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Challenges:

v'Multimodal data fusion within biological systems of disease
v'Multiscale data fusion across biological systems of disease
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Data-driven hypothesis generators based on multimodal and multiscale big data fusion?
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links diseases, drivers, targets and drugs

via network graph-based fusion
of multi-omics, clinical, imaging and perturbation data
across model systems and patient studies of complex disease

software toolbox for network biology and medicine
towards developing a data-driven platform for diagnostic,
prognostic and therapeutic decision-making in complex disease
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The *AMARETTO framework:
1. the AMARETTO algorithm for inferring regulatory networks via multi-omics and imaging data fusion
2. the Community-AMARETTO algorithm for learning subnetworks shared/distinct across systems and diseases
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The *AMARETTO framework:

1. the AMARETTO algorithm for inferring regulatory networks via multi-omics and imaging data fusion
2. the Community-AMARETTO algorithm for learning subnetworks shared/distinct across systems and diseases




*AMARETTO for regulatory network inference within systems and diseases

4 N

Functional
genomics

(transcriptomics,

proteomics)
k Core AMARETTO: regulatory network inference /




*AMARETTO for regulatory network inference within systems and diseases

4 N

Driver
genes

Target
genes

[
K Core AMARETTO: regulatory network inference /




*AMARETTO for regulatory network inference within systems and diseases

4 N

Driver
genes

4
O )

n =
o ¢ o 2
o 2 > 5 c
c U .
= o0 ™
N————— —

K Core AMARETTO: regulatory network inference /




*AMARETTO for regulatory network inference within systems and diseases

4 N

~

Driver
genes

SQuUa3
J9ALIQ

Soua3
S|NPOIN

Target
genes

N J —
K Core AMARETTO: regulatory network inference /

(*) Regularized regression: Lee et al., PLoS Genetics 2009; Zou and Hastie, J R Stat Soc 2005; Tibshirani, J R Stat Soc 1996




*AMARETTO for regulatory network inference within systems and diseases

/ Cancer Normal Cancer \

subtype 1 tissue subtype 2

Driver
genes

SQuUa3
J9ALIQ

~

Target
genes

Soua3
S|NPOIN

N J —
K Core AMARETTO: regulatory network inference /

(*) Regularized regression: Lee et al., PLoS Genetics 2009; Zou and Hastie, J R Stat Soc 2005; Tibshirani, J R Stat Soc 1996




*AMARETTO for regulatory network inference within systems and diseases

/ Cancer Normal Cancer \

subtype 1 tissue subtype 2

Driver
genes

SQuUa3
J9ALIQ

Top 25-75% )
varying genes

~

Target
genes

Soua3
S|NPOIN

N J —
K Core AMARETTO: regulatory network inference /

(*) Regularized regression: Lee et al., PLoS Genetics 2009; Zou and Hastie, J R Stat Soc 2005; Tibshirani, J R Stat Soc 1996




*AMARE

Top 25-75%
varying genes

O for regulatory network inference within systems and diseases

/ Cancer Normal Cancer \

subtype 1 tissue subtype 2

Driver
genes

SQuUa3

~

Soua3
S|NPOIN

Target
genes

N— —

1aA1IQ

100-200

Modules
—

K Core AMARETTO: regulatory network inference /

(*) Regularized regression: Lee et al., PLoS Genetics 2009; Zou and Hastie, J R Stat Soc 2005; Tibshirani, J R Stat Soc 1996



*AMARE

Top 25-75%
varying genes

O for multi-omics data fusion within systems and diseases

/ Genetics

(DNA copy number)

Epigenetics

(DNA methylation)

Cancer Normal Cancer \

subtype 1 tissue subtype 2

~

\

100-200
o 9 | Modules
S T [e—
2 G

Soua3
S|NPOIN

K AMARETTO: multi-omics data fusion /




*AMARETTO for multi-omics data fusion within systems and diseases

Cancer Normal Cancer \

subtype 1 tissue subtype 2

Genetics
(DNA copy number)

100-200

Modules
—

Epigenetics \

(DNA methylation)

SQuUa3
J9ALIQ

Top 25-75%
varying genes

\

Soua3
S|NPOIN

K AMARETTO: multi-omics data fusion /

(*) GISTIC: Mermel et al., Genome Biology 2011; Beroukhim et al., Nature 2010
(**) MethylMix: Gevaert, Bioinformatics 2015; Gevaert et al., Genome Biology 2015; Cedoz et al., Bioinformatics 2018
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The *AMARETTO framework:

1. the AMARETTO algorithm for inferring regulatory networks via multi-omics and imaging data fusion
2. the Community-AMARETTO algorithm for learning subnetworks shared/distinct across systems and diseases




*AMARETTO for learning subnetworks across systems and diseases
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*AMARETTO for learning subnetworks across systems and diseases
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O for learning subnetworks across systems and diseases
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(*) Girvan and Newman, Physical Review E. 2004



Functionalities for optimization and downstream analytics

Optimal generalization performance Stratification for disease phenotypes

Annotation of functional categories Association with imaging features
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Functionalities for optimization and downstream analytics

Optimal generalization performance Stratification for disease phenotypes
—— L cme Subtype 1 Normal Subtype 2

Rsquire MSE Rsquare

Endometrial cancer

Annotation of functional categories Association with imaging features

Enrichment score

=

radiographic & histopathology imaging



*AMARETTO application 1: pan-cancer study
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*AMARETTO application 1: pan-cancer study
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*AMARETTO application 1: pan-cancer study

Pan-cancer communities or subnetworks




*AMARETTO application 1: pan-cancer study
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*AMARETTO application 1: pan-cancer study

Enrichment score

Pan-cancer communities or subnetworks - Pan-cancer functional categories
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*AMARETTO application 1: pan-cancer study

Driver discovery
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*AMARETTO application 1: pan-cancer study
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Genetic perturbation of GPX2 in the A549 (LUAD) cell line

= Knocking down GPX2 represses
target genes in GPX2-regulated modules

= *AMARETTO facilitates identification of known and novel cancer drivers and their targets




*AMARETTO application 2: virus-induced cancer
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*AMARETTO application 2: virus-induced cancer
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Driver and drug discovery for hepatitis C
(HCV) and hepatitis B (HBV) virus-induced
hepatocellular carcinoma (HCC)




*AMARETTO application 2: virus-induced cancer
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*AMARETTO application 2: virus-induced cancer

o § L] o
Drug discovery > Drug validation
T
: £8
g s
g gl ég & Vehicle Captopril
0.25-
I
O-CTTTTTTTTITTIT171 :
® - Erlotinib
Tivozanib
T PD-0325901
Nizatidine
Selumetinib
EG-1D1348
esveratrol
aptopril ——
oli
1 g@"" Nizatidine
|m02|ge
imozide
Pioglitazone
Resveratrol ]
Captopril
Pioglitazone
ulation

Chemical perturbations in cell lines Experimental validation of drugs in rat models
Predict which drugs can reverse disease-associated modules = Two novel compounds attenuate HCC development
Alternative treatments with less severe adverse effects = Safe and low-cost approach for chemoprevention of HCC?



*AMARETTO application 2: virus-induced cancer
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Chemical perturbations in cell lines Experimental validation of drugs in rat models
Predict which drugs can reverse disease-associated modules = Two novel compounds attenuate HCC development
Alternative treatments with less severe adverse effects = Safe and low-cost approach for chemoprevention of HCC?

— *AMARETTO facilitates identification of known and novel drug compounds
and how they modulate cancer drivers and their targets




*AMARETTO pan-cancer study

AMARETTO
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*AMARETTO:

1. Captures hallmarks of cancer

2. Facilitates identification of known and novel cancer drivers and their targets
3. Facilitates identification of known and novel drug compounds and how they modulate cancer drivers and their targets




Use Cases: integrating multi-omics, clinical, imaging, and driver and drug
perturbation data across model systems and patient studies of cancer




Use Cases: integrating multi-omics, clinical, imaging, and driver and drug
perturbation data across model systems and patient studies of cancer

1. A study of hepatitis C and B virus-induced hepatocellular carcinoma (LIHC) with driver
and drug discovery for chemoprevention across pan-etiologies of hepatocellular
carcinoma, experimentally validated in rat models



Use Case 1: Studying virus-induced hepatocellular carcinoma

Driver prediction for hepatitis C and B virus-induced hepatocellular carcinoma across subnetworks derived
from >6 systems validated in cell lines, and prediction of chemopreventive treatments modulating disease-

associated subnetworks using chemical perturbations in cell lines, experimentally validated in rat models
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Driver and drug discovery for hepatitis C (HCV) and hepatitis B
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Driver and drug discovery for chemoprevention of hepatitis C (HCV) and hepatitis B
(HBV) virus-induced hepatocellular carcinoma (HCC)
= AMARETTO facilitates identification of known and novel drug compounds
and how they modulate cancer drivers and their targets
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> Genes from 'subtype S1' signature of hepatocellular carcinoma (HCC): aberrant activation of the WNT signaling pathway

> Survival signature genes defined in adjacent liver tissue: genes correlated with poor survival of hepatocellular carcinoma (HCC) patients
> Polycomb Repression Complex 2 (PRC) targets; identified by ChIP on chip on human embryonic stem cells as genes that: possess the trimethylated C ity 1
H3K27 mark in their promoters and are bound by SUZ12 and EED Polycomb proteins ommunlty
> IL8 pan-etiology driver of HCV and HBV virus-induced HCC associated with HCV and HBV viral load and HCC survival
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> Genes from 'subtype S2' signature of hepatocellular carcinoma (HCC): proliferation, MYC and AKT1 activation
> MYC targets; targets of c-Myc and Max identified by ChIP on chip in a Burkitt's lymphoma cell line; overlap set; and in cultured cell lines, focusing on E-box-containing genes;
high affinity bound subset Community 3
> CORE stemness genes upregulated and identified by ChIP on chip as NOS (Nanog, OCT4, SOX2) transcription factor targets in human embryonic stem cells
> STX7 pan-etiology driver of HCV and HBV virus-induced HCC
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> Genes from 'subtype S3' signature of hepatocellular carcinoma (HCC): hepatocyte differentiation
> Survival signature genes defined in adjacent liver tissue: genes correlated with good survival of hepatocellular carcinoma (HCC) patients
> Liver specific genes from Human Gene Expression Index, the HUGE Index, http://www.hugeindex.org Community 5
> APOC3 pan-etiology driver of HCV and HBV virus-induced HCC validated in all 6 data sources using genetic perturbations of APOC3 in the HepG2 liver cancer cell line

Community-AMARETTO report: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/index.html
NDEx network visualization: http://www.ndexbio.org/#/network/f50b3ech-7b47-11e9-848d-0ac135e8bact
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Use Case 1: Studying virus-induced hepatocellular carcinoma

Driver prediction for hepatitis C and B virus-induced hepatocellular carcinoma across subnetworks derived
from >6 systems validated in cell lines, and prediction of chemopreventive treatments modulating disease-
associated subnetworks using chemical perturbations in cell lines, experimentally validated in rat models
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Figure 6. Integrated Molecular Comparison of Somatic Alterations in Signaling Pathways across iCluster Groups

Each gene box includes three percentages representing the frequency of activation or inactivation in iClusters 1, 2, and 3 based on the core 196 sample HCC

dataset. All somatic changes are tallied together in calculating the percentages of altered cases within each of the iCluster sample groups. Somatic alterations

include mutations and copy-number changes (homozygous deletion and high-level amplifications), as well as epigenetic silencing of CDKN2A. Missense mu-

H ig h I ig hts tations are only counted if they have known oncogenic function, have been reported in COSMIC, or occur at known mutational hotspots. Genes are grouped by
signaling pathways, with edges showing pairwise molecular interactions.

e Analysis of hepatocellular carcinomas integrates data of See also Figure 36.



Use Cases: integrating multi-omics, clinical, imaging, and driver and drug
perturbation data across model systems and patient studies of cancer

1. A study of hepatitis C and B virus-induced hepatocellular carcinoma (LIHC) with driver
and drug discovery for chemoprevention across pan-etiologies of hepatocellular
carcinoma, experimentally validated in rat models

2. A study of glioblastoma multiforme (GBM) and low-grade glioma (LGG) with driver
discovery for diagnostic and prognostic molecular subclasses associated with
radiography and histopathology imaging-derived features for imaging diagnostics



Use Case 2: Studying multi-omics and imaging of gliomas

Driver prediction for multi-omics subnetworks associated with radiography and histopathology imaging-
derived features representing prognostic molecular subclasses of gliomas and glioblastoma multiforme
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> VERHAAK GLIOBLASTOMA MESENCHYMAL: Genes correlated with mesenchymal type of glioblastoma multiforme tumors
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Use Case 2: Studying multi-omics and imaging of gliomas

Driver prediction for multi-omics subnetworks associated with radiography and histopathology imaging-
derived features representing prognostic molecular subclasses of gliomas and glioblastoma multiforme
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Use Case 2: Studying multi-omics and imaging of gliomas

Driver prediction for multi-omics subnetworks associated with radiography and histopathology imaging-

derived features representing prognostic molecular subclasses of gliomas and glioblastoma multiforme
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An anatomic transcriptional atlas of
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Glioblastoma is an aggressive brain tumor that carries a poor prognosis. The tumor's
molecular and cellular landscapes are complex, and their relationships to histologic
features mutme\y useu for diagnosis are unclear. We present the Ivy Glioblastoma Atlas, an
atlas of human that aligns individual
histologic features with genomic alterations and gene expression patterns, thus assigning
molecular information to the most important morphologic hallmarks of the tumor. The.
atlas and its clinical and genomic database are freely accessible online data resources that
will serve as a valuable platform for future of
diagnosis, and treatment.

lioblastoma is the most common and the | ations in the pathogenesis of glioblastoma but

most lethal malignant brain tumor (7).
Even for patients receiving aggressive
treatment, the median survival is 12 to
15 months (2). The tumors evolve rapidly

as they acquire new mutations; the resultant

increase in intratumor genomic heterogeneity
leads to the development of drug resistance,
which limits the long-term cfficacy of therapics

were not designed to address intratamor heter-
ogeneity. Subsequent studies addressed heter-
ogeneity spatially within bulk tumor or at the
single-cell level (4, 8-12). Nonetheless, we still
lack a systematic understanding of the tumor’s
‘molecular heterogeneity as it relates to anatom-
ical heterogencity. By “anatomical heterogenc-
ity,” we mean the variable combination of the

(3, 4). Two large-scale A
terizing the genomic a
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convolution of anatomic features in new samples
of glioblastoma, providing unique information
for the comprehensive diagnostic characteriza-
tion of the tumor’s heterogencity.

“To create the atlas, we surveyed the tumor's
anatomic features by in situ hybridization (ISH),
analyzed these features' tianscriptomes by laser

(LMD} and RNA
(RNA-seqq), and validated the feature-specific gene
expression enrichment of newly identified mark-
ors by ISH (Fig, 1). We crcated adinieal and gc-
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Presentation

Cancer Stem Cell Populations

Ontology Development

Clinical & Genomic Database

Annotation

TECHNICAL WHITE PAPER

to distinguish glioblastoma, or Grade IV glioma, from lower grades of glioma. The feature HBV can be
observed occasionally in the LE and IT regions, but it as well as MVP, NE, and PAN are frequently identified
inthe CT region. These structural features were identified and labeled in ~12,000 H&E histological images
using a semi-automated annotation application based on advanced statistical machine learning algorithms.
B GBM - Glioblastoma
M LEregion - Leading Edge Region
BILE - Leading Edge
M LE-reference-histology
B LEhbv - Hyperplastic blood vessels in leading edge -
M ITregion - Infiltrating Tumor Region
T - Infiltrating Tumor
M |T-reference-histology
MIThbv - Hyperplastic blood vessels in infiltrating tumor
B cTregion - Cellular Tumor Region
M CT - Cellular Tumor
B CT-reference-histology
B CT-reference-genes

vheress
Sitmos

T, W,

M cT-controls LI
W CTpnz - Perinecrotic zone

W CTpnz-reference-genes
B CTpnn - Pseudopalisading cells but no visible necrosis
B CTpan - Pseudopalisading cells around necrosis

B cTpan-reference-histology

W CTpan-reference-genes
B CThbv - Hyperplastic blood vessels in cellular tumor

B CThbv-reference-genes

M CTmvp - Microvascular proliferation
B CcTmvp-reference-histology
B CTmvp-reference-genes

B CTne - Necrosis

Figure 1. Ontology and nomenclature developed for hierarchical ordering of the anatomic features and cancer stem cell
clusters In glioblastoma tissue for the Ivy GAP. contain 3 major ., Leading Edge (LE), at the margin of
the tumor, Infilrating Tumor (IT), the area of the tumor located between the core and the Leading Edge, and Cellular Tumor (CT), the
tumor core. Within each of these regions, particular structural features such as (MVP),

Cells around Necrosis (PAN), Perinecrotic Zone (PNZ), Hyperplastic Blood Vessels (HBV), and Necrosis (NE). The acronyms MVP,
PAN, PNZ, and HBV are used synonymously with CTmvp, CTpan, CTpnz, and CThbv since these structural features are typically
confined to the CT region

Embedded within the ontology are sets of transcriptomes generated from RNA samples that were isolated
with reference histology tissue sections to guide laser microdissection of the anatomic structures or with
reference gene expression patterns to guide the collection of putative cancer stem cell clusters. One hundred

MAY 2015 v.1 alleninstitute.org
Overview brain-map.org
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Use Cases: integrating multi-omics, clinical, imaging, and driver and drug
perturbation data across model systems and patient studies of cancer

1. A study of hepatitis C and B virus-induced hepatocellular carcinoma (LIHC) with driver
and drug discovery for chemoprevention across pan-etiologies of hepatocellular
carcinoma, experimentally validated in rat models

2. A study of glioblastoma multiforme (GBM) and low-grade glioma (LGG) with driver
discovery for diagnostic and prognostic molecular subclasses associated with
radiography and histopathology imaging-derived features for imaging diagnostics

3. A pan-cancer study across twelve cancer sites with driver discovery of pan-cancer
drivers of smoking-induced and ‘antiviral’ interferon-modulated innate immune
response cancer



Use Case 3a: Pan-cancer driver discovery

Driver prediction for pan-cancer multi-omics subnetworks across 12 cancer (sub)types
validated using genetic perturbations in cell lines

Drivers of smoking-induced cancer and Pan-cancer Pan-cancer functional categories
‘antiviral’ interferon-modulated innate communities or = AMARETTO captures
immune response across 12 cancer subnetworks hallmarks of cancer

(sub)types

BLCA modules

LIHC modules GBM modules

BLCA
BRCA
COADREAD
cem
HNSC
KIRC
LamL
uHe
LuAD
Lusc

Driver discovery:
- OAS2 pan-cancer driver of ‘antiviral’ interferon-
modulated innate immune response
- GPX2 pan-cancer driver of smoking-induced cancer

Smoking community
&
* ¢ " Immune response conmunity
e . T Cell cycle community

Nathalie Pochet and Olivier Gevaert, EBioMedicine 2018
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Driver validation:
Genetic perturbations of GPX2 in the A549
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Drivers of smoking-induced cancer and ‘antiviral’ interferon-modulated innate
immune response across 12 cancer (sub)types (GBM, LIHC)
= AMARETTO facilitates identification of known and novel cancer drivers and
their targets

AMARETTO

Step 1: Identifying candidate cancer driver gcncs\\ Repeat for each cancer site
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Pancancer AMARETTO

Workflow of *AMARETTO:

First, AMARETTO infers regulatory networks within each biological system via multi-omics data fusion.
Specifically, AMARETTO identifies potential cancer drivers by identifying genes whose genetic and
epigenetic cancer aberrations have a direct functional impact on their own transcriptomic or proteomic
expression. AMARETTO then connects these drivers with modules of co-expressed target genes that
they putatively control, defined as regulatory circuits, using a penalized regulatory program. Second,
Community-AMARETTO learns communities or subnetworks by connecting the regulatory circuits
inferred from different systems to identify drivers across diseases or biological systems.




