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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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what is different? what is similar?

what groups? what does it mean?
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developed over 15 year period with by scientists in 
Cambridge and Edinburgh, now by Kajeka Ltd.

network analysis tools



www.kajeka.com
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high dimensional data
100’s columns, thousands rows

calculate
correlation matrix

layout, dynamic visualisation and 
clustering of graphs (10’s thousands nodes, 
millions of edges) in 2D or 3D

data integration and exploration

minutes

data analysis pipeline

Graphia



gene expression network

attribute viewer



over 150 publications using our software



advantages of network approaches

• data agnostic
• fast
• scalable – big data sets
• visualisation of 1,000,000s of data points
• powerful pattern finding – ideal for complex data
• visually engaging
• hypothesis free - explorative







Network visualisation and 

clustering of the sheep gene 

expression atlas

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

https://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1006997


Data deconvolution

computational approaches that can identify specific signals within 
heterogeneous data signals

data deconvolution

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

every sample is a little different

variation in clinical samples



an expression atlas of human skin



RNA-seq and microarray sample clustering and data comparison

RNA-seq microarray
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overlap between datasets



SkinSig



perturbation of gene 
signatures in disease



Melissa et.al. Nature 501, 346–354

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?

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

Tumour microenvironment

immune microenvironment and cancer



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

Ajit Johnson NirmalCancer Immunol Res. 2018 Nov;6(11):1388-1400. doi: 

10.1158/2326-6066.CIR-18-0342

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


Isolated immune cells

derivation of markers

compare and derive cell type ‘specific’ markers

plugin into algorithm

sort cells (usually from blood), sometimes cultured,
then analyse expression



Study
Author, year

(PMID)
Cell gene signatures (defined subtypes)

Unique 

genes

1
Becht et al. 

(27765066)

T (3), B, NK, Mono, DC’s, Neutrophils, Other (2)
321

2
Angelova et al.

(25853550)

T (14), B (3), DC’s (4), NK (4), Eosinophil, 

Macrophages, Mast cells, Mono, Neutrophils, 

MDSC

812

3
Abbas et al. 2005

(19568420)

T (2), B (2), Plasma cells, NK (2),Monocytes (2), 

DC’s (2), Neutrophils
100

4
Watkins et al.

(19228925)

T (2), Mono, B, NK, Neutrophils, Erythroblast, 

Megakaryocyte
1,847

5
Bindea et al.

(24138885)

B (34), T (11), NK (3), DC’s (3), Eosinophils, 

Macrophages, Mast cells, Neutrophils, Others (4) 582

6
Abbas et al. 2009

(15789058)

B, DC’s, Monocyte, Neutrophil, NK, T, Other(3)
1,757

7
Newman et al.

(25822800)

B (2), Plasma cells, T (7), NK (2), Monocytes, 

Macrophages (3), DC’s (2), Mast cells (2), 

Eosinophils, Neutrophils

547

immune cell types and subtypes 
defined by published gene signatures





Derivation of ImSig

separate signatures for 
different applications
ImSigblood and ImSigtissue



ImSigtissue



what genes are coexpressed with signatures (subtype analysis)



deconvolution of TCGA cancer datasets

BCLA- Bladder Urothelial Carcinoma (408)
BRCA- Breast invasive carcinoma (1092)
COAD- Colon adenocarcinoma (456)
HNSC- Head and Neck squamous cell 
carcinoma (501)
KIRC- Kidney renal clear cell carcinoma (530)
LGG- Brain Lower Grade Glioma (512)
LUAD- Lung adenocarcinoma (515)
LUSC- Lung squamous cell carcinoma (501)
PRAD- Prostate adenocarcinoma (496)
SKCM- Skin Cutaneous Melanoma (468)
THCA- Thyroid carcinoma (502)
UCEC- Uterine Corpus Endometrial 
Carcinoma (555)

Cancer types (sample number)

ImSigtissue



pan-cancer hazard ratio analysis



network analysis of melanoma datasets



comparison of melanoma groupings



grouping of melanoma patients

Survival analysis



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?





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



Genomics

Metagenomics

Transcriptomics

Single cell

Proteomics

Metabolomics

CHiP-seq

HiC

Multiparametric FACS

Image analysis

Interaction networks

DNA assembly networks

Pathways

Phylogenetic trees

data matrix r matrix

graph matrix

GRAPHIA ENTERPRISE

advanced network analysis solutions for the biological sciences
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