the interpretation of the transcriptional changes associated
with dermatological disorders
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RNA-seq and microarray sample clustering and data comparison

RNA-seq

Microarray dataset ©
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GTEx (RNA-seq) dataset
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overlap between datasets
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immune microenvironment and cancer

growing interest in targeting the
immune system in the treatment of
cancer — the so called field of
immuno-oncology

numerous immune
targets/strategies being explored as
therapeutic targets, e.g. PD1, CTLA4,
TLRs, CCRs etc

how do we analyse the immune
microenvironment of tumours and
relationship to outcome or
treatment?

Immune Cancer-associated
infiltrate fibroblast

Tumour cell
7 Y

‘ . - Lymphatic vessel

Blood vessel

Vascular network
Melissa et.al. Nature 501, 346—354



Research Article Cancer

Immunology
Research

Immune Cell Gene Signatures for Profiling the
Microenvironment of Solid Tumors

Ajit J. Nirmal', Tim Regan’, Barbara B. Shih', David A. Hume"*, Andrew H. Sims?, e
and Tom C. Freeman'

Aim
to derive robust immune gene signatures, that can be used
to identify the presence and abundance of immune cells in a

tissue (tumour) micro-environment from transcriptomics
data

Cancer Immunol Res. 2018 Nov;6(11):1388-1400. doi:
10.1158/2326-6066.CIR-18-0342

f"

v &

Ajit Johnson Nirmal


https://www.ncbi.nlm.nih.gov/pubmed/30266715

derivation of markers

sort cells (usually from blood), sometimes cultured,
then analyse expression
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immune cell types and subtypes
defined by published gene signatures

Author, year Unlque
PMID Cell gene signatures (defined subtypes)

Becht et al. T (3), B, NK, Mono, DC’s, Neutrophils, Other (2)
(27765066)
Angelova et dl. T (14), B (3), DC’s (4), NK (4), Eosinophil, |
(25853550) Macrophages, Mast cells, Mono, Neutrophils, 812
MDSC

- Abbas et al. 2005 T (2), B (2), Plasma cells, NK (2),Monocytes (2), 100
(19568420) DC’s (2), Neutrophils
Watkins et al. T (2), Mono, B, NK, Neutrophils, Erythroblast, 1.847
(19228925) Megakaryocyte ’
Bindea et al. B (34), T(11), NK (3), DC’s (3), Eosin.ophils,
(24138885) Macrophages, Mast cells, Neutrophils, Others (4) 582

Abbas et al. 2009 B, DC’s, Monocyte, Neutrophil, NK, T, Other(3) 1757
(15789058) ’
B (2), Plasma cells, T (7), NK (2), Monocytes,
Macrophages (3), DC’s (2), Mast cells (2), 547

Eosinophils, Neutrophils

Newman et al.
(25822800)
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separate signatures for Overlap between blood and tissue ImSig
different applications

Beells [ R
ImSig,,oq aNd IMSig,; .  Protein transiation
Macrophages [
Monocytes [N
Neutopni's (NI
NK cells [ T
Plasmacells [ [
Platelets [
PN [
Cell Cycle [
Teells [
| I I T T I T |
0 20 40 60 80 100 120 140
| Blood Number of genes
I Overlap



Platelets

> Nodes: 561
> Edges: 32,624
r=0.7

@ Control
Il Trachoma Patients (C. trachomatis -ve)
@ Trachoma Patients (C. trachomatis +ve)

INFECTION AND IMMUNITY, Nov. 2010, p. 48954911 Vol. 78, No. 11

0019-9567/10/$12.00 doi:10.1128/IAL00844-10
Copyright © 2010, American Society for Microbiology. All Rights Reserved.

Human Conjunctival Transcriptome Analysis Reveals the Prominence
of Innate Defense in Chlamydia trachomatis Infection”t

Angels Natividad,'t Tom C. Freeman,” David Jeffries," Matthew J. Burton,' David C. W. Mabey,'
Robin L. Bailey,' and Martin J. Holland'~*
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what genes are coexpressed with signatures (subtype analysis)
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deconvolution of TCGA cancer datasets
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pan-cancer hazard ratio analysis
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network analysis of melanoma datasets
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comparison of melanoma groupings

Swedish method TCGA method
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grouping of melanoma patients
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summary

gene correlation network analysis approach supports exploration of tissue

data allowing the derivation of cell and pathway-specific gene signatures
knowing what constitutes normal, tells you a lot about disease

still poor understanding of how immune microenvironment varies between

cancers —what does a ‘good’ microenvironment look like?

what immune profile is most likely to respond to immunotherapy? Can we

predict responders to a given treatment?
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ﬁ GRAPHIA ENTERPRISE

 designed and built from scratch

* user friendly

* bigger graphs, better rendering

 dynamic layout, input and filtering

« Improved graph analytics, attribute handling, visualisation
 customisable for specific data types (plugin enabled)

« potential for direct connection to cloud resources
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