Use Cases: integrating multi-omics, clinical, imaging, and driver and drug
perturbation data across model systems and patient studies of cancer

1. A study of hepatitis C and B virus-induced hepatocellular carcinoma (LIHC) with driver
and drug discovery for chemoprevention across pan-etiologies of hepatocellular
carcinoma, experimentally validated in rat models

2. A study of glioblastoma multiforme (GBM) and low-grade glioma (LGG) with driver
discovery for diagnostic and prognostic molecular subclasses associated with
radiography and histopathology imaging-derived features for imaging diagnostics

3. A pan-cancer study across twelve cancer sites with driver discovery of pan-cancer
drivers of smoking-induced and ‘antiviral’ interferon-modulated innate immune
response cancer

3. A pan-cancer study of squamous cell carcinoma (SCC) across five SCC cancer sites, in
particular, lung (LUSC), head and neck (HNSC), esophageal (ESCA), cervical (CESC) and
bladder (BLCA)



Use Case 3b: Pan-squamous cell carcinoma driver discovery

Driver prediction for pan-squamous cell carcinoma multi-omics subnetworks across 5 cancer sites,

(LUSC), head and neck (HNSC), esophageal (ESCA), cervical (CESC) and bladder (BLCA),

validated using genetic perturbations in cell lines

Cell Reports
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In Brief

Campbell et al. reveal that squamous cell
cancers from different tissue sites may be
distinguished from other cancers and
subclassified molecularly by recurrent
alterations in chromosomes, DNA
methylation, messenger and microRNA
expression, or by mutations. These affect
squamous cell pathways and programs
that provide candidates for therapy.

Highlights
e SCCs show chromosome or methylation alterations affecting
multiple related genes

These regulate squamous stemness, differentiation, growth,
survival, and inflammation

Copy-quiet SCCs have hypermethylated (FANCF, TET1) or
mutated (CASP8, MAPK-RAS) genes

Potential targets include ANp63, WEE1, IAPs, PI3K-mTOR/
MAPK, and immune responses

Campbell et al., 2018, Cell Reports 23, 194-212
April 3, 2018
https://doi.org/10.1016/].celrep.2018.03.063
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Figure 1. TumorMap and iCluster of Squamous Cancers from PanCancer-33 Analysis

(A) TumorMap analysis visualizing close mapping of LUSC, HNSC, ESCA, CESC, and BLCA among 28 PanCancer-33 islands.
(B) Higher resolution view of TM islands and distribution of SCC from 5 sites.

{C) HPV status showing the majority of HPV(+) CESC and HNSC map around a distinct island.

(D) Smoking history of SCC. Each spot in the map represents a sample. The colors of the sample spots represent attributes as described for each panel

(E-l) Summary of iCluster analysis (E), DNA copy-number (F), methylation (G), mRNA (H), and miRNA {|) expression. PanCancer-33 SCC and other tumors and
Pan-SCC from 5 sites identified by histopathologic diagnosis cluster within iC10, (G25, and iC27. Annotation bars show cancer type and HPV status, and keys
show an increase {red) or decrease (blue) in features as indicated: DNA copy number, copy-number log ratio (tumor versus normal); DNA methylation, normalized

beta values; mRNA expression, normalized log expression counts; miRNA expression, normalized log expression counts.
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AMARETTO reports for case studies

Case Study 1 (virus-induced LIHC):

TCGA LIHC: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/TCGA LIHC/AMARETTOhtmls/index.html
CCLE liver: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/CCLE Liver/AMARETTOhtmls/index.html
Time-course HCV: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/tcHCV/AMARETTOhtmls/index.html
Single-cell HCV: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/scHCV/AMARETTOhtmls/index.html
Time-course HBV: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/tcHBV/AMARETTOhtmls/index.html
Single-cell HBV: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/scHBV/AMARETTOhtmls/index.html

Case Study 2 (gliomas GBM and LGG):

TCGA GBM: http://portals.broadinstitute.org/pochetlab/demo/IcCAMARETTO Brain 3DS/TCGA GBM/AMARETTOhtmls/index.html
TCGA LGG: http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/TCGA LGG/AMARETTOhtmls/index.html
IvyGAP GBM: http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/Ivygap GBM/AMARETTOhtmls/index.html

Case Study 3 (pan-squamous BLCA, CESC, ESCA, HNSC, LUSC):

TCGA BLCA: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO PanCancer 5DS/TCGA BLCA/AMARETTOhtmls/index.html
TCGA CESC: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO PanCancer 5DS/TCGA CESC/AMARETTOhtmls/index.html
TCGA ESCA: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO PanCancer 5DS/TCGA ESCA/AMARETTOhtmls/index.html
TCGA HNSC: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO PanCancer 5DS/TCGA HNSC/AMARETTOhtmls/index.html
TCGA LUSC: http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO PanCancer 5DS/TCGA LUSC/AMARETTOhtmls/index.html



http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_Liver_6DS/TCGA_LIHC/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_Liver_6DS/CCLE_Liver/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_Liver_6DS/tcHCV/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_Liver_6DS/scHCV/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_Liver_6DS/tcHBV/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_Liver_6DS/scHBV/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/TCGA_GBM/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/TCGA_LGG/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/Ivygap_GBM/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_PanCancer_5DS/TCGA_BLCA/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_PanCancer_5DS/TCGA_CESC/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_PanCancer_5DS/TCGA_ESCA/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_PanCancer_5DS/TCGA_HNSC/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_PanCancer_5DS/TCGA_LUSC/AMARETTOhtmls/index.html

Community-AMARETTO reports for case studies

Case Study 1 (virus-induced LIHC):

- TCGA LIHC & CCLE liver & Time-course HCV & Single-cell HCV & Time-course HBV & Single-cell HBV:
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO Liver 6DS/index.html

Case Study 2 (gliomas GBM and LGG):

- TCGA GBM & TCGA LGG & IvyGAP GBM:
http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/index.html

Case Study 3 (pan-squamous BLCA, CESC, ESCA, HNSC, LUSC):

- TCGA BLCA & CESC & ESCA & HNSC & LUSC:
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO PanCancer 5DS/index.html



http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_Liver_6DS/index.html
http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/index.html
http://portals.broadinstitute.org/pochetlab/demo/cAMARETTO_PanCancer_5DS/index.html

Perturbation-AMARETTO reports for case studies

Case Study 1 (virus-induced LIHC):

- Driver discovery: https://pochetlab.shinyapps.io/pAMARETTO Liver 6DS Drivers
- Drug discovery: https://pochetlab.shinyapps.io/pAMARETTO Liver 6DS Drugs Diseases

Case Study 2 (gliomas GBM and LGG):
- Driver discovery: https://pochetlab.shinyapps.io/pAMARETTO Brain 2DS Drivers

Case Study 3 (pan-squamous BLCA, CESC, ESCA, HNSC, LUSC):

- Driver discovery:
https://pochetlab.shinyapps.io/pAMARETTO AMARETTO PanCancer 5DS Drivers



https://pochetlab.shinyapps.io/pAMARETTO_Liver_6DS_Drivers
https://pochetlab.shinyapps.io/pAMARETTO_Liver_6DS_Drugs_Diseases
https://pochetlab.shinyapps.io/pAMARETTO_Brain_2DS_Drivers
https://pochetlab.shinyapps.io/pAMARETTO_AMARETTO_PanCancer_5DS_Drivers

Imaging-AMARETTO reports for case studies

Case Study 2 (gliomas GBM and LGG):

Imaging-AMARETTO reports:

- TCGA GBM: http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/TCGA GBM/AMARETTOhtmls/index.html
- TCGA LGG: http://portals.broadinstitute.org/pochetlab/demo/IcCAMARETTO Brain 3DS/TCGA LGG/AMARETTOhtmls/index.html
IvyGAP GBM: http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/Ivygap GBM/AMARETTOhtmls/index.html

Imaging-Community-AMARETTO report:

- TCGA GBM & TCGA LGG & IvyGAP GBM:
http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/index.html

Submitted:
* http://portals.broadinstitute.org/pochetlab/JCO CCl Imaging-AMARETTO/JCO CClI Manuscript Imaging-AMARETTO Pochet.pdf
* http://portals.broadinstitute.org/pochetlab/JCO CCl Imaging-AMARETTO/Imaging-AMARETTO Software Resources.html



http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/TCGA_GBM/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/TCGA_LGG/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/Ivygap_GBM/AMARETTOhtmls/index.html
http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/index.html
http://portals.broadinstitute.org/pochetlab/JCO_CCI_Imaging-AMARETTO/JCO_CCI_Manuscript_Imaging-AMARETTO_Pochet.pdf
http://portals.broadinstitute.org/pochetlab/JCO_CCI_Imaging-AMARETTO/Imaging-AMARETTO_Software_Resources.html

Case Study 1

Hepatitis C and B virus-induced
Hepatocellular Carcinoma (LIHC)



AMARETTO report LIHC

AMARETTO Report

Tables « AMARETTO

AMARETTO Report

Run Information

Number of Samples in Gene Expression Data = 367
Number of Samples in DNA Copy Number Data = 360
Number of Samples in DNA Methylation Data = 373

Number of 75% most variable Genes = 11180
Number of Regulatory Modules = 150

Community AMARETTO

Overview of Regulatory Modules

csv II Excel || PDF || Print

| Column visibility | ShOWI 10 |entries Search: |

Module

# Target Genes # Driver Genes

# Gene Sets

All

All

All

Module 1

Module 2

Module 3

Module 4

Module 5

Module 6

Module 7

Module 8

Module 9

Module 10

37

35

124

15

142

74

60

104

42

58

105

196

228

84

247

185

265

229

57

207
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Run Information

Number of Samples in Gene Expression Data = 367
Number of Samples in DNA Copy Number Data = 360
Number of Samples in DNA Methylation Data = 373
Number of 75% most variable Genes = 11180
Number of Regulatory Modules = 150

Overview of Regulatory Modules

| csv I I Excel | | PDF | | Print | Column visibility I Show IL' entries Search: |
Module # Target Genes # Driver Genes # Gene Sets
All All All All

Module 1 37 ] 105
Module 2 35 7 196
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Module 4 15 7 84
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Module 9 42 8 57
Module 10 58 7 207
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Enrichments of Functional Categories in Regulatory Modules
Enrichments of Driver Perturbations in Regulatory Modules |
Enrichments of Drug Perurbations in Regulatory Modules

Associations of Phenatypes to Regulatory Modules
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Run Information

Number of Samples in Gene Expression Data = 367
Number of Samples in DNA Copy Number Data = 360
Number of Samples in DNA Methylation Data = 373

Number of 75% most variable Genes = 11180
Number of Regulatory Modules = 150

Community AMARETTO

Overview of Regulatory Modules

| csv I I Excel | | PDF | | Print | Column visibility I Show IL' entries Search: |
Module # Target Genes # Driver Genes # Gene Sets
All All All

Module 1 37 ] 105
Module 2 35 7 196
Module 3 124 9 228
Module 4 15 7 84
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I Owerview of Reguiatory Modules l Overview of Regulatory Modules

Assignmenis of Genes to Reguistory Modules

| csv I I Excel I | PDF I | Print I | ElvmR Vs IShow|200 ] entries sSearch: |
Enrichments of Functional Categories in Regulatory Modules Module # Target Genes # Briver Genes # Sene Sets
Enrichments of Driver Perturbations in Regulatory Modules |
Module 1 37 k=1 105
Enrichments of Drug Perurbations in Regulatory Modules Module = °e 7 e
Module 3 124 k=1 228
Associations of Phenatypes to Regulatory Modules Wiodie 4 - v a4
Module 5 142 (=1 247
Module & 74 a8 185
Module 7 50 7 265
Module 8 104 (=3 229
Module 9 42 8 57
o Module 10 58 7 207
Overview of Regulatory Modules o .
Module 12 83 6 200
Module 13 82 a8 227
Module 14 117 10 66
Module 15 75 7 404
Module 16 25 =1 106
Module 147 73 e 198
Module 148 49 =] 6z
Module 149 103 7 300
Module 150 107 5 255
Showing 1 to 150 of 150 entries Previous 1 Next
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Module 1 37 k=1 105
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Module 5 142 (=1 247
Module & 74 a8 185
Module 7 50 7 265
Module 8 104 (=3 229
Module 9 42 8 57
o Module 10 58 7 207
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Module 12 83 6 200
Module 13 82 a8 227
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= N B RN T oo~ oo Jertnies searcn: | |

Enrichments of Functional Categories in Regulatory Modules Gene Module Gene Type
Enrichments of Driver Perturbations in Regulatory Modules | - - -
ATBG Module 53 Target
Enrichments of Drug Perurbations in Regulatory Modules AtcF Module 64 Target
AzZLD1 Module 64 Target
Associations of Phenatypes to Regulatory Modules Azm Module 81 Target
AAGALT Module 123 Target
AACS Module 104 Target
AADAC Module 22 Target
AADAT Module 70 Target
AAK1T Module 89 Target
. AARS Module 145 Target
Assignments of Genes to o o
AASS Module 85 Target
Regulatory Modules = oo 2
AATK Moadule 59 Target
ABAT Madule 70 Target
ABCA1 Module 101 Target
ZXDB Module 55 Target
ZYG11A Module 47 Target
ZYG11B Module 70 Target
ZYX Moadule 92 Target
ZZEF1 Module 134 Target
ZZEF1 Module 134 Driver

Showing 12,101 to 12,183 of 12,183 entries
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Associations of Phenatypes to Regulatory Modules Azm Module 81
AAGALT Module 123
AACS Module 104
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Search for module(s) regulated by MYC
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Regulatory Module Heatmap Visualization
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: = - NOP56 0.00215

Showing 1 to 8 of 8 entries Previous Next
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’ csv ‘ Excel PDE ‘ Print Column visibilit ‘Showentries Search: :
Driver Gene Weight
All All
DCAF13 0.29
EIF3H 0.0348
BZzw2 0.0206
NPM1 0.0205
MYC I MYC 0.0179
MYBBP1A 0.0148
o P E2F5 0.0129
: NOP56 0.00215

Showing 1 to 8 of 8 entries Previous Next
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https://www.genecards.org/cgi-bin/carddisp.pl?gene=DCAF13
https://www.genecards.org/cgi-bin/carddisp.pl?gene=EIF3H
https://www.genecards.org/cgi-bin/carddisp.pl?gene=BZW2
https://www.genecards.org/cgi-bin/carddisp.pl?gene=NPM1
https://www.genecards.org/cgi-bin/carddisp.pl?gene=MYC
https://www.genecards.org/cgi-bin/carddisp.pl?gene=MYBBP1A
https://www.genecards.org/cgi-bin/carddisp.pl?gene=E2F5
https://www.genecards.org/cgi-bin/carddisp.pl?gene=NOP56
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’ csv H Excel H PDE H Print H Column visibility ‘Show| 10__]entries Search: [

TargetGene

ARHGAP39

ATP6V1C1

ATP6V1H

BOP1

BZwW2

C100rf2

C14orf33

C20rf76

C3orf32

DCAF13

Showing 1 to 10 of 58 entries Previous 2 3 4 5 6 Next
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https://www.genecards.org/cgi-bin/carddisp.pl?gene=ARHGAP39
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https://www.genecards.org/cgi-bin/carddisp.pl?gene=BOP1
https://www.genecards.org/cgi-bin/carddisp.pl?gene=BZW2
https://www.genecards.org/cgi-bin/carddisp.pl?gene=C10orf2
https://www.genecards.org/cgi-bin/carddisp.pl?gene=C14orf33
https://www.genecards.org/cgi-bin/carddisp.pl?gene=C2orf76
https://www.genecards.org/cgi-bin/carddisp.pl?gene=C3orf32
https://www.genecards.org/cgi-bin/carddisp.pl?gene=DCAF13
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Target Genes in Regulatory Module
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Excel Print

E3

Column visibility ‘ShOW| 10 |entries
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ARHGAP39, ATP6V1C1, ATP6V1H, BOP1, BZW2, C100rf2, C14orf33, C20rf76, C3orf32, DCAF13, DCAF4, DNAJAL,
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#Genes #Genes . % Genes
. . . Genesin . FDRQ-
Gene Set Name Gene Set Description inGene in in P-value
Overlap value
Set Overlap overlap
MYC O All O m] O
COX8A, DDB1,
GTF3C4, INCENP,
- - StemnessSignatures_ ORKIN_MYC StemnessSignatures_ ORKIN_MYC 355 9 :s;F prslee) 0.025 1.4e-7 0.0000012
ZNH\TZv '
AHCTF1,C11orf83,
AR Genes whose promoters contain E-box motifs and whose CDCAS, GTF3C4,
- WEIMYCN TARGETS WITH E BOX expression changed in MYCN-3 cells (neuroblastoma) 795 11 bteeiioy 0.014 0.0000022 0.00014
upon induction of MYCN [GenelD=4613]. A Shact,
DDB1, SNX15,
. StemnessSignatures_ WEINBERG_MYC_MAX_TARGETS  StemnessSignatures WEINBERG_MYC_MAX_TARGETS 775 8 Chon e, 0.010 0.00042 0.0015
= ARFIP2, CSTF3
= ARFGAP2, ARFIP2,
z = DANG BOUND BY MYC Genes whose promoters are bound by MYC 1103 11 ?;;s ;;:11 0.010 0.000046 0.0015
8 = _— [GenelD=4609], according to MYC Target Gene Database. o e : . ’
UBXM‘ '
SCHLOSSER SERUM RESPONSE AUGMENTED BY Cluster 2: genes up-regulated in B493-6 cells (8 .
MYC lymphocytes) by serum alone or in combination with MYC 108 4 PRPE19, TARBL 0.037 0.00011 0.0030
— [GenelD=4609] but not by MYC alone.
e . - = Set 'Myc targets2": targets of c-Myc [GenelD=4609] and ARFIP2, BAZ1B,
BENPORATH MYC MAX TARGETS Max [GenelD=4149] identified by ChIP on chip in a 775 8 ST et b 0.010 0.00042 0.0075
Burkitt's lymphoma cell line; overlap set. SNX15, UBXN1
B R Genes selected in supervised analyses to discriminate
- : BILD MYC ONCOGENIC SIGNATURE cells expressing c-Myc [GenelD=4609] from control cells 206 4 e e 0.019 0.0013 0.016
x expressing GFP.
: HALLMARK MYC TARGETS V2 A subgroup of genes regulated by MYC - version 2 (v2). 58 2 PRMT3, WDR74 0.035 0.0079 0.050
Showing 1 to 8 of 8 entries (filtered from 1,137 total entries) Previous E Next
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- ZNHIT2 '
AHCTF1,C110rf83,
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A —_— [GenelD=4609], according to MYC Target Gene Database. GTECA e : : :

UBXN1
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SurvivalCensoring (COXPROPHAZARDRIGHTCENSORING)

hazards regression (Wald test)

Phenotype Statistics Test P-value FDR Q-value Descriptive Statistics
All All 0.000000 O All All
Nominal Multi-Class Analysis: L
Hoshida_Clusters (KRUSKALWALLISTEST) Kruskal-Wallis test 3.1e-12 1.1e-11 Statistic:53
. Nominal Two-Class Analysis: Estimate: 0.581, 95% CI:[0.423, 0.726],
Hoshida_Cluster_S2_vs_rest (WILCOXONRANKSUMTEST) Wilcoxon rank sum test 6.9e-12 3.0e-11 Statistics: 6820
Nominal Two-Class Analysis: 1G] 6.50-11 Estimate: -0.564, 95% ClI: [-0.709 , -0.407],
Wilcoxon rank sum test e ’ Statistics: 1790
Nominal Multi-Class Analysis: .
mRNA_Clusters (KRUSKALWALLISTEST) Kruskal-Wallis test 6.8e-11 1.8e-10  Statistic: 53.5
Nominal Multi-Class Analysis: -
DNA_Copy_Clusters (KRUSKALWALLISTEST) Kruskal-Wallis test 1.1e-11 5.6e-10  Statistic: 54
Nominal Multi-Class Analysis: e
) 9.7e-7 0.0000028 Statistic:33.4
Kruskal-Wallis test
Nominal Multi-Class Analysis: -
) 0.000069 0.00041 Statistic:19.2
Kruskal-Wallis test
Nominal Two-Class Analysis: Estimate: 0.374, 95% CI:[0.207 , 0.54],
CDKN2A_Silencing (WILCOXONRANKSUMTEST) Wilcoxon rank sum test ’ 0.000021 000078 gatistics: 5800 o ]
Nominal Multi-Class Analysis: -
Paradigm_Clusters (KRUSKALWALLISTEST) re e RS e 0.00060 0.00085 Statistic:17.4
Nominal Two-Class Analysis: Estimate: 0.362, 95% CI: [0.17 , 0.554],
CTNNB1_Mutation_Status (WILCOXONRANKSUMTEST) Wilcoxon rank sum test Y 0.00040 0.0016 Statistics: 4360 b CLL ]
Nominal Two-Class Analysis: Estimate: 0.33, 95% CI:[0.169, 0.502],
TERT_Promoter_Mutation_Status (WILCOXONRANKSUMTEST) Wilcoxon rank sum test y 0.00011 0.0041 Statistics: 5620 o CL 1
Nominal Two-Class Analysis: Estimate: 0.3, 95% CI: [0.0977 , 0.496],
TP53_Mutation_Status (WILCOXONRANKSUMTEST) Wilcoxon rank sum test Y 0.0028 0.013 Statistics: 4620 oGl ]
Consensus_Clinical_and_RNA_Seq_Hepatitis_B_Virus Nominal Two-Class Analysis: 0.0014 0019 Estimate: 0.323, 95% CI: [0.129, 0.517],
(WILCOXONRANKSUMTEST) Wilcoxon rank sum test . ’ Statistics: 4150
Nominal Two-Class Analysis: Estimate: 0.213, 95% CI: [0.0224 , 0.386],
iCluster_Clusters_1_vs_rest (WILCOXONRANKSUMTEST) Wilcoxon rank sum test v 0.027 0.046 Statistics: 4680 ’ [ !
Nominal Two-Class Analysis: Estimate: -0.208, 95% ClI: [-0.402,-0.0173],
RPPA_Clusters (WILCOXONRANKSUMTEST) Wilcoxon rank sum test ’ OOl 0.054 Statistics: 2370 ) [ :
SurvivalTime (COXPROPHAZARDTIMETOEVENT), Survival Analysis: Cox proportional 0.0013 044 Beta:0.64749, Hazard Ratio: 1.9107, 95% Cl:

[1.2877,2.8352], Wald Statistic: 10.34
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Clinical and molecular phenotypes from TCGA

Phenotype Statistics Test P-value FDR Q-value Descriptive Statistics
All All 0.000000 O All All
Nominal Multi-Class Analysis:
Hoshida_Clusters (KRUSKALWALLISTEST) . 3.1e-12 1.1e-11 Statistic:53
Kruskal-Wallis test
Nominal Two-Class Analysis: Estimate: 0.581, 95% CI:[0.423, 0.726],
Hoshida_Cluster S2_vs_rest (WILCOXONRANKSUMTEST) v 6.9¢-12 30e-11  oimate %Ll !

Hoshida_Cluster_S3_vs_rest (WILCOXONRANKSUMTEST)

mRNA_Clusters (KRUSKALWALLISTEST)

DNA_Copy_Clusters (KRUSKALWALLISTEST)

miRNA_Clusters (KRUSKALWALLISTEST)

Hypomethylation_Cluster (KRUSKALWALLISTEST)

CDKN2A_Silencing (WILCOXONRANKSUMTEST)

Paradigm_Clusters (KRUSKALWALLISTEST)

CTNNB1_Mutation_Status (WILCOXONRANKSUMTEST)

TERT_Promoter_Mutation_Status (WILCOXONRANKSUMTEST)

TP53_Mutation_Status (WILCOXONRANKSUMTEST)

Consensus_Clinical_and_RNA_Seq_Hepatitis_B_Virus
(WILCOXONRANKSUMTEST)

iCluster_Clusters_1_vs_rest (WILCOXONRANKSUMTEST)

RPPA_Clusters (WILCOXONRANKSUMTEST)

SurvivalTime (COXPROPHAZARDTIMETOEVENT),
SurvivalCensoring (COXPROPHAZARDRIGHTCENSORING)

Wilcoxon rank sum test

Statistics: 6820

Nominal Two-Class Anal
Wilcoxon rank sum test

Nominal Multi-Class Anal
Kruskal-Wallis test

Nominal Multi-Class Anal
Kruskal-Wallis test

Nominal Multi-Class Anal
Kruskal-Wallis test

Nominal Multi-Class Anal
Kruskal-Wallis test

Nominal Two-Class Anal
Wilcoxon rank sum test

Nominal Multi-Class Ana
Kruskal-Wallis test

Nominal Two-Class Anal
Wilcoxon rank sum test

Nominal Two-Class Anal
Wilcoxon rank sum test

Nominal Two-Class Anal
Wilcoxon rank sum test

Nominal Two-Class Anal
Wilcoxon rank sum test

Nominal Two-Class Anal
Wilcoxon rank sum test

Nominal Two-Class Anal
Wilcoxon rank sum test

Survival Analysis: Cox pl
hazards regression (Wal
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Phenotype Statistics Test P-value FDR Q-value Descriptive Statistics
All All 0.000000 O All All
Nominal Multi-Class Analysis: L
Hoshida_Clusters (KRUSKALWALLISTEST) Kruskal-Wallis test 3.1e-12 1.1e-11 Statistic:53
Nominal Two-Class Analysis: Estimate: 0.581, 95% CI: [0.423, 0.726],
Hoshida_Cluster_S2_vs_rest (WILCOXONRANKSUMTEST) Wilcoxon rank sum test Y 6.9e-12 3.0e-11 i tistics: 6820 Lot :
. Nominal Two-Class Analysis: Estimate: -0.564, 95% CI: [-0.709, -0.407],
Hoshida_Cluster_S3_vs_rest (WILCOXONRANKSUMTEST) N p—— 1.5e-11 6.5e-11 Statistics: 1790
Nominal Multi-Class Analysis: o
mRNA_Clusters (KRUSKALWALLISTEST) Kruskal-Wallis test 6.8e-11 1.8e-10  Statistic: 53.5
Nominal Multi-Class Analysis: o
DNA_Copy_Clusters (KRUSKALWALLISTEST) Kruskal-Wallis test 1.1e-11 5.6e-10  Statistic: 54
. Nominal Multi-Class Analysis: -
miRNA_Clusters (KRUSKALWALLISTEST) Kruskal-Wallis test 9.7e-7 0.0000028 Statistic:33.4
Nominal Multi-Class Analysis: -
Hypomethylation_Cluster (KRUSKALWALLISTEST) T 0.000069 0.00041 Statistic:19.2
Nominal Two-Class Analysis: Estimate: 0.374, 95% CI:[0.207 , 0.54],
CDKN2A_Silencing (WILCOXONRANKSUMTEST) Wilcoxon rank sum test ’ 0.000021 000078 gatistics: 5800 o ]
Nominal Multi-Class Analysis: -
Paradigm_Clusters (KRUSKALWALLISTEST) re e RS e 0.00060 0.00085 Statistic:17.4
Nominal Two-Class Analysis: Estimate: 0.362, 95% CI: [0.17 , 0.554],
CTNNB1_Mutation_Status (WILCOXONRANKSUMTEST) Wilcoxon rank sum test Y 0.00040 0.0016 Statistics: 4360 b CLL ]
Nominal Two-Class Analysis: Estimate: 0.33, 95% CI:[0.169, 0.502],
TERT_Promoter_Mutation_Status (WILCOXONRANKSUMTEST) Wilcoxon rank sum test y 0.00011 0.0041 Statistics: 5620 o CL !
Nominal Two-Class Analysis: Estimate: 0.3, 95% CI: [0.0977 , 0.496],
TP53_Mutation_Status (WILCOXONRANKSUMTEST) Wilcoxon rank sum test Y 0.0028 0.013 Statistics: 4620 oGl ]
Consensus_Clinical_and_RNA_Seq_Hepatitis_B_Virus Nominal Two-Class Analysis: 0.0014 0019 Estimate: 0.323, 95% CI: [0.129, 0.517],
(WILCOXONRANKSUMTEST) Wilcoxon rank sum test . ’ Statistics: 4150
Nominal Two-Class Analysis: Estimate: 0.213, 95% CI: [0.0224 , 0.386],
iCluster_Clusters_1_vs_rest (WILCOXONRANKSUMTEST) Wilcoxon rank sum test v 0.027 0.046 Statistics: 4680 ’ [ !
Nominal Two-Class Analysis: Estimate: -0.208, 95% ClI: [-0.402,-0.0173],
RPPA_Clusters (WILCOXONRANKSUMTEST) Wilcoxon rank sum test ’ s 0.054 Statistics: 2370 ) [ :
SurvivalTime (COXPROPHAZARDTIMETOEVENT), Survival Analysis: Cox proportional 0.0013 014 Beta: 0.64749, Hazard Ratio: 1.9107, 95% Cl:

SurvivalCensoring (COXPROPHAZARDRIGHTCENSORING)

hazards regression (Wald test)

[1.2877,2.8352], Wald Statistic: 10.34
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Kruskal-Wallis test

Phenotype Statistics Test P-value FDR Q-value Descriptive Statistics
All All 0.000000 O All All
. Nominal Multi-Class Analysis: -
Hoshida_Clusters (KRUSKALWALLISTEST) 3.1e-12 1.1e-11 Statistic:53

Hoshida_Cluster_S2_vs_rest (WILCOXONRANKSUMTEST)

Nominal Two-Class Analysis:

Wilcoxon rank sum test

6.9e-12 3.0e-11

Estimate: 0.581, 95% CI:[0.423, 0.726],
Statistics: 6820

=i - - - Hoshida_Cluster_S3_vs_rest (WILCOXONRANKSUMTEST)

Nominal Two-Class Analysis:

Wilcoxon rank sum test

Estimate: -0.564, 95% CI: [-0.709 , -0.407],

. 6.56-11
et S Statistics: 1790

mRNA_Clusters (KRUSKALWALLISTEST)

DNA_Copy_Clusters (KRUSKALWALLISTEST|

miRNA_Clusters (KRUSKALWALLISTEST)

R R Hypomethylation_Cluster (KRUSKALWALLIST]

= CDKN2A_Silencing (WILCOXONRANKSUMT

Paradigm_Clusters (KRUSKALWALLISTEST)

CTNNB1_Mutation_Status (WILCOXONRANK

= - TERT_Promoter_Mutation_Status (WILCOXO!

TP53_Mutation_Status (WILCOXONRANKSUY

Consensus_Clinical_and_RNA_Seq_Hepatitis |
(WILCOXONRANKSUMTEST)

Deta | I e d re po rt Of M YC_d rive n iCluster_Clusters_1_vs_rest (WILCOXONRAN
M Od u Ie 112: RPPA_Clusters (WILCOXONRANKSUMTEST
CI | n |Ca I C h aracte rI zat | on SurvivalTime (COXPROPHAZARDTIMETOE

SurvivalCensoring (COXPROPHAZARDRIGH
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Gene Set Enrichment Analysis

MSigDB Home
About Collections

Browse Gene Sets

Search Gene Sets

Investigate Gene Sets
View Gene Families
Help

GSEA Home

Downloads

Molecular Signatures Database Documentat

Gene Set: HOSHIDA_LIVER_CANCER_SUBCLASS_S2

Standard name
Systematic nhame
Brief description

Full description or abstract

Collection

Source publication

Exact source
Related gene sets

External links

Organism

Contributed by

Source platform

Dataset references

Download gene set

Compute overlaps

Compendia expression profiles

HOSHIDA_LIVER_CANCER_SUBCLASS_S2
M7995

Genes from 'subtype S2' signature of hepatocellular carcinoma (HCC): proliferation, MYC and
AKT1 [GenelD=4609;207] activation.

login

register

—
Hepatocellular carcinoma (HCC) is a highly heterogeneous disease, and prior attempts to
develop genomic-based classification for HCC have yielded highly divergent results, indicating
difficulty in identifying unified molecular anatomy. We performed a meta-analysis of gene
expression profiles in data sets from eight independent patient cohorts across the world. In
addition, aiming to blish the real world licability of a ification system, we profiled
118 formalin-fixed, paraffin-embedded tissues from an additional patient cohort. A total of 603
patients were analyzed, representing the major etiologies of HCC (hepatitis B and C) collected
from Western and Eastern countries. We observed three robust HCC subclasses (termed S1, S2,
and S3), each correlated with clinical parameters such as tumor size, extent of cellular
differentiation, and serum alpha-fetoprotein levels. An analysis of the components of the
signatures indicated that S1 reflected aberrant activation of the WNT signaling pathway, S2 was
characterized by proliferation as well as MYC and AKT activation, and S3 was associated with
hepatocyte differentiation. Functional studies indicated that the WNT pathway activation
signature characteristic of S1 tumors was not simply the result of beta-catenin mutation but
rather was the result of transforming growth factor-beta activation, thus representing a new
mechanism of WNT pathway activation in HCC. These experiments establish the first consensus
classification framework for HCC based on gene expression profiles and highlight the power of
integrating multiple data sets to define a robust molecular taxonomy of the disease. [Cancer Res
2009;69(18):7385-92].

C2: curated gene sets
CGP: chemical and genetic perturbations

Pubmed 19723656 Authors: Hoshida Y,Nijman SM,Kobayashi M,Chan JA,Brunet JP,Chiang
DY,Villanueva A,Newell P,Ikeda K,Hashimoto M,Watanabe G,Gabriel S,Friedman SL,Kumada
H,Llovet JM,Golub TR

Table 3S: Subtype=S2
(show 2 additional gene sets from the source publication)

(show 300 gene sets from the same authors)

Homo sapiens
Jessica Robertson (Broad Institute)
EntrezGenelds

format: grp | text | gmt | gmx | xml
(show collections to investigate for overlap with this gene set)
Human tissue compendium (Novartis)




AMARETTO report LIHC

Enrichments of Driver Perturbations in Regulatory Module

’ csv H Excel H PDE H Piint H Columnisibity ‘Sh°W|L|e""ries Search: [wvc
#Genes #Genes % Genes FDRQ
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Set Overlap overlap
Al Al Al m} O

SF1, MTCH2, CWF19L2, MRPS17, RRP8, CPSF7, VPS37C, BANF1, EIF4G2, ZFP91, MAP4K2, PRMT3,
FAU, DNAJC24, HNRNPA1L2, CDCAS, EIF1AD, EIF3M, ATF7IP, SSRP1, TAF6L, KATS, FTSJ2,
GTF3C4, TMEM41B. CLP1. MAD2L1BP. METTL12, CLPTMIL, FEN1, MARK2, TRIM41, COX8A,
Encode_MYC_K562_hg19 Encode_MYC_K562_hg19 6800 70 NUP188, POLA2, WDR74, POM121C, IPO7, PDHX, CSTF3, AHCTF1, NSUN2, UTP3, MGA, INTS5, 0.010 2.2e-33 2.2e-29
- - - - - - ZDHHCS, SAAL1, SNHG1, PRPF19, BAZ1B, RNF219, INCENP, DDB1, NAT10, HNRNPL, ZNHIT2,
. KBTBD4, XPOS5, CAPRIN1, KDM3B, PSMC3, TUT1, MRPL49, HNRNPUL2, PDS5B, PDS5A, NDUFS3,
TIMM10, CKAPS, ZNF195

MTCH2, MRPS17, RRP8, IPO7, ARFIP2, CS TF3, UBXN1, NSUN2, UTP3, MGA, INTS5, ZDHHCS,

Encode_MYC_Hela-S3_hg19 Encode_MYC_HeLa-S3_hg19 3080 43 EIF4G2, ZFP91, SNHG1, PRPF19, PRVMT3, FAU, DNAJC24, BAZ1B, HNRNPA1L2, INCENP, DDBI, 0.014 2.3e-23 4.6e-20

EIFSM, NAT10, GSERT, ATF7IP, SSRP1, 2N 175 aTs, XPOS, KDM3B, PSMC3, TUT1, MRPLAY,
GTF3C4, HNRNPUL2, PDSSA, TMEMA1B, CLP1, ARFGAP2, FENT, ZNF195

SF1, SDHAF2, TRIM41, COX8A, MRPS17, NUP188, POLA2, RRP8, POM121C, IPO7, ARFIP2, CPSF7,

VPS37C, UTP3, MGA, INTS5, ZDHHCS, SAAL1, PRPF19, FAU, DNAJC24, BAZ1B, HNRNPA1L2,
Encode_MYC_MCF-7_hg19 Encode_MYC_MCF-7_hg19 5003 50 CDCAS, DDB1, ZNF431, EIF1AD, TBC1D14, ATF7IP, SSRP1, ZNHIT2, KATS, KBTBDA4, KDM3B, 0.010 3.4e-21 4.2e-18
- = 4 TMEMS33, TUT1, MRPL49, FTSJ2, GANAB, HNRNPUL2, PDS5B, PDS5A, NDUFS3, SF3B2, TIMM10,
2 = ZNF107, METTL12, ARFGAP2, CKAPS, ZNF195

BAZ1B, HNRNPA1L2, RNF219, DDB1, EIF1AD, COX8A, MRPS17, NUP188, OTUB1, RRP8, ARFIP2,

e e T Encode_MYC_GM12878_hg19 Encode_MYC_GM12878_hg19 2000 31 KATS, KBTBD4, KDM3B, TUT1, UTP3, MRPL49, FTSJ2, MGA, INTS5, HNRNPUL2, PDS5A, NDUFS3, 0.015 8.7e-18 5.0e-15

CLP1, SF3B2, TIMM10, SAAL1, FEN1, FAU, DNAJC24, ZNF195

ChEA_MYC_18358816_ChlP-  ChEA_MYC_18358316_ChiP- . - SANFY,TGrDRARL. FONALS,MEM, PR 10 VARG, FAL 21 COGAS IGENS,ODB1 N0, 01 067 20614

ATF7IP, OTUB1, ZNHIT2, XPOS5, PSMC3, TMEM33, TUT1, MRPL49, GTF3C4, GANAB, TMEM41B,
ChIP_MESCs_Mouse ChlP_MESCs_Mouse T e ey

. - — MTCH2, COX8A, CWF19L2, NUP188, POLA2, WDRT74, IPO7, ARFIP2, CSTF3, AHCTF1, DDAHT,

ChEA_MYC_19030024_ChlP-  ChEA_MYC_19030024_ChIP-

3868 40 NSUN2, MGA, ZDHHCS5, BANF 1, EIF4G2, ZFP91, PRPF19, PRMT3, FAU, FIZ1, BAZ1B, CDCAS5, 001 0 5.59'1 7 279_14
ChIP_MESCs_Mouse ChiP_MESCs_Mouse R T e
[ Consensus_MYC_ENCODE Consensus_MYC_ENCODE 1515 24 o e e e 0.016 5.3e-14 5.9e-12
hEA_MYC_18555785_ChlIP- hEA_MYC_18555785_ChIP-
, oo MESC Move T G WESCS Mosee T 1200 20 ST OSSR LT 07 312 63610
CHlZ VO Iates Gl G WERNLIERAE Gl oy 25 T e e e A N T 37611 5.00-9
Seq_MESCs_Mouse Seq_MESCs_Mouse FIZ1, MARK2

SDHAF2, MTCH2, MRPS17, POM121C, ARFIP2, CPSF7, VPS37C, INTSS, SAAL1, EIFAG2, PRPF19,

Encode_MYC_MCF 10A_hg19 Encode_MYC_MCF 10A_hg19 3382 29 FIZ1, HNRNPA1L2, CDCAS, RNF219, EIF3M, TMEM223, SNRNP35, KATS, KBTBD4, TUT1, FTSJ2, 0.0086 3.1e-10 1.7e-8

GTF3C4, GANAB, PDS58, NDUFS3, TMEMA41B, ZNF107, METTL12

Detailed report of MYC-driven Showing 11010 o 24 eiis (ferd rom 7061 ial enie) Prious | 1] 2 3 Nox
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AMARETTO report LIHC

Enrichments of Driver Perturbations in Regulatory Module

’ csv H Excel H PDE H Piint H Columnisibity ‘Sh°W|L|e""ies Search: [wvc
#Genes #Genes % Genes FDRQ
Gene Set Name Gene Set Description inGene in Genes in Overlap in P-value .
value
Set Overlap overlap
Al Al Al m} O

SF1, MTCH2, CWF19L2, MRPS17, RRP8, CPSF7, VPS37C, BANF1, EIF4G2, ZFP91, MAP4K2, PRMT3,
FAU, DNAJC24, HNRNPA1L2, CDCAS, EIF1AD, EIF3M, ATF7IP, SSRP1, TAF6L, KATS, FTSJ2,
GTF3C4, TMEM41B. CLP1. MAD2L1BP. METTL12, CLPTMIL, FEN1, MARK2, TRIM41, COX8A,
Encode_MYC_K562_hg19 Encode_MYC_K562_hg19 6800 70 NUP188, POLA2, WDR74, POM121C, IPO7, PDHX, CSTF3, AHCTF1, NSUN2, UTP3, MGA, INTS5, 0.010 2.2e-33 2.2e-29
- - - - - - ZDHHCS, SAAL1, SNHG1, PRPF19, BAZ1B, RNF219, INCENP, DDB1, NAT10, HNRNPL, ZNHIT2,
. KBTBD4, XPOS5, CAPRIN1, KDM3B, PSMC3, TUT1, MRPL49, HNRNPUL2, PDS5B, PDS5A, NDUFS3,
TIMM10, CKAPS, ZNF195

MTCH2, MRPS17, RRP8, IPO7, ARFIP2, CS TF3, UBXN1, NSUN2, UTP3, MGA, INTS5, ZDHHCS,

Encode_MYC_Hela-S3_hg19 Encode_MYC_HeLa-S3_hg19 3080 43 EIF4G2, ZFP91, SNHG1, PRPF19, PRVMT3, FAU, DNAJC24, BAZ1B, HNRNPA1L2, INCENP, DDBI, 0.014 2.3e-23 4.6e-20

EIFSM, NAT10, GSERT, ATF7IP, SSRP1, 2N 175 aTs, XPOS, KDM3B, PSMC3, TUT1, MRPLAY,
GTF3C4, HNRNPUL2, PDSSA, TMEMA1B, CLP1, ARFGAP2, FENT, ZNF195

SF1, SDHAF2, TRIM41, COX8A, MRPS17, NUP188, POLA2, RRP8, POM121C, IPO7, ARFIP2, CPSF7,

VPS37C, UTP3, MGA, INTS5, ZDHHCS, SAAL1, PRPF19, FAU, DNAJC24, BAZ1B, HNRNPA1L2,
Encode_MYC_MCF-7_hg19 Encode_MYC_MCF-7_hg19 5003 50 CDCAS, DDB1, ZNF431, EIF1AD, TBC1D14, ATF7IP, SSRP1, ZNHIT2, KATS, KBTBDA4, KDM3B, 0.010 3.4e-21 4.2e-18
- = 4 TMEMS33, TUT1, MRPL49, FTSJ2, GANAB, HNRNPUL2, PDS5B, PDS5A, NDUFS3, SF3B2, TIMM10,
2 = ZNF107, METTL12, ARFGAP2, CKAPS, ZNF195

BAZ1B, HNRNPA1L2, RNF219, DDB1, EIF1AD, COX8A, MRPS17, NUP188, OTUB1, RRP8, ARFIP2,

P Encode_MYC_GM12878_hg19 Encode_MYC_GM12878_hg19 2000 31 KATS, KBTBD4, KDM3B, TUT1,UTP3, MRPL49, FTSJ2,MGA, INTS5, HNRNPUL2, PDS5A, NDUFS3, 0.015 8.7e-18 5.0e-15

CLP1, SF3B2, TIMM10, SAAL1, FEN1, FAU, DNAJC24, ZNF195

ChEA_MYC_18358816_ChlP-  ChEA_MYC_18358316_ChiP- . - SANFY,TGrDRARL. FONALS,MEM, PR 10 VARG, FAL 21 COGAS IGENS,ODB1 N0, 01 067 20614

ATF7IP, OTUB1, ZNHIT2, XPOS5, PSMC3, TMEM33, TUT1, MRPL49, GTF3C4, GANAB, TMEM41B,
ChIP_MESCs_Mouse ChlP_MESCs_Mouse T e ey

: ' ChEA_MYC_19030024_ChiP-  ChEA_MYC_19030024_ChIP- . 20 NSUNG, MG, ZOLHCE CANFY, EF 402, 2678, PRFF19, RT3 AL FI, BAEIE, COOS, 0.010 55017 S

INCENP, DDB1, NAT10, ATF7IP, SSRP1, OTUB1, TAF6L, XPOS5, CAPRIN1, TMEM33, GTF3C4,
ChIP_MESCs_Mouse ChIP_MESCs_Mouse NDUFS3, TMEMA41B, MAD2L1BP, TIMM10, CLPTMIL, FEN1

[ Consensus_MYC_ENCODE Consensus_MYC_ENCODE 1515 24 o e e e 0.016 5.3e-14 5.9e-12
hEA_MYC_18555785_ChlIP- hEA_MYC_18555785_ChIP-
: vt e AR 20 SO A el M o T B TORAT WS 17 362 63010
ChlZ WO (e Cll>  CilSA MO SRR ER oo 25 T e e e A N T 37611 5009
Seq_MESCs_Mouse Seq_MESCs_Mouse FIZ1, MARK2

SDHAF2, MTCH2, MRPS17, POM121C, ARFIP2, CPSF7, VPS37C, INTSS, SAAL1, EIFAG2, PRPF19,

Encode_MYC_MCF 10A_hg19 Encode_MYC_MCF 10A_hg19 3382 29 FIZ1, HNRNPA1L2, CDCAS, RNF219, EIF3M, TMEM223, SNRNP35, KATS, KBTBD4, TUT1, FTSJ2, 0.0086 3.1e-10 1.7e-8

GTF3C4, GANAB, PDS58, NDUFS3, TMEMA41B, ZNF107, METTL12
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Perturbation-AMARETTO report LIHC

Perturbation-AMARETTO v2: driver validation & discovery using genetic perturbations from LINCS/CMAP

Case Study 1: virus-induced hepatocellular carcinoma

Driver discovery across 6 data sets

=0 Excel PDF Print Colurnn visibility (htthsdpoc hetlab. shiryappsiofha MARETTO Liver_BDS_Driversizy | Show | 500 ¥ | entries Search:
PerturbationiD cell_Line GeneSymbol EntreziD PerturbationType Type LIHC
Al Al ["M G B2 "E2F 5" E Al Al All escare-pval-pad) [

CoS001_A3T5_96H BZwW2: 1 £A375 BZwW2 28969 trt_sh.cos landr ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_AGF5_96H MY C:1 ABTS (Yol 4603 trt_sh.cos landm ark Module 112 A_D (w = 0.0179) , escore-pval-padi-zscore
CoS001_AS75_96H MPM1:1 £A375 NP 4889 trt_sh.cgs best inferred Module 112 : A_D {(w = 0.0205) , escore-pval-padji-zscore
OEB005_AG75_96H:BRDNO000408975: -666 AZTS NP 4863 trt_oe best inferred Module 112 © A_D (w = 0.0205) , escore-pval-padi-zscore
CoE001_AST5_S6H EIFSH:1 ASTS EIF3H 8667 trt_sh.cgs best inferred Module 112 : A_D (w = 0.0348) , escore-pval-pad
CGS001_AS49_96H EIF3H:1 A549 EIF3H 8667 trt_sh.cos best inferred Module 112 : A_D (w = 0.0348) , escore-pval-padi-zscore
COS001_AS49_26H MY T 1 A549 MY T 4609 trt_sh.cgs landm ark Module 112 : A _D (w = 0.0179) , escore-pval-padi-zscore
CGS001_AS549_36H E2F5:1 A549 E2F5 1875 trt_sh.cos best inferred Module 112 A_D (w = 0.0128) , escore-pval-pacdj
CGS001_HATE_S6HMYC: 1.5 HA1E MY C 4609 trt_sh.cos landm ark Module 112 A_D (w = 0.0179) , escore-pval-padi-zscore
CGS001_HAIE_96H:EIF3H: 1.5 HAa1E EIF3H 8667 trt_sh.cos best inferred Module 112 : A_D (w = 0.0348) , escore-pval-padi-zscore
CGS001_HATE_96H:BZWW2:1.5 HATE BZvwW2 28369 trt_sh.cos landm ark Module 112 A_D (w = 0.0206) , escore-pval-padi-zscore
CoS001_HCCS515_96H: MY C:2 HCC515 MY C 4809 trt_sh.cgs landm ark Module 112 : A_D {w = 0.0179) , escore-pval-padji-zscore
CGS001_HEPG2_S6H:MYCI1.5 HEPGZ MY C 4603 trt_sh.cos landm ark Module 112 © A_D (w = 0.0173) , escore-pval-padi-zscore
CGE001_HEPG2_96H:BZW2:1.5 HEPG2 BIW2 28969 trt_sh.cgs landm ark Module 112 : A_D (w = 0.0206) , escore-pval-padi-zscore
OEB005_HERG2_96H:BRDNO00DA0E975. 666 HEPG2 NP 4869 trt_oe best inferred Module 112 : A_D (w = 0.0205) , escore-pval-pacdj
CGS001_HT29_S6H:BZwW2:1 HT29 BZwW2 28969 trt_sh.cgs landm ark Module 112 @ A_D (w = 0.0206) , escore-pval-padi-zscore
CGS001_HT29_SEH:MYC:I1 HT28 MY C 4609 trt_sh.cos landm arkc Module 112 : A_D (w = 0.0179) , escore-pval-pacdj
CGS001_HT29 96H:E2F5:1 HT22 E2F5 1875 trt_sh.cgs bestinferred Module 112 : A _D (w = 0.0129) , escore-pval-padi-zscore
CGS001_MCF7_144H BZW22 MCF7 BZwW2 28969 trt_sh.cos landm ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_MCF7_144H:MYC:2 MCFT MY C 4609 trt_sh.cos landm ark Module 112 0 A _D (w = 0.0179) , escore-pval-pad)
CGS001_MCF7_96H: BZwW2 2 MCF7 BZwW2 28969 trt_sh.cgs landr ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_MCF7_96H MY C:2 MCF7 MY C 4603 trt_sh.cos landm ark Module 112 0 A_D (w = 0.0173) , escore-pval-pacdj
CGS001_MCF7_144H:NPM1:2 MCF7 NP 4889 trt_sh.cgs best inferred Module 112 : A_D {w = 0.0205) , escore-pval-padi-zscore
CGS001_MCF7_96H NPM1:2 MCF7 NP 4869 trt_sh.cos best inferred Module 112 : A_D (w = 0.0205) , escore-pval-pacdj
CEE001_MCF7_96H EIFSH:2 MCFT EIF3H 8667 trt_sh.cgs best inferred Module 112 @ A_D (w = 0.0348) , escore-pval-padi-zscore
CGS001_NPC_96H BZW2:1.5 NPC BZwW2 28369 trt_sh.cos landm arkc Module 112 : A_D (w = 0.0208) , escore-pval-padi-zscore
CGS001_NPC_96H MY C:i1.5 NPC MY T 4609 trt_sh.cgs landm ark Module 112 : A _D (w = 0.0179) , escore-pval-padi-zscore
CGS001_PC3_96H: MY C:2 PC3 MY C 4609 trt_sh.cos landm ark Module 112 : A_D (w = 0.0179) , escore-pval-padi-zscore
OEB003_FC3_96H BRON 0000405602666 FC3 BZvwW2 28969 trt_oe landm ark Module 112 A_D (w = 0.02086) , escore-pval-padi-zscore
CGES001_PC3_96H:EIF3H:2 PC3 EIF3H 8667 trt_sh.cgs best inferred Module 112 : A_D (w = 0.0348) , escore-pval-pad)
CGS001_VCAP_120HNPM1:5 WCAR NP 4863 trt_sh.cos best inferred Module 112 © A_D (w = 0.0205) , escore-pval-padi-zscore
CGS001_WCAP_120H:MYC:S AP MY C 4809 trt_sh.cgs landm ark Module 112 : A_D {w = 0.0179) , escore-pval-pad
CGS001_WCAP_120H:EIF3H:S VAR EIF3H 8667 trt_sh.cos best inferred Module 112 © A_D (w = 0.0348) , escore-pval-padi-zscore
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Perturbation-AMARETTO report LIHC

Perturbation-AMARETTO v2: driver validation & discovery using genetic perturbations from LINCS/CMAP

Case Study 1: virus-induced hepatocellular carcinoma

Driver discovery across 6 data sets

=0 Excel PDF Print Colurnn visibility (htthsdpoc hetlab. shiryappsiofha MARETTO Liver_BDS_Driversizy | Show | 500 ¥ | entries Search:
PerturbationiD cell_Line GeneSymbol EntreziD PerturbationType Type LIHC
Al Al ["M G B2 "E2F 5" E ® Al Al All escare-pval-pad) [

CoS001_A3T5_96H BZwW2: 1 £A375 BZwW2 28969 trt_sh.cos landr ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_AGF5_96H MY C:1 ABTS (Yol 4603 trt_sh.cos landm ark Module 112 A_D (w = 0.0179) , escore-pval-padi-zscore
CoS001_AS75_96H MPM1:1 £A375 NP 4889 trt_sh.cgs best inferred Module 112 : A_D {(w = 0.0205) , escore-pval-padji-zscore
OEB005_AG75_96H:BRDNO000408975: -666 AZTS NP 4863 trt_oe best inferred Module 112 © A_D (w = 0.0205) , escore-pval-padi-zscore
CoE001_AST5_S6H EIFSH:1 ASTS EIF3H 8667 trt_sh.cgs best inferred Module 112 : A_D (w = 0.0348) , escore-pval-pad
CGS001_AS49_96H EIF3H:1 A549 EIF3H 8667 trt_sh.cos best inferred Module 112 : A_D (w = 0.0348) , escore-pval-padi-zscore
COS001_AS49_26H MY T 1 A549 MY T 4609 trt_sh.cgs landm ark Module 112 : A _D (w = 0.0179) , escore-pval-padi-zscore
CGS001_AS549_36H E2F5:1 A549 E2F5 1875 trt_sh.cos best inferred Module 112 A_D (w = 0.0128) , escore-pval-pacdj
CGS001_HATE_S6HMYC: 1.5 HA1E MY C 4609 trt_sh.cos landm ark Module 112 A_D (w = 0.0179) , escore-pval-padi-zscore
CGS001_HAIE_96H:EIF3H: 1.5 HAa1E EIF3H 8667 trt_sh.cos best inferred Module 112 : A_D (w = 0.0348) , escore-pval-padi-zscore
CGS001_HATE_96H:BZWW2:1.5 HATE BZvwW2 28369 trt_sh.cos landm ark Module 112 A_D (w = 0.0206) , escore-pval-padi-zscore
CoS001_HCCS515_96H: MY C:2 HCC515 MY C 4809 trt_sh.cgs landm ark Module 112 : A_D {w = 0.0179) , escore-pval-padji-zscore
CGS001_HEPG2_S6H:MYCI1.5 HEPGZ MY C 4603 trt_sh.cos landm ark Module 112 © A_D (w = 0.0173) , escore-pval-padi-zscore
CGE001_HEPG2_96H:BZW2:1.5 HEPG2 BIW2 28969 trt_sh.cgs landm ark Module 112 : A_D (w = 0.0206) , escore-pval-padi-zscore
OEB005_HERG2_96H:BRDNO00DA0E975. 666 HEPG2 NP 4869 trt_oe best inferred Module 112 : A_D (w = 0.0205) , escore-pval-pacdj
CGS001_HT29_S6H:BZwW2:1 HT29 BZwW2 28969 trt_sh.cgs landm ark Module 112 @ A_D (w = 0.0206) , escore-pval-padi-zscore
CGS001_HT29_SEH:MYC:I1 HT28 MY C 4609 trt_sh.cos landm arkc Module 112 : A_D (w = 0.0179) , escore-pval-pacdj
CGS001_HT29 96H:E2F5:1 HT22 E2F5 1875 trt_sh.cgs bestinferred Module 112 : A _D (w = 0.0129) , escore-pval-padi-zscore
CGS001_MCF7_144H BZW22 MCF7 BZwW2 28969 trt_sh.cos landm ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_MCF7_144H:MYC:2 MCFT MY C 4609 trt_sh.cos landm ark Module 112 0 A _D (w = 0.0179) , escore-pval-pad)
CGS001_MCF7_96H: BZwW2 2 MCF7 BZwW2 28969 trt_sh.cgs landr ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_MCF7_96H MY C:2 MCF7 MY C 4603 trt_sh.cos landm ark Module 112 0 A_D (w = 0.0173) , escore-pval-pacdj
CGS001_MCF7_144H:NPM1:2 MCF7 NP 4889 trt_sh.cgs best inferred Module 112 : A_D {w = 0.0205) , escore-pval-padi-zscore
CGS001_MCF7_96H NPM1:2 MCF7 NP 4869 trt_sh.cos best inferred Module 112 : A_D (w = 0.0205) , escore-pval-pacdj
CEE001_MCF7_96H EIFSH:2 MCFT EIF3H 8667 trt_sh.cgs best inferred Module 112 @ A_D (w = 0.0348) , escore-pval-padi-zscore
CGS001_NPC_96H BZW2:1.5 NPC BZwW2 28369 trt_sh.cos landm arkc Module 112 : A_D (w = 0.0208) , escore-pval-padi-zscore
CGS001_NPC_96H MY C:i1.5 NPC MY T 4609 trt_sh.cgs landm ark Module 112 : A _D (w = 0.0179) , escore-pval-padi-zscore
CGS001_PC3_96H: MY C:2 PC3 MY C 4609 trt_sh.cos landm ark Module 112 : A_D (w = 0.0179) , escore-pval-padi-zscore
OEB003_FC3_96H BRON 0000405602666 FC3 BZvwW2 28969 trt_oe landm ark Module 112 A_D (w = 0.02086) , escore-pval-padi-zscore
CGES001_PC3_96H:EIF3H:2 PC3 EIF3H 8667 trt_sh.cgs best inferred Module 112 : A_D (w = 0.0348) , escore-pval-pad)
CGS001_VCAP_120HNPM1:5 WCAR NP 4863 trt_sh.cos best inferred Module 112 © A_D (w = 0.0205) , escore-pval-padi-zscore
CGS001_WCAP_120H:MYC:S AP MY C 4809 trt_sh.cgs landm ark Module 112 : A_D {w = 0.0179) , escore-pval-pad
CGS001_WCAP_120H:EIF3H:S VAR EIF3H 8667 trt_sh.cos best inferred Module 112 © A_D (w = 0.0348) , escore-pval-padi-zscore
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Perturbation-AMARETTO report LIHC

Perturbation-AMARETTO v2: driver validation & discovery using genetic perturbations from LINCS/CMAP

Case Study 1: virus-induced hepatocellular carcinoma

Driver discovery across 6 data sets

=0 Excel PDF Print Colurnn visibility (htthsdpoc hetlab. shiryappsiofha MARETTO Liver_BDS_Driversizy | Show | 500 ¥ | entries Search:
PerturbationiD cell_Line GeneSymbol EntreziD PerturbationType Type LIHC
Al Al ["M G B2 "E2F 5" E ® Al Al All escare-pval-pad) [
E—

CoS001_A3T5_96H BZwW2: 1 £A375 BZW2 28969 trt_sh.cos landr ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_AGF5_96H MY C:1 ABTS (Yol 4603 trt_sh.cos landm ark Module 112 A_D (w = 0.0179) , escore-pval-padi-zscore
CoS001_AS75_96H MPM1:1 £A375 NP 4889 trt_sh.cgs best inferred Module 112 : A_D {(w = 0.0205) , escore-pval-padji-zscore
OEB005_AG75_96H:BRDNO000408975: -666 AZTS NP 4863 trt_oe best inferred Module 112 © A_D (w = 0.0205) , escore-pval-padi-zscore
CoE001_AST5_S6H EIFSH:1 ASTS EIF3H 8667 trt_sh.cgs best inferred Module 112 : A_D (w = 0.0348) , escore-pval-pad
CGS001_AS49_96H EIF3H:1 A549 EIF3H 8667 trt_sh.cos best inferred Module 112 : A_D (w = 0.0348) , escore-pval-padi-zscore
COS001_AS49_26H MY T 1 A549 MY T 4609 trt_sh.cgs landm ark Module 112 : A _D (w = 0.0179) , escore-pval-padi-zscore
CGS001_AS549_36H E2F5:1 A549 E2F5 1875 trt_sh.cos best inferred Module 112 A_D (w = 0.0128) , escore-pval-pacdj
CGS001_HATE_S6HMYC: 1.5 HA1E MY C 4609 trt_sh.cos landm ark Module 112 A_D (w = 0.0179) , escore-pval-padi-zscore
CGS001_HAIE_96H:EIF3H: 1.5 HAa1E EIF3H 8667 trt_sh.cos best inferred Module 112 : A_D (w = 0.0348) , escore-pval-padi-zscore
CGS001_HATE_96H:BZWW2:1.5 HATE BZvwW2 28369 trt_sh.cos landm ark Module 112 A_D (w = 0.0206) , escore-pval-padi-zscore
CoS001_HCCS515_96H: MY C:2 HCC515 MY C 4809 trt_sh.cgs landm ark Module 112 : A_D {w = 0.0179) , escore-pval-padji-zscore
CGS001_HEPG2_S6H:MYCI1.5 HEPGZ MY C 4603 trt_sh.cos landm ark Module 112 © A_D (w = 0.0173) , escore-pval-padi-zscore
CGE001_HEPG2_96H:BZW2:1.5 HEPG2 BIW2 28969 trt_sh.cgs landm ark Module 112 : A_D (w = 0.0206) , escore-pval-padi-zscore
OEB005_HERG2_96H:BRDNO00DA0E975. 666 HEPG2 NP 4869 trt_oe best inferred Module 112 : A_D (w = 0.0205) , escore-pval-pacdj
CGS001_HT29_S6H:BZwW2:1 HT29 BZwW2 28969 trt_sh.cgs landm ark Module 112 @ A_D (w = 0.0206) , escore-pval-padi-zscore
CGS001_HT29_SEH:MYC:I1 HT28 MY C 4609 trt_sh.cos landm arkc Module 112 : A_D (w = 0.0179) , escore-pval-pacdj
CGS001_HT29 96H:E2F5:1 HT22 E2F5 1875 trt_sh.cgs bestinferred Module 112 : A _D (w = 0.0129) , escore-pval-padi-zscore
CGS001_MCF7_144H BZW22 MCF7 BZwW2 28969 trt_sh.cos landm ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_MCF7_144H:MYC:2 MCFT MY C 4609 trt_sh.cos landm ark Module 112 0 A _D (w = 0.0179) , escore-pval-pad)
CGS001_MCF7_96H: BZwW2 2 MCF7 BZwW2 28969 trt_sh.cgs landr ark Module 112 : A_D (w = 0.02086) , escore-pval-padi-zscore
CGS001_MCF7_96H MY C:2 MCF7 MY C 4603 trt_sh.cos landm ark Module 112 0 A_D (w = 0.0173) , escore-pval-pacdj
CGS001_MCF7_144H:NPM1:2 MCF7 NP 4889 trt_sh.cgs best inferred Module 112 : A_D {w = 0.0205) , escore-pval-padi-zscore
CGS001_MCF7_96H NPM1:2 MCF7 NP 4869 trt_sh.cos best inferred Module 112 : A_D (w = 0.0205) , escore-pval-pacdj
CEE001_MCF7_96H EIFSH:2 MCFT EIF3H 8667 trt_sh.cgs best inferred Module 112 @ A_D (w = 0.0348) , escore-pval-padi-zscore
CGS001_NPC_96H BZW2:1.5 NPC BZwW2 28369 trt_sh.cos landm arkc Module 112 : A_D (w = 0.0208) , escore-pval-padi-zscore
CGS001_NPC_96H MY C:i1.5 NPC MY T 4609 trt_sh.cgs landm ark Module 112 : A _D (w = 0.0179) , escore-pval-padi-zscore
CGS001_PC3_96H: MY C:2 PC3 MY C 4609 trt_sh.cos landm ark Module 112 : A_D (w = 0.0179) , escore-pval-padi-zscore
OEB003_FC3_96H BRON 0000405602666 FC3 BZvwW2 28969 trt_oe landm ark Module 112 A_D (w = 0.02086) , escore-pval-padi-zscore
CGES001_PC3_96H:EIF3H:2 PC3 EIF3H 8667 trt_sh.cgs best inferred Module 112 : A_D (w = 0.0348) , escore-pval-pad)
CGS001_VCAP_120HNPM1:5 WCAR NP 4863 trt_sh.cos best inferred Module 112 © A_D (w = 0.0205) , escore-pval-padi-zscore
CGS001_WCAP_120H:MYC:S AP MY C 4809 trt_sh.cgs landm ark Module 112 : A_D {w = 0.0179) , escore-pval-pad
CGS001_WCAP_120H:EIF3H:S VAR St 8667 trt_sh.cos best inferred Module 112 © A_D (w = 0.0348) , escore-pval-padi-zscore

Showing 1 to 33 of 33 entries (fitered from 55,753 total entries)

Search for drivers of Module 112 validated using genetic perturbations from LINCS/CMAP: MYC, BZW2,
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AMARETTO report LIHC

Detailed report of MYC-driven
Module 112:
drug discovery
» Perturbation-AMARETTO v1

Enrichments of Drug Perturbations in Regulatory Module

csv H Excel H PDF H Print H Column visibility |5h°W| 10 |entries

Search: | I

#Genes #Genes . % Genes
. . Genesin R FDRQ-
Gene Set Name Gene Set Description inGene in in P-value
Overlap value
Set Overlap overlap
Al Al m} [m}
LINCSCMAP_ChemicalPerturbation_CPC007_A375_24H- LINCSCMAP_ChemicalPerturbation_CPC007_A375_24H- 197 6 gi;:;g:;;:: 0.047 5.16-7 0.00013
t5247673-10.0_DN 16247673-10.0_DN ZNHIT2, NDUFS3
LIN‘CSClMAP_ChemicalPerturbation_CPCOOG_THP1 _6H- LIN‘CSCl)MAP_ChemicaIPerturbation_CPCOOG_THP1_6H- 81 5 é;;gaf??sﬁs‘& 0.062 0.0000013 0.00027
teniposide-1.25_DN teniposide-1.25_DN ZNHIT2
L_INCSCMAP_ChemicalPerturbation_CPCOOG_VCAP_24H— LINC_SCMAP_ChemicaIPerturbation_CPCOOG_VCAP_24H» @ g TR QGED R Q@
piplartine-10.0_DN piplartine-10.0_DN ZNHIT2, KDM3B
LINCSCMAP_ChemicalPerturbation_LJP005_HT29_24H- LINCSCMAP_ChemicalPerturbation_LJP005_HT29_24H- 114 5 ;g};ﬁ,‘;‘mam, 0.044 0.0000068 0.0010
XMD16-144-3.33_DN XMD16-144-3.33_DN i
LINCSCMAP_ChemicalPerturbation_CPC017_MCF7_24H-  LINCSCMAP_ChemicalPerturbation_CPC017_MCF7_24H- 64 4 DNAJG24, ATFTIP, 0.063 0.000015 0.0018
LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H- LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H-
vu0418946-2-10.0_DN - - - vu0418946-2-10.0_DN - - - 67 4 BTGBRAGTRE 0.060 0.000018 0.0020
LINCSCMAP_ChemicalPerturbation_CPC013_NPC_24H- LINCSCMAP_ChemicalPerturbation_CPC013_NPC_24H- 67 4 HNRNPL, ATF7IP, 0.060 0.000018 0.0020
LINCSCMAP_ChemicalPerturbation_CPC004_VCAP_6H- LINCSCMAP_ChemicalPerturbation_CPC004_VCAP_6H-
mitomycin_c=10.0_DN - - - mitomycin_c=10.0_DN - - - 70 4 RofienBiE 0.057 0.000021 0.0023
LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H- LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H- 71 4 ATFTIP, CAPRINY, 0.056 0.000022 0.0024
Ia.l_l1\l(()3635(_)1l\6%Fl_D(%\TemlcaIPerturbatlon_CPCO14_ASC_24H— Iélqlge%(ihg%ﬁ_lj(%\‘hemmalPerturbatlon_CPC01 4_ASC_24H- 71 4 HABAAIFM. 0.056 0.000022 0.0024
Showing 1 to 10 of 2,167 entries (filtered from 9,505 total entries) Previous E 2 3 4 5 217 Next



AMARETTO report LIHC

Enrichments of Drug Perturbations in Regulatory Module

csv H Excel H PDF H Print H Column visibility |5h°W| 10 |entries

Search: | I

#Genes #Genes . % Genes
. . Genesin R FDRQ-
Gene Set Name Gene Set Description inGene in in P-value
Overlap value
Set Overlap overlap
Al Al m} [m}
LINCSCMAP_ChemicalPerturbation_CPC007_A375_24H- LINCSCMAP_ChemicalPerturbation_CPC007_A375_24H- 197 6 gi;:;g::gz: 0.047 5.16-7 0.00013
t5247673-10.0_DN 16247673-10.0_DN ZNHIT2, NDUFS3
- LINCSCMAP_ChemicalPerturbation_CPC006_THP1_6H- LINCSCMAP_ChemicalPerturbation_CPC006_THP1_6H- 81 5 é;;mf@zbga 0.062 0.0000013 0.00027
teniposide-1.25_DN teniposide-1.25_DN ZNHIT2
L_INCSCMAP_ChemicalPerturbation_CPCOOS_VCAP_24H— LINC_SCN.IAP_ChemicaIPerturbation_CPCOOG_VCAP_24H- 162 6 g;’:z:::;g*’h 0.037 0.0000021 0.00041
b ] piplartine-10.0_DN piplartine-10.0_DN ZNHIT2, KDM3B
LINCSCMAP_ChemicalPerturbation_LJP005_HT29_24H- LINCSCMAP_ChemicalPerturbation_LJP005_HT29_24H- 114 5 ;g};ﬁ,‘;‘mw, 0.044 0.0000068 0.0010
XMD16-144-3.33_DN XMD16-144-3.33_DN i
77777 ~ L - LINCSCMAP_ChemicalPerturbation_CPC017_MCF7_24H-  LINCSCMAP_ChemicalPerturbation_CPC017_MCF7_24H- 64 4 DNAJG24, ATFTIP, 0.063 0.000015 0.0018
= & LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H- LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H-
vu0418946-2-10.0_DN - - - vu0418946-2-10.0_DN - - - 67 4 BTGBRAGTRE 0.060 0.000018 0.0020
LINCSCMAP_ChemicalPerturbation_CPC013_NPC_24H- LINCSCMAP_ChemicalPerturbation_CPC013_NPC_24H- 67 4 HNRNPL, ATF7IP, 0.060 0.000018 0.0020
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ LINCSCMAP_ChemicalPerturbation_CPC004_VCAP_6H- LINCSCMAP_ChemicalPerturbation_CPC004_VCAP_6H-
- - - - ) . mitomycin_c10.0_DN - - - mitomycin_c10.0_DN - - - 70 4 RREHe TR 0.057 0.000021 0.0023
LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H- LINCSCMAP_ChemicalPerturbation_CPC012_HA1E_6H- 71 4 ATFTIP, CAPRINY, 0.056 0.000022 0.0024
Ia.l_l1\l(()3685(_)1l\6%Fl_D(%\TemlcaIPerturbatlon_CPCO14_ASC_24H— I5111\165635(_31I\6%F:_D(%\‘hem|calPerturbatlon_CPCO1 4_ASC_24H- 71 4 HABAAIFM. 0.056 0.000022 0.0024
2 Showing 1 to 10 of 2,167 entries (filtered from 9,505 total entries) Previous E 2 4 5 217 Next
i H A Search: __orafenib
Search for current LIHC treatments Sorafenib and Regorafenib:
#Genes #Genes . % Genes
. . Genesin . FDRQ-
Gene SetName Gene Set Description inGene in in P-value
. . Overlap value
Detailed report of MYC-driven st Overlap overiap
Module 112: . o
H LINCSCMAP_ChemicalPerturbation_LJP006_HEPG2_24H- LINCSCMAP_ChemicalPerturbation_LJP006_HEPG2_24H-
ru Iscover : , o1 Y 0019 011
sorafenib-10_DN sorafenib-10_DN
> Pe rtur b at | on- A M A R ETTO Vv 1 LINCSCMAP_ChemicalPerturbation_LJP009_MCF7_24H-  LINCSCMAP_ChemicalPerturbation_LJPO09_MCF7_24H-
98 2 sANFLFENT 0.020 0.021 0.11

regorafenib-10_DN regorafenib-10_DN

Showing 1 to 2 of 2 entries (filtered from 9,505 total entries)
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Perturbation-AMARETTO report LIHC

Perturbation-AMARETTO v2: drug discovery using chemical perturbations from LINCS/CMAP

Case Study 1: virus-induced hepatocellular carcinoma

Drug discovery across 6 data sets

csv || et || por || Port || conmeukbmg Smwm ertries
Detaset Module sig_id Cell_Lire pert_iname pert_type preal _perturbati on qual_perturbation E% HES ik ore Extrare size Pherctypes Statistical_Test pal_phendtype gual_phenctype Descriptive_Statistics Chemical_Phenctype_Direction
a a = o = o a
SundalTime 2;"::;::':27 Beta: 0.54749, Hazard
Module- CPCOM3_HERGZ_BHBRD- ) (COXPROPHAZAR OT METOEVENT), Fatio: 19107, 05% C:
LIHC 1 B0 15,001 01010 HEP G2 sorafenit Tt_cp 00114 00445 04431 15227 1 B malGensrng :Z::ssion s 0.0013013 DAM0THE e sasa) e revarsad
(COXFROPHAZAR DRIGHTCENS ORING) ‘Efo Statistio: 10,34
SurvialTime g:;":;'p’:::i'o‘r"s:: Beta: 064749, Hazard
hodule- CPCOMS_HERGZ_GHEBRD- o (COXFROPHAZAR OT METO EVENT), Fatio: 19107, 95% CI;
LIHC iz YR B DB HEPGZ rizatidine ft_cp 0.0017 00341 05687 -1 9687 i B alCensrng hazards , 0.0013013 DAMTE S o, reversed
(%P ROPHAZAR DRIGHTE BN ORING) zg{;smn(m Statistic: 1034
SunalTime 2:':;';:::':2? Beta: 064748, Hazard
Module- CPCOME_HERGZ_BHBRD- o (COXPROPHAZAR OT METOEVENT), Fatio: 1.9107, 05% C:
LIHC 1 RABRE AT 001 D560 HEP G2 nizatidine Tt_cp 0.0036 00341 04038 -2 0441 0 B malGensrng hazands . 0.0013013 DA aas. e revarsad
(COXPROPHAZAR DRIGHTCENS ORING) zg{;ssm“(wa Sttistic: 1034
SunalTime 2?;:;:::;27: Beta: 054749, Hazard
hodule- CPCIM3_MCFT_24HBRD- ] . . (C0XF ROPHAZAR OTIMET 0 EVENT), Ratio: 1.0107, 85°% CI.
LIHC e peg0aan o MEFT soratenit ft_cp 0.0303 00702 04375 18111 ] B el hazards ., 0.0013013 AR St reversed
(COXPROPHAZAR ORIGHT CEMS ORING) :;r;sm“(m Statistic: 1024
SunialTime g:‘::})’:::'oils Beta: 0 64749, Hazard
Module- CPCMM3_MCFF_BH-BRD- ] ] . (COXPROPHAZAROTIMET 0 EVENT), Ratio: 1.9107, 5% CI:
LIHC e rasm e o0 oade MG sorafenit Tt_cp 0.0054 00341 05196 19476 1 B altansoing :Z::ssion i 0.0013013 O pae, i reversed
(COXFROPHAZARDRIGHT CENS DRING) ‘Efo Statistic: 1034
SurvialTime gz;";;'p’::;'o";f: Beta: 0 54743, Hazard
hodule- CPO00Z_MCFT_§HBRD- . (COXFROPHAZAROTIMET O EVENT), Ratio: 1.0107, 85°% CI.
LIHC LT MCF? Hetinib t 0.0030 00341 05105 2007 ] 8 hazard 0.0013013 0140745 d
12 K70401845-001-03-3:10 eriamn! i Survial Censoring F:Z;S:ion ol [13877,3 8362], il reRre
(CO%PROPHAZARORIGHT CENS ORING) ‘Ego Statistic: 10 34
SundalTime 2;"::;::':27 Beta: 0 54749, Hazard
Module- LIPDO2_MCF7_24H: BRO- . ] . (COXPROPHAZAROTIMET 0 EVENT), Ratio: 1.9107, 5% CI:
LIHC e P00 B 00T et an MEFT erotinib Tt_cp 00706 00702 03627 15352 3 B alteeeing :Z::ssion " 0.0013013 O pae, i reversed
(COXFROPHAZARDRIGHT CENS ORING) ‘Efo Statistic: 1034
SurvialTime g:;":;'p’:::i'o‘r"s:: Beta: 0 54743, Hazard
hodule- CPCOME_PHH_24HBRO- o (COXPROPHAZARDTIMET O EVENT), Ratio: 1.0107, 85°% CI.
LIHC iz R0 0T 4 PHH iz atidine: ft_cp 0.0039 00341 05339 21747 i B alCensang r:z;r::ion . 0.0013013 DT B35, e reversed
(COXPROPHAZARORIGHT CENS ORING) ‘Ego Statistic: 10 34
Showing 1to & of 2 ertries (filered fom 329,000 toEl entries) Pranious 1 Mext

https://pochetlab.shinyapps.io/pAMARETTO Liver 6DS Drugs Diseases/ (under development)
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Perturbation-AMARETTO report LIHC

Perturbation-AMARETTO v2: drug discovery using chemical perturbations from LINCS/CMAP

Case Study 1: virus-induced hepatocellular carcinoma

Drug discovery across 6 data sets

Detaset Module sig_id Cell_Lire pert_iname pert_type preal _perturbati on qual_perturbation E% HES ik ore Extrare size Pherctypes Statistical_Test pal_phendtype gual_phenctype Descriptive_Statistics Chemical_Phenctype_Direction
o o o EEEES o EEEEE | PR o
SundalTime 2;"::;::':27 Beta: 0.54749, Hazard
Module- CPCOM3_HERGZ_BHBRD- ) (COXPROPHAZAR OT METOEVENT), Fatio: 19107, 05% C:
LIHC 1 B0 15,001 01010 HEP G2 sorafenit Tt_cp 00114 00445 04431 15227 1 B malGensrng :Z::ssion s 0.0013013 DAM0THE e sasa) e revarsad
(COXFROPHAZAR DRIGHTCENS ORING) ‘Efo Statistio: 10,34
SurvialTime g:;":;'p’:::i'o‘r"s:: Beta: 064749, Hazard
hodule- CPCOMS_HERGZ_GHEBRD- o (COXFROPHAZAR OT METO EVENT), Fatio: 19107, 95% CI;
LIHC iz YR B DB HEPGZ rizatidine ft_cp 0.0017 00341 05687 -1 9687 i B alCensrng hazards , 0.0013013 DAMTE S o, reversed
(%P ROPHAZAR DRIGHTE BN ORING) zg{;smn(m Statistic: 1034
SunalTime 2:':;';:::':2? Beta: 064748, Hazard
Module- CPCOME_HERGZ_BHBRD- o (COXPROPHAZAR OT METOEVENT), Fatio: 1.9107, 05% C:
LIHC 1 RABRE AT 001 D560 HEP G2 nizatidine Tt_cp 0.0036 00341 04038 -2 0441 0 B malGensrng hazands . 0.0013013 DA aas. e revarsad
(COXPROPHAZAR DRIGHTCENS ORING) zg{;ssm“(wa Sttistic: 1034
SunalTime 2?;:;:::;27: Beta: 054749, Hazard
hodule- CPCIM3_MCFT_24HBRD- ] . . (C0XF ROPHAZAR OTIMET 0 EVENT), Ratio: 1.0107, 85°% CI.
LIHC e peg0aan o MEFT soratenit ft_cp 0.0303 00702 04375 18111 ] B el hazards ., 0.0013013 AR St reversed
(COXPROPHAZAR ORIGHT CEMS ORING) :;r;sm“(m Statistic: 1024
Surival fnalysis:
SunialTime C::':;Po i Beta: 0 64749, Hazard
Module- CPCMM3_MCFF_BH-BRD- ] ] . (COXPROPHAZAROTIMET 0 EVENT), Ratio: 1.9107, 5% CI:
LIHC e rasm e o0 oade MG sorafenit Tt_cp 0.0054 00341 05196 19476 1 B altansoing ':Z:ersdssion i 0.0013013 O pae, i reversed
(COXFROPHAZARDRIGHT CENS DRING) Efo Statistic: 1034
SurvialTime gz;";;'p’::;'o";f: Beta: 0 54743, Hazard
hodule- CPO00Z_MCFT_§HBRD- . (COXFROPHAZAROTIMET O EVENT), Ratio: 1.0107, 85°% CI.
LIHC LT MCF? Hetinib t 0.0030 00341 05105 2007 ] 8 hazard 0.0013013 0140745 d
12 K70401845-001-03-3:10 eriamn! i Survial Censoring F:Z;S:ion ol [13877,3 8362], il reRre
(CO%PROPHAZARORIGHT CENS ORING) ‘Ego Statistic: 10 34
SundalTime 2;"::;::':27 Beta: 0 54749, Hazard
Module- LIPDO2_MCF7_24H: BRO- . ] . (COXPROPHAZAROTIMET 0 EVENT), Ratio: 1.9107, 5% CI:
LIHC e P00 B 00T et an MEFT erotinib Tt_cp 00706 00702 03627 15352 3 B alteeeing ':Z:ersdssion " 0.0013013 O pae, i reversed
(COXFROPHAZARDRIGHT CENS ORING) ‘Efo Statistic: 1034
SurvialTime g:;":;'p’:::i'o‘r"s:: Beta: 0 54743, Hazard
hodule- CPCOME_PHH_24HBRO- o (COXPROPHAZARDTIMET O EVENT), Ratio: 1.0107, 85°% CI.
LIHC iz R0 0T 4 PHH iz atidine: ft_cp 0.0039 00341 05339 21747 i B alCensang r:z;r::ion . 0.0013013 DT B35, e reversed
(COXPROPHAZARORIGHT CENS ORING) ‘Ego Statistic: 10 34

Showing 1to & of 2 ertries (filered fom 329,000 toEl entries)

Data set, Module Experiment, Cell line, Compound, Statistics

Phenotype: Survival Statistics

https://pochetlab.shinyapps.io/pAMARETTO Liver 6DS Drugs Diseases/ (under development)
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Perturbation-AMARETTO report LIHC

Perturbation-AMARETTO v2: drug discovery using chemical perturbations from LINCS/CMAP

Case Study 1: virus-induced hepatocellular carcinoma

Drug discovery across 6 data sets

(=] (ear] [oor]

Detaset Module sig_id Cell_Lird pert_iname pert_type preal _perturbati on qual_perturbation E% HES ik ore Extrare size Pherctypes Statistical_Test pal_phendtype gual_phenctype Descriptive_Statistics Chemical_Phenctype_Direction
o o o EEEES o EEEEE | PR o
SundalTime 2;"::;::':27 Beta: 0.54749, Hazard
Module- CPCOM3_HERGZ_BHBRD- ) (COXPROPHAZAR OT METOEVENT), Fatio: 19107, 05% C:
LIHC 1 B0 15,001 01010 HEP G2 sorafenit Tt_cp 00114 00445 04431 15227 1 B malGensrng :Z::ssion s 0.0013013 DAM0THE e sasa) e revarsad
(COXFROPHAZAR DRIGHTCENS ORING) ‘Efo Statistio: 10,34
SurvialTime g:;":;'p’:::i'o‘r"s:: Beta: 064749, Hazard
hodule- CPCOMS_HERGZ_GHEBRD- o (COXFROPHAZAR OT METO EVENT), Fatio: 19107, 95% CI;
LIHC iz YR B DB HEPGZ rizatidine ft_cp 0.0017 00341 05687 -1 9687 i B alCensrng hazards , 0.0013013 DAMTE S o, reversed
(%P ROPHAZAR DRIGHTE BN ORING) zg{;smn(m Statistic: 1034
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Search drug treatments reversing survival-associated Module 112 using chemical perturbations from LINCS/CMAP, Query: Sorafenib, Erlotinib, Nizatidine

https://pochetlab.shinyapps.io/pAMARETTO Liver 6DS Drugs Diseases/ (under development)
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AMARETTO report LIHC

MYC-driven Module 112

Summary of MYC-regulated Module 112: gt by
S
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expression, and MYC is activator of its target genes e e
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target genes o

* MYC, BZW2, E2F5, EIF3H, NPM1: LINCS/CMAP
genetic perturbations, modulating drivers
modulates its target genes
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Community-AMARETTO report virus-induced LIHC

Community Network Visualization
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Genes from 'subtype S1' signature of hepatocellular carcinoma (HCC): aberrant activation of the WNT signaling pathway

Survival signature genes defined in adjacent liver tissue: genes correlated with poor survival of hepatocellular carcinoma (HCC) patients

Polycomb Repression Complex 2 (PRC) targets; identified by ChIP on chip on human embryonic stem cells as genes that: possess the trimethylated .
H3K27 mark in their promoters and are bound by SUZ12 and EED Polycomb proteins Commumty 1
> IL8 pan-etiology driver of HCV and HBV virus-induced HCC associated with HCV and HBV viral load and HCC survival

A
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e T Module 80, Module 83, Module 85, Wodule  Module 57, Module 50, Module <2, Vodue 128, odue 1. 20 Nows

Mosie 142, Woda 45 53, sl .oz 100 Mo 56 Hode 5

> Genesfrom 'subtype S2' signature of hepatocellular carcinoma (HCC): proliferation, MYC and AKT1 activation
> MYCtargets; targets of c-Myc and Max identified by ChIP on chip in a Burkitt's lymphoma cel line; overlap set; and in cultured cell lines, focusing on E-box-containing genes;
high affinity bound subset Community 3
> CORE genes upregulated and identified by ChIP on chip as NOS (Nanog, OCT4, SOX2) transcription factor targets in human embryonic stem cells
> STX7 pan-etiology driver of HCV and HBV virus-induced HCC ® TCGA LIHC scHBY

CCLE_Liver @ Liver atures
tcHCV ImmuneSignatures
scHCV ® StemSignatures

pr— pvres — pooyw e W p— pr— p— ® tcHBVY
O Nogsa 7o Mot 75 Modd 5 Vot 20, okl 20, Mot 35, Wada_ Nosle, el 24 el 1, . i 7 Mo 10, Mot b o4, HOSHIDA UVER CANCER JUTE RECURRENCE, ON.
conmmy & el et pmaN o 12, i 13, e . o8, 0 HOSIOALVER_CANCER SUBCGLALS 2 0
- ol 125, Moat Module 138, Module 145
> Genes from 'subtype S3' signature of hepatocellular carcinoma (HCC): hepatocyte differentiation
> Survival signature genes defined in adjacent liver tissue: genes correlated with good survival of hepatocellular carcinoma (HCC) patients
> Liverspecific genes from Human Gene Expression Index, the HUGE Index, http://www.hugeindex.org Community 5
> APOC3 pan-etiology driver of HCV and HBV virus-induced HCC validated in all 6 data sources using genetic perturbations of APOC3 in the HepG2 liver cancer cell line
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Perturbation-AMARETTO report virus-induced LIHC:

river validation & discovery: across modules in tcHCV, scHCV, tcHBV, scHBV, CCLE and LIHC

Case Study 1: virus-induced hepatocellular carcinoma

Driver discovery across 6 data sets
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Perturbation-AMARETTO report virus-induced LIHC:

Drug discovery: Nizatidine reverses disease-associated modules in scHCV & scHBV (viral load), and LIHC

Case Study 1: virus-induced hepatocellular carcinoma

Drug discovery across 6 data sets
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to distinguish glioblastoma, or Grade IV glioma, from lower grades of glioma. The feature HBV can be
observed occasionally in the LE and IT regions, but it as well as MVP, NE, and PAN are frequently identified
inthe CT region. These structural features were identified and labeled in ~12,000 H&E histological images
using a semi-automated annotation application based on advanced statistical machine learning algorithms.

B GBM - Glioblastoma
M LEregion - Leading Edge Region
BILE - Leading Edge

M LE-reference-histology
B LEhbyv - Hyperplastic blood vessels in leading edge
M ITregion - Infiltrating Tumor Region
T - Infiltrating Tumor
M |T-reference-histology
MIThby - Hyperplastic blood vessels in infiltrating tumor
M CTregion - Cellular Tumor Region
B CT - Cellular Tumor
B CT-reference-histology
B CT-reference-genes
M cT-controls
| CTpnz - Perinecrotic zone
W CTpnz-reference-genes
B CTpnn - Pseudopalisading cells but no visible necrosis
B CTpan - Pseudopalisading cells around necrosis
B cTpan-reference-histology
W CTpan-reference-genes
B CThby - Hyperplastic blood vessels in cellular tumor
B CThbv-reference-genes oo
M CTmvp - Microvascular proliferation
B CTmvp-reference-histology
B CTmvp-reference-genes
B CTne - Necrosis

Figure 1. Ontology and nomenclature developed for hierarchical ordering of the anatomic features and cancer stem cell

clusters In glioblastoma tissue for the Ivy GAP. contain 3 major ., Leading Edge (LE), at the margin of
the tumor, Infilrating Tumor (IT), the area of the tumor located between the core and the Leading Edge, and Cellular Tumor (CT), the
tumor core. Within each of these regions, particular structural features such as (MVP),

Cells around Necrosis (PAN), Perinecrotic Zone (PNZ), Hyperplastic Blood Vessels (HBV), and Necrosis (NE). The acronyms MVP,
PAN, PNZ, and HBV are used synonymously with CTmvp, CTpan, CTpnz, and CThbv since these structural features are typically
confined to the CT region

Embedded within the ontology are sets of transcriptomes generated from RNA samples that were isolated
with reference histology tissue sections to guide laser microdissection of the anatomic structures or with
reference gene expression patterns to guide the collection of putative cancer stem cell clusters. One hundred
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Tt CDK4-driven Module 101

Module 101 regulated by CDK4

CDK4 amplifications/deletions, associated with
induced/repressed CDK4 expression levels

CDK4 is activator of its target genes
Target genes CDKN2A and MDM?2

Represents proneural molecular subclass of GBM
(higher expression)
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Enriched for functional categories:

* TCGA GLIOBLASTOMA COPY NUMBER UP (Genes up-regulated
and displaying increased copy number in glioblastoma samples)

* KEGG GLIOMA (Glioma)

* PID RB 1 PATHWAY (Regulation of retinoblastoma protein)

B e e B W ; ‘a Em Ee R EE B e e * KEGG P53 SIGNALING PATHWAY (p53 signaling pathway)

I A Noatees 105 0 5 10
Not altered

Drivers validated (across GBM and related LGG
modules): CDK4, CDKN2A, MDM2: LINCS/CMAP
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Perturbation-AMARETTO v2: drug discovery using chemical perturbations from LINCS/CMAP

Case Study 2: glioblastoma multiforme and low-grade glioma
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Summary of methylation-driven GBM Module 26:

" Methylation-driven Module 26

Drivers: methylation-driven RBP1, PNPLA4,
FBXO17, XKR8, SSH3, NSUN7, SLC25A20, RAB36

Hypermethylation of drivers, associated with their
repressed gene expression levels

L O LN AT
hl]’

‘MI III‘ IHW

I

Drivers are activators of their targets
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Associated with:

- Survival (lower expression, better survival)

- Molecular subclass G-CIMP (lower expression)
- Molecular markers IDH1 and MGMT
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Summary of methylation-driven LGG Module 98:
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Drivers: methylation-driven, shared drivers with =
TCGA GBM module 26 (Community 16)
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Hypermethylation of drivers, associated with their E =
repressed gene expression levels = = =

Drivers are activators of their targets =

Associated with: =
- Survival (lower expression, better survival) F =
- Radiography Imaging:
- Proportion nCET (f6): lower expression,
higher proportion of non-enhancing ==
tumor (not edema)
- Proportion Enhancing (f5): higher
expression, higher proportion of
enhancing tumor
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Imaging-AMARETTO report TCGA LGG

Summary of methylation-driven LGG Module 98: o

Drivers: methylation-driven, shared drivers with
TCGA GBM module 26 (Community 16)

Hypermethylation of drivers, associated with their
repressed gene expression levels 3 -

Drivers are activators of their targets F

Associated with: =
- Survival (lower expression, better survival) =
- Radiography Imaging:

- Proportion nCET (f6): lower expression,

higher proportion of non-enhancing ==

tumor (not edema)

- Proportion Enhancing (f5): higher
expression, higher proportion of
enhancing tumor

(6) 68-95%

Methylation State ~ Gene Expression  Suwallime  SunvalCensorng  IDH.19199 Subty

W rermeryaes [ W e I B
Not altered 42024 3000
2
0
N
,,,,,,,,,,,,,,,,,,,,,,,,,
B | o EN H E N
vz waits e vasairts .
H NN BN NE BN En M- (3) <5% (4) 6-33%

CNVMet_Alterations  DriversList_Alterations ~ Driver_Genes_Weights
I vetyision aberratons [l Drver predefined
Not Altered 02 -01 0 01 02

http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/TCGA LGG/AMARETTOhtmls/modules/module98.html
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Imaging-AMARETTO report TCGA GBM

Summary of methylation-driven GBM Module 38: v I“ B Methylation-driven Module 38

Drivers: methylation-driven

Hypermethylation of drivers, associated with their
repressed gene expression levels

Drivers are activators of their targets

Associated with:

- Survival (higher expression, poorer survival)

- Molecular subclass Mesenchymal (higher

expression)
- Molecular marker IDH1
- Radiography Imaging:
- Proportion nCET (f6): lower expression,

higher proportion of non-enhancing
tumor (not edema)

ion State  Gene jon  SunwalTme  SunivalCensoring  Subclasses Classical

Enriched for VERHAAK GLIOBLASTOMA Bro- MW B R Ee e
MESENCHYMAL (Genes correlated with

mesenchymal type of glioblastoma multiforme
tumors)

o Em EE: Em N EoN L o Em n
CNVMet_Alterations  DriversList_Alterations  Driver_Genes_Weights
I eyt aberatons [l Orver preetnea

Not Altered 04 02 0 02 04
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Imaging-AMARETTO report TCGA GBM

Regulator Genes Target Genes
xpression ess

Summary of methylation-driven GBM Module 38:

Drivers: methylation-driven

Hypermethylation of drivers, associated with their
repressed gene expression levels

Drivers are activators of their targets

Associated with:

- Survival (higher expression, poorer survival)

- Molecular subclass Mesenchymal (higher

expression)
- Molecular marker IDH1
- Radiography Imaging:
- Proportion nCET (f6): lower expression,

higher proportion of non-enhancing
tumor (not edema)

Enriched for VERHAAK GLIOBLASTOMA
MESENCHYMAL (Genes correlated with
mesenchymal type of glioblastoma multiforme
tumors)

ion State  Gene jon  SunwalTme  SunivalCensoring  Subclasses

[ L——— B NN B
4 )

B ypomenyiatea 420 2

Not altered

Methylation-driven Module 38

A B\

f6 — Proportion nCET

(3) <5% (4) 6-33% (5) 34-67% (6) 68-95%

EE EN EHW N

CNVMet_Alterations  DriversList_Alterations ~ Driver_Genes_Weights
Il vetnaion sberaions [ orver precernea ‘
Not Altered 04 02 0 02 04

Visually, when scanning through the entire tumor volume, what proportion of the entire tumor is estimated to
represent non-enhancing tumor (not edema)? Non-enhancing tumor is defined as regions of T2W hyperintensity
(less than the intensity of cerebrospinal fluid, with corresponding T1W hypointensity) that are associated with
mass effect and architectural distortion, including blurring of the gray-white interface.(Assuming that the the entire
abnormality may be comprised of: (1) an enhancing component, (2) a non-enhancing component, (3) a necrotic
component and (4) a edema component.)

http://portals.broadinstitute.org/pochetlab/demo/IcCAMARETTO Brain 3DS/TCGA GBM/AMARETTOhtmls/modules/module38.html
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Modules regulated by known key drivers of:

" tumor-associated microglia and macrophage mechanisms, mediated
by STAT3, AHR and CCR2?

" neurodevelopmental and stemness mechanisms, mediated by OLIG2?

nature . A RT | C |_ E S Neurotherapeutics (2019) 16:319-347
neurOSCICnce https://doi.org/10.1038/541593-019-0370-y httpsd//doiorg/10.1007/513311-018.007023
N REVIEW ’
Corrected: Author Correction @ S

Control of tumor-associated macrophages and Oligonucleotide Therapeutics as a New Class of Drugs for Malignant

: : : Brain Tumors: Targeting mRNAs, Regulatory RNAs, Mutations,
T cells in glioblastoma via AHR and CD39 Combinations, and Beyond

Maisa C. Takenaka''%, Galina Gabriely''?, Veit Rothhammer', lvan D. Mascanfroni', Michael A. Wheeler',

. . . s , . . N . . Anna M. Krichevsky1 + Erik J. Uhlmann’
Chun-Cheih Chao', Cristina Gutiérrez-Vazquez', Jessica Kenison', Emily C. Tjon', Andreia Barroso',

Tyler Vandeventer', Kalil Alves de Lima', Sonja Rothweiler?, Lior Mayo', Soufiene Ghannam?, Published online: 14 January 2019

Stephanie Zandee?®, Luke Healy®*, David Sherr®, Mauricio F. Farez®”, Alexandre Prat®3, Jack Antel?, © The Author(s) 2019

David A. Reardon®, Hailei Zhang®, Simon C.Robson?, Gad Getz(®°, Howard L. Weiner' and Abstract

Francisco J. Quintana®"?* Malignant brain tumors are rapidly progressive and often fatal owing to resistance to therapies and based on their complex
biology, heterogeneity, and isolation from systemic circulation. Glioblastoma is the most common and most aggtessive primary

Tumor-associated macrophages (TAMs) play an important role in the immune response to cancer, but the mechanisms by brain tumor, has high mortality, and affects both children and adults. Despite significant advances in understanding the pathology,

which the tumor microenvironment controls TAMs and T cell i ity are not pletely understood. Here we report that ultiple clinical tial lovi ious reatment strategies have failed. With h ded knowledge of the GRM

kynurenine produced by glioblastoma cells activates aryl hydrocarbon receptor (AHR) in TAMs to modulate their function and muitiple clinica S employing various treatment strategies have Iatied. With much expanded knowledge ot the genome,

T cell i v AHR pr tes CCR2 expression, driving TAM recruitmentin response to CCL2. AHR also drives the expression epigenome, and transcriptome, the field of neuro-oncology is getting closer to achieve breakthrough-targeted molecular thera-

of KLF4 and suppresses NF-kB activation in TAMs Fmally, AHR drives the expression of the ectonucleotidase CD39 in TAMs, pies. Current developments of oligonucleotide chemistries for CNS applications make this new class of drugs very attractive for

which promotes CD8* T cell dysfunction by produci in cooperation with CD73, In humans, the expression of AHR targeting molecular pathways dysregulated in brain tumors and are anticipated to vastly expand the spectrum of currently

and CD39 was highest in grade 4 glioma, and high AHR expression was assocmted with poor prognosis. In summary, AHR and targetable molecules. In this chapter, we will overview the molecular landscape of malignant gliomas and explore the most

::O??I?';ZF:::;:;;TAMS participate in the regulation of the i Fesp in glioblastoma and constitute potential targets prom]nent molecu]ar w.rgets (mRNAs II]]RNAS ]ncRNAs and genomlc mutanons) that pr0v1de oppommltles for the development
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Modules regulated by known key drivers of:

" tumor-associated microglia and macrophage mechanisms, mediated
by STAT3, AHR and CCR2?

" neurodevelopmental and stemness mechanisms, mediated by OLIG2?

Novel master key drivers linking tumor-associated microglia and
macrophage mechanisms with neurodevelopmental and stemness
mechanisms?
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Summary of TCGA LGG Module 125:

Drivers: methylation-driven activators, e.g., STAT3
Targets: AHR and STAT3

Associated with:
- Survival (higher expression, poorer survival)
- Molecular subclasses Oligodendroglioma and
Astrocytoma (lower vs higher expression)
- Molecular marker IDH mutation and 1p19q
subtypes (wild-type: higher expression)
- Radiography Imaging:
- Correlated with proportion of enhancing
tumor (f5) and enhancement quality (f4)
- Inversely correlated with proportion of
non-enhancing tumor (f6) and cortical
involvement (f20)
- Distinguishes between thickness of
enhancing margin (f11)

Imaging-AMARETTO predicts STAT3 and AHR
as known drivers of tumor-associated

microglia and macrophage mechanisms in LGG
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TCGA LGG Module 125

Target Genes
Expression

Phenotype
Associations
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Histological Subtype Astrocytoma Oligodendroglioma IDH 1p19q Subtype
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http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/TCGA LGG/AMARETTOhtmls/modules/module125.html
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lvyGAP GBM Module 64

Target Genes Phenotype
Expression Associations

Summary of lIvyGAP GBM Module 64:

Driver Genes
Expression

Drivers: activators, e.g., CCR2 and THBS1
Targets: AHR, CCR2, THBS1 I I

Associated with: = =
- Molecular subclasses Mesenchymal and =

Classical (higher vs lower expression) =
- Histopathology Imaging — Anatomic Structures:

- Higher expression: cellular tumor (CT), =====
microvascular proliferation (CTmvp), = ====
pseudopalisading cells around necrosis (CTpan) ====

- Lower expression: leading edge (LE) and ===-
infiltrating tumor (IT) Em===

- Histopathology Imaging — Cancer Stem Cells: =E=====2=

- Higher expression: cancer stem cells, BSS=-=="=¢
includingcellulartumor(CT),hyperplasticblood g§§§§g:5:!!Egig;;;gligig:lgzigi;!Eig ERERREY 5H;HEHii;;Hig:25“55“”;!:”:!EE’E;H“'E-E_ﬁjjﬁj e
vessels (CThbv), perinecrotic zone (CTpnz), e ' T T ELefce2 333333

. . . THBS1 CCR2 AHR THESI CCR2 223 :803C25855 585

pseudopalisading cells around necrosis (CTpan), C52E3E TR 28838

o & zecs Chv or Metalteraions  Preciefined Driver List  Diiver Genes Weights Fhenatype Assodaions S5 st sC0gE s BEEEEN

microvascular proliferation (CTmvp) e Lty .i ol P EEEREEEER RS EEE

. 050 & 10 [} ugtgguﬁjg grn/\_/\;\a_;

- Lower expression: non-stem cancer cells o oo N—— < TEfef cPsdf

- i - - SE-§2 3233z

Imaglng-AMARETTO predICts AHR and CCRZ as ABIOMIC SUCLres Cellular Turror Fegion (CT) infirating Tumor Region () Leading Edge Region (LE) Microvascular Proliferatian (CTmup) PSE“.GDDE“SQ"‘”QCE"SND“MNQ”DS‘S(CTDB”) é ig ° % D; é g
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macrophage mechanisms in GBM

http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/Ilvygap GBM/AMARETTOhtmls/modules/module64.html



http://portals.broadinstitute.org/pochetlab/demo/IcAMARETTO_Brain_3DS/Ivygap_GBM/AMARETTOhtmls/modules/module64.html

lmaging-AMARETTO TCGA GBM, TCGA LGG and IvyGAP GBM

TCGA LGG Module 91

Expression Target Genes Phenotype
Methylation . I . I Expression Associations

Summary of TCGA LGG Module 91:

Drivers: methylation-driven activators, e.g., OLIG2

Targets: OLIG2 = =—=—-— =E—
Associated with: I = = =+ ===
- Survival (higher expression, better survival) = = = = = =
- Molecular subclasses Astrocytoma and = = S . =
Oligodendroglioma (lower vs higher expression) s = =
- Molecular marker IDH mutation and 1p19q = = = S
subtypes (wild-type: lower expression) == = = = =
- Radiography Imaging: == s = -
- Correlated with proportion of non- =
enhancing tumor (f6), cortical =
involvement (f20), presence of cysts (f8) = = — =
- Inversely correlated with proportion of = =——= = ==
enhancing tumor(fs) EE - === = = = = —===
38 0 RELINEE R R R T ------- AR R prtegreiesegy g%%%é
e oG oLiG2 ;Z § § ® %
i 8
Eth:g?i:;;t? Nomazss gvozy Metf::vers P:djfv':eif”:j“s‘ _:’:_'.f;ei”ezvﬁf’;ts v p— ; é% ®
Imaging-AMARETTO predicts OLIG2 as known W e o Moo W Wefe s W W W
driver of neurodevelopmental and stemness
mechanisms in LGG el A

oooooooooo

http://portals.broadinstitute.org/pochetlab/demo/ICAMARETTO Brain 3DS/TCGA LGG/AMARETTOhtmls/modules/module91.html
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TCGA GBM Module 75

Summary of TCGA GBM Module 75: £ Driver Genes

> & Expression Target Genes Phenatype

5 E. 1l Expression Associations
Drivers: activators, e.g., OLIG2, MAP2 _ ==, I —
(methylation-driven), and repressor THBS1 === —— = & _ ==

Associated with:

- Molecular subclasses Classical and Proneural
(higher expression) and Mesenchymal (lower
expression)

- Radiography Imaging:

- Correlated with proportion of non-
enhancing tumor (f6) and speech
receptive eloquent cortex (f3)
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Amplified Not Altered o . £
Not Altered g_
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o]

Molecular Subclasses Mesenchymal Classical Proneural

Imaging-AMARETTO predicts OLIG2 as known ™~ 7o i B HoRe R Reme
driver and identifies MAP2 and THBS1 as novel =™~ Lo o G

<<<<<

drivers of neurodevelopmental and stemness
mechanisms in GBM

http://portals.broadinstitute.org/pochetlab/demo/IcCAMARETTO Brain 3DS/TCGA GBM/AMARETTOhtmls/modules/module75.html
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TCGA GBM Module 98

Expression Target Genes Phenotype

Summary of TCGA GBM Module 98:

11 Expression Associations
Drivers: activators, e.g, CCR2, and repressors, e.g., OLIG2 ﬂ —

and MAP2 (methylation-driven)

Associated with:
- Molecular subclasses Mesenchymal (higher expression),
Classical, G-CIMP and Proneural (lower expression)
- Molecular marker IDH1 mutation (wild-type: higher
expression)
- Radiography Imaging:
- Correlated with proportion of enhancing tumor
(f5)
- Inversely correlated with proportion of non-
enhancing tumor (f6)

PP B i i ciilEiEECEEEElIrEILiEEILEELILIAG N s B ® 2 5 =

22 0 A A AR A ONIMACANY et

Imaging-AMARETTO predicts CCR2 and OLIG2 L gg
as CO'acting known activator and repressor Methylation State Normalized CNV or Met Drivers Predefined Driver List Dnﬂeenesv\/s\ghti Phenotype Associations § ) g g
. - B Hvoer-methyiated Gene Expression Wl vethyiation averrations [l geo,in‘ﬁccmca Gene B e Oy Clinical Phenotype: . gng P = E &
drivers and MAP2 as novel repressor driver D = :
g
linking tumor-associated microglia and s ses oo e -
. . W oo W oove [ esenciyma [ Newna B I T O s I oo
macrophage mechanisms with o SPn oo
neurodevelopmental and stemness I I

mechanisms in GBM
http://portals.broadinstitute.org/pochetlab/demo/IcCAMARETTO Brain 3DS/TCGA GBM/AMARETTOhtmls/modules/module98.html
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Community Network

Summary of Communities 1, 2 and 5:

. . Communities
Community 1 links AHR and THBS1 (TCGA GBM Module 79)

L 11 21 31
[] 12 22 ® 32

1
Community 2 links OLIG2, MAP2 and THBS1 (TCGA GBM ) % 13 © 23 33
Module 75), OLIG2 and MAP2 (lvyGAP GBM Module 38, ° es 1500 3
TCGA GBM Module 61), CCR2, OLIG2 and MAP2 (TCGA GBM g N 13 ;S zg
Module 98) 8 ©18 © 28 38

9 19 29

10 20 30

Community 5 links CCR2, AHR and THBS1 (lvyGAP GBM
Module 64), and AHR and STAT3 (TCGA LGG Module 125)

Validation: genetic knockdown experiments of THBS1 from
LINCS/CMAP confirmed that THBS1 acts as activator of
IvyGAP GBM Module 64 and as repressor of TCGA GBM
Module 75

Imaging-Community-AMARETTO identifies Networks

known drivers AHR, STAT3, CCR2 and OLIG2
and uncovers novel master drivers THBS1 and
MAP2 linking distinct key mechanisms
underlying glioma

® TCGA GBM Cohort

® TCGALGG Cohort
IvyGAP GBM Cohort
Stemness Signatures

® |mmune Signatures

http://portals.broadinstitute.org/pochetlab/demo/IcCAMARETTO Brain 3DS/index.html
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Community Network Visualization

Commun ity TCGA_GBM TCGA LGG ImmuneSignatures StemSignatures
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Community 1 " - .
> VERHAAK GLIOBLASTOMA PRONEURAL: Genes correlated with proneural type of glioblastoma multiforme tumors . @ P . 19 32
> NOUSHMEHR GBM SILENCED BY METHYLATION: Top 50 most dif ially hyper and down-reg| genes in proneural G-CIMP (a CpG island p ype) GBM (gli I ,. )
multiforme) tumors o ® ‘ . 20 33
> Molecular markers: PDGFRA, IDH1 and MGMT = g® /s 21 34
> Methylation-driven drivers shared between GBM (Module 90) and LGG (Module 77): FBXO17, XKR8, RAB34/36 e° 0o
> Survival analysis: hypermethylated drivers, repressed expression of drivers and targets, and association with better survival rates in the G-CIMP and proneural molecular subclasses ‘e, 22 35
.
.o 10 23 36
.
13 ¢ 26
L
Communi ity TCGA GBM TCGA LGG ImmuneSignatures StemSignatures

CIBERSORT_EOSINOPHILS, CIBERSORT_MACROPHAGES_MO,
ule 118, Module 121 CIBERSORT_MACROPHAGES_M2, CIBERSORT_MONOGYTES, 0
CIBERSORT_NEUTROPHILS

Module 22, Module 33, Module 38, Module 7

e TCGA_GBM >

> VERHAAK GLIOBLASTOMA MESENCHYMAL: Genes correlated with mesenchymal type of glioblastoma multiforme tumors

> Enriched for immune cell type-specific signatures. g o

> Associated with imaging feature Proportion nCET (f6): lower expression, higher proportion of non-enhancing tumor (not edema) j ] TCGA LG G
> Survival analysis: induced expression of drivers and targets and association with poorer survival rates in the mesenchymal molecular subclass Commumty 3 —_

lvygap_GBM
StemSignatures
® |mmuneSignatures

ReportBug  ContactUs  FAQ

Perturbation-AMARETTO (under development):

- driver validation & discovery:
https://pochetlab.shinyapps.io/pAMARETTO Brain 2DS Drivers/
- drug discovery: https://pochetlab.shinyapps.io/pAMARETTO Brain 2DS Drivers

http://portals.broadinstitute.org/pochetlab/demo/IcCAMARETTO Brain 3DS/index.html |
http://www.ndexbio.org/#/network/16820740-d7ea-11e9-bb65-0acl135e8bacf o [ ramrmgrare | QO
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https://pochetlab.shinyapps.io/pAMARETTO_Brain_2DS_Drivers/
https://pochetlab.shinyapps.io/pAMARETTO_Brain_2DS_Drivers

Case Study 3

Pan-squamous cell carcinoma (SCC)

across 5 SCC cancer sites: lung (LUSC), head and neck (HNSC),
esophageal (ESCA), cervical (CESC) and bladder (BLCA)
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Community-AMARETTO report SCC
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Search:

AMARETTO Report
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Enrichments of Criver Perturbations in Communities

Enrichments of Chemical Perturbations in Communities

Association of Phenatypes to Communities

Showing 110 5 of 5 entries Previous m Mext

Community Network Visualization

Run Information: links to AMARETTO reports
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TCGA_BLCA Module 8 SOX2  Target
_TCGA CESC__Module 14 SOX2 __ Target
TCGA CESC Module 14 SOX2  Driver
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TCGA_HNSC Module 51 SOX2  Driver
TCGA HNSC Module 106 SOX2  Driver
TCGA_LUSC Module 18 SOX2  Target
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TCGA_LUSC Module 41 SOX2  Driver
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Enrichments of Functional Categories in Community
2 [ I o N ] = —
o #Genesin #Genesin % Genesin FDRGQ-
. Gene Set Name Gene Set Description Gene Set Overlap overiap P-value value
TARGETS Polycomb protein EED [GenelD=8726] in human embryonic stem cells.
.
BENPORATH NANOG Set'Nanog targets': genes upregulated and identified by ChIP on chip
TARGETS as Nanog [GenelD=79923] transcription factor targets in human 88 987 10 0.0 00
embryonic stem cells.
BENPORATH SOX2 Set'Sox2 targets”: genes upregulated and identified by ChiP on chip as
9 | @ TARGETS 'SOX2 [GenelD=6657] transcription factor targets in human embryonic 734 734 10 0.0 0.0
® TCGA_BLCA . ® TCGA_LUSC stem cells
° TCGA_CESC ® ImmuneSignatures BENPORATH SUZ12 Set'Suz12 targets” genes identified by ChiP on chip as targets of the
® TCGA ESCA Stemsignatures TARGETS Polycomb protein SUZ12 [GenelD=23512] in human embryonic stem 1038 1038 10 00 00
- cells.
TCGA_HNSC MEISSNER BRAINHCP ~ Genes with high-CpG-density promoters (HCP) bearing histone H3 dimethylation
WITH H3KAME3 AND at K4 (H3K4me2) and trimethylation at K27 (H3K27me3) 1069 857 0.80 00 00
HIK27ME3 in brain
Showing 1 to 5 of 115 entries (filtered from 4,907 total entries) Previous 1 2 3 4 5 23 Next
Data Set Module Gene  Gene Type

TCGA_BLCA Module 8 SOX2  Target
TCGA_CESC Module 14 SOX2  Target
TCGA_CESC Module 14 SOX2 Driver
TCGA_ESCA Module 83 SOX2  Target
TCGA_HNSC Module 51 SOX2  Target
TCGA_HNSC Module 51 SOX2  Driver
TCGA_HNSC Module 106 SOX2 Driver
TCGA_LUSC Module 18 SOX2  Target
TCGA_LUSC Module 18 SOX2 Driver
TCGA_LUSC Module 37 SOX2  Driver
TCGA_LUSC Module 41 SOX2  Driver
TCGA_LUSC Module 61 SOX2  Driver
TCGA_LUSC Module 94 SOX2  Driver
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soxz o A an a an i an
A e i o i M
ChEA_SOX2_21211035_ChiP-  CEA_SOX2 21211035 ClIP- 4,00 N 05 0 0
TARGETS Polycomb protein EED [GenelD=8726] in human embryonic stem cells ChEA_SOX2_20726797_ChiP- ChEA_SOX2_20728797_ChlIP- 2564 1343 052 308292 536091
- Seq SW620_Human Seq SW620_Human & &
BENPORATH NANOG Set'Nanog targets': genes upregulated and identified by ChIP on chip
TARGETS as Nanog [GenelD=79923] franscription factor targets in human 988 9a7 10 0.0 Consensus_SOX2_CHEA Consensus_SOX2_CHEA 775 556 072 5.8e-208 3.0e-206
embryonic stem cells.
ChEA_SOX2_ 16153702 ChiP-  ChEA SOX2 16153702 ChlP- 500
BENPORATH SOX2 Set'Sox2 targets': genes upreguiated and identified by ChIP on chip as. ChiP HESCs Human ChIP HESCS Human 755 059 4.7e-202 368201
TARGETS ‘SOX2 [GenelD=6657] transcription factor targets in human embryonic 734 734 1.0 0.0 - - - -
— stem cells. ChEA_SOX2 18692474 ChiP- ChEA SOX2_ 18692474 ChiIP- 3319 1408 042 256190 15e-189
BENPORATH SUZ12 Set 'Suz12 targets” genes identified by ChiP on chip as targets of the
P EEr Polycomb protein SUZ12 [GenelD=23512] in human embryonic stem 1038 1038 10 00 CIIEA SOX2 19829295 CNIP-  CHEA SOX2 19829295 CNIP- 00 - oar sserso seeiss
cells Seq ESCs_Human Seq ESCs_Human - .
MEISSNER BRAINHCP  Genes with high-CpG-density promoters (HCP) bearing histone H3 dimethylation
WITH H3KAME3 AND at K4 (H3K4me2) and trimethylation at K27 (H3K27me3) 1069 857 0.80 00 ChEA_SOX2 18692474 _ChiP- ChEA_SOX2_ 18892474 ChiIP- 1991
H3K2TME3 in brain 937 047 77e-159 29e-158
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Community-AMARETTO report SCC: Module(s) regulated by SOX2?

Community-AMARETTO Community 1

Enrichments of Driver Perturbations in Community

Enrichments of Functional Categories in Community
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Community-AMARETTO report SCC: Module(s) regulated by SOX2?

Community-AMARETTO Community 1

® TCGA BLCA..
e TCGA_CESC
e TCGA_ESCA

TCGA_HNSC

Data Set
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TCGA_CESC
TCGA_CESC
TCGA_ESCA
TCGA_HNSC
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Module 41
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Enrichments of Functional Categories in Community

Enrichments of Driver Perturbations in Community
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Enrichments of Chemical Perturbations in Community
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randomised, double-blind, placebo-controlled phase 2 trial

Prof Denis Souliéres, MD + Prof Sandrine Faivre, MD + Prof Ricard Mesia, MD » Prof Eva Remenar, MD « Prof Shad-Hsuan L, MD

Prof Andrey Karpenko, MD « et al. uthors

rg/10.1016/51470-2045(17)30064-5 - alREIET SRV

Published: January 25,2017 « DOI: htty

Ssummary
Background

Phosphatidylinositol 3-kinase (PI3K) pathway activation in squamous cell carcinoma of the
head and neck contributes to treatment resistance and disease progression. Buparlisib, a pan-
PI3K inhibitor, has shown preclinical antitumour activity and objective responses in patients
with epithelial malignancies. We assessed whether the addition of buparlisib to paclitaxel
improves clinical outcomes compared with paclitaxel and placebo in patients with recurrent
or metastatic squamous cell carcinoma of the head and neck.

Interpretation

0On the basis of the improved clinical efficacy with a manageable safety profile, the results of
this randomised phase 2 study suggest that buparlisib in combination with paclitaxel could be
an effective second-line treatment for patients with platinum-pretreated recurrent or
metastatic squamous cell carcinoma of the head and neck. Further phase 3 studies are
warranted to confirm this phase 2 finding.

Funding

Novartis Pharmaceuticals Corporation.
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Community-AMARETTO report pan-SCC - AMARETTO report LUSC

Summary of SOX2-regulated LUSC Module 37:

SOX2/TP63/PIK3CA-driven Module 37

Drivers: SOX2, TP63, PIK3CA

SOX2 CNV amplification, associated with induced
SOX2 expression

SOX2, TP63, PIK3CA are activators of their targets

Associated with survival (lower expression, poorer
survival) and TCGA multi-omics clusters (CNV)

oz
2Rz E

sox | I N o I

s 2

Enriched for PI3K pathway, stemness and
squamous-specific gene signatures

Drivers validated:

* SOX2 and TP63: ENCODE and ChEA ChlP-Seq, sote Gono pesson seenee amscmrs s S
. M oeces W Fiyver-methyiated ' ‘ -:::: | B Ij::: | B K
bound to its target genes Wi s oz

* SOX2 and PIK3CA: LINCS/CMAP genetic
perturbations, modulating drivers modulates its
target genes
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Perturbation-AMARETTO report SCC/LUSC

Perturbation-AMARETTO v2: driver validation & discovery using genetic perturbations from LINCS/CMAP

Case Study 3: squamous cell carcinoma

Driver discovery across 5 data sets

across 5 cancer sites
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Community-AMARETTO report pan-SCC - AMARETTO report HNSC

SOX2 CNV amplification, associated with induced
SOX2 expression

GPX2 hypo/hyper-methylation, associated with
induced/repressed GPX2 expression

SOX2 and GPX2 are activators of their targets

Associated with smoking and HPV, and TCGA multi-
omics clusters (CNV and methylation)

Enriched for HNSC and SCC-specific gene signatures

SOX2 and GPX2 validated for HNSC/LUSC modules

Case Study 3: squamous cell carcinoma across 5 cancer sites

Froteee SOXZ/G PX2-driven Module 51
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Community-AMARETTO report pan-SCC - AMARETTO report HNSC

Summary of GPX2-regulated HNSC Module 79:

GPX2-driven Module 79

GPX2 hypo/hyper-methylation, associated with
induced/repressed GPX2 expression '
GPX2 is an activator of its target genes é
Associated with smoking (lower expression ~non-
smoking) and HPV (lower expression “HPV), and
TCGA multi-omics clusters (methylation)
Enriched for HNSC and SCC-specific gene !
signatures EEREREEEEIE :
SOX2 and GPX2 validated using KD experiments in
A549 cell line for HNSC/LUSC modules

e el M w e W

Case Study 3: squamous cell carcinoma across 5 cancer sites
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*AMARETTO source code, tools & notebooks

*AMARETTO is available via: / \
= GitHub

= Bioconductor

Bioconductor

- J u pyte r N Ote boo k mcmmans B0 e v% _: e -T:::ji:w‘::::;;huuuam Bioconductor

= GenePattern

= GenomeSpace

= GenePattern Notebook

- y

Tools and resources:

http://portals.broadinstitute.org
/pochetlab/amaretto.html
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*AMARETTO GenePattern Notebook

Login / Register

HE GenePattern Notebook

The *AMARETTO framework in GenePattern
Notebook

Multiscale and multimodal inference of regulatory networks to identify cell circuits and their

drivers shared/distinct within/across biological systems of human disease, especially cancer

(2) TCGA data: The Cancer At In this case, you can conti

Access to processed data from TCGA
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- Step 2. Running AMARETTO to infer regulatory networks from functional

genomics data or via multi-omics data fusion

Running AMARETTO on own and TCGA data

The AMARETTO algorithm that inf

(1) Your own data: by uploading your own data.In this case, the minmal requirement s to upload a functional genomics (.., mR!

NA or protein gene.

Index il URL*

IHC_test_r x

File may not be an acceptable format. This input expects /AMARETTORUmIs/index hi.

Step 4. Running AMARETTO to infer regulatory networks from multiple
data sources (epeatsteps 4 & 5) (optional)

Running AMARETTO on one or more additional datasets
For a datasets, cohorts, biological systems, o iseases, previous Steps 2 and 3 can be repeated
muliple times in Steps 4 and 5
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see GCT. 1 e d

I both scenarios, the next step involves choosing the candidate driver definiions.

Running AMARETTO with various data and/or candidate driver definitions
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Step 7. Viewing C AMARETTO results

AMARETTO analyses (opiona)
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*AMARETTO R Jupyter Notebook

~ The *AMARETTO framework in R via GitHub and Biocond

Multiscale and multimodal inference of regulatory networks to identify cell circuits and their drivers
biological systems of human disease

Mohsen Nabian*, Jayendra Shinde®, Celine Everaert”, Shaimaa Bakr¥, Ted Liefeld, Thorin Tabor, Charles Blatti, Th
Mikel Hernaez", Vincent Carey”, Olivier Gevaert”, Nathalie Pochet”

Step 3. Running AMARETTO on first example study: infer
networks via multi-omics data fusion for TCGA LIHC pati

The AMARETTO algorithm that infers regulatory networks within one cohort or biological system can be run in multi
genetic, epigenetic and functional genomics data are available (see example in this Step 3 for multi-omics data fron
are available (see example in next Step 4 for transcriptomic data from CCLE).

When either genetic (e.g., DNA copy number variation) or epigenetic (e.g., DNA methylation) data or both are availal
transcriptomic or proteomic) data, there are various options for defining candidate drivers for analysis by the AMAR

In case only functional genomics (i.e., MRNA or protein gene expression) data are available, a predefined list of can

]

Introduction to the *AMARETTO algorithm and software toolbox

Computational inference of 1
promise for deciphering the

ranging from multi-omics to

complex human diseases. Tl
multiscale biological system
Here we introduce the *AMA
across biological systems w
*AMARETTO toolbox current

(1) The AMARETTO algorith

For running the Notebook on preloaded TCGA data please continue in this Step 2. |
https:/datasets.genepattern.org/2prefix=data/module support files/Amaretto/ in
automatically read from this link and how they are converted to data matrices in R
For running the Notebook on example data you can immediately proceed to Step 3

and also available for download from https:/www. itute.org/~npochet/Nc

AMARETTO algorithm.
The AMARETTO algorithm can take vario

(1) Select computed lists of candidate di
data files are uploaded);

(2) Select or upload predefined lists of ci

https://bi d org, k relea
http: broadi org/gsea/t
http:, brc org/gsea/r

example data are available here: (1) for 150 modules and 75% variation filtering (se

xample/ExampleResults/r

hitps:/www. org/~npochet,

epigenetic, transcriptomic, p hitps://www. institute.org/~npochet/ ample/ExampleResults/rest
radiographic) data. https:/www. insti org/~npochet/h ample/ExampleResults/rest
AMARE' https:/www. institute.org/~npochet/! xample/ExampleResults/rest

(2) The C
(e.g., across diseases, acros
The *AMARETTO framework
Notebook (see Resources).

Beyond our recent applicatio
including cancer, infectious,

*AMARETTO core*

The *AMARETTO framework
each biological system. Spet
direct functional impact on t
candidate drivers with know
modules of co-expressed tar
Elastic Net regression). Next
an edge betweenness comm
systems and diseases.

The *AMARETTO framework
of modules and communitie:
(e.g., patient characteristics

4

Access to processed data from TCGA

The processed genetic, epigenetic and transcriptomic data sources from TCGA are

Notebook. These TCGA data files are derived from The Cancer Genome Atlas (TCG

(https://gdac.broadinstitute.org/).

From https:/datasets.genepattern.org/2prefix=data/module support files/Amaret

downloaded: (1) mRNA gene expression data (MA), (2) DNA copy number variation

The list of TCGA cancer (sub)types currently available in this *AMARETTO in R Not«
BLCA  bladder urothelial carcinoma

BRCA  breast invasive carcinoma

data('Driver_Genes"));
(3) Take the union or intersection betwee

For computed lists of candidate drivers fi
for TCGA data, however, for processing o
recurrent DNA copy number aberrations (
recurrent DNA methylation aberrations (h
association for DNA copy number aberra

v Step 3.a. Preparing data ar
v Loading multi-omics data from TC

¥ Loading Gene Expression (MA) data fron

CESC  cervical squamous cell
CHOL  cholangiocarcinoma

COAD  colon adenocarcinoma
ESCA  esophageal carcinoma

GBM  glioblastoma multiforme

and endocervical

HNSC  head and neck squamous cell carcinoma

KIRC  kidney renal clear cell carcinoma

KIRP  kidney renal papillary cell carcinoma

LAML  acute myeloid leukemia
LGG  brain lower grade glioma
LIHC  liver hepatocellular carcinoma
LUAD  lung adenocarcinoma

LUSC  lung squamous cell carcinoma

Step 4. Running AMARETTO on second examp
networks from RNA-Seq data from CCLE liver «

The AMARETTO algorithm that infers regulatory networks within one cohort or biological syste
genetic, epigenetic and functional genomics data are available (see example in previous Step
data are available (see example in this Step 4 for transcriptomic data from CCLE). See Step 31

~ Step 4.a. Preparing data and parameter settings for running A

4

Loading RNA-Seq data from CCLE liver cell lines

+ Loading Gene Expression (MA) data from CCLE liver cell lines (Required)

MA_matrix_CCLE <- readRDS(url("https://www.broadinstitute.org/~npochet/NotebookEx:
ProcessedData_CCLE = list(MA_matrix=MA_matrix_CCLE, CNV_matrix=NULL, MET_matrix=jl

4

Defining List(s) of Candidate Driver Genes (Required)

In this example, we precompiled a list of candidate driver genes that takes the union of TCGA ¢
list of candidate drivers as in Step 3)

candidate_drivers_CCLE <- readRDS(url(*https: //ww.broadinstitute.org/~npochet/Nbt
v Setting parameters for running AMARETTO (Required)

Core parameters that can be set by the user for running AMARETTO. See Step 3 for more detai

Nirtodules = 150
VarPercentage = 75

v Setting parameters for generating HTML results reports (Optional)

Step 5. Running Community-AMARETTO to combine botl
~ identifying regulatory subnetworks or communities share
TCGA and CCLE cohorts

The Community-AMARETTO algorithm takes as input results from two or more previous AMARETTO analyses to ide

{ie cell circnits and their drivers) that are shared and distinet across miiltinle datasets eohorts hinloaical svstems

~ Step 5.a. Preparing data and parameter settings for running Community-AM

v Loading two or more results from AMARETTO, in this example the previous TCGA and CCLE resul

Selecting AMARETTO analyses for Community-AMARETTO analysis. The user can submit the .rds files that represel
more previous AMARETTO analyses (see above, run in Steps 3 and 4).

AMARETTOresults_TCGA <- readRDS(file="TCGA_AMARETTOresults.rds")

AMARETTOresults_CCLE <- readRDS(file="CCLE_AMARETTOresults.rds")

HTMLSAMARETTOlist <- c("TCGA"=output_directory_TCGA,"CCLE"=output_directory_CCLE)

4

Loading additional networks as a set of signatures in .GMT format (Optional)

One or more additional networks can be submitted as signatures files in .GMT format and combined by running the
Community-AMARETTO as separate networks. In this example, we submit previously published signatures and/or n
CiberSort, stemness signatures from Ben-Porath et al., and diagnostic and prognistic liver cancer signatures from Ht
be analyzed together with the liver cancer networks derived from TCGA in Step 3 and CCLE in Step 4.

If additional networks are submitted, please run following cell code to include them in the analysis.

ImmuneSignatures <- "ImmuneSignatures.gmt"
download. file(url="https: //ww.broadinstitute.org/~npochet/NotebookExample/ExampleData/ InmuneSignatu

StemSignatures <-
download. file(u

StemSignatures. gmt”
https: //www. broadinstitute.org/~npochet/NotebookExample/ExampleData/StemSignature

LiverSignatures <- "LiverSignatures.gmt"
download. file(url="https: //www. broadinstitute.org/~npochet/NotebookExample/ExampleData/LiverSignatur

list_additional_networks = list(ImmuneSignatures = "ImmuneSignatures.gmt®, StemSignatures = "StemSig

Otherwise set to NULL.

1list_additional_networks = NULL

v Setting parameters for generating HTML results reports (Optional)

ion for submission

dule Analysis Cap
6-166. PMID:2933
2r genes by using 1
id for cancer modt
1 targets by integr:
1tifying DNA methy
n genes using Mel
3ioinformatics, 31(

‘Futils: Data struct

2t N., Robinson J.1
ang H.Y., Mesirov
AID:26780094 PMt

11. Reich M, Liefeld T, Ocana M., Jang D., Bistline J., Robinson J., Carr P, Hill B., McLaughlin J., Pochet N., Borge
Mesirov J.P. (2013). GenomeSpace: an environment for frictionless bioinformatics. F1000Posters, 4:804. (htty

ovarian serous cystadenocarcinoma

PAAD  pancreatic adenocarcinoma

PCPG  pheochromocytoma and paraganglioma

READ  rectum adenocarcinoma
SARC  sarcoma
STAD  stomach adenocarcinoma

THCA  thyroid carcinoma

https://colab.research.google.com/drive/1JfnRoNgTVX

Additional parameters that can be set by the user for running AMARETTO. See Step 3 for more detailed information.

genesets_database_reference <- "H_C2_genesets.gmt" H
download. file(url="https: //ww.broadinstitute.org/~npochet/NotebookExample/ExamplleData/H_C2_genesets

output_directory_CCLE = “./AMARETTO_report_CCLE/"
dir.create(output_directory_CCLE)

7VEGAAM|GjwP yX2tdDxs

Funding
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NIAID RO3 Al131066 (Pochet).

Questions?

For any questions with the *AMARETTO Notebooks, please contact Nathalie Pochet (npochet@broadinstitute.org) &
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~ *AMARETTO Use Case 2: glioblastoma multiforme and low-grade glioma

Mikel Hemaez', Vincent Carey’, Olivier Gevaert”, Nathalle Pochet™

~ Preparing.

Greating AMARETTOHTML report

AHARETTO_KIHL coport (SNARETT01ni L=AHARET 10ini £ LG,

 Ted Liefeld, Thorin Tabor Charles Blatti, Thomas Baumert, Michael Reich, Jil Mesirov,

770 packages.
everytime the notebook i reopened.
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~ A. AMARETTO for each of the 2 brain disease data sets

~ A1 AMARETTO for TCGA GBM
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~ B. Community-AMARETTO for integrating 2 brain disease data sets (cfr. AMARETTO old Notebook)
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*AMARETTO R Jupyter Notebook Use Case 3

~ *AMARETTO Use Case 3: pan-cancer study of squamous cell carcinoma
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demonstrated by their ability to inhibit liver fibrosis and inflammation with prevention of cancer
development in animal models. Thus, they potentially represent a safe and low-cost approch for
of viral and other etiologies. For these types of

cancer informatics applications, the ITCR Program has recently launched the Working Group on
Sustainability and Industrial Partnership to help guide its investigators in successful transitioning of
informatics technologies to applications in clinical practice and within industrial partnerships. A startup

lenti ics has been created advanced liver
disease and cancer.

ITCR Catalyzes the Dissemination and Hardening of AMARETTO
e ITCR Progra already identified and sustained GenePattern's team led by Jill Mesirov and Michael
Reich to support by
Vincent Carey, Martin Morgan, and Levi Waldron as a vehicle for dealing with testing, performance
evaluation, and continuous integration of the underlying code. These ITCR-

tted collaborations have

catalyzed the dissemination of "AMARETTO as iendly tools via and Bi
and GenePattern and Jupyter Notebooks for several case studies of cancer, including virus-induced
carcinoma, glioma and gli d pan-cancer studies (EBioMedicine 2016).

Future AMARETTO Impact Through ITCR
To broaden its impact, our team continues to establish connections to other informatics tools supported
by ITCR, including interrogating novel genetic and epigenetic heterogeneity discovered from cancer
transcriptomes assembled from individuals or single cefls by Trinity CTAT (led by Aviv Regev and Brizn
Haas) in *AMARETTO networks, viathe i database NDEx (led
by Trey Ideker and Dexter Pratt) and dynamic interactive heatmaps for interpretation of networks with
NG-CHM (led by Bradiey Broom). In parallel, the *AMARETTO team will continue to follow the ITCR's
guidelines for *AMARETTO t¢ in clnical practice and within industial

h ions of i y on i igh clinical trial studies.
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(1) AMARETTO (2) Community- AMARETTO

The "AMARETTO soft ‘The "AMARETTO framework for
network biology and medicine. towards a data-driven platform for diagnostic, prognostic and
therapeutic decision-making in cancer. The *AMARETTO platform offers modular and complementary

solutions to multimodal and multi ts of network fusion of multi . clinical,
imaging, and driver and drug data ies of patients, etiologi model systems
of cancer. Specificall: 1) The AMARETTO algorithim learns networks of regulatory circuits - circuts of
drivers and - from functional i data and assocla

to clinical. molecular and imaging-derived phenotypes within each biological system (e.g. model
systems or patients): (2) Tne Community-AMARETTO algorthm learns subnetworks of regulatory
shared or disti from muttip model
systems and patients,oohorts and ndividual, diseases and etiologies n viro and i vio systems): (3)
The T0 algorithm eti perturbations in model systems.
onto patient-derived networks for driver and drug discovery, respectively, and prioritizes lead drivers,
targets and drugs for and (4)The T0 algorithm
maps i ography imagi o i for
aing diagnostics. Credits to AMARETTO teom
membirs: Mohsen Nabion, Arur Manukyan, Caiine Everoert, Shaimaa Bokr and Jayendra Shinde.
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